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ABSTRACT

Engineering Digital Twins rely on the continuous alignment of virtual models with evolving
physical systems, yet the computational mechanisms that enable this alignment are often
described inconsistently and assessed with uneven standards of evidence. This review crit-
ically examines model updating and data assimilation as the principal physical-to-virtual
synchronization mechanisms of engineering Digital Twins across structural, manufacturing,
aerospace, thermal, energy, robotic, and built-environment applications. Particular atten-
tion is given to the quantities being updated, including dynamic states, physical parameters,
unknown inputs, boundary conditions, model structure, and model-form discrepancy, as
well as to the temporal regime in which updating is performed. The synthesis shows that
no inference method is universally preferable. Deterministic and finite-element updating
provide transparent solutions for interpretable batch calibration; Bayesian approaches sup-
port uncertainty-aware parameter and discrepancy estimation; Kalman and particle-filter
methods enable sequential state and parameter assimilation; and reduced-order, surrogate,
and hybrid models address the computational demands of operational deployment. Method
suitability depends on identifiability, model fidelity, nonlinearity, observation cadence, com-
putational cost, uncertainty structure, interpretability requirements, and the consequence of
prediction error. Across application domains, the most credible studies combine a complete
physical-observation loop with independent or changed-condition validation, explicit uncer-
tainty treatment, defensible latency assessment, and clearly defined applicability limits. Re-
curring weaknesses include conflation of calibration with validation, unsupported real-time
claims, incomplete treatment of model-form error, and limited reproducibility. The review
develops a unified taxonomy, an evidence-based method-selection framework, a validation-
maturity hierarchy, and reporting guidance for the development of credible, continuously
evaluated, and decision-relevant engineering Digital Twins.

1 Introduction

1.1 Digital Twins as Maintained Engineering Models

Digital Twins have evolved from a lifecycle-information concept into a broad engineering paradigm for mon-
itoring, prediction, design support, maintenance, and control. Their defining promise is not merely that
a virtual representation exists, but that the representation remains meaningfully connected to a physical
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counterpart as the asset, process, environment, and decision context change. This distinction separates a
Digital Twin from an isolated simulation, a static digital model, or a one-way digital shadow. Broad re-
views have established the importance of data connectivity, modelling, uncertainty, and lifecycle integration,
while also documenting persistent inconsistency in definitions and implementation maturity [1-13]. Early
aerospace and manufacturing formulations similarly emphasized asset-specific lifecycle coupling and the need
to distinguish a maintained twin from a standalone model [14-17].

For engineering use, the word twin therefore implies a maintained inferential relationship. The virtual
model must receive observations, determine whether prediction errors arise from changing states, parameters,
loads, boundary conditions, sensor behaviour, or model inadequacy, and revise the representation without
destroying its physical interpretability. This process is central to the physical-to-virtual direction of twinning.
The reverse direction—using the updated model to recommend or execute actions—depends on the credibility
of that inference. A Digital Twin that visualizes sensor data but cannot explain how observations revise an
engineering model may be operationally useful, but it does not address the model-synchronization problem
examined in this review.

The National Academies identifies data assimilation, state and parameter estimation, uncertainty-aware
prediction, model calibration, and scalable computation as coupled foundational requirements for Digital
Twins [18]. These requirements connect the field to mature disciplines: system identification [19-21], inverse
problems, finite-element model updating [22-26], Bayesian calibration [27-34], filtering [35-43], reduced-
order modelling [44-46], uncertainty quantification, and verification and validation [47, 48]. The novelty
of Digital Twin research is consequently not the invention of all these methods, but their integration into
recurrent, decision-oriented, and lifecycle-aware engineering workflows.

1.2 The Physical-to-Virtual Synchronization Problem

Physical-to-virtual synchronization is an inverse problem. The physical system generates incomplete, noisy,
delayed, and often asynchronous observations, whereas the virtual representation contains states and quanti-
ties that are only partly observable. The updating algorithm must infer which latent quantities changed and
how strongly the new observations should modify the previous model. This inference is frequently ill posed:
several parameter combinations may produce similar responses, sensor placement may be insufficient, and
flexible discrepancy terms may compensate for incorrect physics. A small calibration residual can therefore
coexist with weak predictive validity. The inverse-problem and uncertainty-quantification literature provides
the statistical regularization, prior modelling, and computational machinery required to make this inference
well posed [49-52].

Synchronization is also a multi-timescale computational problem. States may require correction at the
sensor rate, parameters may evolve over hours or load cycles, geometry and material properties may change
through damage or wear, and model structure may require episodic revision after a regime change. High-
fidelity finite-element, computational-fluid-dynamics, or multiphysics models are rarely affordable at all
these timescales. Engineering Digital Twins consequently combine full-order models with reduced-order
representations, surrogates, filters, probabilistic models, sparse identification, neural operators, or residual
corrections. Claims of real-time capability are meaningful only when the complete measurement-to-decision
latency is reported relative to the operational deadline.

Finally, synchronization is a credibility problem. An updated model may fit the data used for calibra-
tion while failing under a new load case, operating regime, sensor configuration, or damage mechanism.
Credibility therefore requires more than updating accuracy: it requires verification of the implementation,
separation of calibration and validation information, decomposition of uncertainty, monitoring of applicabil-
ity, and evidence proportional to the risk of the supported decision. These considerations motivate a review
centred on methods, evidence, and validation rather than on Digital Twin architectures alone. Established
predictive-validation frameworks further show why calibration agreement alone cannot justify extrapolative
or decision-relevant claims [53, 54].

1.3 Previous Reviews and the Remaining Gap

Existing Digital Twin reviews address several adjacent questions. Jones et al. characterized definitions,
connections, and twinning rates across 92 publications [5], while Semeraro et al. synthesized the broader
paradigm, applications, and technical challenges [6]. Rasheed et al. and the two-part review by Thelen et al.

examined modelling foundations, enabling technologies, uncertainty quantification, and optimization [1, 3, 4].
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Es-haghi et al. focused on methods that enable real-time analysis [55]. Recent reviews have extended the
discussion to model-based Digital Twin engineering [56], engineering-development workflows and industrial
potential [57], and structural-dynamics condition monitoring [58]. In parallel, established finite-element
model-updating reviews provide detailed coverage of structural and material calibration [59, 60].

These reviews are individually valuable but leave a cross-domain integration gap. Broad Digital Twin
surveys typically treat updating as one enabling capability among architecture, communication, visualiza-
tion, analytics, optimization, and control. Real-time reviews emphasize acceleration but do not consistently
distinguish state estimation, parameter calibration, model-structure revision, and discrepancy learning. Do-
main reviews provide greater technical depth but cannot determine whether conclusions transfer between
structures, manufacturing systems, vehicles, thermal processes, buildings, batteries, and robotic systems.
Conventional model-updating reviews, conversely, do not require an operational physical-to-virtual loop or
assess whether a calibration study functions as a Digital Twin.

Among the closest reviews identified, none jointly asks across engineering domains: what part of the model
is updated from physical observations; which inference methods are used and under which assumptions; how
measurement, parameter, process, and model-form uncertainties are represented; whether online and real-
time claims are computationally substantiated; and whether the updated model is validated independently
for an engineering output. This combined methods-and-evidence perspective defines the contribution of the
present review.

The originality boundary is established through the preceding comparison of the closest reviews in terms
of updating-target differentiation, physical-evidence requirements, uncertainty treatment, model-form dis-
crepancy, latency reporting, independent validation, cross-domain coverage, and reporting guidance.

1.4 Objectives, Scope, and Contributions

The objective is to develop an evidence-based account of model updating and data assimilation as the
physical-to-virtual synchronization mechanism of engineering Digital Twins. The review is deliberately
narrower than a general survey of Digital Twin architectures and broader than a review of one inference
method or application domain. It includes physics-based, reduced-order, probabilistic, data-driven, and
hybrid models when physical observations explicitly modify the virtual representation and the resulting
engineering output is evaluated.

The review makes six contributions. First, it defines a strict evidence boundary separating physical
observation-driven Digital Twins from digital models, digital shadows, conceptual architectures, and syn-
thetic proofs of method. Second, it develops a unified taxonomy based on updating target, model repre-
sentation, temporal regime, uncertainty treatment, and validation scale. Third, it compares deterministic,
Bayesian, sequential, reduced-order, surrogate, and hybrid methods using engineering decision variables
rather than nominal algorithm rankings. Fourth, it maps cross-domain physical evidence and proposes
a validation-maturity hierarchy. Fifth, it introduces EDTURC-24, a reporting checklist for observation-
updated engineering twins. Sixth, it identifies research priorities for managed model co-evolution, active
sensing, continuous credibility, interoperability, and reproducible benchmarking.

The remainder of the manuscript is organized as follows. Section 2 describes the review protocol and
evidence synthesis. Section 3 establishes the foundations and taxonomy of physical-observation-driven up-
dating. Sections 4 and 5 examine offline updating and sequential data assimilation, respectively. Section 6
covers reduced-order, data-driven, and hybrid methods. Section 7 presents the method-selection framework,
Section 8 synthesizes cross-domain evidence, and Section 9 addresses validation and credibility. Section 10
develops the research roadmap, and Section 11 concludes the review.

2 Review Methodology

2.1 Review Design and Research Questions

The study is designed as a PRISMA 2020-informed structured critical review supported by systematic
mapping, documented open-bibliographic searching and evidence appraisal [61]. The purpose is explanatory
and comparative: to determine how physical observations modify engineering Digital Twins, what evidence
supports the resulting models and how method choice depends on the updating target, data cadence, model
cost, uncertainty structure and context of use. PRISMA principles are used to structure transparency and

auditability; the review is not presented as a subscription-index census of the literature.
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Five research questions guide the synthesis. RQ1 asks which parts of engineering Digital Twins are
updated from physical observations. RQ2 asks which deterministic, probabilistic, sequential, reduced-order,
data-driven, and hybrid methods are used and under what assumptions. RQ3 asks how method choice varies
across engineering domains, model fidelities, observation structures, and temporal requirements. RQ4 asks
how uncertainty, model-form discrepancy, identifiability, computational latency, and independent validation
are addressed. RQ5 asks which reporting deficiencies and research gaps prevent observation-updated twins
from supporting credible engineering decisions.

2.2 Two-Corpus Strategy and Search Scope

Two linked corpora were defined because explicit Digital Twin terminology does not capture all method-
ological foundations, while searches for model updating and data assimilation retrieve many studies that
are not Digital Twins. Corpus A contains explicit or functionally equivalent engineering Digital Twin stud-
ies that satisfy the physical-evidence criteria defined below. Corpus B contains foundational methods and
boundary cases, including finite-element model updating, Bayesian calibration, filtering, inverse mapping,
reduced-order modelling, model-discrepancy treatment, and synthetic Digital Twin demonstrations that in-
form method comparison but do not meet the full physical-twinning threshold. Reviews, standards, and
credibility guidance form a separate contextual layer.

The search covered publications from 2010 through 28 July 2026 for Corpus A, with selected pre-2010
methodological foundations retained in Corpus B. Five core query families were used: Q1, “digital twin*”
AND (“model updating” OR “data assimilation”); Q2, “digital twin*” AND (“calibration” OR “parameter
estimation” OR “state estimation”); Q3, (“self-updating” OR “adaptive” OR “time-evolving”) AND “digital
twin*”; Q4, “digital twin*” AND (“Kalman filter” OR “particle filter” OR “moving-horizon estimation” OR
“3D-Var” OR “4D-Var”); and Q5, (“model updating” OR “recursive identification” OR “system identifica-
tion”) AND (“physical measurement™” OR sensor*) AND engineering. The core concepts were preserved
while punctuation and field syntax were adapted to the individual bibliographic and publisher interfaces. De-
tailed search records, including platform-specific query formulations, dates, fields, and discovery pathways,
are available from the corresponding author upon reasonable request.

The open-search workflow was executed and documented on 28 July 2026. Because ranked public in-
terfaces did not expose stable raw-result totals, transient hit counts were not treated as a reproducible
denominator. Instead, every retained candidate was logged individually by query family, discovery route,
title, DOI or canonical record, duplicate decision, eligibility result, and exclusion reason. Forty-two unique
records reached full-text or authoritative-record assessment. Figure 1 reports the documented flow from
the assessed records to corpus assignment. Detailed record-level screening information is available from the
corresponding author upon reasonable request.

2.3 Eligibility Criteria and Corpus Assignment

A study enters Corpus A only when six elements are present: a physical engineering counterpart; observations
originating from that counterpart; an engineering model or model-based virtual representation; an explicit
computational update driven by the observations; an engineering prediction, diagnosis, prognosis, control,
or decision output; and validation or assessment of the updated result. All six conditions are required. The
criterion prevents papers from entering the evidence corpus solely because they use Digital Twin terminology.

One-time calibration is treated carefully. It may constitute a methodological foundation or commissioning
step, but it is not automatically classified as an operational Digital Twin. Admission to Corpus A requires
evidence that the calibration is embedded in, or explicitly supports, a repeatable physical-to-virtual process.
Studies using physical data but identifying themselves as one-way digital shadows remain in Corpus B when
no recurrent or decision-oriented updating loop is demonstrated. Synthetic observations, virtual sensors
generated by the same simulator, and analytical benchmarks may support method development but do not
satisfy the physical-observation requirement.

Studies are excluded from primary evidence when they are conceptual architectures without implemented
updating, monitoring or classification studies without revision of an engineering model, visualization plat-
forms without inference, non-engineering applications outside the review scope, reviews or standards, du-
plicate or superseded records, or reports with insufficient methodological information. Conference papers
and preprints are not automatically excluded, but their evidence status and peer-review status are recorded
explicitly.
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2.4 Screening, Deduplication, and Data Extraction

The workflow comprises query logging, candidate capture, DOI and title metadata verification, deduplica-
tion, title-and-abstract screening, full-text or authoritative-record assessment, structured extraction, quality
appraisal and publication-status checking. Exact DOI duplicates are merged first, followed by exact title-
year matches and manual review of near-title variants, conference precursors, preprints and versions of
record. Withdrawn, corrected or retracted records are explicitly checked and retained only in the audit trail
when they cannot support the evidence synthesis.

The extraction matrix contains bibliographic, physical, computational, and evidentiary fields. These
include engineering domain; physical counterpart and twin scale; lifecycle phase; measured quantities and
sensors; model type, fidelity, and representation; updating target and specific updated quantities; method
family and algorithm; temporal regime; treatment of measurement, process, parameter, and model-form
uncertainties; identifiability and observability considerations; calibration and validation datasets; validation
scale; baselines and metrics; computational runtime and update latency; engineering output; and data
or code availability. Separating these fields enables cross-domain comparison without collapsing distinct
inference problems into a single model-updating category.

The review screened 42 records at full-text or authoritative-record level. Twenty-three were assigned to
Corpus A, 17 to Corpus B or contextual literature, one remained uncertain, and one withdrawn preprint
was excluded from evidence. For each included or methodological study, extraction covered the physical
counterpart, observations, engineering model, updating target, algorithm, uncertainty treatment, validation,
computational performance, reproducibility and decision relevance.

Structured screening and corpus-assignment flow

Open-search capture, DOI/title verification, publisher and
repository records, and backward/forward citation chaining

A 4

Unique records retained for
full-text or authoritative-

record assessment (n = 42)

Corpus A: physical Corpus B or Uncertain corpus Withdrawn record

observation-driven contextual assignment retained excluded from

engineering Digital methodological in audit trail evidence synthesis
Twin evidence (n = 23) literature (n = 17) (n=1) (n=1)

Raw hit totals from ranked public interfaces were not treated as a reproducible denominator. Every retained
candidate and corpus decision is logged individually in the supplementary evidence workbook.

Figure 1: Structured screening and corpus-assignment flow. Forty-two unique records reached full-text
or authoritative-record assessment: 23 entered Corpus A, 17 entered Corpus B or the contextual layer,
one remained uncertain, and one withdrawn record was excluded. Raw hit totals from ranked public
interfaces were not treated as a reproducible denominator because they were unstable; retained candidates
and screening decisions were documented individually.

Corpus assignments and criterion-level appraisal records were checked against the predefined eligibility
and scoring rules. The criterion-level appraisal records and record-level screening rationales are available
from the corresponding author upon reasonable request.

2.5 Evidence-Quality Appraisal

Each primary study is appraised across eight domains scored from 0 to 2: physical evidence, clarity of the
updating target, algorithm transparency, uncertainty treatment, independent validation, baseline compari-
son, computational-performance reporting, and reproducibility. Total scores range from 0 to 16. Scores of
13-16 are classified as Strong, 9-12 as Moderate, 5-8 as Limited, and 0—4 as Preliminary. The score is used
as a transparent synthesis aid rather than as a universal measure of scientific quality. For every domain,
0 denotes absent or unsupported reporting, 1 denotes partial reporting or limited evidence, and 2 denotes
comprehensive, decision-relevant evidence. The domain-specific appraisal anchors and study-level criterion
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scores were retained as part of the review records and are available from the corresponding author upon
reasonable request.

The physical-evidence item distinguishes synthetic demonstrations, mixed numerical/physical studies,
laboratory demonstrators, pilot-scale systems, replayed experimental datasets, and live operational deploy-
ments. Validation scoring rewards separation between calibration and validation information and evidence
under changed conditions. Computational scoring considers end-to-end latency, hardware, sample or en-
semble size, convergence criteria, and comparison with the operational deadline. Reproducibility scoring
considers the availability of data, code, complete model definitions, and sufficient implementation detail. A
threshold-sensitivity check classified 18 of 23 studies as Strong when the boundary was reduced to 12/16,
14 of 23 at the prespecified 13/16 boundary, and 9 of 23 when it was increased to 14/16. The principal
cross-domain deficiencies—uncertainty treatment, independent validation, reproducibility, and end-to-end
latency reporting—were unchanged across these alternatives.

2.6 Synthesis Strategy, Bias Control, and Limitations

The evidence is synthesized through structured narrative comparison, evidence mapping, and cross-
tabulation rather than statistical pooling. Methods are compared according to updating target, observation
structure, model fidelity, uncertainty assumptions, latency, interpretability, validation maturity, and
decision context. Strong and Moderate studies contribute to the cross-domain evidence synthesis, while
Corpus B studies support methodological explanation and clarify the difference between algorithmic
capability and physical-twinning maturity.

Several bias controls are built into the protocol. The two-corpus strategy reduces terminology bias; the
strict physical-evidence threshold reduces maturity inflation; the review-of-reviews establishes novelty and
overlap boundaries; citation chaining improves recall for studies that do not use standard Digital Twin
terminology; and the explicit quality rubric prevents high-profile terminology or algorithmic novelty from
substituting for validation evidence. Search decisions, exclusion reasons, extracted data fields, and quality-
appraisal records were documented systematically and are available from the corresponding author upon
reasonable request.

The review has four important limitations. First, ranked public scholarly interfaces do not expose stable
raw totals or a single machine-readable export; the reported counts are therefore corpus-descriptive and are
not estimates of literature prevalence. Second, some recent or industrial studies provide only authoritative
records, accepted manuscripts, or restricted evidence packages, limiting appraisal of runtime, provenance,
and calibration—validation separation. Third, the evidence base is heterogeneous across domains and contexts
of use, precluding statistical pooling. Fourth, screening, extraction, and appraisal were conducted by the
first author, which may introduce selection and judgement bias. The predefined criteria, evidence records,
and criterion-level scores were documented systematically and are available from the corresponding author
upon reasonable request. Conclusions are consequently framed as findings from the documented corpus
rather than universal prevalence claims.

3 Physical-Observation-Driven Updating: Foundations

The defining computational problem of an engineering Digital Twin is not the construction of a virtual model,
but the maintenance of a defensible relationship between that model and a changing physical counterpart.
Conventional simulation begins with a model, prescribed inputs and assumed parameters. A Digital Twin
must additionally process observations, infer unmeasured quantities, revise the virtual representation and
communicate uncertainty in the resulting prediction. This physical-to-virtual pathway links Digital Twin
research to system identification, inverse problems, finite-element model updating, Bayesian calibration and
data assimilation [1-4, 59, 60]. The relevant methods are mature individually, but their use within Digital
Twins is frequently described with inconsistent terminology and uneven validation requirements.

For the present review, model updating is defined as any explicit computational operation through which
observations from a physical engineering system modify the states, parameters, inputs, boundary conditions,
geometry, discrepancy representation or structure of its virtual model. This definition is deliberately stricter
than common usage in the Digital Twin literature. A dashboard, data pipeline or fault classifier is not
sufficient unless it alters an engineering model or a model-based belief state. Similarly, a one-time calibration
experiment can provide essential methodological foundations, but it is treated as a complete Digital Twin
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only when it belongs to a repeatable or persistent physical-to-virtual loop. The distinction is essential
because several technically advanced studies in the screened corpus use simulated observations, analytical
benchmarks or one-way Digital Shadows rather than operationally updated twins [62-66].

1oy Observations, prediction resjeqi.
o ensor drift, operating change ,"‘5'
nand, S¢' r— 0 .
Hone C"Sfof,}
Active sensing or revised
physical observation requirements ==~~~ _ -
measurements S
p :
_ Physical Sensing and Inference and _Updated Prediction and
engineering system observations data assimilation engineering model decision support
Component - machine - i ions " State estimation - Forecasting - diagnosis
structure - process - ,Sggzgﬁor:g??:géms_ parameter identification States  Geomelry B
facility environmental inputs Bayesian updating - Parameters Model maintenance - design
0] model correction Inputs and structure
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jl .@, g - quality control S e J  quantities with uncertainty
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Figure 2: Physical-to-virtual updating loop adopted in this review. Measurements from the physical en-
gineering system are processed through state estimation, parameter identification, data assimilation or
model-discrepancy correction to update the virtual representation. Predictions and decisions subsequently
generate new observation requirements, residual information and operating-domain changes, making syn-
chronization a recurrent inference and credibility-management process rather than a one-time calibration
exercise.

3.1 Physical Counterparts, Observations, and the Evidence Threshold

The physical counterpart may be a component, machine, structure, production process, vehicle, facility
or distributed field. The screened evidence includes laboratory structures, a two-tank hydraulic system,
a bridge demonstrator, a hydrogen-fired furnace, a gearbox, a machine-tool thermal test bench, aircraft
flight measurements, a mobile robot, battery cycling experiments, production data centres and operational
industrial-process records [67-87]. These cases differ substantially in sensor density, sampling frequency,
physical scale and accessibility of ground truth. Consequently, the phrase “physical data” should not be
treated as a binary quality marker. Evidence from a controlled laboratory demonstrator can provide a
clearer reference state than field data, whereas field deployment better tests robustness to missing data,
unknown loads, environmental variability and sensor drift.

A practical evidence hierarchy is therefore required. At the lowest level, synthetic observations are
generated from the same or a closely related model used by the updating algorithm. Such studies are
valuable for algorithm verification but cannot establish physical validity. The next level comprises analytical
or numerical benchmarks with deliberately introduced noise or model mismatch. Laboratory and pilot-scale
experiments then test the interaction between real sensors and imperfect models under controlled conditions.
The highest deployment maturity is represented by operational or field data, such as continuous tower
vibration monitoring, production-process measurements, real vehicle trips, flight parameters, shield-tunnel
observations or production data-centre temperatures [78, 81, 84-88]. Laboratory systems can nevertheless
provide stronger inferential evidence than field studies when raw observations, independent validation, model
bias and computational cadence are reported comprehensively, as illustrated by the thermoacoustic twin [89].
The maturity level should therefore be reported independently of numerical accuracy.
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3.2 Engineering Model Representations

The virtual representation determines both what can be updated and which inference methods are compu-
tationally feasible. Full-order physics models retain explicit governing equations and spatial resolution, but
their cost often prevents repeated likelihood evaluations or sequential filtering [90-92]. Finite-element mod-
els remain dominant in structural updating, where stiffness, material properties, boundary conditions and
damage parameters are inferred from modal, displacement, strain or force measurements [59, 60, 73, 76-78].
Full-order models provide interpretability and a direct connection to engineering design variables, but they
can be non-identifiable when many parameters produce similar response changes.

Reduced-order models lower the state dimension while preserving selected physical relationships. Proper
orthogonal decomposition, Krylov reduction and mesh-reduction methods appear in the furnace, machine-
tool and bridge cases [75, 77, 80]. Their main advantage is not merely faster prediction. A reduced model can
make filtering, sampling and uncertainty propagation possible within the time available between observations.
However, reduction introduces an additional approximation layer whose validity may change as the physical
asset leaves the training or reduction domain. The reduced basis or surrogate must therefore be treated as
part of the uncertainty and validation problem, not as a neutral computational substitution.

Data-driven and hybrid representations include neural inverse mappings, sparse identified dynamics, recur-
rent networks, neural operators and thermophysics-informed surrogates [63-66, 69-71, 83-86, 93-98]. These
approaches move computational cost from online inference to offline data generation and training. They
can achieve millisecond-level parameter estimates or rapid field reconstruction, but their reliability depends
on coverage of the training domain and on the consistency between simulated training data and physical
measurements. The probabilistic inverse-mapping study of Kessels et al. illustrates both the promise and
the limitation: physical ventilation measurements can be processed rapidly, yet observations outside the
predicted intervals reveal residual model-class mismatch that the inverse network alone does not correct
[71].

3.3 Updating Targets

A unified taxonomy begins with the quantity that is modified. State updating reconstructs unmeasured
time-dependent variables, such as temperature fields, structural states, battery state of charge or latent
fluid states. Parameter updating identifies persistent or slowly varying quantities, including stiffness, heat-
transfer coefficients, damping, boundary-condition coefficients or process parameters. Input updating es-
timates unknown loads, environmental conditions or control inputs. Geometry and boundary-condition
updating revise the spatial definition of the model. Discrepancy updating introduces an explicit correction
for systematic model bias, whereas structural updating changes the model form, active terms, surrogate
weights or neural representation. Joint estimation treats two or more of these quantities simultaneously.
Table 1. Updating targets and their principal engineering interpretation.

Representative evi-

Target Generic notation Engineering meaning dence Principal risk
Dynamic state x_k Time-varying internal Wave, thermoacous- Unobservability and
variables that are not fully tic, thermal, tunnel, filter divergence.
measured. robot and battery states
[72, 80, 82, 83, 88, 89, 95].
Physical/model pa- theta Material, stiffness, damp-  Bridge, furnace, ventila- Non-identifiability
rameter ing, thermal, process or tion, gearbox, vehicle, data- and compensation
equipment coefficients. centre, thermoacoustic and between parameters.

tunnel calibration [67, 68,
71, 73, 75, 79, 85, 87-89)].

Unknown input/load u_k Loads, environmental in- ~ Wind/thrust estima- Input—state confound-
puts, excitations or operat- tion, flight-condition ing.
ing conditions. correction and tunnel

boundary-condition in-
ference [81, 88, 96].

Geometry/boundary g, b Supports, contact, geom-  Cable-truss, tower and Over-
condition etry and spatial model bridge FEM updating [76— parameterization and
conditions. 78]. non-physical correc-
tions.
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Representative evi-

Target Generic notation Engineering meaning dence Principal risk
Model discrepancy delta_ M Systematic error not re- Bridge-bias methods, air-  Confounding with cal-
movable through physical- craft residual feedback and ibration parameters.
parameter calibration. real-time thermoacoustic
bias estimation [74, 81, 89].
Model struc- M Active equations, model Time-evolving hybrid mod- Catastrophic drift
ture/representation combinations, neural els, EKF-SINDYc, online and loss of physical
weights or surrogate ar- thermal models and event- interpretability.
chitecture. triggered re-identification
[69, 84, 86, 97].
Joint target x, theta, u Simultaneous state, param- Latent-space particle filter- Rapid growth of di-

mension and weak
observability.

eter and/or input infer-
ence.

ing, augmented estimation,
thermoacoustic r-EnKF
and tunnel EnKF-SuS

[72, 88, 89, 96].

3.4 Temporal Synchronization Regimes

Temporal terminology should reflect how frequently the physical information is used. Offline batch calibra-
tion processes a fixed dataset and produces a revised model after the experiment or inspection. Periodic
updating repeats this operation at scheduled intervals or after sufficient new data have accumulated. Event-
triggered updating is initiated by a detected change, such as a residual threshold, damage indicator or
operating-regime transition. Online sequential methods update the state or parameters as each observation
or short data window arrives. Continuous adaptive methods additionally modify the model representation
or learning system throughout operation. These regimes are not interchangeable: an algorithm with fast
inference is only online if it is actually connected to sequential observations and its latency is compatible
with the use case.

The screened evidence reveals frequent inflation of temporal claims. Some papers describe a framework
as “self-updating” or “real-time” while validating it only with model-generated observations or replayed
datasets [63—66]. Conversely, an offline method can still be highly valuable for a Digital Twin when the engi-
neering decision is slow, such as periodic structural re-calibration or fleet-level vehicle parameter estimation.
The appropriate criterion is therefore use-case latency rather than a universal requirement for continuous
computation. A machine-tool compensation twin may require updates faster than thermal deformation
evolves, whereas a bridge model may only need recalibration after a monitoring campaign or suspected
damage event.

Table 2. Temporal regimes, evidence requirements, and typical engineering use.

Common misclassifi-
cation

Regime

Data handling

Required evidence

Typical use

One-time calibration

Offline batch

Periodic

Event-triggered

Online sequential

Continuous adaptive

Single fixed dataset.

Accumulated dataset
processed after opera-
tion/test.

Updates at scheduled
intervals or data vol-
umes.

Update initiated by
residual/change condi-
tion.

Observation-by-
observation or short-
window inference.
Persistent updating of
parameters or model
representation.

Independent prediction
after calibration.

Repeatable workflow and
updated engineering out-
put.

Multiple update cycles or
distinct conditions.

Clear trigger and post-
event validation.

Measured latency and se-
quential physical data.

Longitudinal stability and
drift assessment.

Model commissioning
and initial parameter
identification.

FEMU, damage assess-
ment, fleet calibration.

Battery ageing, bridge
monitoring, facility
recalibration.
Damage, regime
change, maintenance.

State estimation, con-
trol, thermal compen-
sation.

Self-updating process
or equipment twins.

Described as a Digital
Twin despite no repeat-
able data connection.
Training/test split
treated as operational
synchronization.

A single recalibration
labelled continuous.

Threshold detection
without model modifica-
tion.

Fast simulated inference
without sensor connec-
tion.

Repeated optimization
on synthetic data.
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3.5 Uncertainty and Model-Form Discrepancy

Uncertainty is not a single quantity. Measurement uncertainty concerns sensor noise, calibration error, sam-
pling and synchronization. Process uncertainty describes unresolved disturbances and stochastic evolution.
Parameter uncertainty reflects incomplete knowledge of coefficients. Numerical and surrogate uncertainty
arise from discretization, reduction and learned approximations. Model-form discrepancy represents system-
atic error caused by missing or incorrect physics. These sources affect updating differently and should not
be merged into an undifferentiated error term [4, 74, 99].

Kalman-family methods represent uncertainty through state and parameter covariances, but these covari-
ances are meaningful only when the model, noise assumptions and linearization are defensible. Particle filters
accommodate non-Gaussian and multimodal distributions at greater computational cost. Bayesian calibra-
tion provides posterior parameter distributions and can incorporate a discrepancy process, but parameter—
discrepancy confounding can make physically incorrect parameters appear statistically plausible. Imprecise-
probability updating offers an alternative when prior and likelihood specifications are poorly justified [68].
Hybrid neural methods increasingly report aleatoric and epistemic uncertainty, although interval coverage
under physical model mismatch remains a critical test [71].

The screened corpus shows a marked evidence gap. Strong probabilistic treatment is concentrated in a
minority of Bayesian, particle-filter and ensemble studies, whereas several physically validated structural and
machine-learning applications provide point estimates without formal prediction intervals. This imbalance
creates a risk that the most operationally mature twins communicate the least about uncertainty. The
appraisal therefore distinguishes “physical evidence strength” from “uncertainty completeness” and does
not allow high accuracy alone to compensate for absent uncertainty analysis.

3.6 Identifiability, Observability, and Sensor Informativeness

A parameter can be updated only if changes in that parameter produce distinguishable changes in the
observed response. Identifiability is a property of the model, excitation and data combination; observability
is the corresponding state-reconstruction condition for dynamic systems. In practical Digital Twins, both
are local and operating-condition dependent. Two stiffness parameters may be distinguishable under one
load case and inseparable under another. Similarly, a thermal field may be observable from sparse sensors
only when the reduced model and boundary-condition ensemble span the actual system behaviour.

Sensitivity analysis, Fisher-information measures, posterior correlation, rank tests and experimental-
design methods should therefore precede large-scale updating. The cable-truss and gearbox studies use
sensitivity to restrict the updated parameter set [76, 79], while the machine-tool ensemble study uses in-
dependent validation sensors and multiple physical models to address boundary-condition uncertainty [80].
A separate physical machine-tool study demonstrates that singular-value analysis and Group LASSO can
reduce a manually selected 22-sensor layout to seven sensors while retaining substantial compensation ac-
curacy [100]. This evidence sharpens an important distinction: observability-oriented sensor design enables
updating, but it is not itself an observation-driven model update. Sensor placement should therefore be
evaluated against the intended updating target, not merely against signal magnitude or reconstruction error
[101-105].

The evidence supports three minimum reporting requirements. First, authors should justify why the
selected observations are informative for the quantities being updated. Second, posterior or estimated pa-
rameter correlation should be reported when multiple parameters are inferred. Third, a physically plausible
parameter estimate should be distinguished from a model-compensating estimate that only improves output
fit. These requirements are especially important when model discrepancy is omitted, because calibration
parameters may otherwise absorb structural error.

Table 3. Corpus A evidence map for the 23 physically grounded studies screened through 28 July 2026.

Study Domain/scale Updating target Method/regime Evidence
Ward et al. [67] Facility /field Parameters Particle filter; continuous Operational data; Strong
(14/16)

de Angelis et al. [68] Laboratory structure = Parameters Imprecise probability; Physical tests; Strong
online (13/16)

Edington et al. [69] Two-tank lab system  Model representation  Hybrid weighting; peri- Physical experiment;
odic Moderate (12/16)

Kessels et al. [71] Ventilation system Parameters Bayesian inverse map; Real measurements;
real-time Strong (14/16)
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Study Domain/scale Updating target Method /regime Evidence
Miicke et al. [72] Wave- States 4+ parameters Latent particle filter; on- Physical + numerical;
tank/benchmarks line Strong (16/16)

Titscher et al. [73]
Donato et al. [75]
Shi et al. [76]
Tang et al. [77]
Ali et al. [78]

Xia et al. [79]
Lang et al. [80]
Zhuo and Yan [81]
Kosmaga et al. [82]
Zhao et al. [83]
Wu et al. [84]
Wang et al. [85]
Wang et al. [86]
Park et al. [87]
Lang et al. [95]
Zimmermann et al.

[97]
Névoa et al. [89]

Li et al. [88]

Bridge demonstrator
Pilot furnace
Cable-truss lab
Laboratory bridge
100 m field tower
Gearbox test rig
Machine-tool bench
Aircraft flight
Mobile robot
Battery experiments

Power transformer

Production data halls

Industrial process
Vehicle fleet/trips

Machine-tool
bench/machine

Five-axis machine tool

Annular combustor lab

Field-informed shield
tunnel

Parameters + damage

States 4+ parameters

Geometry/parameters/

BCs

Parameters + represen-

tation
Material + BCs

Parameters
Thermal states
Inputs/parameters/
discrepancy

States + parameters
States + parameters
Model representation
CFD parameters
States/parameters/
structure
Parameters

Thermal states

Parameters + model
structure

States + parameters +

bias/shift

Bayesian variational;
batch
Kalman/POD-Kriging;
recursive

Optimization FEMU;,
batch

GA-FEMU + surrogate;
periodic

OMA-FEMU; periodic

Surrogate/metaheuristic;
periodic
Ensemble Kalman; online

Residual feedback; adap-
tive

Adaptive observer; real-
time

TCN-LSTM /transfer;
periodic

Online kernel learning

Neural-surrogate calibra-
tion
EKF-SINDYc; online

Hierarchical calibration

Adaptive Kalman ob-
server; online

Triggered re-identification;
event-based
Bias-regularized EnKF +
ESN; real-time

States + parameters + EnKF-SuS; sequential

BCs/degradation

Physical scenarios;
Strong (16/16)
Experimental furnace;
Strong (13/16)

Multiple tests; Moderate
(10/16)

Physical experiments;
Strong (14/16)
Operational sensors;
Moderate (10/16)
Physical vibration; Mod-
erate (12/16)
Independent sensors;
Strong (15/16)

Flight evidence; Moder-
ate (11/16)

Physical robot; Strong
(13/16)

Experimental datasets;
Strong (13/16)
Operational data; Mod-
erate (10/16)

Field sensors; Strong
(13/16)

Operational data; Strong
(14/16)

Real trips; Moderate
(11/16)

Independent physical
sensors; Strong (14/16)
Physical compensation
loop; Moderate (12/16)
Raw physical micro-
phones + public code;
Strong (16/16)

Field + controlled sce-
narios; Moderate (12/16)

4 Offline and Batch Model Updating

Offline and batch methods estimate model corrections from a fixed set of observations. They remain central
to Digital Twin development because many engineering assets evolve slowly relative to the time required for
calibration, and because expensive models can be updated during commissioning, inspections or scheduled
maintenance. Batch methods also provide the foundation for sequential approaches: the objective function,
parameterization, priors and discrepancy assumptions established offline frequently determine whether later
online inference is stable.

4.1 Deterministic Inverse Updating

A common deterministic formulation minimizes the mismatch between measured and simulated responses
subject to regularization or physical constraints. For observations y and model predictions h(theta), a
weighted objective can be written as

J(6) = [y —h(6)] "Wy — h(6)] + \R(6) (1)

where W weights the observations, R(theta) penalizes implausible or unstable solutions and lambda con-
trols the regularization strength. The formulation is attractive because it is transparent and compatible
with gradient-based optimization, sensitivity analysis and established finite-element software. Its apparent
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simplicity is deceptive: the solution depends on parameter scaling, objective selection, sensor noise, model
discrepancy and the shape of the feasible region.

Finite-element model updating is the most mature engineering implementation of deterministic calibra-
tion [59, 60]. The cable-truss, laboratory bridge and field-tower studies update stiffness-related, geometric or
boundary-condition quantities using static or modal measurements [76-78]. Their physical evidence is valu-
able because it demonstrates that updating can correct as-built deviations and changed conditions. However,
deterministic agreement should not be interpreted as unique physical identification. Several parameter com-
binations may reduce modal or strain errors, particularly when only a small number of modes or response
locations are measured.

4.2 Sensitivity, Regularization, and Parameter Selection

Parameter selection is often more important than the optimizer. Updating every uncertain quantity creates
an underdetermined problem and encourages compensation between parameters. Local sensitivity matri-
ces, global sensitivity indices and correlation analysis can identify parameters that are both influential and
distinguishable. The gearbox study combines sensitivity analysis with a response-surface approximation
before metaheuristic optimization, while the cable-truss study restricts the update to parameters that ma-
terially influence the selected structural responses [76, 79]. These steps reduce cost and improve numerical
conditioning, although they do not by themselves prove global identifiability.

Regularization incorporates prior engineering knowledge into a deterministic problem. Typical forms
penalize deviation from nominal parameters, impose spatial smoothness, restrict damage to sparse regions
or enforce physical bounds. Regularization should be selected according to the anticipated correction mech-
anism. A smoothness penalty is defensible for distributed material fields but may suppress a localized crack.
A nominal-value penalty is useful when manufacturing tolerances are known, but it can bias the solution if
the physical asset has genuinely degraded. Reporting only the final objective value is therefore insufficient;
the influence of the regularization term should be demonstrated through sensitivity or ablation analysis.

4.3 Bayesian Calibration and Model Updating

Bayesian calibration represents the unknown parameters probabilistically. Given observations y, the poste-
rior distribution is

p(6 |y) x<p(y | 0)p(6) (2)

where p(0) is the prior and p(y | ) is the likelihood. The posterior communicates both the parame-
ter estimate and its uncertainty, and it permits propagation of uncertainty into predictions. The bridge-
demonstrator study uses variational Bayesian inference to calibrate a high-dimensional finite-element model
and detect damage while retaining computational feasibility [73]. The continuous farm study compares par-
ticle filtering with static and sequential Kennedy—O’Hagan calibration, illustrating how posterior updating
can be embedded in a recurrent Digital Twin workflow [67]. The Ford application introduces a hierarchical
structure that separates parameters shared across vehicles or trips from trip-specific quantities [87].

A central challenge is model-form discrepancy. If the observation model is written as y = h(theta) +
delta_ M + epsilon, both theta and the discrepancy delta_ M can explain the same residual. Flexible dis-
crepancy models may protect predictions from structural bias but weaken physical parameter identification.
Orthogonal or modular discrepancy strategies attempt to reduce this confounding [74]. The evidence cur-
rently remains stronger methodologically than physically: the bridge-bias study uses simulated observations
and identifies real-measurement validation as future work. This gap is important because discrepancy func-
tions that perform well on synthetic data may absorb unmodelled operational effects differently in a real
asset.

4.4 Metaheuristics and Surrogate-Assisted Updating

Population-based and metaheuristic optimization is frequently selected when the objective is non-convex,
discontinuous or generated by commercial simulation software without reliable gradients. Genetic algorithms,
firefly methods and related approaches can explore broad parameter domains, but they require many model
evaluations and provide limited information about uncertainty or identifiability. Surrogates mitigate the

cost by approximating the mapping from parameters to responses. The gearbox study uses a polynomial
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response surface before firefly optimization, while the timely bridge system combines genetic-algorithm FEM
updating with mesh reduction and a radial-basis surrogate [77, 79].

Surrogate-assisted calibration introduces a two-stage error structure: parameter estimates depend on
both the physical model and the surrogate. Validation should therefore include surrogate error at the up-
dated parameter region, not only global training accuracy. The Kalibre framework demonstrates a stronger
approach for expensive CFD calibration: a thermophysics-informed neural surrogate is iteratively calibrated
against production sensor data, and the inferred parameters are transferred back to the CFD model for val-
idation [85]. This return to the governing simulator is crucial because a surrogate can match sensors while
violating unobserved physical fields.

4.5 Critical Assessment of Offline Methods

Offline updating is appropriate when decisions are slow, datasets are accumulated over campaigns, or the
cost of uncertainty quantification exceeds the available online budget. Its strengths are methodological
transparency, compatibility with high-fidelity models and the ability to perform detailed diagnostic analyses.
Its limitations are delayed response to change, possible reuse of the same data for calibration and validation,
and weak evidence that the calibrated model will remain valid under future operating conditions.

The screened corpus indicates that offline methods achieve some of the strongest physical validation in
structural and facility applications, but frequently omit probabilistic uncertainty and runtime reporting.
Bayesian methods provide richer uncertainty descriptions, yet their assumptions and discrepancy choices
are more difficult to validate. A defensible method-selection rule is therefore not “Bayesian is superior to
deterministic” but: use deterministic updating when a low-dimensional, identifiable correction with clear
physical bounds is required; use Bayesian updating when uncertainty propagation materially affects decisions
and the prior/likelihood can be justified; and use surrogate or metaheuristic methods only when their
additional approximation and computational cost are independently evaluated.

Table 4. Comparison of principal offline and batch updating approaches.

Minimum validation

Approach Best suited to Principal strengths Critical limitations evidence

Efficient, interpretable,
compatible with adjoints.

Differentiable models
with moderate param-
eter dimension.

Gradient /sensitivity-
based optimization

Local minima; derivative
and scaling sensitivity.

Independent re-
sponse quantities and
parameter-sensitivity
analysis.

Regularized inverse
updating

Bayesian calibration

Variational Bayesian
inference

Metaheuristic opti-
mization

Surrogate-assisted
calibration

Ill-posed spatial or
multi-parameter prob-
lems.

Decisions requiring
posterior uncertainty.

High-dimensional pos-
terior approximation.

Black-box, non-
smooth or multimodal
objectives.

Expensive CFD/FEM
or many-query calibra-
tion.

Encodes engineering con-
straints and stabilizes
solutions.

Probability distributions
and uncertainty propaga-
tion.

Lower cost than sampling
and fast repeated infer-
ence.

Broad search and imple-
mentation simplicity.

Major cost reduction and
easy optimization.

Regularization can dom-
inate the physical evi-
dence.

Prior/likelihood de-
pendence; calibration—

discrepancy confounding.

Approximation bias and
under-dispersion.

High evaluation cost; no
natural UQ; stochastic
variability.

Surrogate extrapolation
and compounded model
error.

Regularization sensitiv-
ity and recovery tests.

Posterior predictive
checks and held-out
physical validation.
Comparison with sam-
pling or benchmark
posterior where feasi-
ble.

Repeated runs, con-
vergence analysis and
parameter plausibility.
Local surrogate vali-
dation and return-to-
simulator confirmation.

5 Online and Sequential Data Assimilation

Sequential data assimilation updates a model as observations arrive. The generic dynamic system is repre-
sented by a state-evolution equation and an observation equation:

Xpt1 = F(Xk, Ok, ug, My) + 1,
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Here xj, denotes states, 8y parameters, u; unknown or prescribed inputs, M}, the model representation, n;
process uncertainty and €, measurement uncertainty. Sequential inference estimates the filtering distribution
p(Xk, Ok | ¥1.1), or a broader joint distribution including inputs and discrepancy. The method must balance
three competing requirements: fidelity to the engineering model, consistency with noisy observations and
computation before the next decision deadline. Unified Bayesian treatments of filtering and smoothing
provide the broader probabilistic basis for these sequential formulations [106, 107].

5.1 Kalman-Filter Family

The classical Kalman filter is optimal for linear systems with Gaussian process and observation noise. En-
gineering Digital Twins are rarely exactly linear, but the Kalman structure remains attractive because it
produces recursive state estimates and covariances with low computational overhead. The extended Kalman
filter linearizes nonlinear dynamics locally, while the unscented Kalman filter propagates selected sigma
points to represent nonlinear transformations. Ensemble Kalman methods use a sample of model realiza-
tions and are better suited to high-dimensional systems when explicit covariance propagation is infeasible.
Iterative ensemble inversion, multiple-data-assimilation smoothers, and operational EnKF reviews clarify
the roles of subspace restriction, covariance inflation, localization, and ensemble design [108-110].

The screened physical evidence demonstrates the versatility of this family. The furnace study assimi-
lates temperature and NO measurements into a POD-Kriging reduced combustion model using steady-state
and recursive Kalman variants [75]. An adaptive Kalman state observer reconstructs unmeasured thermal
fields from sparse sensors on a physical test bench and five-axis machine tool, reducing thermal-error RMSE
from 67.4 to 33.3 pm [111]. The later machine-tool study extends this concept to an enhanced ensemble
Kalman filter over multiple reduced physical models, thereby representing boundary-condition and model
uncertainty while compensating geometric error in real time [80]. The thermoacoustic Digital Twin uses
a bias-regularized EnKF to infer acoustic states, time-varying physical parameters, model bias and mea-
surement shift simultaneously from raw microphone data [89]. The shield-tunnel study extends EnKF with
subset simulation within a recursive Bayesian framework to update a multiphysics structure—soil model from
new observations [88]. The industrial-process study combines extended-Kalman recursive coefficient estima-
tion with sparse nonlinear identification and model-predictive control [86]. These examples show distinct
uses of the same inference family: single-model state reconstruction, multi-model uncertainty representation,
explicit discrepancy estimation, non-Gaussian sequential calibration, reduced-field updating, and adaptive
model-structure estimation.

Kalman covariances should not be interpreted automatically as credible uncertainty. Their validity de-
pends on the process and measurement models, covariance tuning, ensemble construction and linearization.
In practice, covariance matrices are often selected heuristically to stabilize the filter. A strong Digital Twin
paper should report the physical meaning or tuning method of these matrices, test sensitivity to their values
and evaluate innovation residuals. Independent sensors, as used in both machine-tool state-observer studies,
provide strong evidence because they test field reconstruction beyond assimilated measurements [80, 111].
The thermoacoustic study goes further by estimating structured model bias and measurement shift rather
than forcing all residuals into state or parameter covariance [89]. The methodological progression from a sin-
gle reduced-model observer [111], to an ensemble of physically plausible reduced models [80], to bias-aware
state—parameter—discrepancy inference [89] shows how distinct uncertainty sources can be separated rather
than conflated.

5.2 Particle Filters and Non-Gaussian Assimilation

Particle filters approximate the filtering distribution with weighted samples and can represent nonlinear, non-
Gaussian and multimodal uncertainty. Their generality is valuable for damage states, parameter ambiguity
and strongly nonlinear processes, but the number of particles required grows rapidly with state dimension.
The continuous farm study shows that particle filtering can outperform or simplify repeated Bayesian cal-
ibration in a low-dimensional operational model, although an update with 10,000 particles still requires
minutes [67]. High-dimensional particle-filter reviews show that proposal design, localization, hybridization,
and adaptive resampling are central to avoiding degeneracy [112].

The deep latent-space particle filter addresses dimensionality by learning a compact representation of
the state and its dynamics before applying particle filtering [72]. The method combines a Wasserstein au-

toencoder, learned latent dynamics and particle assimilation, producing non-Gaussian state and parameter
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distributions. Its evaluation includes a real wave-tank experiment and reports orders-of-magnitude accel-
eration relative to high-fidelity filtering. This architecture illustrates a broader trend: reduced or learned
representations are becoming part of the assimilation algorithm rather than only fast forward models. The
resulting uncertainty is credible only if the latent representation preserves the observation-sensitive dynamics
and remains valid under operational changes.

5.3 Joint State, Parameter, and Input Estimation

A Digital Twin often needs more than state estimation. Parameters may drift through wear, inputs may be
unmeasured and model coefficients may change between regimes. One strategy augments the state vector
with parameters or inputs. Another uses dual filters, alternating between state and parameter updates. Aug-
mentation is simple but can create weakly observable, high-dimensional systems. Dual estimation separates
time scales but may propagate errors between filters.

Simulation-based wind-turbine work demonstrates augmented estimation of states and unmeasured loads,
but it remains in the methodological corpus because the published applications use virtual measurements
[113]. The latent particle-filter study performs joint state-parameter inference with physical wave observa-
tions [72]. The mobile-robot study uses an adaptive nonlinear observer to estimate time-varying parameters
and maintain position estimates during data loss [82]. The thermoacoustic twin jointly estimates acoustic
states, time-varying parameters, model bias and measurement shift [89], whereas the shield-tunnel framework
updates time-invariant and time-varying quantities, boundary conditions and degradation-related states
within a sequential Bayesian scheme [88]. These cases emphasize that joint estimation should be justified
through observability and excitation. A constant operating condition may provide insufficient information
to separate a changing parameter, an unknown input and structured model discrepancy.

5.4 Variational and Moving-Horizon Methods

Variational data assimilation estimates the trajectory that minimizes a cost over an observation window,
while moving-horizon estimation repeatedly solves a constrained finite-window optimization problem. These
methods are attractive when physical constraints, bounds and non-Gaussian penalties must be imposed
explicitly. They can exploit adjoint gradients and handle delayed or asynchronous observations, but the
repeated optimization may be expensive and sensitive to initialization. Corpus A is dominated by filtering
rather than variational or moving-horizon implementations. This pattern may reflect either a genuine
application gap or incomplete capture despite the method-specific search terms reported in Section 2.2.
Comparative process-estimation studies also document the trade-off between EKF efficiency, constrained
moving-horizon estimation, and particle-based posterior representation [114, 115].

Comparative data-assimilation research shows that no single method dominates across system nonlinear-
ity, observation density, noise structure and computational constraints [116]. Digital Twin reviews should
therefore avoid ranking algorithms independently of the problem. An ensemble filter may be appropriate for
a large field with approximately Gaussian uncertainty, while a particle method may be preferable for a low-
dimensional multimodal damage state. Moving-horizon estimation may be favoured when hard constraints
and recent-data windows are central to control.

5.5 Real-Time Feasibility and Latency Reporting

Real-time capability is a system property, not an algorithm label. The relevant quantity is the end-to-
end latency from measurement acquisition to an updated engineering output. This latency includes sensor
transmission, preprocessing, inference, model propagation, uncertainty calculation and communication to
the decision layer. Reporting only neural-network inference time or only the reduced model solve time is
insufficient.

The current evidence ranges from millisecond inverse-map inference to multi-minute particle-filter updates
and multi-hour CFD calibration [67, 70, 80, 85]. All can be operationally acceptable for different decisions.
The machine-tool twin is exemplary because it relates computational speed to the measurement time scale
and demonstrates approximately 47-times-faster-than-real-time execution [80]. The thermoacoustic twin
assimilates raw microphone observations at approximately 1707 Hz and then predicts autonomously beyond
the assimilation window [89]. Kalibre requires about five hours, but its target is periodic calibration of
production data-hall CFD models rather than closed-loop millisecond control [85]. The shield-tunnel work is
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designed for parallel sequential updating, but the accessible record does not provide a complete measurement-
to-update latency [88]. Accordingly, EDTURC-24 requires reporting of hardware, data-window length,
model-solve time, inference time, total latency, update frequency and the maximum latency allowed by the
use case.

Table 5. Sequential assimilation methods and conditions governing their suitability.

Assumptions/ Representative
Method representation Advantages Limitations evidence
Kalman filter Linear dynamics; Gaus-  Low cost and exact re- Inadequate for strong Foundational
sian uncertainty. cursive covariance under nonlinearity or multi- state/input estima-
assumptions. modality. tion and physical

machine-tool state re-
construction [95, 96].

Extended Kalman Locally differentiable Efficient adaptive Linearization bias and Industrial EKF-
filter nonlinear model. state/parameter esti- Jacobian requirements.  SINDYc updating
mation. [86].
Unscented Kalman Moderately nonlinear, No explicit Jacobian; im- Cost grows with aug- No physically
filter approximately Gaussian proved nonlinear moment mented dimension. grounded UKF study
system. propagation. met the Corpus A

eligibility threshold
in the documented

search.
Ensemble Kalman High-dimensional fields Scalable covariance ap- Sampling error, localiza- Machine-tool ensem-
filter with approximately Gaus- proximation and multi-  tion/tuning and Gaus-  ble compensation,
sian ensemble statistics. = model ensembles. sian update. real-time thermoa-

coustic bias-aware as-
similation and shield-
tunnel EnKF-SuS

[80, 88, 89].
Particle filter Nonlinear /non-Gaussian, Multimodal posterior and Particle degeneracy and Continuous calibra-
usually lower-dimensional flexible likelihood. high computational cost. tion and latent-space
state. PF [67, 72].
Variational / moving Windowed optimization = Hard constraints, asyn-  Repeated optimization = No physically
horizon with differentiable or chronous data and trajec- and local minima. grounded 3D-Var,
constrained model. tory estimation. 4D-Var, or moving-

horizon Digital Twin
study met the Corpus
A eligibility threshold
in the documented

search.
Adaptive observer /  Structured parame- Very fast, interpretable Limited UQ and de- Mobile robot, sparse
recursive identifica- ter/state dynamics. and control-oriented. pendence on persistent  process identification
tion excitation. and event-triggered
thermal-model updat-
ing [82, 86, 97].

6 Reduced-Order, Data-Driven, and Hybrid Updating

High-fidelity engineering models are often too expensive for repeated calibration or assimilation. Reduced-
order, surrogate and data-driven methods address this bottleneck, but they also alter the epistemic structure
of the Digital Twin. A full-order model has explicit discretization and modelling assumptions. A learned
surrogate adds training-domain, architecture and optimization assumptions. Hybrid updating is therefore
not simply faster inference; it is an additional model layer that must be calibrated, validated and monitored.
Broader hybrid-modelling literature emphasizes that physical constraints, data coverage, and model-form
uncertainty must be treated jointly rather than as separate design choices [117, 118].

6.1 Reduced-Order Models and Multi-Fidelity Updating

Projection-based reduced-order models preserve a low-dimensional subspace of the governing solution.
Proper orthogonal decomposition is used in the furnace twin, Krylov reduction in the machine-tool twin,
and mesh/surrogate reduction in the timely bridge system [75, 77, 80]. These methods retain a recognizable
relationship to the original equations, which facilitates engineering interpretation and boundary-condition
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changes. They are particularly suitable for filtering because the state covariance or ensemble is propagated
in a much smaller space. Classical reduced-basis theory and newer nonlinear-manifold reduced-order models
provide complementary foundations for this offline-online decomposition [119, 120].

The principal limitation is domain dependence. A basis extracted from nominal thermal or flow fields
may omit the modes activated by damage, new boundary conditions or a new operating regime. Online basis
enrichment, switching between local reduced models and error indicators are therefore important research
directions. Multi-fidelity Digital Twins should report not only the error of each model level, but also the
rule by which the system selects or corrects a level during operation.

6.2 Surrogate-Assisted Calibration and Inverse Mapping

A forward surrogate approximates the model response h(theta), enabling rapid optimization or sampling.
An inverse surrogate approximates the mapping from response features to parameters. Kalibre is a forward-
surrogate calibration architecture in which a thermophysics-informed neural model reduces the number of
CFD evaluations while preserving final validation in the CFD simulator [85]. The gearbox and bridge cases
use polynomial or radial-basis surrogates within optimization loops [77, 79]. These examples demonstrate
that surrogate validation should be local to the calibration region and should be followed by confirmation
in the governing model [121].

Inverse mappings can provide extremely fast online estimates because the expensive parameter search is
learned offline. The deterministic Kessels study achieves millisecond inference but is validated only with sim-
ulated experiments [70]. Its probabilistic extension incorporates Bayesian neural-network uncertainty and
is evaluated on real ventilation measurements [71]. The comparison is instructive: a method can be compu-
tationally mature before its physical evidence matures, and real observations may expose model mismatch
that is invisible in synthetic test sets. Inverse updating should therefore include out-of-distribution detection
and a fallback mechanism when the measured feature vector lies outside the simulation-supported domain.
Modern surveys of neural uncertainty further underline the need to distinguish data, model, distributional,
and approximation uncertainty [122].

6.3 Sparse Identification, Online Learning, and Continual Adaptation

Sparse identification seeks compact governing equations from data by selecting active terms from a candi-
date library. Recursive updating can adapt these terms or their coeflicients as the process changes. The
EKF-SINDYc process twin combines sparse nonlinear identification, extended-Kalman recursion and model-
predictive control, producing quantitative improvements on industrial data [86]. Event-triggered online
learning provides a complementary architecture: the Thermal Adaptive Learning Control system monitors
physical residuals, declares a No-Good condition when action limits are exceeded, collects a high-frequency
measurement campaign and autonomously re-identifies the thermal-error model before returning it to com-
pensation service [123]. The first approach continuously tracks a structured dynamic model; the second
avoids unnecessary recalibration until evidence of divergence is detected. Both are more interpretable than
unconstrained continual neural adaptation, but neither eliminates the need for rollback, update validation
and drift monitoring.

Online learning also appears in transformer temperature prediction, battery state estimation and mobile-
robot dynamics [82-84]. These applications update neural or adaptive-observer representations using new
operational or experimental data. Their central risk is stability—plasticity: the model must adapt to genuine
change without forgetting previously valid behaviour or amplifying sensor anomalies. Validation should
therefore be longitudinal. A single before/after accuracy value cannot reveal catastrophic forgetting, delayed
drift or performance under a return to an earlier operating regime. Concept-drift literature provides explicit
taxonomies for detection, characterization, and adaptation in nonstationary data streams [124].

Replay-based battery datasets occupy an intermediate evidence level. The observations are physical
and independent of the model, but the Digital Twin is not necessarily connected live to the specific cell.
Such studies should be labelled as experimental-data Digital Twin demonstrations rather than operational
deployments. This distinction allows the review to recognize valuable physical evidence without overstating
synchronization maturity.

17



Georgantzinos and Lagaros International Journal of Digital Technology Driven Engineering 1 (2026) Article 002

6.4 Physics-Informed Learning and Neural Operators

Physics-informed neural networks and neural operators incorporate governing equations, conservation re-
lationships or simulator structure into learning. They are promising for Digital Twins because they can
reconstruct unmeasured fields, solve inverse problems and generalize across parameters more efficiently
than pointwise surrogates. The additive-manufacturing neural-operator framework couples a multiphysics
melt-pool model, Fourier neural operators, calibration and uncertainty components [63]. The optical-fibre
study uses a differentiable propagation model and physics-informed loss for parameter estimation [66]. The
self-updating thermal PINN introduces physics-stabilization to prevent drift across update cycles [65].

In the strict evidence assessment, all three remain in Corpus B because the reported demonstrations rely
primarily on simulations or analytical reference data. This does not reduce their methodological importance;
it identifies the next validation requirement. Physical sensor assimilation should test whether the physics
constraints are sufficient when the governing model itself is incomplete. In addition, neural-operator uncer-
tainty should be evaluated under parameter and geometry shifts, not only within the training distribution.

6.5 Residual and Model-Discrepancy Learning

Residual learning corrects the difference between model predictions and observations rather than replacing
the engineering model. It can preserve interpretability and reduce the data required for learning. The
aircraft study implements a measurement—calibration—residual-feedback—correction loop using multidimen-
sional flight information [81]. The thermoacoustic study provides a more explicit decomposition: a reservoir
computer estimates model bias and measurement shift, while a bias-regularized EnKF updates states and
physical parameters from raw measurements [89]. These approaches are significant because they treat model
error as an evolving operational quantity rather than a fixed calibration residual.

Residual correction can nevertheless hide physical deterioration or parameter changes if the correction
term is too flexible. A discrepancy model should therefore be decomposed where possible into interpretable
sources: input error, parameter drift, sensor bias or shift, numerical error and remaining structural dis-
crepancy. Bayesian Gaussian-process discrepancy methods provide a probabilistic formulation, but current
bridge evidence is largely simulation-based [74]. The bias-regularized thermoacoustic architecture demon-
strates that physically constrained discrepancy estimation can operate in real time and generalize to an
unseen operating condition [89]. Combining such structured residual models with long-duration field data
is one of the clearest open research directions emerging from the synthesis.

6.6 Cross-Method Synthesis and Selection Principles

The choice between reduced-order, surrogate, data-driven and hybrid updating should be based on the
information and latency structure of the problem. Projection-based reduction is appropriate when a trusted
full-order model exists and the dominant physical subspace is stable. Forward surrogates are useful when
repeated model evaluation is the principal bottleneck. Inverse surrogates are appropriate when the parameter
domain can be comprehensively simulated and millisecond inference is required. Sparse identification is
valuable when interpretable, control-oriented dynamic equations are sought. Physics-informed learning is
promising when governing constraints are reliable but data are sparse. Residual learning is appropriate
when the physics model captures the dominant behaviour but retains systematic bias.

Three safeguards apply across all hybrid methods. First, the training and calibration domain must be
stated in physical terms, and an out-of-domain indicator should accompany predictions. Second, the hybrid
model should be validated on observations not used to select its architecture or weights. Third, the final
engineering quantity should be checked against the original high-fidelity model or physical system whenever
possible. The strongest studies in the screened corpus follow at least two of these principles, while weaker
studies report only surrogate test error or synthetic reconstruction accuracy.

Table 6. Reduced-order, data-driven, and hybrid updating strategies.

Recommended safe-

Strategy Online role Evidence advantages Principal failure mode guard
Projection ROM Fast state propaga- Retains explicit connec-  Basis invalid outside Residual error indicator
tion and filtering. tion to governing equa-  sampled regimes. and basis enrichment.
tions.
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Strategy

Online role

Evidence advantages

Principal failure mode

Recommended safe-
guard

Forward surrogate

Inverse mapping

Sparse identification

PINN /neural opera-

tor

Residual /discrepancy
model

Transfer/continual
learning

Fast optimization,
sampling and calibra-
tion.

Direct parame-
ter/state inference.

Adaptive inter-
pretable dynamics
and control.

Field reconstruction
and parametric solu-
tion maps.

Correct systematic
engineering-model
bias.

Adaptation to ageing
and new regimes.

Can be returned to the
original simulator for
confirmation.

Millisecond online predic-
tion after offline training.

Compact equations and
low online cost.

Embeds differential con-
straints and scales across
states.

Preserves a physics base-
line and targets the re-
maining error.

Reuses prior models with
limited new data.

Local fit used outside
calibration region.

Non-unique inverse and
simulation-to-real mis-
match.

Candidate-library bias
and unstable term switch-
ing.

Physics model remains
incomplete; weak physi-
cal validation.

Correction absorbs dam-
age or wrong parameters.

Catastrophic forgetting
and drift amplification.

Local validation near
inferred parameters.

Probabilistic output,
OOD detection and fall-
back solver.

Persistence tests, coeffi-
cient regularization and
physical constraints.
Experimental assimila-
tion and extrapolation
tests.

Decompose error sources
and constrain residual
structure.

Longitudinal validation
and rollback/freeze mech-

anisms.

Across Corpus A, high evidence scores occur across multiple method families. The common determi-
nants are a complete physical-observation loop, a clearly defined updating target, independent or changed-
condition validation, explicit uncertainty and latency reporting, and reproducible implementation detail.
Algorithmic sophistication, optimized sensing, or one-time physical identification alone does not establish
recurrent Digital Twin synchronization.

7 Evidence-Based Method Comparison and Selection

Method selection for an engineering Digital Twin is a constrained inference-design problem rather than a
ranking of algorithms by nominal accuracy. The same method may be appropriate for one twin and indefensi-
ble for another because the updating target, data cadence, trigger policy, model cost, uncertainty structure
and consequence of error differ. The screened evidence corpus reinforces this point: Strong studies are
distributed across Kalman filtering, particle filtering, Bayesian calibration, finite-element updating, inverse
machine learning and surrogate-assisted calibration [67, 68, 72, 73, 75, 77, 80, 82, 83, 85, 86, 111]. Event-
triggered model re-identification contributes a distinct Moderate-evidence pathway that is valuable when
recalibration should occur only after statistically or operationally meaningful divergence [123]. No method
family dominates when evidence quality, physical validation and computational feasibility are considered
jointly.

The selection process should therefore begin with the context of use: the engineering decision supported
by the twin, the tolerated prediction error, the required update interval and the risk associated with an
incorrect result. This is consistent with credibility frameworks that relate the required verification and
validation evidence to how strongly a decision relies on model output [18, 99, 125]. A method that is
adequate for trend monitoring may be inadequate for closed-loop control, remaining-life certification or
safety-critical intervention.

7.1 Decision Variables Governing Method Choice

Nine decision variables repeatedly distinguish successful applications from nominal demonstrations. First,
the updating target determines whether the problem is filtering, calibration, input reconstruction, model
selection or discrepancy correction. Second, system nonlinearity and posterior geometry determine whether
Gaussian approximations are credible. Third, the dimension of the state and parameter spaces governs
whether particle-based or full Bayesian methods are computationally feasible. Fourth, observation cadence
and latency determine whether inference must be recursive. Fifth, the cost of the forward model determines
whether reduction or surrogate modelling is necessary. Sixth, data quantity and excitation govern identifi-
ability. Seventh, interpretability requirements constrain the admissible use of black-box learning. Eighth,
model-form error determines whether parameter adjustment alone is meaningful. Ninth, the consequence of
decision error determines the required credibility evidence.
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Table 7. Decision variables controlling the selection of an updating method.

Decision variable

Relatively benign con-
dition

Demanding condition

Methodological response

Updating target

Dynamics and nonlin-

earity

Posterior geometry

Dimension

Observation cadence

Forward-model cost

Interpretability

Model discrepancy

Decision risk

Single state or small pa-
rameter vector

Linear or weakly nonlinear
dynamics

Approximately unimodal
and Gaussian

Low-dimensional state and
parameter vectors

Infrequent experiments or
inspections

Milliseconds to seconds per
solve

Prediction only
Small residual after calibra-
tion

Advisory visualization

Joint states, parameters, in-
puts, bias or model structure

Strong nonlinearities, dis-
continuities or switching
behaviour

Multimodal, bounded,
skewed or heavy-tailed

High-dimensional fields or
many uncertain parameters

Streaming sensors and
rapidly drifting conditions

High-fidelity FE/CFD or
multiphysics simulations

Physical diagnosis, certifica-
tion or control authority

Persistent structured residu-
als or extrapolation bias

Safety-, cost- or mission-
critical action

Match the inference architecture to the
target; avoid estimating non-identifiable
quantities jointly without additional infor-
mation.

Use EKF/UKF cautiously; consider EnKF,
particle filtering, moving-horizon estima-
tion or hybrid observers.

Use particle methods, imprecise proba-
bility or robust/nonparametric inference
rather than covariance-only summaries.
Apply reduced-order, latent-space, ensem-
ble or variational representations; verify
that reduction preserves observability.
Use batch calibration for the former and
recursive filtering, identification or contin-
ual learning for the latter.

Use ROMs, surrogates or multi-fidelity
hierarchies, followed by high-fidelity spot
checks.

Prefer identifiable physical parameters,
sparse equations or constrained residuals
over unrestricted black-box adaptation.
Introduce explicit discrepancy /residual
models and prevent them from absorbing
physical deterioration.

Increase independent validation, UQ), trace-
ability, monitoring and conservative appli-

cability limits.

7.2 Comparative Suitability of Principal Method Families

Deterministic and finite-element model updating remain appropriate when the model is interpretable, the
number of update parameters is limited and repeatable experiments provide informative responses. They are
comparatively transparent and compatible with established structural-dynamics workflows, as illustrated by
cable-truss, bridge, tower and gearbox studies [76-79]. Their weakness is not the optimization itself but the
frequent absence of uncertainty, non-uniqueness analysis and validation outside the calibration condition.
Bayesian calibration is preferable when posterior uncertainty is a required output and the cost of repeated
model evaluation is manageable or can be reduced. The bridge demonstrator and continuous-calibration stud-
ies show the advantages of posterior distributions and explicit measurement uncertainty [67, 73]. Bayesian
methods are not automatically credible: an expressive discrepancy model can confound parameters, and a
posterior conditioned on calibration data is not independent validation. Variational or approximate inference
can make high-dimensional calibration tractable, but approximation error should be reported.
Kalman-family methods are particularly effective for sequential state estimation when dynamics are known
and uncertainty can be represented by means, covariances or ensembles. The furnace, single-model machine-
tool observer, ensemble machine-tool twin, industrial-process, thermoacoustic and shield-tunnel studies
demonstrate how filtering can connect physical observations to operational outputs [75, 80, 86, 88, 89, 111].
EnKF and particle methods are preferable as nonlinearity, dimensionality or non-Gaussianity increases. The
latent-space particle filter demonstrates that high-dimensional assimilation becomes feasible when reduction
and inference are designed together [72]. The thermoacoustic study demonstrates the additional value of
explicit bias regularization, while EnKF-SuS addresses non-Gaussian recursive updating in infrastructure
models [88, 89]. Event-triggered re-identification is preferable when the model remains adequate for long
periods and new high-rate measurements should be acquired only after residual deterioration [123].
Data-driven inverse maps and online-learning models are effective when the forward problem can generate
a representative training domain or when long operational histories are available. Their advantage is low
online latency; their principal risk is unobserved extrapolation. The mechanical-ventilation, robot, battery,
transformer and data-centre studies demonstrate distinct versions of this pattern [71, 82-85]. The model

must carry an applicability indicator, and physical measurements should be used to test—not merely train—
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Table 8. Evidence-based comparison of updating-method families.
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Method family

Best suited to

Principal strengths

Principal limitations

Representative evi-
dence

Deterministic/
FEMU

Bayesian calibra-
tion

Kalman/EKF/
UKF

EnKF /particle
filters

ROM/surrogate-
assisted update

Inverse ML/online
learning

Sparse identifica-
tion

Residual/
discrepancy up-
date

Small to moderate pa-
rameter sets; inter-
pretable physics; batch
tests

Sparse experiments; pos-
terior uncertainty; param-
eter/bias inference

Recursive state estima-
tion with moderate non-
linearity

Nonlinear, high-
dimensional or non-
Gaussian sequential in-
ference

Expensive

FE/CFD /multiphysics
forward models
High-rate estima-

tion and large simula-
tion/operational datasets

Interpretable adaptive
dynamics and control

Trusted dominant physics
with persistent structured
error

Transparent objectives;
direct engineering pa-
rameters; established
sensitivity tools
Posterior distributions;
prior information; formal
noise treatment

Low latency; recursive
covariance or ensemble
propagation; mature im-
plementation

Ensemble /non-Gaussian
uncertainty; joint estima-
tion

Large speedups; supports
optimization and sequen-
tial inference

Very low online cost; flex-
ible nonlinear mappings

Compact equations; co-
efficient tracking; control
integration

Corrects systematic bias;
supports hybrid fidelity

Point estimates; local
minima; parameter corre-
lation; weak UQ in many
applications
Computational cost; prior
sensitivity; parameter—
discrepancy confounding

Gaussian/local-linear as-
sumptions; tuning, sam-
pling and model-bias sen-
sitivity

Sampling cost; de-
generacy; localiza-
tion/reduction choices

Reduction error; limited
training domain; surro-
gate uncertainty
Simulation-to-real mis-
match; non-unique in-
verse mappings; out-of-
distribution failure; lim-
ited interpretability; and
continual-learning drift.
Library dependence; term-
selection instability; lim-
ited discrepancy treat-
ment

Can conceal deterioration;
attribution and extrapola-
tion are difficult

Cable truss, laboratory
bridge, JRC tower [76—
78]

Continuous farm cali-
bration, bridge demon-
strator, Ford vehicles
[67, 73, 87]

Furnace, machine
tools, industrial pro-
cess, thermoacous-

tics and shield tunnel
[75, 80, 86, 88, 89, 95]
Latent particle filter,
continuous particle
calibration, thermoa-
coustic r-EnKF and
tunnel EnKF-SuS

[67, T2, 88, 89]

Bridge, furnace and
data-centre twins [75,
77, 85]

Ventilation, robot, bat-
tery and transformer

studies [71, 82-84]

Industrial EKF-
SINDYc application
(86]

Aircraft residual feed-

back, bridge-bias foun-
dations and thermoa-

coustic bias/shift esti-
mation [74, 81, 89]

7.3 A Structured Selection Framework

Figure 3 presents a practical selection pathway. The first branch separates dynamic state/input estimation
from calibration of parameters, structure or model bias. The second branch assesses whether Gaussian and
low-dimensional assumptions are defensible. The third assesses whether the forward model is sufficiently
inexpensive for direct inference. The final branch is not an algorithmic choice but a credibility gate: the
selected method must be verified, validated on physical evidence, accompanied by uncertainty and monitored
after deployment.

For transparent comparison among feasible candidates, a normalized multi-criteria score may be used dur-
ing method design, provided it is not presented as universal empirical evidence. Let Fm denote physical and
statistical fidelity, Um uncertainty adequacy, Lm latency suitability, Im interpretability, Rm reproducibility
and Cm computational and implementation cost for method m. A project-specific selection utility can be
written as

Equation (5) is an illustrative, project-specific decision aid proposed by the authors. It has not been
empirically validated and must not be interpreted as a universal ranking formula; variables and weights
require normalization, stakeholder justification, and sensitivity analysis for each context of use.

S = wpky, + wyU,, +wr Ly, + wily, + wrRy — weChy, (5)

where the weights are defined by the context of use and decision risk. This formulation makes trade-offs
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Level 1 — Context definition
Define the context of use
Updating target - observation cadence - decision latency - model cost - consequence of error

v
Level 2 — Primary updating target Parameter, structure, and model-bias updating

Dynamic states or unknown inputs /@W Parameters, geometry, model structure or model bias

being updated?
s the forward mode
omputationally affordable

Deterministic optimization / FEMU Bayesian calibration
Interpretable parameters Posterior parameter uncertainty
Efficient when uncertainty is secondary Model comparison and predictive intervals

ROM / surrogate / neural operator s model discrepanc
Reduce forward-model cost before inference aterial to the decision?
¥i N

es o

Dynamic state/input estimation

proximately Gaussian dnd
ow-to-moderate dimensiona

KF [ EKF [ UKF
Fast recursive estimation
Suitable for modest nonlinearity

igh-dimensional bl o
ansemble-representablg?

Use ROM or latent
representation when
the ﬂhysmal state is
very high dimensional

Yes

EnKF | ensemble smoothers Particle filters | sequential Monte Carlo Inverse map / recursive learning 7dd an exoiel
" . ; " " plicit Parameter-only
Scalable covariance approximation Multimodal or non-Gaussian posterior Appropriate for high-rate repeated updating discrepancy or calibration may
Compatible with reduced or latent states Higher computational demand Requires applicability-domain monitoring | |comelaled-emor model| | be adequate

Consider a staged hybrid architecture
Offiine Bayesian/FEMU initialization — online state estimation — slower drift-triggered recalibration

Mandatory credibility gates — independent of the selected algorithm

|dentifiability and observability Implementation verification Independent physical validation Uncertainty and applicability Latency and drift monitoring

Figure 3: Evidence-based pathway for selecting model-updating and data-assimilation methods. The up-
dating target, posterior characteristics, state dimension, forward-model cost and required decision cadence
define an initial method family. The pathway does not prescribe an automatic optimum: identifiability, imple-
mentation verification, independent physical validation, uncertainty adequacy, latency and post-deployment
monitoring remain mandatory for every method.

explicit: a millisecond inverse model may score highly for latency but poorly for extrapolatory fidelity; a
full Bayesian calibration may score highly for uncertainty but poorly for update cadence. The score should
therefore support—not replace—engineering judgement and validation [126].

7.4 Multi-Stage and Hybrid Inference Architectures

The strongest operational systems often use more than one updating method. A high-fidelity model may
generate an offline training or reduction basis; a surrogate or reduced model performs online inference; a
filter assimilates streaming observations; a discrepancy estimator treats persistent bias; and periodic high-
fidelity recalibration prevents accumulated surrogate error. The furnace, bridge, machine-tool, data-centre
and thermoacoustic examples each implement part of this architecture [75, 77, 80, 85, 89]. This indicates
that the meaningful comparison is frequently between inference pipelines rather than isolated algorithms.

A defensible pipeline separates four timescales: fast state correction, intermediate parameter adaptation,
slower model-structure revision and episodic high-fidelity revalidation. Updating all quantities at the sensor
rate is neither necessary nor statistically stable. State variables may be corrected each measurement cycle,
boundary conditions hourly, degradation parameters after informative events and model structure only after
persistent residual evidence. This hierarchy reduces confounding and computational cost.

Table 9. Proposed staged workflow for engineering Digital Twin updating.

Stage

Primary objective

Typical methods

Required evidence / gate

1. Define context
of use

2. Establish base-
line model

3. Design obser-
vations

Specify decision, outputs,
error tolerance, latency and
risk

Verify equations, code, units,
interfaces and numerical con-
vergence

Ensure targets are identifi-
able and operating conditions
are informative

Requirements analysis; uncer-
tainty budget

Analytical tests; mesh/time-
step studies; benchmark prob-
lems

Sensitivity, observability,
information-gain and sensor-
placement analyses
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Stage Primary objective Typical methods Required evidence / gate
4. Cali- Infer states, parameters, in- FEMU, Bayesian calibration, = Convergence diagnostics, uncertainty and
brate/update puts or discrepancy filters, inverse ML or hybrid parameter plausibility

pipelines
5. Validate Test predictions on condi- Held-out experiments, changed Predefined metrics and acceptance thresh-

tions not used for fitting loads, damage or operational  olds

periods
6. Deploy and Track latency, residuals, drift Residual tests, change detec-  Versioned updates, rollback rules and audit
monitor and applicability tion, scheduled recalibration trail

8 Cross-Domain Engineering Evidence

The 23-study Corpus A spans structural and geotechnical engineering, engineering dynamics, manufacturing,
aerospace, combustion, energy, built environments, automotive systems, robotics and batteries. Fourteen
studies meet the Strong evidence threshold and nine are Moderate. This distribution is descriptive of the
documented review corpus and should not be interpreted as a prevalence estimate for the entire literature.
It nevertheless supports cross-domain comparison of updating targets, validation maturity and engineering
value.

[
»>

Operational or field asset 9 (39.1%)
Pilot-scale asset

Laboratory/pilot physical system

Controlled laboratory demonstrator - 8 (34.8%)

3 : ; : Evidence concentration
- Q,
Mixed numerical-physical evidence - 2(8.7%) 17 of 23 studies are concentrated in controlled laboratory
demonstrators or operational/field applications.

Laboratory studies may provide stronger inferential

Increasing physical-deployment maturity

Replayed experimental dataset 1(4.3%) evidence when ground truth, model bias and independent
 validation are reported comprehensively.
0 2 4 6 8 10

Number of Corpus A studies

Categories are mutually exclusive and describe the highest physical-validation setting documented for each study.

Figure 4: Physical-validation setting of the 23 studies included in Corpus A. Operational or field assets
form the largest category, followed closely by controlled laboratory demonstrators. The categories describe
the highest physical-validation setting documented for each study and should not be interpreted as a direct
ranking of evidence quality, because controlled laboratory studies may provide superior ground truth, inde-
pendent validation and model-discrepancy characterization.

8.1 Civil, Structural, and Aerospace Systems

Structural applications provide the clearest lineage from conventional model updating to Digital Twins.
Physical responses such as modal frequencies, accelerations, displacements, cable forces and strains constrain
finite-element or low-order mechanical models. The bridge demonstrator provides the strongest probabilistic
case, combining physical damage scenarios, high-dimensional Bayesian variational inference and openly
available evidence [73]. Cable-truss, bridge and tower studies show that deterministic FEMU remains
effective when parameters are carefully selected and multiple test conditions are available [76-78].

The principal structural limitation is the tendency to equate reduced calibration residual with validation.
An updated modal model may reproduce measured frequencies while remaining inaccurate for untested loads,
damage modes or nonlinear response. The bridge work in [77] improves this situation by coupling updating
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with reduced/surrogate models and physical dynamic-load validation. The JRC tower extends evidence to a
field-scale asset, although detailed UQ and computational reporting are limited [78]. The shield-tunnel study
broadens sequential infrastructure evidence beyond bridges by applying recursive EnKF-SuS updating to a
thermo-hydro-mechanical structure—soil model informed by real energy-tunnel observations [88]. Its main
reporting limitation is that the accessible evidence does not fully separate field-data validation from synthetic
degradation scenarios.

The aircraft study differs by emphasizing multi-dimensional flight parameters and residual-feedback model
correction [81]. Its importance lies in the operating-domain challenge: loads and boundary conditions change
continuously, and laboratory calibration cannot span the flight envelope. Aerospace twins therefore require
explicit input uncertainty, residual monitoring and applicability limits [127]. The remaining challenge is
reproducibility because flight data, model details and runtime information are rarely public.

8.2 Manufacturing, Machine Tools, and Industrial Processes

Manufacturing applications demonstrate the strongest connection between updating and immediate opera-
tional action. The gearbox study uses physical-virtual signal matching to update dynamic parameters and
support fault diagnosis [79]. Two successive machine-tool studies reconstruct thermal fields from sparse
sensors: the first uses a Kalman state observer over a reduced finite-element model [111], while the later en-
semble architecture combines multiple reduced physical models to represent uncertain boundary conditions
and compensate geometric error in real time [80]. A separate event-triggered system monitors residual degra-
dation, acquires new physical training data and autonomously re-identifies the compensation model [123].
The industrial-process study combines EKF-based recursive sparse identification with model-predictive con-
trol, linking updating directly to control performance [86]. Together, these studies provide the clearest
progression from state estimation, through uncertainty-aware multi-model inference, to autonomous model
maintenance.

Computational architecture is central in this domain. Full FE, CFD or process models are often too
slow for the operational cycle, so model reduction, ensemble representations and surrogate calibration are
not optional enhancements. The machine-tool Digital Twin operates approximately 47 times faster than the
measurement timescale, whereas Kalibre requires several hours but updates an expensive CFD representation
of production data halls [80, 85]. Both are credible within their contexts because the relevant latency differs:
seconds for compensation versus hours for facility recalibration.

Additive manufacturing provides sophisticated examples of physics-informed surrogates and stochastic
calibration [128-130], but the strict screening exposes a maturity gap. The LPBF digital-shadow study
uses physical evidence and rigorous calibration yet remains a one-way, offline representation [62]. The
neural-operator study demonstrates online-capable calibration computationally but not through a completed
physical sensor loop [63]. These studies belong in the methodological synthesis, while the application
evidence should remain distinct until persistent physical updating is demonstrated.

8.3 Energy, Thermal Systems, and Built Environments

Energy, thermal and combustion applications span markedly different updating timescales. The hydrogen
furnace uses physical temperature and emission measurements to assimilate a reduced combustion repre-
sentation [75]. The azimuthal-thermoacoustic twin assimilates raw sparse microphone data at high rate
and jointly estimates physical states, time-varying parameters, model bias and measurement shift [89]. The
transformer model applies online learning to changing temperature behaviour [84]. The battery study up-
dates state estimators periodically through transfer learning using experimental cycling histories [83]. The
underground-farm model uses particle filtering for continuous environmental calibration [67]. These cases il-
lustrate how the required inference architecture changes from kilohertz instability tracking to minute-, cycle-
and facility-scale adaptation.

Built-environment applications also reveal the distinction between operational evidence and synthetic
commissioning. Kalibre calibrates CFD models using sensors from two production data halls [85], while the
smart-building generative-calibration method uses model-generated observations and therefore remains in
Corpus B [64]. The methodological performance of the latter is strong, including probabilistic calibration
and sub-second inference, but the evidence does not demonstrate physical synchronization. This distinction
should be maintained explicitly in cross-domain comparisons.
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8.4 Robotics, Biomedical Dynamics, and General Engineering Systems

Robotic and engineering-dynamics twins emphasize low latency and incomplete observations. The wheeled-
robot study estimates static and time-varying parameters in real time and maintains useful position pre-
diction during data loss [82]. The imprecise-probability study updates a low-order structure from repeated
laboratory experiments without imposing a precise prior or likelihood [68]. The time-evolving hybrid twin
adjusts the balance between physical and data-driven models as new tank-system data arrive [69]. These
approaches are especially valuable when a fixed model class cannot remain adequate throughout operation.

The ventilation study demonstrates a different hybrid pattern: physics-generated simulations train a
probabilistic inverse model, which is subsequently tested on physical measurements [71]. This separation
between simulation training and real-data testing is stronger than purely synthetic validation, but measure-
ments outside the predicted intervals reveal model-class discrepancy. Such cases support the use of explicit

out-of-domain and discrepancy indicators rather than ever-wider predictive intervals.
Table 10. Cross-domain synthesis of Corpus A evidence.

Domain cluster

Representative updating tar-
gets and methods

Physical evidence and engineering
value

Dominant limitations

Civil/structural/ FEM parameters, damage states, Laboratory bridges/cable structures, Calibration—validation
geotechnical / loads and residual correction; de-  field tower, shield tunnel and flight mea- conflation; weak UQ in
aerospace terministic and Bayesian updating surements; diagnosis, degradation track- deterministic studies; re-
ing, fatigue and structural prediction stricted data access
[73, 76-78, 81, 88]
Manufacturing/ Machine states, thermal fields, Gearbox test rig, multiple machine-tool Proprietary data; incom-
industrial dynamic coefficients, model struc- systems, industrial process records and plete model-form uncer-
ture and CFD parameters; filters, production data halls; diagnosis, com-  tainty; inconsistent la-
triggered online learning, sparse pensation, autonomous maintenance tency reporting; physical
identification and surrogate cali- and control [79, 80, 85, 86, 95, 97] validation sometimes con-
bration flated with updating
Energy/thermal/ Environmental, combustion, Operational farm, furnace experiments, Replay rather than live
combustion/built acoustic, battery and trans- real-time annular-combustor measure-  deployment in some cases;
environment former states/parameters; PF, ments, battery cycling and transformer fast multiphysics bias

Engineering dynam-

Kalman/EnKF, transfer and on-
line learning
Mechanical parameters, model

records [67, 75, 83, 84, 89]

Laboratory structures/tanks, real ven-

estimation remains rare

Small-scale systems; appli-

ics/biomedical weights and latent states; impre-  tilation measurements and wave-tank cability to complex assets
cise probability, hybrid weighting observations [68, 69, 71, 72] requires demonstration
and inverse models

Robotics/ Time-varying dynamic parame- Physical mobile-robot experiments; Limited probabilistic

mechatronics ters and hidden states; adaptive resilient estimation under missing data uncertainty and repro-

observer/inverse dynamics

(82]

ducibility

8.5 Cross-Domain Patterns and Maturity

Cross-domain maturity is governed primarily by physical-loop completeness, independent validation, uncer-
tainty treatment, and operational reporting—mnot by algorithmic novelty. Methodologically advanced studies
based on simulated observations, fixed-model accuracy compensation, or one-time physical identification can
be scientifically strong without satisfying the recurrent physical-observation loop [131-136]. The evidence
supports four non-equivalent levels: virtual proof of method, physical laboratory updating, pilot or replayed
operational evidence, and live field deployment. Each level supports different claims and should be reported
separately.

9 Validation, Credibility, and Evidence Quality

Credibility is the degree to which the evidence supporting a Digital Twin is adequate for its intended use.
It is not a permanent property of a model and cannot be inferred from a low calibration error alone. NIST
identifies verification, validation and uncertainty quantification as central to Digital Twin credibility, while
the National Academies recommends embedding VVUQ throughout design, deployment and monitoring
[18, 99]. ASME V&V 40 provides a transferable risk-based principle: the rigor of credibility evidence should
increase with the consequence of the decision and the influence of the computational model on that decision
[125]. ISO 23247 provides a manufacturing Digital Twin framework but does not by itself guarantee the
25
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credibility of a particular predictive model [137].

Context of use
and decision risk
Quantity of interest -
decision threshold -

consequence of error,

Required
evidence level

Continue - recalibrate -
replace - retire

Prediction error - sensor Deployment Code, solver

drift - operating-domain monitoring and and inference Implementation verification
change - change - maintenance - governance verification Solver - code - filter - likelihaod -
software/model update Residuals - drift - Solver - code - filter - surrogate - data synchronization

model version -
rollback

discmentation

Context-of-use
credibility
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= S Uncertainty
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nseen loads-futurg
observations

Figure 5: Risk- and context-of-use-driven credibility lifecycle for observation-updated engineering Digital
Twins. Verification, calibration, independent physical validation, uncertainty assessment and deployment
monitoring form a recurrent evidence process. Prediction errors, sensor drift, operating-domain changes,
maintenance actions and model or software updates trigger renewed assessment; therefore, validation is not
a terminal event.

9.1 Verification, Calibration, and Validation Are Distinct

Code verification asks whether the implementation correctly solves the chosen mathematical problem. Cal-
culation verification estimates numerical error for the specific simulation. Calibration estimates uncertain
parameters or model components from data. Validation evaluates predictive agreement for quantities and
conditions relevant to the context of use. These tasks are complementary but not interchangeable. An opti-
mization algorithm can converge to a parameter set for an incorrectly implemented model, and a calibrated
model can fit observations while producing biased predictions under changed conditions.

For observation-updated twins, the distinction extends to the inference implementation. Filter equations,
Jacobians, likelihoods, surrogate transformations and data synchronization must be verified. Unit tests
should include known-state or known-parameter synthetic problems, but synthetic tests cannot replace
physical validation. The screened corpus contains many papers with strong numerical verification but no
physical observation loop; they are retained as Corpus B precisely because methodological correctness and
Digital Twin evidence are different claims.

9.2 Calibration—Validation Separation

The minimum defensible design separates information used to estimate the model from information used to
judge its prediction. Separation can be temporal, operational or experimental. Temporal separation uses
later operating periods; operational separation uses changed loads, speeds, temperatures or degradation
states; experimental separation uses a different specimen or test campaign. The bridge demonstrator, latent
particle-filter and industrial-process studies use distinct scenarios or test segments more clearly than studies
that report only residual reduction on calibration data [72, 73, 86]. The thermoacoustic study additionally
forecasts beyond the assimilation window and tests a unified bias estimator at an unseen equivalence ratio
[89]. The shield-tunnel study combines field-informed observations with controlled synthetic degradation
cases, but the partition between calibration and validation should be reported more explicitly [88].
Continuous updating complicates the separation because all new observations may enter the posterior. A

practical approach is rolling validation: reserve selected sensors or time windows, update with the remaining
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observations and evaluate one-step and multi-step predictions on the reserved information. Alternatively,
maintain a shadow validation channel that never influences the current update. After deployment, pre-
quential scoring—predict first and update after the observation arrives—provides an honest measure of
forecasting performance.

9.3 Uncertainty Decomposition and Model-Form Discrepancy

The predictive error of an updated twin can be decomposed conceptually into numerical, input, parameter,
measurement and model-form contributions. For a quantity of interest ¢, a useful bookkeeping relation is

€q = €num Tt €input + €param + opm + € (6)

where the terms denote numerical error, input uncertainty, parameter uncertainty, model-form discrepancy
and measurement noise. The terms are not generally independent, so Equation (6) is an uncertainty-
accounting structure rather than a variance-summation formula. Its purpose is to prevent all residual error
from being attributed to adjustable parameters.

Model discrepancy is the least consistently treated component in the Corpus A. Bayesian bias identifica-
tion is methodologically well developed but still largely validated on virtual bridge observations [74]. The
aircraft study uses residual feedback with physical flight measurements [81], and Kalibre corrects sensor-
observed CFD residuals through a surrogate-calibration loop [85]. The thermoacoustic twin provides the
clearest physical online example: model bias and measurement shift are estimated by a reservoir computer
and incorporated into a bias-regularized EnKF rather than being absorbed into physical parameters [89].
The real-bridge Bayesian identification study by Koune et al. shows that treating spatially and temporally
correlated residuals as independent can produce overconfident predictive intervals, even when parameter
posteriors appear precise [136]. The risk is that an unconstrained discrepancy term can conceal damage,
sensor bias or changing inputs. Discrepancy models should therefore be constrained, monitored, validated
outside the assimilation window and decomposed into interpretable sources where possible.

9.4 Validation Metrics and Acceptance Criteria

Validation metrics should be selected before examining the final results and should correspond to the engineer-
ing decision. State-estimation applications may use normalized RMSE, innovation statistics and coverage
probability. Structural updating may use modal-frequency error, mode-shape correlation, strain or displace-
ment error and damage-detection performance. Calibration studies should report posterior predictive error
and interval coverage, not only parameter estimates. Control and compensation applications should report
closed-loop improvement, stability and latency. Remaining-life models require calibration of probability
statements and decision-relevant false-positive/false-negative consequences.

A dimensionless validation metric facilitates comparisons across operating points. For observations yi,
predictions yhat_ i and a domain-specific normalization scale s, the normalized prediction error is

1/2

By = [}ij (y‘yﬂ ™

=1

The scale may be an observation range, reference magnitude, measurement standard deviation or accep-
tance tolerance, but it must be stated. Probabilistic twins should additionally report interval coverage and
sharpness. A wide interval may achieve nominal coverage while providing little decision value; coverage and
width must be interpreted together.

Table 11. Validation and credibility levels proposed for engineering Digital Twin studies.

Level Evidence description Claims supported Claims not yet supported

VO0: Algorithm Analytical or synthetic known- Implementation behaviour and Physical realism or operational
check truth problem numerical convergence performance

V1: Virtual- High-fidelity simulator provides Method comparison under con- Robustness to sensor bias and real
system bench- observations/ground truth trolled model assumptions model discrepancy

mark

V2: Physical lab- Instrumented specimen, rig or Physical feasibility and local pre- Field robustness, long-term drift
oratory validation process with repeatable conditions dictive accuracy and fleet variability
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Level Evidence description Claims supported Claims not yet supported

V3: Pilot / re- Pilot asset or archived experimen- Performance under realistic data  Live latency, maintenance integra-
played opera- tal/operational dataset quality and varied conditions tion and autonomous decisions
tional evidence

V4: Live field Connected operational asset with ~ Operational effectiveness within a Generalization beyond the vali-
deployment monitored updates and decisions stated domain dated context of use

V5: Decision- Risk-based VVUQ), audit trail, Use in specified high-consequence Use outside the documented appli-
grade credibility = monitoring, independent evidence decisions cability domain

and governance

9.5 Computational Credibility and Real-Time Claims

A real-time claim is meaningful only relative to the observation and decision intervals. Define the latency
ratio as

7fupdate
Plat Atdecision (8)
Values below unity indicate that an update completes before the next decision deadline, but communica-
tion, preprocessing, storage and actuator latency must be included. Reporting only neural-network inference
time is insufficient when feature extraction, high-fidelity model calls or recalibration dominate. The reduced-
model Kalman observer and its subsequent ensemble extension provide exemplary physical evidence because
computation is evaluated against the machine-tool measurement and compensation cycle [80, 111]. The ther-
moacoustic Digital Twin assimilates raw observations at approximately 1707 Hz, directly linking inference
cadence to the physical oscillation timescale [89]. The event-triggered compensation system additionally
shows that latency must include the diagnostic trigger, new data acquisition and re-identification—mnot
merely the final prediction call [123]. The continuous farm calibration is adequate for its environmental
cadence despite minute-scale updates [67], while Kalibre is operationally useful with an hours-scale cali-
bration because facility configurations change much more slowly [85]. The shield-tunnel study is designed
for efficient parallel recursive updating but illustrates a common reporting gap: an operationally framed
method without a complete end-to-end latency value [88].

Computational credibility also includes numerical stability, failure handling and resource dependence.
Studies should report hardware, software, precision, ensemble/sample size, convergence criteria and the
cost of both offline preparation and online inference. For stochastic methods, effective sample size, filter
degeneracy or posterior convergence should be reported. For surrogates, the cost of generating the training
basis should not be omitted.

9.6 Evidence-Quality Synthesis

The evidence appraisal uses eight criteria scored from 0 to 2: physical evidence, clarity of the updating target,
algorithm transparency, uncertainty treatment, validation, baseline comparison, computational reporting
and reproducibility. Fourteen of the 23 Corpus A studies are Strong and nine Moderate. Physical evidence
and target clarity are generally high because they are inclusion requirements. The largest deficits are explicit
uncertainty treatment, independent validation, open evidence packages and complete latency reporting. The
thermoacoustic study reaches 16/16 through unusually complete evidence [89], while the shield-tunnel study
remains Moderate because detailed runtime, reproducibility and field-versus-synthetic validation informa-
tion are limited [88]. The evidence also shows why the total score must be interpreted alongside corpus
assignment: a physically validated sensor-placement or one-time Bayesian identification study can score
strongly while remaining outside Corpus A because it lacks recurrent synchronization [100, 135, 136].

Strong evidence is not restricted to open-source studies, since industrial data may legitimately remain
proprietary. Nevertheless, reproducibility can be improved through model equations, parameter ranges,
preprocessing steps, synthetic surrogates of confidential data, pseudocode and precise hardware/software re-
porting. Proprietary evidence should not become unverifiable evidence. Independent replication is especially
important when an updated twin directly controls or certifies a physical asset.
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9.7 Proposed Reporting Checklist

Table 12 converts the synthesis into a 24-item reporting checklist. The checklist is intended for authors,
reviewers and Digital Twin developers. It does not prescribe a single model architecture; it ensures that the

physical loop, inference assumptions and credibility evidence are visible.
Table 12. Engineering Digital Twin Updating Reporting Checklist (EDTURC-24), proposed from the

review synthesis.

Group ID

Reporting item

Minimum information

System and use R1
System and use R2
System and use R3
System and use R4

Physical counterpart
Context of use
Quantity of interest
Temporal regime

Identify the asset/process, scale and lifecycle phase.

State the decision supported and consequence of error.

Define prediction/diagnostic outputs and acceptance tolerances.
State one-time, periodic, event-triggered, sequential or continuous
updating.

Data R5 Observation provenance Distinguish physical, replayed, synthetic and high-fidelity-simulation
observations.
Data R6 Sensors and synchroniza-  Report sensor type, location, rate, time alignment and missing-data
tion handling.
Data R7 Measurement uncertainty  Quantify calibration, noise, bias, drift and resolution.
Data RS Data partition Identify calibration, validation and test periods/specimens/
conditions.
Model R9 Model representation Describe physics, reduced, surrogate, data-driven or hybrid compo-
nents.
Model R10 Fidelity and cost Report dimensions, mesh/order, solver and representative runtime.
Model R11 Updating target List states, parameters, inputs, geometry, discrepancy or structure
updated.
Model R12 Identifiability Report sensitivity, observability, excitation or parameter-correlation
analysis.
Inference R13 Algorithm and implementa- Provide equations, settings, initialization and convergence/stopping
tion rules.
Inference R14 Prior/regularization Justify priors, bounds, penalties and hyperparameters.
choices
Inference R15 Uncertainty propagation Describe process, parameter, input and predictive uncertainty.
Inference R16 Model discrepancy State whether discrepancy is ignored, modelled or learned and how
confounding is controlled.
Validation R17 Verification Report code/solver tests, numerical convergence and known-truth
checks.
Validation R18 Independent physical vali- Use observations or conditions not used in fitting.
dation
Validation R19 Metrics and thresholds Predefine engineering and probabilistic performance measures.
Validation R20 Baseline comparison Compare unupdated model and credible alternative methods.
Deployment R21 Latency and hardware Report total pipeline latency relative to the decision interval.
Deployment R22 Applicability domain Define operating range and out-of-domain/drift detection.
Deployment R23 Update governance Record model versions, approval, rollback and recalibration triggers.
Reproducibility R24 Evidence availability Provide code/data where possible or sufficient substitutes for replica-

tion.

The evidence indicates that credible model updating is a systems-engineering workflow rather than an

isolated inverse algorithm. The method must be compatible with the target, uncertainty and latency; the
observation design must make the target identifiable; the updated prediction must be validated indepen-
dently; and the system must continue to monitor applicability after deployment. These requirements form
the basis for the method-selection framework, cross-domain comparison and reporting checklist proposed in
Sections 7-9.

10 Open Challenges and Research Roadmap

The remaining scientific challenge is sustained, credible co-evolution as assets, sensors, operating domains,
and decision contexts change. The roadmap therefore prioritizes continuous validation, bias-aware inference,
active sensing, model portfolios, interoperability, reproducibility, and governance rather than isolated gains
in synchronization frequency.

The roadmap proposed here is therefore organized around a transition from episodic calibration to
governed model co-evolution. Near-term work should make evidence comparable and validation continu-

29



Georgantzinos and Lagaros International Journal of Digital Technology Driven Engineering 1 (2026) Article 002

ous. Medium-term work should integrate nonstationarity, active sensing and interoperable model portfolios.
Longer-term work should enable decision-grade autonomy while preserving explicit applicability limits, hu-
man oversight and rollback mechanisms.

10.1 From Episodic Updating to Managed Co-Evolution

Most reported updating studies assume that the model class remains adequate and that new observations
modify only a fixed set of states or parameters. Physical assets violate this assumption through ageing,
repairs, component replacement, software changes, environmental shifts and changing operating policies. A
future Digital Twin must distinguish at least three events: ordinary state variation, gradual parameter drift
and a structural regime change that invalidates the current model class. Treating all three as parameter
noise can produce apparently stable but physically misleading estimates.

Continuous validation provides the missing supervisory layer. Validation metrics should be evaluated
at runtime, not only during commissioning, and should trigger diagnosis before automatic recalibration.
Mertens and Denil demonstrate how runtime validation can detect divergence and initiate parameter cor-
rection in a cyber-physical system [138]. The event-triggered machine-tool study supplies complementary
physical evidence: control-limit violations initiate new data collection and model re-identification rather
than unconditional continual learning [123]. The thermoacoustic twin shows that structured model bias
and measurement shift can be inferred continuously without forcing residuals into physical parameters [89],
while the shield-tunnel study illustrates sequential updating under long-term degradation [88]. The next
research step is a hierarchical response: update states when innovations are statistically consistent; update
parameters when persistent but explainable drift is detected; activate discrepancy correction or model re-
placement when the residual structure changes; and suspend decision authority when none of the available
models is credible [139].

A practical co-evolution trigger may combine a validation statistic, an out-of-distribution score and a
decision-risk multiplier:

Equation (9) is a conceptual trigger structure rather than a validated operational rule. Its terms, nor-
malization, weights, and action thresholds must be calibrated prospectively and evaluated for false alarms,
missed changes, and decision consequences.

G = wu Vi + wygDy + wy Ry, (9)

where Vk measures predictive inconsistency, Dk measures departure from the calibrated operating domain
and Rk represents the consequence of using the twin for the current decision. An update, escalation or
shutdown threshold should be defined from the context of use rather than selected retrospectively.

10.2 Nonstationarity, Abrupt Changes, and Model-Discrepancy Confounding

Sequential filtering handles changing states efficiently, but it does not automatically separate physical param-
eter evolution from systematic model bias. Offline Bayesian calibration, conversely, can represent discrepancy
but commonly assumes stationarity. Real-bridge evidence shows that unmodelled spatial and temporal resid-
ual correlation can itself be mistaken for parameter certainty [136]. Online Bayesian Recursive Projected
Calibration has recently been proposed to track gradual evolution while maintaining separation between
calibration parameters and discrepancy, with restart mechanisms for abrupt regime shifts [140]. Although
current demonstrations remain largely synthetic or simulation based, this direction addresses one of the
most important gaps identified by the present review.

Future studies should report whether a detected change is interpreted as state evolution, parameter drift,
sensor bias, input error or model inadequacy. This distinction is necessary for engineering action: a sensor
recalibration, a maintenance intervention and a model-class replacement are not interchangeable responses.
Research is needed on identifiable joint estimation under sparse excitation, especially when parameters
and discrepancy generate similar output effects. Orthogonal discrepancy models, physics-informed priors,
designed excitation and multi-sensor data can reduce confounding, but their effectiveness must be tested on
physical assets with known interventions.
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10.3 Active Observation, Sensor Steering, and Information-Seeking Twins

The studies in the main corpus treat observations primarily as exogenous inputs. This passive paradigm
is inefficient when sensing is costly, intermittent or weakly informative. An active twin should select mea-
surements, excitation or operating actions that reduce uncertainty while respecting safety and production
constraints. The recently published active-inference framework formulates a twin as a partially observ-
able Markov decision process that balances goal-directed utility with epistemic information gain [141]. Its
railway-bridge demonstration remains virtual, but the conceptual shift is important: actions can be chosen
partly because they improve the model. The physical machine-tool sensor-placement study demonstrates
the enabling layer for this transition by selecting a sparse sensor set through model-ensemble observability
rather than signal amplitude alone [100]. Future work must close the loop by adapting sensing decisions
during operation and demonstrating improved downstream updating or control. Bayesian optimal experi-
mental design supplies a rigorous information-theoretic basis for choosing such sensors and excitations in
PDE-constrained inverse problems [142].

A general active-observation objective can be written as

Equation (10) is likewise illustrative. It formalizes the trade-off between engineering utility, information
gain, and sensing cost, but requires domain-specific utility definitions, safety constraints, and physical
validation before deployment.

0" = argmax (EUeng] + BI(z:9 | 0) ~ AC(@)} (10)

where Ueng is engineering utility, I(z;y|a) is the expected information gained about hidden quantities z
from an observation or action a, and C(a) represents sensing, energy, disruption and safety costs. Research
priorities include observability-aware sensor scheduling, excitation design for nonlinear systems, adaptive
sampling rates, and coordination between estimation and control. Physical validation should demonstrate
that the information-seeking action improves subsequent prediction or decision quality, not merely that it
increases a formal information metric.

10.4 Multi-Fidelity, Hybrid, and Model-Portfolio Updating

No single model representation is optimal across all lifecycle decisions. High-fidelity models provide physical
detail but are rarely fast enough for continual inference; reduced and learned models are efficient but may
fail outside their training domain. Future twins should manage portfolios of models with explicit fidelity,
validity and cost metadata. A supervisory layer should select, combine or replace models according to
the current decision, observation quality and available computation. The machine-tool ensemble and the
time-evolving hybrid model provide early examples of this principle [69, 80].

Important open problems include uncertainty transfer between fidelities, conservation and stability after
learned correction, online detection of surrogate extrapolation, and propagation of calibration evidence
when a model is replaced. Neural operators and physics-informed learning should be evaluated not only on
interpolation accuracy but also on update stability, posterior calibration and failure recovery. High-fidelity
models should remain available as periodic anchors for reduced twins, while discrepancies identified during
operation should inform both surrogate retraining and revision of the governing model assumptions.

10.5 Continuous Credibility, Out-of-Domain Detection, and Governance

A validated twin can become invalid without an obvious software failure. Sensor ageing, maintenance,
changes in material properties and new operating regimes can silently move the system outside the validated
domain. Continuous credibility therefore requires monitored applicability, versioned evidence and an explicit
response when confidence deteriorates. The update algorithm itself must be treated as a safety-relevant
component: poorly chosen automatic updates can make a previously adequate model worse.

A governance framework should record observation provenance, model and parameter versions, validation
status, update triggers, approvals, rejected updates and rollback points. High-consequence decisions should
use staged authority: advisory predictions first, supervised actions second and autonomous intervention only
after evidence has accumulated under representative conditions. NIST is advancing manufacturing Digital
Twin test methods, standards and a planned VVUQ extension of ISO 23247, reflecting the need to combine
implementation architecture with measurement science and assurance [137, 143].
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10.6 Interoperability, Federated Twins, and Semantic Traceability

Most current implementations are vertically integrated demonstrators. Scaling to fleets, supply chains and
systems of systems requires exchange not only of sensor values but also of units, uncertainty, model as-
sumptions, calibration history and validity ranges. ISO 23247 provides a general manufacturing framework,
while current standards work emphasizes reusable architectures and data/model exchange [137, 143]. How-
ever, syntactic interoperability does not guarantee inferential interoperability: two twins may exchange a
parameter while assigning it different physical meanings, priors or timestamps.

Research should develop machine-readable contracts for quantities of interest, model inputs, uncertainty
semantics, causal dependencies and evidence lineage. Federated updating must also address conflicting
observations, different model fidelities, privacy constraints and local ownership. A federated twin should
not merge posteriors or model corrections unless their conditioning data, assumptions and correlations are
understood. Standardized provenance and calibration manifests could make model updates auditable across
organizations without requiring disclosure of proprietary raw data.

10.7 Data Sufficiency, Benchmarking, and Reproducibility

The literature frequently specifies the algorithm in more detail than the data required to make it work.
Data sufficiency depends on the context of use, target dimension, excitation, sensor placement and tolerated
uncertainty. Recent NIST work explicitly frames Digital Twins as descriptive, diagnostic, predictive, pre-
scriptive or autonomous systems with different data requirements [144]. The machine-tool sensor-placement
study provides direct physical evidence that substantially fewer sensors can be sufficient when selection is
tied to model observability and validated under changing boundary conditions [100]. Similar distinctions
and ablation studies are needed across engineering domains.

The field requires benchmark packages that combine a physical asset or traceable experiment, synchro-
nized raw observations, sensor-calibration information, model versions, predefined calibration and validation
partitions, decision-relevant quantities of interest, and latency constraints. Synthetic benchmarks remain
valuable for known-truth verification, but they should be paired with physical tests that expose model-form
error. Reporting should distinguish open data from reproducible evidence: proprietary studies can still
provide equations, pseudocode, parameter bounds, preprocessing steps, hardware and blinded validation
metrics.

10.8 Real-Time Scalability and Sustainable Computation

Real-time feasibility is increasingly achieved through reduction, surrogates and accelerated inference, but
offline costs are often omitted. The environmental and operational cost of a twin includes sensor acquisi-
tion, communication, high-fidelity training simulations, repeated retraining and uncertainty propagation. A
method that reduces online inference to milliseconds may still be unsuitable if it requires frequent large-scale
retraining or cannot run near the asset.

Future work should report lifecycle computational cost, energy use and hardware dependence alongside
latency. Edge—cloud partitioning should be designed from the decision cadence: fast state estimation and
safety logic near the asset; heavier recalibration, model selection and uncertainty audits at slower supervisory
layers. Event-triggered updating can reduce unnecessary computation, but triggers must be validated to
avoid missing gradual degradation. Sustainable twins will require reusable reduced models, incremental
learning, uncertainty-aware caching and model retirement policies.

Table 13. Priority research challenges and evidence required for progress.

Challenge Current limitation Research objective Minimum convincing evidence

Nonstationary co- Fixed model class and Separate state variation, parame- Physical asset with documented in-

evolution stationary-noise assumptions ter drift, sensor bias and regime terventions and prospective change

change detection

Bias-aware online Filtering and discrepancy Jointly track parameters and Known-bias benchmark followed by

calibration modelling are commonly structured discrepancy without independent physical validation
separated confounding

Active sensing Observations are treated as  Select sensors/actions by engineer- Physical demonstration showing im-
externally fixed ing utility and information gain proved downstream prediction or

decision
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Challenge Current limitation Research objective Minimum convincing evidence
Model portfolios One model is used across Select and combine models using  Safe switching/combination with
incompatible decisions fidelity, cost and validity metadata uncertainty continuity and rollback
Continuous credibil- Validation is mainly pre- Monitor applicability and trigger = Runtime validation with controlled
ity deployment update, escalation or suspension  drift and false-alarm analysis
Interoperability Data exchange lacks uncer-  Machine-readable provenance, Cross-platform twin exchange with
tainty and evidence seman-  units, priors, validity and calibra- preserved predictive meaning
tics tion manifests
Data sufficiency Sensor quantity is chosen Link sensing requirements to iden- Sensor-ablation and observability
heuristically tifiability and context of use study on a physical system
Scalable UQ High-dimensional uncertainty Real-time non-Gaussian inference Latency, coverage, sharpness and
remains expensive with calibrated coverage failure-mode comparison
Reproducibility Proprietary or incomplete Share executable methods or ade- Independent reproduction or blinded
evidence limits replication quate substitutes benchmark evaluation
Autonomous deci- Updating and control are Assure the coupled inference— Risk-based closed-loop testing with
sions validated separately decision loop safe fallback and human override

10.9 Staged Research Roadmap

Figure 6 and Table 14 organize these priorities into three horizons. The horizons are capability-based rather
than predictions of calendar adoption. Progress to the next horizon should depend on evidence maturity:
reliable autonomy cannot be obtained by adding a decision agent to a twin that lacks continuous validation,

identifiable updating and traceable data.
Long term
(beyond 7 years)

Cross-lifecycle learning and redesign
Evidence fransferred across design,
manufacturing, operation, maintenance
and next-generation assets

Near term
(0-3 years)

physileal valtisii

ropreduchle g

figkbsundad gl

Gale 1:
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Benchmark datasets and provenance

Raw observations, sensor metadata,
synchronization records, operating
conditions and versioned ground truth

Data and
observability

Reusable open benchmark packages Closed-loop asset and system redesign
Continuous validation and drift triggers
Residual monitoring, applicability checks
and validated event-trigger thresholds

Reliable detection of state, parameter,
sensor and model drift

Decision-grade adaptive autonomy
Risk-bounded prediction, control and
maintenance decisions with human oversight

Autonomous decisions supported by
confinuously updated credibility evidence

2
=
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=

Complete latency and UQ reporting
End-to-end sensing, transfer, inference and
decision latency; predictive uncertainty and

computational cost
Comparable and auditable evidence
across studies

Self-governing model portfolios

Automated model selection, validation,
rollback, replacement and retirement

Credibility
and
governance

Governed model ecosystems rather than
a single permanently deployed model

< Increasing autonomy, -{lIrance and organizational integration

Figure 6: Capability-based research roadmap for observation-updated engineering Digital Twins. Near-term
priorities establish reproducible data, continuous validation and complete uncertainty and latency reporting.
Medium-term capabilities enable active sensing, bias-aware online model co-evolution and interoperable fed-
erated architectures. Long-term progress targets cross-lifecycle learning, decision-grade adaptive autonomy
and governed model portfolios. Advancement between horizons depends on demonstrated evidence maturity
rather than elapsed calendar time.

Table 14. Capability-based roadmap and measurable milestones.

Horizon Primary objective Representative milestones Exit evidence
Near term (0-3 Make updating studies com- Common terminology; physical/synthetic Multi-domain benchmark stud-
years) parable and continuously provenance labels; EDTURC-24 adop- ies with independent physical
assessable tion; runtime validation; complete la- validation and prospective met-
tency and UQ reporting rics
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Horizon Primary objective Representative milestones Exit evidence

Medium term (3-7 Enable bias-aware, active and Regime-shift handling; active sensor Cross-platform pilot deploy-

years) interoperable co-evolution scheduling; model portfolios; semantic ments with safe model switch-
calibration manifests; federated uncer- ing and quantified decision
tainty exchange benefit

Long term (>7 Achieve decision-grade adap- Self-governing update policies; coordi- Long-duration field operation

years) tive autonomy nated sensing/control; fleet and lifecycle under changing conditions with
learning; automated evidence accumula- audited safety, resilience and
tion and rollback human oversight

10.10 Limitations of the Current Evidence Base and Review

Current evidence is concentrated in selected structural, manufacturing, energy, combustion, and controlled-
system applications, and several advanced methods rely on simulation or replayed datasets. Search-interface
instability, heterogeneous outputs, and incomplete reporting preclude prevalence estimates and quantitative
meta-analysis. The conclusions are therefore corpus-descriptive. Detailed search, screening, appraisal, and
publication-status records are available from the corresponding author upon reasonable request.

11 Conclusions

This review examined how physical observations are converted into updated engineering models that can
function as Digital Twins. The synthesis shows that model updating is not a single algorithmic task. It
is a coupled process comprising observation design, state and parameter inference, model-form assessment,
uncertainty propagation, computational acceleration, independent validation and lifecycle governance. A
model becomes a credible observation-updated twin only when this process is repeatable and linked to a
defined engineering decision.

Four conclusions follow. First, updating targets and temporal regimes must be stated explicitly because
states, parameters, inputs, discrepancy, and model structure require different inference assumptions. Sec-
ond, no method family is universally superior: selection depends on identifiability, uncertainty, model cost,
cadence, interpretability, and decision risk. Third, physical-loop completeness and independent predictive
validation matter more than algorithm novelty. Fourth, computational performance must be assessed against
the complete sensing-to-decision interval and monitored after deployment.

The review contributes a six-axis taxonomy, an evidence-based selection framework, a validation-maturity
hierarchy, and EDTURC-24. These elements support a disciplined workflow: Observe — diagnose — infer —
update — quantify uncertainty — validate — decide — monitor. Their scope is the documented 42-record
corpus and the 23-study physical-evidence subset, not a prevalence estimate for the entire field.

Future progress requires actively observed, continuously validated, and governed model ecosystems that
can distinguish ordinary state correction from parameter drift, structural model failure, and loss of decision
authority. Active inference, bias-aware calibration, model portfolios, federated evidence exchange, and
continuous credibility monitoring should therefore be judged by independent physical evidence, calibrated
uncertainty, transparent computational cost, and safe performance under change.

The central engineering criterion is therefore not whether a Digital Twin can be updated, but whether
every update produces a model that is more decision-relevant, more credible and no less physically defensible
than the model it replaces. Progress should be measured by independent predictive evidence, calibrated
uncertainty, transparent computational cost and safe performance under change—mot by synchronization
frequency or model complexity alone.
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