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The monitoring of machine-tools implicated in the metal cutting process is the subject of increasing developments because of demands on control, reliability, availability of machine-tools and on the work-piece quality. The use of computers contributes to a better machine and process monitoring by enabling the implementation of complex algorithms for control, monitoring .... The nonlinear behavior of the main components of the machine-tools: the feeddrives and the spindles, makes the estimation of their fault sensitive physical parameters, difficult to do accurately, As the Artificial Neural Networks (ANNs) are able to model nonlinear process, they might be able to model a parameter estimator. We hope to estimate the physical parameters of feed-drives or spindles by a neural estimator. But before trying this, we have tested the ability of ANNs to estimate the physical parameters of a simple system: a DC motor. The results of this test are presented here.

Introduction

There are increasing demands on accurate controls, reliability and availability of the machine-tools that have to produce work-pieces with an always better quality. Thus, the improvements on supervision and monitoring as part of the overall control process are getting a major interest (indeed, their feed-drives and spindles are directly implicated into the quality of the metal removal process they drive). Therefore, it becomes obvious to deliver to different functions or activities (like scheduling, maintenance, adaptive controls, diagnosis,...) the knowledge of the current state of the machine and so, of its main components: the feed-drives and the spindles.

Detecting faults and diagnosing them can be realized by monitoring and so by estimating different physical parameters of feed-drives or spindles. But the behavior of these components is nonlinear due to the backlashes, the elasticity of the ball screw,... As the Artificial Neural Networks (ANNs) are able to model nonlinear process, they might be able to model a parameter estimator. We hope to estimate the physical parameters of feed-drives or spindles and even the ones that induce nonlinearities by the means of a neural estimator. But before building such an estimator, the ability of ANNs to estimate directly physical parameters have been tested on a simple system: a DC motor. The results of this test are presented in this paper.

We firstly give the mathematical model of an unloaded DC motor and the set of hypothesis we have done. Then we present the kind of ANNs and the learning strategy we have used. Eventually, we give and discuss the results before concluding.

DC motor model

The relationships between the variables and the parameters of a DC motor are the following ones:
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where the instantaneous variables are u the tension, e the counter electromotive force, i the induced current, Tm the electromotive torque, Tt the load torque and V the revolution speed and the parameters are R the resistance of the induced circuit, L the inductance, Jm the rotor inertia, f the viscous friction coefficient, Ke the electromotive constant and Kt the torque constant.

As a DC motor in a machine-tool is driven by an electric convertor that delivers the tension u we consider the DC motor we study driven the same way by a perfect tension generator. We also assume that the motor is unloaded (7} = 0). These hypothesis correspond to block diagram, shown in Fig. 1 we have implemented in the simulation tool MATLAB-SIMULINKTM: We assume that dm is constant (the rotor mass does not vary in time). If the same unit system is used for K~ and Kt, then Ke = Kt = K. Therefore, considering the assumptions we have done, there are four parameters to identify: R, L, K and f.

We will now present an ANN that is able to estimate these four previous parameters.

An approach for neural parameter estimation

Estimating the parameters of systems or processes are often used for monitoring and control, when the parameters are variables. Many techniques, which use regression algorithms and, when it is necessary, methods to build linear models of the systems or processes, are described in [START_REF] Goodwin | Adaptive filtering prediction and control[END_REF][START_REF] Ljung | System identification theory for the user[END_REF]. Among them, the most well-known one is certainly the recursive least squares algorithm. The parameter estimation of a DC motor have already been adopted by Coirault & al. in [ 3 ] in the aim of diagnosing it. The used method is based on a partial time moments modeling of the motor, a recursive least squares algorithm and binary sequential tests of hypothesis (test of Wald and test of Page-Hinkley). They identify its inductance, its resistance, its inertia and its torque constant. It also needs a set of hypothesis about the load torque. Two other methods for parameter estimation of a DC motor are developed by Touhami & al. in [START_REF] Touhami | Parameter identification of electrical machines[END_REF]. They use ARX (Auto Regressive eXternal input) and instrumental variable structure models for a DC motor. These identifications based on frequency responses enable to measure more parameters than by any other test.

Other less classical techniques that use ANNs have also been adopted by authors in order to control a nonlinear and/or complex system or to detect faults. The approach that they have adopted, shown in Fig. 2, uses a feed forward ANN trained with a backpropagation algorithms to model the systems [START_REF] Karsai | Neural network methods for the modeling and control of welding processes[END_REF][START_REF] Upadhyaya | Application of neural networks for sensor validation and plant monitoring[END_REF]. Norgaard & al. in [START_REF] Norgaard | Intelligent predictive control of non linear processes using neural networks[END_REF] have developed an estimation method that uses the same modeling strategy as the one shown in Fig. 2 to model the system. The neural network, which is always in learning stage, is then linearized and the parameters appear in the transfer function (the zeros and poles) of the system. The difficulty is then to link the parameters of the obtained transfer function to the physical parameters.

We will now present a method that gives directly the physical parameters.

Design of the neural parameter estimator of a DC motor

Assuming that the model described by the relationships (1) to (4) represents the real behavior of the physical motor (this is validated by comparing its variables with experimental variables), changes into its behavior can be considered as changes of its parameters (R, L, K and f) values. Therefore, an ANN with inputs made of variables of the system might deliver the values of its parameters. We exploit the transit period of an unloaded permanent magnet DC motor excited by a step tension. Then we change the parameters R, L, K and f in the model described in Fig. 1, and store their values in a vector. For several steps of tension the parameters are changed and the values of the revolution speed V(t) and of the induced current i(t) are stored at chosen moments (for which their values are significant enough to discriminate the different values of the parameters) after the step of tension. Identifying a system requires the measurements of its inputs and outputs. As we only deliver the same stepping tension u(t) (0 Volt as low value and 50 Volts as step value) considered as the input, we do not measure it, that gives the scheme of Fig. 3. The estimation of the parameters is made only once per step. The ANN has a feed-forward design and is made of three layers. The hidden layer is made of 16 logsimoid neurons and the output layer of four linear neuron. The ANN was trained with the Levenberg-Marquardt back-propagation algorithm with # = 0.001, /zi,~ = 10.#, #d~ = 0.1.#. Here, the ANN is a model of the estimation and not a model of the system; therefore it does not need to be dynamic even if the model is. Indeed, as changes into the system are assumed to be changes into the values of its physical parameters, estimating them is always the same function whatever their values are in the range of the learning stage.

Results

We have taken the nominal parameters ( R = 0.1~2, L = 0.59mH, K = 0.64 N.ra/A, f = 4.18E -3N.m.s, Jm = 46E -3kg.m 2) of a DC motor used in feed-drives (CEM T7F3B-1). We have then taken a set of 4 values for each parameter in their variation ranges ( R between 0.1 and 0.4f~; L between 0.4 and 0.8mH; K between 0.1 and 0.9N.m/A, f between 4E -3 and 64E -3N.m.s) in order to create a set of 256 samples for which we have stored the values of V(t) at 0.01s, 0.025s and 0.09s after the tension step and i(t) at 5ms,7ms, 9ms and 90ms after the tension step. The three first instants for measurement of i have been chosen in the range of variation of r~ -----~ while i is raising in order to estimate L and/~ because at those instants i is very sensitive to variations of L and R, the two first instants for measurement of V have been chosen in the range of variation of rm = "~ while V is raising in order to estimate f because at those instants V is very sensitive to variations of f, the last instants for measurements of i and V have been chosen at a time for which a steady stage has been reach to estimate K. The ANN was trained since its mean accuracy reached 1%. This has required 1,416 epochs after the weights and biases were set with random values. The minimum accuracy on R, L and K obtained for variables corresponding to parameters that have not been used to train the ANN is less than 1% of the real value. But the accuracy on f is worse (about 30% of the real value when it is less than 1E -2N.m.s and better for higher values). This is due to fact that in a DC motor changes on the viscous friction do not significantly affect its behavior because of its low values for an unloaded motor. Indeed, f is often neglected when DC motor are mathematically modeled. The network has also been tested with 162 samples that have not been used for training in which measurement errors of 1% have been introduced. The obtained features of the accuracies are shown in 
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Discussion

The estimation could be done in a more continuous way by the means of sliding windows. The training of the network should then be done considering this fact. Other feed-forward ANNs have been tested (with 24 or 32 logsigmoid or tansigmoid neurons in the hidden layer) but their accuracy for values that have not been used for learning was not as good as the one with 16 logsigmoid neurons. With less than 16 neurons in the hidden layer the network did not converge.

Here we have modeled a perfect system without any disturbance and with only a white noise in the measurements, but disturbances and noises can be taken into account in the model. The filters have then to be introduced too.

We hope to use this method to estimate the parameters of a whole feed-drive for each high speed motion and even the ones that generates nonlinearities like backlash. Indeed, we have mathematical models of the different parts that constitute a feed-drive. We hope to estimate the previous motor parameters, the backlashes, the dry friction torque, the viscous friction coefficient .... in order to design an intelligent feed-drive monitor. Indeed, when a CNC order a high motion speed to a feed-drive, a step of the reference speed which has always the same absolute value is delivered. We could then estimate its parameters, as it is the case for the example of the unloaded DC motor. The estimated parameters could then be delivered in few fractions of second after the step and then be used for fault detection, isolation and diagnosis.

Conclusion

This paper shows that the estimation of parameters can directly be done by the means of an ANN if a mathematical model of the system is known. Noises and disturbances as well as the filters used to treat the measurements must be taken into account, in order to have the most realistic model as possible. The training stage can then be done off-line by simulation and the physical parameters of the model of the system can be changed easily and like the user want. This enable the simulation of abnormal situations without risking to damage the real system. This also shorten the training stage. The physical parameters are directly estimated by the network and, therefore, do not have to be interpreted.
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