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Abstract 
 

Lasers are widely used in machining industry as a cutting tool ultra-flexible, produce high quality end product, quick set up, non-

mechanical contact between the workpiece and the tool, and small size of the heat affected zone are some of the good features of laser 

cutting. However, laser cutting of sheet metal has limitation in machining of circular geometries by turning operation. There-fore, a novel 

approach has been devised to investigate in transforming a 2D flatbed CO2 laser cutting machine into 3D laser lathing capability as an 

alternative solution. In this paper, artificial neural networks (ANN) were employed to build a predictive model for depth quality of mi-

cro-grooving commercially pure (CP) titanium grade 2 by using a flatbed (CO2) laser cutting. The predicting model includes five input 

variables of the power, the gas pressure, the cutting speed, the focal distance and the depth of cut. It is found that from the ANN model 

developed, near optimum groove depth values are generated where the average prediction error is 6.48%. 
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1. Introduction 

Laser cutting is one of the advanced machines which are capable 

of processing almost any kind of materials with high degree of 

flexibility and precision. It is commonly used in precision indus-

tries as it has the ability to cut complex profiles featuring extra 

ordinary shapes, corners, slots, and holes with high degree of re-

peatability and small region of heat affected zone (HAZ) [1]. In 

term of machining, laser also known as a process involving laser 

beam as the heat source and a thermal process used to remove 

materials without mechanical engagement with the workpiece, 

instead, it is heated up to the melting point and remove the melt by 

high pressure gas ejection, vaporization, or ablation mechanisms 

[2]. With great advantages of laser machining, the drawback of 

conventional lathe especially in performing a narrow cavity of a 

certain depth on a cylindrical part can be overcome.  

Thus, in order to have a better control of the micro groove on a 

cylindrical part, laser is found to be most suitable as it processes 

the materials without having any mechanical contact between the 

laser beam (virtual tool) and the spinning work. So to understand 

the behavior and scientific reasoning behind the actual processing 

phenomenon, an intelligent system called Artificial Neural Net-

work (ANN) is a powerful tool in modelling the environment to 

predict the response. Since the three axes laser machine is too 

expensive, thus, a two axes (2D) flat-bed 3KW CO2 laser machine 

has been modified into three axes (3D) as an alternative to per-

form laser grooving.  

The removal of a single layer is achieved using multiple overlap-

ping straight grooves where the groove profile has been predicted 

by theoretical models before the work was carried out [3]. Layer 

by layer peeling concept for three dimensional laser machining of 

micro parts using laser turning machine has been carried out by 

controlling three main parameters namely power, repetition rate 

and speed of laser process [4]. Besides that, the process parame-

ters relationship of pulsed Nd:YAG laser-turning operation for 

production of micro-groove on cylindrical workpiece was investi-

gated by considering air pressure, lamp current, pulse frequency, 

pulsed width and cutting speed as correspondence controllable 

parameters [5].  

A strategy for predicting the optimum machining parameter set-

ting for the generation of the maximum depth of groove with min-

imum height of recast layer has been present. A cascade forward 

back-propagation neural network is used to construct the laser 

beam machining (LBM) process model and found that the use of 

ANN architecture 4-25-2, one hidden layer can provide a best 

prediction [6]. An optimization of surface roughness has been 

studied and model using ANN approach. The model shows that 

architecture 4-7-1 gives an optimum quality cut of surface rough-

ness by controlling four cutting variables namely laser power, 

cutting speed, assist gas pressure, and work piece thickness. It also 

found that the importance of cutting speed is more dominant in 

optimizing the surface roughness as compared with other cutting 

variable [7]. The optimal turning parameters of AA2024-T351 

alloy namely cutting speed, feed rate, tool rake angle, and contact 

friction coefficient is investigated through Abaqus/Explicit numer-

ical simulations and optimized with ANN models. Result shows 

that the performance of the ANN models demonstrated the fidelity 

of solving and predicting the optimum process parameters [8].  

An artificial neural network (ANN) model has been developed to 

predict the process criteria and using multi-objective optimization, 

the process parameter was carried out to achieve the desired sur-

face roughness and minimum micro-turning depth deviation. It 

was found that the developed ANN model can predict the process 

criteria more accurately than response surface methodology 
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(RSM) [9]. The predicting model for six laser-cutting qualities of 

QFN package has been done using back-propagation neural net-

work. Four algorithms including Broyden Fletcher Goldfarb 

Shanno Quasi-Newton (BFG), Scaled Conjugate Gradient (SCG), 

Gradient Descent (GD) and Levenberg-Marquardt LM algorithms 

are used to simulate the model. Results shows that, LM algorithm 

is an optimal algorithm which is less predicting error compared to 

other improving algorithms [10]. Taguchi method is used to opti-

mize an artificial neural network model trained by Levenberg-

Marquardt algorithm. Analysis and experiments shows that the 

optimal ANN training and architectural parameters can be deter-

mined in a systematic way, ultimately avoiding the lengthy trial 

and error procedure [11].  

A hybrid GA-Taguchi-ANN optimization model has been devel-

oped. It is constructed in such a way to realize mutual input output 

through ANN and GA. Results shows that the developed GA-

Taguchi ANN model could reduce the maximum prediction error 

below 10% [12]. The effect of process parameters of Nimonic C-

263 super alloy during machining using die sinking EDM has 

been studied. All the machining and process parameters are mod-

elled by ANN and found that an architecture 6-6 is adopt as an 

optimal parameter [13]. ANN was used to predict methane yield 

with different operating parameters. The model is based on the 

feed forward network (FFN) with one hidden layers. It shows that 

ANN models are better tool for optimizing the methane content 

from different factors [14]. The prediction model of refined palm 

oil quality has been investigated for online quality monitoring 

purposes. Each network shows that different number of hidden 

nodes gave different prediction performance of both R and MSE 

[15]. Based on the literature survey, there are many methods used 

in optimization of ANN model. It is observed that ANN model is 

found to be suitable in modeling non-linearity problem because it 

has powerful pattern classification and pattern recognition capabil-

ities [22]. In this paper a clearly step by step optimization of laser 

cutting model based on ANN are introduced in order to optimize 

the non-linear cutting profile. 

2. Theoretical model of laser cutting 

In laser cutting, laser beam penetrates through the entire thickness 

of the workpiece and advances parallel to the surface of the work-

piece [16]. A cutting model was developed based on the absorptiv-

ity calculated over the cutting kerf [17]. Meanwhile, a relationship 

between the power density incident on a material and the resulting 

cutting speed was developed and found that, to maximize cutting 

speed and energy utilization, the jet diameter should be smallest 

possible consistent with an attainable power density [18]. Based 

on the balance between absorbed power of beam, power for melt-

ing material, power for heating material, and conduction heat loss-

es, a laser erosion front model was formulated and there are some 

assumptions for this model [16]: 

• The kerf width is assumed to be constant with the laser 

beam diameter 

• The contour lines of the erosion front can be described by 

semi-circles with radius equal to the beam radius 

• The inclination angle of the erosion front is constant and de-

termined experimentally 

• The erosion front is assumed to have a linear slope 

The first step in this study is to determine the absorptivity of the 

erosion front where the refractive index and absorption coefficient 

can be defined [19]. The theoretical models of laser cutting are 

given as below equations (1) – (9)  

Refractive index, n:  
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where ω is the laser frequency, ωp is the plasma frequency, and v 

is the electron collision frequency. A complex refractive index can 

be defined equation (3).  

 

Refractive index, n*: 

 

n∗ = n + iα c0
2ω

                                                                            (3) 

 

where, Co is the speed of light and i = (-1)1/2. The absorptivity of 

the melt film at the erosion front can be expressed as equation (4). 

 

Absorptivity, As: 

 

As = 1 − (
cos δ−(n∗2−sin2δ)

1
2⁄

cos δ+(n∗2−sin2δ)
1

2⁄
)

2

                                                   (4) 

 

Where, δ is the angle of incidence of the laser beam on the erosion 

front. If the mode, polarization and focal shape of the beam are 

known, then the variation of absorptivity on the erosion front can 

be determined as:  

 

A(z, β)pLaser = cos δ A (n∗, δ) I(z, β)                                        (5) 

 

With, A (z, β)PLaser is the absorbed beam intensity, β is the circular  

angle, z is the depth from the top surface, and I(z, β) is the inci-

dent beam intensity. An overall absorptivity for the erosion front 

can be found by integrating the absorbed laser power over the 

erosion front area and dividing by the total laser power. The ero-

sion front shape can be determined through a power balance be-

tween laser power and the rates of heating, melting, and thermal 

loss. Material removal is assumed to occur through completely 

melting; no material is vaporized. 

 

A(z, β)pLaser = pr + pm + p1                                                     (6) 

 

Thus, PLaser is the total laser power and the heating power is:  

 

pT = bssVρc(Tp − T0)                                                                (7) 

 

the melting power is 

 

pm = bssVρεm                                                                           (8) 

 

and the heat conduction loss is 

 

p1  =
πk(Tm−T0)√bss

arctan(
16к

Vs
)

1
2⁄

exp (−
Vbs

2к
)                                                 (9) 

 

Using Eq. (9) of power balance, the cutting depth can be solved to 

determine the shape of erosion front where s is the cutting depth, 

bs is the kerf width, Tm is the melting temperature, T0 is the ambi-

ent temperature, and V is the scanning velocity. Material proper-

ties include the thermal conductivity k, thermal diffusivity к, den-

sity ρ, specific heat c, melting temperature Tm, and heat of fusion 

𝛆𝐦.  

3. Experimental details 

The transformation 2D to 3D laser lathe has been done successful-

ly and the performance also was validated by precisely setup be-

tween a tangential insertion of laser beam and spinning workpiece 

on the sacrificial table. The details of CO2 laser machine specifi-

cation are shown in Table 1, while the experimental setup is 
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shown in Figure 1. Throughout these experimentations, constant 

and variable processing parameters were identified.  

 
Table 1: CO2 Laser Machine Specification 

Machine Specification 

Manufacturer 

Model 

Brand 
Envelope 

Maximum speed 

Maximum laser power 

LVD Company N.V, Belgium 

Helius-2513 

LVD Helius 
2500x1250 mm 

250 mm/s 

3 kW 

 

 
Fig. 1: Laser Micro-Groove of Grade 2 Titanium. 

 

Table 2 shows the laser process parameters, while Table 3 pre-

sents the design parameters namely power (P), gas pressure (G), 

cutting speed (V), depth of cut (d) and Focal distance (F) which 

were varied through-out the experiments. Table 4 shows the mate-

rial properties of CP Ti G2. A summary of 96 experimental de-

signs is given in Table 5 and it was done using response surface 

methodology (RSM).  

 
Table 2: Laser Process Parameters Constant 

Laser Processing Value 

Frequency 1850 Hz 
Duty cycle 80 % 

Laser mode Continuous wave 

Stand-off distance 1 mm 
Nozzle type Cylindrical 

Beam diameter 0.5 mm 

Gas jet selection Nitrogen 

Focus lens 7.5 mm 

Nozzle diameter 1.2 mm 

 
Table 3: Design Parameters 

Factors Unit Low Medium High 

Power (P) 

Gas Pressure (G) 

Cutting Speed (V) 
Depth of Cut (d) 

Focal Distance (F) 

watt 

bar 

mm/min 
mm 

- 

1500 

17 

700 
0.25 

-2 

1650 

18 

800 
0.48 

-1 

1800 

19 

900 
0.7 

0 

 
Table 4: Material properties of Commercially Pure (CP) Titanium Grade 2 

C % Fe % H % N % O % Ti% 

0.1 Max 0.3 Max 0.015 Max 0.03 Max 0.25 Max 99.2 

 

The performance of laser machining plays an important role in 

producing reliable quality measures. So in order to cater the de-

sired depth of micro-grooving, an optical comparator was used to 

measure the groove depth as shown in Figure 2. 

 

 
Fig. 2: Groove Depth Measurement with Optical Comparator. 

4. ANN modelling 

One of the purposes of modelling development is to minimize the 

cost of production especially in precision industries which is 

commonly involved in the machining process. Based on prelimi-

nary investigation, the input and output parameter has been tested 

via experimentation before comes into real machining. With the 

high-end technologies, the relationships between input and output 

parameters are capable to capture using artificial neural network 

(ANN).  

ANN can be categorized as a black box model which provides 

information behind physics process explicitly [20]. ANN model 

has the computational ability of non-linear problems and has been 

widely used to predict and optimize the laser micro-grooving pro-

cess using modified CO2 laser cutting machine. But none of the 

authors have explored in transforming flatbed CO2 laser cutting 

machine into 3D laser lathing which works on micro-grooving of 

commercially pure (CP) titanium grade 2. Some of researchers has 

been done laser micro-grooving but they used difference kind of 

machine, materials and method. In this model, a network consists 

of three layers; an input layer, a hidden layer and an output layer 

as illustrated in Figure 3. There are five (5) neuron which are cor-

responds to five input process parameters that have been already 

enlisted in Table 3. The output layer consists of one neurons, 

which correspond to the output responses namely groove depth 

(GD). The selection of the number of neuron in the hidden layer is 

the crucial part. Careful selection of hidden layer neuron is im-

portant in order to achieve better best fit model performance. The 

best fit model ensures the near desired solutions are created with 

least number of iterations and minimum prediction error. The 

results obtained from ANN model are analysed and compared 

with the real experimental results by calculating the prediction 

error. The prediction error can be defined as follows: 

Prediction error (%): 

 

(Experimental result-Predicted results)/(Experimental results)  (10) 

 

A neural network toolbox was used for training and testing of the 

simulations data. Since the total number of experiment data is 96 

(Table 5), 83 data were considered for ANN training and the rest 

were used for ANN testing. The standard network type which is 

feed forward back-propagation was used in development of ANN.  

For the proposed ANN architecture, the numbers of neurons in the 

hidden layers were determined through a trial-and-error method. 

The ANN predicted outcomes were evaluated by considering the 

minimum percentage of prediction error. In order to get tangible 

outcomes without trail-and-error method, a flow of parameters and 

architecture selection of ANN model has been designed (Figure 4). 

5. Result & discussion 

5.1. ANN optimization 

Figure 4 shows the step-in selection of neural network parameter. 

There are six (6) steps which are involved in getting an optimal 

neural network parameter for this investigation.  

Step one (1): is classify network type, feed-forwards back-

propagation has been selected as network type since the weights 

and biases were adapted to minimise the mapping error and it also 

can be applied to almost all applications in the manufacturing 

domain [21,22]. 
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Step two (2): After determining the network type, next step is 

identifying an algorithm. In this section four (4) algorithms which 

are  

Levenberg-Marquardt (LM), BFGS Quasi-Newton (BFG), Scaled 

Conjugate Gradient (SCG), and Gradient Descent (GD) used to 

simulate, then choose optimal algorithm that has less predicting 

error to train ANN and obtain an ANN predicting model. The 

algorithm is selected randomly, and some has frequently used by 

researcher [23]. Based on observation, it shows that LM algorithm 

gives lower percentage of average predicting error compare to 

others algorithm. LM algorithm is fast and good in searching near 

optimum solutions for a variety of problems compared other algo-

rithms. Besides, LM also obtains better performance, convergence 

and accurate predicting values [10]. Figure 5 shows the compari-

son average predicting errors of ANN models between four algo-

rithms.  

 

 
Fig. 3: ANN Architecture of 5-15-1with 5 Inputs, 2 Hidden Layer and 

Singleton Output. 

 
Table 5: Experimental Design and Observed Response by RSM 

N

o 
P G V d F 

G

D 

N

o 
P G V d F 

G

D 

N

o 
P G V d F 

G

D 

1 

1

8
0

0 

1

9

0 

7

0

0 

0

.
2

5 

0 

0

.
1

6 

3
3 

1

6
5

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
4

1 

6
5 

1

6
5

0 

1

8

0 

7

0

0 

0

.
4

8 

-
1 

0

.
4

9 

2 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

3

9 

3

4 

1
6

5

0 

1

8
0 

8

0
0 

0
.

2

5 

-

1 

0
.

2

1 

6

6 

1
8

0

0 

1

9
0 

9

0
0 

0
.

2

5 

-

2 

0
.

2

4 

3 

1

8
0

0 

1
9

0 

7
0

0 

0

.
7

0 

-
2 

0

.
6

6 

3
5 

1

5
0

0 

1
9

0 

7
0

0 

0

.
2

5 

-
2 

0

.
1

5 

6
7 

1

5
0

0 

1
7

0 

9
0

0 

0

.
7

0 

0 

0

.
6

4 

4 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

2 

0
.

4

1 

3

6 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0

.
4 

6

8 

1
6

5

0 

1

8
0 

9

0
0 

0
.

4

8 

-

1 

0
.

4

8 

5 

1

5

0
0 

1
9

0 

9
0

0 

0

.

2
5 

0 

0

.

1
2 

3

7 

1

8

0
0 

1
7

0 

9
0

0 

0

.

2
5 

0 

0

.

2
2 

6

9 

1

6

5
0 

1
8

0 

7
0

0 

0

.

4
8 

-

1 

0

.

5
1 

6 

1

6
5

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
4

3 

3
8 

1

6
5

0 

1

8

0 

8

0

0 

0

.
7

0 

-
1 

0

.
7

2 

7
0 

1

8
0

0 

1

7

0 

7

0

0 

0

.
2

5 

-
2 

0

.

3 

7 

1
5

0

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

4

4 

3

9 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

0 

0
.

3

7 

7

1 

1
8

0

0 

1

9
0 

9

0
0 

0
.

7

0 

0 

0
.

6

9 

8 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

2 

0

.

4
4 

4

0 

1

8

0
0 

1
7

0 

7
0

0 

0

.

7
0 

0 

0

.

6
1 

7

2 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
1 

9 

1

6
5

1

9
0 

8

0
0 

0

.
4

-

1 

0

.
4

4

1 

1

8
0

1

7
0 

9

0
0 

0

.
2

0 

0

.
2

7

3 

1

5
0

1

7
0 

9

0
0 

0

.
2

-

2 

0

.
1

0 8 5 0 5 2 0 5 6 

1

0 

1
5

0

0 

1

9
0 

7

0
0 

0
.

7

0 

0 

0
.

6

9 

4

2 

1
6

5

0 

1

7
0 

8

0
0 

0
.

4

8 

-

1 

0
.

3

8 

7

4 

1
8

0

0 

1

9
0 

9

0
0 

0
.

2

5 

-

2 

0
.

2

3 

1

1 

1

8

0
0 

1
9

0 

9
0

0 

0

.

2
5 

-

2 

0

.

2
3 

4

3 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

2 

0

.

4
3 

7

5 

1

8

0
0 

1
7

0 

7
0

0 

0

.

2
5 

-

2 

0

.

2
5 

1
2 

1

8
0

0 

1

7

0 

7

0

0 

0

.
7

0 

0 

0

.
7

3 

4
4 

1

5
0

0 

1

7

0 

9

0

0 

0

.
7

0 

0 

0

.
5

8 

7
6 

1

5
0

0 

1

9

0 

9

0

0 

0

.
7

0 

-
2 

0

.
6

4 

1

3 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

4

8 

4

5 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

4

3 

7

7 

1
6

5

0 

1

8
0 

8

0
0 

0
.

2

5 

-

1 

0
.

2

1 

1

4 

1

5

0
0 

1
7

0 

9
0

0 

0

.

2
5 

-

2 

0
.

2 

4

6 

1

5

0
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0
.

4 

7

8 

1

5

0
0 

1
7

0 

7
0

0 

0

.

7
0 

-

2 

0

.

6
6 

1
5 

1

5
0

0 

1

7

0 

7

0

0 

0

.
7

0 

-
2 

0

.
6

8 

4
7 

1

8
0

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
4

8 

7
9 

1

5
0

0 

1

9

0 

9

0

0 

0

.
7

0 

-
2 

0

.
6

7 

1

6 

1
5

0

0 

1

7
0 

7

0
0 

0
.

2

5 

0 

0
.

2

4 

4

8 

1
6

5

0 

1

7
0 

8

0
0 

0
.

4

8 

-

1 

0
.

4

7 

8

0 

1
5

0

0 

1

7
0 

9

0
0 

0
.

2

5 

-

2 

0

.
2 

1

7 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
9 

4

9 

1

8

0
0 

1
7

0 

9
0

0 

0

.

7
0 

-

2 

0

.

6
5 

8

1 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
8 

1
8 

1

8
0

0 

1

7
0 

9

0
0 

0

.
7

0 

-
2 

0

.
6

6 

5
0 

1

6
5

0 

1

8
0 

8

0
0 

0

.
4

8 

-
1 

0

.
4

5 

8
2 

1

6
5

0 

1

8
0 

8

0
0 

0

.
4

8 

-
1 

0

.
4

9 

1

9 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
6 

5

1 

1

6

5
0 

1
8

0 

9
0

0 

0

.

4
8 

-

1 

0

.

4
2 

8

3 

1

6

5
0 

1
7

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
9 

2
0 

1

5
0

0 

1

7

0 

7

0

0 

0

.
2

5 

0 

0

.
1

3 

5
2 

1

8
0

0 

1

7

0 

7

0

0 

0

.
7

0 

0 

0

.
7

2 

8
4 

1

6
5

0 

1

8

0 

8

0

0 

0

.
2

5 

-
1 

0

.
2

3 

2

1 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

3

9 

5

3 

1
8

0

0 

1

9
0 

7

0
0 

0
.

2

5 

0 

0
.

2

5 

8

5 

1
5

0

0 

1

9
0 

9

0
0 

0
.

2

5 

0 

0
.

1

7 

2

2 

1

5

0
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

3
5 

5

4 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
9 

8

6 

1

5

0
0 

1
9

0 

7
0

0 

0

.

7
0 

0 
0
.

7 

2
3 

1

6
5

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
4

4 

5
5 

1

5
0

0 

1

9

0 

9

0

0 

0

.
7

0 

-
2 

0

.
6

4 

8
7 

1

5
0

0 

1

7

0 

9

0

0 

0

.
7

0 

0 

0

.
6

6 

2

4 

1
8

0

0 

1

9
0 

7

0
0 

0
.

2

5 

0 

0

.
2 

5

6 

1
8

0

0 

1

7
0 

7

0
0 

0
.

2

5 

-

2 

0
.

2

6 

8

8 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

-

1 

0
.

5

2 

2

5 

1

5

0
0 

1
9

0 

9
0

0 

0

.

2
5 

0 

0

.

1
3 

5

7 

1

8

0
0 

1
9

0 

9
0

0 

0

.

7
0 

0 

0

.

7
2 

8

9 

1

6

5
0 

1
8

0 

8
0

0 

0

.

4
8 

0 
0
.

5 

2
6 

1

8
0

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
5

1 

5
8 

1

5
0

0 

1

9

0 

7

0

0 

0

.
7

0 

0 

0

.
5

9 

9
0 

1

6
5

0 

1

8

0 

8

0

0 

0

.
7

0 

-
1 

0

.
7

1 

2

7 

1
6

5

0 

1

8
0 

7

0
0 

0
.

4

8 

-

1 

0
.

5

2 

5

9 

1
8

0

0 

1

9
0 

9

0
0 

0
.

7

0 

0 

0
.

6

1 

9

1 

1
6

5

0 

1

9
0 

8

0
0 

0
.

4

8 

-

1 

0
.

4

8 

2

8 

1

5

0
0 

1
7

0 

7
0

0 

0

.

2
5 

0 

0

.

1
8 

6

0 

1

8

0
0 

1
9

0 

7
0

0 

0

.

7
0 

-

2 

0

.

6
3 

9

2 

1

6

5
0 

1
9

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
4 

2

9 

1

6

1

8

8

0

0

.

-

1 

0

.

6

1 

1

8

1

7

9

0

0

.
0 

0

.

9

3 

1

6

1

8

8

0

0

.

-

1 

0

.



International Journal of Engineering & Technology 6485 

 

 

5

0 

0 0 4

8 

4

6 

0

0 

0 0 2

5 

2

2 

5

0 

0 0 7

0 

6

5 

3

0 

1

8

0
0 

1
9

0 

7
0

0 

0

.

7
0 

-

2 

0

.

7
1 

6

2 

1

5

0
0 

1
9

0 

7
0

0 

0

.

2
5 

-

2 

0
.

2 

9

4 

1

8

0
0 

1
8

0 

8
0

0 

0

.

4
8 

-

1 

0

.

4
7 

3
1 

1

8
0

0 

1

7

0 

9

0

0 

0

.
7

0 

-
2 

0

.
7

3 

6
3 

1

5
0

0 

1

9

0 

7

0

0 

0

.
2

5 

-
2 

0

.
2

3 

9
5 

1

6
5

0 

1

8

0 

8

0

0 

0

.
4

8 

-
1 

0

.
4

9 

3

2 

1
6

5

0 

1

8
0 

8

0
0 

0
.

4

8 

0 

0
.

4

4 

6

4 

1
6

5

0 

1

8
0 

9

0
0 

0
.

4

8 

-

1 

0
.

4

8 

9

6 

1
5

0

0 

1

7
0 

7

0
0 

0
.

7

0 

-

2 

0

.
6 

 * P; Power, V; Cutting Speed, G; Gas Pressure, F; Focal Distance, D; 

Depth of Cut and GD; Groove Depth 

 

 
Fig. 4: ANN Model Development Parametrical Architecture. 

 

 
Fig. 5: Comparison Average Predicting Error between Algorithms LM, 

BFG, SCG and GD. 

 

Step three (3): The next step to optimize the neural network pa-

rameter is decided the transfer function and learning adaption. 

There are three (3) types of transfer function which is Log-

Sigmoid (logsig), Tan-sigmoid (tansig) and Linear (purelin) while 

there are two type of adaption learning function which is gradient 

descent learning (learnGD) and gradient descent with momentum 

learning (learnGDM). However, [12] mention that learnGD is not 

very effective compare to learnGDM. For input layer, logsig and 

tansig transfer function was used while purelin transfer function 

used for output layer. The combination between transfer function 

and learning adaption create four type of transfer function with 

learning adaption which are logsig-purelin with GD, tansig-purelin 

with GD, logsig-purelin with GDM and tansig-purelin with GDM.  

By referring graph in Figure 5, it shows that tansig-purelin with 

GDM has low percentage of average predicting error for all four 

(4) algorithm, means that tansig-purelin with GDM gives signifi-

cant impact to the development of ANN model. This fact also 

supports by [24] where gradient descent with momentum provides 

better data fitting capability 
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Step four (4): The following step to optimize the neural network 

parameter is defining the number of hidden layer. Minimum one 

node and maximum three nodes of hidden layers were setup for 

this model. Based on [8] a few hidden layers may cause a high 

training error due to under-fitting and too many hidden layers may 

cause a high generalization error due to over-fitting. So, in this 

case the optimal numbers of hidden layer are determined by which 

layer that gives less average predicting error and the best configu-

ration was observed with two hidden layers. 

Step five (5): Then the next neural network parameter to be opti-

mized is goal parameter. Goal or known as error goal related to 

both the convergence and accuracy of the ANN model [10]. For 

this optimization model, three goal parameters have been set 

which are goal 0 (default), goal 0.001 and goal 0.0001. The select-

ed goal parameter is based on literature [10]. So the better goal 

parameter is 0.0001 which gives minimum average predicting 

error. 

Step six (6): The last step optimization of neural network parame-

ter is choosing neuron number. Neuron number has an influence in 

the accuracy of the ANN model [10]. Thus, neuron number count 

of 5, 10, 15 and 20 are used to investigate the reliability of the 

proposed ANN model. Thus, in this case, neuron number is cho-

sen thru the above step where 15 number of neuron is selected as 

illustrated in (Figure 5).  

5.2. ANN prediction 

The neural network model has been developed via network type of 

feed-forward back-propagation with architecture 5-15-1 neurons. 

In this model, out of the 96 experimental data in Table 5, 83 data 

were considered for ANN training and the rest were used for ANN 

testing. The selection of data for training and testing was made by 

random method. Figure 6 shows the performance during develop-

ment of model training. The ANN model training performance is 

based on the mean square error (MSE).  

The training curve MSE shows a decreasing trend and this is a 

right training. While for the validation and test curves, it shows 

very similar trend. If the test curve had increased significantly 

before the validation curve increased, then it is possible that some 

over-fitting might have occurred [25]. The training was terminated 

when the validation error increased to 6 epochs, and the best vali-

dation performance was obtained as 0.00184 at epoch 3. 

 

 
Fig. 6: Performance Plot of Groove Depth. 

 

By referring Figure 7, it shows the coefficients of regression. The 

regression plots explain the relationship between the outputs of the 

network and the targets. The dashed line in each plot represents 

the targeted values while the solid line represents the best-fit linear 

regression between the outputs and targets.  

 

 
Fig. 7: Regression Plot of Groove Depth. 

 

A good ANN model define as the value of correlation coefficient 

is maximum while the root mean square error is minimum [8]. 

Based on Figure 7 it was observed that the targeted output regres-

sion for training is 0.98549, validation is 0.95819, and testing is 

0.9379. This means that the model has an exact linear relationship 

between outputs and targets because (R) is close to one.  

The overall result shows that total response is 0.97849 and indi-

rectly indicates that the ANN model output perfectly matches with 

the target. Table 6 shows the comparison between experimental 

and ANN training predicted for groove depth responses. Therefore 

as overall it shows that experimental and ANN predicted data 

training indicates good correlation where the average percentage 

prediction error value is 6.48% which is acceptable based on mod-

elling standard [22]. However, a clear illustration between exper-

imental and ANN predicted data training was shown in Figure 8. 
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Fig. 8: The Comparative Signatures of the Groove Depth. 

6. Conclusion 

Investigation on modified CO2 laser cutting into 3D laser lathing 

has been done successfully. The machining characteristic, effect of 

parameter and significant effect against machining quality are the 

major issues in laser cutting domain. As to improve the parameter 

selection of laser cutting accuracy, an effective flow of ANN 

model selection has been developed in this research to model the 

experiment before come into actual environment. This is for better 

guidelines to produced desired quality machining on various criti-

cal part especially grooving side. In this study, modelling of laser 

cutting using ANN give better depth quality of micro-grooving. 

Results shows that, the optimised ANN model has predicted close-

ly of the response, namely groove depth conducted by modified 

CO2 laser cutting machine. Throughout the modelling predictions, 

there was only one experimental run error is considered highest 

which is 37.50%, while the others are all below 20% of error 

where the calculated average error is found to be 6.48% which is 

much below than expected error about 10%, which often seen as 

acceptable range for modelling of machining processes. The rea-

son being for one exceptional case would probably be due to ex-

perimental/human error in running the experimental. With this, it 

can be concluded that, ANN is very much suitable to model a non-

linear process such as laser cutting machine without any chance of 

deviating away from desired values.  
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