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Abstract

The increasing individualization of products, coupled with a shortage of skilled workers in the fields of science, technology, engineering and
mathematics (STEM), is a challenge for manufacturing companies worldwide. To achieve batch size 1 production without the expertise of longtime
employees, machine tools must be able to automatically optimize machining processes in virtual space prior to execution. This requires simulation
of the machining process. Therefore digital models are needed that represent machine tool and process behavior. However, due to a lack of skilled
workers, these models must be built by the machine tools themselves. Based on a previous publication by Oexle et al., this paper presents a
methodology for automating transfer function estimation using the least squares rational function (LSRF) method combined with coherence-based
pre-filtering and the use of specific weighting filters. Fits >70 % could be achieved on measurement data sets with good coherence. However, for

measurement data sets with poor coherence, good fits are possible but not guaranteed.
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1. Introduction

Increasing product individualization and a persistent short-
age of skilled workers in the fields of science, technology, engi-
neering and mathematics (STEM) are two of the biggest chal-
lenges facing manufacturing today [34, 21, 9]. Both challenges
influence each other. The increasing individualization of prod-
ucts requires batch size 1 production [16]. However, this can
only be realized with the help of skilled workers. Within the
framework of Industry 4.0, it is possible to simulate both pro-
cess and machine behavior to enable automated optimization
of the real process upstream of the production process, mak-
ing it possible to realize batch size 1 production without skilled
workers [16]. As a result, all specified tolerances can be met in
real production from part 1. This significantly reduces the need
for skilled workers and the reject rate of the produced compo-
nents. A central component for the simulation of such process
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and machine behavior are the Digital Twin and Digital Shadow
[5, 4]. However, building the contained digital models needed
to perform the above-mentioned simulations is currently being
done manually [14]. This approach is both time-consuming and
dependent on expert knowledge. In order to avoid the resulting
need to shift skilled workers from the use of machines to the
modeling of process and machine behavior, the digital mod-
els contained in the Digital Twin and Digital Shadow must be
built automatically in the future. For this purpose, a concept
has already been presented by Oexle et al. that allows a milling
machine to automatically build a model of its own machine-
dynamic behavior individually and keep it up-to-date over its
entire lifetime [19]. Figure 1 provides an overview of the ap-
proach presented by Oexle et al. The machine tool’s dynamic
behavior is modeled based on linear time-invariant (LTI) sys-
tems that map autonomously measured compliance frequency
response functions (FRFs) at discrete spatial points in the ma-
chine’s working area. Each of these FRF contains the transmis-
sion behavior from a force excitation at the tool tip to the result-
ing displacement at the spindle nose. The a priori LTI model is
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Figure 1. Methodology presented by Oexle et al. [19] for modeling the individual and lifetime-adaptive dynamic behavior of machine tools. The initial setup of the
machine tool’s a priori LTI models is performed at ¢ = 0 (left side). During the machine tool’s lifetime # > 0, its dynamic behavior changes and the update procedure
is conducted (right side). The scope of this paper is the estimation of a priori LTT model.

built at time # = 0 (Figure 1, left side). During part produc-
tion, the machine records both the force acting on the spindle
and the resulting displacement at the level of the spindle nose
(Figure 1, right side). The displacement of the spindle nose can
then be simulated using the measured force and the estimated
a priori LTI model. It is then compared to the actual measured
displacement. If significant differences are found between the
two displacement time series, the model is assumed to contain
an error. In this case, the model is updated based on measured
data collected during normal machine operation. This concept
has been tested and validated using noise-free synthetic data
obtained from simulation [19].

The aim of this paper is to examine the practical implemen-
tation of the concept using actual measurement data. In partic-
ular, the setup of the a priori LTI model (Figure 1, left side) is
considered. This paper demonstrates the methodology for the
automatic construction of a LTI model in the form of a transfer
function based on a measured FRF.

This paper is structured as follows: Chapter 2 discusses
the current state of the art in modal parameter identification
and mathematical modeling of system behavior in general.
This is followed by Chapter 3, which presents the authors’
own methodology based on the least squares rational func-
tion (LSRF) method (implemented in Matlab’s tfest com-
mand) combined with various pre-filtering using the coherence
of the measured FRFs and the usage of specific weighting fil-
ters. Chapter 4 concludes with a brief summary and outlook for
further work.

Nomenclature

D(s) denominator polynomial of G(s)

G(s) estimated time-continuous transfer function

H(jw;) measured compliance frequency response func-
tionati = 1... Ny sampled frequency points

J cost function

k timestep

N(s) numerator polynomial of G(s)

u measured or simulated force force

W (jw;) weighting filter

y simulated displacement

¥? coherence

Abbreviations

FRAC frequency response assurance criterion

FRF compliance frequency response function

LSRF least squares rational function

LTI linear time-invariant

MDOF multi-degree-of-freedom

NRMSE normalized root mean squared error
SDOF
STEM

single-degree-of-freedom

science, technology, engineering and mathematics
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2. State of the Art

There are several methods to describe a FRF in a mathe-
matical form. Typically, the description of modal models con-
sisting of the modal parameters eigenfrequencies, mode shapes
and modal damping is used because of its intuitive physical
interpretability [31]. Depending on the complexity involved,
they are estimated using one of two methods: the single-degree-
of-freedom (SDOF) and the multi-degree-of-freedom (MDOF)
methods [8]. The most widely used SDOF methods are peak-
picking, circle-fit and line-fit methods [8]. In addition, the two-
stage least squares identification by Altintas is known [1]. All
of these methods have the goal of determining only a single
mode of an FRF at a time, which requires a clear indepen-
dence of its FRF behavior from other modes. If this condition
is not met, MDOF methods are used [8]. The most well-known
of these are the global rational fractional polynomial method
[8], the LSRF method [2], the global singular value decompo-
sition (SVD) method [8], the least squares complex exponen-
tial (LSCE) method [32], the domain least squares complex
frequency (LSCF) method and its polyreference version, the
so-called “PolyMAX” [11, 20] method, and various stochas-
tic subspace identification (SSI) methods [30]. The PolyMAX
method is particularly popular in the field of modal analysis due
to its exceptionally good support for the identification of phys-
ical modes based on a stabilization diagram. However, all of
these methods share a fundamental limitation: at a minimum,
the model order, and thus the number of modes, must be speci-
fied to estimate the modal parameters. In some cases, additional
hyperparameters must also be defined.

Numerous studies have already dealt with the automatic de-
termination of these hyperparameters. Scionti et al. present a
method to eliminate non-physical modes in two steps based
on rules representing human mode selection [26]. Lau et al.
extend this work by presenting a rule-based automatic modal
parameter selection approach [15]. Based on validation experi-
ments with two groups consisting of modal analysis experts and
novices, it was found that an overall productivity gain of 50 %
can be achieved independent of previous knowledge. At a later
stage, Scionti and Lanslots considered various fuzzy c-means
clustering techniques, some in combination with a genetic algo-
rithm and some not, for finding pole candidates [25]. The result
was evaluated as positive in comparison with the poles found
manually by experts. Reyenders et al. were the first to present
an approach that allows fully automated interpretation of sta-
bilization diagrams and thus filtering out physical modes [23].
They set up a three-stage procedure for this purpose. In the first
stage, all modes of a stabilization diagram are classified into
two categories: possible physical modes and certainly spurious
modes. This is done using as many relevant single mode vali-
dation criterias as possible. Modes classified as certainly spu-
rious are removed directly from the stabilization diagram. The
resulting cleaned diagram may still contain spurious modes, so
the remaining modes are classified as possible physical modes.
In the second stage, similar modes of the remaining modes are
clustered together. Hierarchical clustering is used to find similar

modes and group them accordingly. In the third stage, the clus-
ters formed are again divided into the two categories of physi-
cal and spurious modes, and a single mode is derived from each
cluster of physical modes. Neu et al. followed an approach sim-
ilar to that of Reyender et al. [18]. However, they found that
their approach was less sensitive than that of Reyender et al.
Mugnaini et al. later extended the method of Neu et al. [17].
In the studies by Reyender et al., Neu et al. and Mugnaini et
al. the modes found were only validated against manual mode
selection by experts. There was no validation based on the final
reproducibility of the measured FRF. On this basis, Ellinger et
al. presented a method that does not evaluate the accuracy of
the modal parameter estimation, but rather the mapping accu-
racy of the resulting modal model [7]. They used the frequency
response assurance criterion (FRAC) [13] extended by a term
to obtain the smallest possible number of modes. The estima-
tion of the modal parameters for the subsequent construction of
the modal model was performed using the PolyMAX algorithm
combined with Bayesian optimization, which determined a to-
tal of eight hyperparameters. Compared to Matlab’s modalfit
function, similar and in some cases better mode identification
could be achieved, while the computational time was signifi-
cantly reduced.

3. Proposed methodology for estimating a transfer function

In summary, the current state of the art in FRF modeling is
focused on the estimation of modal parameters. This is a rea-
sonable approach, as it offers intuitive physical insights into
the occurrence of vibrations at different frequencies and the
respective components responsible for generating these vibra-
tions [33]. According to the approach presented by Oexle et al.,
which focuses on displacement simulation, a mathematical de-
scription of the FRF is required instead of estimating the modal
parameters [19]. After the estimation of this mathematical de-
scription, in a subsequent step, the displacement simulation is
conducted at the spindle nose based on a time series of force
measurements. In this context, the LSRF method implemented
with the Matlab command tfest [29] is employed as a tool for
estimating a transfer function, as described in detail by Ozdemir
and Gumussoy [2]. The aim of tfest is to minimize the cost
function

Ny

J= 51105‘;);|W(jw,~) G (o) - H (o[, ¢))

where H represents the measured FRF and Ny the number of
frequency points.

The algorithm has several advantages for the application of
the given problem:

1. The result is a estimated time-continuous transfer function
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where N(s) denotes the numerator polynomial and D(s)
the denominator polynomial. After a discretization of (2),
a simulation of the displacement § given a measured or
simulated force input u at time step k& is possible:

k] = apulk] + - - - + a,ulk — n]

. . (3)
= b9k = 1] =+ = by Ik — m].

This mathematical description allows simulation across
multiple transfer functions in the machine’s working area
by using the simulation results y of earlier functions as in-
put for later functions. This is not possible, for example,
when using a state space model to describe the system be-
cause of the non-unique representation of these models.
This is because the states of multiple systems can vary in
size due to the number of poles and, in addition, the phys-
ical meaning of the states is not the same across several
systems. Therefore, it is not possible to transfer one sys-
tem’s final states as the next system’s initial states. Instead,
the states of the subsequent system would first have to be
calculated from the results of the previous system in order
to adopt the initial conditions and thus obtain a continuous
simulation. However, this is more computationally inten-
sive than using (3) in combination with transfer functions.
. In the simplest application of tfest, only two inputs need
to be specified: The data of the measured FRF as com-
plex numbers and the number of poles of the system to
be estimated. The number of zeros is automatically re-
duced by one compared to the number of poles [29]. In
the present case, however, we reduce the number of ze-
ros by three compared to the number of poles. The reason
for this is that in industrial practice, vibration signals are
often recorded with acceleration sensors. Thus, an accel-
erance is calculated as a result of the FRF measurement.
However, since the LSRF method (implemented with the
tfest command in Matlab) is designed to estimate trans-
fer functions based on a receptance FRF, the accelerance
FRF must be converted. This conversion is done by in-
tegrating the accelerance twice in the frequency domain.
To do so, the accelerance FRF is multiplied by (jw;)™2.
However, this procedure artificially creates two spurious
poles in the receptance FRF. This is taken into account
when estimating the transfer function. Two additional ze-
ros are removed. Furthermore, it is possible to specify a
frequency-dependent weighting filter W(jw;) (see (1)) as
an additional input to tfest. The weighting filter can be
used to apply additional influence to the function estima-
tion.

3. The algorithm of the tfest command is highly perfor-
mant and numerically stable at the same time [2]. This
is due to the combination of the Sanathanan and Koerner
iterations (SK) [24, 6], the frequency-domain instrumen-
tal variable iterations (IV) [12] and further mathematical
methods such as domain mapping [22] and measurement
scaling to avoid numerical problems and improve the con-
ditioning number.

The following sections describe in more detail how tfest
can be used and appropriately parameterized to estimate the
transfer function.

3.1. Transfer function estimation considering a coherence
threshold

In the publication by Oexle et al., the suitability of the LSRF
method for mathematical modeling of FRFs was demonstrated
using synthetic data obtained from simulation [19]. However,
these synthetic data sets were completely noise-free. Real-
world measured FRFs based on impact hammer measurements
sometimes show significant noise, as can be seen in Figure 2
in the example of a measured FRF (green curve). The machine
does not show a clear behavior in these frequency ranges. This
is reflected in the coherence y?. The coherence is used to mea-
sure the reliability of the FRF’s measured values [8]. It con-
tains a value between 0 and 1 and is frequency-dependent. For
¥* > 0.8, the associated FRF measurement values can be con-
sidered usable [10]. Accordingly, measurement values with a
coherence y?> < 0.8 are defined as unusable because the ma-
chine does not provide a clear linear response at these frequen-
cies. Thus, building a model based on transfer functions for
these frequencies is not useful. Therefore, all measured values
of a FRF with a respective y? < 0.8 should be excluded from the
transfer function estimation through the LSRF method. Accord-
ingly, these are filtered out of the measurement data before the
LSRF method is applied. However, this also means that the esti-
mated transfer function should later only be used for a displace-
ment simulation at the frequencies where y?> > 0.8 holds. If this
is not observed, displacements may be simulated at frequencies
where the estimated transfer function is not valid. Estimating
the transfer function while considering y> > 0.8 will result in
the system behavior shown in Figure 2 as the blue curve. The
gray-shaded frequency regions in the figure mark frequencies
with 7% < 0.8 and thus are not included in the transfer function
estimation. The number of poles used for the LSRF method was
determined by an exhaustive search algorithm which samples
poles from 4 to 60 and adopts the pole number of the estimated
stable transfer function with the best fit between the green and
blue curves. In addition, the FRF was already filtered with a
10-point centered moving average before transfer function esti-
mation to remove small noise from the measured curve. When
calculating the fit between the measured curve and the curve of
the estimated transfer function, excluding the gray-shaded fre-
quency ranges, the result is a fit of 81.46 %. In contrast to the
FRAC
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Figure 2. FRF of estimated transfer function (blue) based on measured FRF data (green). The frequencies where y> < 0.8 are shaded gray and are not included in
the calculation of the transfer function. Therefore, the same data is used to calculate the fit shown in the figure.
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introduced by Heylen and Lammens [13], which is often
used for such comparisons, the normalized root mean squared
error (NRMSE)

H-G
i [

= 1 - mean(A)] ©)

is used here to calculate the fit value [27]. The advantage of
a fit calculation with (5) instead of (4) is that (4) is insensitive
to constant deviations in the amplitude and phase response [3].
Thus, (5) provides a more sensitive measure for comparing the
FREF of the estimated transfer function with the measured FRF.

3.2. Coherence windowing

Looking more closely at the coherence in Figure 2, it is no-
ticeable that the gray shaded areas sometimes contain narrow
white lines. This is because the coherence value at these points
exceeds the previously defined threshold of > = 0.8, which
means that the measured values at these frequencies are con-
sidered usable. Accordingly, the FRF measurement values at
these frequencies are included in the estimation of the trans-
fer function. The algorithm of the LSRF method tries to fit the
transfer function from the low-frequency poles to the higher-
frequency poles. Accordingly, in this case, it will try to map

measurement values in areas of the FRF that have high noise.
This results in an error that makes it difficult, and sometimes
impossible, to accurately map other frequencies (such as the
frequencies between 150 Hz and 200 Hz in Figure 2). It also un-
necessarily increases the order of the transfer function, making
it more complex. To counteract this problems, two solutions can
be adopted:

1. To avoid overfitting, the number of poles of an estimated
transfer function can be included in the fit calculation [7].

2. Depending on the coherence, not only are measurement
values of the FRF that have a coherence y> < 0.8 not con-
sidered. Instead, each coherence value 72 > 0.8 must have
neighbors within a given frequency window whose coher-
ence is also y?> > 0.8. This ensures that coherence values
¥? > 0.8 are valid.

Solution 1 avoids overfitting the FRF, but it is still not pos-
sible to control which frequency points are used to estimate
the transfer function. In contrast, solution 2 cleans up the in-
put data for the estimation. Accordingly, solution 2 is imple-
mented in the next step. Here, the window size is set to 5 Hz,
which, with a distance of 0.25 Hz between two data points in
the measured FRF, results in a set of 20 neighboring frequency
data points. This ensures, that only FRF values are used for the
transfer function estimation whose corresponding coherence is
consistently y? > 0.8 over a frequency band of this given neigh-
borhood. The result of the estimation is shown in Figure 3. The
fit is improved from 81.46 % to 90.20 % compared to the result
in Figure 2.

In addition, it can be clearly seen that the system behavior of
the estimated transfer function (blue curve) fits very well to the
measured FRF (green curve). In particular, the critical range



F. Oexle et al. | Manufacturing Letters 44 (2025) 1306—-1315 1311

FTTTH ERETTTT R

10—10

Measured FRF H (jw;)
Estimated transfer function G(jw) (fiteonos,windows = 90.20 %)

PRI

Frequency in Hz

Figure 3. FRF of estimated transfer function (blue) based on measured FRF data (green). The frequencies at which the coherence of neighboring frequencies within
a window of at least 5 Hz is ¥ < 0.8 are shaded gray and are not included in the estimation of the transfer function. Therefore, the same data is used to calculate the

fit shown in the figure.

between 150 Hzand 200 Hz in Figure 2 has improved signifi-
cantly.

3.3. Transfer of the methodology to further measuring points
in the machine’s working area

In the previous chapters, it was shown in detail how the accu-
racy of the transfer function estimation using the LSRF method
was significantly increased by pre-filtering the measurement
data using the coherence y>. To test the procedure on other
FRFs, a total of 162 FRFs were recorded within a DMC 60H.
Over a X-travel of 640 mm and a Y-travel of 343.75 mm evenly
distributed impact hammer measurements with force excitation
were performed in the X, Y and Z directions and FRFs calcu-
lated. Subsequently, the transfer functions were estimated using

Fit to H(y* > 0.8)
Mean ﬁtcoh()&windm\'5 =86.12%

the method described in Section 3.2. Figure 4 shows the number
of transfer functions over the fit results for all measurements.
The left histogram shows the fits where only all coherences
¥? < 0.8 were removed prior to estimation (see Section 3.1).
In contrast, the right histogram shows the fits with additional
filtering with the 5 Hz window. Note that in both histograms,
the fit values are calculated based on the coherence filtering
with the 5 Hz windowing to allow a direct comparison of all
values. Both the mean fit and the distribution of the fit results
show that the pre-processing of the measurement data using the
5 Hz windowing has a positive influence on the fit of the esti-
mated transfer functions. In addition, it can be seen that a fit
of >70 % can be achieved for all 162 FRFs (histogram on the
right). Figure 5 shows the result of the worst transfer function
estimate of the right histogram with a fit of 73.14 %. It can be

Fit to H(y? > 0.8) with 5 Hz coherence window
Mean ﬁtcohOS,windowS =90.57%
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Figure 4. Frequency distribution of the fits of individual transfer function estimates. The left histogram shows the distribution based on all measured values with
¥% > 0.8. On the right is the distribution based on the estimation of all data points for which all neighboring frequencies in a 5 Hz window have a coherence value
of y? > 0.8. The fits are calculated in both histograms using the 5 Hz windowing to be able to compare all values with each other.



1312 F. Oexle et al. | Manufacturing Letters 44 (2025) 1306-1315

1077

1078

VA T

vl

Magnitude in m/N

Measured FRF H (jw;)
Estimated transfer function G(jw) (fiteonos windows = 73.14 %)

Lol

Frequency in Hz

Figure 5. FRF of estimated transfer function (blue) based on measured FRF data (green) with the worst fit based on the values of the right histogram in Figure 4. The
frequencies at which the coherence of neighboring frequencies within a window of at least 5 Hz is y? < 0.8 are shaded gray and are not included in the calculation
of the transfer function. Therefore, the same data is used to calculate the fit shown in the figure.

seen that the system behavior of the estimated transfer function
(blue curve) and the measured FRF (green curve) match suf-
ficiently well. Additionally, a residual analysis was performed
for each estimated model to evaluate the mapping quality of
every model. For all models, the magnitude of the residuals at
most frequencies was found to be less than —20 dB. This result
indicates a deviation of the model of less than 10 % with respect
to the value of the measured FRF. Consequently, it can be con-
cluded that a fit value >70 % can be used as a reliable indicator
of model quality.

3.4. Use of the weighting filter

As mentioned in (1), the LSRF method can also be given
a weighting filter W to influence the estimation of the transfer

function. Depending on this, the different FRF measurements
at different frequencies are taken into account differently in the
cost function (1). The intuitive way of an adaptive weighting
filter constructed by deriving the weighting filter from the dif-
ference between an already estimated transfer function and the
measured FRF does not work. With such an implementation,
the regions with the largest error receive a larger weight in a
repeated estimation, but the regions with the smallest error re-
ceive only a small weight. Thus, repeated estimation will re-
sult in errors at this location. This cannot be avoided by adding
or multiplying a constant factor to the weighting filter, as the
LSRF algorithm normalizes the weighting error values inter-
nally. Instead, a weighting filter can be applied that amplifies
small amplitudes in order to achieve a better balance between

Fit to H(y* > 0.8) with 5 Hz coherence window
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Figure 7. Quantitative analysis of the coherences of the measured FRFs. In this histogram, the relative fraction of the frequency points of the spectrum whose
coherence is 72 > 0.8 is determined for each measured FRF. For machine tool 2 (DMG CMX 600V), 21 of the 189 measured FRFs have coherences in which not
even 50 % of the frequency points fulfill the criterion y> > 0.8. In contrast, machine tool 1 (Deckel Maho DMC 60H) only exhibits 1 out of the 162 measurements

that do not fulfill y2 > 0.8.

large and small amplitudes in the calculation of (1). The weight-
ing filter that is used for this purpose is described by

1
Winvsqrt T (6)
|H(jw;)|

[28]. Estimating all transfer functions from the right his-
togram in Figure 4 using this weighting filter, the result is
shown in Figure 6. It can be seen that the mean fit of 91.40 %
has increased slightly compared to the mean fit from the right
histogram in Figure 4. In particular, the number of estimated
transfer functions with a fit between 95 % and 100 % is larger.
However, there are also two transfer functions that only have
a fit between 60 % and 70 %. These are below the 70 % limit
mentioned above. In summary, the use of the weighting fil-
ter Winysqre has a positive influence on the fits of the individual
transfer functions. However, some transfer functions estimated

with a lower fit should be reestimated without the weighting
filter Winysqre and then used.

3.5. Validation on measured compliance frequency response
functions with poor coherence

After the previous sections have shown how the LSRF
method enables a good mapping accuracy of the measurement
data by suitable pre-filtering of the measurement data depend-
ing on the coherence and the setting of a suitable weighting
filter, the method is tested on FRFs of another machine (DMG
CMX 600V). However, as illustrated in Figure 7, in contrast
to the previous measurements, a significantly poor coherence
was achieved for the individual FRFs. Consequently, window-
ing with a window size of 5 Hz (see Section 3.2) means that a
larger part of the frequencies is not considered in the estimation
of the transfer function. The results of the estimation over all
FRFs are shown in Figure 8. The left side shows the distribu-
tion of the fits without the use of any specific weighting filter,
while the results of the right histogram were calculated using
the weighting filter Winysqr. Again, as in Section 3.4, there is

Fit to H(y? > 0.8), 5 Hz coherence window

Fit to H(vy* > 0.8), 5 Hz coherence window i
195 W =1, mean fitg,, g aos = 36-10 % W = /|H| ~, mean fitconos windows = 88.53 %

g
= wn
g g 100
£8 w
n g
fa’ =

-
g % 50

2

< 25
5 g
Z 0 PR s | PR s o |

AN Q)Q NP QSR D QQ\/QQ

ﬁtcoho&windows in %

Q\Q%Q%Q@%Q%Q(\Q%Q%Q@Q

ﬁtcoho&windowﬁ in %

Figure 8. Results of transfer function estimation using measured FRFs on a different machine tool with poor coherence. In the left histogram, the estimation is
performed without a specific weighting filter. In the right histogram, the weighting filter Wigysqre = VI|H| [~! is used. The fits are calculated in both histograms using

the 5 Hz windowing to be able to compare all values with each other.
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a clear improvement in the fit values using the weighting filter
Winvsqr- Nevertheless, a total number of 13 transfer functions
can be identified with a fit of less than 70 %. Seven of them
are located in the area above 70 % in the left histogram, which
means that a better fit can be achieved for them without the use
of a specific weighting filter, as already described in Section
3.4. However, the remaining six transfer functions cannot be
improved by this procedure either. This shows the limitations
of the presented method: consistently good fit results cannot be
guaranteed for measurement data with poor coherence.

4. Conclusion and Outlook

In view of a future automated method for the generation of
machine dynamic models of milling machines [19], this paper
presents a method with which transfer functions can be esti-
mated with a large fit compared to measured FRFs using the
LSRF method proposed by Arda Ozdemir and Gumussoy [2].
Contrary to many state-of-the-art publications, the coherence of
the measurements is used to pre-filter the measurement data. In
addition, a weighting filter is used to influence the weighting of
individual frequencies within the transfer function estimation.
Measurement data within the FRFs with a low amplitude value
are weighted higher to balance their influence on the cost func-
tion used by the LSRF algorithm with the influence of large
amplitude values. Using this procedure, fits >70 % between the
measured data and the estimated transfer function can be con-
sistently achieved for measured FRFs with good coherence. For
FRFs with poor coherence, this goal can also be achieved for
most transfer functions, although it is difficult to guarantee. In
future work, further combinations of the weighting filter can
be investigated to increase the accuracy of the fits on FRFs
with poor coherence. However, the primary goal should always
be to obtain measurements with good coherence. Furthermore,
the magnitudes of the residuals from the residual analyses per-
formed could be used to define the validity ranges of the es-
timated transfer functions across frequencies for a subsequent
application within a simulation.
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