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Summary: This paper shows the general properties of laser cladding that have recently added new possibilities for the local surface repairing of metal mechanical elements. Despite the fact that the technology for laser cladding is highly developed any obtained surface roughness cannot not be predicted and usually additional grinding or milling process are needed to obtain the required surface roughness. Bad surface roughness is undesirable and additional machining is needed for improving surface quality. Milling was chosen in order to improve roughness. The basic idea of the research was to measure the cutting forces under different cutting conditions and produce a model that would be able to predict cutting forces by milling layers of functionally graded material at different cutting parameters. The first basic prediction model was obtained by measuring the cutting forces in the three main directions of the coordinate system by milling clad layer and changing the cutting parameters.
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1. INTRODUCTION
Laser cladding of metallic materials (powders) has recently allowed us to repair damaged tool parts and also manufacture complex machine parts. The only problem of machines for laser cladding is their repeatability, optimal choices of operating parameters, and re-machining of the cladded surface which is quite rough and often unacceptable for the final product. Capello et al. [1] and Brandt et al. [4] presented the usefulness of laser cladding on real problems throughout industry. They were repaired broken turbine blades and had the same problems with the repeatability of laser cladding machines as we have.
After reviewing significant literature, it was discovered that to date no one has dealt with the surface roughness and re-machining (grinding or milling) arena after laser cladding. So far model for prediction of final surface roughness of workpiece after laser cladding hasn’t been developed jet. That is why we at the Faculty of Mechanical Engineering in Maribor started doing research into finding any connections between the optimal parameters of the machine for laser cladding, the resulting surface roughness according to specific machine parameters (laser power, the amount of metal powder) and the cutting forces regarding the milling process (re-machining).
2. LASER CLADDING
Laser cladding [1, 2] is the process of accumulating material in the form of powder or in the form of a wire to the base material by using a laser. The purpose of such manufacturing technologies is to coat a particular part of the base material (substrate) or create a shape close to the final form (repair of the engraving regarding the tool). 

The process is often used to radically improve the overall mechanical properties, increase corrosion resistance and repair worn parts and engravings [3, 4] or for producing metal composites [5]. During the process of laser cladding, commercially known as LENS (Eng. Laser Engineered Net Shaping) lasers with high power (500 W to 4 kW) are used. Lasers are used to melt metal powders and combine them within a three-dimensional structure. The powder used during the laser cladding is usually metallic and is injected through a nozzle. The interaction between the added metal powder, the basic material and the laser beam is called the "melting zone". An example of the clad layers loaded on the base materials is shown in Fig. 1.

Molten added metal then adheres to the base material, the movement of the base material allows the melt to cool down, and thereby a part or track of welded metal arises.
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Fig. 1 A sample of laser cladding layers
The aim of the research was to build a database that would store all the optimal parameters of the final product and which would give us predicted data on the basis of forecasts by using the artificial methods for every repair with laser cladding of the new piece using the totally new geometry (as shown in Fig. 2). This database would help us by choosing a proper filler material, by setting optimal laser-cladding parameters and, of course, the resulting surface roughness after the laser-cladding process. Very good surface quality, which would not require a lot of re-machining (grinding and milling), could be achieved by considering all those recommendations achieved in the previous samples.
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Fig. 2 Simplified model linking the laser cladding machine and reaching with milling process

3. MILLING FUNCTIONALLY-GRADED MATERIAL 
The milling of the work-pieces made of graded material was done on a Heller BEA 01 CNC milling machine. Material 42CrMo4 (hardness 23 HRC) was used as the basic material (Fig. 1), whilst the mixture of the basic material and deposit material 316L (hardness 65 HRC) was used for creating the graded layer which was 2.5 mm thick.

The cutting parameters used during the experiment were: spindle speed n = 3000 to 4000 rpm, feed rate f = 200 to 1200 mm/min and cutting depth ap = 0.5 mm. Examples of the measured cutting forces Fx, Fy and Fz by milling the graded material are shown in Table 1.

Table 1 Measured maximum and minimum forces in X, Y and Z directions by milling of graded material by cutting depth 0.5 mm
	Revolutions n [min-1]
	Feed f [mm/min]
	Fx max [N]
	Fx min [N]
	Fy max [N]
	Fy min [N]
	Fz max [N]
	Fz min [N]

	3000
	200
	205.40
	-450.90
	577.20
	-1236.40
	344.50
	-288.20

	3000
	400
	302.80
	-495.70
	672.60
	1381.40
	439.60
	-433.10

	3000
	800
	430.60
	-740.90
	800.20
	-1626.50
	567.50
	-678.40

	3500
	200
	265.70
	-31330
	790.90
	-995.90
	459.70
	-284.10

	3500
	400
	360.30
	-458.10
	971.70
	-1184.80
	531.90
	-351.70

	3500
	800
	488.80
	-703.30
	1138.80
	-1540.90
	590.40
	-442.50

	3500
	1000
	463.20
	-712.80
	1152.90
	-1689.40
	626.80
	-434.20

	4000
	200
	429.10
	-564.80
	1089.60
	-1448.90
	509.90
	-299.20

	4000
	400
	606.10
	-644.40
	1482.80
	-1698.30
	590.20
	-428.90

	4000
	800
	849.10
	-895.40
	1861.60
	-1997.70
	657.70
	-605.80

	4000
	1000
	805.50
	-844.60
	1824.70
	-2122.60
	695.50
	-578.90

	4000
	1200
	947.30
	-1092.50
	2101.60
	-2457.30
	885.20
	-700.20


The cutting forces were measured using the system shown in Fig. 3. The main parts of the cutting force measuring system are: CNC machine with CNC controller, dynamometer, charge amplifier, data acquisition, software for optimization.
[image: image5.png]CNC CNC
controller machine

| i

| Dynamometer | (W??f

Optimization of
cutting process

)
\
Measured "
forc:s | Data acquisition| [Charge amplifier]|

Fx, Fy, Fz





Fig. 3 Cutting force measuring system
In our experiment, the more commonly used technique of the feed-forward back-propagation neural network was adapted for predicting the cutting forces during the milling operation. It consisted of an input layer (where the inputs of the problem were received), hidden layers (where the relationships between the inputs and outputs were determined) and an output layer (which emitted the output of the problem).

The input parameters for the neural network were depth of cut (ap) and feed-rate (f). The input parameters influenced most on the sizes of the cutting forces in all three directions of the coordinated system, which were the output parameters of ANN.

Table 2 Absolute average cutting forces in X, Y and Z directions by the milling of graded material 
	Nr.
	Revolutions n [min-1]
	Feed f [mm/min]
	Depth of cut ap [mm]
	Fx [N]
	Fy [N]
	Fz [N]

	1
	3000
	200
	0.5
	328.15
	906.80
	316.35

	2
	3000
	400
	
	399.25
	1027.00
	436.35

	3
	3000
	800
	
	585.75
	1213.35
	622.95

	4
	3500
	200
	0.5
	289.50
	893.40
	371.90

	5
	3500
	400
	
	409.20
	1078.25
	441.80

	6
	3500
	800
	
	596.05
	1339.85
	516.45

	7
	4000
	200
	0.5
	496.95
	1269.25
	404.55

	8
	4000
	400
	
	625.25
	1590.55
	509.55

	9
	4000
	800
	
	872.25
	1929.65
	631.75


Cutting forces when milling the layers of graded material were measured in both the positive and negative directions. The measured negative values of the cutting forces only had opposite orientation within the space of the relatively assumed coordinate system. It was necessary to take both data for each direction of the coordinate system (X, Y and Z).
The best results having smaller errors of predicted cutting forces by milling the graded material (layer) were achieved by the neural network with 2 hidden layers. The input components (input layer) of the neural network were depth of cut ap and milling feed f and the output components were cutting forces Fx, Fy and Fz. Between the input and the output of the neural network were 2 hidden layers with 6 and 3 neurons.
Table 3 Predicted cutting forces in X, Y and Z directions by milling layer of functionally-graded material by the usage of ANN

	Nr.
	Revolutions n [min-1]
	Feed f [mm/min]
	Predicted forces

	
	
	
	Fx [N]
	Fy [N]
	Fz [N]

	1
	3000
	200
	351.65
	819.29
	339.73

	2
	3000
	400
	377.37
	1044.05
	475.36

	3
	3000
	800
	594.01
	1260.55
	673.16

	4
	3500
	200
	309.48
	961.48
	340.47

	5
	3500
	400
	416.07
	1101.86
	476.92

	6
	3500
	800
	651.36
	1243.78
	564.79

	7
	4000
	200
	471.85
	1353.27
	432.30

	8
	4000
	400
	680.83
	1714.77
	560.00

	9
	4000
	800
	874.87
	1892.99
	644.64


The training results of ANN for predicting cutting forces in the main directions of the coordinate system are shown in Table 3. The maximum learning error of the neural network was less than 10 %, which is acceptable for our further work and for predicting new results. Error in % between measured and predicted cutting forces by ANN usage are shown in Table 4.
Table 4 Error in % between measured and predicted cutting forces by ANN usage
	Nr.
	Revolutions n [min-1]
	Feed f [mm/min]
	Error Fx [%]
	Error Fy [%]
	Error Fz [%]

	1
	3000
	200
	7.16
	-9.65
	7.39

	2
	3000
	400
	-5.48
	1.66
	8.94

	3
	3000
	800
	1.41
	3.89
	8.06

	4
	3500
	200
	6.90
	7.62
	-8.45

	5
	3500
	400
	1.68
	2.19
	7.95

	6
	3500
	800
	9.28
	-7.17
	9.36

	7
	4000
	200
	-5.05
	6.62
	6.86

	8
	4000
	400
	8.89
	7.81
	9.90

	9
	4000
	800
	0.30
	-1.90
	2.04


4. CONCLUSION
This paper only presents those first obtained results that would serve us for further database construction. The further idea was that all the influential factors would be in the pre-built database that would be obtained on the bases of the experiments. In any case, the test would continue in the direction of optimising the quality of the resulting graded material and surface roughness in the direction of minimising the re-machining processes (milling or grinding) and for minimising additional costs. The first results of milling very hard material such as graded material showed us that the machining of such materials is possible. 

The idea is to establish a direct connection between laser cladding, properties of layers of graded material (roughness) and re-machining of it with milling, where the cutting forces were measured, was fully realized. 

The first results of the values of several parameters were satisfactorily predicted as a model for the prediction by using neural networks.

The results of the prediction of cutting forces in post-processing are favourable. The errors between predicted and measured cutting forces by milling at different conditions (cutting speed, feed-rate, cutting depth) of graded material (layers) were less than 10 %. Next step is to find better prediction model, which will give us predicted results with smaller error. To achieve stated goal, also genetic algorithms and new algorithms of neural networks will be used. This is a very reliable prediction for the planned cutting force that will allows us to operate the machine within safer areas. 

In the future we would like to upgrade our database, add some new basic and deposited materials, find more combinations of graded material and as a main priority to find the best parameters for the laser-cladding machine, which would provide very good surface roughness and no additional re-machining would be required. For such a prediction we will continue using neural networks but with the idea of also including genetic algorithms. 
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