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Highlights 

⚫ A novel estimation method for machine tool dynamics during cutting process was proposed. 

⚫ A method that employs mode shape database to accurately identify machine tool dynamics 

even when the tool position is changed. 

⚫ Natural frequency of whole machine tool was captured with as small as 0.04% maximum 

error by the proposed method. 

⚫ The proposed method was verified with the aids of finite element method. 

 

Graphical Abstract 

 

Abstract 

The system dynamics of machine tools plays an important role in machine health monitoring and 

quality assessment of manufacturing products. For former identification methods, the system 

dynamics are achieved with premises that do not fit with the real cutting conditions, as 

experimental modal analysis is realized only in idle status, and operational modal analysis limits 

the excitation form for vibration. Meanwhile, the dynamics variation during the machining is 

                  



viewed discretely with no proper handles for the changes caused by cutting position movements. 

In this study, a mode shape database-based TOMA (MSDB-TOMA) estimation method is 

proposed for the system dynamics of machine tools under variation caused by component 

movements. The establishment principle of a mode shape database for capturing dynamics 

variation influenced by movements of cutting positions is proposed, with good fitting 

performance proved in a finite element model (FEM) of a machine tool. After that, the 

performance of dynamics estimation with the proposed method is validated using matched mode 

shapes from the pre-built database. The estimation for system dynamics parameters, e.g., natural 

frequency, presents a maximum error of within 0.04%, which turns out to be precise when 

compared with the real value from modal analysis in simulation. The feasibility experiment on 

FEM for estimating dynamics variation with component movements indicates the possibility of 

in-process dynamics recognition for real machining using the proposed method. 

Keywords: Machine system dynamics, vibration, machine monitoring, 

precision machine design, machining dynamics 

 

1. Introduction 

For improving industrial machining accuracy, the feedback and estimation of machine 

performance via measures of displacements and deformations of components have gained 

significant attention in recent years. Furthermore, in recent years, the demand for fully monitoring 

and comprehending a machining process has gradually increased [1–3]. Of the typical impact 

factors for machining processes, thermal deformation, vibration, initial geometric offset, and 

static deformation have occupied determinant places [4–7]. Among them, vibration is a crucial 

factor for a comprehensive understanding of the machining process because of its effects on tool 

wear, surface quality, and deterioration of machine components [8,9]. This type of vibration 

happens frequently in situations with low-stiffness cutters, low-stiffness workpieces, and hard-to-

                  



cut materials. For the requirements of superior finishing accuracy, even small vibrations can affect 

a lot [10–13]. In this situation, the representative research for preventing the bad influence of 

vibration on machine tools can be seen in [14–19]. 

 However, the vibration performance during the cutting process is still uncertain, given the 

limitation of the detection method as well as its varied properties in the cutting process. 

Specifically, for the chatter vibration resulting from a self-excitation mechanism in the generation 

of cutting chips during machining operations, the principle of its generation and variation is much  
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Nomenclature 
Abbreviations 

AMB Active magnetic bearings 

ANN Artificial neural networks 

ARMA Autoregressive moving average 

EMA Experimental modal analysis 

ERA Eigensystem realization algorithm 

ESK Enhanced spectral kurtosis 

FEM Finite element model 

FRF Frequency response function 

MIMO Multiple input & multiple output 

MS-TOMA Mode shape compensated TOMA 

MSDB-TOMA Mode shape database TOMA 
NexT Natural excitation technique 

OMA Operational modal analysis 

PDF Probability density function 

PSB power spectrum density 

TOMA transmissibility-based operational modal analysis 

Symbols 

𝐴(𝑠) characteristic equation in the denominator of FRF 

𝛼𝑖𝑘,𝑚 + 𝛽𝑖𝑘,𝑚𝑠 residual of FRF 

𝐵𝑖𝑘(𝑠) residual at the numerator of FRF 

𝐶𝑘, 𝐶𝑝 distribution coefficient of load source 𝑃(𝑠) 

i,j positions of measurement points 

k,p positions of loads 

N numbers of modes 

 𝑁𝑖𝑛𝑝 numbers of forces applied 

𝑇𝑖𝑗
𝑘(𝑠) transmissibility of 𝑖𝑡ℎ  and 𝑗𝑡ℎ  comparison under load k 

𝑇𝑖𝑗
𝑚𝑝𝑐(𝑠) mode shape compensated transmissibility of 𝑖𝑡ℎ  and 𝑗𝑡ℎ  comparison 

𝜁𝑟 damping of system 

𝜔𝑛,𝑟 undamped natural frequency 

𝜀𝑖𝑗
𝑘 (𝑠) infinitesimal value depends on the frequency position of transmissibility 

𝜆𝑟,  𝜆𝑟
∗  Characteristic roots of 𝐴(𝑠)  

  

more complicated for fluctuating cutting forces or other distributions [20–23]. To fully acquire 

the information about vibration during cutting, the system dynamics are analyzed or assessed, 

given that vibration performance is the response of the system dynamics. 

The vibration in machine tools is mainly excited by vibration sources such as cutting force, 

servomotor, unstable supplied current, vibration of other machinery conducted from the ground, 

and unbalanced or misaligned components. With numerous causes, the vibration estimation of 

machine tools has been a barrier since the beginning of the 20th century [24,25]. The conventional 

method of system dynamics estimation is experimental modal analysis (EMA) [26,27], which 

                  



employs frequency response functions (FRF) for vibration monitoring. To apply EMA to estimate 

system dynamics, the input for FRF, excitations for vibration, and output vibration displacements 

should be known. The combination of power spectrum density(PSD) and EMA was applied in 

vibration monitoring of belt grinding machinery in 2007, preventing the influence of the noisy 

environment on the collected signals for FRF [28]. The method of tap test was used to measure 

the vibration responses when the machine tool remained idle, with the excitation being an impulse 

signal [29]. To better excite the vibration mode of machine tools with a rotating spindle, the 

control system design with the use of active magnetic bearings (AMB) was used for EMA 

excitation [30]. A special narrow workpiece is used for obtaining pulse-like cutting force for 

experimental analysis of system dynamics [31]. Additionally, the processing of signals achieved 

by EMA is under research [32]. For the recognition of dynamic parameters within the frequency 

domain after EMA, the access method called PolyMAX [33,34] was then developed with the 

superior performance of identification for dynamic parameters in high frequency. This method is 

further developed into the PolyMAX Plus method, with the elimination of noise from wrong 

recognition of system modes [35]. In practice, however, vibration excitement other than impulse 

hammering exists. Sometimes, the amplitude of the impulse excitation with tap tests may not even 

be large enough to excite all modes of interest in the system [36]. Meanwhile, the configuration 

of the machine tools in the process differed from that in idle status, making the estimation 

precision of EMA restricted [37]. Hence, the application of EMA for in-process measurement is 

limited. When we try to apply EMA during the machining process, the unawareness of in-process 

loadings becomes an obstacle. This is because the information about loading is needed in the 

theory of EMA [38–40]. 

To overcome the abovementioned limitations in EMA, researchers developed the operational 

modal analysis (OMA) [41] method. This method allowed in-process vibration estimation, which 

increased the precision of estimated system dynamics significantly. For the OMA method, instead 

of idle status, the operating status of machines is calculated with no need for excitation 

                  



information. Using measurable vibration responses only, the in-process dynamics of a machine 

tool can be recognized under random ambient excitation signals [42–44].  

There have been several OMA methods merged since the 1980s, which can be classified into time 

domain and frequency domain technologies [45,46]. For example, the stochastic excitations as 

white-noise were applied in OMA [47–49]; the natural excitation technique (NExT) was used 

with estimations in the time domain; the autoregressive moving average (ARMA) model was 

proved to be feasible for vibration estimation for discrete time data analysis [50]; and, OMA in 

the frequency domain is usually used in conjunction with PSD for the stochastic process [51]. In 

such development, the precision of identification increases a lot. With the use of unscaled mode 

shape from idle status, the dynamic parameter identification of machine tool structure for the 

operating conditions, including changing of component positions, varying running speed, and 

cutting conditions, was realized [52]. Meanwhile, the dynamics uncertainty of the feed drive 

system for a machine tool in long-term operation is studied by Jia et al. With OMA, the natural 

mode parameters during the operation were tested by a free-vibration response from square-wave 

pulses [53]. Considering multiple influences such as spindle speed and depth of cut for machine 

dynamics, the varying principle is summarized with the use of artificial neural networks(ANN) 

[54]. 

However, as one of the most classic puzzles, the existence of harmonics in excitation caused the 

failure of the OMA method for the detection of system dynamics. The non-random excitation 

contributions are always identified as vibration modes for applications containing rotating parts, 

e.g., spindles, ball screw shafts, and turbines. The conventional OMA methods can then hardly 

be applied in these situations [44,55]. To successfully distinguish the true vibration modes from 

the fictitious modes excited by extra forces such as harmonic excitations, the detection or removal 

of the harmonics must be realized. When the harmonic components are well separated from the 

structural frequencies, the probability density function (PDF) is applied to separate harmonic 

                  



responses to real vibration modes [56]. With the enhanced spectral kurtosis (ESK) method, the 

precise detection of harmonic frequencies, close to the natural frequencies, can be realized for 

multiple input & multiple output (MIMO) systems [57]. As Mohanty and Rixen show in their 

study, a modified eigensystem realization algorithm (ERA) method is applied to estimate the real 

system dynamics even when the harmonic frequencies are close to the eigenfrequencies of the 

system [58]. The harmonic response is fitted with the revised least-square method to prevent the 

interference of real vibration modes for a thin-walled workpiece, which is composed of harmonic 

and noise excitation for the milling process [59]. A holistic integrated dynamic modeling and 

simulation approach is proposed, with the difference between the harmonic responses and the 

system vibration modes separated [60]. Although these methods can be applied for the specific 

application of machine tools containing rotating components, the requirements of harmonic 

frequencies known as the priori make the implementation of the OMA method not only difficult 

but also costlier. The work to properly estimate the system dynamics of a machine tool then lies 

in the separation of output and excitation situations, with much more reality for machine tools. 

At this time, Riberio et al. [61] developed a transmissibility-based OMA (TOMA) method based 

on OMA theory. In TOMA, the loading is not necessarily under known circumstances, which 

broadens its application compared to the classical OMA. The enhanced stabilization diagram of 

a mechanical structure was established using acoustic measures by TOMA [55]. Weijtjens et al. 

experimented on a MIMO system using transmissibility functions as well [62]. The combination 

of PSD and TOMA is also considerable for the separation of structural and spurious peaks for 

system dynamics, even in a noisy environment [63]. For the peak selection with the 

transmissibility functions conventionally, it is realized manually. The novel research from Chen 

et al. combined computer vision techniques and machining learning for automated peak-picking 

[64]. To evaluate the accuracy of dynamics identification with TOMA, the identification results 

are compared with the conventional input-output modal analysis using EMA [65]. Considering 

the lack of rigidity for machining robots and the wide application prospects, the dynamic behavior 

                  



within the workspace is monitored with regard to the position and wrist configuration of the 

workspace [66]. However, because of noncoincidence at peak position in vibration response, the 

TOMA may have fictitious identifications of natural frequencies [55,67]. In contrast, the TOMA 

still requires some conditions such that the loadings with multiple colors and positioning must be 

applied, which may be difficult for machine tool applications [68]. To handle the formerly 

mentioned limitations in the conventional TOMA method, LIU et al. attempted an experiment 

with the mode shape compensated TOMA (abbreviated to MS-TOMA in this article) method for 

spindle assembly of a machine tool under single loading [69]. The classical inverse stability 

solution with additional input with vibration transmissibility is then applied for the dynamic 

identification of the spindle under the chatter vibration [70]. However, due to the lack of 

consideration for discontinuous displacement or deformation, the application of these methods 

for in-process identification for machine tool dynamics is difficult to realize.  

For precision machining, the suppression of relative vibration between the tool and workpiece is 

important. Thus, information on system dynamics for the entire machine tool is needed. However, 

the conventional MS-TOMA cannot be applied because the mode shape of the entire machine 

changes. To overcome this problem, the changing of mode shape is estimated primarily in our 

proposed method. For our method, the variations of the mode shape for different machining 

positions were summarized in databases. The estimation of system dynamics was thereafter 

realized by compensating transmissibility with the derived mode shape from databases, referred 

to as mode shape database-based TOMA (MSDB-TOMA). The validity of our method was 

primarily verified with the finite element model (FEM) of a machining center. With the proposed 

method, the system dynamics of the entire machine tool can be estimated for improved machining 

performance. 

The structure of this study is as follows: Section 1 gives the introduction and literature on the 

subject. Section 2 explains the deduction process of the MSDB-TOMA method. Section 3 first 

                  



discusses the verification process of the TOMA method on machine tools, and thereafter, presents 

the experimental settings as segments of movements of each axis. Section 5 presents the results, 

and finally, Section 6 discusses the future scope and concludes the study. 

2. Proposed method and calculation 

In this section, the proposed method for in-process dynamics estimation for machine tools is 

explained, with the definition of the transmissibility function introduced first. Then, the derivation 

of mode shape as well as the principle of mode shape compensation for the transmissibility are 

discussed. Finally, the establishment of a mode shape database for component movements under 

the same vibration reference is presented. The implementation procedure of the proposed MSDB-

TOMA method for dynamics estimation is summarized as well at the end of this section. 

2.1 Definition functions of TOMA method 

When we consider the vibration response of a system or structure, the FRF is often used, which 

is defined as follows: 

𝐻𝑖𝑘(𝑠) =
𝑋𝑖(𝑠)

𝐹𝑘(𝑠)
=

𝐵𝑖𝑘(𝑠)

𝐴(𝑠)
= ∑

𝛼𝑖𝑘,𝑟+𝛽𝑖𝑘,𝑟𝑠

𝑠2+2𝜁𝑟𝜔𝑛,𝑟𝑠+𝜔𝑛,𝑟
2 = ∑

𝜙𝑖𝑟𝜙𝑘𝑟

(𝑠−𝜆𝑟)(𝑠−𝜆𝑟
∗)

𝑁
𝑟=1

𝑁
𝑟=1                            (1) 

where, for 𝑟𝑡ℎmode of the system, the characteristic equation 𝐴(s) consists of the vibration 

modes of the system;  𝜆𝑟 and 𝜆𝑟
∗  are the characteristic roots. The residual 𝐵𝑖𝑘(𝑠), which can be 

expressed as the product of mode shapes 𝜙𝑖𝑟 and 𝜙𝑘𝑟, is dependent on the loading position k and 

measurement position i.  

Let us assume the numerator as output and the denominator as input in FRF equations. Because 

from the theory of TOMA, the vibration output information is solely employed to predict the 

dynamic characteristics of the system, as the transmissibility functions are shown in Eq.(2). 

𝑇𝑖𝑗
𝑘(𝑠) =

𝑋𝑖(𝑠)

𝑋𝑗(𝑠)
=

𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)

𝐻𝑗𝑘(𝑠)𝐹𝑘(𝑠)
=

𝐵𝑖𝑘(𝑠)

𝐵𝑗𝑘(𝑠)
 

(2) 

In addition, there exist numerous definitions of transmissibility functions based on the number of 

degrees of freedom (DOF) of the system and the selection of the denominator as the reference 

                  



output [71]. In this study, we assumed the denominator to be the output from the referenced 𝑗𝑡ℎ 

measurement position in the experiment. 

With k indicating the position of loading, the vibration outputs on the numerator and the reference 

output on the denominator of this equation are collected. Further, for the pairs of vibration outputs, 

their positions of measurement should neither be significantly far apart nor be close to each other 

to produce a numerical difference for transmissibility functions. 

When the system is under a complicated loading condition, the transmissibility function can be 

written as: 

𝑇𝑖𝑗
𝑘(𝑠) =

𝑋𝑖(𝑠)

𝑋𝑗(𝑠)
=

∑ 𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

∑ 𝐻𝑗𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

  

 

(3) 

 

In this case, the positions and amplitudes of unknown forces 𝐹𝑘(𝑠) are collected with the total 

number 𝑁𝑖𝑛𝑝. For measured loads at different positions in the transmissibility function, the forces 

are given as correlated distributed loads at both the numerator and the denominator.  

In Eq.(3), the comparison pair of vibration is composed of the  𝑖𝑡ℎ and 𝑗𝑡ℎ measurements under 

the loading  k. To derive the mode shape of this comparison pair, the extreme expression can be 

deduced as follows: 

lim
𝑠→𝜆𝑚

𝑇𝑖𝑗
𝑘(𝑠) =

∑ lim
𝑠→𝜆𝑚

𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

∑ lim
𝑠→𝜆𝑚

𝐻𝑗𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

=
∑ lim

𝑠→𝜆𝑚
(𝑠−𝜆𝑚)𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)

𝑁𝑖𝑛𝑝
𝑘=1

∑ lim
𝑠→𝜆𝑚

(𝑠−𝜆𝑚)𝐻𝑗𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

=

∑ ∑ lim
𝑠→𝜆𝑚

(𝑠−𝜆𝑚)
𝜙𝑖𝑟𝜙𝑘𝑟

(𝑠−𝜆𝑟)(𝑠−𝜆𝑟
∗)

𝑁
𝑟=1

𝑁𝑖𝑛𝑝
𝑘=1

∑ ∑ lim
𝑠→𝜆𝑚

(𝑠−𝜆𝑚)
𝜙𝑗𝑟𝜙𝑘𝑟

(𝑠−𝜆𝑟)(𝑠−𝜆𝑟
∗)

𝑁
𝑟=1

𝑁𝑖𝑛𝑝
𝑘=1

=
𝜙𝑖𝑚

𝜙𝑗𝑚

∑
𝐿𝑘𝑚

(𝑠−𝜆𝑟
∗)

𝑁𝑖𝑛𝑝
𝑘=1

∑
𝐿𝑘𝑚

(𝑠−𝜆𝑟
∗)

𝑁𝑖𝑛𝑝
𝑘=1

=
𝜙𝑖𝑚

𝜙𝑗𝑚
  

(4) 

This can be considered the mode shape for 𝑖𝑡ℎ  and 𝑗𝑡ℎ  measurements under the 𝑚𝑡ℎ  mode. 

Furthermore, from the extreme expression, the former transmissibility equation can be replaced 

by the sum of the limit values and an addition of an infinitesimal quantity in Eq.(5). 

𝑇𝑖𝑗
𝑘(𝑠) =

𝜙𝑖𝑚

𝜙𝑗𝑚
+ 𝜀𝑖𝑗

𝑘 (𝑠)      (5) 

                  



The addition 𝜀𝑖𝑗
𝑘 (𝑠) tends to zero when s tends to 𝜆𝑚. 

With the knowledge of transmissibility for different output pairs, the former residuals 𝐵𝑖𝑘(𝑠) can 

now be used to estimate the system response peaks just as 𝐴(𝑠) does. For the system reaching its 

𝑚𝑡ℎ mode when 𝑠 → 𝜆𝑚, the transmissibility tends to reach its limit, as depicted in Fig.1. 

 
Fig.1 Performance of dynamics estimation with TOMA for a cantilever beam model: (a) 

logarithmic transmissibility capable of representing vibration modes, (b) The FEM model with 

mesh cut, applied excitation force and selection of vibration measurement points, (c) harmonic 

components for  𝐹1. 

                  



 

The performance of the transmissibility function for a cantilever beam model was considered as 

an example. As we can see in Fig.1(a), the logarithm value for the transmissibility value, which 

is the ratio of two different measured responses, reached the limitation as expressed in Eq.(4) and 

Eq.(5) for the same system vibration mode. The vibration outputs expressed in Eq.(3) were 

measured for the load, 𝐹1, and the vibration measurement points were named as 𝑋𝑖 with their 

positions depicted in Fig.1(b). The harmonic components for the applied load 𝐹1 are presented in 

Fig.1(c). The limitations for every two pairs of vibration measurements, decided by the bending 

mode of the structure or the system, are called mode shape. 

 

2.2 Compensation theory 

 

For traditional TOMA methods, the prediction of dynamic characteristics was realized by taking 

the difference in transmissibility functions under two different loads [55]. Yet this request can 

hardly be satisfied for machine tools due to the blurring of load change boundaries. The use of 

mode shape compensation was then developed for the application of transmissibility functions in 

these kinds of situations [69]. This means the former assumption of varied loads that need to be 

satisfied for the use of conventional TOMA, as mentioned in the beginning of this article, can 

now be ignored under wider circumstances. Hence, in our case, the proof of the proposed MSDB-

TOMA methods on a machine tool was expressed using a FEM model under certain set loading 

conditions, which remained unchanged during the simulation, and the transmissibility function as 

Eq.(5) under a certain load was then enough for system dynamics estimation.  

Meanwhile, the detection of dynamics with the mode shape of every pair reaching the limitations 

for transmissibility can be realized more easily for the unity value for mode shape compensated 

                  



transmissibility.  

The expression of the mode shape compensated transmissibility function is shown in Eq.(6). 

𝑇𝑖𝑗
𝑚𝑝𝑐(𝑠) =

𝜙𝑗𝑚

𝜙𝑖𝑚
× 𝑇𝑖𝑗

𝑘(𝑠) =
𝜙𝑗𝑚

𝜙𝑖𝑚
(
𝜙𝑖𝑚

𝜙𝑗𝑚
+ 𝜀𝑖𝑗

𝑘 (𝑠)) = 1 +
𝜙𝑗𝑚

𝜙𝑖𝑚
𝜀𝑖𝑗

𝑘 (𝑠) (6) 

This equation uses the reciprocal of the limitation of transmissibility between I and j measures; 

the value for this equation will approach one when the system is in its 𝑚𝑡ℎ mode as mentioned in 

Eq.(7). In addition, this property is the same for any combination of two measurements. 

lim
𝑠→𝜆𝑚

𝑇𝑖𝑗
𝑚𝑝𝑐(𝑠) = lim

𝑠→𝜆𝑚

(1 +
𝜙𝑗𝑚

𝜙𝑖𝑚
𝜀𝑖𝑗

𝑘 (𝑠)) → 1      (7) 

For all the combinations of measurements, the mode shape compensated transmissibility values 

are equal to one for certain modes. Hence, when the system reaches its 𝑚𝑡ℎ mode, all the values 

of Eq.(7) for 𝑖𝑡ℎ  and 𝑗𝑡ℎ  measurements are the same and the curves of their transmissibility 

intersect with each other at the frequency of 𝑚𝑡ℎ mode as depicted in Fig.1. With this property of 

both the curve and the function of transmissibility after mode shape compensation, we can trace 

the characteristic change of system dynamics more precisely and rapidly.  

 

2.3 Introduction of mode shape database 

The application to estimating machine tool dynamics, which is the basis of our method that was 

explained in the previous section, can still not be realized. This is because the deformation and 

displacement of the entire machine tool are changed by the movements of components, which do 

not comply with the assumption of the MS-TOMA proposed by Liu and Altintas [69]. To use the 

theory of mode shape compensation for the correct estimation of the dynamic performance of the 

system, we extended the method to one called MSDB-TOMA, which estimates system dynamics 

by measuring vibration outputs on any part of the entire machine tool and compensates 

transmissibility functions using mode shape derived from the pre-built database.  

                  



To establish the mode shape database for our method, firstly, all the components of mode shape 

and their derivation are discussed. 

In Eq.(8), the mode shape of all possible combinations of n number of measurements and N modes 

is listed. 

Φ =

[
 
 
 
 

𝜙11 𝜙12 ⋯ 𝜙1 𝑁−1 𝜙1 𝑁

𝜙21 ⋱ ⋯ 𝜙2 𝑁−1 𝜙2 𝑁

⋮ ⋮ ⋱ ⋮ ⋮
𝜙𝑛−1 1 𝜙𝑛−1 2 ⋯ ⋱ 𝜙𝑛−1 𝑁

𝜙𝑛 1 𝜙𝑛 2 ⋯ 𝜙𝑛 𝑁−1 𝜙𝑛 𝑁 ]
 
 
 
 

   
(8) 

This mode shape matrix was calculated from the transmissibility matrix based on Eq.(7) under 

the loading condition, 𝐹𝑘(𝑠), which is specified in Eq.(9) for all the elements in the matrix.  

�̃� =

[
 
 
 
 
 
 
 

𝑙𝑖𝑚
𝑠→𝜆1

𝑇1𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆2

𝑇1𝑗
𝑘 ⋯ 𝑙𝑖𝑚

𝑠→𝜆𝑁−1

𝑇1𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆𝑁

𝑇1𝑗
𝑘

𝑙𝑖𝑚
𝑠→𝜆1

𝑇2𝑗
𝑘 ⋱ ⋯ 𝑙𝑖𝑚

𝑠→𝜆𝑁−1

𝑇2𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆𝑁

𝑇2𝑗
𝑘

⋮ ⋮ ⋱ ⋮ ⋮
𝑙𝑖𝑚
𝑠→𝜆1

𝑇𝑛−1 𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆2

𝑇𝑛−1 𝑗
𝑘 ⋯ ⋱ 𝑙𝑖𝑚

𝑠→𝜆𝑁

𝑇𝑛−1 𝑗
𝑘

𝑙𝑖𝑚
𝑠→𝜆1

𝑇𝑛 𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆2

𝑇𝑛 𝑗
𝑘 ⋯ 𝑙𝑖𝑚

𝑠→𝜆𝑁−1

𝑇𝑛 𝑗
𝑘 𝑙𝑖𝑚

𝑠→𝜆𝑁

𝑇𝑛 𝑗
𝑘

]
 
 
 
 
 
 
 

 (9) 

In this study, we verified our method primarily with the FEM, where the excitation remained 

unchanged, and all the systems were assumed to be linear.  

By dividing each component of the transmissibility matrix with the corresponding referenced 𝑗𝑡ℎ 

measurement as depicted in Fig.(10), the regulated mode shape database can be established from 

Eq.(8) –Eq.(9). 

𝜙𝑗 = [𝜙𝑗1 𝜙𝑗2 ⋯ 𝜙𝑗𝑁]  (10) 

 

With these calculations, the method MSDB-TOMA can now be applied for the estimation of 

machine tool dynamics during machining. As for the validation processes of the proposed method, 

the characteristic performance of the mode shape database was primarily discussed, and the 

compensation effect for system dynamics estimation was proved for each axis. Thereafter, the 

two-dimensional curve for mode shape in the X-Y plane was analyzed as well. 

                  



The entire procedure and the practical use of the MSDB-TOMA method are depicted in Fig.2. 

The mode shape database for the possible component movements of a cutting process was 

prepared first with vibration data collected from the targeted movement range and the absolute 

coordinates for cutting positions. Thereafter, the real-time positioning of the cutting tool was 

obtained, and it was then considered as the input parameter for the matching process in the 

database. Later, the vibration responses collected by vibration sensors or accelerometers in real-

time were used to calculate the transmissibility functions, and the estimation of system dynamics 

was realized thereafter. Finally, with the system dynamics parameters including natural frequency, 

mode shape, and so on output by our proposal, the compensating motion can be expected to act 

as the vibration feedback. 

                  



 
Fig.2 Structure of the MSDB-TOMA method. 

 

3. Experimental setting 

In this section, the experimental setting, including the excitation definition, the selection of 

vibration measurement points, and the samplings for the mode shape database, are discussed. 

Based on the idea of derivation of mode shape database with the component movements, the 

sampling for mode shape database is determined separately for the move along a single axis and 

                  



a two-dimensional move for the mimic of plane processing is realized.  

3.1. Initial setting in FEM 

As we discussed in Section 2, the characteristics of the applied force in simulation are depicted 

in Fig.3. The simulation model we used in this article was built in 3DExperience R2021x based 

on the actual machining center (MM100neo from IWAMA Co., Ltd.) as shown in Fig.3(a). The 

model is simplified with components for movement transmission only. This is because when the 

other parts of the machine shake aside from the motor control unit, including the bump, handle 

controller, etc., the influence of the vibration on the machining is negligible.  

The fundamental components of this machine are illustrated with captions nearby the FEM. The 

machining center we applied can realize five-axis cutting with an additional B-axis and A-axis 

for the workpiece to move along the machining process. For the preliminary use of this machining 

center, the milling process is mainly used. Therefore, all the descriptions of machining or cutting 

in this article refer to milling. 

                  



 
Fig.3 Experimental settings for the validation of the proposal: (a) the real machine 

structure, as well as the simplified 3D model with compositions indicated, (b) Selection of 

measurement points and load positions on the FEM of machine tool, (c) the different harmonics 

for the applied forces 𝐹1 and 𝐹2 in simulation to mimic the harmonics in real cutting forces. 

 

For the TOMA calculation, a total of 10 measurement points were selected all through the FEM 

of the machine tool, as indicated by the red points in Fig.3(b). The selected points mainly lay on 

the tool, holding arm of the spindle, and worktable. For the following contents of this study, the 

first four measurements are mainly considered for the assessment of the performance of the mode 

shape database. As a result, the first four measurements are denoted by positions in Fig.3(b). The 

first one of the 10 vibration measurements lies at the center of the worktable. The second 

measurement position lies at the side plane of the connection between the Y-axis base and the 

                  



worktable, and the third and fourth points were set as the base of the Z-axis for the machining 

center. 

The load applied in the modal analysis was set as forces with different harmonic components, 

namely, 𝐹1 and 𝐹2 as shown in Fig.3(c). The forces were all set along the Z-axis given the main 

vibration source of the machine tool being cutting force also in the spindle direction (which, in 

this case, is the Z-direction) during the operation. The load, 𝐹1, is the simulation of the braking 

force for the Z-axis motor, and the load 𝐹2 can be viewed as the reaction force of the cutting force. 

Because the real deformation and displacement caused by vibration are so small, the loads in the 

simulation were set to be slightly larger than the actual cutting to produce significant changes, 

while the theory of transmissibility could still be used to estimate system dynamics regardless of 

the magnitude of the forces. The harmonic components for 𝐹1 and 𝐹2 were randomly determined 

without knowledge of specific motor types for linear axes as well as spindles. 

With these initial settings for the validation experiment, the direct modal analysis based on the 

random vibration response, as well as the forced vibration analysis, can be realized in the 

simulation software. The vibration data collection can also be implemented for the calculation of 

the conventional TOMA or MS-TOMA method. The performance of the conventional output-

only dynamic estimation method can be assessed by comparing it to simulation results. However, 

the dynamic variation of the system vibration modes because of cutting position changes is also 

vital for the in-process assessment of the vibrations. To properly handle this problem, the 

establishment of a mode shape database based on the movements of machine components is 

inevitable as per our proposal. Hence, the movement trajectories of machine components are 

discussed as well. 

3.2. Database element setting for machine tool 

For the most fundamental machining forms of the applied machining center, a cut along a straight 

line or a cut in a plane is considered. Consequently, the mode shape databases are created for both 

                  



single-axis movements and plane movements. Considering the most commonly used milling for 

the machine and the validation convenience, four movement strategies are applied as shown in 

Fig.4. In the first stage of verification, the interval between each element in the database was set 

as 5 mm. This scaling choice of a database can be modified based on the accuracy requirement 

for predicting system dynamics. During the first stage of verification experiments of the MSDB-

TOMA method, the databases of mode shape are evaluated for moves of X, Y, and Z separately, 

and for movements in the X-Y plane. The moving components for each case, the moving stroke, 

the sampling selections, as well as the test point choices for the assembly model are depicted in 

Fig.4 as well. 

                  



 
Fig.4 Sampling points as well as test points for the proposal based on individual 

movement directions and the strokes: (a) Mobile parts for the Z-axis move, (b) Mobile parts 

for the X-axis move, (c) Mobile parts for the Y-axis move, (d) Mobile parts for the move in X-

Y plane and the corresponding selection for sampling points and test points depicted in (e), (f), 

(g), (h). 

 

The most obvious influence of dynamics characteristics is the movement of the Z-axis assembly, 

as shown in Fig.4(a). This is because Z-axis movements result in the most prominent change in 

                  



the position of the center of gravity, given that the Z-axis is aligned to the gravity direction in our 

case. The stroke of the mode shape database in the Z-axis is set from 0 𝑚𝑚 – 60 𝑚𝑚 with an 

interval of 5 𝑚𝑚, and in each gap, a test movement was selected as depicted in Fig.4(e).  

For the X- and Y-axes assembly of the machine we used, the maximum stroke was selected to be 

−50 𝑚𝑚 – 50 𝑚𝑚 and −80 𝑚𝑚 – 20 𝑚𝑚 separately considering the initial coordinates of every 

component. The corresponding moving parts for the X and Y axes are presented in Fig.4(b) and 

Fig.4(c). The sampling selections of each database and the randomly chosen test points in each 

segment for scaling of 5 mm are illustrated in Fig.4(f) and Fig.4(g). The test points are used for 

the evaluation of mode shape matching performance with the database. When an individual move 

direction from X, Y, and Z directions for the assembly model is considered, the coordinates of the 

remaining two axis directions are kept to zero during the experiment. 

Since the most common cutting plane of this machine is X-Y plane, the two-dimensional (2D) 

performance of mode shape variety was evaluated as well. The moving components and the 

selection of sampling for the 2D database are depicted in Fig.4(d) and Fig.4(h). The sampling for 

the X-Y plane was set in the range of X: −20 𝑚𝑚 – 20 𝑚𝑚 and Y: −20 𝑚𝑚 – 20 𝑚𝑚 with the 

gap of 5 𝑚𝑚. The test of mode shape database performance for the X-Y plane, however, can be 

much simpler now with the proof of single-axis performance. Thus, one test point with randomly 

selected coordinates (-7.3, -13.70) was randomly selected for the validation as indicated in 

Fig.4(h).  

For the absolute coordinates of the cutting position changes, the values for single-axis movements 

as well as movement in the X-Y plane are depicted in Table.1. 

Table.1 Sampling points and test points selection for different movement trajectories 

Sampling for single-axis movement 

X -50 -45 -40 -35 -30 -25 -20 -15 -10 -5 0 5 10 15 20 25 30 35 40 45 50 

Y -80 -75 -70 -65 -60 -55 -50 -45 -40 -35 -30 -25 -20 -15 -10 -5 0 5 10 15 20 

                  



Z 0 5 10 15 20 25 30 35 40 45 50 55 60         

Test points 

X -48 -42.1 -36.7 -32 -27.5 -22.3 -17 -13.6 -8.2 -4 4.2 8 12.5 17.7 23.1 28.3 33.5 37.6 43.1 47.2  

Y -79 -72 -68 -62.8 -56.5 -54 -46.6 -44.1 -38.1 -32.5 -26.7 -21 -17.8 -13.3 -6 -4 3.4 7.5 13 17.4  

Z 1.5 8 12.7 16.6 21 26.5 33.1 37.5 42 45.4 51.9 57.3          

Sampling for movement in X-Y plane 

X -20 -15 -10 -5 0 5 10 15 20             

Y -20 -15 -10 -5 0 5 10 15 20             
 

 

The dynamics variation caused by cutting position movements can be assessed using the 

samplings and test points determined in Fig.4 and the excitation forces and vibration measurement 

points selected in Fig.3(b). With the experiment setup in this section, the validation of the MSDB-

TOMA is realized by, first, the evaluation of the matching performance of the mode shape from 

the database based on the absolute coordinates for every component of the machine. With the 

premise of the mode shape database having good matching characteristics, the estimation 

accuracy for the varied dynamics caused by component movements during the machining is then 

assessed as well. 

4. Results and discussion 

Based on the procedure of dynamic estimation with the proposed method as depicted in Fig.2, the 

experimental results as well as the validation of the proposal feasibility are expected in this section. 

With the proposed MSDB-TOMA, the performance of matching mode shape from random test 

position into the pre-built database is first evaluated for four different movement trajectories. 

After that, with the conclusion of good matching behavior of mode shape with the consideration 

of cutting position variance, the natural frequencies identified with the proposed method are 

compared with the real value from modal analysis in simulation. 

                  



4.1 MS-TOMA for the entire device 

Though theoretically feasible for multiple DOF systems such as the machine tool, the excitation 

is given in a single condition. The validation needs to be done before the implementation of the 

proposed MSDB-TOMA. To do this, the feasibility of MS-TOMA was first checked without 

component movements. The transmissibility functions were calculated for 10 measurements that 

were selected from the tool assembly and worktable as depicted in Fig.3(b). The transmissibility 

performance was calculated and three curves were drawn as depicted in Fig.5(a) for the X, Y, Z-

axes from top to bottom respectively. Further, the transmissibility compensated by the first mode 

shape was calculated at the same position with results depicted in Fig.5(c). To evaluate the effect 

of MS-TOMA, the estimation of the first mode of the machine tool was discussed with the 

transmissibility curves emphasized in the red box and blue box for the frequency range of 160 Hz 

–240 Hz (range of first mode for the used machine tool) in Fig.5(b) and Fig.5(d) separately. The 

positions were selected for the fourth sampling that is listed in Table 1 for each X-, Y-, and Z- axis. 

                  



 
Fig.5 Dynamics recognition with conventional TOMA and MS-TOMA are compared in 

three directions: (a) transmissibility functions in three directions with vibration 

measurements, (c) transmissibility compensated by mode shape derived from the limitation for 

a specific mode, (b) and (d) focus on the values of transmissibility in the frequency range of 

160 Hz –240 Hz, with the enlarged images, the recognition of vibration modes can be 

recognized with the intersection of curves. 

 

As we can see, the transmissibility curves maintain their own values depending on the 

combination of positions from which vibration response is taken in the red box as depicted in 

                  



Fig.5(b), which makes the estimation of the first mode of system dynamics difficult, whereas, in 

the blue box in Fig.5(d), the intersection of all transmissibility curves is much more evident to 

predict system response peaks after the compensation process of the mode shape. In addition, the 

value of the compensated transmissibility is zero after the logarithm calculation above 10.  

With the above calculation, we can conclude the feasibility of MS-TOMA as a machine tool 

without any component movements. However, as we can see, the natural frequencies of the first 

mode for the fourth sampling of X, Y, and Z showed different values in Fig.5(b) and Fig.5(d). This 

difference is reasonable considering that their chosen coordinates and displacement directions 

relative to the initial state are different. Conversely, these differences in Fig.6 are the fundamental 

anchor of the requirements of mode shape database preparation for predicting vibration. Also, in 

real machining, the positioning change of components is inevitable, making the development of 

methods like MSDB-TOMA necessary and urged under this background.  

With the feasibility of MS-TOMA for the dynamics estimation of machine tools being proved, 

the realization with MSDB-TOMA based on the consideration of cutting position changing is 

implemented. The experimental results, including the performance of the mode shape matching 

from the database and the estimation of machine tool dynamics after component movements, are 

presented separately for the single axis moving and the 2D moving. 

4.2. Database performance with component movements 

Using the selected sampling points of the database in each axis as listed in Table 1, the mode 

shape curve of the first mode can be drawn. All of the mode shapes are calculated with the 

limitation equation of transmissibility as Eq.(11), which is derived from Eq.(4). The mode 

analyzed in the experiment is the first mode, with the limitation picked when 𝑠 → 𝜆1.  

lim
𝑠→𝜆1

𝑇𝑖1
𝑘(𝑠) =

∑ lim
𝑠→𝜆1

𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)2
𝑘=1

∑ lim
𝑠→𝜆1

𝐻1𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

=
∑ lim

𝑠→𝜆1
(𝑠−𝜆1)𝐻𝑖𝑘(𝑠)𝐹𝑘(𝑠)2

𝑘=1

∑ lim
𝑠→𝜆1

(𝑠−𝜆1)𝐻1𝑘(𝑠)𝐹𝑘(𝑠)
𝑁𝑖𝑛𝑝
𝑘=1

= (11) 

                  



∑ ∑ lim
𝑠→𝜆1

(𝑠−𝜆1)
𝜙𝑖𝑟𝜙𝑘𝑟

(𝑠−𝜆𝑟)(𝑠−𝜆𝑟
∗)

𝑁
𝑟=1

2
𝑘=1

∑ ∑ lim
𝑠→𝜆1

(𝑠−𝜆1)
𝜙1𝑟𝜙𝑘𝑟

(𝑠−𝜆𝑟)(𝑠−𝜆𝑟
∗)

𝑁
𝑟=1

2
𝑘=1

=
𝜙𝑖1

𝜙11

∑
𝐿𝑘𝑚

(𝑠−𝜆𝑟
∗)

2
𝑘=1

∑
𝐿𝑘𝑚

(𝑠−𝜆𝑟
∗)

2
𝑘=1

=
𝜙𝑖1

𝜙11
  

 

For the 10 vibration measurement points as shown in Fig.3(b), three of them were selected to 

draw the mode shape characteristics as depicted in Fig.6. Herein, the reference output was set as 

the first one of the 10 selected outputs. The curves in Fig.6 were drawn by sampling, and the red 

dots are actual values of mode shape for test points with modal analysis in software. 

                  



 

                  



Fig.6 Matching performance of mode shape database for (a) X-axis, (b) Y-axis and (c) Z-

axis, with the red dots presenting the mode shape value of test points from the analysis in FEM 

and the black line expressing the database for mode shape variation built with selected 

sampling. 

 

The performances of X-, Y-, and Z-axes are separately shown in (a), (b), and (c), respectively, of 

Fig.6. As depicted in Fig.6, the values of test points were in good agreement with the curve drawn 

from sampling in total. Because the reference output in the calculation was selected to lie at the 

first measurement point, the first mode shape values for ratio of 𝑋1(𝑠)/𝑋1(𝑠) remained constant 

as one, and the curves for each axis are described in Fig.6. The performance of 𝑋2(𝑠)/𝑋1(𝑠) and 

𝑋3(𝑠)/𝑋1(𝑠)was extracted as ∅21 and ∅31 in this figure. 

For movements in different directions, the law of mode shape changing also differed. For X-axis 

in Fig.6(a), the value of mode shape ∅21  first decreased until approximately −10 𝑚𝑚  then 

increased until 50 𝑚𝑚. The value of ∅21 for −50 𝑚𝑚 and 50 𝑚𝑚 were almost the same with a 

mere difference of 2.3 × 10−3. Meanwhile, the behavior of ∅31 shows opposite tendency with 

∅21 with the turning point moving slightly right in the graph. The difference between −50 𝑚𝑚 

and 50 mm being −3.7 × 10−3, given the initial status of 0 𝑚𝑚 in X-axis direction may not be 

the absolute center for the two sides with strokes of 50 𝑚𝑚. 

In addition, we know that the variation of the center position has a considerable influence on the 

dynamic characteristics of the system. As for the performance of the Y-axis in Fig.6(b), the value 

of ∅21 increased and the value of ∅31 decreased slowly in the range of −20 𝑚𝑚 – 80 𝑚𝑚. This 

is because the sloping trend of the entire X and Z components, all of which lie on the base of Y, 

stays in the same direction. The machine always tends to change the center of gravity in the 

counterclockwise rotation direction of the X-axis during the movement. It is also the case for Z-

axis movements with ∅21 decreasing slowly and the ∅31increasing almost linearly from the initial 

                  



Z coordinate to 60 𝑚𝑚 in Fig.6(c). The differences between the two edges of each mode shape 

database were calculated with the value on the right subtracted by the value on the left. The total 

difference for ∅21  in the Y-axis was −0.15 , whereas the difference for ∅31  was 1.72 . The 

difference for ∅21 in the Z-axis was 0.02, whereas the difference for ∅31 was −0.12. Apart from 

the performance of mode shape with samplings of the database, the matching performance of 

selected test points for the individual axis was in good agreement with the database; however, it 

showed some deviation in the range of 0 𝑚𝑚 – 20 𝑚𝑚 in the Z-axis. This may have been caused 

by the variation in the joint points on the mesh of different components with the movement in the 

Z-axis and the variation of connection forms of different parts. However, with proper mesh size 

and joint setting, data matching performance for the Z-axis, and assistance from the performance 

of the X- and Y-axes databases, we can conclude that the use of mode shape databases for 

machining with position change for the individual axis of machine tools is feasible. 

Meanwhile, for the usual application of cutting in the X-Y plane, the mode shape database for a 

stroke of −20 𝑚𝑚 – 20 𝑚𝑚 with intervals of 5 𝑚𝑚 was built and several test points were made. 

The performance is depicted in Fig.7. 

 

                  



Fig.7 Database for mode shape ∅𝟐𝟏, ∅𝟑𝟏, and ∅𝟒𝟏 in the X-Y plane, with the performance 

of the mode shape matching for a test point (-7.3, -13.7). 

 

From this figure, we can see that the behavior of the mode shape of the test point shows good 

agreement with the value from the database in the X-Y plane as well. This database of mode shapes 

is made with a total of 81 samples in the stroke from −20 𝑚𝑚 – 20 𝑚𝑚 for both X -and Y- axes. 

The specific values of the mode shape for the test point were marked for better observation. In 

the former discussion of the mode shape database for individual axes, we know that the value of 

mode shape ∅11 remained one for all positions, so we need not put it again in Fig.7. Instead, the 

performance of 𝑋4(𝑠)/𝑋1(𝑠) is evaluated in Fig.8 as mode shape ∅41.  

For the trend of different mode shapes, the performance of ∅31 and ∅41 were similar: increased 

along the Y-axis and decreased along the X-axis. Meanwhile, the curve for mode shape ∅21 

behaved differently. The tendency of change for ∅21 demonstrated the exact opposite compared 

to ∅31 and ∅41. This was caused by the different positions of measurement points, as depicted in 

Fig.3(b). The curve drawn with cubic interpolation of the data at sampling points, however, seems 

to be rough, which may be adjusted by improving the calculation algorithm. However, for proving 

the feasibility of the proposed method, we believe that this result is sufficient to illustrate the 

problem.  

With the basic principle of the application of the mode shape database, the movements of cutting 

positions can be captured with the variation of mode shape. With the good matching performance 

of the mode shape database for both single-axis movement and 2D movement shown in Figs.6 

and 7, we can conclude that the use of the mode shape database for estimating dynamics during 

machining with proper component movement handling is feasible. 

                  



4.3. Validation of mode shape compensated TOMA for dynamic 

estimation 

The effects of matched mode shape from the database on the estimation process of system 

dynamics were evaluated as well. Fig.8 depicts the performance of transmissibility with the initial 

mode shape and the one matched from pre-built databases for each separated axis. 

 
Fig.8 Dynamics estimation performance with the MSDB-TOMA method for the dealing 

of movements in single axis: the behavior for dynamics estimation for the initial cutting 

                  



position with conventional MS-TOMA, the performance of MS-TOMA for the estimation of 

dynamics after a random movement implemented, and the dynamics identification with 

MSDB-TOMA with the matching of mode shape from database to handle the cutting position 

or posture change of machine tool for are compared for (a) X-axis, (d) Y-axis, and (g) Z-axis 

movements separately. For each axis, the transmissibility performance in the frequency range 

of 160 Hz –240 Hz is depicted in (b), (e), (h), and the actual natural frequency derived from 

modal analysis simulation with FEM is presented in (c), (f), (i) for both the initial position and 

the randomly picked test position. 

 

For the transmissibility curves in Fig.8, the initial values compensated by the initial mode shape, 

the test values compensated by the initial mode shape, and the test values compensated by the 

mode shape matched from the database at the test position are shown from the top to bottom. The 

specific performances within the range of 160 Hz –240 Hz are zoomed in Fig.8(b), Fig.8(e), and 

Fig.8(i). 

As we can see, the behavior of dynamic characteristics estimation by means of MSDB-TOMA 

for test points of individual X, Y, Z axes demonstrated good consistency with the modal analysis 

results of the first mode. For Fig.8(a), with movements in the X-axis, the value of natural 

frequency calculated from transmissibility with the assumption that mode shape remains 

unchanged as Liu et al. mentioned in [69], which is the value shown in Fig.8(b) as 186.2 Hz. 

Although this value is very close to the actual value of 186.369 Hz as shown in Fig.8(c), it is still 

different. Furthermore, the reliability of TOMA with the compensation by unchanged mode shape 

is poor, which can be seen in Fig.8(d) and Fig.8(h) as well. In these figures, we can easily notice 

that the estimation with TOMA based on the initial mode shape failed with no intersections shown 

in the graphs.  

In addition, the performance of MSDB-TOMA for 2D dynamics estimation was also analyzed. In 

                  



Fig.9, the initial position is set to be (0, 0) and the test point is set to be (-7.3, -13.70) with the unit 

mm.  

 
Fig.9 Dynamics estimation performance with the MSDB-TOMA method for the dealing 

of movements in the X-Y plane: (a) the behavior for dynamics estimation for the initial cutting 

position with conventional MS-TOMA, the performance of MS-TOMA for the estimation of 

dynamics after a random movement implemented, and the dynamics identification with 

MSDB-TOMA with the matching of mode shape from database to handle the cutting position 

or posture change of machine tool for are compared (b) specified performance in the frequency 

range from 160 Hz –240 Hz, and (c) the actual natural frequencies achieved from simulation 

for both initial position and the randomly picked test position. 

 

For the results shown in Fig.9, the estimation of system dynamics parameters with the use of a 

mode shape database in the X-Y plane was kept consistent with the value generated from modal 

analysis simulation even in the situation where the machine dynamics varied after component 

movements.  

In the circumstances with the component moving, the prediction by the MSDB-TOMA method 

can still work with a maximum error rate of 0.04% for the natural frequencies, which is totally 

acceptable for the validation as we suggested. The influence of these differences can then affect 

the actual vibration movements of the machine tool, depending on the damping of the used 

                  



materials and other nonlinear factors in practice. With the information from system dynamics, the 

machining behaviors can be improved either by compensation motion or by changing cutting 

conditions such as rotating speeds, cutting depth, etc. If required, this error range can be further 

reduced by changing the sampling frequency of the modal analysis simulation and the scaling of 

the database.  

 

5. Conclusions 

In this study, we have proposed a method that uses mode shape matching from a database to 

handle the accurate prediction of the system dynamics, which are varied for the cutting position 

change, as we called MSDB-TOMA. The former unattainable things for estimating the dynamics 

of the entire machine tool, for example, the machining position changing, are now captured by 

the mode shape variation as we proposed. With this method, the system dynamics of the entire 

machine tool can be estimated, which will contribute to better machining. The feasibility of our 

method was verified with an experiment on a FEM of a machining center. The premise of our 

proposal, the accurate matching of mode shape in the database, which expresses the dynamic 

characteristics change because of cutting position movement, is first verified. The performance 

of system dynamics prediction with the MSDB-TOMA for cutting along single axes, including 

X, Y, and Z, and cutting in the X-Y plane was then evaluated for the most commonly used 

machining of the applied machine tool, milling. All experiments were performed in simulation 

with a non-damping model to reproduce all theoretical modes of the machine. With these 

validation experiments, the conclusion of the research can be drawn as: 

1. A novel dynamics estimation method for machine tools is proposed, with the use of a mode 

shape database to measure the variance of dynamics caused by cutting position movements during 

the machining. The validation of the proposed method, as we called it, the MSDB-TOMA method, 

is implemented with the FEM of a real machining center. The estimation results for dynamics 

                  



with the MSDB-TOMA are assessed with high accuracy compared with the values directly 

achieved by modal analysis on the machine model in simulation. 

2. The idea of a mode shape database, for capturing the influence on dynamics changing because 

of cutting position movements, is proposed in this research. With a mode shape database pre-built 

by sampling the movements, the value of mode shape for a random cutting position can be 

achieved by matching from the database. To evaluate the matching performance of the mode 

shape database, four kinds of moving trajectories of machine components are implemented, with 

mode shape calculated by transmissibility for randomly picked test positions compared to the 

value matched from the database. As a result, the mode shape derived from the pre-built database 

showed good agreement with the actual value from the simulation analysis.  

3. The validation of the proposed MSDB-TOMA method for dynamics estimation when cutting 

positions are moved during the machining has been implemented. As a result, the estimation of 

dynamics characteristics as natural frequencies demonstrated a maximum of 0.04% difference, 

with the real values achieved from modal analysis in simulation. We also compared the proposed 

method with conventional output-only methods for dynamics estimation. For the comparison, we 

can conclude with the feasibility and more accurate results of our method in system dynamics 

estimation for machine tools.   

 

Still, there are some places that can be improved by our experiments. In particular, to improve the 

estimation performance, finer scaling selection of the mode shape database, as well as denser 

sampling frequency within modal analysis can be used. The three-dimensional performance of 

dynamics estimation is needed to broaden the application range of our method.  

In this research, the physical connection between the cutter and the workpiece is not included 

because of the uncertainty of cutting tools, workpieces, and specific cutting conditions as the 

                  



depth of cut in reality. The current validation of our proposal is only realized for hypothetical 

machining in simulation software with cutting forces only being considered. Some important 

factors for real machining, such as frictions, material removal to reduce mass, contact stiffness 

variation influenced by different cutting conditions, and nonlinear factors such as lubricant and 

thermal deformation, were all ignored in all verification experiments. These are, however, 

inevitable factors that need to be properly handled when applying our method to real machining. 

Hence, a further modification of the proposal is expected to be made when applying the proposed 

MSDB-TOMA method to real machining. As one of the possible modifications, the revision of 

the mode shape database weighted by different cutting conditions is expected.  

Meanwhile, to use our method for in-process dynamics identification for real machine tools, a 

multiple vibration sensing system is considered innovative, with properties such as timeliness of 

data transfer, high attachment stiffness, low power consumption, and wide bandwidth, which is 

realized as preliminary with a prototype for 12-axial measurement at the current time. For future 

studies, a robust vibration measurement system with an increased number of sensors is expected. 
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