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Abstract
Thin-film coating plays a prominent role on the manufacture of many industrial devices. Coating can increase material
performance due to the deposition process. Having adequate and precise model that can predict the hardness of PVD and
CVD processes is so helpful for manufacturers and engineers to choose suitable parameters in order to obtain the best
hardness and decreasing cost and time of industrial productions. This paper proposes the estimation of hardness of
titanium thin-film layers as protective industrial tools by using multi-layer perceptron (MLP) neural network. Based on the
experimental data that was obtained during the process of chemical vapor deposition (CVD) and physical vapor deposition
(PVD), the modeling of the coating variables for predicting hardness of titanium thin-film layers, is performed. Then, the
obtained results are experimentally verified and very accurate outcomes had been attained.
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1 Introduction
CVD/PVD coating or ion-injection processes have become one of the most important and significant key-technologies to
protect the surface of mechanical or electric devices against various wear mechanisms and to prolong the life-time.
Titanium or some ceramic materials due to their significant hardness are the typical tool materials to be used as thin layer
for die materials in the metal forming [1-4].
Various methods for the prediction of maximum hardness of titanium thin film layers have been proposed. They were not
universally successful due to the complex spontaneous of the coating processes. However, the applied indirect methods
suffered from the fact that not only the coated but other process parameters also influence the measurement results [5-11].
Tadahiro et al. [12] have investigated on iPVD Cu process integrated with iPVD Ti and CVD Cu and they used high
temperature iPVD to control the thickness of deposition process. Photo catalytic measurements of titanium dioxide films
deposited with metal organic decomposition have been used by Marko et al. [13]. Also, ellipsometry and finite element
method has been introduced as a precise technique for measuring thin film properties by some researchers [14-16].
Furthermore, ultrasonic nondestructive testing has been presented as a useful method for characterization of
microstructures, assessment of defects, and evaluation of material properties [17-19]. In recent years, Wincheski [20] used
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eddy current impedance plane instrument with custom wound eddy current sensors to measure the thickness and hardness
of material.
Although these methods are capable of measuring titanium thin-film hardness, but the major problem arises when
predicting the hardness with different experiment parameters has to be characterized. So having accurate model which can
estimate the hardness in PVD and CVD processes with different input parameters such as (i.e. ion bombard time, sub-layer
roughness, material type, sub-layer temperature, work and chamber pressure), is vital on account of declining the time and
increasing the speed of productions and subsequently, declining the total cost of the productions. In addition, by having
such model CVD and PVD operators can set up coating devices for require thickness by choosing distinct coating
conditions and therefore, the mentioned processes can be carried out easily and precisely. Also one of the prominent
subjects for scrutinizing the industrial production lines is monitoring process and because the presence of some input
factors most of the industrial processes are nonlinear solution and they can be modeled by ANNs.
In this paper, the titanium alloys such as Titanium Nitride (TIN), Titanium Carbide (TIC) and Titanium Carbide Nitride
(TIC-N), by using different pressure and temperature conditions, were deposited on specimens. Then, the hardness of
deposited thin layers was measured. Based on acquired experimental data, multi-layer perceptron (MLP) neural networks
have been used for process modeling and predicting hardness of protective layers on various conditions. Then, the obtain
results are experimentally validated.

2 Experimentations
To find out the hardness and corrosion of parts coated with TiC-N, TiN and TiC material a large number of specimens
including two groups of circular and rectangular samples have been prepared. Using several tests based on experimental
device’s limitation such as pressure, rotational speed and temperature, the values of coating parameters are chosen. In a
CVD process, reactant gases (often diluted in a carrier gas) at room temperature enter the reaction chamber. The substrate
can be heated in resistive oven, by hot plate or by infrared lamps. So, the gas mixture is heated as it approaches the
deposition surface [21]. During CVD process, the methane gas with a temperature of 7000-11000 has been injected to the
layers. Voltage and coating time are selected 65V and 30min respectively. In all experiments, ion bombarding time and
sub-layer temperature were 20min and 1500 respectively.
In first group, the circular steel sub-layers with a diameter and thickness of 20 and 4 mm respectively (see Figure 1), have
been used. Using CVD method in form of rotational sampling is applied. Specimens have been deposited by using
methane gas for TiC layers, nitrogen gas for TiN layers, and titanium tetra chlorine gas for TiC-N layers. The schematic
diagram of CVD coating process is illustrated in Figure 2.

Figure 1. (Right)PVD coating samples, (Left) CVD coating samples
Published by Sciedu Press
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Figure 2. Schematic of CVD coating process
In second group, the rectangular steel sub-layers with two different dimensions of 75×25×2 mm and 50×25×2 mm were
used.
PVD coating process can be divided into three stages: evaporation, transportation and condensation. In this approach
coating material in the temperature of 8000-12000 and 65 volt in plasma circumstance were evaporated. These substances
have been bombarded and condensed on work piece. Workpiece was put on rotational holder with 2 to 4 rounds per minute
rotational speed and nitrogen and methane gas were utilized in this approach. Figure 3 schematically illustrates PVD
coating approach.

Figure 3. Coated layers before and after corrosion test
During each coating steps, a glass sub-layer under same conditions was prepared for identifying the crystalline phases and
measuring thickness of the coated layers. X Ray Diffraction (XRD) analysis using Tolanski approach was applied. For
measuring thickness of the coated layers on glass sub-layers as figure 4 shows an X ray is used as the light source. A
coherent light strikes the surface of the samples (glass sub-layer) at an incident angle of 450 that is scattered. A viewing
screen in parallel with the surface normal is positioned perpendicularly to the incidence plane. The distance from the rough
surface to the viewing screen is approximately 0.5m. A charge-coupled device CCD camera (CV-M4+CL, product of JAI)
serves to capture the speckle pattern and transfers the image data through a personal computer.
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For whole specimens, the obtained thickness of layer was about 4 microns for TiN and TiC layers and 8 microns for TiC-N
layers.

Figure 4. Thickness measurement
The hardness of 192 specimens in both groups was measured using micro hardening measurer instrument with the
magnifications of 500. Furthermore, to study the influence of sub-layer roughness on hardness of thin layers, two groups
of samples involving the polished and non-polished surfaces have been prepared and deposited by using TiN, TiC and
TiC-N materials. The results of the maximum hardness are shown in Table 1.
Table 1. Maximum hardness of coated layers
Hardness of the rectangular
sample (Vickers)
490
650
565
770
810
900

Hardness of the circular
samples (Vickers)
450
630
470
740
790
830

Sub-layer roughness
Non-polished
Polished
Non-polished
Polished
Non-polished
Polished

Material type
TiN
TiC
TiC-N

Figure 5. Schematic of PVD coating process
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Corrosion and erosion tests (i.e. high speed test) of all specimens have been carried out under various conditions (i.e. time,
pressure and speed changing). For these purpose specimens were clamped to the turning machine while dynamometer was
installed on tool holder. By contacting diamond tool to the samples and measuring the force and tool impact, corrosion and
erosion were evaluated. Figure 5 illustrates the qualitative comparison of layers corrosion.

3 Modeling of the titanium coating process
Artificial neural networks (ANNs) have emerged as a well-known solution for tackling pattern recognition and
classification tasks [22-24].
In this section, based on the experimental data, the coating process modeling for hardness of titanium thin layers is carried
out by using MLP neural networks that is one of the most popular supervised ANNs which have the ability to solve
nonlinear problems.
156 exemplars have been used for the off-line training and design best fitted architecture.
As shown in Figure 6, a three-layers MLP is used, including 6 inputs (i.e. ion bombard time, sub-layer roughness, material
type, sub-layer temperature, work and chamber pressure), 2 hidden layers containing 12 neurons, and an output layer with
a single neuron (i.e. hardness of thin layer), 6×6×6×1. Hidden layers must have equitable covering rate on learning data.
Therefore, the best architecture and parameters of the MLP model are chosen through several tests which are not presented
in this paper and Hyperbolic Secant transfer functions have been utilized for neurons of hidden and output layers.
The processes that a neuron performs in this network are: multiplication of each of the inputs by its respective weight,
adding up the resulting numbers for all the inputs and determination of the output according to the result of this summation
and an activation function. While a single neuron is of very limited use, a number of connected neurons, i.e. a network, can
be trained to perform certain tasks. Data is fed into the network through an input layer, it is processed through one or more
intermediate hidden layers and finally it is fed out of the network through an output layer. The proposed network allow
data to flow forward, this aspect of the network will affect its performance and the applications for which it is suited. This
type of network is trained with the back propagation learning algorithm.
For the best obtained network root mean squared (RMS) error and correlation between the predictions of ANNs and
experimental data for training were 0.034999 and 98.24%, respectively (cf. Figures 7 and 8).

Figure 6. Proposed perceptron neural networks
50

ISSN 1927-6974 E-ISSN 1927-6982

www.sciedu.ca/air

Artificial Intelligence Research, September 2012, Vol. 1, No.1

Figure 7. RMS error for training

Figure 8. Correlation and curve fitting analyses for training

4 Experimental validation of designed network
Some experiments were conducted for testing the performance of the model. Table 2 and figure 8 show the results of the
simulation and experimental measurements to determine the performance of fitted neural network. It is seen that in most
cases, negligible error had been observed.
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Table 2. Experimental validation results
Repetition

Measurement
Hardness
(Vickers)

Predicted
Hardness
(Vickers)

Error (%)

Repetition

Measurement
Hardness
(Vickers)

Predicted
Hardness
(Vickers)

Error (%)

1

355

380.874

-7.2

19

645

652.636

-1.1

2

370

389.572

-5.2

20

660

662.108

-0.3

3

375

428.637

-14.3

21

665

652.636

1.8

4

390

437.966

-12.2

22

680

662.108

2.6

5

395

380.874

3.5

23

695

705.684

-1.5

6

410

389.572

4.9

24

705

719.61

-2

7

415

442.142

-6.5

25

710

714.97

-0. 7

8

435

492.408

-13.1

26

715

705.684

1.3

9

455

442.142

2.8

27

730

714.97

2

10

470

428.637

8.8

28

735

719.61

2

11

485

437.966

9.6

29

735

776.263

-5.6

12

530

492.408

7

30

750

794.652

-5.9

13

535

543.832

-1.6

31

755

775.75

-2.7

14

550

556.658

-1.2

32

775

775.75

-0.09

15

555

543.832

2

33

795

843.41

-6

16

570

556.658

2.3

34

805

776.263

3.5

17

595

603.686

-1.4

35

820

794.652

3

18

615

603.686

1.8

36

865

843.41

2.4

As shown in Figure 9, the proposed MLP neural network has provided proper modeling results. Indeed, this method can be
reliably and successfully used for modeling of the titanium coating process with 98.3% correlation.

Figure 9. Correlation and curve fitting analyses for test data
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5 Conclusions
The present work is concerned with exploring the possibility of predicting and modeling the hardness of TiC-N, TiN and
TiC on PVD and CVD coating process. Then the obtained results have been experimentally validated and it is found that
ANNs can be used to find out the effective estimates and modeling of the hardness in coating process.
Having all above discussions these conclusions can be drawn that:
Coating can increase material performance due to the deposition process and increasing surface hardness.
By using MLP neural network the hardness of TiC-N, TiN and TiC on PVD and CVD coating process can be estimated
precisely.
Having predictive model which can estimate the hardness of coated layers in CVD and PVD process can increase the
material resistance against corrosion and erosion.
The proposed model has special ability to increases the performance and industrial cutting tool life in real manufacturing
process.
The predicted results are in a proper agreement with the experimental data which illustrates the capability of the proposed
neural models with the hardness of coated layers that has 98.3% accuracy.
The training finished on 30 min whereas experimental study had continued day after day so clearly ANNs is economical
and saves time.
ANNs can produce an accurate relationship between coating process input and hardness. Therefore, ANNs can be used for
modeling the hardness in the PVD and CVD coating process so that it can be estimated close to real values.
To conclude, this study has been involved with the ANNs operations for the model development to predict the values of
the performance measurements, focusing on hardening in the coating operations.
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