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1. Introduction  

Machining is a complex process involving very large strains and strain-rates, which cause 
large temperature increase. Since most process variables are diff icult to measure, analytical and 
numerical modelli ng of chip formation are versatile and reliable approaches to obtain local 
information on some variables on the workpiece and the cutting tool [1].  

Recently, artificial neural networks (ANN) have been used to simulate cutting, since this 
technique is fairly robust and frequently converges to the desired solution. The main drawback of 
ANN the need of large data points for training and validation. [2] Using results obtained from 
validated numerical models to train the network, diminishes the experimental work significantly. 
Finite element analysis has played an important role in simulating and understanding the metal 
cutting process by having an insight look at what is going on during cutting, which is hard to 
achieve by experimental or analytical methods.  

The aim of this paper is to simulate cutting with a radial basis function network (RBFN). 
This is not commonly used in cutting simulation, although it has some advantages when compared 
with multilayer perceptron (MLP) neural networks. The neural network is trained with results 
obtained from numerical model, mainly cutting forces and shear angle. This work presents briefly 
the numerical model used in the generation of data, the characteristics of the ANN approach and its 
training and validation. Results showed the abilit y of the neural network to predict accurately 
cutting parameters. 

2. Numerical model  

A plane strain A.L.E. model was developed in ABAQUS/Explicit. A thermo-mechanical 
coupled analysis was developed, with CPE4RT element type (see ABAQUS manual). These are 
plane strain, quadrilateral, linearly interpolated, and thermall y coupled elements with automatic 
hourglass control and reduced integration, for A.L.E. formulation. The workpiece material was 
modelled using the Johnson-Cook (JC) constitutive model. The physical properties and the 
constants of the JC model for the work-piece material (AISI 316L) and the properties of tool 
material (Kennametal K313) have been found in recent work in literature [3]. The tool is fixed and 
the cutting speed is applied to the workpiece. Cutting takes place in plane strain conditions and 
continuous chip formation are assumed. Details of the A.L.E. model are shown in [4]. 

3. Neural network 

Simulation of cutting processes is mostly achieved with multilayer perceptron (MLP) neural 
networks. However, MLP networks suffer from local minima problems and long computation time. 
The radial basis function network (RBFN) is an alternative network that has been reported to be 
faster and at times more accurate, as compared to a MLP neural network [5].  

RBFN is a feed-forward network that is often used as a multidimensional interpolation 
technique. A RBFN is a local network whereas the MLP performs a global mapping. The basic 
architecture of the RBFN has three layers. The input layer composed of the vector of input 
variables. The hidden layer transforms the data from the input space by applying a non-linear 
function. Frequently, a Gaussian function is used. Finall y, the output layer that applies a linear 
combination of the hidden layer outputs.  

A common learning strategy for RBFN is the hybrid learning. However, this procedure has 
an important drawback because the radial basis centers are arbitrary selected. Here, the orthogonal 

http://rcin.org.pl



36th Solid Mechanics Conference, Gdańsk, Sept. 9–12, 2008 71

least square (OLS) algorithm will  be used as learning method (see, [6]). This algorithm allows 
selecting a suitable center from a large set of candidates. The learning and validation steps will  be 
performed by using a cross-validation (CV) technique. This technique allows selecting the best 
model when the amount of data is limited. The CV is a method for estimating a generalization error 
based on resampling. In CV the data set is split into two parts. The first part is denoted as training 
set and is used to fitting the model. The second part is denoted as validation set and is used to 
measure how well  the model fits this new data, that is, to compute the prediction error. The best 
model is the one with the smallest average prediction error, computed based on all  (or some) 
different ways of data splitting. Different types of CV have been proposed in the literature. In this 
work, the Monte Carlo cross-validation (MCCV) proposed by [7], is used.  

4. Results 

The input variables of the model are the rake angle 1X  and the friction coeff icient, 2X . The 
output variables are the cutting force, 1Y , thrust force, 2Y  and shear angle, 3Y . The values of the 
input variables are 1 6 0 6 8X , , ,= −  and 2 0 0 5 0 1 0 4X , . , . ,..., .= . A set of 30n =  multivariate observations 
are used. From this set, a sample of 5vn =  is extracted to be used as validation subset. Then, the 
learning subset has 25ln =  observations. For each candidate model, a total of 10000B =  subsets of 

vn  are randomly extracted. The OLS method is used as learning algorithm.  
The results obtained shows that the best model is a RBFN with 4 hidden units. The total 

average mean square error using the validation subsets is 0 0011MSE .= . The average mean square 
error for each predicted variable is: 1 0 0026MSE(Y ) .= , 2 0 0006MSE(Y ) .=  and 3 0 0002MSE(Y ) .= .  
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