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ABSTRACT. Among the techniques that aim at improving the accuracy of machine tools, some deal with trajectory shortcoming prediction. Places where abrupt changes of direction and/or interpolations occur are zones for which the errors of trajectory are the most important. In these places, the shortcomings are due to the control laws of the drives that cannot instantaneously stop the table movement because of the effect of inertia and of the physical parameters of the feed-drives. Indeed, these parameters vary in time because of temperature, wear… and, of course, do not stay at their nominal values for which their control laws have been determined. Here, we present an approach enabling the prediction of the shortcomings from the identification of the models of the feed-drives and the reference trajectories. The predicted errors between the estimated trajectories and the reference ones can then be used in order to reduce drifts.
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Introduction Several sources of scattering affect the cutting operations driven by NC machine tools. Some of them are directly due to the machine itself [DES 97]. Among them, there are the control laws and the drifts of the physical parameters of the feed-drives due to heating, wear… Indeed, the controls of the feed-drives are designed for the nominal values of the physical parameters of each one. Because of heating, wear and ageing in general, the values of these parameters change with time and the accuracy provided by the control of the drive decreases. Thus, the accuracy of the obtained shapes on the machined parts also decrease. The consequences can then be the obtaining of parts whose shapes do not respond to the specifications. The proposed technique to reduce the effect of the drifts of the physical parameters consists in estimating them from the continuous time model of each feed-drive. As, this model might not behave as the physical drive because phenomena that are not taken into account in it happen like backlashes; each model with their estimated parameters must be validated. Some functional constraints require that the identification of the drives has to be done out of the cutting operations. So, we present when and how this parameter estimation can be done and the consequences of these choices. Experimental results of the identification and of the model validation obtained on one feed-drive of a high-speed machining centre are presented. Knowing the model, the control law of each feed-drive and the reference trajectories calculated by the numerical controller from the work-piece program. One can predict the trajectory errors. These errors can then be used in order to create an additional signal on the position references, in order to correct the predicted shortcomings. One way of correcting them has been tested. This method gives quite good results. The final results for shortcoming prediction and correction that are presented are based on simulations. Indeed, simulations enable to highlight the effects of the parameter drifts on trajectory errors because these effects could be masked by other sources of inaccuracy (backlashes, ball screw step error…) on physical machine tools. An other difficulty relative to this kind of experiences led on machine tools consists in the way of generating the parameter drifts without risking to damage the machine. 1. Feed-drive modelling Feed-drives of NC machine tools are generally made of regulators, one DC motors with permanent magnets, one speed reducer, one ball screw and nut system and a sliding guided table. Most of the feed-drives are controlled with three overlapped feedback loops as shown in Figure 1 where RP, RS, RC are the position, speed and



current regulators. The position measured is usually the table one whereas the measured speed is the motor shaft one because it is equipped with a tachometer. External efforts
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Figure 1. Feed-drive control loops The numerical controller calculates the reference position from the work-piece program for every drive. The physical laws that describes the behaviours of the feed-drives are the following: For the electrical part: u (t ) − K .ω (t ) = L.



di(t ) + R.i (t ) dt



[1]



For the electromechanical part: K .i (t ) − Tl (t ) = J t .



dω ( t ) + f t .ω (t ) + C d .sign(ω (t )) dt



[2]



where the variables are: u(t): the tension applied to the DC motor, i(t): the induced current in the DC motor, ω(t): the revolution speed of the DC motor, Tl(t): the load torque, K: the torque constant and the physical parameters are: L: the inductance, R: the electric resistance, Jt: the total inertia considered on the motor shaft, ft: the total viscous friction coefficient considered on the motor shaft, Cd: the total dry friction torque considered on the motor shaft, Both relationships [1] and [2] and the regulations, described in Figure 1, constitute the model of a DC motor feed-drive. The load torque Tl depends on the cutting force and the inertia Jt depends on the mass of the fixture put on the table.



2. Identification of a feed-drive model Identifying a system consists in determining a model structure of it, which is done in the previous section, and in estimating the parameters of this model. The estimation of the parameters requires the measurements of the variables but in this case the load torque cannot be measure. 2.1. Problem of the load torque The load torque on the motor shaft is quite never measured on NC machine tools. This measurement requires specific and expensive sensors (like piezometric force sensor) that are rarely used for the control of machine tools. In order to avoid the measuring of the load torque, the estimation of the physical parameters must be done while the drive move and while there is no machining process. Such situations are seldom but the high-speed displacements, which are ordered by the G0 function in ISO code, are always ordered while there is no machining process. As there is no cutting process, Tl is constant and equal to zero. Therefore, one can conclude that the high-speed displacements usually ordered for tool exchanges are the stage during which the physical parameters of the feed-drives could be estimated. This estimation, processed at every tool exchange at least, can be considered sufficient. Indeed, most of the problems encountered on a machine tool that affect the physical parameters of the feed-drives are progressive (heating, wear, lubricating oil ageing, corrosion…). These phenomena generate drifts on the physical parameter values that are not significant at the time scale of a machining operation. Therefore, one can assume that the parameters are constant during a whole cutting operation. 2.2. Physical parameter estimation Here, we only consider, in the model described in section 1, the part of it made of the relationships [1] and [2]. Indeed, the parameters of the regulators do not drift if it is a numerical regulator (like RP) and rarely change significantly for analogical ones. As the model involved in the identification contains derivatives, an appropriated technique should be adopted. Among the suitable methods, let us point out two of them: the reinitialised partial time moments [COI 93] and a continuous-time ARX model based on derivative approximation [SOD 97]. After testing and comparing the results obtained with both methods [DES 99], we observed that the method based on derivative approximation gave more accurate estimated parameters with least square estimator given in the following relationship:
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[3]



where [θˆ] is the vector of the estimated parameters, [φ ] is the vector of the inputs and state variables and [ y ] the vector of the out put variables. Four derivative approximation operators have also been tested. The one that gave the most accurate estimation of the physical parameters is the zero forcing #1:



1 Dx(t ) = .(0.2047x(t + h) + 0.886x(t ) − 1.386x(t − h) + 0.2953x(t − 2h) ) [4] h where x is a continuous variable and h the sampling period. With this operator, the relationships [1] and [2] become: u (t ) = LDi (t ) + Ri (t ) + Kω (t )



[5]



and i (t ) =



Jt f C Dω (t ) + t ω (t ) + d K K K



[6]



[5] and [6] can be considered as two submodels from which the parameters can be estimated separately using [3]. They can also be written the following way according to [3]: [ y ] = [φ ] × [θ ]



[7]



From [5], one can estimate L, R and K. From [6] and knowing K, one can estimate Jt, ft and Cd. The acquisition of the measurements of speed, current and tension starts since the high-speed displacement of the drive is ordered. The horizon of the acquisition must contain the acceleration stage and the stage at which the table is displaced at the maximum speed in order to obtain accurate estimation of the parameters of the relationship [6]. Speed and current signals are already measured and the output of the sensors can be used for the identification whereas the tension measurement requires an additive sensor that can easily be connected to the motor terminals. Tension sensors are quite cheap and can be mounted on the machine at a low cost. Parameters can nearly always be estimated but if something that is not taken into account in the model structure happens during the acquisition of the measures they will not reflect the reality. Therefore, the model structure with the estimated parameters must be validated.



3. Identified model validation The validation activity generates credible, reliable and representative information of the measured physical variables. The validation of the estimated physical parameters depends on the trust accorded to the measurements, the continuous-time model estimation and the estimation method. The chosen architecture of the parameter validation is described in Figure 2.



input



Electromechanical part of a feed-drive



output



Low Pass filtering measurements



Measurements storage



output



Model mismatch detection



input



predicted output



Feed-drive model



Parameter estimation estimated parameters



model validation



Validated parameters users Figure 2. Architecture of the parameter validation The filtered measurements are acquired the way described in the previous section and stored. These measurements are then used for estimating the physical parameters of the electromechanical part of the feed-drive. The next stage consists in putting the estimated parameters into the model structure. The identified model is then simulated. The filtered outputs of the feed-drive and the outputs obtained by the means of the model simulated with the filtered input measurement are, at last, compared to verify if the model behaves like the feed-drive. If it is the case the parameters are validated and can used by other functions. In this architecture, there are two stages of validation. The first one is the filtering of the measures. The second one is the validation of the identified model behaviour.



3.1. Filtering of the measures Many kinds of errors can affect the measurements like offset errors, gain errors, noise… If the sensors are well calibrated, one can assume that they provide measures without offset and gain errors. This does not solve the problem of the noise on the measures that is often caused by the environment. Noise on the measures also generates errors on the derivative approximation of the signal, which is calculated with only four points. The consequences of these errors directly affect the accuracy of the estimations of the physical parameters. To reduce the effect of noise, low pass filtering should be adopted for each measured signal. This filtering should be well chosen to warrant the accuracy of the identification and each signal must be filtered the same way [LAN 93]. Indeed, let us note H the transfer function of the system to identify, F the transfer function of the filters, Y and Yf the outputs and filtered outputs and U and Uf the inputs and filtered inputs. One can write:



Yf Y F .Y =H⇒ =H⇒ =H U F .U Uf



[8]



Reducing the noise on the measures to improve the accuracy of the identification is not enough; the identified model must also behave like the system it represents. 3.2. Model validation The detection of mismatch between the physical feed-drive and its model can be justified the following way. If the system and the model do not match, this can be due to, at least, one fault that happens in the system during the horizon of acquisition of measures and/or the appearance of a phenomena, which is not taken into account in the model like backlashes. Let us note that the appearance of backlashes could be easily detected by specific techniques like the ones described in [POD 97] and [STR 98]. This first one is quite easy to implement on NC machine tools and could be applied by measuring the motor shaft speed (already done for the speed control loop) and the position of the table (already done for the position control position). If the model does not behave like the physical drive does, this means that the estimated parameters and/or the model are not validated even if the parameter values can help for diagnosing the faults. Several methods can be applied like the ones described in [LAN 93] and [LEE 96]. Both methods consist in simulating the model with the measured inputs. The outputs of the model are then compared to the measured outputs. Statistical tests like the whiteness test (used for the least square estimator) can be adopted to detect if the model behaves like the system [LAN 93]. Other techniques using thresholds can also be suitable.



4. Experimental Results Experiences have been led on a high-speed machining machine tool. The experimental results concern the X-axis feed-drive shown in Figure 3. The NC unit of the machine is able to acquire the measurements of motor shaft speed, induced current and tension. The filtering, the identification and the validation of the model have been processed with MATLAB™ software.



Figure 3. Machine X-axis feed-drive In order to generate drifts of parameters without damaging the machine, a cycle of alternative displacements (from X+ to X- and from X- to X+) has been ordered by the means of a work-piece program. The aim of this cycle was to produce the heating of at least the slide-ways, and the ball screw and nut system. The measured temperatures of the slide-ways have varied from 20°C to 22°C and the screw temperature has varied from 20°C to 38°C. An example of the measured speed, current and tension is given on Figure 4. The estimated torque when the slide-ways temperature was 20°C is compared to the one obtained when the slide-ways temperature was 22°C. This is shown on Figure 5. The curves presented on Figure 6 and Figure 7 show the drifts of ft and Cd with the slideways heating.
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Figure 4. Measured signals 14
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Figure 8. Comparison between the behaviours of the feed-drive and its model From this last figure, one can conclude that the model is valid. These estimated parameters and the results of the detection of mismatch could also be exploited by other functions of the workshop like maintenance management. This activity could plan actions on the machine according to the data provided by the architecture described Figure 2. Indeed, These physical parameters can easily be linked to feed-drive faults and examples are given in [DES 99]. An other way to use this identified model is to predict the trajectory drifts.



5. Trajectory shortcoming prediction 5.1. Interest in predicting trajectory errors Except the geometrical problems of the machine structure, the errors on tool trajectories are mainly due to the control system of the machine. This system, described in Figure 1, is made of three overlapped control loops with PID and/or double PI regulators. The tool path shortcomings become significant where abrupt changes of directions or interpolations happen. Therefore, the shapes obtained on the work-pieces might not respond to their geometrical specifications. This may then require a more accurate finishing operations, which increase the manufacturing time and cost of the work-pieces. These shortcomings are due to the control laws of the drives that cannot instantaneously stop the table movement because of the effect of inertia and of the physical parameters of the feed-drives. These parameters vary in time because of temperature, wear… and, of course, do not stay at their nominal values for which their control laws have been determined. Of course, if the feed rate is reduced, the trajectory shortcomings decrease but this reduction has two major drawbacks. Firstly it increases the manufacturing time and so the manufacturing cost. Secondly, the optimal cutting conditions that are defined by the tool manufacturer for different materials may not be respected anymore with the following consequences: • Early wear of tool, • Bad roughness of the work-piece surfaces. The knowledge of this kind of trajectory errors can be used in order to correct them. The numerical controller could do the correction. 5.2. Prediction of the trajectory shortcomings The prediction of these errors requires a model of the machine feed-drives. If they are validated, the models of the feed-drives, identified the way described in section 2, can be used as predictive models. The predictive model should involve the previous validated identified models and their regulators. The different stages of the shortcoming prediction are the following: • During the high-speed displacements of each feed-drive: • Estimation of the parameters, • Validation of the identified models, • Before cutting operation: • Simulation of the predictive model, • Calculus of the differences between the predicted position of each feeddrives and the reference positions calculated by the numerical controller from the work-piece program, • Storage of the previous differences. The scheme, shown on Figure 9, presents this principle.
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Figure 9. Principle of shortcomings prediction The external efforts, introduced in the model by Tl (mainly caused by the cutting forces) can hardly be predicted. Considering high-speed machining machine tools whose feed-drives are designed to accelerate the heavy mass of the table and highspeed machining of work-pieces in aluminium alloys or finishing operations that induce low magnitudes of cutting forces, one can assume that the effect of these cutting forces on the feed-drive motor shaft can be neglected. Thus, we suppose: Tl=0. This assumption implies that a way of progress in shortcoming prediction consists in integrating the effects of predicted cutting forces. Research works aiming at the prediction of cutting forces are led. Among the emerging ones, let us point out the one presented in [PAN 98]. 5.3. Simulation results of the trajectory error prediction As trajectory errors have many sources, we have developed a simulator of a machine-tool that enable to highlight the effect of control on shortcomings without mixing it with other sources of errors like the tool bending, the geometrical features of machine structure… Different kinds of feed-drive models and regulators can be studied and their parameters can easily be modified. A specific interface has also been developed. It enables to define the position references from a work-piece program written in ISO code. In the aim of showing different situations, we have asked the tool, by the means of an ISO program, to follow the planar trajectory presented in Figure 10. Special areas labelled from A to G have been selected to observe shortcomings.
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Figure 10. Programmed tool path The first results presented concerns shortcomings for two feed-rates corresponding to high-speed cutting (10m/mn and 20m/mn). The observed areas are A, C and E and the trajectory errors are presented in Figures 11 to 13. In A area, trajectory errors are mainly due to the control laws, whereas the influence of the feed rate on trajectory errors is significant in C and E areas.
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Figure 11. Comparison of trajectory errors for two feed rates in A
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Figure 12. Comparison of trajectory errors for two feed rates in C
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Figure 13. Comparison of trajectory errors for two feed rates in E The influence of the parameter drifts has also been tested. The parameters ft and Cd of the X-axis have been modified from 0.05 to 0.01m.N.s and from 5 to 1m.N. Such drifts could correspond to a change of lubricating oil. For the simulations we have supposed that the feed-drives of the X-axis and Y-axis have the same model. This is never encountered in real cases. We have let the parameters of the Y-axis feed-drive at 0.05m.N.s and 5mN. The results of simulations are presented in Figures 14 in area E.
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Figure 14. Comparison of obtained trajectories for modified parameters Drifts of these parameters for only one axis generate a difference of tool path of only few micrometers. The effects of those parameter drifts on shortcomings are less important than the ones caused by the feed rate increment. The effects of a greater inertia (0.075 to 0.085kg.m² only for X-axis) due to a supposed heavy fixture and/or work-piece have also been tested and the results are shown on Figure 15 in area E. The difference between the two trajectories can reach more than 0.01mm.
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Figure 15. Comparison of obtained trajectories with and without an added mass



The next stage after predicting the tool trajectory shortcomings consists in correcting them. 6. Shortcoming correction The position errors e are calculated from the difference between the predicted positions pp and the reference positions pr. These are calculated for every feeddrive. Let us note Hr the transfer function of a feed-drive. The predicted positions are obtained with:



p p = H r . pr



[9]



and the errors are obtained with:



e = p p − pr



[10]



Thus, to obtain the desired position from the following relationship:



(



pr = H r . pr − H r−1 .e



)



[11]



one need to inverse Hr. In the case studied in this paper, the inverse transfer function of the feed-drive and its regulators cannot be easily calculated. Even if the ideal correction described by relationship [11] cannot be applied, one can −1



approximate H r ≈ 1 . Thus, the correction become a mirror correction when it is applied to every feed-drive. The errors are subtracted from the reference position signal before being applied to the physical feed-drive. Its principle is described in Figure 16.
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predicted position errors Figure 16. Principle of mirror correction for one feed-drive This method has been tested for the tool centre path shown in Figure 10. The results of this correction are presented in Figures 17 and 18.
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Figure 17. Path obtained after correction and desired path in area A Figure 17 shows oscillations of the position around the desired tool path. Such oscillations are also observed in areas C, E and G. They are mainly caused by the −1



approximation H r ≈ 1 that is wrong in these areas because of the dynamic response of the regulated feed-drives to the abrupt changes of direction or interpolation. In these areas, the correction generates more inaccuracy on the followed shape. The consequences of this oscillation are tool vibration and the effects on the machined part can be a bad roughness. The oscillation of the machined part shape are less important than the one of the tool path thanks partially to the tool diameter.
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Figure 18. Path obtained after correction and desired path in area B
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In area B, like in areas D and F, the approximation H r ≈ 1 is correct and the difference between the obtained and desired paths is only few micrometers in B and F, and of 0.07mm in D compared to 0.08mm and 0.13mm. The mirror correction seems to give quite good results for smooth tool trajectories. In order to verify this assumption we have supposed that the path shown on Figure 10 is the shape of a work-piece. This piece is machined with 40mm diameter milling cutter. For corners of areas A, C and E circular interpolations with a 20mm radius have been ordered for the tool centre path. The programmed path concerns the first half of the shape presented in Figure 10 till the corner of area G. The tool centre path is presented on Figure 19.
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Figure 19. Programmed tool centre path Figure 20 shows the tool centre path with and without correction and the desired one at the end of the circular interpolation for corner of area A . The mean trajectory obtained with the correction is from far better than the one obtained without it. However, the magnitude of the oscillations around the desired trajectory are more important and are still the problem that can generate tool vibrations.
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Figure 20. Tool centre trajectories with and without correction



Conclusion In this paper, we showed that the problem of position accuracy of feed-drive was function of its control laws. This accuracy decreases with increasing feed rates and is sensitive to the drifts of the physical parameters of the feed-drive. We proposed a way of identifying the electromechanical part of the feed-drives. Maintenance management can use the estimated parameters to schedule actions on the machine. The identified model is then used to predict the tool trajectory and to calculate the errors between it and the desired one. These errors are then used as an additional signal subtracted to the position reference generated by the numerical controller to obtain the desired position. The correction gives good results for smooth trajectories even if oscillations occur for specific situations. The identification of the feed-drives is done during high-speed displacements but the calculus of the predicted errors requires to stop the operation for a while before starting the machining operation. The duration of this calculus depends on the length of the operation and on the microchip features. To avoid the operation stop that decreases the productivity of the machine, an on-line technique is to be studied. An other improvement consists in reducing the oscillations after the correction. This may require the use of other regulators for feed-drives. The recent research works on flat systems [ROT 99] could provide interesting performances on feed-drives control. The presented treatments are additive tasks for the numerical controllers of the machine tools. These treatments should be implemented in a specific treatment unit able to communicate with its environment. This unit and the regulated drive could then be considered as a smart actuators [SEN 95]. Such instruments used in machine tool architectures can enable the distributed control of the machines in the aim of increasing their performances. References [COI 93] Coirault, P., Gabano, J.D., Trigeassou, J.C., "Maintenance prédictive d'un entraînement électrique", Revue Européenne Diagnostic et Sûreté de Fonctionnement, vol. 3, n°1, p. 69-95, 1993. [DES 97] Dessein, G., Qualification et optimisation de la précision d'une machine-outil à commande numérique, thèse de doctorat, Université Paul Sabatier (Toulouse), 1997. [DES 99] Desforges, X., Méthodologie de surveillance en fabrication mécanique : application de capteur intelligent à la surveillance d'axe de machine-outil, thèse de doctorat, Université Bordeaux I, 1999. [LAN 93] Landau, I.D., Identification des systèmes – 2ème édition revue et augmentée, Ed. Hermès, France, 1993.
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