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ABSTRACT

The loading applied to an industrial gear transmission system is non-stationary, the nature of the
signatures of any faults is complex and difficult to localise due to the simultaneous meshes, time
varying transmission paths and progressive deterioration. A digital twin can be used to continuously
diagnose the machine in real-time, but if the twin is calibrated at commissioning, it will be
inaccurate if any part of the physical system changes, for example due to wear, pitting or cracking.
This systematic review aims to summarize the information from 30 peer-reviewed publications
spanning over the last 14 years (2011-2024) and serve as a basis for laying the foundations of a
self-calibrating mechanical digital twin for multi-physics fault localization. The themes of the corpus
were themed, and the formulations governing the corpus were incorporated into a general
framework of Bayesian state updating, hybrid physics—data decomposition, modelling of mesh
stiffness, modelling of vibration signal on planets, degradation laws, and discrepancy minimisation
for calibration. The synthesis shows that 2021 or later, 56.7% of the corpus was available, and
23.3% of the sources in the corpus were from a single journal: physics-informed learning resulted
in relative errors less than 6.7 x 10-4 with only 100 samples taken from the boundaries. This
representative example of a planetary stage demonstrates small difference in fault frequency
between planet and ring (1.0Hz) to enable a frequency only location even though the use of transfer
path analysis and calibrated virtual data is encouraged. There was a mean bias of 30% from 27
samples of a self-calibrating twin and a mean bias of 32.7% from 27 samples of a static twin. Main
challenges are hybrid, continuously calibrated twins, and computational cost, parameter
identifiability, cyber security and validation requirements are the most balanced solution.

Keywords: Digital Twin; Fault Localization; Gear Transmission; Model Updating; Multi-Physics
Modelling;, Physics-Informed Machine Learning;, Planetary Gearbox; Prognostics and Health
Management; Self-Calibration

INTRODUCTION

Power conversion components in wind turbines, helicopters, mining and heavy industrial
drives are the most common gear transmission failure types, and these failures result in long
downtime and additional expenses. The complexity of planetary configurations stems from the fact
that a number of sun—planet and planet-ring meshes are operating at the same time, the planets are
rotating with the carrier, and the vibration transmission path from the gear to the sensor is changing
periodically according to the position of the carrier [1]. These properties result in very modulated
signals, where the fault signatures are hidden in the healthy meshing response, as well as
background noise.

The following three types of existing diagnostic and prognostic approaches have been
identified: model-based approaches, data-driven approaches and a hybrid approach. One
disadvantage of the model based techniques is that they are not physically interpretable and they
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are dependent on the changes in the value of the model parameters over time, which can change due
to wear, temperature, assembly tolerances etc., while on the other hand, the data driven techniques
can lead to high accuracy classification of faults, provided the corresponding fault data are acquired
with the appropriate labels in large quantities [2]. The short run-to-failure histories, non-stationary
operating conditions and high cost of a wrong maintenance action make family inappropriate to
industrial practice; thus family, alone, is insufficient to satisfy the criteria for reliable fault
localization.

The digital twin (DT) has been proposed as a single solution to overcome these challenges
in the form of a virtual asset which is continuously linked to the physical asset via bidirectional data
exchange. It was initially seen in the early 2000s as part of product lifecycle management (PLM), but
has since been seen repeatedly as an important strategic technology trend (STT), and numerous
industrial publications [3] were published on the topic. The three major application areas are
manufacturing, energy and transportation.

Note that the difference between a simulation model and a twin is that a simulation model
is needed to keep up a ‘twin', and measured data needs to be updated when the asset changes, and
the simulation model can be dynamically adapted to reflect changes in the asset [4]. This review will
be for a self-calibrating mechanical DT (SCMDT), that is, a twin with re-estimation of the gear-mesh,
contact and degradation parameters from the measurements, online. The goals include establishing
the theoretical bases, comparing calibration/evaluation and fault localization approaches,
quantifying the extent of research in this field and identification of challenges to be addressed for

use in industry.

LITERATURE REVIEW
2.1 Digital Twin Foundations and Self-Calibration

A five-dimensional DT architecture for the physical entity, virtual entity, services, twin data
and interactions between them was developed and applied to a wind turbine gearbox for the
purpose of prognostics and health management (PHM) of complex equipment [5]. In this case, the
virtual entity is continually compared to the physical entity, and the difference between them is
regarded as a deficiency of the model of the physical entity, which should be corrected, and/or an
indication of the onset of fault in the physical entity that should be diagnosed; with the conceptual
foundations for self-calibration.

The values, challenges and enablers of DTs were then discussed from a modelling
perspective by comparing modelling approaches namely physics-based, data-driven and hybrid
analysis and modelling (HAM) [6]. Physics-based models were found to be opaque, but were found
to be fast at inference and generalizing beyond the training range, while data-driven models were
found to be fast at inference but opaque. A modelling approach that integrates different models was
identified as the most feasible, if feasible also real-time model order reduction, uncertainty
quantification, and secure data infrastructure.

Two kinds of twinning, virtual-to-physical (decisions are returned to the asset) and physical-
to-virtual (states and parameters are inferred from the sensors) were also identified in a
comprehensive analysis of modelling and twinning technologies [7]. The need for reliable updates
was cited as very important which included uncertainty quantification. The reviewed literature can

then be summarized in terms of the direction and level of automation of data flow, how the
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parameters are changed, and the different classes of virtual representation can then be delineated as

summarized in Table 1.

Table 1. Classes of Virtual Representation and Their Calibration Characteristics

Class Physical-to- Virtual-to- Parameter Typical gear Source
virtual flow physical updating application s
flow
Simulation Manual, None None or one-off Design-stage [4], [9]
model (virtual offline dynamic analysis
twin)
Digital Automatic Manual Periodic, offline Condition- [4], [7]
shadow indicator trending
Digital twin Automatic Automatic Continuous, PHM of wind [51, [7]
online turbine gearboxes
Hybrid twin Automatic Automatic Physics model Diagnosis with [6], [9]
plus learned residual learning
correction
Predictive Automatic, Automatic, Probabilistic, Fleet-scale health [8]
(probabilistic) Bayesian decision- with assessment
twin theoretic uncertainty

Source: Synthesized from the reviewed literature on twin definitions and architectures.

A mathematical framework of predictive DTs was proposed to make all the elements of the
physical state, all the data observed, the digital state, and the control actions random variables, and
to establish their relationship through a dynamic decision network [8]. As shown in Eq. (1), the
digital state, {t, at time step t is updated in the process of recursive Bayesian inference, given the
measurement history, yl:t, and health parameters. The formalism is illustrated for an unmanned
aerial vehicle (UAV) employing a library of reduced-order structural models, and can be easily
adapted to other gear-health states such as crack depth or wear depth.

PO 1 y1.) xp(ye 16.) [p(B | 0, 1)p(Be_y | y1.0-1)d6 4 1)

The hybrid approach of "twin" was developed to overcome the challenge of data and
physics, by splitting the response into two parts: a physics-based prediction uP with some new
parameters p and a new data-based correction AuD of the deviation or ignorance term, as specified
in Eq. (2) [9]. The virtual twins were rated as offline simulation, digital twins as calibrated simulation
and hybrid twins as calibrated simulation with learned corrections, model order reduction for real
time assessment.

ugr(x, 6 ) = up(x, t; 1) + Aup(x, t) )
2.2 Physics of Gear Transmission Faults

Using time-varying mesh stiffness as the primary internal excitation, the different meshes of
the gearbox fault dynamic models can be classified into lumped-parameter models, finite element
models and combined models as shown in Eq. (3), where the generalized coordinate vector is
represented by g, the mass, damping and stiffness matrices are represented by M, C and K,

respectively. The analytical potential energy method is a combination of Hertzian compliance (C1),

Vol. 2, No. 02, December 2025: pp. 117-131


https://north-press.com/index.php/snnst

Sciences du Nord Nature Science and Technology 120

bending compliance (C2) and shear compliance (C3), which is listed in Table 2 and is given in Eq.

(4)-

Mg + Cq + K(t,0)q = F(t) 3)
1r_1 2 (2,1, 1 1
ke kp +2in (kb,i + ks i + kqi + kf,i) )

Table 2. Components of Gear Mesh Stiffness and Their Sensitivity to Local Faults

Component Symb Physical origin Most affected Calibration relevance
ol by
Hertzian kn Local elastic Pitting, spalling, Contact width updated
contact deformation at wear from surface state
contact

Bending I Cantilever bending Root crack, Crack depth and angle as
of the tooth tooth breakage parameters

Shear ks Transverse shear of Root crack Updated jointly with
tooth section bending term

Axial ka Compression along Crack (minor Usually held fixed

compressive tooth centreline influence)

Fillet ke Deflection of gear Rim crack, thin ~ Rim crack path parameter

foundation body at root rims

Source: Synthesized from gearbox dynamic modelling and cracked gear reviews.

The cracked gear systems are especially investigated, since a crack is generated at the tooth

root and gradually changes the bending stiffness and shear stiffness of the tooth, resulting in the

stiffness of the mesh to be lower during contact with the faulty tooth, and the occurrence of impulsive

excitation once per revolution [10], [11]. For cracks running through the tooth and through the rim,

certain stiffness reductions occur leading to very different stiffness reductions as a function of crack
depth. For an idealized waveform, with a contact ratio of 1.6, the cracked tooth is 10%, 25% and 40%

less stiff, as indicated in Figure 1.
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Figure 1. Idealized Time-Varying Mesh Stiffness of a Spur Gear Pair under Increasing Root

Crack Severity

Source: llustrative computation based on Eq. (4) and the mechanisms reported in the cracked gear literature.

Under gear wear condition that causes the amplitude modulation of vibration signal a(t) and

the frequency modulation of vibration signal b(t), explicit models of vibration signals were obtained

separately for planetary gearboxes [11] and under gear wear condition of sun, planet and ring gear,

respectively, the fault characteristic frequencies were obtained [12]. Table 3 shows a simulated

spectrum as a result of a localized fault on the sun gear, which is programmed into the relations in

Figure 2, and is compared to a representative single stage gearbox.

x(t) = [1+ a(t)] cos[2mf,,t + b(t) + ¢] 5)

Table 3. Fault Characteristic Frequencies for a Representative Planetary Stage

Quantity Expression Value (Hz)
Sun shaft input frequency fs 20.00
Carrier rotation frequency fe = £7s/(Zs + Zx) 4.35
Mesh frequency fm = Zifc 313.04
Sun gear fault frequency Nfw/Zs 46.96
Planet gear fault frequency (one fm/Zp 12.04
flank)

Planet gear fault frequency (both 2fm/Zp 24.08
flanks)

Ring gear fault frequency Nfw/Zx 13.04

Note: Zs =20, Zp =26, Zr =72, N = 3, ring gear fixed. Source: Computed from Eq. (6).
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Figure 2. Simulated Vibration Spectra of the Planetary Stage in Table 3: (a) Healthy and (b)
Localized Sun Gear Fault

Source: Illustrative computation based on Egs. (5) and (6).

This type of model can be matched with measurements using a vibration based condition
monitoring approach such as time synchronous averaging, which can separate individual shafts,
envelope analysis, spectral kurtosis, which can identify impulsive faults, and cepstral analysis,
which can identify sets of sidebands [13]. These operations are used as feature extractors for the DT
and the outputs of these operations are the observation vector which is used to calibrate the model
with the prediction results.

2.3 Data-Driven and Physics-Informed Learning

Machine learning based machine fault diagnosis was represented as three stages of
evolution: Use of traditional machine learning with handcrafted features with ANNs or SVMs,
automatic feature extraction with deep learning and transfer learning to transfer machine knowledge
between machines and conditions [14]. A recurring difficulty in all stages is that sufficient data for
faults is not available in the labeled form from real equipment and this leads to a tendency towards
generating synthetic data in a physically consistent way with calibrated DTs.

Physics-informed neural networks (PINNs) insert the physics into the training loss, forcing
the network with weights w to be both a good approximation of Nu observations and a good
approximation of the physics at Nf collocation points as illustrated in Eq. (7) [15]. A good relative
L2-accuracy of approximately 6.7 x 10-4 was achieved with only 100 initial and boundary samples
and 10,000 collocation points in the case of the Burgers equation, while in the calibration problem of

unknown equation coefficients, the same scheme was applied.
1 1 N 2
L(w,0) = =B uCesw) = wil” + A5, R (x5 w,6)] )

Later on, physics-informed machine learning was proposed as the combination of three
biases: observational, inductive and learning [16]. For gear DTs, it can be useful because the three
kinds of meshing periodicity and the three kinds of kinematic constraints and energy balance can be
used in any of the three ways, which will have an impact on the amount of data required to be
trustworthy for the calibration.

In [17] the authors presented one concrete application wherein the physics informed
hyperparameter optimization of long short-term memory (LSTM) networks was performed for a
gearbox based on its physical properties and not on an exhaustive search. Correlation of the receptive
field of the detector with physically meaningful periodicities of faults helped in tuning and showed
an extremely simple form of physics guidance that could be used in an embedded real-time

application.

METHODS
3.1 Review Protocol

The sources included in the corpus are 30 peer reviewed sources published between the
years 2011 and 2024 and analyzed using a systematic review protocol. Coding was based on DT-
driven diagnosis of rotating machinery where the model parameters were updated based on

sensitivity analysis before the diagnosis, studies were retained if they discussed the dynamics of
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gears or rotating machinery, DT architectures, physics-informed learning, degradation modelling or
DT-based diagnosis. They were themed, year coded, venue coded, modelling paradigm coded,
calibrated parameters coded and localization capability coded for each source. As indicated in Table
4 and Figure 3, there were seven sources (23.3%) that appeared prior to 2021, but 17 sources appeared

after that year.
Table 4. Thematic Profile of the Reviewed Corpus
Theme Sources Share Span Dominant contribution
(%)
DT foundations and 7 23.3 2018-2022 Definitions, architectures,
architectures Bayesian and hybrid
formalisms
Gear dynamics and 6 20.0 2011-2021 Mesh stiffness, signal
vibration physics models, diagnostic reviews
Physics-informed and 4 13.3 2019-2022  PINNS, learning biases, ML
data-driven learning roadmap, PI-.LSTM
Multi-physics degradation 5 16.7 2022-2024 Wear, pitting, and crack
modelling growth twins
DT-based diagnosis and 6 20.0 2019-2023 Model updating, data
localization fusion, TPA, multibody
models
Drivetrain field 2 6.7 2022 Virtual sensing, online
monitoring parameter tracking
Total 30 100.0 2011-2024 —
Source: Coding of the reviewed corpus.
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. Gear dynamics and vibration physics
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Figure 3. Annual and Cumulative Distribution of the Reviewed Corpus by Theme
Source: Coding of the reviewed corpus.
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3.2 Self-Calibration Formulation

A synthesized framework where the minimization of the weighted difference between the

measurements yk and the prediction of the model k with the prior parameter values 00 is formulated

as a self-calibration. This method has been used with gearboxes, where the subset of parameters are

first selected and tuned to get simulated and measured responses to agree and then fault samples

are generated by the updated model during the diagnosis. The closed loop architecture obtained is

illustrated in Figure 4. In the example recursive estimation in Figure 5, after reducing the stiffness of

the object by 30%, the estimation error is kept in the range of -3% to +3% in 27 samples and the RMS

of estimation error is 0.017 and the mean estimation error of the static twin is 32.7%.

6 = arg min[ S wi (v = 94(0)) + B0 — 6 1?]

f =\ v \ ﬁ
Physical gearbox Feature layer Calibration engine
Vibration, torque, speed Time synchronous averaging Bayesian { Kalman update
temperature sensors Envelope, spectral kurtosis Semsitivity-based selection
Multi-mesh planetary stage |  Cepstrum, sideband energy » Discrepancy minimization
Varying load and speed Ohservation vector y Updated parameters 8
1
. . \ N
A
ite B W)
4
( ( N
Fault localization Hybrid correction Multi-physics model
Charactenstic frequencies Physics-informed learning Dynamics: M, C, Kit, &)
Transfer path analysis Residual term Au Mesh stiffness (Eq. 4)
Severity and RUL estimate - Virtual fault data e Wear, pitting, crack laws
Maintenance decision Uncertainty bounds Reduced-order solver
> & =7 ©
Closed loop: the predicted response y8) is compared with the measured features y,

and the

residual drives

recalibration of 8 before [

it localizotion

)

Figure 4. Closed-Loop Architecture of a Self-Calibrating Mechanical Digital Twin for Gear Fault

Localization

Source: Synthesized framework.
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Figure 5. Recursive Mesh Stiffness Calibration Compared with a Static Twin during Crack
Onset and Growth
Source: lllustrative computation based on Egs. (1) and (8).

RESULTS AND DISCUSSION
4.1 Multi-Physics Degradation Twins

The vibration based gear wear monitoring and prediction methods were reviewed and the
general expression of wear was shown as Eq. (9) [18] if the coefficient of wear is kw, contact pressure
is p and the distance of sliding is s. Tribology and dynamics are mutually coupled, which refers to
the variation of meshes' stiffness and transmission error as the wear occurs, and needs to be fine-
tuned in an iterative manner during service operation.

1 (%) = hn () + Ky ()55, (x) ©)

The method is based on a model of tribo-dynamic pitting evolution of planetary gear sets
introduced, which includes dynamic contact pressure calculated using the dynamic model as a
source of fatigue damage, and formation of pits on the surface of the tooth, followed by updating
the topography and using the updated topography for calculation of the mesh stiffness and dynamic
response [19].

A life-cycle dynamic wear degradation model of planetary gear systems was developed that
modeled running-in, steady and accelerated running-in regimes, in which the wear depth and
dynamic response co-evolved [20]. The three stages of wear are illustrated in Figure 6 calculated
from Eq. (9) where the coefficients are stage-dependent; in the final 25% of the gearbox's life the
accelerated stage accounts for 5.3 pum (43.3%) of the total wear.
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Figure 6. Three-Stage Life-Cycle Wear Trajectory and Associated Mesh Stiffness Reduction

Source: lllustrative computation based on Eq. (9) and the three-stage behaviour reported for planetary gears.

In this, the intelligent assessment of gear surface degradation was applied by using the

dynamic model and the assessment module of surface damage, and matching the vibration signals

produced by the gear degradation to the field signals [21]. The phenomena of degradation,

controlling laws and new variables found in the literature are listed below and shown in the table

below (Table 5) to show that geometric state updating is needed for surface degradation and stiffness

state updating is needed for crack degradation.

Table 5. Multi-Physics Degradation Mechanisms in Gear Digital Twins

Mechanism Governing Coupled Updated twin Observable Sources
relation physics state
Sliding wear Archard law, Contact, Tooth profile, Transmission [18], [20]
Eq. (9) tribology, kn error, mesh
dynamics harmonics
Pitting and Fatigue Contact Surface Modulation [19], [21]
spalling damage with pressure, topography sidebands
topography lubrication,
update dynamics
Root crack Paris law, Eq. Fracture Crack depth, Once-per- [11]
(10) mechanics, ke, ks revolution
dynamics impulses
Combined Superposed Multibody Several Mixed sideband [22]
faults stiffness dynamics stiffness families
changes functions
Drivetrain Palmgren- Structural Accumulated Virtual sensor [23]
fatigue Miner rule, dynamics, damage loads

Eq. (11)

external loads
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Source: Synthesized from the degradation and drivetrain literature.

The developed DT for gear root crack prognosis was a dynamic model of the cracked gear
pair (2) coupled with a crack growth law (10) (canonical form of the crack growth law) and used to
propagate the crack length a estimated from vibration over load cycles N to estimate the remaining
life [24]. The accuracy of the prognosis has been shown to depend not only on the state but also on
the re-calibration of the state and of the still uncertain growth parameters C and m with new

measurements.
d

- =C@Kn™ (10)
4.2 Fault Localization Capability

The issue of localization is split into two parts: Firstly the twin needs to tell that damage has
been done, and secondly he needs to mark the damage point. The method used for tracing the fault
within the gear system was developed based on an in-situ measurement based transfer path analysis
method, in which the effect of the individual excitation sources and the effect of transmission paths
on the response in the housing were separated in order to be able to trace the faulty component back
to the source [25]. This is in addition to localization by frequency, which can be ambiguous if
characteristic frequencies are the same; in Table 3 the planet fault frequency is only 1.0 Hz away from
the ring fault frequency.

A multi-body dynamics model of planetary gearbox combination failures was built using a
DT and it was found that simultaneous failure of several components leads to interacting modulation
patterns which are difficult to be separated through single failure templates [22]. Two responses
from the twin were therefore simulated for combining fault analysis, to enable the identification of
compound faults as opposed to single faults, and to enable fault localization from one component to
multiple damage sites.

In [26] a DT driven approach was taken to develop virtual data from a refined twin and
combine them with a few physical measurements to train a diagnostic network, due to the lack of
fault samples. The approach is based on the "step of the refinement” as samples from a not-calibrated
model are not distributed in the same way as real samples and may decrease rather than enhance
the generalization abilities of the classifiers.

The idea of fault diagnosis for gearboxes using a fusion of the physical model and data-
driven approach was also similar: The physical model would provide a set of interpretable fault
mechanisms, which were to be captured by the data-driven model as the remaining complexity [27].
Table 6 and Figure 7 show a comparative analysis, where the self-calibrating hybrid twins are the
most promising option in terms of data demand, localization granularity and robustness, but require

more modelling and computational work compared to frequency matching.

Table 6. Comparative Analysis of Fault-Localization Strategies for Gear Transmissions

Strategy Physics  Labelled Localization Computati Interpretabi Sources
required data granularity onal cost lity
need
Characteristic =~ Kinematic None Component Low High [12], [13]
-frequency s only
matching
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Transfer path Path None Component Medium High [25]
analysis transfer and path

functions
Deep learning None High Fault class Low Low [14], [17]
classifier inference,
high
training
Calibrated Full Low Component High Medium to  [19], [27]
dynamic twin ~ dynamic and severity high
with virtual model
data
Self- Reduced Lowto  Component, Medium Medium [9], [28]
calibrating model medium severity,
hybrid twin plus compound
correction faults
Source: Qualitative synthesis of the reviewed literature.
Interpretability
Low labelled- Prognostic
data demand capability
,"/ \\
{/ \\
|' "
l| ‘|’
\ /
\ /
\ i O]
Localization \ omputational
efficiency

~ Signal-model / frequency matching
— Deep learning classifier

Robustness to
operating changes

= Calibrated physics twin
= Self-calibrating hybrid twin

Figure 7. Qualitative Comparison of Fault-Localization Paradigms across Six Criteria (Scale 1-5)

4.3 Deployment,

Source: Qualitative synthesis of Table 6.
Scalability, and Open Challenges

The most evident fields of use for the field deployment are the wind turbine drivetrains.

Application of a DT-based virtual sensor for the offshore wind turbines led to the estimation of

internal loads of a wind turbine drivetrain that cannot be measured directly, and the online
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calculation of fatigue damage that the wind turbine suffered from using the Palmgren—Miner rule in
Eq. (11) by setting ni and Ni as the number of applied and allowable cycles for load level i,
respectively [23]. Apart from the benefits of the virtual sensing, selfcalibrating twins would also be
useful for diagnosis, but with the introduction of loadaware prognosis in the future, the need for
continuous calibration is further emphasized.

p=yn, M (11)

i=1y,

In [30] a method for online condition monitoring of floating wind turbine drivetrains by
using an estimated DT derived from measured signals to monitor parameters of the drivetrain (e.g.,
torsional stiffness) and deviations of these parameters from their estimated values as fault indicators
was proposed. The evolution, shown in Table 7, shows that the models are moving from offline
signal models to probabilistic, online and multi-physics models for twins. But these models are still
expensive, many of these parameters are still not measurable, placement of sensors is still an issue,
cyber security and data ownership with connected assets are still to be sorted, and there is no

validation of safety critical certification.

Table 7. Evolutionary Trend of Gear Digital Twin Capability in the Reviewed Corpus

Period Sources Dominant Representative developments Calibration
capability mode
2011-2015 4 Signal models and Planetary signal models, None (offline
diagnostics cracked gear dynamics, models)
monitoring practice
2018-2019 5 DT architectures Five-dimensional DT, fault Offline,
and first updating modelling review, PINNs, deterministic
sensitivity-based updating
2020-2021 Hybrid and Hybrid twins, HAM, model- Online
probabilistic twin distinction, Bayesian concepts,
formalisms networks, learning biases probabilistic
2022 Multi-physics and Pitting topography updating, Online
field twins PI-LSTM, virtual sensing, parameter
floating wind DT tracking
2023-2024 Integrated Surface degradation DT, crack ~ Online, multi-
degradation and prognosis, TPA, data fusion, physics, fused
fusion twins life-cycle wear data

Source: Coding of the reviewed corpus by publication year.

CONCLUSION

This systematic review has demonstrated that, for the industrial world, a coherent way
forward for multi-physics fault localisation can be provided by self-calibrating mechanical digital
twins. These different formulations were combined in a single closed-loop through synthesis. These
were Bayesian updating of the state, hybrid decomposition, modelling of mesh stiffness, planetary
signal models, degradation laws and discrepancy minimizing calibration. The analysis indicated
that: a) static twins degrade over time as they age, wear, pit and crack; b) In the frequency domain,

two similar characteristic frequencies are hard to interpret and have a high number of labelled-datas
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required; c) continuously calibrated hybrid twins are interpretable and have low numbers of
labelled-datas required. The literature has been increasing rapidly and most of the sources
mentioned in this literature review are published since 2021, although the literature on the field
validation of wind turbine drivetrains has been focused. Efficient reduced-order multi-physics
solvers, identifiability analysis of coupled degradation parameters, uncertainty aware calibration
and distinguishing model error and degradation, benchmark datasets with known Run to Failure
history and on-going validation protocols for certification of twins in safety critical transmissions

should be a future research priority.
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