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1. Introduction

Madhining is a complex processinvolving very large strains and strain-rates, which cause
large temperature increase. Since mog process variables are difficult to measure, anayticd and
numericd moddling of chip formation are versatile and reliable approades to obtain locd
information on ®me variables on the workpieceand the cutting tool [1].

Recently, artificia neural networks (ANN) have been used to simulate cutting, since this
techniqueis fairly robug and frequently converges to the desired solution. The main drawbad of
ANN the ned of large daa points for training and vaidation. [2] Using results obtained from
validaed numericd modds to train the nework, diminishes the experimental work significantly.
Finite element andysis has played an important role in simulating and undestanding the metal
cutting process by having an indght look at wha is going on during cutting, which is hard to
achieve by experimental or andyticd methods

The aim of this paper is to ssimulate cutting with a radia basis fundion network (RBFN).
This is not comnmonly used in cutting simulation, althoughit has some advantages when compared
with multilayer perceptron (MLP) neural neworks. The neural network is trained with results
obtained from numericd modd, mainly cutting forces and shea ange. This work presents briefly
thenumericd modd used in the generation of daa, the charaderistics of the ANN approad and its
training and validation. Results showed the ability of the neural network to predict acarrately
cutting paameters.

2. Numerical model

A plane strain A.L.E. modd was developed in ABAQUS/Explicit. A thermo-mechanicd
coupled anaysis was developed, with CPEART element type (see ABAQUS manud). These are
plane strain, quadrilateral, linealy interpolated, and themally coupled elements with automatic
houmglass control and reducel integration, for A.L.E. formulation. The workpiece material was
moddled usng the John®n-Cook (JC) conditutive modd. The physicd propeaties and the
condants of the JC modd for the work-piece material (AISI 316L) and the propaties of tool
material (Kennametal K313) have been foundin recent work in literature [3]. Thetool is fixed and
the cutting speel is applied to the workpiece Cutting takes placein plane strain conditions and
continuouschip formation ae assumed. Detail s of the A.L.E. modd are shown in [4].

3. Neural network

Simulation of cutting processes is mogly adieved with multilayer perceptron (MLP) neural
networks. However, MLP networks suffer from locd minima problems and long computation time.
The radia basis fundion ngwork (RBFN) is an aternaive network tha has been reported to be
faster and at times more acaurate, as compared to aMLP nairal nework [5].

RBFN is a feal-forward nework that is often used as a multidimensond interpolation
technigue A RBFN is a locd network whereas the MLP performs a globd mapping. The basic
architedure of the RBFN has three layers. The input layer composed of the vedor of input
variables. The hidden layer trandorms the daa from the input spaceby applying a nondinea
fundion. Frequently, a Gaussan fundion is used. Findly, the output layer that applies a linea
combination of the hidden layer outputs.

A comnon leaning strategy for RBFN is the hybrid leaning. However, this procedure has
an important drawbadk because theradia basis centers are arbitrary seleded. Here, the orthogoné
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least square (OLS) agorithm will be used as leaning method (see [6]). This agorithm all ows
seleding a suitable center from a large set of candidates. The leaning and validation steps will be
peformed by usng a crossvdidaion (CV) technique. This technique alows seleding the best
modd when theamountof datais limited. The CV is a methodfor estimating a generali zaion error
based on resampling. In CV thedaa set is split into two parts. Thefirst part is denoted as training
set and is used to fitting the modd. The second pat is denoted as validaion set and is used to
measure how well the modd fits this new daa, tha is, to compute the prediction error. The best
modd is the one with the smallest average prediction error, computed based on &l (or some)
different ways of daa splitting. Different types of CV have been propod in theliterature. In this
work, the Monte Carlo cossvalidaion (MCCV) proposed by[7], is used.

4. Results

Theinputvariables of the modd are the rake angle X; and thefriction codficient, X,. The
output variables are the cutting force Y;, thrug force Y, and shea ande, Y;. The vaues of the
inputvariables are X; =-6,0,6,8 and X, =0,0.5,0.1,...,0.4. A set of n=30 multivariate observations
are used. From this set, a sample of n, =5 is extraded to be used as validaion subst. Then, the
leaning subset has n, =25 observations For eat candidate modd, atotal of B =10000 sub<ts of
n, arerandomly extraded. The OLS method s used as leaning dgorithm.

The results obtained shows tha the best modd is a RBFN with 4 hidden units. The total

average mean squae error usng the validaion subsets is MSE =0.0011. The average mean squae
error for ea predicted variableis: MSE(Y; ) =0.0026, MSE(Y, ) =0.0006 and MSE(Y;) =0.0002.
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