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Summary: Empirical modelling is the most widely used way to model very complex processes, such as, for example, laser assisted milling. This paper starts with a short overview of techniques used in modelling of laser assisted milling up to date. In the second part of the paper a case study and a comparison of different techniques for empirical modelling the actual laser assisted milling process is presented. The impact of four process parameters, including two machining (spindle speed and depth of cut) and two laser (laser power and distance between the laser spot and the cutting tool) on the cutting forces is investigated.
Key words: empirical modelling, laser assisted milling, DOE, artificial neural networks
1. INTRODUCTION
There has been significant progress in the development of predictive models for machining operations in the last few decades. The two stage modelling approach has been generally adopted by researchers, where the first stage aims to predict the fundamental variables, such as stresses, strains, strain-rates, temperatures, etc. These fundamental variables, however, have to be correlated to performance measures such as product quality, surface and subsurface integrity, tool-wear, chip-form/breakability, burr formation, machine stability, etc. in the second stage to be useful to industry [1].
Based on the modelling approach, the predictive models can be clustered into four groups: analytical, numerical, empirical and hybrid models. Table 1 summarizes the capabilities and limitations of each modelling approach. Empirical models are the simplest approach to modelling measurable process variables in very complex processes, being able to directly predict industry-relevant parameters. On the other hand, empirical models are only valid for the range of experimentation and require extensive experimentation, which is time-consuming and costly.
Table 1 Capabilities and limitations of modelling approaches [1]
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Slip-line theory or minimum
energy principle
Predicts cutting forces, chip
geometry, tool-chip contact
length, average stresses, strains,
strain-rates and temperatures
Usually limited to 2-D analysis
with single and multiple cutting
edge, but some 3-D models exist
Ability to develop fast practical
tools

Unique to each machining
problem

Continuum mechanics using
FEM, FDM & meshless FEM
Predicts forces, chip geometry,
stresses, strain, strain-rates and
temperatures

Material model, friction as input,
computational limitations: e.g.,
meshing

Opportunities to connect to
industry-relevant parameters

Long computation time

Curve fitting of experimental
data

Applicable to most machining
operations for measurable
process variables only

Valid only for the range of
experimentation

Practical, fast and direct
estimation ofi ndustry-relevant
parameters

Extensive experimentation,
time-consuming and costly

Combines the strengths of other
approaches

Provides meta-models for a
family of models to be integrated

Limited to the strength of the
base model: i.e., analytical,
numerical, empirical, etc.
Improves the capabilities and
accuracies of the base models

Need for extensive data from
experiments and/or simulations





2. STATE-OF-THE-ART ON MODELLING OF LASER ASSISTED MILLING
Laser assisted milling is a more complex process compared to the conventional cutting processes, the modelling of which is presented in [1]. A review on the research on laser assisted milling is included in [2], in this article some more recent researches on the modelling of laser assisted milling are presented. Wiedenmann et al. [2] presented a novel processing strategy and a simulation based model which aim on the identification of laser and milling parameters for a reliable and economic machining operation. With the assumption that the material is exclusively heated by the laser beam, thus neglecting the heat generated by the cutting operation, the authors constructed a FEM model for predicting the temperature field in the workpiece during the laser assisted milling operation. The authors also validated the process model by examining the cutting forces, the tool wear and the thermal load on the Ti6Al4V workpiece. Changyi et al. [3] presented an analytical cutting force model and a FEM model for laser assisted milling of Ti6Al4V. They validated the models by comparing the simulated temperatures and cutting forces with the published experimental data. Kim et al. [4] proposed empirical models for predicting cutting forces and preheating temperatures in laser assisted milling of two materials, AISI 1045 steel and Inconel 718. In order to select the range of parameters for effective machining conditions the authors performed FEM heat transfer analyses. Verification experiments showed that the empirical models predict the cutting forces of AISI 1045 and Inconel 718 with a maximum error of 6 and 4%, respectively and the preheating temperatures with a maximum error of 0.5 and 1%, respectively.
3. LASER ASSISTED MILLING EXSPERIMENTS
In empirical modelling good experimental data is essential to produce good models. For this reason we designed a series of laser assisted milling experiments using Taguchi's L18 orthogonal array. In this section the experimental setup is presented first, followed by the plan of experiments and the experimental results.
3.1 EXPERIMENTAL SETUP
The concept of the experimental system is shown in Fig. 1. The X40CrMoV5-1 tool steel workpiece with a hardness of 59 HRc was bolted onto a Kistler multi-component dynamometer that was clamped onto the working table of the Mori Seiki Frontier M1 vertical machining center. The used laser source was a 400W YLR-400-AC continuous wave fiber laser from IPG Photonics with a wavelength of 1070 nm and the laser beam diameter of 5 mm. The ZR5220602 carbide tools from WIDIN were used in the experiments and to get more accurate cutting force measurements, one of the two cutting edges was grinded off, resulting in a single cutting edge tool.
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Fig. 1 Concept of the experimental system for laser assisted milling
In the experiments the cutting tool and the laser spot moved relatively to the workpiece in the x direction at a constant feed rate vf (Fig. 2), keeping the distance l between the cutting tool and the laser spot constant. The relations between the measured forces (Fx, Fy and Fz) and the cutting force Fc, the feed force Ff and the back force Fp were determined by calculating the angle ϕ as shown in Fig. 2.
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Fig. 2 Top-view scheme of the laser assisted milling process
3.2 DESIGN OF EXPERIMENTS (DOE) AND EXPERIMENTAL RESULTS
The impact of four parameters on the cutting forces was investigated. The ranges of parameters were determined by solving a simplified heat transfer problem and by taking into consideration the limitations of the machine tool, the cutting tool and the laser source. After determining the ranges of parameters, three levels per parameter were specified (Table 2).
Table 2 Input parameters
	/
	n [min-1]
	ap [mm]
	P [W]
	l [mm]

	Level 1
	-1
	2000
	0.16
	0
	4.5

	Level 2
	0
	4000
	0.22
	180
	9

	Level 3
	+1
	6000
	0.28
	360
	13.5


Depth of cut ap and spindle rotational speed n were investigated from the set of machining parameters, while the radial depth of cut ae was kept constant at 2.5 mm (Fig. 2). For the purposes of cutting forces comparison, the feed per tooth was kept constant at 0.05 mm/tooth, so the feed rate vf was proportional to n. From the set of laser parameters, the impact of laser power P and the distance between the laser spot and the cutting tool l were investigated. The dimensions of the laser spot on the workpiece surface were kept constant, as well as the position of the laser spot in the y direction (Fig. 2).
Table 3 Plan of experiments and measured cutting forces
	Exs. num.
	Input parameters
	Responses

	
	n [min-1]
	ap [mm]
	P [W]
	l [mm]
	Fc [N]
	Ff [N]
	Fp [N]
	Ff2 [N]
	Fr [N]

	1
	2000
	0.16
	360
	4.5
	23.83
	11.19
	12.01
	17.24
	31.77

	2
	6000
	0.22
	0
	4.5
	45.18
	29.02
	31.23
	52.54
	76.01

	3
	6000
	0.16
	180
	4,5
	30.08
	24.01
	29.77
	41.52
	59.29

	4
	4000
	0.28
	360
	4.5
	41.7
	27.01
	20.52
	42.41
	62.92

	5
	4000
	0.22
	180
	4.5
	44.96
	19.38
	27.03
	34.73
	62.91

	6
	2000
	0.28
	0
	4.5
	87.66
	88.08
	136.81
	168
	233.72

	7
	4000
	0.22
	0
	9
	64.72
	92.37
	132.71
	162.71
	219.72

	8
	2000
	0.22
	360
	9
	68.68
	56.93
	99.31
	121.74
	171.46

	9
	2000
	0.28
	180
	9
	85.06
	78.61
	126.76
	154.88
	217.47

	10
	4000
	0.16
	180
	9
	60.76
	83.26
	122.68
	134.19
	191.7

	11
	6000
	0.28
	360
	9
	57.97
	103.18
	137.25
	176.9
	231.28

	12
	6000
	0.16
	0
	9
	34.55
	24.61
	35.24
	43.2
	65.59

	13
	2000
	0.22
	180
	13.5
	87.66
	109.62
	148.94
	185.52
	253.55

	14
	2000
	0.16
	0
	13.5
	75.93
	91.22
	136.27
	154.88
	219.82

	15
	4000
	0.16
	360
	13.5
	86.34
	92.61
	118.46
	144.72
	205.99

	16
	4000
	0.28
	0
	13.5
	101.58
	171.98
	182.41
	272.76
	343.5

	17
	6000
	0.22
	360
	13.5
	79.5
	166.53
	159.39
	224.36
	286.47

	18
	6000
	0.28
	180
	13.5
	85.08
	181.49
	187.53
	267.47
	337.56


To determine the impact of the four parameters on three levels on the cutting forces, a Taguchi’s L18 orthogonal array was produced. Table 3 shows the plan of experiments, which includes the 18 combinations of parameters that represent the 18 experiments (green part) and the measured responses, i.e. the cutting forces shown in Fig. 2 and the combined cutting force Fr, which is the sum of Fx, Fy and Fz (orange part).
4. EMPIRICAL MOLDELLING
In the scope of this article the models for the cutting force Fc and the combined force Fr are presented. For both forces the models are obtained with two different approaches. The first one is linear modelling with ANOVA and the second one are artificial neural networks. Two types of artificial neural networks were used to model the mentioned forces.
4.1 LINEAR MODELLING WITH ANOVA
Starting with the quadratic model and by using the stepwise method for adding or removing terms based on their significance, we obtained the following equations for Fc and Fr:
· Fc = -157.41 + 833.03*ap + 0.3471*P + 14.1*l - 1.306*ap*P - 34.67*ap*l -2.323*10-4*P2
· Fr = -342.56 - 1.7563*10-2*n + 1488.5*ap + 0.39065*P + 49.059*l + 1.1229*10-4*n*P - 4.1718*ap*P – 1.6977*l2
The values of R2 are 0.961 and 0.959 and the values of R2pred are 0.882 and 0.875 for Fc and Fr, respectively. Notice that n was not recognized as a significant factor affecting Fc.
4.2 ARTIFICIAL NEURAL NETWORKS
In order to obtain models for predicting Fc and Fr using artificial neural networks we constructed a Generalized Regression Neural Network (GRNN) and a Radial Basis Function Network (RBFN) for each of the two forces. We trained each network using a range of widths of the Gaussian functions in the hidden layer and chose one GRNN and one RBFN network for each of the modelled forces by the maximum R2pred criteria when using the leave-one-out cross-validation method. The RBFNs were trained by the orthogonal least squares method where the process of adding neurons in the hidden layer of the network was stopped when the Mean Squared Error (MSE) fell under 5% of the Total Sum of Squares.
The obtained values of R2 are 0.994 and 0.995 and the values of R2pred are 0.592 and 0.658 for Fc and Fr, respectively, when using the GRNNs. When using RBFNs the obtained values of R2 are 0.953 and 0.956 and the values of R2pred are 0.796 and 0.780 for Fc and Fr, respectively.
4.3 COMPARISON OF MODELLING TECHNIQUES
The highest value of R2 among the presented models was obtained using GRNNs and it was 0.994 and 0.995 for Fc and Fr, respectively. However, as R2 does not give an estimation of the predicting capabilities of a model, R2pred was chosen as a more important estimate in the model comparison.
Based on the value of R2pred the GRNN models are much worse in predicting both modelled forces than the RBFN models. The difference in the R2pred is 0.2 and 0.12 for predicting Fc and Fr, respectively between the two artificial neural network models. The best results in this comparison, however, were obtained with the linear modelling technique where the value of R2pred is further improved by almost 0.1 when predicting both forces in comparison with the RBFN models with a negligible difference in R2 between the two.
5. CONCLUSION
The results show that both techniques, linear modelling and artificial neural networks, can predict cutting forces in a complex process such as laser assisted milling reliably. When comparing the techniques, linear modelling gives the best results for predicting the cutting force Fc and the combined force Fr, but other improvements could be done in both modelling techniques, for example adding some cubic factors to the linear models or choosing a different structure of the artificial neural network models, etc.
The proposed models could be used in a cutting force optimisation process, but within the range of experimentation. More importantly, the techniques, presented in this paper can be used in empirical modelling of industry relevant performance measures such as product quality or tool-wear and be used for process planning purposes.
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