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Abstract

Purification systems in water treatment, gas upgrading, bioprocessing, pharmaceuticals,
and resource recovery operate under disturbances that expose the limits of static design and
end-point analytics. The central question is no longer whether a model can reproduce histor-
ical data, but whether the process can infer its internal state early enough to protect purity,
recovery, productivity, and robustness. This critical review examines how purification
is moving from monitoring toward self-optimizing operation through process analytical
technology, operando sensing, chemometrics, soft sensors, digital shadows, digital twins,
hybrid models, and control-oriented optimization. Distinct from recent platform-specific or
method-specific reviews, it compares membranes, adsorption and cyclic gas separations,
chromatography, and integrated purification trains through the operational chain that links
measurement, state estimation, model updating, decision support, and closed-loop action.
The review also provides a cross-platform maturity framework and minimum reporting
expectations for operational claims. The strongest published operational evidence remains
concentrated in continuous downstream bioprocessing, while membrane and adsorption
systems contribute major advances in fouling inference, adaptive surrogates, and state
estimation. The review concludes by defining the evidentiary conditions required for
trustworthy self-optimizing purification.

Keywords: purification; digital twin; digital shadow; chemometrics; process analytical
technology; soft sensing; state estimation; model predictive control; membrane processes;
adsorption

1. Introduction
Purification determines product quality, regulatory compliance, and process economics

across water treatment, gas upgrading, bioprocessing, pharmaceuticals, and resource re-
covery. In each of these settings, the variables that matter most during operation are
often hidden inside filters, membranes, adsorbent beds, chromatographic columns, and
integrated trains. Fouling begins before flux loss becomes obvious. Usable binding capacity
declines before outlet breakthrough is detected. Hydrodynamic maldistribution and resin
aging alter column behavior before the final product signals a problem. Purification is
therefore an engineering problem of hidden states, indirect evidence, and time-critical ac-
tion.

Digitalization has given this long-standing problem a new vocabulary. Process ana-
lytical technology (PAT), data-driven monitoring, and soft sensing shape one part of the
discussion [1–3]. Digital shadows and digital twins shape another [4,5]. Physics-informed
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modeling adds a further layer [6]. Yet the terminology is often used loosely. A regressor
trained on historical campaigns is not a twin simply because it runs online. A dashboard
is not a self-optimizing system because it displays more signals. Conceptual precision
matters because the operational value of a digital layer depends on what it can infer, how it
stays calibrated, how uncertainty is treated, and whether its output can support a qualified
operating decision.

Recent reviews clarify important parts of this landscape, but they remain separated by
platform or tool class. Reviews in bioprocessing [7], membrane science [8], and the water
sector [9] define major segments of the digitalization problem. Downstream-purification
reviews then add focused analyses of process analytical technology, chemometrics, and
quality monitoring within biomanufacturing [10–13]. Additional membrane-focused re-
views synthesize machine learning, hybrid models, digital shadows, and digital twins
across major membrane technologies [14,15]. The unresolved gap is operational com-
parability across purification platforms. This review addresses that gap by evaluating
membranes, adsorption and cyclic gas separations, chromatography, and hybrid trains
through a common operational lens that distinguishes monitoring, digital shadows, digital
twins, and self-optimizing systems according to observability, state estimation, model
updating, uncertainty handling, and decision authority. That framework allows claims of
digital maturity to be judged against the same criteria across domains.

The operationally mature literature is concentrated where measurements, mechanis-
tic understanding, and explicit decision objectives have been developed together. The
evidence base now spans PAT and automation in downstream processing (DSP) [10–13],
membrane prediction and live monitoring [14–18], adaptive and physics-constrained ad-
sorption modeling [19,20], and continuous chromatography, autonomous extraction, and
newer hybrid-train studies [21–26]. The purpose of this review is therefore not to catalogue
digital methods in purification, but to test whether the chain from measurement to decision
has become reliable enough to support state-aware, self-optimizing operation.

The specific task of this review is to evaluate whether published digital layers in
purification have progressed beyond observability toward intervention. For that reason,
each platform class is assessed using the same operational criteria: what is measured,
what hidden state is inferred, how the model is updated, how uncertainty is handled,
what decision authority is granted, and what evidence supports operation under drift or
scale transfer.

Table 1 makes that distinction explicit by positioning the present review against
adjacent recent surveys that are already central to this manuscript.

Table 1. Position of the present review relative to adjacent recent reviews.

What the Present Review Adds Platforms Covered Operational Level Scope

Recasts digital-twin maturity as a
purification-specific operational
ladder that separates monitoring,
digital shadows, twins, and
self-optimizing systems.

General process
engineering rather than
purification-specific
platforms.

Cross-sector architectures,
numerical methods,
synchronization logic.

Process-engineering
digital twin
overview [5]

Connects sensing and chemometrics
to hidden-state inference, model
updating, uncertainty handling, and
control across purification domains.

Biopharmaceutical
downstream
processing.

Measurement strategy, soft
sensing, chemometrics,
and quality monitoring.

Downstream PAT
and chemometrics
reviews [10,11,13]
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Table 1. Cont.

What the Present Review Adds Platforms Covered Operational Level Scope

Uses continuous DSP as a maturity
benchmark, then compares that
maturity with membranes,
adsorption, gas purification, and
hybrid trains.

Continuous
downstream
bioprocessing.

Quantitative monitoring
and control-ready
analytics.

Quantitative PAT for
continuous DSP [12]

Places membrane digitalization
inside a broader purification decision
architecture rather than as a
stand-alone methodological silo.

Membrane science,
desalination, and
membrane-based water
treatment.

Data-driven prediction,
design support, fouling,
and performance
modeling.

Membrane
machine-learning
reviews [14,15]

Extends the same questions of
synchronization, updating,
uncertainty, and control from
membranes to the wider purification
landscape.

Membrane systems.
Hybrid models, digital
shadows, and digital-twin
definitions.

Membrane
hybrid-model and
digital-twin
review [8]

Seen against these adjacent reviews, the present article is not another platform-specific
survey or a review of one algorithmic family. Its differentiator is a purification-specific
operational chain from observability to intervention that spans membranes, adsorption
and cyclic gas separations, gas purification, chromatography, and hybrid trains, asking
what can be measured, inferred, updated, and acted upon across domains.

2. Literature Base, Search Strategy, and Review Logic
The literature base in this critical review was developed through a transparent scoping

workflow using Scopus, Web of Science, PubMed, and Google Scholar, followed by manual
checking of publisher records, DOI landing pages where available, and reference lists
from recent reviews and primary studies. The core operational-literature search was last
updated in March 2026. Regulatory and standards sources added during revision were
checked on 25 May 2026. The main Boolean search family combined purification terms
(purification OR separation OR membrane OR adsorption OR “pressure swing adsorp-
tion” OR “vacuum pressure swing adsorption” OR chromatography OR “downstream
processing” OR “gas purification” OR “water treatment”) with digitalization and control
terms (“digital twin” OR “digital shadow” OR “soft sensor” OR chemometrics OR “process
analytical technology” OR “hybrid model” OR “physics-informed” OR “model predictive
control” OR “reinforcement learning” OR autonomous operation). Priority was given to
peer-reviewed journal articles from January 2022 to March 2026, while earlier sources were
retained when they established methodological, regulatory, or conceptual foundations that
remain necessary for the argument [1–6].

Screening followed a four-stage scoping workflow: (a) identification through database
searching and citation chaining, (b) eligibility screening by title, abstract, and full text
for operational relevance, (c) classification against the observability-to-intervention crite-
ria, and (d) manual verification of retained sources. Inclusion emphasized studies that
connected purification operation to at least one operational element: live or near-live
measurement, hidden-state inference, model updating, uncertainty treatment, decision
support, supervisory control, autonomous operation, or an explicit deployment limitation.
Exclusion applied to conference abstracts without full peer-reviewed records, preprints,
patents, generic artificial-intelligence studies without a validated purification context, and
studies limited to material discovery, offline property prediction, or retrospective screening
without operational linkage. Non-peer-reviewed web material was excluded from the
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core operational evidence base; official regulatory and standards documents were retained
only where they define governance, compliance, or integration requirements. The final
cited working set in the revised manuscript comprises 59 sources. The exact database-hit
counts are not presented as PRISMA-style screening counts because the review was not
designed or claimed as an exhaustive systematic review and no auditable database export
was preserved. This avoids unverifiable numerical reconstruction while still making the
search pathway, screening logic, and selection criteria auditable.

The representative operational-evidence synthesis was constructed as a judgment-
based synthesis rather than as an exhaustive extraction table. Studies were selected to cover
the main platform classes discussed in the review and to illustrate different levels of opera-
tional maturity. Priority was given to works that explicitly reported or enabled assessment
of test scale, time basis or campaign duration, live or near-live measurement, hidden-state
inference, model updating, uncertainty treatment, advisory/supervisory/autonomous
decision use, fallback behavior, or unresolved deployment limitation. Where the source
literature does not consistently report scale, duration, uncertainty, or control authority, the
table states this explicitly rather than inferring missing values.

The functional ladder used for this classification is shown in Table 2. The cross-
platform maturity map presented later was constructed by applying this ladder to the
representative operational-evidence synthesis described below. The maturity assignments
are qualitative evidence-weighted judgments, not meta-analytic scores. They reflect the
density and consistency of published evidence for live or near-live measurement, hidden-
state estimation, model updating, uncertainty treatment, scale or duration of validation,
and decision authority.

Table 2. Functional ladder from monitoring to self-optimizing purification systems.

Level Practical Description Data Relationship Decision Use Main Limitation

Offline model
Built from design data or
historical campaigns, with
no live synchronization.

Static or manual
batch updates.

Design studies and
sensitivity analysis.

Rapidly loses value
as conditions drift.

Online
monitoring

Live sensors and
dashboards without
explicit hidden-state
inference.

One-way
physical-to-digital

flow.

Trending, alarms,
and situational

awareness.

Limited causal or
predictive value.

Soft sensor or
inferred state

monitor

Live measurements
interpreted through
chemometrics or
inferential modeling.

Live inputs with
estimated states or
quality attributes.

Early warning and
operator support.

Often not
connected to model
adaptation or
qualified control.

Digital shadow

Live synchronized model
that tracks process state
and predicts near-term
behavior.

Continuous
physical-to-digital

updating.

Scenario testing,
advisory

optimization, and
decision support.

Usually lacks
validated
bidirectional
intervention.

Digital twin
Live synchronized model
with qualified
bidirectional use.

Continuous
updating with

operational feedback
to the physical

system.

Constrained
optimization,

supervisory control,
or tested automated

actions.

Maintenance
burden, drift, and
scale transfer can
still limit
deployment.

Self-optimizing
system

Twin-enabled architecture
that estimates state,
updates itself, and adapts
operation under
constraints.

Continuous sensing,
model updating, and

qualified decision
execution.

Robust improvement
of purity, recovery,

productivity, or
energy use.

Requires rigorous
validation,
uncertainty
handling, and
governance.
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Application sectors such as food manufacturing are therefore treated only where
they share the same purification-unit logic and operational digitalization challenges. They
are not developed as separate sector-specific domains in this review. The organizing
unit of analysis is the purification platform and its operational maturity rather than the
end-use sector.

GenAI-assisted literature mapping was used only as an auxiliary orientation and
editorial-structuring tool. No reference was retained solely because it appeared in GenAI
output. Candidate references were verified manually against publisher records, DOI pages,
indexing records where available, and the reference lists of relevant primary studies and
reviews. References that could not be verified, did not match the manuscript context, or
did not support the claim for which they were considered were excluded. All cited sources,
interpretations, and final wording were critically reviewed by the author. This organizing
logic is summarized in Figure 1.

Figure 1. Operational chain from observability to self-optimizing purification. The diagram sum-
marizes the required progression from measurements and disturbances to hidden-state inference,
model/update logic, decision layers, and operating actions. The chain is interpreted across mem-
branes, adsorption and cyclic gas separation, chromatography/continuous downstream processing,
and hybrid trains; a system is considered self-optimizing only when the chain remains synchronized,
validated, and decision-relevant under drift.

3. What Makes a Purification System Self-Optimizing
A self-optimizing purification system is an operating architecture, not a visualization

layer. It has to measure or infer variables that matter, estimate the hidden states that
govern performance, update or recalibrate its model as the process drifts, and convert those
estimates into actions that remain inside quality, safety, and equipment constraints. If one
of these links is missing, the system falls back to monitoring, offline optimization, or a
digital shadow.

The distinction between digital shadow and digital twin remains central. In the
broader manufacturing and process-engineering literature, a digital shadow is usually a
model-linked representation updated from process data, whereas a digital twin implies
a bidirectional relationship with operational meaning [4,5]. Reviews in bioprocessing,
membrane science, and the water sector point to the same practical criterion. The digital
representation must stay synchronized with the physical process, remain predictive as
feeds, materials, and equipment condition drift, and be qualified to inform or execute a
decision rather than explain performance after the event [7–9].

Self-optimizing operation also does not require the removal of human supervision. A
purification system may still operate under expert oversight and qualify as self-optimizing
if it can adapt loading limits, pooling rules, switching times, cleaning intervals, recycle
policies, or regeneration schedules on the basis of an updated process state. What matters
is the presence of a validated decision layer with authority to act through feedback. Table 2
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translates these distinctions into an operational ladder that can be applied consistently
across purification platforms.

This ladder shows why a large share of the recent literature still fits advanced moni-
toring or digital-shadow categories rather than self-optimizing operation.

4. The Observability Layer: Process Analytical Technology, Operando
Sensing, and Chemometrics

Process analytical technology established the core operational principle well before
digital-twin terminology became widespread. Product quality has to be protected during
operation through timely measurements and model-assisted interpretation, not verified
only after the fact [1]. Downstream bioprocessing translated that principle most system-
atically into purification because quality attributes, viral safety, and campaign economics
demand earlier intervention [10–13]. The lesson extends beyond biopharma. In any purifi-
cation train, observability begins with measurement design. A sensor only matters when it
improves what the process can know early enough to change an operating decision.

The variables that most strongly influence purification performance are rarely measured
directly. Feed composition and outlet quality are easier to observe than local saturation in an
adsorbent bed, cake consolidation inside a membrane module, early compaction, channeling
in a column, or solvent holdup in an extraction stage. Operando and inline sensing are
valuable because they shorten the distance between measurable signals and the hidden
states that determine purity loss, energy demand, cycle timing, and equipment protection.

Chemometrics and soft-sensor design therefore occupy a central position in self-
optimizing purification. Reviews in downstream bioprocessing show that multivariate
calibration, spectral preprocessing, sensor fusion, and inferential quality prediction are
moving from offline analysis toward real-time decision support [2,3,10–12,27]. The same
logic is now visible in water and membrane systems, where digital-twin initiatives in-
creasingly combine process data, state estimation, and supervisory objectives rather than
treating analytics as a detached reporting layer [9,28].

A recurring weakness across the literature is mismatch between time scales. Data
recorded every few minutes cannot stabilize a phenomenon that unfolds in seconds. High-
frequency data are equally unhelpful when the inferred states are fragile under noise,
missing values, latency, or drift. In practice, the bottleneck is often not the absence of
algorithms. It is the mismatch between sampling rate, disturbance dynamics, model
latency, recalibration frequency, and control horizon. That problem is already visible in
membrane fouling prediction, water treatment digitalization, and autonomous reverse-
osmosis studies, where the value of a digital layer depends less on nominal predictive
accuracy than on how prediction latency aligns with the operating move it is meant to
support [28–31].

5. Modeling Architectures for Purification
5.1. Mechanistic and Reduced-Order Models

Purification has never lacked mechanistic models. Transport equations, adsorption
isotherms and kinetics, resistance-in-series formulations, column balances, thermody-
namic relations, and computational fluid dynamics remain indispensable because they
preserve physical meaning and usually extrapolate more responsibly than purely empirical
fits [5,32–34]. Their weaknesses are equally well known, namely computational burden,
parameter uncertainty, and the fact that many critical states and boundary conditions
cannot be measured directly in real time.
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Reduced-order modeling is a design task for control-relevant digitalization. A useful
twin does not need to reproduce every degree of freedom of a high-fidelity simulation if a
lower-dimensional representation can preserve the states that govern decision quality. In
purification, the most useful reduced models maintain mass-balance closure, physically
admissible flux decline, bounded responses to actuation, and realistic breakthrough or
elution behavior. Model reduction succeeds only when it preserves the structure that makes
the operating decision trustworthy.

5.2. Hybrid and Physics-Informed Models

Hybrid modeling is attractive because it avoids a false choice between rigid first-
principles descriptions and opaque regressors. Physics-informed learning, grey-box for-
mulations, and model-structure augmentation can preserve conservation laws and known
kinetics while allowing data to correct the part of the process that is difficult to parameterize
or poorly understood [6,8,32,33,35]. Membrane fouling illustrates this point because hybrid
formulations can improve prediction while retaining mechanistic interpretation of the
dominant resistance contributions [16].

The same logic extends to adsorption and chromatography. Equilibrium relations
and transport theory are known in principle, yet real feeds, resin aging, valve timing,
and non-ideal hydrodynamics can push purely mechanistic models outside their vali-
dated range. Operational relevance depends on whether the hybrid model improves
decisions under disturbance, scale transfer, or partial sensor failure. Recent work on ad-
sorption surrogates, chromatography hybrid models, and broader bioprocess architectures
shows that hybridization becomes useful only when it remains tied to experimentally
measurable variables and to operating actions that an operator or controller can actually
take [19,33,36,37].

5.3. Updating, Drift, and Uncertainty

A model that recovers accuracy only after repeated manual refitting is not yet a self-
updating twin. Recent process-engineering, bioprocess, and membrane reviews repeatedly
identify calibration, qualification, uncertainty treatment, and maintenance logic as the real
divide between promising demonstrations and deployable systems [5,7,8]. Purification
papers still underreport how sensor error propagates into control decisions, how the model
behaves outside the training domain, and how much manual intervention is needed to
keep the digital layer trustworthy over long campaigns [22,25,31].

6. Domain-Specific Progress
6.1. Membrane Processes

Membrane systems currently provide two distinct bodies of digital literature. One
body is broad and methodological. Recent reviews document rapid growth of machine
learning across membrane science [14,15]. The membrane-specific critical review by
Ghasemzadeh et al. widens that picture to hybrid models, digital shadows, and digi-
tal twins across major membrane technologies [8]. Water-sector and water-systems reviews
reinforce the same shift toward operational digitalization [9,35]. Dynamic membrane-
desalination and organic-framework membrane reviews further show how control rele-
vance and materials prediction still coexist uneasily within the broader membrane litera-
ture [38,39]. The second body of literature is narrower but more operationally relevant. It
focuses on fouling inference, state estimation, and live synchronization with running equip-
ment [16–18,28–31]. The difference matters because self-optimizing purification depends
much more on the second body of work than on retrospective prediction alone.
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One of the most important recent membrane advances is physically disciplined pre-
diction of performance loss. Garakani and Chew showed that classical fouling relations
can be embedded within a learning framework that improves prediction while retaining
mechanism-level interpretation [16]. Full-scale membrane bioreactor studies now show that
plant signals can support useful early warning of irreversible fouling, but early warning is
not yet the same as a qualified twin with control authority [29]. The same caution applies
to unsteady membrane desalination. As recent desalination reviews emphasize, dynamic
operation, feed variability, and disturbance propagation matter because the control problem
is inherently time dependent rather than static [38].

Operationally oriented membrane examples are now appearing, although they remain
less common than review-level synthesis or design screening. Taylor et al. reported
a live digital shadow soft sensor for single-pass tangential flow filtration that tracked
membrane degradation during continuous manufacturing [17]. Møller et al. demonstrated
a continuously updated data-driven twin for water ultrafiltration [18]. Ma et al. described
a machine-learning-enabled digital-twin framework for water treatment facilities, while
Chowdhury et al. and Abdullah et al. moved closer to qualified decision-making through
autonomous online optimization and model predictive control of closed-circuit reverse
osmosis [28,30,31]. Reviews on machine learning for organic framework membranes,
however, still remind us that a large share of membrane artificial intelligence remains
upstream of production, at the stage of material selection and performance screening rather
than validated control [39].

6.2. Adsorption and Cyclic Gas Separations

Adsorption systems and cyclic gas separations are especially suitable test cases for
twin-enabled operation because breakthrough, regeneration, and cycle scheduling all
depend on internal bed states that are only partly observable. One of the clearest recent steps
is the adaptive digital twin for pressure swing adsorption reported by Costa et al., which
combines feedback tracking, online learning, and uncertainty assessment [20]. Recent work
on physics-informed surrogate modeling and transfer-learning-enabled pressure swing
adsorption modeling shows that spatiotemporal adsorption behavior can be learned under
physical constraints, an important step when labeled data are scarce and computational
cost limits real-time use [19,36].

The critical hidden states in adsorption and cyclic gas separation are the spatial load-
ing profile, mass-transfer-zone position, thermal-front evolution, impurity accumulation,
sorbent aging, valve timing, and local maldistribution. These states are difficult to observe
directly because industrial beds are enclosed, pressure-cycled, often thermally heteroge-
neous, and commonly instrumented only at inlets, outlets, pressure nodes, and a limited
number of temperature positions. Model updating is therefore more fragile than in sys-
tems where quality attributes can be measured frequently at the outlet or at multiple
intermediate locations.

The implementation bottleneck is not only algorithmic. Deployment is limited by
sensor accessibility in high-pressure or hazardous service, cycle latency, synchronization
of multi-bed switching, validation cost, proprietary historian data, and the risk that an
apparently accurate model may fail after feed swings, adsorbent aging, valve wear, or
changes in regeneration duty. Poor estimation or outdated updating can lead to premature
switching, impurity breakthrough, excessive purge or vacuum duty, over-conservative
cycle times, and avoidable product loss. Because reported gains are not directly comparable
across feeds and cycles, future studies should report consequences using common metrics
such as purity, recovery, energy per unit product, productivity, adsorbent utilization, and
off-specification events.
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This matters directly for gas purification, carbon capture, acid-gas removal, hydrogen
purification, and biogas upgrading, where disturbances are common and cycle ineffi-
ciency translates rapidly into energy use and purity loss. Current evidence is strongest
for model development, surrogate construction, and demonstration-scale digitalization
rather than for broadly transferable closed-loop deployment. Carbon-capture modeling
reviews, demo-scale digital twins for H2S removal from biogas, and digital-twin implemen-
tations in biomass-to-gas plants all point to the same opportunity: gas purification is rich
in mechanistic knowledge and industrial relevance, yet published examples of validated
live state estimation and supervisory control remain comparatively sparse. The asymmetry
reflects the published literature rather than selective treatment in this review, which is
why the discussion here remains deliberately more cautious for gas purification and cyclic
separation [40–42].

Adsorption and gas-purification research combine strong mechanistic foundations
with rapidly developing adaptive models. What is still scarce is a widely used operational
framework that connects sensing, state inference, updating, and control with the same
discipline already visible in downstream bioprocessing [12,13,20,36].

6.3. Chromatography and Continuous Downstream Purification

Continuous chromatography and related downstream bioprocess workflows provide
the densest published evidence of digitalization with direct decision relevance. These sys-
tems combine rich online analytics, explicit quality attributes, and economically meaningful
control decisions. Reviews on process analytical technology in downstream bioprocessing
document a sustained shift from offline analytics toward model-assisted monitoring, qual-
ity prediction, and control [10–13]. Recent work on continuous downstream processing and
digital solution platforms shows how analytics, automation, and supervisory environments
are beginning to converge into operational workflows rather than isolated tools [7,25,43].

Tiwari et al. showed that a digital twin linked to online high-performance liquid
chromatography data can support pooling decisions in continuous monoclonal antibody
capture [21]. Sondell et al. then demonstrated automated twin generation and calibration
for continuous antibody capture, with optimization of yield and resin utilization under
close agreement between experiment and simulation [22]. Eslami et al. provided one of
the clearest chromatography examples of model predictive control directed at dynamic
binding capacity and productivity [44]. Beyond these studies, model-assisted development
for continuous antibody chromatography and hybrid chromatographic models are making
the mechanistic-to-hybrid transition technically mature enough for more adaptive con-
trol architectures [34,37]. Michalopoulou and Papathanasiou extended this direction with
reinforcement-learning-based dual adaptive control of continuous chromatographic sepa-
rations, illustrating how learning-based supervision can be embedded within structured
process constraints [45].

Related convergence is now visible beyond chromatography alone. Autonomous
liquid–liquid extraction supported by a digital twin and process analytical technology
has been demonstrated in biologics manufacturing [23]. Digital twins for continuous
virus-like particle production and autonomous downstream operation show that the unit-
operation boundary is beginning to widen [24,46]. Yet even in this comparatively advanced
domain, most studies remain laboratory scale or pilot-like rather than fully industrial
deployments [25,43].

6.4. Hybrid Trains and Beyond Single-Unit Operations

The next challenge is plant-level coordination. Most industrial purification problems
are not single-unit problems. They are flowsheet problems shaped by buffers, recycle
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loops, utility constraints, and disturbance propagation across trains. Emerging studies
on high-gradient magnetic separation, continuous clarification, and hybrid adsorption–
ultrafiltration systems show that twin logic can be extended beyond the canonical mem-
brane and chromatography cases [26,47,48]. Even so, a digital layer that optimizes one
unit in isolation can still damage overall flowsheet performance if it ignores upstream vari-
ability, downstream bottlenecks, or shared objectives such as purity, recovery, throughput,
energy demand, and solvent consumption [9,28]. Table 3 compares representative recent
studies through a shared maturity lens so that methodological novelty is not mistaken for
operational readiness.

Table 3. Representative operational evidence and reporting descriptors used to judge purification-
digitalization maturity. The table is a judgment-based synthesis rather than an exhaustive catalogue.
“Not consistently reported” means that the corresponding descriptor was absent or non-comparable
across one or more sources in the evidence group.

Main Evidence and
Limitation

Uncertainty/Validation
Metric Control Authority Scale/Time Basis Domain or Evidence

Group

Clarify definitions and
architectures; operational
qualification, maintenance,
and scale transfer remain
underdefined.

Depends on underlying
reviewed studies; not a
primary validation
dataset.

Conceptual classification
and decision-framework
support.

Review-level synthesis;
scale and duration not
applicable.

Cross-domain
reviews [5,7–9]

Show how PAT becomes
decision-relevant when
linked to quality attributes
and campaign economics.

Calibration and validation
metrics discussed variably;
uncertainty not
standardized across
studies.

Quality monitoring, soft
sensing, and advisory
decision support.

Biopharmaceutical DSP
evidence; time basis varies
by source.

Downstream PAT
and chemometric
foundations [10–13]

Map broad membrane
digitalization;
reproducibility and
control validation lag
behind method growth.

Performance metrics are
heterogeneous;
uncertainty and control
validation remain
inconsistent.

Prediction, design support,
or advisory interpretation.

Review-level and
retrospective datasets;
operational duration not
consistently reported.

Membrane reviews and
water digitization
[8,9,14,15,35,38]

Move membrane work
toward actuation under
constraints; transfer across
assets remains limited.

Prediction/control metrics
reported in several studies;
uncertainty and fallback
logic uneven.

Monitoring, advisory
support, autonomous
optimization, or model
predictive control
depending on source.

Lab, pilot, and plant-data
examples; duration ranges
from run-level operation
to historian data.

Operational membrane
systems [16–18,28–31]

Support adaptive state
inference; bed-state
observability and
multi-bed coordination
remain weakly validated.

Uncertainty explicit in
some adaptive-twin work
but not standardized
across the domain.

Model updating,
optimization,
state-feedback/geometric
control, or automated
cycle logic.

Simulation, surrogate,
lab/cycle, and
plant-oriented examples;
campaign duration often
not comparable.

Adsorption and cyclic
gas separation
[19,20,36,49–54]

Show industrially relevant
targets; live state
estimation and
closed-loop deployment
remain less mature.

Selected validation against
experimental or plant data;
uncertainty and
auditability uneven.

Monitoring, optimization,
supervisory logic, or
automated breakthrough
control.

Demo-scale,
plant-oriented, simulation,
or experimental-cycle
evidence; time basis
source-specific.

Gas purification,
carbon capture, and
filtration [40–42,53,54]

Provide strongest
evidence for
decision-relevant
purification; transfer
across feeds/scales
remains underreported.

Quality, productivity,
recovery, or model-fit
metrics common; formal
uncertainty treatment
variable.

Advisory pooling,
supervisory or
model-predictive-control
actions, and emerging
autonomous control.

Lab, process-development,
and continuous-DSP
examples; run/cycle basis
often reported but not
harmonized.

Continuous
chromatography and
capture [21,22,34,37,44,45]

Show convergence of
analytics and automation;
most cases are not full
industrial deployments.

PAT and quality metrics
reported in several cases;
train-level
uncertainty/fallback
logic limited.

Supervisory or
autonomous unit/train
operation with human
oversight depending
on study.

Mainly laboratory or
pilot-like workflows;
campaign duration not
uniformly comparable.

Integrated downstream
purification [23–25,43,46]

Extend twin logic toward
flowsheets; train-level
coordination and
governance
remain limited.

Validation metrics
source-specific;
uncertainty and authority
not standardized.

Monitoring, advisory
optimization, or unit-level
twin support.

Lab, pilot-like, or
treatment-facility cases;
duration and scale
source-specific.

Beyond single units and
hybrid trains [26,28,47,48]
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Across the studies in Table 3, integration is increasing, but validated end-to-end
architectures that unite qualified state estimation, model updating, and decision authority
remain uncommon.

Additional plant-oriented studies broaden this picture. Yang et al. used pressure
swing adsorption simulation, modeling, and machine learning to support gas allocation
in a hybrid hydrogen network [49]. Abdoos et al. combined validated pressure swing
adsorption modeling, industrial scale-up, and surrogate-based optimization for ammonia-
derived hydrogen purification [50]. Control-oriented studies by Martínez García et al. and
Brizuela-Mendoza et al. showed that simplified pressure swing adsorption models can be
coupled to state-feedback or geometric controllers that preserve hydrogen purity under
disturbance scenarios [51,52]. In parallel, Solari et al. demonstrated a real-data-driven
digital twin for monitoring and control of an industrial cyclone bag filter [53]. Together,
these studies extend the evidence base beyond downstream bioprocessing, but they also
confirm that most plant-oriented gas and filtration examples remain site-specific and
only partly integrated with live state estimation, uncertainty-aware updating, and multi-
unit supervisory control. At the cyclic-unit level, Gutierrez-Ortega et al. demonstrated
automated breakthrough control in a seven-step vacuum pressure swing adsorption (VPSA)
CO2-capture cycle, showing that feed and rinse stop points together with vacuum pressure
can replace purely time-scheduled operation and directly shape purity, recovery, and energy
demand [54].

Gas purification and plant-level filtration introduce an additional observability prob-
lem: the variables that matter for capture efficiency, contaminant slip, pressure drop,
solvent or sorbent condition, and equipment fouling are distributed across units and often
recorded at different sampling rates. Industrial implementation is constrained by sparse
inline composition sensing, analyzer lag, cybersecurity restrictions on plant historians,
proprietary process data, and the need to qualify model updates before allowing control
authority. Plant-level examples should therefore be read as decision support or supervisory
digitalization unless they demonstrate synchronized state estimation, uncertainty-aware
updating, and a validated fallback strategy.

Figure 2 converts the same literature into a cross-platform maturity map. The assign-
ments were made by applying the functional ladder in Table 2 to the evidence groups in
Table 3, with greater weight given to live or near-live measurements, explicit hidden-state
inference, model updating, uncertainty treatment, scale or duration of validation, and
decision authority. The result is a qualitative evidence-weighted synthesis, not a statistical
meta-analysis.

This asymmetry reflects the published literature, not selective treatment in the re-
view. Continuous downstream purification provides the densest published combination of
observability, model updating, and decision authority. Membranes and adsorption or pres-
sure swing adsorption show stronger progress in modeling than in validated closed-loop
deployment. Gas-purification and filtration cases are emerging around disturbance han-
dling and plant-specific supervisory logic, while hybrid trains remain comparatively sparse
and still more often optimization-led than autonomously controlled. For this reason, the
manuscript uses “monitoring,” “digital shadow,” “digital twin,” “supervisory control,” and
“autonomous operation” only when the corresponding level of synchronization, updating,
decision authority, and validation is supported by the cited evidence [17,18,20–25,39–54].
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Figure 2. Cross-platform map of operational maturity across purification domains. Darker labels
indicate stronger published evidence for the named capability. “High” denotes multiple studies
with live or near-live measurements, explicit state estimation or model updating, and demonstrated
advisory, supervisory, or autonomous decision use. “Moderate” denotes credible sensing/modeling
evidence with limitations in updating, control authority, campaign duration, scale validation, or
uncertainty reporting. “Emerging” denotes mainly offline modeling, retrospective prediction, or
sparse operational validation. The map should be read as a structured comparison of current evidence
density and consistency rather than as a meta-analysis.

7. From Decision Support to Closed Loop Control
Models that explain a completed run are not equivalent to models that determine an

operating move in real time. Decision support in purification already spans alarms, advi-
sory dashboards, scenario evaluation, constrained optimization, supervisory control, and a
limited number of autonomous or semi-autonomous implementations. These functions
differ materially in control authority, validation burden, and consequences of error [5,7,8].

Model predictive control (MPC) is particularly attractive because purification processes
are governed by coupled constraints, including purity targets, pressure limits, breakthrough
risk, solvent or buffer consumption, and cleaning or regeneration cost. When the underlying
model is trustworthy, MPC offers a disciplined way to balance productivity against these
constraints. Chromatography already provides persuasive examples, including online
optimization of dynamic binding capacity and productivity, digital-twin-enabled pooling,
and emerging adaptive control strategies [21,44,45]. Similar logic is now visible in reverse-
osmosis systems, where autonomous online optimization and machine-learning-assisted
MPC have been demonstrated under dynamic operation [30,31]. For adsorption and cyclic
gas separations, the control logic is promising, but the published evidence remains more
concentrated in adaptive modeling and optimization than in broadly validated supervisory
control [20,36,40–42].
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The near-term target is dependable, human-supervised decision support with explicit
uncertainty and safe failure behavior [5,7]. In purification, trust will be earned by transpar-
ent state estimation, documented rationale for recommendations, and well-defined fallback
behavior when sensors drift, models lose validity, or feeds move outside the qualified
domain [8,22].

8. Governance, Compliance, and Economic Adoption
Self-optimizing purification cannot be evaluated solely by prediction accuracy. In

regulated or quality-critical environments, a model-supported decision has to be traceable,
validated, attributable, and reversible when the process leaves its qualified operating
envelope. In pharmaceutical and bioprocessing settings, this connects to the U.S. Food
and Drug Administration (FDA) PAT framework, good manufacturing practice (GMP),
European Medicines Agency (EMA) real-time release testing (RTRT), electronic-record
integrity, audit trails, and model lifecycle management [1,55,56].

Deployment also depends on the interface between models and plant systems. A
digital twin that cannot exchange trustworthy data with supervisory control and data
acquisition (SCADA), manufacturing execution system (MES), historian, or control layers
remains a decision-support prototype rather than an operational asset. Standards and
architectures such as Open Platform Communications Unified Architecture (OPC UA),
ISA-95 for enterprise-control integration, and ISA-88 for batch-process control are therefore
relevant because they help define the information-technology/operational-technology
(IT/OT) environment in which model-supported purification decisions must be integrated,
audited, and constrained [57–59].

Economic justification should be reported with the same discipline as model accuracy.
Relevant metrics include reduction in off-specification product, product loss, buffer or
solvent consumption, energy demand, membrane cleaning frequency, sorbent replacement,
resin utilization, batch-release time, downtime, and operator intervention. Total cost of own-
ership (TCO) should include instrumentation, validation, cybersecurity, data infrastructure,
software maintenance, model monitoring, and retraining. Without return-on-investment
(ROI) and TCO reporting, self-optimizing purification remains difficult to compare with
conventional process-control upgrades.

9. Why Most Published Systems Are Not Yet True Digital Twins
Most published systems remain better described as digital shadows than as true

digital twins. The main reasons are one-way connectivity, narrow validation, and weak
treatment of uncertainty and model maintenance. A model may be updated from process
data without ever demonstrating qualified bidirectional intervention. A system calibrated
to one feed, one membrane lot, one resin batch, or one campaign length reveals little about
deployment under realistic variability. When recalibration is frequent but undocumented,
apparently strong performance may conceal substantial manual burden [4,5,7,8].

Continuous validation should be treated as an operating requirement rather than
a post hoc accuracy check. For control-oriented purification, the minimum validation
protocol should include (a) blocked or rolling-origin validation across feeds, campaigns,
resin or membrane lots, and scales, (b) residual and distribution-shift monitoring for drift,
(c) explicit sensor-latency and missing-data tests, (d) disturbance and cleaning-history
logs, (e) model-invalidation thresholds, and (f) a fallback policy that defines when the
system returns from autonomous or supervisory action to advisory or manual operation.
These metrics make model maintenance visible and prevent a digital shadow from being
overstated as a qualified twin.
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Purification also has a scale problem that digital-twin rhetoric can underestimate.
Internal states do not transfer trivially from bench modules to pilot skids and production
units. Sensor placement, residence-time distribution, cleaning behavior, dead volume, and
disturbance structure all change with scale. Economic objectives also need to be integrated
much earlier than they usually are. A twin that cannot reason jointly over purity, recovery,
throughput, energy demand, solvent consumption, or regeneration duty will have limited
operational value in industrial purification [5,26,41–43].

The literature therefore contains numerous validated components but comparatively
few complete systems. The next phase of the field will be defined as much by validation,
governance, and control architecture as by model form.

10. Research Priorities and Reporting Standards
Sensor strategy needs to be treated as part of model design rather than as hardware

appended at the end of a project. The decisive issue is which measurements make the
dominant hidden states identifiable early enough to influence operation.

Transferability deserves much stricter scrutiny. Hybrid models should not be judged
only by fit on the original dataset. Their real value lies in whether they continue to support
decisions across feed changes, campaign extension, scale transfer, controlled perturbation,
and sensor degradation. Benchmark datasets will only be useful for control-oriented
purification research if they preserve process context, including sensor lag, actuation
timing, cleaning history, and disturbance structure [8,9,14,35].

Reporting also needs to be more explicit. Papers should state what is measured directly,
what is inferred, how models are updated, how uncertainty is quantified, what control
authority is actually granted, and how the system behaves when sensors fail or inputs
leave the training domain. The most robust future architectures are likely to be hierarchical,
with state estimation at the equipment level, optimization at the train level, and human
oversight over safety, economics, and quality tradeoffs. Across purification platforms, the
common problem is decision-making under uncertainty rather than the digitalization of a
single unit operation in isolation. Table 4 converts these priorities into minimum reporting
expectations that make claims of digital-twin maturity easier to test and compare across
purification domains.
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Table 4. Deployment barriers and minimum reporting expectations for rigorous purification dig-
italization studies. Expectations are framed to distinguish monitoring, digital shadows, digital
twins, and self-optimizing systems by validation status, decision authority, fallback behavior, and
operational governance.

Barrier Operational Consequence Minimum Reporting Expectation

Hidden states and
identifiability

Control fails when the dominant
state cannot be inferred in time.

State what is measured, what is inferred,
and the assumptions that make the state
identifiable.

Sensor drift and calibration
transfer

Soft sensors degrade before gross
failure becomes obvious.

Report recalibration strategy, transfer
procedure, and drift-detection logic.

Model mismatch outside the
training domain

Recommendations become unreliable
under feed, lot, or campaign changes.

Describe the validated operating domain
and the trigger for model invalidation.

Uncertainty propagation An apparently accurate estimator
may still yield unsafe decisions.

Quantify predictive uncertainty and explain
how it affects decision thresholds.

Scale transfer
Bench performance does not
automatically translate to pilot or
production units.

Specify scale-dependent changes in sensors,
residence time, cleaning behavior, and
objectives.

Limited control authority Claims of autonomy can mask a
purely advisory system.

State exactly which actions the model may
recommend, constrain, or execute.

Train-level interaction Local optimization can damage
overall flowsheet performance.

Report how buffers, recycle loops, and
upstream or downstream interactions are
handled.

Maintenance burden
A twin that requires frequent
undocumented manual intervention
is not operationally mature.

Describe update frequency, human
oversight requirements, and computational
cost.

Sensor latency, cleaning
history, and disturbances

Nominal model accuracy may not
survive realistic process timing,
fouling history, or unplanned feed
changes.

Report sampling frequency, analyzer lag,
missing-data handling,
cleaning/regeneration history, disturbance
logs, and validation under delayed or
degraded measurements.

Governance, data integrity,
and economic justification

Deployment stalls when
model-supported decisions cannot be
audited, validated, secured, or
economically defended.

Report audit-trail provisions, validation
status, IT/OT interfaces, cybersecurity
assumptions, fallback authority, ROI/TCO
metrics, and maintenance burden.

These expectations are practical rather than exhaustive. Their purpose is to make
operational claims easier to scrutinize, reproduce, and compare.

11. Conclusions
This review addressed a specific task: to determine whether digital layers in purifica-

tion have moved from observability to intervention, and under what evidentiary conditions
they can be called digital shadows, digital twins, or self-optimizing systems. The answer is
uneven. Continuous downstream bioprocessing currently provides the clearest operational
evidence, whereas membranes, adsorption, and gas purification contribute much of the
present methodological innovation in fouling inference, adaptive surrogates, and state
estimation [16,17,20–22,28,30,36,40–42,46]. The limiting factor across domains is not the
absence of algorithms but the incomplete integration of measurement design, hidden-state
estimation, updating, uncertainty, control authority, governance, and economic justification
under realistic drift and scale change.
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Five recommendations follow from the evidence reviewed. First, researchers should
prioritize sensors and sampling strategies that make the critical hidden states of each
purification platform identifiable. Second, model-updating, recalibration, and invalidation
rules should be reported explicitly rather than treated as implementation details. Third,
validation should include drift, delay, sensor failure, feed disturbance, cleaning or regen-
eration history, and scale transfer, in addition to nominal operating data. Fourth, studies
should distinguish advisory, supervisory, and autonomous authority, including the fallback
logic used when model confidence is insufficient. Fifth, economic, regulatory, cybersecurity,
and data-governance constraints should be reported alongside predictive accuracy, as they
determine whether a digital twin can become an operational purification asset.

Trustworthy self-optimizing purification will therefore be achieved not by relabeling
dashboards or synchronized models as twins, but by demonstrating that process state,
model confidence, and operating authority remain linked under disturbances that matter
industrially. The central test is whether the system can infer the hidden state early enough,
update itself responsibly, and support or execute an operating action that protects purity,
recovery, productivity, safety, and robustness.
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