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Abstract: This paper comes up with new approach on predicting of hardness performances for 
Titanium Aluminium Nitride (TiA1N) coating process. A new application in predicting the hardness 
performances of TiA1N coatings using a method called Artificial Neural Network (ANN) is 
implemented. TiAlN coatings are usually used in high-speed machining due to its excellent properties 
in surface hardness and wear resistance. Physical Vapor Deposition (PVD) magnetron sputtering 
process has been used to produce the TiA1N coatings. Based on the experimental dataset of previous 
work, hence by applying the ANN model using back propagation (BP) algorithm have been developed 
in predicting the hardness of TiA1N coatings. For the process, the selected input parameters are the 
substrate sputtering power, bias voltage and temperature while the output parameter is the coating 
hardness. Twenty set of dataset from experimental result (A.S.M Jaya et al., 2011) were used for the 
training network process to get the ANN model. In validating the performances of the model, three 
testing dataset from separated experiment were used. The performances of the model was measured 
based on predictive performances evaluation. In terms of predictive performance evaluation, four 
performances matrix were applied that are percentage error, mean square error (MSE), co-efficient 
determination (R2) and model accuracy. The predicted results obtained via ANN model were compared 
to the experimental result. Unfortunately the result indicated poor agreement between the ANN model 
and experimental result with average percentage error, MSE, R2 and model accuracy were 51.94%, 
64.09, -3.69, and 48.06 % respectively. 
 
Key words: Artificial Neural Network; Back Propagation; Hardness; TiAlN coatings; PVD magnetron  
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INTRODUCTION 

 
In high-speed machining process with the high temperature exceed 800°C and the high localized stress at 

the tool tip will dealing consistently with the cutting tool. The cutting tool might slides off the chip along the 
rake face and the newly cut work piece surface during the process (S. Kalpakjian et al., 2006). These conditions 
may cause a tool wear, reducing the cutting tool performances, affected the quality of parts and deteriorating the 
tool life. In order to reduce the tool wear, the hardness on the cutting tool surface is very important.  

By applying the thin film coating on the cutting tool, the performance of the hardness can be improved. To 
improve the tool surface properties while maintaining its bulks properties, the thin film coating is applied. 
Physical Vapour Deposition (PVD) magnetron sputtering is the general coating process in applying thin film for 
hard coating purpose.  

In PVD magnetron sputtering, the process parameters that influence the coating performance are sputtering 
power, substrate temperature, substrate bias voltage, turntable speed and gas temperature (H. C. Jiang et al., 
2010; A. R. Md Nizam, 2010; P. L. Sun et al., 2010; T. Zhou et al., 2009).To produce a good coating is required 
selection of values of coating process parameter. However, due to the best our knowledge, there are no methods 
that can be determining the parameters values accurately. By using the traditional approach, that is, through lab 
experiments, it involved lots of money and time because we need to conduct a few lab experiments until we 
obtained the best values. In other words, these conditions require trial and error experiments in order to 
determine the suitable parameters value of process with the material used, so that we could obtain the best 
coating performance. The trial and error experiments have resulted in the increase of coating process cost and 
more intricate process of customization in coating.  

Therefore, with the help of computational approach that evolve nowadays, the coating process can be done 
in difference ways with the same objective. Using the computational approaches in estimating coating process 
performances, there is no traditional lab experiment need to be conducted and hence the coating process cost can 
be reduced. From literature survey, we found that computational-based approach such as Artificial Neural 
Network (ANN) could be applied for the same purpose. To the best of our knowledge, no such work has been 
conducted to explore the ability of ANN in this particular matter. Thus, this study aim is to explore ANN 
approach to predict the value of parameters of hardness in TiA1N coating process. At the end of this study, the 
prediction result from ANN will be compared with the experimental result. The comparison analysis will be 
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based on predictive performances. In terms of predictive performance evaluation, several performances matrix 
will be applied such as percentage error, mean square error (MSE), co-efficient determination (R2) and model 
accuracy. 

The objectives of this study are to develop a prediction model for output response of hardness in TiA1N 
coating process based on computational approach using ANN methods. After that the comparison of the 
prediction result ANN against experimental result will be analyzed based on predictive performance. 

 
MATERIAL AND METHOD 

 
Experimental Study: 

For this study, the previous work on experiment that conducted to find the hardness value in TiA1N coating 
process was referred (A.S.M Jaya et al., 2011). The unbalanced PVD magnetron sputtering system made by 
VACTEC Korea model VTC PVD 1000 was run in the experiment. Figure 1 shows the PVD magnetron 
sputtering system. During the experiment, the coating process consisted of substrate ion cleaning, deposition of 
interlayer coating of TiAl and deposition of TiAlN coating. The impurity on the substrate surface was removed 
through the substrate ion cleaning process in order to produce better adhesion. Through the interlayer coating 
deposition of TiAl, the coefficient of thermal expansion gradient between the insert and TiAIN coating was 
minimized. TiAIN is produced in the presence of nitrogen gas after the coating process was done. There are 
three stages on detail process settings are shown in Table 1. 

 

 
 
Fig. 1: PVD unbalanced magnetron sputtering system VACTEC Korea model VTC PVD 1000. 

 
Table 1: The Experimental Setting 

Stages Process Parameter 
1st Substrate ion Cleaning -Ion source power 

-Argon pressure 
-Substrate bias 
-Time 

2nd TiAl interlayer Coating -Ar pressure 
-Time 

3rd TiAlN deposition -N2 pressure 
-Ar pressure 
-Time 

 
Nano-indentation test has been used to measure the hardness of TiAIN. In nano-indentation system, the 

hardness measuring process was done by indenting a specimen by a load from a very small set value to a 
maximum set value using a high precision instrument. Table 2 shows the input process parameter and 
experimental result of TiAlN coatings hardness. 
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Table 2: Process Parameters and Experimental Result of TiAlN Coatings Hardness 

No of Set Data 
Process Parameters Output 

Sputter Power (kW) Bias Voltage (Volts) Substrate Temp. 
(C) 

Hardness Value  
(GPa) 

1 6 50 400 3.54 
2 4.81 100.67 518.92 5.27 
3 4.81 249.33 281.08 13.17 
4 6 175 400 10.96 
5 6 175 200 8.06 
6 4.81 100.67 281.08 4.33 
7 7.19 249.33 281.08 4.04 
8 6 175 400 16.12 
9 6 175 400 7.77 
10 4.81 249.33 518.92 3.53 
11 7.19 100.67 281.08 9.76 
12 6 175 600 7.48 
13 7.19 249.33 518.92 15.26 
14 6 175 400 8.91 
15 8 175 400 22.64 
16 6 300 400 14.14 
17 7.19 100.67 518.92 8.88 
18 4 175 400 15.69 
19 6 175 400 11.27 
20 6 175 400 12.34 

 
Artificial Neural Network Modelling Process: 

Neural networks, as used in artificial intelligence, have traditionally been viewed as simplified models of 
neural processing in the human brain. It is accepted by the most scientists that the human brain is a type of 
computer. The origins of neural networks are based on efforts to model information processing in biological 
systems, which may rely largely on parallel processing as well as implicit instructions based on recognition of 
patterns of sensory input from external sources. 

Human body consists of trillions of cells. A portion of them is the nerve cells called neurons. These neurons 
have different shapes and sizes (Tosun, N. et al., 2002). A neuron collects signals from others through fine 
structures called dendrites. The neuron sends out spikes of electrical activity through a long, thin stand known as 
axon, which splits into thousands of branches. At the end of each branch, a structure called a synapse converts 
the activity from the axon into electrical effects that inhibit or excite activity in the connected neurons. When a 
neuron receives excitatory input that is sufficiently large compared with its inhibitory input, it sends a spike of 
electrical activity down its axon. Learning occurs by changing the effectiveness of the synapses so that the 
influence of one neuron on another changes. 

 
Backpropagation Algorithm: 

In this study, BP learning algorithm, which has a unique learning principle, generally called delta rule, is 
used, Figure 2 depicts a schematic illustration of BP networks. The three layer of the network architecture 
include the input layer, hidden layer and output layer. Layers include several processing units known as neurons. 
They are connected with each other by variable weights to be determined. In the network, the input layer 
receives information from external source and passes this information to the network for processing. The hidden 
layer receives from the input layer, and does all information processing. The output layer receives processed 
information from the network, and sends the results to an external receptor (Singh, A.K. et al., 2006). In the 
network, each neuron receives total input from all of the neurons in the proceeding layer as: 

 
𝑛𝑛𝑛𝑛𝑛𝑛𝑗𝑗 = ∑ 𝑊𝑊𝑗𝑗𝑗𝑗

(𝑛𝑛)
𝑗𝑗 𝑋𝑋𝑗𝑗

(𝑛𝑛−1)                                                                                                                       (1) 
 
Where 𝑛𝑛𝑛𝑛𝑛𝑛𝑗𝑗   is the total or net input, 𝑋𝑋𝑗𝑗

(𝑛𝑛) is the output of the node j in the nth layer, and 𝑊𝑊𝑗𝑗𝑗𝑗
(𝑛𝑛)represents the 

weights from node i in the (n−1)th layer to node j in the nth layer. A neuron in the network produces its input by 
processing the net input through an activation (transfer) function which is usually nonlinear. There are several 
types of activation functions used for BP. However, the sigmoidal activation function is most utilized. Three 
types of sigmoid functions are usually used, as follows (Liu, T.C. et al., 2006): 

 
𝑓𝑓(𝑥𝑥) =  1

1+𝑛𝑛−𝑥𝑥
   𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟𝑛𝑛 (0, 1)                                                                                                                         (2) 

 
 

𝑓𝑓(𝑥𝑥) =  2
1+𝑛𝑛−𝑥𝑥

− 1     𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟𝑛𝑛 (−1, 1)                                                                                                 (3) 
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𝑓𝑓(𝑥𝑥) =  𝑛𝑛
𝑥𝑥−𝑛𝑛−𝑥𝑥

𝑛𝑛𝑥𝑥+𝑛𝑛−𝑥𝑥
       𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟𝑛𝑛 (−1, 1)                                                                                                     (4) 

 
the weights are dynamically updated using the BP algorithm. The difference between the target output and 

actual output (learning error) for a sample p is (Tosun, N. et al., 2002) 
 

𝐸𝐸𝑝𝑝 =   1
2
∑ �𝑑𝑑𝑝𝑝𝑝𝑝 − 𝑜𝑜𝑝𝑝𝑝𝑝 �

2𝐾𝐾
𝑝𝑝=1                                                           (5) 

 
where dpk and opk are the desired and calculated output for kth output, respectively. K denotes the number of 

neuron in output of network. The average error for whole system is obtained by: 
     

𝐸𝐸𝑝𝑝 =   1
2
∑ ∑ �𝑑𝑑𝑝𝑝𝑝𝑝 − 𝑜𝑜𝑝𝑝𝑝𝑝 �

2𝐾𝐾
𝑝𝑝=1

𝑝𝑝
𝑝𝑝−1                                                 (6) 

 
where P is the total number of instances. For the purpose of minimizing Ep, the weights of the inter-

connections are adjusted during the training procedure until the expected error is achieved. To adjust the weights 
of the networks, the process starts at the output neuron and works backward to the hidden layer. The weights in 
BP based on the delta learning rule can be expressed as follows: 

 
𝑤𝑤𝑗𝑗𝑗𝑗𝑛𝑛𝑛𝑛𝑤𝑤 = 𝑤𝑤𝑗𝑗𝑗𝑗𝑜𝑜𝑜𝑜𝑑𝑑 + ∆𝑤𝑤𝑗𝑗𝑗𝑗                                                                     (7) 

 
∆𝑤𝑤𝑗𝑗𝑗𝑗 = −𝜂𝜂 𝜕𝜕𝐸𝐸𝑝𝑝

𝜕𝜕𝑤𝑤 𝑗𝑗𝑗𝑗
𝑜𝑜𝑜𝑜𝑛𝑛𝑗𝑗                                                                       (8) 

 
where outj the jth neuron output. 𝛈𝛈 is the learning rate parameter controlling stability and rate of 

convergence of the network, which is a constant between 0 and 1. Once the weights of all the links of the 
network are decided, the decision mechanism is then developed. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2: Schematic illustration of artificial neural network model for the Hardness. 
 

RESULT AND DISCUSSION 
 
Predictive Performances: 

In this study, the following measures were used to calculate the model performances. The percentage error 
(δ ) in (9) was used to observe the gap between actual and the hybrid models for individual value. The mean 
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squared error (MSE) in (10) was used to quantify the difference between predicted and actual values. 
Meanwhile, the co-efficient determination (R2) in (11) was calculated in order to see how well the future output 
response is likely to be predicted by the model. Lastly, the prediction accuracy (A) in (12) was computed to 
determine the accuracy of the models. 
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Where n  is number of testing data, av is experimental value and pv is predicted value.  
 

Model Validation: 
In validating the performances of the models, three testing dataset from separated experiment were used. 

From Table 2, the hardness value for the ANN model was compared with the actual experimental value.  
 

Table 2: Comparison results of TiAlN Coating Hardness Based on Actual Experimental Value and ANN Model. 
Input Output   

P
ower Voltage Temp Actual ANN Error % MSE Accuracy R2 

k
W Volt C Hardness(Gpa) 0.07 0.00 99.93 0.00 27.00 

5 100 280 5.2 5.2 74.36 58.65 25.64 58.65 6.98 
6.

5 150 350 10.3 2.64 81.40 133.60 18.60 133.60 6.98 
7 145 450 14.2 2.64 155.82 192.26 144.18 192.26 40.96 

Predictive Performances 51.94 64.09 48.06 -3.69 
 
Figure 2 shows the poor agreement between coating hardness values predicted by ANN model and the 

actual experimental result. The unsatisfied agreement of hardness value of TiA1N coating clearly indicates the 
ANN model cannot be used to predict the hardness of TiA1N coating within the range of output parameter 
under consideration.  Meanwhile, based on predictive performances in Figure 3, The highest value of percentage 
error and MSE and the lowest value of model accuracy obtained by ANN model clearly stated that the 
predictive performances of the model very poor. In addition, negative value of R2 with -3.99 which mean the 
predictions which are being compared to the corresponding outcomes have not been derived from a model-
fitting procedure using those data. In term of co-efficient determination, the value of R2 is most often seen as a 
number between 0 and 1.0. It’s used to describe how well a regression line fits a set of data. An R2 near 1.0 
indicates that a regression line fits the data well, while an R2 closer to 0 indicates a regression line does not fit 
the data very well. Thus with the unsatisfied agreement between coating hardness of predicted value and the 
actual value and very poor of predictive performances,  the proposed ANN model cannot gives promising 
alternative to predict hardness value of the TiA1N coating in the specific range of parameters. 
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Fig. 2: Comparison of ANN model and actual experimental result for coating TiA1N hardness. 
 

 
 

Fig. 3: Measurement of predictive performances of ANN prediction model 
 

Conclusion: 
In this study, the ANN model was used in predicting the hardness of TiA1N coatings. The 20 experimental 

data were used in this study are based on previous work (A.S.M Jaya et al., 2011) for training the network in 
purpose modelling the ANN prediction model. The sputtering power, substrate bias voltage and substrate 
temperature were selected as input parameters with the hardness of TiAlN coatings as the output response. The 
network was train using back propagation algorithm namely Scaled Conjugate Gradient Algorithm (trainscg). 
This ANN model was tested using three experimental dataset and the result obtained was compared with the 
actual ones, in term of the predictive performances. The result were analyzed by measured the predictive 
performance of the model to verify the model performance based on percentage error, mean square error (MSE), 
co-efficient determination (R2) and model accuracy. The results have shown that: 

 
• The percentage error was used to observe the gap between actual and the prediction model. With the 

51.94% percentage error obtained by ANN model showed that there are very higher gap between the actual and 
the prediction model. 

• The ANN model showed poor MSE with 64.09. MSE was used to quantify the difference between 
predicted and actual values.The less MSE gave the better  

• ANN model obtained negative value of R2 with -3.99 which mean the predictions which are being 
compared to the corresponding outcomes have not been derived from a model-fitting procedure using those 
data. 

• ANN model was outperformed by produce less model accuracy. 
• As a conclusion, the ANN model obtained very poor predictive performance based on percentage error, 

mean square error (MSE), co-efficient determination (R2) and model accuracy with 51.94%, 64.09, -3.99 and 
48.06 respectively. 

• Thus, unfortunately ANN cannot be a good option in TiA1N coating process in order to predict the 
hardness performances. 
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