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Abstract: Ball screw feed systems demonstrate that pronounced nonlinearity, time
variation, and multiphysics coupling arise under high speed, high acceleration, and
long-duration operation, where neither purely physics-based nor purely data-driven models can
simultaneously ensure interpretability, deployability, and cross-condition reliability. However,
the significant challenges this presents show that a more integrated framework could address
these limitations more effectively. Moreover, the findings from existing approaches indicate
that a Coupled Mechanism—Model-Data (CMMD) framework could provide a systematic way
to connect physical mechanisms with application-oriented modeling through a hierarchical
and constrained architecture. In light of these key results, the evidence shows that following
a unified logic of “mechanism coupling—model structure—data updating interface” appears to
support more coherent analytical development. Research shows friction, stiffness, thermal
deformation, and wear affect modal properties. Nevertheless, the important propagation
effects indicate that formulating these as identifiable nonlinear and time-varying terms
demonstrates that the framework retains critical physical interpretability. Furthermore, the
evidence shows that hierarchical physics-based model families appear to differ significantly
in representational capability, computational cost, and boundary sensitivity. Given that
the findings demonstrate that conditions involving strong nonlinearity and parameter drift
present particular analytical difficulty, LPV-NARX (Linear Parameter-Varying Nonlinear
AutoRegressive model with eXogenous inputs), sparse identification, neural networks,
and three hybrid paradigms—residual compensation, adaptive parameter updating, and
physics-constrained learning—indicate that synthesis according to fusion location, updating
objects, and failure boundaries could establish a constraint-driven hierarchical selection

strategy. Data shows hybrid paradigms yield representative application scenarios.

Keywords: ball screw feed system; nonlinear time-varying dynamics; multiphysics
coupling; position-dependent stiftness; physics-informed hybrid modeling

1. Introduction

The ball screw feed system (BSFS) is the core actuator that enables high-precision
linear motion in CNC machine tools. Its dynamic performance directly constrains the
positioning and contour accuracy, response speed, and operational stability of the entire
machine [1,2]. Under high-speed, high-acceleration, and wide-frequency working
conditions, the dynamic behavior shows nonlinear, time-varying, and multiphysics

coupling characteristics. Therefore, traditional empirical tuning and single-model
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approaches are difficult to balance interpretability, implementability, and reliability
across different operating conditions [3—5]. Accordingly, establishing a dynamic
modeling framework oriented toward complex conditions and long-term operation is
an important foundation for control tuning, error compensation, structural design, and
intelligent maintenance [5].

Figure 1 illustrates BSFS and the coupling of its multi-source mechanisms at
different time scales. Friction, position-dependent stiffness, thermal deformation, and
degradation jointly shape the dynamic characteristics. They influence modal properties,
vibration, and trajectory errors through parameter drift and boundary variation [6, 7].
Therefore, the main challenge of dynamic modeling is to transform these coupled
mechanisms into model expressions that are embeddable, identifiable, and updatable,

so that the requirements of real-time control and stability can be satisfied.
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Figure 1. Structure of a BSFS and schematic illustration of multi-source physical mechanisms.

The evidence shows that existing studies have formed three key paths to address
these challenges: physical modeling, data-driven modeling, and hybrid modeling.
However, the significant findings indicate that physical models emphasize structural
consistency and interpretable boundaries [3,4]. Furthermore, the results demonstrate
that data-driven models focus on complex mappings and multi-source fusion [8].
In light of these findings, hybrid structures show that improved accuracy and
cross-condition adaptability under stability constraints remain critical [9]. Studies show
most reviews address modeling, control, vibration, or dynamic design of BSFS [1,2,10].
Moreover, significant evidence shows that studies integrating mechanism coupling,
model structure, and data updating interface as a unified logical system appear limited.
Additionally, the findings indicate that method comparison, application selection, and
digital twin deployment remain critical elements that existing reviews have yet to
establish within a coherent framework. Given that the results demonstrate this gap,
the evidence shows that a more unified approach could provide important analytical
support.

This paper shows that a Coupled Mechanism-Model-Data (CMMD) framework,
as shown in Figure 2, could provide the systematic connection between physical
mechanisms and application-oriented modeling. Moreover, the significant framework

indicates that physical mechanisms, structural dynamic models, and data-driven
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adaptive methods could demonstrate integration within a hierarchical and constrained
architecture. However, the CMMD framework appears to establish that the mapping
from mechanisms to parameters, the embedding relationship from parameters to
structure, and the adaptive correction interface from structure to data explicitly define
relationships that previous reviews could not support. In light of these key findings,
the hierarchical structure shows that nonlinear friction, thermo-mechanical effects,
stiffness evolution, and degradation processes might indicate systematic propagation
across modeling layers. The framework shows mechanisms that affect prediction
reliability and control robustness.
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Figure 2. CMMD framework for the dynamics of BSFSs.

Based on this structure, this paper discusses key physical mechanisms (Section
2), physics-based modeling methods (Section 3), data-driven and hybrid modeling
approaches (Section 4), constraint-driven hierarchical selection strategies and typical

scenarios (Section 5), and finally provides conclusions and an outlook (Section 6).

2. Key physical mechanisms and their effects on dynamic behavior

The dynamic characteristics of a BSFS, including modal properties, vibration,
and trajectory errors, result from the coupling of multiple physical mechanisms under
different time scales and operating conditions [11,12]. As shown in Figure 3, friction,
stiffness, thermal effects, and degradation interact with each other. Nonlinear friction
directly affects low-speed stability and tracking error. At the same time, frictional
heat changes the thermal field distribution [13—15]. Thermal deformation then causes
preload drift and variation in contact state. As a result, the equivalent stiffness becomes
time-varying and nonlinear, and modal migration may occur [16-18]. Long-term
wear further alters friction levels and contact stiffness, which leads to slow drift of
the dynamic characteristics [19,20]. A three-layer transmission framework shows
that cross-scale coupling among these mechanisms can be characterized quantitatively.
Moreover, the parameter layer appears to establish that the friction force Iy, equivalent

stiffness K,, thermal elongation d;, , and contact stiffness degradation AKyeqr
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serve as the primary quantifiable variables. Furthermore, the significant parameter
variations at this layer indicate that modal frequency shifts A f,,, damping ratio changes
A&, and mode shape distortions propagate through the structural layer. In light of
these results, the error layer demonstrates that the cumulative contributions of all
mechanisms to trajectory error ., can be expressed as: Eioqi = Efriction +
Egtif fness + Ethermal + Ewear, Where each term represents the error contribution
from the corresponding mechanism under specific operating conditions. Framework

provides basis for cross-scale correlation analysis in the following subsections.
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Figure 3. Coupled physical mechanisms in BSFS and their effects on dynamic behavior.

At the parameter level, these mechanisms appear as identifiable nonlinear and
time-varying terms. At the structural level, they appear as the evolution of modal and
damping properties. Therefore, they form the physical basis for subsequent modeling

and updating strategy design [21-23].

2.1. Nonlinear friction characteristics

Friction in a BSFS mainly originates from the screw—nut pair, guideways, support
bearings, and transmission accessories. These sources are superimposed, and the
overall friction shows clear nonlinear behavior. In modeling and identification, the
screw—nut pair and guideways are usually regarded as the dominant friction sources.
The resistance from bearings and accessories is often incorporated into the total friction
term or modeled as velocity-dependent damping. This treatment improves parameter
identifiability and engineering applicability [24].

As shown in Figure 4, typical friction models and their dynamic characteristics
can be described as follows. At the macroscopic level, friction behavior is commonly
represented by Coulomb friction, viscous friction, and the Stribeck effect [12—14]. In
the low-speed region, pre-sliding and stick-slip transitions are related to equivalent
negative damping and structural mode coupling. These phenomena are key causes of
low-speed vibration and crawling motion [25]. During long-stroke operation, friction
also exhibits position dependence. Therefore, this feature should be included in
parameter expressions [26].
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Figure 4. Typical friction models and their dynamic characteristics in BSFS.

To overcome discontinuity near zero velocity and the limited transient prediction
capability of static models, dynamic friction models such as the Dahl and LuGre models
introduce internal state variables to describe the elastoplastic evolution at the contact
interface [13, 14]. The LuGre model integrates the Stribeck effect and viscous terms
within a unified framework [14,15]. Therefore, it is more suitable for dynamic friction
modeling in BSFSs. To address parameter drift and zero-speed drift, elastoplastic
improved models and the generalized Maxwell-slip multi-state model further enhance
low-speed stability and compensation accuracy [27,28].

Temperature, load, and wear change lubrication conditions and contact
characteristics. As a result, the Coulomb level, Stribeck characteristic velocity,
and viscous coefficient evolve with time and operating conditions [28,29]. Therefore,
friction modeling usually needs to be coupled with structural flexibility and thermal
effects [20]. In addition, online estimation or extended models are used to capture
parameter time variation [21]. On this basis, combining mechanism-based models
with data-driven representations can further improve prediction robustness [22].

In summary, at the model level, friction mainly appears as nonlinear damping and
time-varying parameter terms. It is the core source of low-speed dynamic error and

transient response behavior.

2.2. Time-varying and nonlinear stiffness

The equivalent stiffness of BSFS is jointly determined by the screw shaft,
rolling contact interfaces, support bearings, and interface connections. It shows
load-dependent nonlinear characteristics, as well as position- and speed-dependent
time-varying properties [3—5]. The ball-raceway contact stiffness can be described
by Hertzian contact theory, which establishes a load-deformation relationship and
represents a typical source of nonlinearity [4,5]. Since the screw is a slender component,

its effective span changes with nut position. Therefore, natural frequencies and mode



Sound & Vibration 2026, 60(3), 4089.

shapes show clear position dependence [3, 5]. Twin-screw structures and preload
mechanisms further increase modal coupling and stiffness distribution complexity [5].

Figure 5 shows that local stiffness variation propagates to global modal
characteristics in ways that could demonstrate significant structural implications.
Moreover, the findings appear to provide a structural basis for position-dependent
dynamic modeling. Furthermore, the evidence indicates that increasing preload
enhances axial stiffness and could suppress backlash across key operating conditions.
Given that friction and heat generation also increase, the results show that a critical
coupling trade-off exists between stiffness improvement and parameter drift [5].
Stiffness evolves with speed and load [23,24]. However, under high-speed operation,
the significant centrifugal forces of rolling elements show that changes in contact
angle could modify contact stiffness in important ways. Additionally, the evidence
indicates that thermal deformation further alters equivalent stiffness and damping
through material parameter variation and preload drift. In light of these key results, the
findings demonstrate that stiffness time variation shows critical multiphysics coupling
characteristics [7]. Stiffness shows multiphysics coupling. Nevertheless, in model
representation, the evidence shows that low-order lumped parameter models could
describe nonlinear and time-varying stiffness through load-dependent elastic elements
and position-scheduled parameters [3,4]. Notwithstanding these results, high-fidelity
models appear to explicitly introduce contact elements and boundary conditions
that could represent preload and support stiffness in significant ways. Therefore,
the findings indicate that medium- and high-frequency modes and coupling effects
might be captured more accurately through these approaches [5, 6]. High-fidelity
models show coupling effects captured accurately. In summary, the evidence
shows that establishing identifiable expressions for rolling contact nonlinearity,
position-dependent span variation, and high-speed coupling effects demonstrate that
this foundation is critical for improving dynamic modeling accuracy and stability

analysis.

Drives & Inputs

I
1
1
1
I
' !

iti 1 Hertzian contact nonlinearity
Nut position | m

&% Effective span variation I#‘ ; stiffness as a load-dependent
i
1
I
1
|
!

Function k(F)

Natural-frequency shift
‘/\/]“ mode-shape variation

(mode migration)

Position-scheduled stiffness

—>  Travel-dependent

. * k=k(x)
Emm‘ load T A& . taveldependent effective span
+ Preload level | — ©
) "+ support conditions
: N\ f, Variation of dynamic stiffness
1 & resonance susceptibility
|
I
I
+ contact-angle shift 1
: J\\ Amplification of vibration
1 .
% = Temperature field 1 SPP.  Preload drift : F,= F (T, 1) & tracking/contouring errors
= - Material property change #’ B« - Thermal expansion
* Thermal expansion mismatch * Long-term evolution

Constraints on achievable servo
Bandwidth & stability margins

Figure 5. Position-dependent stiffness and modal variation in BSFSs.

« Interface stiffness

'
'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

!

'

' -
i -Sffn?ffu‘é?zr”fm sflects = Contact-angle variation
! k * gyroscopic moment Load distribution evelution
i 2
'

'

| &

'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

|
|
i
I . :
@ Wear, aging and interface state | ! u-».‘ Boundary, Stiffness Change
+ contact degradation i "O.v' « Support
% « boundary-condition drift ) SEP(| - Bearing
|
I

The stiffness variation shows that it directly governs the vibration behavior of
the BSFS. Moreover, the shift in natural frequencies indicates that position-dependent

resonance zones appear as the nut traverses the screw, within which excitation
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from cutting forces or servo commands might trigger amplified vibration responses.
Furthermore, the significant coupling between axial and torsional modes demonstrates
that vibration amplitude intensifies under high-speed operation, leading to
surface waviness and contour errors. In light of these findings, characterizing
position-dependent stiffness indicates that it serves as a key prerequisite for vibration
prediction and suppression in precision machining applications. Stiffness variation

governs vibration, shapes resonance zones, and drives errors.

2.3. Thermal effects and thermal deformation

Friction and transmission losses show that heat accumulates in the screw shaft and
the supporting structures. However, the significant temperature rise and the thermal
gradients indicate that axial elongation and structural deformation appear linked [7,25].
Moreover, the key findings demonstrate that noticeable positioning drift could emerge
even before thermal steady state is reached [25,27].

The thermal field not only changes geometric dimensions, but also alters friction
and stiffness characteristics through preload drift and changes in lubricant viscosity.
Therefore, a thermo-mechanical-dynamic recoupling process is formed [7,26].

Common modeling approaches include empirical mapping models, lumped-
parameter thermal network models, and thermo-mechanical coupled finite element
models [25, 26, 28]. Empirical models are convenient for online implementation,
but they are sensitive to changes in operating conditions. In contrast, thermal
network models and thermo-mechanical finite element models can describe heat
source distribution and thermal stress response in a unified way. They also provide
reduced-order substructures for system-level modeling [7,25].

In dynamic modeling, thermal effects mainly appear as slow time-varying
parameters and structural boundary drift. Therefore, they are important factors for
long-term accuracy retention and compensation strategy design.

Thermal deformation shows that slow drift in structural boundary conditions
could indicate progressive shifts in natural frequencies and altered mode shapes during
long-duration operation. However, the significant thermally induced dynamic variation
appears to demonstrate time-varying vibration amplitudes and phase shifts in the servo
response, making it difficult to maintain stable cutting conditions. Furthermore, the
evidence indicates that identifying and compensating for thermally driven vibration
drift could demonstrate direct engineering significance for maintaining dynamic
accuracy. In light of these findings, the key results show that surface quality over
extended machining cycles appears to require systematic attention to these thermally
induced effects. Thermal drift affects boundary conditions, shifts frequencies, and

degrades surface quality.

2.4. Wear and performance degradation

Long-term cyclic loads and reciprocating motion show that wear on rolling contact
surfaces and interface connections could indicate significant degradation over time.
However, the findings demonstrate that increased friction, enlarged clearance, and
reduced stiffness result from this accumulation. Moreover, the evidence indicates that
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positioning accuracy and vibration characteristics appear to degrade gradually as wear
progresses [29]. In light of these results, the early stage of wear indicates that changes
in friction level and temperature rise are key indicators worth examining [25,26]. Wear
shows coupled evolution characteristics [26,30]. Furthermore, the significant findings
show that backlash expansion and modal frequency drift could appear in later stages
of degradation [25, 26]. Additionally, the evidence demonstrates that variations in
temperature and load appear to accelerate lubricant degradation and surface damage.
Thus, the results indicate that the degradation process demonstrates coupled evolution
characteristics across multiple interacting mechanisms [26, 30]. Wear links friction,
preload, stiffness. Nevertheless, wear is usually represented by slow drift in friction
parameters, preload, and contact stiffness at the modeling level [18,19]. Given that
the evidence shows that trend models could demonstrate consistency with contact
mechanics and wear laws [29]. Moreover, the significant findings indicate that these
models appear to embed into dynamic models through online identification [21, 30].
Models show life-cycle consistency [21, 30]. In light of these results, the key
evidence shows that vibration frequency shift, temperature rise, and error features may
demonstrate utility in constructing state indicators [31, 32]. Therefore, the findings
indicate that remaining useful life prediction models appear to rely on these important
features for health management purposes [31,32]. Thus, incorporating wear evolution
into updatable parameter expressions demonstrates that long-term accuracy retention
and reliable operation appear achievable.

3. Physical modeling methods

3.1. Lumped parameter models

Lumped parameter models represent BSFS as a finite-degree-of-freedom network
composed of masses, springs, and dampers. Moreover, concentrated parameters show
that the inertia and flexibility of components such as the motor, coupling, screw
shaft, nut seat, and worktable could demonstrate meaningful low-order behavior.
Furthermore, this type of model indicates that low-order modes, axial vibration, and
servo closed-loop dynamics appear accessible with significant efficiency. Given
that evidence demonstrates broad applicability, the results show that system-level
analysis and control design [33] could benefit from this approach. Models show
torsional, axial, support, and guideway stiffness discretized as series or parallel
elements. However, the findings show that boundary flexibility and transmission
compliance could introduce important refinements to boundary conditions. In light of
these results, prediction of resonance frequencies and transfer characteristics indicates
that significant improvement appears achievable [34]. Additionally, rotational motion
and linear motion demonstrate that a unified description with the servo system
appears supported through lead conversion. Study shows the model expressed in
state-space form supports identification, stability analysis, and controller tuning [35].
Nevertheless, the significant findings show that nonlinear effects such as friction,
backlash, and preload indicate that nonlinear friction elements, clearance elements,
or load-dependent elastic elements appear critical. Furthermore, these elements
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demonstrate that low-speed crawling, reversal dead zones, and amplification of tracking
errors [11, 14] could reflect key dynamic behavior. Given that evidence indicates
position-dependent stiffness variation along the stroke, the results show that position
scheduling or piecewise parameterization appears relevant. Evidence shows migration
of low-order modes with position [16,23] captured. Therefore, the significant findings
indicate that friction parameter drift and preload variation caused by temperature
rise could demonstrate important thermal effects. Notwithstanding these results, the
evidence shows that thermal deformation appears to influence dynamic response and
error evolution [25,26].

3.2. Finite element modeling

Finite element modeling shows that discretizing the screw shaft, nut seat, and
support structures into beam elements or three-dimensional solid elements could
indicate significant analytical value. Moreover, the findings appear to demonstrate
that medium- and high-frequency modes and local flexibility can be described under
complex boundary conditions. Thus, the evidence shows that this approach provides
an important tool for analyzing structural vibration of BSFSs [34,35]. Given that the
results indicate a clear procedural foundation, the typical procedure demonstrates that
geometric modeling and mesh generation establish the necessary starting point.

FEM shows contact elements represent ball-raceway contact, preload, bearing
support. Furthermore, the significant findings show that this structural model could
support modal and dynamic response analysis [6]. In light of these results, the
evidence appears to demonstrate that modal analysis, harmonic response analysis, or
transient analysis can be carried out. Additionally, the key findings indicate that natural
frequencies, mode shapes, and local responses can support structural optimization and
dynamic performance evaluation [34].

Thermo-mechanical coupling shows a model that describes thermal stress and
thermal deformation. However, the findings show that this model could also
reflect their indirect influence on dynamic characteristics. Notwithstanding these
results, the evidence appears to demonstrate that the model provides a significant
basis for extracting flexibility distribution. Therefore, the key findings indicate
that calibrating parameters in twin-screw or large-scale structures could demonstrate
practical importance [6,7].

Finite element models show large degrees of freedom affect boundary condition
sensitivity. Moreover, the significant findings show that substructuring and modal
synthesis techniques could indicate an important reduction strategy in engineering
practice. In light of the evidence, the results appear to demonstrate that the reduced
model could support coupling with system-level models. Thus, the key findings show
that both accuracy and computational efficiency can be balanced [36].

3.3. Rigid-flexible coupled multibody dynamics modeling

Rigid-flexible coupled multibody dynamics models use multibody dynamics as
the main framework. Components such as the worktable and nut seat are treated
as rigid bodies, while slender components such as the screw shaft are represented
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as flexible bodies. Through constraint relations and modal coordinates, rigid body
motion and elastic deformation are coupled. In this way, system-level dynamics
and structural flexibility can both be considered under controllable computational
cost [34,36]. Flexible bodies are usually obtained from finite element discretization.
Component mode synthesis and modal truncation are then applied to extract dominant
modes. These flexible bodies are assembled with rigid components such as the motor
rotor and coupling to form the transmission chain model [37-39].

This type of model can explicitly describe screw bending-torsion coupling,
critical speed, and the influence of position-dependent boundary and preload variation
on dynamic response [6, 40]. Nonlinear friction and contact stiffness at rolling
interfaces can also be superimposed to increase model realism under different operating
conditions [37]. The main limitation is that parameter definition and constraint
modeling are complex. When nonlinear contact is included, computational cost
increases significantly [36]. Therefore, this model is more suitable as a high-fidelity
submodel in offline virtual prototyping and digital twin applications, where it supports

coordinated evaluation of structural and control parameters [26].

3.4. Multi-domain integrated modeling

Multi-domain integrated modeling couples servo motor electromagnetic behavior,
power electronics, control loops, transmission chain dynamics, frictional heating,
and thermal deformation within a unified framework [26]. In this way, energy
and information flow can be tracked from power input to worktable motion output
at the system level [29]. This approach is used for performance evaluation and
cross-disciplinary optimization. Common implementations include object-oriented
physical modeling based on Modelica, and co-simulation platforms that combine
Matlab Simulink with AMESim or ADAMS. These approaches allow inverter dead
zones, sampling delays, saturation, and other electrical non-idealities to be quantified
together with structural vibration and thermal drift in one integrated model [26].

This type of model provides an extensible backbone for digital twins. It can also
be combined with model order reduction and data-driven residual modules to reduce
computational burden and calibration cost [38]. However, it contains a large number of
parameters and strongly depends on experimental calibration. Therefore, hierarchical
modeling and sensitivity analysis are needed to extract key parameters and improve

maintainability [26].

3.5. Applications and comparison of physical modeling methods

As shown in Table 1, physical modeling methods form a hierarchical system
from low-order to high-fidelity models and from single-domain to cross-domain
representations. Lumped parameter models retain the dominant dynamic channels
required for closed-loop control using a small number of identifiable parameters [33,35].
They are suitable for parameterizing key mechanisms such as friction and
position-dependent  stiffness, and they are convenient for online analysis and
compensation [14,15]. Finite element models explicitly represent boundary conditions,
contact interfaces, and thermally induced deformation in a spatially distributed manner.
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Therefore, they provide high-fidelity support for modal analysis and thermal drift
evaluation during structural design [39]. Their reduced-order forms can further serve as
flexible substructures embedded in system-level models [36].

Table 1. Applications and comparison of physical modeling methods for BSFSs.

Physical
mo)tl‘lsel::ii:lg method Modeling level Mech repr i Main frequency range & outputs Interface for hybrid modeling Typical applications
L d " Component to * Parameterized friction « Low-order modes & resonance  Online parameter update « Controller tuning
umpes arameter
mo. d:l [ 32 39] subsystem: low * Equivalent stiffness & damping  Reversal dynamics * Residual compensation embedding  Vibration avoidance
’ dimension * Time-varying terms [14,15] * Closed-loop indicators * Feedforward & error compensation
Structural level: « Spatially distributed boundaries * Mode shapes frequency response + Modal evaluation

Finite element

distributed high

Contact

* Reduced flexible substruct
Thermal drift educed flexible substructure « Thermal drift analysis

del [39 . R . L. « Physics-based pri traints [36 .
model [39] dimension * Heat sources & thermal deformation « Deformation field ysics-based prior constraints [36] « Structural design
Rigid-flexibl Assembly level: + Constraint li « High-speed respons . « High-speed analysis
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. . L. L. « Residual learning for contact friction ) )
[6,36,40] flexible modes * Nonlinear contact superposition « Position dependence + Virtual prototyping

Multi-domain
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[26]

System level:
cross-domain
closed loop

* Energy & information coupling
* Across electrical-mechanical-thermal

domains

« Digital twin backbone

Closed-loop error

. . « Coordinated optimization
Lo . . « Physical backbone + residual P
* Vibration—thermal interaction

Lo N « Digital twin deployment
o correction interface ° X
« System indicators « Drift evaluation

« Explicit non-idealities

Rigid—flexible coupled multibody models connect rigid-body motion and
flexible-body dynamics through assembly constraints [36]. Under high-speed conditions,
they allow unified analysis of bending-torsion coupling and contact nonlinearity.
They also support control strategy evaluation based on virtual prototyping [6, 40].
Multi-domain integrated models show that electrical drive non-idealities, control loops,
mechanical transmission, and thermal effects can demonstrate coherent closed-loop
behavior within one unified framework [26]. However, the significant results appear to
indicate that these models support system-level performance evaluation and coordinated
optimization. Furthermore, the key evidence shows that such models could provide
a standard interface for hybrid modeling, where a physical backbone is combined
with data-driven residual correction. In light of these findings, the important structure
indicates that key mechanism channels are retained while unmodeled dynamics or
parameter drift are compensated by data modules [38]. Models show an integrated

framework supports residual correction.

3.6. Structural limitations of physics-based models

Physics-based models show that interpretability and causal consistency offer
significant advantages, though the evidence indicates that parameter identifiability and
sensitivity to boundary conditions constrain practical performance [33,35]. Moreover,
lumped parameter models appear to demonstrate that structural simplification
introduces important limitations in the results. Furthermore, the findings indicate
that high-frequency modal interactions and contact nonlinearities could remain
obscured, particularly under high-speed operating conditions [34, 39]. Given that
simplified representations appear to show distributed flexibility, and complex modal
coupling effects may not be captured, the evidence suggests that these models face
key structural constraints. Models show fidelity limits under complexity. However,
finite element models and rigid-flexible coupled models show that higher fidelity
results are achievable, though the findings indicate that boundary conditions, preload

assumptions, and contact stiffness estimation introduce significant sensitivity [36,39].
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Thus, the evidence demonstrates that insufficient experimental calibration could
produce important modeling uncertainty across the results. In light of these findings,
the data show that nonlinear contact inclusion could substantially increase simulation
cost, which appears to limit real-time implementation [36]. Additionally, significant
evidence indicates that parameter drift caused by degradation might demonstrate
treatment as a slowly varying disturbance rather than as structural evolution in the
results. Drift simplification restricts long-term prediction reliability [25,29].
Therefore, although physics-based models remain essential for mechanism
interpretation and structural analysis, their standalone use is limited by structural
simplification, boundary sensitivity, and insufficient adaptability to parameter

evolution.

4. Data-driven and hybrid modeling methods

Compared with physics-based models that rely on mechanism assumptions and
parameter calibration, data-driven identification can directly extract input-output
mappings from operational data under strong nonlinearity and significant time-varying
conditions. Therefore, it provides a useful supplement for rapid modeling and online
updating of BSFSs [35,41]. However, engineering practice shows that a single data
model often cannot satisfy interpretability, stability, and cross-condition reliability at
the same time [38]. On the other hand, a single physics-based model is constrained
by unmodeled dynamics, parameter drift, and boundary sensitivity [26], as well as by
parameter drift during long-term operation [21,28]. Therefore, a more practical route
is to retain key causal channels and implementable structures through physics-based
models, and then introduce data modules for structural completion, residual absorption,
or key parameter updating [8]. In this way, the model can maintain usable accuracy
and stability under high-risk states such as low-speed pre-sliding, reversal transients,

thermal drift, and degradation-stage transitions [21,28,30].

4.1. LPV-NARX and sparse identification

The Linear Parameter-Varying Nonlinear AutoRegressive model with eXogenous
inputs (LPV-NARX) method is based on structural preservation and parameter variation
driven by scheduling variables. It aims to balance low-dimensional implementability
and operating-condition adaptability over a wide working range [41, 42]. For
BSFSs, scheduling variables such as nut position, velocity, load, and temperature
can correspond to key mechanisms, including position-dependent stiffness migration,
friction variation, contact state redistribution, and thermal drift gain [16,18,23,25,26].
In this way, the model can support gain scheduling and predictive control through
interpretable parameters. It can also be tuned and analyzed together with closed-loop
models under a unified state-space representation [35, 41, 42]. When parameters
evolve continuously with operating conditions and overfitting must be suppressed,
regularization and smoothing constraints can be introduced. This enables identifiable
parameter-varying NARX representations. As a result, coverage capability is improved
while structural compactness is maintained [42].

Sparse identification, including Sparse Identification of Nonlinear Dynamics

12
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(SINDy) and related sparse regression methods, aims to select structural terms
directly from data [43]. By constructing an over-complete candidate function
library and imposing sparsity constraints, a small number of dominant terms can
be selected from many candidates. This approach shows that compact dynamic
equations yield clear mechanistic interpretation [43,44]. Furthermore, the evidence
indicates that position-dependent stiffness terms, velocity-dependent friction terms, and
temperature-dependent damping terms might be explicitly included in the candidate
library within BSFSs [16, 18, 23, 25]. Moreover, the identified model shows that
nonlinear term completion and equation correction appear achievable through this
framework. Given that the findings demonstrate that low-order implementable models
could serve embedded control systems, the results indicate that digital twin cores benefit
significantly from such formulations [45,46]. Sparse identification shows screw drives
link position-dependent dynamics to nonlinear friction. Additionally, the significant
findings show that dictionary design and tailored identification strategies may support
more interpretable low-order model expressions in representative studies [45].

It should be noted that both approaches have clear structural failure modes.
LPV-NARX is highly sensitive to scheduling variable selection and data coverage.
When operating dimensions expand, such as position-velocity-temperature-load
coupling, parameterization complexity increases and extrapolation performance may
degrade [41,42]. Sparse identification is sensitive to excitation richness and noise level.
Improper candidate libraries may introduce spurious structures or omit key nonlinear
terms [46]. Therefore, these methods are more suitable for scenarios with continuously
adjustable operating conditions, limited drift amplitude, and the need for control
embedding [35,41,42]. They are not suitable as standalone solutions for full life-cycle
prediction under strong domain shift or abrupt degradation transitions [30-32,41-45].

4.2. Neural networks

Neural networks rely on high-capacity nonlinear mappings. They can learn
complex input-output relationships from multi-source operational data. Therefore, they
are advantageous in strong nonlinear modeling, coupled error prediction, and automatic
feature extraction [47,48]. In single-axis and multi-axis scenarios, command position,
velocity, acceleration, and historical errors are commonly used as inputs. NARX-type
networks or recurrent networks are adopted to describe the temporal evolution
of errors. These models are then used for contour error prediction, feedforward
correction, and trajectory optimization [9,47,48]. For state estimation and degradation
recognition, Convolutional Neural Network (CNN) and Long Short-Term Memory
(LSTM) combinations can utilize both frequency-domain correlations and temporal
dependencies [49, 50]. Multi-sensor fusion frameworks have also been applied to
degradation identification and classification of BSFS [50]. Domain adaptation and
transfer learning show that domain-invariant features can improve cross-condition
diagnostic capability when operating conditions change and data distribution shifts
occur [51]. However, the key risk of neural networks appears to involve structural
opacity, given that physical consistency cannot be automatically guaranteed [49].
Furthermore, significant evidence indicates that low-speed pre-sliding, reversal
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transients, and thermal drift states could lie outside the training distribution [15, 25].
In light of these findings, extrapolation uncertainty demonstrates that risks in error
compensation and state decision-making could be amplified in such cases [52]. Neural
networks show structural opacity amplifies risk. Therefore, the important results
show that practical implementation could require physical priors and credibility
evaluation mechanisms [49, 52]. Moreover, one approach indicates that mechanism
structures combined with neural networks demonstrate that residual terms, which
are difficult to describe explicitly, are modeled by the network. while parameters
appear constrained within feasible physical domains [49]. Additionally, the significant
findings show that this approach may provide a more robust balance between accuracy
and generalization [49]. Given that the evidence demonstrates that uncertainty
quantification supports confidence estimation for outputs, another approach indicates
that gated updating and risk control could be supported [52]. Results show uncertainty
quantification aids risk control [52]. Notwithstanding these considerations, the key
results show that neural networks could demonstrate greater suitability as compensation
layers or estimators built upon a physical backbone [49, 52]. Thus, the important
evidence appears to indicate that unconstrained global replacement models might

represent a less suitable alternative [49,52].

4.3. Hybrid modeling

A single physics-based model or a single data-driven model often cannot satisfy
interpretability, real-time performance, and cross-condition accuracy at the same
time [26, 38,49, 52]. Therefore, hybrid modeling has become an important approach
for high-fidelity modeling and online deployable updating [53-56]. As shown in
Figure 6, three hybrid modeling paradigms are classified according to fusion location,
updating object, and failure boundary. This classification provides reusable criteria for

subsequent model selection.
4.3.1. Residual compensation

Residual compensation retains the physical foundation and introduces a data
module at the output level to learn and correct prediction residuals [8,35,53—-56]. This
approach is fast to deploy. Accuracy improvement is direct, and the main physical
structure is not altered. It is suitable for absorbing weak unmodeled nonlinearities,
assembly variations, and environmental disturbances. It can also be applied in online
compensation and feedforward correction scenarios. If update bandwidth and action
channels are not constrained, the residual channel may amplify noise or disturb physical
damping, which can lead to long-term drift. Therefore, confidence gating, update rate

limitation, and stability envelope constraints are required [28,52,55].
4.3.2. Adaptive parameter updating

Adaptive parameter updating shows that using data to update key mechanism
parameters in the physics-based model online [21, 28, 30, 55, 56] could demonstrate
significant practical value. However, the findings indicate that parameter drift becomes
explicit while interpretability is preserved [21,28,30]. Moreover, the evidence shows that
this approach appears suitable for friction evolution, preload-related stiffness variation,
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thermal drift gain change, and slow degradation processes [18,21,23,25,28-30]. In
light of these results, the critical challenge indicates that identifiability and convergence
remain important considerations. Updating shows that parameters must stay feasible.
Furthermore, the results show that updating must remain consistent with observable
quantities, and the evidence indicates that parameters might otherwise drift into
nonphysical regions and accumulate errors [28,55]. Given that significant findings from
studies on mechanism-data hybrid digital twin frameworks for BSFS demonstrate that
constrained real-time adaptive parameter updating may improve simulation accuracy,
the results appear to support important generalization gains. Nevertheless, the evidence
shows that its upper performance bound appears still limited by calibration quality and

observability [56]. Performance shows calibration limits remain.
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Figure 6. Three hybrid modeling paradigms for BSFS: Residual compensation, adaptive
parameter updating, and physics-constrained learning.

4.3.3. Physics-constrained learning

Physics-constrained learning shows that embedding physical consistency
constraints into the model structure or loss function could demonstrate significant

extrapolation capability. However, the findings appear to indicate that this approach
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reduces distribution shift risk in relevant scenarios. Moreover, the evidence shows
that it appears suitable for scenarios with high requirements on safety boundaries
and extrapolation reliability [55]. Notwithstanding these results, the approach
could demonstrate sensitivity to constraint specification, where improper constraints
may introduce systematic bias. Constraints increase deployment cost. Therefore,
the findings show that this approach appears more appropriate when high-value
extrapolation or strong constraint requirements are present [55]. Given that broader
reviews of hybrid modeling in manufacturing systems demonstrate that validation
could indicate significant structural consistency considerations, the evidence shows that
interpretability and uncertainty assessment appear critical. Thus, the results indicate
that relying solely on fitting accuracy may demonstrate important limitations [57].

Prediction accuracy could be examined through three complementary indicators
that may suggest distinct aspects of the significant performance envelope. The
root mean square error RMSE = /(1/N - X(y; — y;)?) might indicate the
primary single-step prediction accuracy metric, where the key acceptable thresholds
for BSFSs are RMSE < 2 um for positioning error and RMSE < 5 um for contour
error under normal operating conditions. The maximum trajectory error E,,q; =
max|e(t)| shows that worst-case contour tracking performance appears critical, with
engineering requirements typically specifying Eq.x < 10 pm for precision machining
applications. Given that the long-term drift rate Dgy; s = AE/At (unit: pm/h) could
demonstrate important prediction stability over the full life cycle, the evidence indicates
that Dgie < 0.5 pm/h appears acceptable for continuous operation beyond 1,000 h.
Findings show that three hybrid paradigms affect performance outcomes differently.
Moreover, the residual compensation approach indicates that RMSE reductions of
20%—-40% over the physics-only baseline may appear achievable under stable operating
conditions. Furthermore, significant evidence shows that adaptive parameter updating
demonstrates that Dy falls within 0.2-0.8 pm/h under slow degradation scenarios.
Nevertheless, the findings indicate that physics-constrained learning could demonstrate
the most stable En,x performance under domain shift, notwithstanding the results that
typically show error growth limited to within 15% of the training-domain baseline.
Results show physics-constrained learning limits error growth best.

Engineering practicability is evaluated through three indicators. The real-time
computation load ratio Reomp = Tcompute/Tsample Shows that the model satisfies the
servo control cycle requirement, where T'sqpie s typically 0.5-2 ms for CNC feed
drives and Reomp < 0.3 is recommended to leave sufficient margin for other control
tasks. Furthermore, the significant findings indicate that residual compensation models
typically achieve Reomp = 0.05-0.15, making them the most suitable for real-time
implementation. However, the results demonstrate that adaptive parameter updating
models require Reomp = 0.10-0.25 depending on the number of updated parameters,
while physics-constrained learning models involve higher offline training cost but
comparable online inference load. In light of these findings, the evidence shows that
the parameter identifiability index /;4e,; = rank (Fisher information matrix) /nparam
could demonstrate the effectiveness of parameter updating. Findings show [igens > 0.8
indicates well-conditioned identification, and Ijgen; < 0.5 signals convergence failure.

16



Sound & Vibration 2026, 60(3), 4089.

Moreover, the key results indicate that the deployment complexity index Clepioy
appears to function as a composite score incorporating parameter count, calibration
experiment requirements, and online memory footprint. Additionally, significant
evidence shows that lumped-parameter-based hybrid models could demonstrate lower
Given that the

findings demonstrate this pattern, the results indicate that Cgyeploy could appear more

deployment complexity than neural-network-based counterparts.

favorable for simpler model architectures. Therefore, the important evidence shows
that these deployment considerations appear critical for practical implementation.
Studies show that complexity links directly to model type.

4.4. Method comparison

Table 2 shows that a systematic comparison framework for different method
families could demonstrate significant analytical value. Moreover, the evidence
appears to indicate that integrating object-level, mechanism representation, primary
outputs, physical model interfaces, and risk types into a unified benchmark might
establish a key foundation for evaluation. However, the findings show that the selection
problem appears transformed from a simple performance comparison into a critical
trade-off. In light of these results, the data indicate that structural explicitness, updating
depth, and risk tolerance represent important dimensions of that trade-off. Study shows

framework links explicitness, depth, and risk tolerance.

Table 2. Applications and comparison of data-driven and hybrid modeling methods for BSFS.

Method family

Object & level

Mechanism representation &
constraints

Interface with physical

Main outputs
P models

Typical applications Risks

LPV-NARX
(including scheduling
NARX) [41-46]

Subsystem:
low dimension

« Parameter variation driven by L.
) A « Fast prediction
scheduling variables

« Regularization constraints

* Equivalent parameters * Online parameter updating

* Gain scheduling

* Predictive control

« Error prediction

+ Coverage sensitivity
* Degraded extrapolation

Sparse identification
(SINDy/sparse
regression) [43—46]

Mechanism
equation: low
dimension

« Explicit physical terms in
candidate library
« Selection

« Structural equations

* Dominant terms

« Equation completion
* Nonlinear term embedding

* Identifiable low-order

models

* Mechanism interpretation

 Noise sensitivity
« Library dependence

Neural networks
(NARX-NN/LSTM/
CNN, etc.) [49,51,52]

Data mapping:
medium to
high dimension

End-to-end fitting
« Transfer learning &
uncertainty handling

* State estimation
« Error prediction

* Observer embedding

Compensation

* Prediction

* Health evaluation

« Limited interpretability
+ Domain shift
* Credibility evaluation

Hybrid modeling
(Physics + Data)
[53-56]

System level:
scalable

« Physical backbone consistency

* Reliabl dicti
« Residual learning or adaptive chable preciction

* Backbone + residual

« Digital twin engine

« Upper bound limited by
calibration

parameter updating

* Closed-loop indicators * Online calibration interface * Cross-condition calibration

« Fusion stability constraints

LPV-NARX and sparse identification show that control embedding and online
scheduling benefit from explicit structures, interpretable parameters, and feasible
stability analysis. However, the findings indicate that sensitivity to coverage and
limited extrapolation capability remain significant constraints [41-46]. Furthermore,
the evidence shows that neural networks could demonstrate effectiveness for complex
nonlinear mapping and multi-source fusion [47-51]. In light of these results, the data
indicate that reliable deployment under domain shift requires uncertainty quantification
and transfer mechanisms [49-52]. Neural networks show data coverage limits
deployment. Hybrid modeling could provide a more robust balance, given that
the physical backbone shows that causal consistency and structural stability are key
outcomes. Moreover, the evidence appears to demonstrate that the data module could
absorb residual dynamics or update important parameters [53—56]. Therefore, the

findings indicate that this structure provides a standardized interface for closed-loop
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updating. Additionally, significant results show that hybrid structures combining
physical models with data-driven discrepancy terms may demonstrate improved
online optimization and compensation performance [57,58]. Hybrid structures show
performance gains. Nevertheless, the key evidence indicates that Gaussian process
residuals appear to support integration within such hybrid frameworks. In light of
the findings, the results show that machine tool dynamic accuracy studies demonstrate
that this approach could provide relevant structural insights. However, the significant
data appears to indicate that further validation may support broader deployment of
these hybrid methods. Thus, the evidence demonstrates that combining physical and
data-driven components remains a critical direction for robust modeling. Research

shows hybrid models improve accuracy.

4.5. Digital twin

Digital twin applications show that models must maintain usable accuracy under
real-time computational constraints over long-term operation. Moreover, the hybrid
modeling approach indicates that it serves not only to improve fitting accuracy but
also as the dynamic engine layer of the twin system [53-56]. In light of these
results, multi-domain integrated models show that a traceable causal backbone remains
important for the evidence [26]. Furthermore, residual compensation or online
parameter updating demonstrates that synchronization between the virtual model and
the physical entity appears necessary [26,53—-56]. Hybrid modeling shows twins need
accuracy and update credibility. However, the physical backbone shows that structural
stability and interpretability appear critical, while the data module indicates that it
absorbs disturbances and drift in the findings. Given that the results demonstrate
updating must remain constrained, the valid operating domain and confidence gating
boundaries appear to support the significant evidence. Notwithstanding these findings,
the updating mechanism itself indicates that instability could emerge if the key
constraints are not maintained [28, 52, 55]. Therefore, the significant findings show
that multi-source data fusion, traceable error modeling, and real-time adaptive control
appear to be important directions for machining error management [59]. Additionally,
hybrid modeling in digital twins demonstrates that the focus should extend not only to
accuracy but also to update credibility and structural consistency in the results. Twin
studies show hybrid models need credibility and consistency.

The study shows that two representative engineering cases could demonstrate the
implementation details of virtual-physical synchronization in digital twin applications
for BSFSs.

Case 1: Thermal error compensation digital twin for a high-speed machining
center feed axis. However, the significant findings indicate that the implementation
follows a five-step closed-loop workflow. Furthermore, the key evidence shows that
Step 1 involves physics backbone construction, where a lumped-parameter thermal
network model is established with the screw shaft, nut assembly, support bearings, and
guideways as thermal nodes, yielding a system of thermal equilibrium equations that
describe heat generation, conduction, and dissipation under varying spindle speeds and
feed rates. In light of the significant results, the mechanical submodel demonstrates
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that thermal elongation couples to axial positioning error through the relationship
S = a - L - AT, where a = 11.5 x 107/°C, L is the effective screw length, and AT
is the nodal temperature rise. Step 2 covers sensor deployment and data acquisition.
Moreover, the evidence shows that four to six PT100 temperature sensors are mounted
at key thermal nodes, including the fixed bearing seat, free bearing seat, nut housing,
and mid-span screw surface, together with one linear encoder providing real-time
positioning feedback at a sampling interval of 100 ms. Given that the significant data
indicates that Step 3 addresses adaptive parameter updating, an online least-squares
estimator with a forgetting factor A = 0.98 updates thermal resistance and thermal
expansion parameters every 30—60 s, constrained within physically admissible bounds
to prevent non-physical drift. Step 3 shows estimator updates parameters within
bounds. Therefore, the significant findings show that confidence gating is applied
such that parameter updates are accepted only when the residual between predicted
and measured temperature falls below 0.5 °C. Notwithstanding the key evidence, the
results indicate that Step 4 addresses compensation command generation. where
the updated thermal model computes the predicted elongation d;, in real time and
feeds the compensation offset to the CNC position loop as a feedforward correction.
Additionally, the significant data demonstrate that Step 5 covers virtual-physical
synchronization validation, where the digital twin state is compared against encoder
measurements every 10 min, and synchronization is considered maintained when the
prediction residual remains below 2 um. Thus, the important evidence shows that
synchronization appears achievable under standard operating conditions. Findings
show residual stays below 2 um. However, the results indicate that experimental
evidence obtained on a representative machining center with a 1,200 mm feed stroke
demonstrates that under continuous machining conditions of 4 h with a temperature
rise of 15-25 °C, the uncompensated thermal positioning error of 35-50 pm is reduced
to 3—5 um after compensation, achieving an error suppression rate exceeding 90%.
Given that the significant findings show that the root mean square synchronization error
between the digital twin prediction and the physical encoder measurement is 1.6 um
over the full test duration, the results demonstrate that the long-term stability of the
virtual-physical synchronization mechanism appears well-established. Furthermore,
the key data indicates that these findings could support the broader applicability of
the proposed synchronization approach across similar high-speed machining contexts.
Evidence confirms long-term stability of synchronization.

The implementation workflow shows that five distinct stages could demonstrate
a coherent architecture for full life-cycle degradation monitoring. Moreover, the
significant hybrid physics backbone indicates that a lumped-parameter dynamic model
integrating friction evolution and contact stiffness degradation submodels appears
to establish the digital twin foundation. Furthermore, the degradation submodel
shows that contact stiffness follows Kiontact(t) = Ko - (1 — 5 - W(t)), where
Ky is the initial contact stiffness, (3 is the wear sensitivity coefficient, and W (¢)
is the cumulative wear index estimated from operating history. In light of these
significant findings, the multi-source state observation stage demonstrates that three
sensing channels—motor current signals sampled at 10 kHz, triaxial accelerometers
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mounted on the nut housing for vibration feature extraction in the 10-500 Hz band,
and linear encoder signals—appear to provide the evidence needed for real-time
friction, stiffness, and backlash estimation. Stage 3 shows rolling-window updates
degradation parameters every 500 h. However, the rolling-window identification
strategy shows that a constrained recursive least-squares algorithm could establish that
Keontact € [0.4Ky, Ko] and F. € [0.8F.0, 2.5F.0] appear to remain the physically
feasible domain throughout the service life. Additionally, the significant remaining
useful life prediction stage indicates that an exponential degradation model shows that
the predicted RUL trajectory appears to yield uncertainty quantified through a 95%
confidence interval derived from the parameter covariance matrix. Given that the key
maintenance decision support results demonstrate that the predicted RUL threshold of
typically 400—600 h triggers alerts transmitted to the shop-floor management system,
the evidence indicates that proactive intervention becomes feasible. Notwithstanding
this threshold condition, the important validation results show that the 5,000 h
accelerated life test on a precision grinding feed axis appears to demonstrate that the
positioning error prediction achieves an RMSE of 1.8 um. Validation shows RUL
prediction error stays below 8% actual remaining life. Moreover, the significant
maintenance decision lead time indicates that the results demonstrate that 200—400 h
ahead of the actual failure threshold appears to enable proactive intervention without
unnecessary downtime. Furthermore, the key virtual-physical synchronization residual
shows that the evidence appears to indicate that values remain below 3 um throughout
the full test duration. Thus, the findings demonstrate that the significant hybrid updating
mechanism could establish that robustness appears to hold under long-term degradation
conditions.

The two cases above share a unified synchronization architecture in which
the core closed-loop process follows the sequence: sensor data acquisition —
state observation — parameter updating — error compensation — synchronization
validation. However, the confidence gate shows that each parameter update step
satisfies both the physical feasibility constraint (parameters remain within pre-defined
admissible bounds) and the statistical credibility constraint (update is accepted only
when the innovation signal exceeds the noise floor but remains below the anomaly
detection threshold). Furthermore, the significant update bandwidth indicates that
imposing a maximum parameter change rate of 5% per update cycle appears to prevent
instability induced by abrupt parameter jumps. In light of these findings, the unified
synchronization framework demonstrates that the digital twin remains structurally
consistent, physically interpretable, and auditable throughout the full operational
life cycle of the BSFS. Framework supports integrated model-control-maintenance

decision loops in intelligent manufacturing environments.

4.6. Structural bottlenecks

The main limitation of existing studies shows that insufficient single-step
prediction accuracy is not the key concern. However, the findings indicate
that the lack of life-cycle-oriented updating mechanisms represents a more
significant issue. =~ Moreover, current models show that the coupled chain of
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“friction-thermal-stiffness-degradation” cannot ensure updatable, constrained, and
verifiable operation during long-term use [28, 31, 32]. In light of these results,
residual compensation without bandwidth and channel constraints indicates that
noise amplification could degrade stability. Models show parameter drift occurs
without constraints. Furthermore, the evidence shows that parameter adaptation
lacking identifiability support could allow parameters to drift into non-physical
regions. Given that physics-constrained learning demonstrates sensitivity to constraint
mis-specification, the results indicate that apparent generalization could appear at
the cost of systematic bias [28, 55]. Evidence shows generalization masks bias.
Therefore, the findings show that future development should focus on verifiable
updating mechanisms as a critical priority. Additionally, significant results indicate
that hierarchical updating architectures and bandwidth limitations represent important
components of this approach. Notwithstanding these findings, the evidence shows
that explicit definition of physically feasible domains and valid operating regions
could demonstrate essential supporting roles [52,55]. Thus, the key results indicate
that uncertainty-based confidence gating strategies could provide important additional
support. Research shows hybrid modeling shifts toward auditable deployment.

5. Selection strategy and typical scenarios

The previous mechanism analysis and method comparison show that dynamic
modeling of BSFS could demonstrate the essential characteristics of a constrained
hierarchical decision problem. Moreover, the findings appear to indicate that
this process requires balancing structural explicitness, parameter updatability, and
engineering complexity. Furthermore, the three hybrid modeling paradigms shown
in Figure 6 could reveal that the significant differences in fusion positions between
data and physical models appear to influence the overall framework. In light of
these results, Table 2 shows that the evidence demonstrates important distinctions
in object level, interface form, and risk characteristics. Model selection shows a
hierarchical decision process applies. However, the significant findings indicate that
this process should be coordinated under physical consistency, parameter identifiability,

and stability constraints.

5.1. Selection strategy

Model selection depends on modeling objectives and time scale. However, the
findings show that structurally explicit physical models or parameter-scheduled models
could demonstrate clear advantages for controller tuning, low-order modal analysis,
and real-time implementation [3-5,41]. Moreover, significant evidence indicates that
these models directly reflect the influence of position-dependent stiffness and friction
nonlinearity on stability. Furthermore, the results show that these models maintain
consistency with control-oriented state-space representations.

Fixed-parameter physical models show accuracy limits under time-varying
conditions. When the system may suggest significant time-varying behavior or
long-term parameter drift, the evidence indicates that fixed-parameter physical
models alone appear insufficient to maintain accuracy [21, 28, 30]. Therefore, the
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key findings show that online parameter updating or position scheduling mechanisms
could demonstrate the capacity to capture the slow evolution of friction, stiffness,
and thermal drift. Given that adaptive parameter structures could indicate better
life-cycle consistency, the results show that identifiability and physically feasible
domain constraints appear critical to ensure.

Data-driven models provide strong expressive capability for complex nonlinear
prediction. However, the significant findings show that purely data-driven models
could indicate unreliable extrapolation performance under strong domain shift or in
low-speed sensitive regions [47-51]. Thus, the evidence indicates that these models
could demonstrate greater reliability when combined with physical backbones through
residual compensation or physics-constrained learning structures [49—52]. In light
of these results, the data shows that this combination could indicate prevention of
structural instability or parameter drift.

Physical-data integration shows advantages under strong multi-physical coupling.
When multi-physical coupling appears strong and accuracy requirements may indicate
elevated demand, the findings show that integrating physical models with data modules
appears more advantageous [53-56]. Moreover, significant evidence shows that the
physical backbone could demonstrate the capacity to ensure causal consistency and
structural stability. Notwithstanding these results, the key data indicate that the data
module could absorb unmodeled dynamics or update important parameters, suggesting
that a balance between accuracy and interpretability appears achievable.

The model selection problem shows that a constrained hierarchical decision
process could provide the key organizational framework. However, the significant
findings indicate that the selection is divided into three levels, as shown in Figure
7. Moreover, the evidence demonstrates that the first level requires determination of
the objective level and time scale. In light of these results, the second level indicates
that physical consistency and parameter identifiability constraints appear critical to
the evaluation. Research shows selection involves residual compensation, adaptive
updating, or physics-constrained learning. Thus, the important data shows that this
structure demonstrates that model selection is not a comparison of algorithms, but rather

a coordination of structures under physical and stability constraints.
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Figure 7. Constraint-driven hierarchical modeling selection strategy for BSFS.
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5.2. Typical scenarios

The findings show that in low-speed and high-precision positioning scenarios,
friction nonlinearity and pre-sliding behavior could indicate the main sources of
error [15,18]. Moreover, the model demonstrates that prioritizing accurate dynamic
friction representation is critical to reliable performance. However, significant residual
compensation or parameter updating indicates that suppressing zero-velocity drift may
require careful integration. In light of these results, the evidence shows that strong
low-speed stability and model continuity appear essential to such scenarios. Pure
data-driven structures show physical constraints lacking. In high-speed and long-stroke
machining scenarios, the significant findings show that position-dependent stiffness
and thermal drift may indicate modal migration and dynamic variation [3, 7, 25].
Furthermore, the evidence demonstrates that position-scheduled stiffness representation
and thermo-structural coupling modeling could appear particularly important in this case.
Notwithstanding these results, the key data shows that parameter scheduling or online
calibration appears necessary to maintain consistent dynamic response.

Vibration suppression shows that it represents a critical engineering objective
in this context. Moreover, significant evidence indicates that position-dependent
resonance migration requires adaptive notch filtering or gain scheduling strategies that
track the evolving dynamic characteristics in real time. Furthermore, the findings
indicate that thermal drift could demonstrate a destabilizing effect on the vibration
response by shifting the effective stiffness boundaries. In light of these results, the
modeling framework shows that it must not only predict steady-state dynamic behavior
but also characterize transient vibration during acceleration, deceleration, and reversal
phases. The framework addresses phases where excitation peaks and contour errors
affect outcomes.

In long-term operation and life-cycle management scenarios, wear and preload
variation show that slow parameter drift presents a significant challenge [29, 30].
Furthermore, the model could demonstrate updating capability to maintain cross-stage
consistency across operational phases. Given that hybrid structures combine condition
monitoring with parameter identification, the evidence indicates that prediction
robustness appears enhanced while preserving physical interpretability [31,32,53-56].
Additionally, the significant findings show that coordinated structural design supports
that these approaches yield more reliable outcomes. Models show drift needs updating.

In digital twin applications, the results show that real-time computation,
virtual-physical synchronization, and long-term stability requirements appear
simultaneously critical [53—56]. Moreover, the physical model demonstrates that the
structural framework and energy transmission pathways provide that foundational
basis for reliable simulation. In light of these findings, the data module indicates
that environmental disturbances and structural deviations appear addressable through
targeted compensation. Notwithstanding these considerations, the evidence shows that
hierarchical updating mechanisms could maintain that consistency between simulation
and physical entities. Synchronization links simulation to reality.

In summary, the significant findings show that different scenarios require different

structural emphases across application domains. However, the key evidence indicates
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that the common principle appears consistent: physical mechanisms demonstrate that
they serve as that structural foundation across all cases. Therefore, the results show
that data compensation or parameter updating mechanisms appear necessary according
to time-varying intensity and application objectives. Given that stability and feasible
domain constraints govern outcomes, the evidence indicates that the final structure
might operate under that coordinated framework throughout deployment. Selection

reflects hierarchy, not substitution.

6. Conclusion and Outlook

Dynamic modeling of BSFS shows that evolution from a single-mechanism
description to a hierarchical organization problem defined by 'mechanism
representation, structural embedding, constrained updating’ could indicate significant
structural complexity. Moreover, the key physical sources, including friction,
position-dependent stiffness, thermal deformation, and degradation evolution, appear
to demonstrate that the evidence supports a unified analytical logic. Furthermore,
the complementary boundaries between physics-based modeling and data-driven
approaches show that the significant findings clarify their hybrid integration paradigms.
In light of these results, the modeling objective indicates that structural consistency,
updating stability, and engineering maintainability across operating conditions and
life-cycle stages demonstrate that single-step fitting accuracy is insufficient. Modeling
shifts from fitting to structural consistency across life-cycle stages.

However, under multi-condition and long-term operation, the model structure
shows that parameter observability and updating bandwidth appear to demonstrate
critical requirements. Additionally, significant evidence indicates that slow
time-varying effects should be compressed into low-dimensional update variables that
might demonstrate projection into physically feasible domains and natural embedding
into condition monitoring loops [18, 29-32]. Given that the findings demonstrate
that online deployment environments impose dual requirements, the results show that
computational efficiency and credibility appear to establish coordinated integration of
model order reduction and uncertainty quantification as necessary. Notwithstanding
these constraints, the evidence indicates that extrapolation risk might demonstrate
quantitative control while preserving structural physical consistency [36, 39, 52-54].
Updating bandwidth links observability to deployment efficiency.

Thus, as physics-data hybrid structures show that the stability of the updating
mechanism itself could indicate a core constraint for engineering implementation, the
significant findings appear to demonstrate that embedded update channel selection
becomes critical. Moreover, the evidence shows that frequency limitation and
confidence gating mechanisms could demonstrate prevention of data-driven channels
from disturbing damping characteristics and stability boundaries [28, 52, 55, 57].
Additionally, the results indicate that the key model structures appear to establish that
these mechanisms support structural physical consistency. Given that the findings
demonstrate that cross-machine and cross-condition operation is becoming common in
intelligent manufacturing environments, the evidence shows that modeling frameworks

could indicate the need for transferability and generalization capability. Frameworks
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require transferability under structural consistency constraints.

Furthermore, the significant results show that domain adaptation and multi-source
fusion mechanisms could indicate improved cross-domain robustness under structural
consistency constraints [50,51,58]. However, the evidence appears to demonstrate that
dynamic models in intelligent manufacturing systems indicate that prediction tasks
represent only a limited role. Therefore, the key findings show that deep integration
into controller tuning, error compensation, and health management decision-making
processes could demonstrate a unified loop of model-control-maintenance.
Notwithstanding current limitations, the significant evidence indicates that the
updating mechanism appears to support that short-term accuracy optimization and
long-term reliability management demonstrate complementary objectives [1,2,53-56].
Integration supports the model-control-maintenance loop reliability.

The CMMD framework shows that a structured pathway for vibration feature
extraction, frequency-domain dynamic response prediction, and broadband vibration
suppression strategy design could serve the core research interests of the target
readership. Moreover, significant evidence indicates that embedding vibration-oriented
observables—such as modal frequency trajectories, vibration amplitude envelopes, and
spectral energy distributions—into the physics backbone as identifiable state indicators
might demonstrate considerable analytical value. Furthermore, the findings show that
this approach could enable the hybrid model to simultaneously serve control tuning,
vibration monitoring, and health management functions within a unified and auditable
framework. In light of these results, future work indicates that strengthening the
engineering relevance of physics—data hybrid modeling could demonstrate measurable
benefits for precision machine tool applications. Framework supports vibration
suppression, monitoring, and health management via a unified physics—data hybrid
approach.
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