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Abstract - Accurate mechanical parameters are essential for developing Digital Twin (DT) models of Electric Drives (ED) that
are both physically consistent and predictive across operating conditions. This paper presents an offline workflow for the
mechanical parameter estimation and model validation of an Induction Motor (IM) drive for DT development. The experiments
were performed on a laboratory setup in which an induction motor, supplied by a power converter, was mechanically coupled
to an alternator through a belt—pulley transmission. Before parameter estimation, the measured voltage, current, and rotor speed
signals are preprocessed, after which the coast-down interval is extracted from the full operating record for mechanical
parameter identification. The mechanical parameters are then estimated through nonlinear least-squares fitting of the measured
deceleration trajectories. The proposed procedure identifies the parameters that characterize the inertial and frictional behavior
of the drive, enabling an accurate representation of the mechanical subsystem. A MATLAB/Simulink mechanical model is
subsequently validated over separate time intervals and under operating conditions different from those used for estimation, so
that any observed deviations can be attributed to model mismatch rather than to variations in parameter values with the operating
point. Validation results show very good agreement between measured and simulated speed responses across multiple
frequencies, with normalized root mean square error values of approximately (1.39 — 3.80%) and (R? = 0.9964). These
results demonstrate that the proposed workflow provides reliable and predictive mechanical parameters, forming a solid basis

for future online adaptation and condition monitoring of induction motor drives.

Keywords - Coast-down experiments, Digital twins, Induction motors, Mechanical parameter estimation, Nonlinear least-
squares estimation.

1. Introduction

Induction motors remain among the most widely used
electrical machines in industrial applications because of their
robustness and low maintenance requirements for a broad
range of operating conditions [2, 18]. As industrial systems
increasingly move toward intelligent monitoring and
predictive maintenance, the development of virtual
representations of induction motor drives has become an
important research direction [5, 6]. In this context, the Digital
Twin (DT) concept has emerged as a promising framework for
linking a physical asset with its computational counterpart in
order to support analysis, diagnosis, and performance
evaluation throughout the system lifecycle [9, 11]. The
validity of such a framework depends strongly on the accuracy
of the model parameters, as inaccurate parameter values can
result in significant deviations between simulated and
measured behaviour [14].

For induction motor drives, parameter estimation is
commonly divided into two complementary parts: electrical

parameter estimation and mechanical parameter estimation [3,
20]. The electrical subsystem is typically characterized by
parameters such as stator resistance, rotor resistance, leakage
inductances, and magnetizing inductance, which can be
identified using standard tests or model-based estimation
procedures [1, 16]. The electrical parameter estimation stage
has been addressed in a separate study and is therefore not
repeated here in detail. Instead, this work focuses on the
mechanical subsystem, whose parameters are equally
important for achieving a faithful dynamic representation of
the drive, particularly during transients, acceleration and
deceleration phases, and load-dependent operation [23, 24].

Even though proper initialization of parameters is
necessary to develop accurate induction motor Digital Twins,
much literature focuses on estimation of electrical parameters,
control modelling, and general Digital Twin frameworks [21,
22]. Contrarily, the estimation of mechanical parameters,
especially the identification of inertia and friction coefficients
based on measurement data, is much less studied [3, 13]. Since
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these parameters cannot be found from a datasheet as they
relate to the entire electromechanical drive, namely the shaft,
coupling, transmissions, and load, applying nominal or
approximate mechanical parameters results in discrepancies in
the speed dynamics between the measurement and simulation,
especially during deceleration and transient periods. This
paper addresses this knowledge gap by proposing an
experimental procedure for estimating mechanical parameters
using the coast-down technique, which allows the integration
of identified mechanical parameters into the offline calibration
process of induction motor Digital Twin models.

Additionally, this paper proposes a systematic offline
workflow for estimating the mechanical parameters of an
induction motor by fitting a dynamic coast-down model to
experimental speed data using Nonlinear Least Squares
(NLS). The objective is to identify the inertia and friction
parameters that minimize the mismatch between the measured
rotor speed trajectory and the model-predicted deceleration
response. Although coast-down-based mechanical parameter
estimation has already been reported in previous studies [3,
20, 23, 24], the novelty of the present work lies in integrating
this approach into a complete calibration workflow for
induction motor Digital Twin development. In contrast to
studies that mainly focus on electrical parameter estimation,
control-oriented modelling, or general Digital Twin
architectures [8, 10, 14, 21, 22], this work specifically
addresses the mechanical subsystem and combines coast-
down measurements, signal processing, dynamic model
fitting, NLS estimation, and experimental validation against
measured deceleration responses. Therefore, the contribution
is not limited to obtaining numerical values of the mechanical
parameters but also provides a practical initialization step for
improving the fidelity of the virtual induction motor model
used in Digital Twin applications.

Accordingly, the objectives of this paper are: (i) to
formulate a mechanical model suitable for describing the
coast-down dynamics of the induction motor; (ii) to estimate
the unknown mechanical parameters through a nonlinear
least-squares fitting procedure applied to experimental speed
data; and (iii) to validate the estimated parameters by
comparing measured and simulated deceleration responses.
Through this study, the paper aims to provide a practical
contribution to the offline calibration of induction motor
models for digital twin development and related monitoring
applications.

The remainder of this paper is organized as follows.
Section II outlines the overall workflow adopted for
mechanical parameter estimation from coast-down data.
Section III describes the experimental platform, measurement
and data-acquisition subsystems, signal-processing stage,
mechanical model, and nonlinear least-squares estimation
procedure, together with the validation methodology. Section
IV presents the estimated parameters and discusses the
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corresponding estimation and validation results. Finally,
Section V summarizes the main conclusions and highlights
directions for future work.

2. Workflow for Mechanical Parameter
Estimation
Figure 1 summarizes the mechanical parameter

estimation workflow. It consists of six main steps: system
implementation, measurement, data acquisition, signal
processing, mechanical parameter estimation, and validation.

In Step 1, the experimental electric drive system is
assembled and commissioned. The converter, induction
motor, mechanical transmission, alternator, and battery are
integrated into a laboratory test bench, and the correct
operation of the system is verified before data collection. In
Step 2, the required measurements are defined. For the
mechanical subsystem, rotor speed is the primary measured
variable used for parameter estimation. In addition, the
measured voltage is used as input to the simulation model,
while the current is also recorded as part of the synchronized
measurement set. In Step 3, all signals are synchronously
recorded and stored as time-series data using the DAQ system

[5].

In Step 4, the acquired signals are processed. For the
mechanical subsystem, this stage includes despiking, low-pass
filtering, and selection of the coast-down interval from the
complete operating record. The coast-down interval is chosen
because, after supply removal, the electromagnetic torque
becomes zero and the observed dynamics are dominated
mainly by inertia and friction. This makes the coast-down
regime more suitable for mechanical identification than
powered operation, where electromagnetic torque and load
disturbances are coupled [23, 24].

In Step 5, the mechanical parameters are estimated in the
time domain using the MATLAB/Simulink induction-motor
model and the measured coast-down speed trajectory [1, 3, 21,
23]. To improve the accuracy of parameter estimation, the
coast-down record is divided into two consecutive intervals.
In the high-speed interval, the dynamics are dominated mainly
by inertia and viscous losses, so this region is used to estimate
the inertia J and viscous friction coefficient B. In the low-
speed interval, nonlinear friction effects become more
evident; therefore, this region is used to estimate the Coulomb
friction torque. T, breakaway torque T,, and breakaway
angular speed wy,. The parameter values are obtained by
Nonlinear Least-Squares (NLS) fitting, that is, by minimizing
the difference between the measured speed w(t) and the
simulated speed. @(t) over the corresponding interval.

In Step 6, the identified mechanical parameters are
assigned to the simulation model and validated on coast-down
data. Validation is performed by comparing the measured and
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simulated rotor-speed trajectories, analyzing the residuals, and
computing summary fit metrics. In the full study, this
validation strategy showed that a parameter set identified at
one operating condition could reproduce the coast-down

responses at other test frequencies with high accuracy. These
results support the use of the calibrated mechanical subsystem
as a reliable part of the baseline Digital Twin model [5, 21,
22].
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Fig. 1 Offline parameter estimation workflow

3. Materials and Methods
3.1. System Implementation

The proposed mechanical parameter estimation
procedure was validated on the laboratory induction motor
drive platform developed for Digital Twin calibration. The
setup includes an induction motor supplied by a Variable
Frequency Drive (VFD) and mechanically coupled to a
loading unit through a belt--pulley mechanism, enabling
repeatable transient tests under controlled laboratory

conditions. In the present study, the emphasis is placed on the
mechanical subsystem, since the measured speed of the rotor
is used to identify the inertia and friction parameters of the
corresponding virtual model. The experimental arrangement
is illustrated in Figure 2, and the main specifications of the
drive components are reported in Table 1.

The present work focuses specifically on coast-down
dynamics and validation using speed measurements.
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Table 1. Technical specifications of the IM electric drive components

Technical Specification Value
VFD (FR-D720S8-014SC-EC)
Rated input voltage (single-phase) 200-240 V AC
Permissible input voltage range 170-264 V AC
Rated motor capacity (ND) 0.2 kW
Rated output current (ND) 1.4 A
Output frequency range 0.2-400 Hz
Induction Motor (IM)
Rated power 130 W
Rated voltage (Y /4) 380/220 V
Rated current (Y/4) 0.38/0.66 A
Rated frequency 50 Hz
Rated speed 2900 rpm
Alternator (G)
Nominal output voltage 14V
Rated output current 95 A
Part number 7700437 090
Battery
Nominal voltage 12V
Capacity 62 Ah
Model W62 L2D
Rheostat
Resistance 7.5Q
Current 10 A

3.2. Measurements

Table 2 summarizes the main specifications of the
measurement subsystem. Current is measured using a shunt
resistor connected in series, while voltage is measured through
a voltage divider circuit adapted to the inverter output level.
The resulting electrical signals are conditioned and electrically
isolated before being sent to the data-acquisition step.

This improves measurement safety and reduces unwanted
coupling effects between the power and instrumentation
circuits. For the mechanical subsystem, rotor speed is
measured by an incremental encoder mounted on the motor
shaft. These signals provide the experimental basis for
parameter estimation and model validation.

Table 2. Measurement components and specifications

Technical Specification | Value
Shunt Resistor
Part Vishay
Resistance 0.1Q
Power rating 3IW
Tolerance +1%
Technology/package Wirewound, axial leaded
Voltage Divider
Upper divider resistor R1=22MQ, 1/4 W, £5%
Middle divider resistor R2=1MQ, 1/4 W, £5%
Bottom divider resistor R3=1kQ, 1/4 W, £5%
Isolated Amplifier
Device TI AMC1300
Input range (peak) +250 mV
Gain 8.2 (fixed)
Isolation rating Reinforced; 5000 VRMS for 1 min.
Output type Differential
Incremental Encoder
Model | Autonics E40S6-1000-3-T-24
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Supply voltage 12-24 VDC
Resolution 1000 pulses/rev
Shaft diameter 6 mm
Cable length/protection 2 m; IP50

3.3. Data Acquisition

Voltage, current, and rotor-speed signals are sampled
using an NI USB-6009 data-acquisition device connected to a
PC, where they are logged and processed in MATLAB. The
conditioned voltage and current signals are sampled through
differential analog inputs, whereas the encoder signal is used
to reconstruct the rotor speed.

The recorded channels are organized as synchronized
time-series data and then converted into physical quantities
using appropriate scaling coefficients. In the present study,
these measurements are employed for parameter estimation
and model validation, focusing in particular on the measured
behaviour of the mechanical subsystem. The principal
specifications of the NI USB-6009 are listed in Table 3, while
representative acquired waveforms are presented in Figure 3.

Table 3. Principal specifications of the NI USB-6009

Specification Value
NI USB-6009
Al channels (SE/DIFF) 8/4
Al resolution (SE/DIFF) 13/ 14 bit
Max Al sample rate (agg.) 48 kS/s
Al input range +10 V (SE), up to £20 V (DIFF)
Digital I/0 12 lines
Counter/timer 1 x 32-bit
Interface USB (bus-powered)
Configuration used in this work
Al mode/channels DIFF /2 (V,])
DI lines Encoder A, B (Z optional)
Sampling rate 20 kS/s per Al
Software MATLAB
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1000 ~ [ T T T | T 3
0 OO
s I0_HL 0 0| ML
gp -1000 oom -
= 200t
> 2000 - .
-2001
| , Measured voltage |
S000F s 155 i6 6% : : : : :
1.5 1.6 137 1.8 1.9 2 2.1 22 2.3 2.4
Measured Current (scaled), f =30 Hz
T T T T T T T !
<
s
o
=) _
=
@]
| , . Measured current
-20 E—45! 15! 155 16 165 ' ' ' : L=
1.5 1.6 1.7 1.8 1.9 2 2.1 2.2 2.3 2.4
Time [s]

Fig. 3 Measured DAQ signals
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3.4. Signal Processing

In this phase, signal-processing techniques are applied to
the voltage, current, and speed measurements for mechanical
parameter estimation during the coast-down transient. A
despike and filtering pipeline for mechanical parameter
estimation is employed [3, 13].

3.4.1. Despike

When the variable speed drive starts generating the three-
phase output using PWM, the fast switching edges (dv/dt)
create high-frequency components that couple into the voltage
and current measurements. These appear as thin spikes
overlaid on the waveforms, which are not representative of the
actual motor physics. Therefore, the measurement signals
were filtered. The method used for despiking is described in
the following paragraph.

The term x[n] in (Equation 1) refers to the measured
channel (current or voltage) sampled at f; = 20 kHz withn =
0,1,..,n—1 and t, = n/f;. To remove spikes, a median-
filtered version of the measured signal, computed over a short
sliding window, is used as a reference. Specifically, a window
of T, = 0.1 was used, corresponding to W = round(T, -
f) = 2 samples. The median-filtered reference is denoted by

Xmea[n], and the absolute deviation from this reference is as
follows:
d[n] = |x[n] = xXmea[n] 6]
A global dispersion estimate was subsequently obtained
from the median of the deviations:
6 = 1.4826 median(d[n]) 2)
A sample was classified as a spike if its deviation
exceeded a multiple of this robust scale:
d[n] > k.6 3)
Detected spikes were then replaced with the

corresponding values of the median reference as described in
Equation (4):

if nis classified as a spike

_ Xmed [Tl]
Xas[nl = { otherwise

x[n]

“)

This produces the despiked signal. x4s[n], visualized in
Figure 4.
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Fig. 4 Real measurement versus despiked signals

After despiking, the signal xy.[n] is smoothed by a
fourth-order Butterworth low-pass filter with a cutoff
frequency f.. Figure 5 visualizes an example with f, = 80Hz
for a 30 Hz fundamental component. The digital Infinite
Impulse Response (IIR) filter with coefficients. {b, } and {a;}
(ap = 1) is defined as:

27

y[n] = Zilo bixasn — k] — 221 aiy[n —k] (%)

Zero-phase filtering is obtained by applying the same IIR
filter forward and then backward in time. Let H'{-} denote the
filtering operation defined above, and let R{-} denote the time-
reversal operator:
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(Rx)[n] = x[N —1—n] (6)
The zero-phase filtered output is:
xp = R{H (R{H (x45) D} (N

Neglecting boundary transients, the resulting transfer
function becomes:

Vg despiked vs low-pass

Hpr(2) = H(z)H(z™") 3
and, consequently, on the unit circle:

. . 2 .
Xp(e7®) = [H(e/)| X5 (e’®) (€))

which removes the phase shift.
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Fig. 5 Despiked signals versus low-pass filtered signals

3.5. Mechanical Parameter Estimation

The electrical parameters of the IM model
(R, Ry, Ly, L) were obtained from prior experimental
parameter identification of the same induction motor. These
parameters were not re-estimated in the present work and were
therefore treated as fixed values in the model implementation.

In the model implementation, the total leakage inductance
was split equally as Ly, = L';s = L, /2. Consequently, only
the mechanical parameters were estimated in the present
study. Electrical parameter values are reported in Table 4.

Table 4. Estimated induction motor electrical parameters used in the model

Symbol Value Unit
Ry 60.5 0
R, 42.2 0
L, 0.66 H
Ly 1.73 H

In this work, these parameters were estimated from the
coast-down transient at a VFD operating frequency of 40 Hz.
The interval is not taken immediately after disconnection
because the residual rotor-flux transient induces a stator back-
EMF (Figure 6) and introduces additional magnetic losses.
This transient decays over the time constant T, = L,,./R;;
therefore, this interval was discarded, and the mechanical
estimation started only after 7.
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Moreover, the mechanical parameter estimation was
performed with the IM connected in star to avoid delta
circulating currents, which can produce an additional braking
torque and bias the estimated parameters. This experiment was
well-suited for mechanical parameter estimation because the
dominant dynamics are governed by inertia and friction [3,
13].
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Measured DAQ Signals at 40 Hz
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Mechanical parameter estimation was carried out using
the induction motor dynamic model formulated in the
synchronous dq reference frame ([25, 26]) and implemented
in MATLAB/Simulink.

With 1) = dip/dt denoting the time derivative of the flux
linkage and wgy; = w, — w, denoting the slip frequency, the
voltage equations are expressed as:

Vas = Rsias + Was — weys (10)
Ugs = Rlgs + Pgs — Wetbas an
0=R'Yig +Yar — Wgqr (12)
0= R'vigr +Pgr — 0y¥ar (13)
The flux linkages are described by:

Vas = Lsslas + Linlar, Wgs = Lesiqs + Linigr (14)
Yar = Lmlas + Lyrlar, Yar = Linlgs + Lrrlgr 1s)

where Lgg = Ly + Ly, and Ly, = Ly + L, are the stator
and rotor self-inductances. The electromagnetic torque is
computed from Equation (16):

3 : ;
T, = ;p(lpdslqs - lpqslds) (16)
with p denoting the number of pole pairs.

The moment balance of the induction motor is formulated
in Equation (17):

2 25 3

Time (s)
Fig. 6 Signals of voltage and current at a VFD operating frequency of 40 Hz
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Jwm =T, _TL_Tf(wm) (17)

where J is the equivalent inertia referred to the motor
shaft, T}, is the load torque, and Tr(wpy,) is the friction torque.
The friction torque is written as a sum of breakaway,
Coulomb, and viscous components:

Ty @) = VZE Ty~ Todexp |- (22)°] (22) +

Wst
Wm
Totanh (chul) + Bw,, (18)
The velocity thresholds are defined as follows:
Wst = wbrkﬁt Wcoul = % (19)

The first term captures the Stribeck effect. The second
term models Coulomb friction with a smooth sign transition
controlled by we¢yy;. The last term represents viscous friction
proportional to speed.

3.5.1. Nonlinear Least-Squares Estimator

The nonlinear least-squares method is used in the
literature for the estimation of IM parameters. Here, the
nonlinear least-squares method was used for mechanical
parameter estimation. Mechanical parameters are estimated
from the measured coast-down speed. w5 (t;) by matching
the simulated speed wSi™ (t; 0) over the coast-down interval.
The estimation intervals were selected to isolate the dominant
physical effects in each speed range. In the high- and medium-
speed region (1600-750 rpm), the coast-down was governed
by the inertial term J& Moreover, the viscous friction term
Bw, while dry-friction effects were comparatively small. In
the lower-speed region (750-300 rpm), dry-friction
contributions became comparable to viscous losses, so the
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coefficients. T, and Ty, could be estimated more reliably
from the shape of the coast-down curve. Finally, in the very
low-speed range (300-80 rpm), friction becomes strongly
speed dependent and cannot be adequately captured by
parameters estimated at higher speeds. Therefore, wy,; was
fitted in this interval to represent the final-stage coast-down
dynamics.

The estimated parameter vector is introduced in Equation
(20):

6 =1[J,B,T¢, Tyri Wpric]” (20)
The nonlinear least-squares estimation is formulated in
Equation (21):

. . 2
6 = argmin B, (0o (t0) — 0™ (6:0)) (21)

The resulting parameters were retained for the final DT
model and were further used in subsequent validation runs.

3.6. Validation

The validation of the mechanical subsystem was based on
coast-down experiments. The mechanical parameters were
identified from the transient recorded at a VFD operating
frequency of 40Hz and subsequently validated using coast-

down responses obtained at 45Hz, 50Hz, and 55Hz. In each
validation test, the simulated rotor-speed trajectory was
compared with the corresponding measured speed response.
Model performance was evaluated by means of residual
analysis together with quantitative metrics such as RMSE,
NRMSE, and R?.

In this way, the validation examined the capability of the
estimated mechanical parameters to represent the drive
dynamics beyond the operating condition used for parameter
identification.

4. Results and Discussion
4.1. Mechanical Parameter Estimation

Experimental results related to the mechanical parameter
estimation are visualized in Figures 7 and 8, and the estimated
parameters are shown in Table 5. The primary curve plotted in
Figure 7 illustrates the measured and estimated values of the
speed versus time during the coast-down test conducted at 40
Hz, whereas the small inset demonstrates the window used to
fit the parameters of the machine.

This particular window corresponds to the region of the
transient that gives the best information concerning the inertia
and friction forces dominating the system. Results in Figure 7
prove that the estimated parameters provide a good
reproduction of the system dynamics.

Speed: Measured vs Simulated

2500 ‘

2000 —

1500 —

Estimation Interval 4.55-5.55 s

500 —

Measured
- = - - Simulated

A consistent set of mechanical parameters was identified
from the 40Hz coast-down test, as summarized in Table 5.
The estimated inertia is small, which is expected for a 130 W
induction motor. The viscous friction coefficient is also low,
consistent with the gradual coast-down observed over most of
the speed range. As the speed decreases, the influence of dry
friction becomes more pronounced. The estimated breakaway

Time [s]
Fig. 7 Coast-Down speed at 40Hz and selected estimation window (measured versus simulated)

30

torque is slightly higher than the Coulomb friction torque
(Tpr > T¢), indicating a modest Stribeck-type reduction from
breakaway friction to steady sliding friction. Finally, the
breakaway speed parameter wj,, governs the smooth
transition to stiction near zero speed and improves the model's
capability to reproduce the final stage of the coast-down.
Overall, both the magnitudes and the ordering of the estimated
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parameters are consistent with the expected physics of the
deceleration process and provide a stable mechanical
subsystem for the calibrated DT.

Table 5. Estimated mechanical parameters from the Coast-Down
experiment at 40Hz

Figure 8 compares the measured and simulated speed
trajectories over the estimation interval and also presents the
corresponding residual signal. The simulated response closely
follows the measured coast-down profile, confirming that the
estimated parameter set captures the dominant slope of the
deceleration.

Symbol Value Unit
J 8.7499 x 107° kg - m? The residual remains small relative to the overall speed
B 1.0791 x 10~* N-m-s/rad range and exhibits only limited deviations near the end of the
interval. This behaviour is likely associated with the reduced
Tc 0.012998 N-m accuracy of encoder-based speed estimation at low speed,
Tork 0.014236 N-m together with the greater difficulty of reproducing strongly
Opri 0.02 rad/s nonlinear friction effects in this region.
Speed Model Validation
Measured vs Simulated Speed
2000 T
RMSE = 18.77 Measured
NRMSE = 241 % - - - Simulated
1500 R =0.9994 i
R =0.9984
Z 1000 8
w
500 s
0 \
3 3l 39
) Resid ‘
T Residual
40 - - -~ £RMSE —
z - - - =MAXel
L2 A N AR AU AR W
£l ]
v; R e N e ¥ =
a0
o ‘ ‘ ‘ ‘ e —
3 31 32 33 34 33 36 3.7 18 39

4.2. Mechanical Model Validation

Figure 9 presents the mechanical validation at 50Hz by
comparing the measured coast-down speed with the simulated
speed obtained using the parameter set identified at 40Hz,
namely /, B, T¢, Tyri, and wp,,. The measured and simulated
speed profiles overlap closely over the full interval, indicating
that the estimated inertia and friction parameters capture the
dominant coast-down dynamics at this operating point.

The residual, defined as the difference between the
measured and simulated speed, remains bounded near zero,
with a slight drift in the final portion of the record as the
machine approaches very low speed. This behaviour is
consistent with the estimation run at 40Hz and can be
attributed to the reduced accuracy of encoder-based speed

Time [s]
Fig. 8 Mechanical model fit on the 40Hz estimation interval: measured versus simulated speed and residual signal

31

estimation near zero speed, together with the increasing
influence of nonlinear friction effects in this region.

Quantitative validation results are summarized in Table 6,
where the same parameter set identified at 40Hz is tested on
coast-down experiments at 45Hz, 50Hz, and 55Hz. The
model achieves excellent agreement at SO0Hz, with NRMSE =
1.39% and R? = 0.9995. At 45Hz and 55Hz, the mismatch
increases slightly, but it remains small relative to the overall
speed range. The largest deviation is observed at 55Hz, where
NRMSE = 3.80% and R? = 0.9964, which still indicates
strong agreement between model and experiment. These
results confirm that the identified mechanical parameters
remain predictive when applied to operating conditions
different from those used for estimation.
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Table 6. Mechanical parameter validation

f(Hz) | RMSE (rpm) | NRMSE (%) R?
45 19.33 2.26 0.9987
50 13.54 1.39 0.9995
55 39.55 3.80 0.9964

Overall, the validation results justify the use of the
estimated mechanical parameters in the calibrated mechanical
subsystem of the DT. They show that the identified parameter
set not only reproduces the estimation case but also maintains
high predictive accuracy over additional coast-down
experiments performed at different operating frequencies.

5. Conclusion and Future Work

This paper addressed the offline calibration of the
mechanical subsystem of an induction motor digital twin
using coast-down experiments and nonlinear least-squares
estimation. The study focused specifically on the
identification of the inertia and friction parameters after the
electrical subsystem had been treated separately. To this end,
a workflow was developed that combines synchronized
measurement acquisition, processing of the coast-down
record, interval-based identification of the dominant
mechanical effects, and model validation on operating
conditions different from those used for estimation. The
estimated parameter set was physically consistent and enabled
the MATLAB/Simulink model to reproduce the measured
deceleration behaviour with high accuracy. Compared to
traditional methods for identifying the coast-down parameters
using graphical, linear, and single condition approaches

53

54 5.5 5.6 57 58

Time [s]
Fig. 9 Mechanical validation at 50Hz: measured versus simulated speed and residual signal obtained using the parameter set identified at 40Hz
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described by different authors, the suggested technique is
more reliable because the dynamic coast-down model is fitted
directly to the experimentally observed speed data, and the
identified parameters are verified in an independent manner
using different supply frequencies. The higher accuracy of the
response matching may be justified by three main factors: (i)
a proper selection of the estimation interval corresponding to
the most relevant phase of the coast-down response; (ii) the
application of the nonlinear least-squares estimation
procedure that eliminates discrepancies across the entire
fitting interval instead of the approximation based only on
local slopes; and (iii) the verification of the identified
parameters for different supply frequencies. In particular, the
parameters identified from the 40Hz coast-down experiment
remained predictive when applied to independent validation
tests at 45, 50, and 55Hz, producing NRMSE values between
1.39% and 3.80% and coefficients of determination not lower
than R? = 0.9964. These results show that the proposed
procedure provides a reliable offline calibration stage for the
mechanical part of the digital twin and establishes a consistent
basis for subsequent monitoring and simulation tasks.

5.1. Future Work

Future work will extend the present mechanical
calibration stage toward a more complete digitally updated
twin based on experimental measurements. One direction is
the integration of the validated mechanical subsystem with
online updating strategies capable of tracking changes in
inertia and friction under varying loading conditions. Another
direction is the use of the calibrated model for higher-level
applications such as condition monitoring, fault detection, and
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predictive maintenance of the electric drive. In addition, more Conflicts of Interest
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