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A predictive digital twin (DT)-driven dynamic error control approach is presented for accuracy control in
high-frequency slow-tool-servo ultraprecision diamond turning processes. An explainable artificial intelli-
gence-enabled real-time DT of the total dynamic error (inside and outside the servo loop) was established
using in-line acceleration input data near the tool. A feedforward controller was used to mitigate the total
dynamic errors before they came into effect. The machining trials using this approach showed that significant
improvement in machining accuracy (87%, surface form accuracy; 95%, phase accuracy with precisions of

0.06 nm and 0.05°), and efficiency (8 times the state-of-the-art) were successfully achieved.
© 2024 The Author(s). Published by Elsevier Ltd on behalf of CIRP. This is an open access article under the CC

BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Driven by the ever-increasing demand for performance enhance-
ment, lightweight and function integration, freeform (i.e. non-rota-
tional symmetric) optics, such as lens arrays, head-up displays and
beam shapers, have been widely applied in the green energy, illumi-
nation, automotive and aerospace [1]. Slow-tool-servo(STS) is an
important low-cost freeform ultraprecision diamond turning tech-
nique. It utilizes the machine’s Z (in-feed) slide instead of extra fast-
tool-servo devices to move the diamond tool, which is synchronized
with the rotation of the work spindle and linear motion of the
machine’s X (feed) slide, to obtain freeform optics with large sags in
millimeter scales. However, STS suffers from low bandwidth of con-
trol of the motion (< 5 Hz) and a long cycle time. To achieve the same
level of operational frequency as diamond turning of rotationally
symmetric optics, typically 10-50 Hz, a significant number of
dynamic errors will be generated. The challenge of accuracy control
in STS under extremely high operational frequency is considerable,
requiring a new effective dynamic error control approach. Addressing
this problem was a key motivation for this paper.

In STS, dynamic error is the deviation between the tool and the
reference (setpoint) displacements. It includes both servo response
(following) errors and mechanical deviations associated with the
dynamic response of mechanical structures and interfaces, (i.e.,
dynamic errors inside and outside the servo loop) [2]. Researchers
have developed zero phase error tracking [3], adaptive disturbance
discrete-time sliding mode [4] and optimal controllers [5], or pre-
compensation of servo tracking errors through data-based reference
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trajectory modification [6] to reduce tracking errors. Both pre-mea-
surement [7] or model-based error compensation [8]/feedback con-
trol [9] approaches have been used to reduce dynamic errors outside
the servo loop. However, a systematic approach to mitigate the total
dynamic errors, both inside and outside the servo loop, simulta-
neously is still required.

Emerging digital twin (DT) technology provides a potential solu-
tion, as it can digitally reproduce the physical behaviors of machine
tools [10] and has been used to predict tracking errors [11] and ther-
mal error compensation [12]. Currently, theoretical or numerical
models with a series of hypotheses are usually used to establish a DT,
mainly for repeatable errors. The challenge lies in fast processing and
the best use of sensor input data, establishing an accurate DT of total
dynamic error in real time and realizing effective error control
actions.

This paper proposes a novel predictive DT-driven dynamic error
control approach that uses acceleration signal inputs, combining
explainable artificial intelligence (XAl)-enabled DT and a feedforward
controller, to mitigate total dynamic error, not only repeatable sys-
tematic errors, but also stochastic errors, before they come into effect
in STS ultraprecision diamond turning processes. The significantly
improved machining accuracy and efficiency are demonstrated
through STS machining trials.

2. Methodology

As shown in Fig. 1, the predictive DT-driven dynamic error control
approach was realized by a new control system, including an acceler-
ometer mounted near the tool center position (TCP), an XAl-enabled
DT of total dynamic error, and a DT-driven feedforward controller.
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The system was integrated into the servo loop of the CNC control sys-
tem of the diamond turning machine.

The accelerometer provided acceleration data obtained near the
TCP in the present step, including repeatable systematic and stochas-
tic error elements, which couldn’t be measured by the machine
encoder, as inputs to establish the predictive DT of the total dynamic
error at the TCP in the future step.

The prediction of future dynamic error (DE) was made through an
XAI model which was presented as a function of acceleration (i.e. f
(Acc)) near the TCP. The XAl model was trained and calibrated by
using data obtained in an offline dynamic error measurement test,
which included total dynamic error measurement data and accelera-
tion data, measured by a high-accuracy capacitance sensor mounted
at the TCP and a relatively low-accuracy accelerometer mounted near
the TCP respectively.

This offline modelling approach mitigates the problem caused by
time delays, drift and high noise occurring in conventional double-
integration calculation from acceleration to displacement. It empow-
ers the offline-trained XAl model to have high accuracy and real-time
computational efficiency. An accurate real-time DT of the total
dynamic errors, inside and outside the servo loop, was then estab-
lished in a DT workstation for practical STS operation.

The feedforward controller took the inputs of the predicted total
dynamic error data from the DT and transformed them into voltage
signals. To avoid a large step change in the voltage signals, an offset
voltage was specified for subtraction from the analogue input value
before it was used. The motion pulse was finally generated based on
the CNC control system’s default voltage and pulse ratio and acted in
the servo loop to mitigate the total dynamic errors at the TCP before
they came into effect.

Ensuring the overall accuracy of the approach necessitates con-
trolling the uncertainties from sensor noise, XAl modelling simplifi-
cation and machining environment. These were kept in check
through rigorous calibrations, validations and maintaining a con-
trolled machining environment.

3. Measurement of total dynamic error

In STS machining, the periodical tool path can be decomposed into
a number of sinusoidal motions of different frequencies () and
amplitudes (A) through discrete Fourier transformation. Z axis is the
most critical axis as it constantly experiences excessive acceleration
and deceleration. To simplify the measurement test, the diamond
tool was actuated by the Z axis under a sinusoidal motion command
with the motion time (t), which is described as:

Z=Axsin2r*wx*t) (M

The control bandwidth of the Z-axis was identified as 50 Hz
through modal test. Thus, the frequency w in the test varied from 1, 5
to 40 Hz (for safety reason) with a step of 5 Hz; while amplitude A
varied from 1 to 11 um with a step of 1 um.

The dynamic error measurement test was performed on a three-
axis ultraprecision diamond turning machine equipped with an Aero-
tech A3200 CNC controller (see Fig. 2a). A capacitance sensor (IBS
CP8.0-2.0-2.0) and an accelerometer (PCB 356B) were mounted at
the TCP and near the TCP respectively (see Fig. 2a). The capacitance
sensor was set up within its working distance against a diamond

Fig. 2. (a) Experimental set-up; (b) Examples of measured displacements and accelera-
tions; (c) An example of measured displacements by encoder and capacitance sensor;
(d) Dynamic errors; (e) Measured amplitude and phase errors at different frequencies.

turned flat copper surface mounted on the machine vacuum chuck to
measure the total dynamic error including both tracking error and
mechanical structure deformation, which cannot be measured by the
machine encoder. The total dynamic error data and the acceleration
data collected synchronously by the accelerometer (see Fig. 2b) were
used to train and calibrate the XAI prediction model in Section 4.

Fig. 2c shows when A and » were set as 5 um and 30 Hz respec-
tively the amplitudes of the sinusoidal displacements measured by
the encoder and the capacitance sensor increased to 5.74pm and
7.29um, while phase errors were 1.06° and 4.13°, respectively. Fig. 2d
illustrates the tracking error and the total dynamic errors also pos-
sessed sinusoidal forms with amplitudes of 1.06pm and 1.97pum
respectively. Fig. 2e illustrates both amplitude and phase errors
increased with the increase of operational frequency. As » increased
from 5Hz to 40Hz, the amplitude error and phase error increased
from 0.12pm to 4.35pm, and from 0.42° to 8.41°, respectively. Under
a frequency of 40Hz, the total dynamic error was nearly three times
the tracking error (1.49um), while its maximum phase error reached
8.56°.

4. DT- driven dynamic error control
4.1. XAl prediction model for total dynamic error

The proposed predictive real-time DT of total dynamic error was
based on an XAl prediction model which had a direct numerical cor-
relation between the total dynamic errors and the synchronous accel-
eration near the TCP. To train and calibrate the XAl model, 99 groups
of measured acceleration and dynamic error data were collected with
an acquisition time of 6 seconds (t, to t;) for each group in the offline
dynamic error measurement test (in Section 3).

As shown in Fig. 3, feature extractions were performed for the
acceleration data collected in the first 5 seconds (¢ to t,), while the
measured capacitance data was used as the ground truth data to cal-
culate the total dynamic error. The extracted 12 features (see Table 1)
and calculated dynamic errors constituted the input and output data-
sets to train the XAl prediction model.

The XAl model was trained based on the PySR algorithm [13], a
Python library for symbolic regression in Jupyter v7, which ran in a
supervised learning module. The machine learning (ML) model
searched in a 12D space for the appropriate function and parameters
to map the input-output dataspace.

Data Processing

Data Acquisition

XAI Model

Extracted features

Validated
XAI model

DE =f(Acc.)
Model Validation

& accuracy
MSE2.

Model Training

Fig. 3. Methodology to train and calibrate of XAl prediction model.
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Table 1

Extracted features from accelerometer signals.
Feature Label Feature Label
Signal frequency fi Skewness f7
Mean absolute value fo Crust factor fs
Variance fi Impulse factor fo
Peak amplitude fa Shape factor fio
Root mean square fs Mean frequency fn
Kurtosis fe Total power fi2

The final converged model for the predicted amplitude error in
the future time (t,.; to ti) is described as:

DEf it (amplitude) = f(f> ", £, ... fi5 ™)
;O’fn

féo —tn

which has an excellent predictive performance with an R? of 0.989.

Since the overall search space is complex and multi-dimensional,
significant dimensionality reduction is required to realize real-time
computational efficiency. In this study, the final selected equation
had just three features, including variance, crust factor, root mean
square (RMS) of the historical (o to t,;) and present (t,) accelerome-
ter signals. The acceleration peak and variance represented the maxi-
mum inertial forces and jerks respectively during the z-axis motion,
aligning with previous studies as some of the prominent causes of
dynamic errors [2]. Using them, transparency of the extracted ana-
lytic expression would aid in further investigation and remedial
actions on the root cause of the dynamic errors.

Meanwhile, the phase error in the future time (t,.; to ty) was
trained based on extracting the difference between the time stamps
corresponding to the peak amplitude of the true (capacitance) posi-
tion and command position signals. It is given by

DE"1~%(phase) = 1.95 — 1.23° tanh(—0.0441f{ " + 0.122f{3

()

= 49.67f0

+1.08) 3)

which has a good predictive performance (R? = 0.952).

For calibration, the extracted features of the acceleration data at
the present time (ty to t,) were input to the trained XAI model, there
obtaining the predicted dynamic error in the future time, which was
compared with the measured dynamic error (t,+; to t) (see Fig.3).
The comparison result shown in Fig. 4a indicates that the XAI pre-
dicted dynamic error matched well with the true error measured by
the capacitance sensor, with an average prediction error of 68.3 nm.
Meanwhile, the XAl models showed an overall R? value of 0.987
across all test data (see Fig. 4b), which clearly demonstrated the
effectiveness of the XAl model.

Besides, other widely-used ML approaches including Long Short-
Term Memory (LSTM) and Nonlinear Autoregressive Neural Network
(NARNET) were also adopted for comparison. The statistical results (see
Fig. 4c) showed the calculation latency (<0.15s) of the proposed XAl
model was significantly smaller than those of LSTM and NARNET while
maintaining a similar prediction accuracy (<100 nm), thus underlining
the prediction accuracy and efficiency of the proposed XAI model.
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Fig. 4. (a) Model validation; (b) Model performance; (c) Comparison of prediction per-
formance of different ML approaches.

4.2. XAl-enabled real-time DT of total dynamic error

Based on Egs. (1) and (2), the total dynamic error in the future
time (n+1 to tyy can be calculated as:

DE+—%(amplitude, phase)
to—tn 0.78
fzofrn sin(wt, - + ¢r, +1.95 4)

—1.23" tanh(—0.0441f°"" + 0.122f{3" + 1.08))

= 49.67fo

where ¢, is the motion phase at the current moment.

In order to establish an accurate predictive DT of the total
dynamic error in practical STS diamond turning, in-line measured
accelerations near the TCP were automatically input to the calibrated
XAl prediction model. The high computational efficiency offered by
Eq. (4) allowed the real-time calculation of the total dynamic error,
thereby, establishing a real-time DT of total dynamic error at the TCP
in practical STS diamond turning.

4.3. DT-driven feedforward controller

Taking the inputs from DT of total dynamic error, a feedforward
controller was established to automatically generate precision
motion pulse signals as motion commands to control the movement
of the machine stage and to mitigate machine dynamic errors before
they came into action (see Fig.1).

Given the relation between the control voltage and the motion
pulses (P) was the default (K,.) in the servo loop, the detailed trans-
formation from the predicted dynamic error (DE.) to the motion
pulse signals was via a pre-defined ratio scale Kg, of displacement to
voltage, which is expressed as:

P = (PP /i, — offset) « Ky (5)

where the offset voltage was specified to be subtracted from the ana-
logue input value before it was used, preventing a large step change
when the voltage became large.

5. Implementation and evaluation

The implementation of the proposed dynamic error control sys-
tem for practical STS ultraprecision diamond turning is illustrated in
Fig. 5. An accelerometer (PCB 356B) was mounted near the TCP. The
XAl-enabled DT of the total dynamic error and the feedforward con-
troller, was implemented in a real-time control prototype machine
(Performance, Speedgoat) which possessed state-of-the-art I1/O and
FPGA modules.

In practical SLS machining, the dynamic error for the future time
was forecasted through the XAl-enabled DT prediction model using
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Fig. 5. Implementation of the proposed dynamic error control approach.
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prototype machine for accuracy control in high-frequency STS ultra-
precision diamond turning. Based on an XAl prediction model, pre-
trained and calibrated by sensor data obtained through a dynamic
error measurement test, a real-time DT of the total dynamic error
(inside and outside the servo loop) was successfully established using
in-line measured acceleration input data near the TCP in practical STS
operation, considering both repeatable systematic and stochastic
error elements. The established DT-driven feedforward controller
was able to mitigate dynamic errors before they came into effect. The
machining trials show that significant improvements in machining
accuracy (87%, surface form accuracy; 95%, phase accuracy with pre-
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Fig. 7. Comparison of the machined surfaces produced with and without using the
proposed dynamic error control approach at different operational frequencies: (a)
form error and (b) phase error.

acceleration input data obtained near the TCP and was saved in a
buffer. The feedforward controller, built-in MATLAB/Simulink 2022b,
was connected to the servo loop of the diamond turning machine’s
CNC controller through an expanded analogue interface using a cus-
tomized AeroBasic command in real time. The updating rate for com-
munication was set the same as that of the servo loop of the diamond
machine (8kHz).

To evaluate the effectiveness of the approach, a series of STS dia-
mond cutting trials were conducted to generate freeform bicuspid
surfaces on copper workpieces, which is described as:

z=0.006 « x * sin(2C) — 0.006 * X (6)

where x is the position of the X axis, and C is the rotation angle of the
C axis. The operational frequency was set as 5Hz, 10Hz, 20Hz, 30Hz
and 40Hz respectively in machining trials. The machining condition
is shown in Fig. 6a.

Fig. 6 presents the measured freeform surfaces machined at 40 Hz
with and without applying the proposed dynamic error control
approach. Fig. 6a-i shows the machined surface amplitude was
5.48um against a theoretical value of 3 um in the area with a radius
of 0.5mm from the workpiece centre. This indicates a form error
(peak-peak) of 2.42um. When applying the proposed approach, the
surface form error (see Fig. 6b-i) was significantly reduced to
0.31um, indicating up to 87% dynamic error has been mitigated
under an operational frequency of 40 Hz. The phase error was
reduced from 8.57° (see Fig. 6a-ii) to 0.38° (see Fig. 6b-iii). It means
the proposed dynamic error control approach allowed operating STS
machining at an extremely high frequency (8 times of the state-of-
the-art) without comprising required accuracy.

Fig. 7 depicts the measured form and phase errors of the machined
surfaces at different operational frequencies with and without apply-
ing the proposed dynamic error control approach. Significant improve-
ment in both surface form (up to 87%) and phase accuracies (up to
95%) with precisions up to 0.06pum and 0.05° were consistently real-
ized. Moreover, the efficiency of the STS machining was dramatically
improved. This effectiveness of the dynamic error control approach in
accuracy control has therefore been fully demonstrated.

6. Conclusion

This paper presented a predictive DT-driven dynamic error con-
trol approach implemented in a Speedgoat real-time control

cisions of 0.06pm and 0.05°) and efficiency (8 times state-of-the-art)
were successfully achieved when applying this approach.

To make the proposed approach industrially viable for other pro-
duction processes, training of the XAl model considering emulated
cutting forces and crosstalk of dynamic error of multiple axes will be
performed in the future.
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