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Abstract

:

All machining processes involve vibrations generated by structural sources such as a machine’s moving parts or by the interaction between cutting tools and work-pieces. Relative vibrations between the work-pieces and the cutting tool are the most relevant from the point of view of the regenerative chatter phenomenon. In fact, these vibrations can lead to a chip yregeneration effect, which results in unwanted consequences, rapidly degenerating towards a very poor quality of surface finishing or, in case of severe chatter conditions, to machine-tool or work-piece damage. In the past decades, two different approaches for chatter avoidance were proposed by the scientific community, and they are commonly referred to as Out-of-Process (OuP) and in-Process (iP) solutions. The OuP solutions are off-line approaches, which allow to properly set the working parameters before machining starts. Ip solutions are on-line techniques, which allow to dynamically change the working parameters during machining by using single or multiple sensors. By monitoring the machining process, iP algorithms try to keep the machining process in stable working conditions while keeping high productivity levels. This study dealt with a novel iP chatter-detection strategy based on the Power Spectral Density (PSD) analysis and on the Wavelet Packet Decomposition (WPD) of different sensor signals. The preliminary results demonstrate the stability and feasibility of proposed indicators for chatter detection in industrial application.






Keywords:


chatter analysis; frequency analysis; Wavelet Packet Decomposition; in-process chatter detection












1. Introduction


Metal-cutting processes, such as milling, turning, and drilling, are subject to vibration phenomena, originating not only from their transient and unpredictable nature but also from the limited—although usually very high—stiffness of the machine structure, including the work-piece fixture [1]. Among all machining vibrations, chatter identifies the ones causing unwanted relative motion between the work-piece and the cutting tool, which may lead to a degradation of the surface finish quality and, in some cases, also to damage of the cutting tool. In fact, under particular cutting conditions, relative vibrations between the work-piece and the cutting tool lead to a chip regeneration effect, which results in unstable conditions, rapidly degenerating towards very poor quality and dangerous cutting conditions [2].



In the last decades, many studies focused on the development of analytical and numerical algorithms for the prediction of chatter [3,4,5]. The scientific community has widely accepted that the spindle speed, the feed rate, and the depth of cut may be tuned in order to control machining vibrations, as their combined effect determines the resulting phase shift between successive marks left on the work-piece by the tool, hence the magnitude of the cutting forces [6,7]. However, it is very common to achieve the stability of the machining process by tuning opportunely only the depth of cut and the spindle speed. In practice, the easier solution to obtain a stable process can be a reduction in the depth while using conservative values to guarantee proper machining down conditions. However, the unnecessary reduction in cutting depth may slow the material removal with a consequent increase in the processing time and related production costs. Avoiding chattering conditions while maximising machining volumes and process productivity represents a very challenging problem but also a very active field of research. The different approaches, proposed by the scientific community, can be divided in two categories: Out-of-Process (OuP) and in-Process (iP) methods.



OuP methods rely on predicting the dynamic behaviour of the process, by means of some analysis of the machine-tool-work-piece system, accomplished before the machining starts. The results of the analysis are condensed in the form of the stability-lobe diagrams (SLDs), which are used to capture the dynamic behaviour of a machining system. In practice, the SLDs allow to distinguish between the stable and the unstable working condition zones, where chatter may arise [8,9]; thus, their knowledge allows to avoid the more chatter-prone cutting conditions. Although OuP methods are effective in avoiding vibrations, especially when the SLDs are properly estimated, their application is limited because they demand a deep understanding of the machine dynamics, of the geometrical and physical properties of the tool and work-piece, as well as a very accurate and extensive experimental campaign. In fact, the frequency response of the entire machine-spindle-tool system is needed in order to produce reliable SLD-based predictions. The huge complexity and costs of this necessary preliminary analysis phase make OuP methods’ adoption very hard.



Conversely, iP approaches rely on online analysis algorithms, as they act during the cutting process to actively adjust the machining parameters, while monitoring other measurable quantities such as accelerations, forces, and noise [10,11]. The basic idea is to adjust the process parameters, such as the spindle speed, the depth of the cut, and the feed rate, to ensure stable working conditions while guaranteeing the highest possible productivity levels. In the last decades, several iP algorithms have been proposed, spanning from single-sensor to multi-sensor approaches.



Munoa et al. [12] proposed a single-sensor chatter suppression method for a milling machine relying only on the combined knowledge of the machine tool feed rate and the vibration sensed through a low-cost accelerometer. Tangjitsitcharoen et al. [13] developed an iP chatter-detection method using force measurements for the milling processes on a five-axis CNC: their method operates a binary classification between the chatter and the non-chatter working conditions, using opportunely tuned force-threshold values. Schmitz et al. [14] presented a once-per-turn sampling method for vibration detection, exploiting the ciclo-stationarity of the stable-cutting-process-induced noise as opposed to non-stationary noise induced by chatter phenomena. Similarly, relying just on one microphone, Huda [15] proposed a methodology where the measured sound signals were analysed by means of the Fast Fourier Transform (FFT) and the Wavelet Transform (WT), hence exploiting the fact that significant magnitude spikes are present in both frequency and time-frequency domains, whenever chatter conditions arise.



Regarding the multi-sensor approaches, a first comparative analysis of the chatter-detection performance of different sensors dates back to 1992 [16], when Delio et al. considered dynamometers, accelerometers, and microphones. Their results indicated that microphones could be excellent cost-effective sensors for achieving chatter detection and control in case of unstable milling. Later on, Kuljanic et al. [17] investigated the usage of different sensor configurations mixing among rotating dynamometers, accelerometers, acoustic emission, and electrical power sensors. In their seminal work, they investigated which signal combination was the most sensitive for the scope of chatter detection in industrial conditions, looking to time, frequency, and time-frequency domains. Upon their findings, they strongly recommend to use multi-sensor combinations of three or four sensors, since it is possible to achieve not only higher levels of accuracy but also robustness against malfunctions. In contrast, Faassen [18] highlighted that the usage of accelerometers is preferable to other sensors for practical reasons, as the use of a multi-sensor approach could be difficult for industrial application in terms of costs and integration with existing machines.



As discussed, different and controversial conclusions were drawn by the researchers about best type and amount of sensors to be used for chatter detection. More importantly, iP chatter-detection strategies suffer from two major drawbacks. On the one hand, many strategies presented so far require a clear signal of chatter vibrations; so, chatter must fully develop to be detected. On the other hand, the few strategies theoretically able to early detect chatter are so computationally heavy that their evaluation cannot be used to avoid chatter in short time using high values of the sampling rate [19,20]. In the context of a novel iP chatter-detection strategy, this study proposes two chatter indicators, based on the Power-Spectral-Density (PSD) analysis and on the Wavelet Packet Decomposition (WPD) of the monitored signals: hence, we propose the PSD-based in-process chatter indicator (PSD-iP-CI) and the WPD-based iP chatter indicator (WPD-iP-CI). The corresponding chatter-detection strategies were designed to be computationally efficient but also stable enough to be used for chatter avoidance right from the early stage in which the phenomenon is not fully developed. Validation of the proposed methods is supported by means of an experimental milling machining campaign, where we also investigated their efficacy upon usage of different sensors, such as three-axial accelerometers, a free-field microphone, and a three-component force sensor. A schematic diagram of the face milling operation is shown in Figure 1.



The article is organised as follows: Section 2 describes the proposed algorithms for Chatter Indicator (CI) computation, whereas Section 3 illustrates the experimental validation setup and discusses the results and the effectiveness of proposed CIs. Section 4 provides concluding remarks and an overview of future developments.




2. In-Process Chatter-Identification Strategies


2.1. Basic Principles of Chatter Dynamics


Chatter is broadly classified in two categories, depending on the inducing physical principles, distinguishing between primary and secondary chatter [21]. Primary chatter generally arises from the friction between the tool and the work-piece, hence being intrinsic to the cutting process itself. Moreover, it tends to diminish with the increase in spindle speed; thus, it does not pose limits to the process productivity. A more detailed sub classification of the primary chatter types can be made by considering the underlying mechanism responsible for generating the vibrations, leading to the following chatter categories: frictional, thermo-mechanical, and mode coupling.



In frictional chatter, friction interaction between cutter and workpiece surfaces leads to a sudden instantaneous separation of the cutting edges from the workpiece, which in turn produces a variation in their relative speed, thus altering the chip thickness. Under certain conditions, these effects can lead to chaotic movements and vibrations [22,23].



Thermo-mechanical chatter is generated by changes in the mechanical behaviour of the tool–work-piece interaction. Indeed, by considering thermal softening and deformation hardening, vibrations can arise due to the instability of some materials to withstand constant stress during chip formation in specific temperature ranges [24]. However, it is important to point out that these two types of vibrations have small magnitude and do not influence the overall dynamics of the process. Mode coupling is the major primary chatter during machining. It occurs when the shearing force excites movements in the direction of the feed force and vice versa, resulting in simultaneous oscillations in both directions [25,26]. The coupling of these two movements causes an elliptical trajectory of the tool in the workpiece with a consequent difference in the depth of the cut. Various causes can be identified for this vibration, such as friction on the cutting surfaces, oscillations in the cutting angle, or the regenerative effect.



Secondary chatter results from the dynamic coupling of the cutting process and the piece–tool–machine structural chain. In fact, under particular cutting conditions, relative vibrations between the workpiece and the cutting tool lead to a self-sustained chip self-regeneration effect, which results in unwanted consequences, rapidly degenerating towards very poor quality cutting conditions [2].



Within the secondary chatter category, the regenerative chatter is due to the interaction between the dynamic properties of the machine with the cutting process. This kind of chatter is considered the most significant cause of machining instability [27]. Under stable working conditions, the tool vibrations, surface marks, and chip thickness variation can be considered periodic, with the periodicity being the function of the spindle speed. However, during particular combinations of the spindle speed and the feed rate, it may happen that the relative vibration between the cutting tool and the work-piece will create a chip thickness modulation synchronised, hence in phase, between two successive cutter passages causing the chip thickness alterations at every tool passage. This self-sustained mechanism leads to regenerative chatter, resulting in repetitive and very structured marks affecting the final surface quality, as visible in Figure 2. Due to the rapidly escalating phenomena, regenerative chatter causes typically loud noise and excessive tool wear, which in extreme cases can lead to severe damages of the cutter tool or even the machine.



Summarising, during a chatter-free process, when the above-mentioned regenerative phenomena have not been triggered, the cutting system process is dominated by a periodic dynamic behaviour, in which the fundamental frequency is given by the cutting tooth passing frequency,   f c  , and related to the tool rotation speed,   V t  , according to the following relation:


   f c  =   V t  60   



(1)




with   V t   quantified in revolutions per minute (RPM) and the resulting frequency expressed in Hertz. Conversely, whenever chatter occurs, other dynamic events will prevail, leading to a dominance of a set of aperiodic components, meaning that the vibrations sparking the chatter phenomena are not resulting from the cutting process periodicity itself but mostly to a dynamic interaction in the machine–tool–workpiece structural chain.



This considerations motivate the well-established approach [17,28,29] according to which a generic signal   s ( t )  , irrespective of the sensor type and of the location on the machine or its vicinity, results from the superposition of a periodic component    s p   ( t )   , an aperiodic component    s a   ( t )   , and noise    s n   ( t )   :


  s  ( t )  =  s p   ( t )  +  s a   ( t )  +  s n   ( t )  .  



(2)







Equation (3) reflects a marginal approximation made within the scope of this works, which consists in having considered the noise contribution,    s n   ( t )   , to be negligible.


  s  ( t )  ≈  s p   ( t )  +  s a   ( t )  .  



(3)







After all, although noise usually spans over the full frequency spectrum, its effect is mostly marginal as compared with both the fundamental harmonics of the periodic components as well as the other harmonics characterising the aperiodic component.



The remainder of the section describes the two iP chatter-identification approaches proposed in this work, namely, iP-PSD and iP-WPD, which aim to detect chatter by constantly estimating the ratio between the periodic component and the aperiodic components, labelling as a chatter-free process the one dominated by purely periodic components.



To obtain necessary spectral information, each monitoring signal,   s ( t )  , is sampled at a constant sampling rate,   F S  . The analysis is repeatedly accomplished considering a sliding finite time interval,   Δ t  , thus generating a corresponding finite discrete sequence,   {  S k  }  , each containing   N k   samples, where:


   N k  = Δ t  F S  .  



(4)







In practice, chatter indexes are evaluated at each moment in time by performing the analysis on a moving rectangular window, thus considering only the last   N k   samples of the acquired digital signal,   S k  .



Although the proposed methods operate by exploiting different mathematical approaches, whose details are given in the corresponding subsections, they both share the fundamental limits of digital-sampling processing and spectral analysis. Therefore, the sampling frequency,   F S  , need to be at least twice as large as the higher frequency content known to be present in the process under investigation, in order to comply with the well-known Shannon theorem. Moreover, the length of the processing Window,   Δ t  , may be chosen accurately mitigating between the need of achieving an adequate frequency resolution,


  Δ f =  1  Δ t    



(5)




which would require to increase the duration window, and the approximation errors due to the transient, hence not-stationary, nature of the signals, which would demand to make the processing window as short as possible.



The above-expressed challenge is related to the Heisenberg–Gabor limit, also referred to as the uncertainty principle, which poses a fundamental limitation to simultaneously sharply localise a function in both the time domain and the frequency domain. Since for chatter identification it is crucial to extract information regarding both stationary and transient events, the wavelet transform represents a very promising solution because it exhibits the highest possible time-frequency resolution. In fact, for a vast number of applications concerning transient phenomena analysis, wavelet decomposition has been successfully adopted as a more effective replacement of the more conventional short-time Fourier transform [30].



Within the scope of this work, we used for both the analysis approaches a window of a half second, corresponding to a frequency resolution of 2 Hz.




2.2. Power-Spectral-Density-Based In-Process Chatter Index: PSD-iP-CI


The iP-PSD based chatter detection strategy operates in the frequency domain. It relies on the use of well-established spectral analysis tools, such as the Fast Fourier Transform and the Power Spectral Density.



Given the general signal,   s ( t )  , and the corresponding digital sequence,   {  s k  }  , sampled over the moving processing window as explained in the previous section, the first step of the analysis consists in performing a Fast Fourier Transform (FFT),


   {  s k  }   ⇒ FFT   {  S k  }  ,  



(6)




which consists in a fast computation of the well-known Discrete Fourier Transform:


   S k  =  ∑  n = 0    N k  − 1     e   − 2 π i k n   N k     s k     k = 0 , 1 , ⋯ ,   N k  − 1   



(7)




where i is the imaginary unity. The obtained sequence,   {  S k  }  , contains the complex valued harmonics of the original signal and thus fully represents the spectrum of the signal in the interval   [ −  f N  ,  f N  ]  ,   f N   being the Nyquist frequency, spanned with the   Δ f   frequency resolution, as resulting from Equation (5).



The obtained spectrum is analysed further, and, in particular, it is split in two parts, so as to distinguish between the periodic and aperiodic spectrum components. This is achieved by convolving the signal spectrum with two opportunely defined binary spectral masks:   { M s  k k p  }   and   { M s  k k a  }  :


     f k     = −    N k  2    f s  + k Δ f ,   ∀ k = 0 , 1 , ⋯ ,  N k  − 1     



(8)






     M s  k k p      = {    1      ∥   f k  − p  f c   ∥ ≤   δ f  ,    ∀ p = 0 , ⋯ ,  N p       0    o t h e r w i s e     ;     



(9)






     M s  k k a      = 1 − M s  k k p  .     



(10)







As depicted in Figure 3, the periodic mask,   M s  k p   (  f k  )   , selects all frequency components,   f k  , falling in the intervals   −  δ f  ;  δ f    centred around the fundamental tooth-cutting frequency,   f c  , and all its harmonics falling within the dynamic range of interest,   0 ,  f  m a x    , with the number of harmonics   N p   derived according to:


   N p  =    f  m a x    f c     



(11)







The value of   δ f   can be fixed at least to be equal to   Δ f   defined in Equation (5). Higher values of   δ f   could result in less-robust chatter indices due to possible misidentification of periodic and aperiodic signal components. In practice, the frequency-domain mask is designed to comprise specifically the contributions of all the periodic components related to the repeating its following harmonics. The aperiodic mask,   M s  k a   (  f k  )   , is derived imposing to be complimentary to the other.



The periodic spectral components,   {  S k p  }  , as well as the aperiodic ones,   {  S k a  }  , are obtained by multiplication with the signal spectrum:


     S k p     =  S k  M s  k k p      



(12)






     S k a     =  S k  M s  k k a      



(13)







As already stated in Section 1, when the system process is stable the energy related to the aperiodic components is negligible, whereas it increases as soon as the system becomes unstable. Therefore, the chatter-identification problem reduces to correctly evaluate whether the periodic or the aperiodic components are dominating the machining dynamics. The task is achieved assessing the associated energy content and then evaluating the energy ratio between periodic and aperiodic signal parts. This requires computation of the Power Spectral Density (PSD) of the signals:


      PSD k p      =  1   N k   F S       ∥   S k p   ∥   2  ;     



(14)






      PSD k a      =  1   N k   F S       ∥   S k a   ∥   2  .     



(15)







Then, the energies of the corresponding signals   {  S k p  }   and   {  S k a  }  , indicated as   E P   and   E a  , respectively, are estimated by integrating their PSD over the full frequency range:


     E p     =  ∑  k = 0    N k  − 1    PSD k p      



(16)






     E a     =  ∑  k = 0    N k  − 1    PSD k a      



(17)







Finally, the chatter index is obtained as the ratio between the aperiodic component energy and the total energy E:


    CI   PSD   =   E a  E  =   E a    E p  +  E a     



(18)







When the system works under stable conditions, the value of this index is expected to be very close to zero; whereas, whenever unstable conditions arise during machining, the index value asymptotically increases up to one when the chatter is fully developed. By monitoring the value of this chatter index, the machining parameters can be modified in order to ensure stable conditions during the machining process.




2.3. Wavelet-Packet-Decomposition-Based In-Process Chatter Index: WPD-iP-CI


The iP WPD-based chatter detection strategy relies on the Wavelet Packet Decomposition; hence, it operates in the time-frequency domain.



As depicted in Figure 4, a wavelet decomposition of a signal consists in performing recursively a split of the signal into two contributions, corresponding to the low-frequency and high-frequency components. Each of the obtained signals is decomposed further using an opportunely re-sampled version of the same kernel filter used to perform the signal splitting. Several variants of wavelet decomposition are possible, depending on the the different filter used and the amount and type of information stored at each level.



In this work, we relied on an undecimated discrete wavelet transform (UDWT), which exhibits a complete and undistorted representation of the energy content of the original signal, at the expense of increased computational and spatial complexity compared to the more commonly used decimated wavelet decomposition variants. Moreover, we used the Daubechies (DB8) kernel, obtaining a three-level shift-invariant UDWT decomposition, which maintains all cascading layers of the time-synchronised wavelet representation [31], while featuring an optimal time-frequency resolution. The proposed approach differs from other methods presented in the literature, such as the Discrete Wavelet Transform (DWT), because the UDWT is a shift-invariant transform, avoids down-sampling and, consequently, is more appropriate for time-series analysis.



For each level j of the UDWT decomposition, the generic signal   s ( t )   is divided among a set of    n j  =  2 j    wavelet packets,   W  i , j   , each of them embracing a different absolute bandwidth,   B  W  i , j    , of the original signal:


     ∀ j     =  { 0 , ⋯ , L }  ; ∀ i =  { 1 , ⋯ ,  2 j  }        W  i , j   ⇒      B  W  i , j    =   i  2  j + 1     F s       i + 1   2  j + 1     F s       



(19)







As exemplified in Figure 4, at the third level, the input signal is decomposed in eight packets, corresponding to different non-overlapping segments of the overall original signal bandwidth.



The periodic component is estimated by looking to the past   N p   non-overlapping signal blocks of the signal in time domain. The duration of each block,


  τ =  1  f c   .  



(20)




is related to the tooth-passing frequency,   f c  . Each block refers to a specific time interval,   t b  :


   t b  ∈  t − ( b + 1 ) τ , t − b τ  ,    ∀ b =  [ 0 , ⋯ ,  N p  − 1 ]   



(21)




with   t 0   being the last elapsed block. As a result, the signal is processed over a window of duration    τ w  =  N p  τ  .



Assuming the periodic part of the signal to be stationary within the chosen window,    W p  j , n    (  t b s  )    is estimated by considering the average signal computed among all the considered   N p   blocks, as follows:


   W p  i , j    (  t 0  )  =  1  N p    ∑ b   W  i , j    (  t b  )   



(22)







For each of the wavelet packets, we can apply the hypothesis already stated in Equation (2), thus splitting    W  i , j    ( t )    as the sum of the aperiodic and periodic components,    W a  i , j    ( t )    and    W p  i , j    ( t )   . As a result, the aperiodic component is computed subtracting the estimated periodic component from each block of the original signal:


   W a  i , j    (  t b  )  =  W  i , j    (  t b  )  −  W p  i , j    (  t 0  )  ,    ∀ b = 0 , ⋯ ,  N p  − 1  



(23)







Finally, the WPD-based in-process chatter index (WPD-ip-CI) can be estimated at each moment in time and for each wavelet packet,   W  i , j   , as the ratio between the aperiodic signal energy and the total signal energy, within the frequency band of the analysed packet:


      E  i , j  a   ( t )      =  ∫  t − N τ  t    [  W  i , j  a   ( t )  ]  2  d t        E  i , j    ( t )      =  ∫  t − N τ  t    [  W  i , j    ( t )  ]  2  d t        CI  i , j   WPD    ( t )      =   E  i , j  a   E  i , j        



(24)







The formula expressed in Equation (24) is in agreement with other approaches already presented in the literature [17,32], all showing that good chatter identification results are obtained when considering the proper wavelet packet. This is motivated from the finding that most of the chatter energy is frequency bounded, thus not affecting more than one packet at a time. Such an approach lacks robustness as it requires the a priori knowledge of the chatter frequency band.



This motivated the usage of a more-robust, blind approach, where all the packet contributions are considered together:


   CI  WPD    ( t )  =  1   ∑  i , j    E  i , j       ∑  i , j    E  i , j  a    



(25)









3. Experimental Validations


The validity of the proposed chatter-detection strategies was assessed by means of two opportunely designed experimental campaigns, both related to a face-milling process. In the first campaign, we varied the process parameters until finding two sets of parameters corresponding to very distinct and opposed behaviours. As depicted in Figure 5, for the sake of the validation purposes, we selected a scenario exhibiting very clear chatter conditions and another scenario that resulted in an extremely polished surface quality, which corresponded to high stability, during the whole process.



For the second experimental scenario, we used a particular working configuration resulting in a process that exhibited a very stable starting behaviour, which degenerated into chatter towards the end of the passage, as depicted in Figure 5, right. To cause a transition from stable to unstable conditions while keeping constant cutting parameters, the work-piece was fixed in such a way that the dynamic stiffness of the machine–tool–work-piece system changes during the milling process.



Figure 5 depicts the surface finishing for the three experiments.



As depicted in Figure 5, in the “always stable” case, no significant chatter marks appeared on the surface. Conversely, the “always chatter case” exhibited very pronounced chatter marks diffused on the overall work-piece surface, thus indicating very high levels of chatter. In Experiment 2, severe chatter marks appeared at the end of the machining, which happened from the top-to-bottom direction as appearing in the pictures.



Similarly to [11,16,17], for each validation campaign, we also performed a comparative analysis, in order to assess the performance of the methods obtained when using different sensors. Details on the used experimental setup, as well as the results for each experiment, are discussed in the remainder of this section.



3.1. Experimental Setup


In order to verify the effectiveness of proposed chatter indexes, we performed several tests, all concerned with a face-milling process. Tests were carried out in dry milling using a Mazak nexus 410A milling machine with eight-tooth shell-type indexable shoulder milling cutters of the 90° type Meusburger WZT2116/11/50/8. The reference frame for signals is illustrated in Figure 6.



The machine was equipped with a set of sensors, as detailed in Table 1, which were all required to monitor the most-relevant quantities for the scope of identifying the chatter condition.



For both test-case scenarios, we used a workpiece made of steel A216WCB. For monitoring the forces, only two components were considered: the x-component   F x   of the cutting force directed along the feed direction and the normal component   F z  . Both force components were measured by means of a Kistler 9257B dynamometer, placed between the workpiece fixture and the machine structure, as depicted in Figure 6.



All signals were sampled at 25,600 Hz and acquired using a LMS SCADAS Recorder SCR205, which allows data acquisition of different input signal types with 16 input channels and a transfer rate of 14 Msamples/s.




3.2. Case 1. A Multi-Sensor Comparative Benchmark in Chatter-Free and in Chatter Conditions


In this section, we focus on the validation of the proposed chatter indexes. We considered two working conditions, for which the cutting parameters are detailed in Table 2. The time-domain signals of each monitored signal are reported in Figure 7 and Figure 8.



As already discussed in the previous section, in this case study, we expected very extreme values for chatter indexes: near to zero in the chatter-free case and close to one in the chatter case. The two cases are referred to as “Always in chatter” and “Always stable.”



Due to the mathematical formulation of wavelet-based chatter indexes, the first value can be obtained only after    N p  τ   seconds. In order to make a correct match for the two types of chatter indices, those based on PSD calculation were computed in the same time intervals.



The results achieved by using the proposed chatter indices are depicted in Figure 9 and Figure 10.



Both types of indices for all sensors, except for   F o r c e  X   signal, show trends coherent with the expected results. All chatter indexes were much higher for the “Always in chatter” than the “Always stable” cutting process. With reference to the PSD-iP-CI in Figure 9, the blue line, referred to stable cutting conditions, shows that chatter indexes of all sensors assumed values in the range of 0.1–0.4, indicating that the cutting process dynamics were dominated by the periodic component at frequency   f c  . Conversely, in case of the “Always in chatter” experiment, apart from the   F o r c e  X   signal, the aperiodic component represents more than 70 percent of the energy content of acquired signals, indicating a highly unstable working condition. As visible in Figure 9, all signals analysis allowed to obtain a clear identification of stable working conditions when the chatter index value was below 0.4 and of the chatter-dominated process when the chatter index was in the range 0.7 to 1. For a robust identification of threshold levels discriminating chatter-free conditions from mild chatter and chatter, which would enable an appropriate modification of the working parameters in order to prevent damage and bring the process back to stable conditions, a wider experimental dataset is needed. Although, in the case of the stable process, the chatter index of   F o r c e  X   signal seems to behave as the other indicators, and, in the case of the unstable cutting process, the PSD-iP-CI seems to be less sensitive to the aperiodic component, making it not disposable for chatter detection using the PSD approach.



To give a more-detailed analysis of the process characteristic parameters, Figure 11 and Figure 12 illustrate the frequency content of   F o r c e  Z  ,   B a s e  X  , and   M i c r o p h o n e   for the two analysed cases.



For the “always stable” experiment, it is possible to observe that the dominant frequency is the cutting frequency   f c   for the   F o r c e  Z   signal and its 67th harmonic for   B a s e  X   and   M i c r o p h o n e  , which is likely due to a near resonance of the machining system in that frequency range. The dominant frequency at   f  c h a t    of the aperiodic component results to be always lower than the periodic ones. This analysis explains the low values of the related chatter indices.



Conversely, for the “always in chatter” experiment, it is possible to observe that, for the   B a s e  X   and the   M i c r o p h o n e   signals, the dominant frequency and its related harmonics amplitudes of the aperiodic components grow with respect to the “always stable” experiment. This leads to high values of chatter indices. It is to be mentioned that, in the   F o r c e  Z   signal, the periodic harmonic at   f c   keeps the higher value in the spectrum, but it is possible to observe a significant reduction in amplitude of its successive harmonics.



As shown in Figure 10, the WPD-iP-CI algorithm calculates chatter higher indices for the “always in chatter” cutting process than for the “always stable” cutting process, which is also true in the case of the   F o r c e  X   signal. The WPD approach seems to give more-robust chatter indices giving clear indications about the unstable working conditions with a value of CI closer to 1. However, for the “Always stable” experiment, WPD chatter indices assume higher values than in the case of PSD chatter indices, indicating that the machining, considered as a chatter-free process, is not perfectly stable but appears to evolve in a condition lying on the border between a stability and an instability condition.The PSD-iP-CI algorithm seems to calculate more consistent results as expected based on a visual analysis of the surface finishing of the work-pieces illustrated in Figure 5.




3.3. Case 2. CI Calculation in Transition Scenario from Chatter-Free to Chatter


The cutting parameters of the considered scenario are summarized in Table 3.



This experiment was designed to analyse the capability of the proposed algorithms for chatter detection in situations involving the transition from stable to chatter conditions.



It is to be underlined that, in case of Experiment 2, the process parameters were fixed to the value indicated in the previous table. The instability conditions were obtained by clamping the work-piece with a lower clamping stiffness in the last part of the cutting area as illustrated in Figure 13.



In Experiment 2, the cutting process was performed along the X direction as illustrated in Figure 13. Differently from Experiment 1, in this case, the workpiece was fixed in such a way that the last part of the workpiece behaves like a cantilever beam along the cutting direction, with a consequent lower stiffness. Thanks to this solution we were able to create a transition from a stable to an unstable process without changing any cut parameters. As a result, in this case, we expected to obtain a transition of the chatter indices from low to high values.



The time history of the considered signals is shown in Figure 14.



As expected, observing the trend of the signals reported in Figure 14, it is possible to appreciate that after about 3 s of machining, the lower clamping stiffness leads to an unstable situation for which all sensor signals show an increasing magnitude, which decreases again only when the cutting tool moves out of the work-piece.



Results of the proposed chatter indices are reported in Figure 15 and Figure 16, for the PSD-iP-CI and WPD-iP-CI indicators, respectively. These results further clarify the robustness of the proposed algorithms and demonstrate the capabilities of the proposed approaches for the detection of transitions between stable and unstable working conditions during the machining.





4. Conclusions


In this study, we proposed two iP algorithms for chatter detection based on the calculation of two chatter indicators, based on the Power Spectral Density (PSD-iP-CI) and the Wavelet Packet Decomposition (WPD-iP-CI) analysis of the monitored signals, respectively. These strategies were designed to be computationally efficient but also robust enough to be used for chatter avoidance already in the early stage, in which the phenomenon is not fully developed. For all presented experiments, the proposed chatter indices allow to obtain consistent results while elaborating signals coming from different kinds of sensors. This capability in signal analysis represents a promising feature of industrial applicability of the proposed approach. The PSD-iP-CI algorithm seems to calculate more consistent results. The use of spectrum masks represents the main innovation in the proposed approach. By defining these masks as a function of the actual spindle speed, it is possible to obtain a fast analysis of periodic and aperiodic components without the need for a precise identification of the dominant frequency and its harmonics, for the subsequent determination of energy contents. Moreover, after the effectiveness of the method is proved, a possible improvement of the computational efficiency is achievable by calculating the inverse Fourier transform of the periodic masks to filter, by a convolution operation, directly in the time domain the signal for periodic and aperiodic component separation. This feature could represent a promising approach for real-time chatter detection using an embedded platform for industrial applications. The WPD-iP-CI algorithm requires further investigation to verify if the intermediate values of CI, obtained during the “Always stable” process, are related to a high sensitivity of this index, which also detects slight discontinuities in the machining process. To evaluate the applicability of the proposed approaches for real-time chatter detection, a preliminary evaluation of computational time was performed for both chatter indices. PSD-iP-CI and WPD-iP-CI need a time of 0.051 s and 3.7 s, respectively, in case of signals sampled at   F s   = 25,600 kHz. The PSD-iP-CI calculation algorithm is faster than WPD-iP-CI and can be used in real-time application. Future work is planned to further validate the proposed approaches and to evaluate the computational efficiency, with a different sample rate, in order to investigate the possibility of their implementation in embedded platforms for industrial application.
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Figure 1. Face milling. 






Figure 1. Face milling.
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Figure 2. Workpiece surface finishing: (a) chatter; (b) no chatter. 






Figure 2. Workpiece surface finishing: (a) chatter; (b) no chatter.
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Figure 3. Separation of spectrum components. 






Figure 3. Separation of spectrum components.
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Figure 4. UWPT decimation tree. 






Figure 4. UWPT decimation tree.
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Figure 5. Workpiece surface finishing. 
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Figure 6. Experimental setup for Experiment 1. 
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Figure 7. Signals acquired during chatter-free conditions. 
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Figure 8. Signals acquired during chatter conditions. 
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Figure 9. PSD chatter indices: Blue for stable process—red for unstable process. 
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Figure 10. Wavelet chatter indices: blue “always stable” process—Red “always in chatter” process. 






Figure 10. Wavelet chatter indices: blue “always stable” process—Red “always in chatter” process.



[image: Machines 10 00024 g010]







[image: Machines 10 00024 g011 550] 





Figure 11. Signal spectra for “always stable” experiment. 






Figure 11. Signal spectra for “always stable” experiment.



[image: Machines 10 00024 g011]







[image: Machines 10 00024 g012 550] 





Figure 12. Signal spectra for “Always in chatter” experiment. 
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Figure 13. Experimental setup for Experiment 2. 
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Figure 14. Signals acquired in Case 2. 
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Figure 15. PSD chatter indices for Experiment 2. 
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Figure 16. Wavelet chatter indices for Experiment 2. 
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Table 1. Sensors details.






Table 1. Sensors details.





	Sensor Name
	Sensor Model
	Details





	Multicomponent Dynamometer
	Kistler model 9257B
	Three-axial force sensors

Fx, Fy, Fz measuring range   ± 5   kN

Clamping area 100 × 170 mm



	Top and Base Accelerometer
	PCB Piezotronics model 356A32
	Tri-axial ICP sensor

Sensitivity 100 mV/g

Measuring range ± 50 g



	Microphone
	GRAS microphone model 40GI
	Free-field microphone

Sensitivity 12.5 mV/Pa

Frequency range 30 to 10 kHz
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Table 2. Case 1: Experiment parameters.






Table 2. Case 1: Experiment parameters.





	Experiment ID
	Spindle Speed (rpm)
	Depth pf Cut (mm)
	Feed (mm/m)





	Chatter-free
	900
	4.5
	500



	Chatter
	600
	4.5
	500
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Table 3. Cutting parameters for case 2.






Table 3. Cutting parameters for case 2.





	Experiment ID
	Spindle Speed (rpm)
	Depth pf Cut (mm)
	Feed (mm/m)





	Stable-to-chatter transition
	1750
	2
	1000
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