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Abstract: In this paper, an approach in modelling grain size of Titanium Nitrite (TiN) coating using 
Response Surface Method (RSM) is implemented. A work to find the effect of the process variables to 
grain size is also carried out. In this study, the TiN coatings were formed using Physical Vapor 
Deposition (PVD) sputtering process. N2 pressure, Argon pressure and turntable speed were selected as 
process variables. Grain size as an important coating characteristic was measured using Atomic Force 
Microscopy (AFM) apparatus. Analysis of variance (ANOVA) was used to find out the significant 
factors influencing TiN coating grain size. A quadratic polynomial model equation represented the 
process variables and coating grain size was developed. The model was validated using actual testing 
data to measure model performances in terms of residual error and prediction interval (PI). The result 
indicated that the actual coating grain size of validation runs data fell within the 90% of PI and the 
residual errors were less than 10%. The findings from this study suggested that turntable speed and 
quadratic term of Argon pressure influenced the TiN coating grain size.  
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INTRODUCTION 

 
 Temperature on the cutting tool tip in high speed machining could exceed 800oC. High temperature in 
machining causing tool wear and reducing tool life. Thus, the cutting tool with high resistance wear is very 
important to deal with this condition. High resistance tool to wear promises better tool life and directly reduces 
the machining cost. The cutting tool performances could be improved by applying thin film coatings. The  main 
purpose thin film coatings is to enhance the surface properties while maintaining its bulks properties. The coated 
tool has been proved forty times better in tool wear resistance compared to the uncoated tool (Tuffy et al. 2004). 
Two main techniques in depositing coating on cutting tool are physical vapor deposition (PVD) and chemical 
vapor deposition (CVD). The main different between the both processes is the vapour source. The PVD process 
uses a solid target as a source material and the CVD process uses a chemical source as coating material. In the 
PVD coating process, the sputtered particle from harder material embedded on the cutting tool in presence of 
reactive gas. Magnetron sputtering is one of PVD coating technique that used in hard coatings industry due to its 
ability in sputtering many hard materials such as titanium. Many factors in PVD coating process are reported 
have significant influence to coating characteristics including grain size (Jajarmi and Valipour 2009; Musil and 
Vleck 1998; Rashidi et al. 2009). Grain size is one of important characteristic that influences machining 
performances such as notch wear  (Olovsjo et al. 2010) and hardness (Suryanarayana et al. 1992). Some of the 
researches work done shown that N2 pressure, Argon pressure and turntable speed could have significant effect 
on the grain structure (Chakrabarti et al. 2002; Eufinger et al. 2006; Frangis et al. 2006). Modeling is an 
adequate way to address the coating process issues such as cost and customization. A model could be used to 
predict the coating characteristics and indicates the optimum combination of input parameters to find best result. 
Many techniques has been applied to model coating works. 
 Design of experiment based approaches such as Taguchi (Yu et al. 2008), full factorial and Response 
Surface Method (RSM) (Xiao and Zhu 2010) have been reported in designing model with minimum 
experimental data (Karacan et al. 2007). Intelligent based approaches such as neural network (Cetinel et al. 
2006) and ANFIS (Jaya et al. 2011) also have been used to predict the coating performance. However, some 
limitations of the approaches have been discussed. The Taguchi approach is difficult to detect the interaction 
effect of nonlinear process (Bisgaard and Diamond 1990) and the full factorial is only suitable for optimization 
purposes (Anderson and Whitcomb 2000). The neural network needs large number of training data to be robust 
(Fernandes and Lona 2005). In this study, the application of RSM technique to model the TiN coating grain size 
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has been discussed. The model is used to predict the coating grain size and indicates the effect of the coating 
factors to the coating grain size.  

MATERIALS AND METHODS 
 
Experimental Run: 
 The experiment was run in unbalanced PVD magnetron sputtering system made by VACTEC Korean model 
VTC PVD 1000 as shown in Fig. 1. The coating chamber was fixed with a vertically mounted titanium (Ti) 
target. The surface of tungsten carbide inserts was cleaned with alcohol bath in an ultrasonic cleaner for 20 
minutes. The tungsten carbide inserts were loaded in the rotating substrate holder inside the coating chamber. To 
produce the electron in the coating chamber for sputtering purpose, an inert gas called Argon was used. The 
inserts were coated with the Ti in presence of nitrogen gas. Details setting of the coating process is indicated in 
Table I. In this process, N2 pressure, Argon pressure and turntable speed were selected as variables.  
 

 
Fig. 1: PVD unbalance magnetron sputtering system VACTEC Korea model PVD VTC 1000. 
 
Table 1: Setting of the PVD magnetron sputtering process. 

Items Details 
Machine type VACTEC Korean model VTC PVD 1000 

Process PVD magnetron sputtering 
Sputtering power 4.0 kW 

Substrate bias voltage 200 V 
Substrate temperature 40o C 

Coating time 2hr 30mins 

 
 In this study, the experimental matrix was based on RSM centre cubic design, using Design Expert version 
8.0 software. As shown in Fig. 2, it was designed based on 8 factorial points, 6 axial points and 3 central points. 
In the experimental matrix, the extreme points (operating window) as the +/- Alpha value was designed as shown 
in Table 2. Based on the defined extreme point values, the software then dispensed the high and low settings for 
the factorial points. The purpose is ensure the characterization could be performed by covering the widest range 
of operating window.  

 
Fig. 2: RSM Central Composite Design for 3 factors. 
 
 
 



Aust. J. Basic & Appl. Sci., 7(6): 493-502, 2013 

495 

Table 2: Extreme operating window for process variables. 
Alpha N2 pressure [×10-3 mbar] Argon pressure [×10-3 mbar] Turntable speed [r.p.m] 

(-) 0.16 3.66 4.0 
(+) 1.84 4.34 9.0 

 
Atomic Force Microscopy: 
 Grain size values of the TiN coatings was inspected by using scanning force microscopy (AFM) method. The 
method determined the morphology of the surface based with less requirement of sample preparation and non-
destructive testing. A shown in Fig. 3, the AFM Park System XE-100 model was used at room temperature in 
characterizing coating grain size. Three different areas with 1.0 mm length for every point were measured. The 
non-contact mode detection approach using a commercial cantilever was used and the scanning area was set to 
25x25 microns (625 μm2). Then, XEI software was used to analyzed the AFM image to get the grain size value. 
 

 
 
Fig. 3: AFM Park System XE-100 model. 
 
Response Surface Method (RSM): 
 RSM is a collection of mathematical and statistical techniques to model and analyze problems in which 
responses (output) are influenced by several input variables (Montgomery 2005). The relationship between the 
input parameters and output responses is defined using regression analysis in form of polynomial equation.  A 
regression is used to describe the data collected based on a estimated response variable, y, and one or more input 
variables x1, x2, . . ., xi. The polynomial equation can be of a linear or non-linear equation depends on behavior 
of the model. Eq. 1 and Eq. 2 are examples of first-order and second-order polynomial equations respectively. 
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 The approximating function is the first order model if the relationship can be explained by a linear function 
otherwise it is a second-order model if there is curvature in the relationship. The model only can be used to 
describe the relationship within the range of the independent variables specified during designing matrix. A least 
square technique is used to minimize the residual error measured by the sum of square deviations between the 
actual and the estimated responses to ensure the best polynomial equation was selected. In this work, the 
regression coefficients such as the coefficients of the model variables including the intercept or constant terms 
were calculated.  However the model need to be tested for statistical significance. The analysis of variance 
approach (ANOVA) was used to test the statistical significance. The tests for significance of the regression 
model, significance of individual model coefficient, and lack of it were calculated. The data analysis flow for 
RSM method is shown in Fig. 4. 
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of Argon pressure are the significant influencing factors of the resultant TiN coating grain size. For the other 
factor with p-value more than 0.1, the effect to the grain size is too small. 
 

 
Fig. 6: Plot of residual vs predicted response for TiN coating grain size data. 

 
Fig. 7: Plot of residual vs run number for TiN coating grain size data. 
 
Table 3: Process variables and result of TiN grain size. 

Run Factor 1 Factor 2 Factor 3 Response 
A:N2 pressure B:Ar pressure C: Turntable speed Grain size 
[×10-3 mbar] [×10-3 mbar] [r.p.m] [µm] 

1 1.84 4.00 6.50 8.07 
2 1.00 3.66 6.50 7.22 
3 1.00 4.34 6.50 7.48 
4 0.16 4.00 6.50 7.88 
5 1.50 3.80 5.00 7.65 
6 0.50 3.80 5.00 7.75 
7 0.50 4.20 5.00 7.60 
8 0.50 4.20 8.00 7.29 
9 1.50 4.20 5.00 7.57 
10 1.00 4.00 9.02 8.10 
11 1.50 3.80 8.00 7.84 
12 0.50 3.80 8.00 8.39 
13 1.50 4.20 8.00 7.65 
14 1.00 4.00 3.98 7.14 
15 1.00 4.00 6.50 7.72 
16 1.00 4.00 6.50 8.02 
17 1.00 4.00 6.50 8.05 
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Table 4: Sequential model sum of squares (SMSS) analysis for grain size model. 
Source Sum of Squares df Mean 

Square 
F Value p-value Prob > 

F 
Remarks 

Mean vs Total 1017.16 1 1017.16   Suggested 
Linear vs Mean 0.47 3 0.16 1.58 0.2409  
2FI vs Linear 0.26 3 0.09 0.86 0.4916  

Quadratic vs 2FI 0.47 3 0.16 2.04 0.1975 Suggested 
Cubic vs Quadratic 0.46 4 0.12 4.22 0.1334 Aliased 

Residual 0.08 3 0.03    
Total 1018.91 17 59.94    

 
Table 5: Lack of fit test for grain size model. 

Source Sum of Squares df Mean Square F Value p-value 
Prob > F 

Remarks 

Linear 1.21 11 0.11 3.34 0.2527  
2FI 0.95 8 0.12 3.60 0.2355  

Quadratic 0.48 5 0.10 2.89 0.2768 Suggested 
Cubic 0.02 1 0.02 0.48 0.5586 Aliased 

Pure Error 0.07 2 0.03    
 
Table 6: ANOVA for Response Surface Quadratic Model of the Grain Size. 

Source Sum of Squares df Mean Square F Value p-value 
Prob > F 

Remarks 

Model 1.205 9 0.134 1.726 0.2421 not significant 
A-N2 1.948E-06 1 1.949E-06 2.512E-05 0.9961  
B-Ar 0.106 1 0.106 1.363 0.2812  

C-Turntable 0.362 1 0.362 4.670 0.0675  
AB 0.122 1 0.122 1.576 0.2497  
AC 8.040E-4 1 8.040E-4 0.010 0.9218  
BC 0.140 1 0.140 1.808 0.2207  
A2 0.011 1 0.011 0.143 0.7163  
B2 0.343 1 0.343 4.416 0.0737  
C2 0.096 1 0.096 1.236 0.3029  

Residual 0.543 7 0.078    
Lack of Fit 0.477 5 0.095 2.890 0.2768 not significant 
Pure Error 0.066 2 0.033    
Cor Total 1.748 16     

 
Table 7: ANOVA for Improved Quadratic Model of the Grain Size. 

Source Sum of 
Squares 

df Mean Square F Value p-value 
Prob > F 

Remarks 

Model 0.8033 3 0.2678 3.6852 0.0405 significant 
B-Ar 0.1057 1 0.1057 1.4550 0.2492  

C-Turntable 0.3622 1 0.3622 4.9849 0.0438  
B2 0.3354 1 0.3354 4.6157 0.0511  

Residual 0.9446 13 0.0727    
Lack of Fit 0.8786 11 0.0799 2.4197 0.3287 not significant 
Pure Error 0.0660 2 0.0330    
Cor Total 1.7480 16     

S.D. 0.2696 R2 0.4596   
Mean 7.7352 Adj. R2 0.3349   

CV (%) 3.4849 Pred. R2 -0.1698   
PRESS 2.0447 Adeq. Precision 6.6970   

 
 From the ANOVA analysis, a second-order response surface model for TiN coating grain size is generated 
as shown in Eq. 3. 
 
Grain Size =  -55.2595 + 31.6488pAr - 0.1086ωTT - 0.4011pAr

2       (3) 
where pAr is Argon pressure and ωTT is turntable speed.  
 
Effect of Turntable Speed to Grain Size: 
 As the turntable speed increases from 5.0 rpm to 8.0 rpm, the grain size increases from 7.7 µm to 8.026 µm, 
as shown in Fig. 8. N2 pressure and Ar pressure are set in 1.0×10-3 mbar and 4.0×10-3 mbar respectively. The 
grain size changes is supported by AFM images as shown in Fig. 9 (a) and Fig. 9 (b) with turntable speeds are 4.0 
rpm and 9.0 rpm respectively.   
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Fig. 8: Behaviour of TiN coating grain size in response of turntable speed. 
 

 
                        (a)                                   (b) 
 
Fig. 9: AFM images of grain size with turntable speeds (a) 4.0 rpm and (b) 9.0 rpm. 
 
Effect of Argon Pressure Quadratic Term to TiN Coatings Grain Size: 
 As indicated in Table 7, the quadratic term of Argon pressure has a significant p-value. As shown in Fig. 
10, increases in Argon pressure from 3.8×10-3 mbar to 3.97×10-3 mbar result in insignificant changing of grain 
size from 7.87 µm to 7.97 µm. After that, the grain size shows significant decrease to 7.69 µm at 4.2 ×10-3 mbar. 
Almost all of the grain lengths as indicated in Fig. 11 (a) are larger compared to the grain lengths in Fig. 11 (b). 
Fig. 12 clearly indicates the significant quadratic term of Argon pressure where the smaller grain size could be 
achieved using higher Argon pressure. 
 
Model Validation: 
 Validation of the developed model is done to ensure the model can predict the grain size accurately. Three 
dataset of validation data were collected in other experiment using different point of parameters. Performance 
measures in terms of residual error as shown in Eq. 4, prediction interval (PI) and prediction accuracy were 
calculated. As shown in Table 8, the actual grain size of validation runs data fall within the 90% prediction 
interval (PI). The residual errors for all dataset are ranging between 0.17 µm to 0.4 µm in absolute value which 
are less than 10%. The table also indicates that the prediction accuracy of the developed quadratic model is 
95.45% which is good enough to predict the TiN coating grain size. Fig. 13 indicates the plot of experiment data 
versus RSM model predicted data for training (data to develop model) and testing (validation data). The figure 
shows that most of the plot are fall around the mid-line to indicate that the actual and predicted data are almost 
similar. 
 
ei = ya - yp           (4) 
where ei is residual error, ya is actual value and yp is predicted value. 
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Fig. 10: Behaviour of TiN coating grain size in response of Argon pressure quadratic term. 
 

  
                       (a)                                  (b) 
Fig. 11: AFM images of grain size with Argon pressure (a) 3.8×10-3 mbar, and (b) 4.2×10-3 mbar. 

 
Fig. 12: Grain size contour in Argon-turntable plane at 1.0×10-3 mbar of N2 pressure. 
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Table 8: Prediction interval (PI), residual error and prediction accuracy of the TiN coatings grain size. 
Input parameters Grain Size 

A:N2 
pressure 
[×10-3 
mbar] 

B:Argon 
pressure 
[×10-3 
mbar] 

C: Turntable 
speed [rpm] 

Predict 
(µm) 

90% PI 
low (µm) 

90% PI high 
(µm) 

Actual 
(µm) 

Error 
(µm) 

 
Error 
(%) 

 
Accuracy 

(%) 

0.7 3.85 5.6 7.74 7.23 8.25 8.19 -0.45 -5.81 95.45 
1.1 3.95 7.4 7.97 7.47 8.48 7.88 0.09 1.13 
0.9 4.05 6.2 7.8 7.3 8.3 7.49 0.31 3.97 

 

 
Fig. 13 : Plot of experiment vs RSM for TiN coating grain size. 
 
Conclusion: 
 TiN coatings were deposited using PVD sputtering process at different levels of N2 gas pressure, Argon gas 
pressure and turntable speed. In this study, the experimental matrix was developed based on RSM technique. 
The findings of this study have indicated that turntable speed and quadratic term of Argon pressure are the 
significant process parameters that influence the deposited TiN coating grain size. Increase in turntable speed 
from 5.0 rpm to 8.0 rpm resulted in increases of grain size. Less than 0.1 p-value of quadratic terms of Argon 

pressure indicted that the variable have significant effect to grain size. The model was accurate enough to 
predict the grain size where the actual validation data were fall within 90% of prediction interval (PI) and the 
residual error relative to predicted values were less than 10%. Besides that, the prediction accuracy of the 
developed model was 95.45%.  
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