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Abstract

The future of manufacturing depends on transitioning traditional machines into intelligent machine tools that can monitor and control
themselves. As the spindle is an essential component of machine tools, the performance of machine tool spindles should be tracked for quality
control. For example, smart spindles could be equipped with accelerometers for monitoring the spindle performance via models that relate the
measured accelerations to the spindle error motions. Various data-driven models were created that estimate spindle-related displacements from
on-machine accelerations. The estimated displacements were compared, revealing the advantages and disadvantages of each model to monitor

the spindle performance.
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1. Introduction

The spindle is a vital component of modern machine
tools [1]. Hence, the condition and performance of machine
tool spindles should be tracked for the purposes of machine
health monitoring and quality control of machined parts. The
spindle error motions [2] that characterize the spindle
performance change due to operational usage, e.g., with
bearing defects accounting for about 40 percent of spindle
damage [3]. However, methods for monitoring the spindle
performance [4] typically require the use of relatively
expensive metrology equipment and prohibitive setup time,
which means that these methods are usually not utilized.
Because the performance of spindles is typically unknown,
manufacturers usually react to spindle issues, instead of being
proactive to prevent or mitigate them. Therefore, the spindle
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error motions should be monitored by smart spindles within
intelligent machine tools that can monitor and potentially
control themselves. Smart spindles should assess their state of
degradation as actionable intelligence for maintenance
planning and the avoidance of spindle failure. Cao et al. [5]
reviewed the progress of intelligent spindles and could not
find one in industry that met the needs of monitoring and
control of tool condition, chatter, spindle collision,
temperature/thermal error, spindle balance, and spindle health.

The first step towards this future of manufacturing requires
on-machine measurements. Various approaches have been
created to measure on-machine spindle-related displacements.
Kim et al. [6] developed a magnetic exciter with capacitive
displacement sensors to magnetically apply forces and
capacitively measure the translational displacements of a
master bar rotating within a spindle. Matsubara et al. [7] used
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a magnetic excitation method and spindle displacement sensor
to investigate the dynamic stiffness and chatter conditions of a
rotating spindle, confirming the sensitivity of the spindle
stiffness to both spindle speed and temperature. Stepan et al.
[8] presented a setup in which two laser beams graze the
workpiece, which influences the beam intensity measured by
two photodiodes for displacement measurements. Bediz et al.
[9] developed a system to excite the spindle dynamics up to
20 kHz, via impact testing during rotation, while controlling
the impact force and measuring the resulting radial motions of
the spindle with fiber-optic laser Doppler vibrometers. Results
showed that the spindle speed has a significant effect on the
dynamic response of ultra-high-speed spindles [9].

In contrast to direct measurements of spindle motions,
smart spindles could be equipped with accelerometers [10, 11]
for indirect monitoring of the spindle performance via models
that relate the measured accelerations to the spindle error
motions. Accelerometers have advantages for integration into
smart spindles, including their small size, cost-effectiveness,
reliable signal transmission, long operational life, and simple
maintenance. This paper compares different classes of data-
driven models that estimate spindle-related displacements
from on-machine accelerations. The first method is a physics-
inspired data-driven approach [12] and the second and third
methods use pure data-driven machine learning.

2. Experimental setup

The data utilized for the models comes from a custom
metrology suite [13] that collects simultaneous laser
displacements, on-machine accelerations, and simulated
cutting forces for any spindle speed. Fig. 1 illustrates the
metrology suite for data collection on a vertical machining
center (VMC). Fig. 1a shows that an instrumented tool holder
with a hidden magnet and an embedded laser diode is placed
within the machine tool spindle. During rotation, the rotating
magnet of the tool holder interacts with stationary magnets on
force-torque sensors in the metrology suite, causing magnetic
forces that simulate cutting. The radial and axial separations
of the magnets may be changed via linear actuators and the
spindle position, respectively, to change the magnetic forces.
As the tool holder rotates, the accelerometers attached to the
spindle housing measure vibrations. Simultaneously, as seen
in Fig. 1b, a laser beam emitted from the laser diode in the
instrumented tool holder is bent, split into two beams of
lengths L, and L, , and projected onto 10 mm x 10 mm
sensors within laser position modules (LPMs) in the
metrology suite. Each LPM measures the relative planar
positions of the power centroid of the projected laser spot. For
the given setup, L, and L, are about 0.212 m and 0.474 m,
respectively. After removal of the least-squares circle [2], the
four tool-to-workpiece spindle error motions are defined as

Exc = —ax; + (1 — a)x, (la)
Eyc= ay; +(1—a)y, (1b)
Exc= (2 —y1)a/L, (1o
Egc = —(x1 +x2) a/L, (1d)

where the nondimensional ratio « = L,/(L, — L,).
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Fig. 1. Tllustrations of (a) metrology suite within vertical machine tool, (b)
optical components (without covers) for measurement of spindle error
motions based on beam lengths, L, and L,, and (c) laser spot power centroid
on ith laser position module sensor.

Fig. 2 shows the experimental setup on a VMC. Two
triaxial accelerometers (100 mV/g) were superglued to the
spindle housing. During rotation, the magnet within the tool
holder interacts with stationary magnets on the force-torque
sensors (ATI Industrial Automation Mini45) in the metrology
suite, causing magnetic forces (“simulated cutting forces™).
The resulting forces, vibrations, and laser displacements are
measured by the data acquisition (DAQ) box.
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Fig. 2. (a) Metrology suite, triaxial accelerometers, and DAQ box on VMC,
and (b) close-up view of instrumented tool holder with metrology suite.

A dataset was collected for various spindle speeds and
forces. For a given configuration of magnets, the spindle
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speed was increased from 500 r/min to 7500 r/min in a
stepwise manner with an increment of 40 r/min over a period
of about 9 min. At each speed, the DAQ box collects data at
25.6kHz for 1s. This process is repeated for each
configuration of magnets, created by changing the radial
positions of the stationary magnets via the linear actuators
(see Fig. 1a) and/or the axial position of the rotating magnet
via the machine tool Z-axis. The lowest force range was about
I N, while the highest force range was about 200 N. The
variety of forces, and hence the variety of spindle
displacements, should aid the models that relate
displacements and accelerations. In total, 1584 (=176 x9)
combinations of spindle speeds and force configurations were
collected. Table 1 shows the relative qualitative force ranges
for the nine utilized magnet configurations.

Table 1. Relative qualitative force ranges for each configuration of magnets.

Relative Qualitative Force Range

Configuration Number X-axis Y-axis Z-axis
1 Low Low Low
2 Medium Low Low
3 High Low Low
4 Low Medium Low
5 Low High Low
6 Medium Low Medium
7 High Low Medium
8 Low Medium Medium
9 Low High Medium

3. Models for displacement estimation from accelerations

Two different types of approaches were used to model the
dependence of the four laser displacements described in
Eq. (1) on the accelerations collected from one triaxial
accelerometer. The first approach is to create a physics-
inspired (PI) data-driven model while the second and third
approaches are developed using machine learning (ML)
models. The models are described in this section and then
their performances are compared in the subsequent sections.

The PI method estimates any laser displacement, E;(t), to
the on-machine vibration displacements, x;(t), as

F(E) = [H;(CPR) + QG;(CPR)
+ Q2N;(CPR)]e10:(CPR)

+ O [Hy(HF () @

J=XY,Z
+QG;(NF(%) + Q2N (HF (x;)]

where t is time, f is temporal frequency, CPR = f/f; is
cycles per revolution (CPR) with f; as the spindle speed in
Hz, Q is the spindle speed in rad/s, F is the Fourier transform
operator, i represents sampled data for one of the four laser
displacements, j is any of the three axis directions (X, Y, or
Z), xj is x, ¥y, or z; that is, the measured vibration

displacement in the jth direction, an overdot ( ' ) represents
differentiation with respect to time, I = v—1, 6; is the phase

of E;(t) relative to a fixed rotational position of the spindle,
H;, G;, and N; are frequency response functions (FRFs) as
functions of CPR, and H;;, G;;, and N;; are FRFs as functions
of f. As seen in Eq. (2), the PI model accounts for up to
quadratic dependencies on spindle speed, like for previous
models that modeled force based on accelerations [12, 13].

However, to model laser displacement based on
accelerations, three additional FRFs (H;, G;, and N;) were
added to Eq. (2) to account for the misalignment of the laser
beam to the spindle axis (at CPR = 1) and synchronous
spindle error motions (at CPR =2, 3, etc.). These terms allow
for Eq. (2) to estimate the as-measured laser displacement,
E;(t), without the removal of the least-squares circle. Hence,
Eq. (2) models the laser misalignment and synchronous
spindle error motions (the first three terms) as well as the
influence of on-machine accelerations (the remaining terms)
on the as-measured laser displacements described in Eq. (1)
without the removal of the least-squares circle. Note that the
second and third FRFs (G; and N;) in Eq. (2) account for
changes with spindle speed, (), due to internal spindle forces,
while the acceleration-related terms in Eq. (2) should account
for the influence of external forces, e.g., cutting forces.

Equation (1) is then approximated in a similar manner to a
previous approach [12], in which a linear system of equations
is created and solved via the least-squares method. Each
signal is fitted with harmonics up to 500 Hz and those
coefficients are used to create the equations that depend on
FRF values at CPRs of 1, 2, 3, ..., 35 or FRF values at
frequencies with varied spacings between 2 Hz and 6 Hz. The
maximum CPR of 35 and the variable frequency spacing were
created to help to prevent overfitting (too few data per model
variable) by having each FRF variable utilized within at least
50 equations. Then, the system of equations is solved via a
least-squares fit to create a model for the given laser
displacement with the approximated FRFs. However, to create
a model that is potentially more accurate for prediction
purposes, 500 models were created with random samplings of
90 % of the simulated cutting data. These models have
different FRFs due to their different data combinations used
for the least-squares solution. Then, the 10 percent of the
models (50 models) having the lowest root mean square error
(RMSE) metric values (see Sec. 4) were averaged to create a
final model for the given laser displacement, E;(t).

Two ML methods were used to develop and test models
for the simulated cutting dataset described in Sec. 2. The first
ML method uses XGBoost (XGB) regression [14] to create
each individual model that predicts a laser displacement,
E;(t). Each XGB model has the same configuration with 100
estimators, a maximum depth of six (6), and a learning rate
of 0.1. Each model was trained with various features (inputs)
and labels (outputs). The model inputs are composed of 10
features: (1-6) the real and imaginary parts of the harmonic
components of the triaxial on-machine accelerations (up to
600 Hz for the ML models), (7) the temporal frequency (f)
associated with each harmonic component, (8) the spindle
speed (), and (9-10) the cosine and sine of the phase (8;) of
E;(t). The model outputs are the real and imaginary parts of
the harmonic components of the given laser displacement,
E;(t). This selection of features and labels aims to capture the
machine’s operating conditions and dynamics, enabling the
models to effectively learn the relationships between
operating conditions and resultant displacements.
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To further investigate the performance of data-driven
approaches, deep neural networks (DNNs) were also
developed. The DNN architecture includes four layers with
two hidden layers of 64 neurons each. Also, the inputs and
outputs for the DNN models are the same as those for the
XGB models, and 90 % of the data was used for training and
10 % was used for testing to avoid overfitting for these
models. Previously, a data-driven regression method with a
learned nonlinear basis [15] estimated the simulated cutting
forces with a relatively high accuracy, so the potential exists
to estimate the laser displacements with ML approaches.

All data-driven models output laser displacements with
frequencies up to 500 Hz but not down to 0 Hz because
integrated electronics piezoelectric (IEPE) accelerometers do
not measure down to 0 Hz. Therefore, the steady-state terms
in the signals were removed, so that only the periodic terms
were utilized.

4. Metrics for comparison

Each model outputs one of four displacements, whether
one of the two radial translational displacements or one the
two tip-tilt angular displacements of the laser diode. Hence,
the training performances of the models can be determined via
the use of various metrics that compare the measured and
modeled displacements. The metrics depend upon the
displacement deviation, §;;, which is the difference between
the modeled and measured displacements; that is,

where E;; and E;; are the j™ data points in the i modeled and
measured displacement signals, respectively.

Three metrics for the i comparison are the mean absolute
error (MAE;), the root mean square error (RMSE;), and the
maximum absolute error (MaxAE;), defined as

mi
1
MAE, =E~Z|6""| (4)
j=1
(5)
MaXAEi = maX(|5ij| V]) (6)

where m; is the number of data points in each i" displacement
signal. Equations (4)-(6) yield three populations of metric
values, each having a length of n = 1584 because there are
1584 data files based on the unique combinations of the
spindle speed and the magnetic forces. Also, the mean range
(M-R) for any measured displacement signal is defined as

1 n
M-R = Ez[maX(Eij Vv j) —min(E; V j)] 7

Thus, each model results in populations of the error
metrics (MAE, RMSE, MaxAE) that are statistically analyzed
in the next section to understand each model’s performance.

5. Comparison of model prediction performance metrics

Table 2 shows the prediction performance metrics of the
models for the four displacements based on use of the
simulated cutting (magnetic force) dataset. The overall error
metrics in Table 2 have the form of “mean + standard
deviation,” based on the error metric populations defined in
Eqgs. (4)-(6) for the models applied to all displacement signals.
According to Table 2, three of the PI models estimate Ey,
Epc, and Egc with average MAEs to within roughly 1 % of
the respective mean ranges, while the PI model for Exc has a
relative average MAE of about 3 %. On the other hand, the
DNN and XGB models have average MAEs that are within
about 2 % to 4 % of the respective M-Rs. Therefore, the PI
models are roughly twice as accurate, on average, compared
to the pure ML models. Furthermore, the ratios of the
standard deviations to the means of the ML-based error metric
populations (whether for the MAE, RMSE, or MaxAE) are
larger than those for the PI-based error metric populations.
This means that the PI models have lower relative variances
compared to the ML models, which is another aspect of the
better prediction performance for the PI models. Finally,
while the prediction errors for the DNN and XGB models are
similar, the average errors of the DNNs are generally slightly
higher than those of the XGB models, which means that the
XGB models have slightly better average prediction
performances compared to the DNN models.

While validation metrics are not shown here for the 10 %
of data used for testing of all the data-driven models, the
validation error metrics were similar to the prediction metrics
seen in Table 2, which helps validate that overfitting was
generally avoided for all the PI and ML models.

Table 2. Prediction performance metrics for the PI and ML models for the
VMC with the simulated cutting dataset. The metrics have the form of “mean
+ standard deviation.”

Metric
Disp. Model MAE RMSE MaxAE M-R
PI 540+£2.07 6.26+232 11.4+4.00
Exc (upm) DNN  8.14+3.46 9.66+4.03 194+823 162
XGB  6.69+£3.79 8.00+4.40 16.1+8.38
PI 1.69+0.649 2.02+0.778 4.04+1.57
Eyc (pm) DNN  585+3.75 7.10+4.60 150£9.76 198
XGB  6.28+482 7.61+564 160+11.4
PI 324+£168 364+18.6 572+27.1
Eac (prad) DNN  73.7+495 86.1+59.6 162=x118 3270
XGB  61.2+93.0 713+105 132+181
PI 322+163 365+17.8 60.6+26.2
Egc (prad) DNN  893+62.6 106+77.0 210+153 3300
XGB  77.6+793 91.1+943 174+194

Fig. 3 compares the ranges of the four modeled and
measured displacements for the PI models in Fig. 3(a,b), the
DNN:s in Fig. 3(c,d), and the XGB models in Fig. 3(e,f). As
seen in the metrics listed in Table 2, the models are not
perfect, which is why the plot markers do not generally
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coincide with the dashed identity lines. Even though the PI-
based metrics have mean absolute errors around 2 % of the
ranges, the modeled ranges in Fig. 3(a,b) have significantly
larger outliers with relative errors of up to about 25 %.
Nonetheless, the PI-modeled ranges nominally match the
measured ranges, which is needed for process monitoring
purposes.

In contrast, the other data-driven models have significantly
larger variances in their predicted ranges, as seen in Fig. 3(c-
f), compared to those for the PI models. Also, the DNNs
produce fewer outliers in the predicted ranges in Fig. 3(c-d)
compared to those for the XGB models in Fig. 3(e-f), which is
consistent with the metrics in Table 2. The standard
deviations for the XGB models for Ex¢ and Ey¢ are roughly
15 % larger than those for the DNNs, while the the standard
deviations for the XGB models for E,¢ and Eg¢ are between
about 25 % and 100 % larger than those for the DNNs. These
differences in variances are reflected in Fig. 3.
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Fig. 3. Modeled displacement range versus the measured displacement range
for all simulated cutting tests, using the PI models for (a) Exc and Eyc and (b)
Epc and Egc, the NN models for (¢) Exc and Eyc and (d) Ec and Egc, and the
XGB models for (e) Exc and Ey¢ and (f) Eac and Epc.

6. Investigation of spindle performance

The models can now be used to investigate the spindle
performance. As previously noted, the PI model for each laser
displacement contains CPR-related FRFs (H;, G;, and N;) to
account for the misalignment of the laser beam to the spindle
axis (at CPR = 1) and synchronous spindle error motions (at
CPR =2,3,etc.). Fig. 4 shows the modeled laser

displacements (Exc, Eyc, Eac, and Egc) using only the CPR-
related FRFs. Hence, Fig. 4 represents the modeled laser
misalignment coupled with the synchronous spindle error
motions as functions of the spindle speed from O r/min to
7500 r/min. As seen in Fig. 4, a radial misalignment of
roughly 100 pm and a tilt misalignment of about 1.6 mrad
exist for the laser when the spindle is stationary (0 r/min).
Also, the laser displacements change significantly as the
spindle speed increases. The trajectories deviate from their
approximately circular shapes, perhaps due to speed-
dependent changes in internal spindle forces. Ideally, these
deviations relate to changes in the spindle performance.
However, one source of measurement uncertainty is the
frequency response of the laser diode, which should be
characterized to understand its bandwidth for measurement
purposes. Additional sources of measurement uncertainty
include the laser position modules and the optics within the
metrology suite, which may exhibit potential nonlinearities, as
well as air currents and other environmental influences.
Hence, the calibration of the laser position modules should be
improved and any laser-based spindle motions should be
verified with an internationally accepted standard method [2].
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100 @ 2 (b)
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=50 S g
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Fig. 4. Modeled laser displacements (a) Exc and Eyc and (b) Exc and Egc
using only CPR-related FRFs (H;, G;, and N;). All responses are filtered to
remove terms with frequencies > 500 Hz, since those terms are not modeled.

7. Comparison of model predictions

Fig. 5 compares the measured, PI-modeled, and XGB-
modeled laser displacements for spindle speeds from
500 r/min to 5500 r/min under two different magnetic forcing
conditions per spindle speed: the case with the lowest X-, Y-,
and Z-axis magnetic force range (< 10 N) and the case with
the highest X-axis magnetic force range (> 140 N). As
expected from the metrics in Table 2, the PI models are
shown in Fig. 5 to generally outperform the XGB models in
modeling the displacements to match the measured
trajectories. Nonetheless, all the models are nominally able to
model how spindle speeds and forces (via accelerations)
affect the laser displacements. Also, the ML models have the
potential for improved prediction capabilities. Note that each
PI model has 2211 trainable FRF parameters, while both ML
models are much larger with 4994 trainable parameters for
each DNN and up to 12700 nodes for each XGB model.
Despite the additional complexity, the DNN and XGB models
did not outperform the PI models, perhaps due to the need for
a larger amount of training data for the ML models.
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Fig. 5. (a-f) Measured, (g-1) PI-modeled, and (m-r) XGB-modeled laser
displacements, Exc and Eyc, for spindle speeds from 500 r/min to 5500 r/min.
At each speed, the responses for two different cases are compared: dash-
dotted curves are for the case with the lowest X-, Y-, and Z-axis magnetic
force ranges (< 10 N), while solid curves are for the case with the highest X-
axis magnetic force range (> 140 N).

8. Conclusions

Various data-driven models (physics-inspired models, deep
neural network models, and XGBoost models) were
developed to estimate the laser diode displacements of an
instrumented tool holder from on-machine accelerations using
training data collected from a metrology suite while the tool
holder encounters simulated (magnetic) cutting forces. The
physics-inspired models estimate the two translational and
two angular displacements with mean absolute errors (MAEs)
of about 2 % of the mean displacement ranges, which was
generally better than the performance of the machine learning
models with relative average MAEs of roughly 4 %.
Nonetheless, all methods show the potential for monitoring

real-time spindle-related displacements via on-machine
accelerations, for the optimization of parts production.
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