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Abstract— Zero Defect Manufacturing (ZDM) requires
detecting quality drifts early and adapting process settings
before defects occur. This paper proposes a closed-loop setpoint
adaptation method that couples online multivariate anomaly
detection with constrained derivative-free optimization.
Streaming process signals yield a real-time drift-risk index,
while actionability is enforced via feasibility filtering and a
correctability-aware acceptance score that estimates achievable
drift-risk reduction under admissible setpoint changes and
actuator limits. At each control cycle, Pattern Search explores
candidate adjustments around the current operating point,
while a physics-informed feasibility layer filters candidates by
operating bounds and rate-of-change constraints. The selected
feasible update is then applied to the asset controller, and the
process response is evaluated in the next window, iterating
online. The proposed method converts drift detection into
constraint-feasible setpoint adaptations without requiring
labeled defect data or an explicit defect model. A prototype was
evaluated on a steel hot-forming line acting on a rolling
setpoint, achieving up to 5.5% reduction in drift-risk index and
a 40% lower defective-window count relative to a baseline
period.

[. INTRODUCTION

In modern manufacturing, maintaining quality and low
defects increasingly requires early detection and timely
mitigation of process deviations [1]. In this direction, Zero
Defect Manufacturing (ZDM) promotes a proactive quality
paradigm, where streaming process data are exploited to
identify early signs of degradation and adapt process settings
before defects materialize [2].

Achieving ZDM in real production remains challenging
because quality degradation often appears as a gradual drift
rather than an abrupt fault [2]. Manufacturing assets operate
under varying loads, material conditions, and environmental
influences, and early drift detection requires joint
interpretation of multivariate sensor signals to capture subtle
deviations [3]. Moreover, once drift is detected, any
intervention on control parameters must respect tight
operational boundaries and physical constraints, including
actuator limitations and rate-of-change restrictions [3].

Corrective actions in ZDM may take several forms,
including material re-routing, scheduling changes and
operator advisories. This work focuses on supervisory
setpoint adaptation on a single controllable process
parameter, which is applicable when the drift can be
compensated via a continuous-valued actuator, and the
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actuator's admissible range and rate-of-change limits are
known.

Supervised defect prediction can support drift
identification, but it depends on labeled defect data, which
are scarce in ZDM-oriented environments [4]. Unsupervised
anomaly detection, in contrast, can detect drift-related
deviations without labeled defects. However, such
approaches often stop at generating alarms and do not
prescribe corrective actions [5]. Conversely, process
optimization can recommend parameter settings, but it is
typically applied offline and targets static objectives, rather
than responding to streaming drift signals while enforcing
feasibility in real time.

A severity-only drift indicator exposes the controller to
two failure modes: intervening when no feasible setpoint
change can meaningfully reduce drift-risk, and over-
intervening when surrogate gain is noise-dominated rather
than systematic [5]. Quantifying correctability, decouples
actioning from drift severity. Such a correctability-aware
measure can support real-time decision-making by indicating
when intervention is both feasible and beneficial.

This paper proposes a closed-loop pipeline for quality
drift mitigation. Streaming process variables feed an online
multivariate anomaly detector that outputs a real-time drift-
risk index, while a constrained derivative-free Pattern Search
explores candidate setpoint adjustments. A physics-informed
feasibility layer enforces operating bounds and actuator rate
limits, and the best feasible update is issued as a PLC-ready
command. The loop evaluates the process response cach
sampling window and iterates online.

The contribution is a correctability-aware acceptance
score distinguishing this work from prior detectors that only
raise alarms. While individual components are established,
the novelty lies in their composition into the FTT-MAE drift-
risk model, the acceptance score, and the closed-loop
feasibility-filtered supervisory layer.

II. LITERATURE REVIEW

To reduce reliance on defect labels, unsupervised
anomaly detection learns nominal behaviour and flags
deviations as potential quality drifts [6], [7]. Autoencoder-
based approaches are widely used due to their ability to learn
compact representations [8] and quantify deviations via
reconstruction errors [9]. Furthermore, autoencoder-based
approaches and their variants are typically used for
multistage manufacturing quality faults detection, given their
ability in learning compact representations of nominal
behavior and quantify deviations via reconstruction errors
[10], [11]. More recent multivariate methods, including
attention-based architectures and masked reconstruction
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TABLE L. FIGURE 1. THE HIGH-LEVEL ARCHITECTURE OF THE PROPOSED APPROACH.

objectives, improve representation learning by capturing
cross-sensor dependencies and reducing reliance on
individual channels [12], [13]. Nevertheless, these
approaches typically remain diagnostic, producing alarms or
scores without prescribing feasible corrective actions for
controller actuation [14].

Complementarily, process optimization can recommend
parameter settings, but metaheuristics operate offline and do
not explicitly encode real-time feasibility constraints [15].
Derivative-free local search, such as Pattern Search, is
suitable for supervisory setpoint adaptation with black-box
objectives derived from process signals and can be coupled
with explicit feasibility handling to avoid non-actionable
candidates [16]. Feasibility models, including physics-
informed constraint layers, can enforce operating bounds and
actuator limits to ensure safe recommendations [17], [18].

Beyond shop-floor actuation, ZDM frameworks
emphasize that quality indicators should be consumable at the
managerial layer, enabling traceability, governance and
continuous improvement [19]. Al deployments therefore
benefit from integrating drift-risk indices and recommended
actions with management information systems (MIS) [20] so
that local interventions are aligned with planning [21].

Overall, the literature shows that drift detection can flag
degradation but is rarely embedded in loops that convert
drift into feasible setpoint updates. This motivates a
correctability-aware ~ closed-loop  strategy  coupling
multivariate drift-risk scoring with feasibility-filtered
derivative-free optimization.

III. APPROACH

The proposed approach operates as a closed-loop setpoint
adaptation schema that couples online drift-risk scoring with
constraint-feasible local optimization. At control cycle ¢, the
system acquires a vector of process measurements and
decides whether to update a controllable setpoint.

Let t in {1, 2, ..., n} index uniform control cycles of
duration At, x, in R? the window-aggregated feature vector
at cycle t with d features, and u, in [U;in: Umas] the current
value of a single controllable setpoint with known admissible
range and rate-of-change limit Au,,,,. The drift-risk scoring

—

function R: R? — R = 0 is learned offline on nominal data
D, om and held fixed during deployment, and the current
drift-risk score is B, = R{x,). The control task at cycle t is to
choose ;44 € [Umin tmax] Such that minimises the
expected drift-risk on the next window, subject to

Uz =argminElR(x, ;M ;] the  actuator-rate

=t + t+147

constraint 2., — .} < Au,, .. and to operating constraints
gi(u;41) = 0 imposed by the physics-informed layer. The
cycle duration At is shorter than the process settling time,
which forms the response of R to local setpoint changes

*

short-horizon dynamics. During operation, defect labels are

not available, with the real-time drift-risk estimate R{x;)

being observed. Since unnecessary interventions introduce a
non-zero cost due to actuator wear and controller
perturbation, the policy is designed as a gated actuation
policy rather than a continuously active control policy.

A bounded local search evaluates a finite set of candidate
setpoints u € U, around the current value u,, where U,
denotes the candidate set generated at cycle t. Each
candidate is screened for feasibility first by a physics-
informed constraint layer that enforces operating bounds and
actuator rate-of-change limits. For each feasible candidate, a
short-horizon surrogate score s{u) ranks the expected drift-
risk improvement. Then, the best feasible candidate is
selected only if the acceptance score H exceeds a calibrated
threshold 1. If accepted, the update is written to the PLC.
Otherwise u, is retained. The realized effect is then assessed
on the subsequent window or after a fixed delay aligned with
process dynamics, and the loop iterates (Figure 1).

Drift-risk is estimated using the Feature-Token [22]
Transformer Masked Autoencoder (FTT-MAE), an
unsupervised masked-reconstruction model trained on
nominal operating data. Each input x,; is mapped to a
learned embedding e,; = Wix,; + b; € R through a per-
feature linear projection. The feature-token sequence is
processed by an encoder under a Bernoulli mask, with mask
variables m,; ~ Bernoulli(p) [23]. The FTT-MAE outputs
per-feature reconstruction parameters under a heavy-tailed
likelihood: the reconstructed mean p, € R9, the reconstructed



scale o, € RY with 6, > 0 element-wise, obtained via
Softplus(-), and the Student-t degrees of freedom v € R with
v>0[24].

The drift-risk score is computed as the aggregate negative
log-likelihood across features, based on (1).

d
= Ny . s
R.= ) —logpi(x,;l.;.0,;0) (1)
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Where p{-ifir :0r ) is the Student-t density with
location y, scale o, and degrees of freedom v. Higher R,
indicates lower compatibility with the learned regime.
Masked reconstruction via a Bernoulli mask forces the model
to exploit cross-feature dependencies.

Given ii,, the local search generates a finite neighborhood
U, = {u, +6; ¥, with i &; |- u., The nelghborhood uses
K=5 directional probes D = ={—1,—G65 00,51} At cycle

time ¢ the candidate control values are generated as
(Bl — ¢

Ty © i, — /f'l”u', Ty — GSI_‘I'EA Ty, Ty + U..J!_Iu., Ty -+ uu}.

The initial step size Au is set to 5% of the admissible control
range Aiig = 0.05{tingqe — lmn ). After any cycle in which
no candidate satisfies the gating condition, the step size is
constrained by a factor of 0.5. This is applied only down to a
bound equal to 0.5% of Ay, = 0.005(u, 0 — Ymin)-
Therefore, the update rule for the neighbourhood size is

Au « max(0.54u, 0.005 (U0, — Upmin ) For each
candidate u € IJ,, the algorithm forms x.{u) by replacing the

setpoint component of x, with u, while all other components
remain fixed, and computes s{u}= R({x.(u)). Then,
acceptance is validated by the realized drift-risk after
actuation. The control problem is therefore approached as a
one-step, next window optimization where at each cycle the
surrogate s{u)} approximates the expected drift-risk on the
next window under a candidate setpoint, the selected update
is actuated.

A discrete neighbourhood is used because the PLC
accepts discrete write commands, and the FTT-MAE serves
as a gradient-free black-box surrogate at deployment,
making derivative-free local search appropriate. Lastly,
restricting ‘U, to a finite set bounds the per-cycle
computation to K forward passes of the FTT-MAE;
necessary to meet the PLC cycle.

Feasibility is enforced via L = 3 constraint families: (i)
lower and upper operating bounds, g, {(u) = 1y, —u and
g-(u) =u—1up,, which prevent non-admissible
excursions; (ii) actuator limit, g;(u) = |u — .| — A
which caps the per-cycle excursion; and (iii) any additional
process-specific bounds supplied by the physics-informed
layer, although in this work no additional bounds beyond (i)-
(i1) were activated on the steel hot-forming line. Constraint
violations are expressed as residuals 77 (1) = max(0, g,(u))
so a candidate u is feasible if and only if 7z (1) = 0 for every
£. The feasible setat t is F, = {u € U, | p(u) =0, V€. At
each cycle, all candidates in U, are first screened against
constraints (i)-(iii); infeasible candidates are rejected. If

F, # 2, the selected setpoint is u = argmin, .z s{u);

otherwise, the current setpoint . is retained. Acceptance is
then evaluated using H = 1, as described in (2)-(4), and the
PLC actuates u; only when both the feasibility flag, F, + @

and u; € F,, and the acceptance flag, H = 1, are true.
To ensure correctability-aware acceptance, let 55 = s{u;)
be the drift-risk at the current setpoint and s° = s{u;]) be the

predicted drift-risk at the best feasible candidate. Two
improvements are computed based on (2) and (3).

Y - =
. . Taxisp, €J
Asy, . =log——— 2
“o8 “max(s®, £]
A5pps = 59 — 57 (3)
Where log{-} is the natural logarithm and £ =0, a

constant to avoid numerical instability when scores are near
zero. As the magnitude of s{*} can vary across regimes, both
improvements are standardized using statistics computed on
historical nominal data, including i, and &y, the median
and median absolute deviation of As;,, and M. and &4,
the median and median absolute deviation of As,.

Therefore, the final acceptance score is provided based on

(4).

*ﬂs{ag - ﬁi{ag *ﬂsass _ﬁiabs
H=w——+(1-w) — 4
Ylog “abs
Where w = [0,1]. The weight w trades off the log-ratio

term against the absolute term. Both 7 and w are calibrated
jointly on a labelled historical split that is disjoint from the
unlabelled dataset Dy, training FTT-MAE. Calibration is

performed using a grid search over
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W E {0.25,0.5,0.75} and
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TET = {G 24,0.40,0.55, 0.69, 0. .00 }. Defect labels are used
only for offline calibration. For each pair {w,7}, the closed
loop is replayed offline on the calibration split; the resulting

acceptance flags are matched against the defects. The
selected operating point is
(w*, %) = argmax,, ewxrFi(w,7), and this pair is

retained and used unchanged during deployment. Using (2)
and (3), the approach avoids emphasising small changes.

The PLC performs deterministic cyclic communication
with the proposed approach, exchanging the required
process tags and receiving the candidate setpoint, a
feasibility flag from the physics-informed constraint layer
and an acceptance flag based on H = 1. The PLC updates
the actuator only when both flags are true, otherwise it
retains .

By design, the method is a bounded supervisory heuristic:
every update is feasible by construction, lying within
actuator rate and range limits, and the candidates evaluated
per cycle are bounded, as the neighbourhood contains
exactly K probes. Actuation is controlled by the calibrated
predicted-improvement score, so the expected one-step drift-
risk under the trained model is non-increasing whenever
H=>r1

For MIS integration, each cycle logs {R,,u, u;, H} with



constraint residual summaries and flags. Such records
support traceability and shift-level KPI aggregation such as
intervention counts, constraint-violation rates and drift-risk
trends, without requiring storage of raw high-rate signals.

IV. IMPLEMENTATION

The closed-loop pipeline is implemented in Python, with
FTT-MAE (PyTorch) and the Pattern Search, feasibility, and
acceptance layers (NumPy/pandas). Hyperparameters were
selected by 5-fold cross-validation on a labelled historical
split. FTT-MAE was then trained from scratch on the
nominal-only set 0, ,,, using the selected hyperparameters,

with the architecture kept compact for edge deployment.

At deployment, the pipeline runs containerised on an edge
host co-located with the PLC. Sensor packets arrive over
MQTT, are persisted in PostgreSQL and exposed via HTTP
REST. At each cycle, Node-RED pulls the measurement
window from REST, invokes the closed loop, and forwards
the resulting tuple [u,, feasibility flag, acceptance flag] to
the PLC via OPC UA. The PLC writes the setpoint only
when both flags are true, otherwise it retains u,. Cycle-level
outputs {R,, u,, u;, H, constraint-residual summaries} are
persisted in the database for MIS dashboards and
traceability.

V. USECASE

The proposed closed-loop approach was evaluated on a
steel-industry hot forming line consisting of a heating, oxide
removal and rolling step. The objective was to recommend
updates to a single rolling setpoint u, to mitigate emerging
quality drift before defects occur. The FTT-MAE drift risk
model is trained using only nominal data, and defect labels
are not used for training and are used only for offline
evaluation and reporting of intervention trade-offs.

The dataset comprised 115,000 observations over 3
months with 0.85% defective samples. FTT-MAE training
used only nominal windows; defect labels served offline
evaluation only. A variable subset with summary statistics is
shown in Table 1. To stabilize training and ensure
comparable feature scales, each feature was transformed
with Yeo-Johnson [25]. Data was split using a stratified 80%
and 20% split. The 80% labelled training split was used for
FTT-MAE hyperparameter selection and for (w,T)

Heating process’s energy | 738.68 -2.07

consumption [kW]

[733,1072]

Given the defect rarity, model evaluation prioritised the
Area Under the Precision-Recall Curve (AUPRC), defined
as the integral of precision over recall as the decision
threshold varies. The Area Under the Receiver Operating
Characteristic Curve (AUROC), defined as the probability
that a randomly chosen positive is ranked above a randomly
chosen negative, was also reported as a threshold-
independent secondary measure. To demonstrate the
applicability of FTT-MAE, its performance was compared
against reconstruction-based baselines that included
Conditional Variational Autoencoders (CVAE), Hierarchical
Variational ~ Autoencoders (HVAE) and Recurrent
Variational Autoencoders (RVAE). All models were tuned
using 5-fold cross-validation on the training set. As depicted
in Table II, FTT-MAE achieves the highest mean AUPRC,
justifying its selection against similar models.

TABLE II. TABLE II. EVALUATION METRICS ACROSS THE 5-
FOLD CROSS-VALIDATION TEST-FOLDS.
Model Mean AUPRC (%) Mean AUROC (%)
FTT-MAE 6.18 (£1.01pp) 74.66 (+6.43pp)
RVAE [26] 3.44 (x0.41pp) 66.01 (£3.05pp)
CVAE [27] 3.25 (£1.13pp) 66.52 (+£3.05pp)
HVAE [28] 3.09 (£0.75pp) 65.84 (x1.83pp)
A 2-week real-world validation experiment was

performed. At each cycle, pattern search evaluates candidate
setpoints in a bounded U, and computes score H. Corrective
action is triggered when H = 1, where 7 is selected from
historical data to balance responsiveness to defects. Table III
reports the F1-score of accepted interventions against offline
defect labels to identify the optimal combination of w and Tz,
while Table IV reports the trade-off of the acceptance
threshold 7 on the calibration split. Defect-window reduction
is the fraction of windows later labelled defective that are
eliminated in the offline counterfactual replay when the
closed loop applies u;, and non-defect intervention rate is
the fraction of windows later labelled non-defective on
which the method would trigger an intervention (H = 7). We
selected T =0.69 and w= 0.5 as a balanced operating
point.

TABLE IIL. TABLE III. F1-SCORE OF ACCEPTED
INTERVENTIONS AGAINST OFFLINE DEFECT LABELS ON THE

. . . . CALIBRATION SPLIT.
calibration. FTT-MAE was trained on the nominal subset.
Defect labels were used for selection, not training, and 20% " T 0.24 0.40 0.55 0.69 0.85
was held out for testing. The dataset shows raw, pre- [25 0.071 0.084 0.092 0.095 0.078
transformation signals, with the target rolling parameter | 0.5 0.074 0.090 0.101 0.112 0.089
being an offset (mm from nominal reference), hence | 0.75 0.069 0.083 0.094 0.103 0.081
negative values are possible.
TABLE L TABLE I. DATASET SAMPLE. TABLE IV. TABLE IV. APPLIED THRESHOLD.

Feature Mean [Min, Max] Skewness Defect-window Non-defect intervention rate T value
Target rolling parameter | 3.60 [-39,22] -0.98 reduction (%) (%)
[mm] 39.99 29.99 0.69
Rolling temperature [°C] 275.14 [51,571] -0.02 55.10 35.00 0.24
ErOdUCt temperature after | 1275.73 | [998, 1363] -19.76 Reductions of a few percentage points in R, are consistent

eating [°C]




with the scope of the problem where only a single setpoint is
actuated, the admissible step is small, and the dominant
share of R is driven by upstream features that the actuator
cannot influence. As an upper-bound reference, the
maximum reduction reachable by an approach that selects
the best feasible candidate at each cycle on the calibration
split is 7.2%. The proposed method achieves 5.5%
maximum and 4.93% mean on defective windows, capturing
68% of that bound. The 6.18% AUPRC reflects the
irreducible overlap of nominal and defective regimes at
0.85% prevalence. The AUPRC of a random ranker on this
dataset is 0.85%, thus, the FTT-MAE delivers a lift of 7.3
times over chance.

For accepted interventions, the approach yields about 5%
drift-risk reduction while respecting feasibility constraints.
To quantify mitigation in the real-world deployment, for

each accepted intervention at cycle ¢, the realized relative
. coon _ Ri—Rys
reduction was computed as AR{%) ==

:, where R, is

the drift-risk score before actuation and R, ; is the score
recomputed on the next sampling window after the PLC-
applied update. Table V summarizes the results over the 2-
week experiment for T = G.69. Interventions associated with
windows later labelled as defective yield a mean AR of
approximately 5.0% (median 5.0%, maximum 5.5%), while
non-defective windows exhibit smaller improvements of
2.1% on average, indicating that the acceptance thresholds
concentrate stronger corrections when the process deviates
toward defect regimes. No feasibility violations were
observed in the PLC/edge logs during the experiment;

feasibility filtering is enforced prior to PLC write.

windows later labelled defective and concentrated near the
start of drift. No interventions produced a negative AR. No
accepted intervention was removed as an outlier. The high-
response cases were retained and characterised separately,
since they corresponded to early drift episodes later labelled
defective.

To isolate the contribution of the correctability-aware
acceptance score, two ablations were run (Table VI). The
first baseline was feasibility-only, which always applies the
best feasible candidate ; whenever the feasible set F, is
non-empty, that is, whenever F, # &, while bypassing the
acceptance score H. The second baseline is improvement-
only, which accepts u; whenever the surrogate score
improves over the current setpoint, " <2 55, by any margin;
this bypasses the standardised acceptance score H but still
requires a predicted improvement over the current setpoint.
Defect-window reduction is computed against a no-
intervention reference of setpoints over the same period.
Lastly, the non-defect intervention rate has been computed
£¥int nondat

ar . .
as , where Ny ponges the accepted interventions on

AT
¥Ynondaf

non-defective windows in the 2-week validation stream.

TABLE V. TABLE V. VALIDATION OF REALIZED DRIFT-RISK
REDUCTION.
Group N Mean Mean Mean Median Max
R, R;. AR(%) | AR(%) | AR(%)

Defective | 72 313.38 297.94 4.93 5.03 5.50
windows
Non- 348 286.29 280.20 2.13 2.13 4.49
defective
windows
All 420 290.94 283.24 2.61 242 5.50
accepted

Among the L = 3 constraint families, namely the lower
and upper operating bounds and the actuator rate-of-change
limit, the constraint g5 (1) = |u — 1| — Auy,,, was the only
activated during the deployment, binding the selected
setpoint u; at one extreme of the Au neighbourhood in 312
of the 420 accepted interventions, corresponding to 74.3%.
This is consistent with the slow nature of the drift, since
meaningful corrections accumulate over multiple cycles. The
bounds up,;, and iy, were never active during the two-
week experiment, which is consistent with the asset operating
well within its nominal range; the bounds are nevertheless
retained for safety in the face of future regime changes.

In addition, the per-intervention AR distribution exhibits a
long-tailed shape with an interquartile range of [1.4%,
3.9%]. The upper has 14 interventions (3.3% of the accepted
total), with AR € [5.0%, 5.5%], all associated with

TABLE VI TABLE VI. ABLATION OF ACCEPTANCE POLICY.
Policy Interve Mean Defect Non-defect
ntions AR{%) | reduction (%) intervention rate
Feasibility | 1,184 1.42 19.6 0.82
Improvem | 763 2.08 27.4 0.61
ent
Proposed 420 2.61 40.0 0.30
approach
Defect-generation reduction is defined as
ark t
o s "E‘JL:; -] .
DGR =1——5z, where N . the number of defective

windows observed in a matched 2-week period under the
previous policy and Ng:;t the count during the 2-week
deployment. On the 2-week stream, N2 = 163and
NZo7* = 98 resulting in a DGR = 0.399 = ~40%. The gap
between the 72 accepted interventions on later-defective
windows (Table V) and the 65 defective windows eliminated
according to the DGR calculation reflects 7 interventions on
windows for which the applied u; did not move the next-
window below the defect threshold, and is therefore
expected.

Lastly, nine stakeholders (quality and process managers)
rated an MIS-oriented dashboard built from cycle-level
decision logs on a S5-point Likert scale: workflow fit 4.4,
traceability/audit readiness 4.2, shift reporting clarity 4.3,
and dashboard integration ease 4.1. High scores were
attributed to surfacing actionable, low-volume decision
events aggregable into KPIs; lowest scores concerned
governance and alignment with existing reporting policies.

VI. CONCLUSIONS
This work proposes a closed-loop ZDM drift mitigation




strategy that turns drift detection into constraint-feasible
setpoint updates. It combines an unsupervised transformer
autoencoder for drift-risk scoring with derivative-free
pattern search, while a physics-informed constraint layer
enforces operating constraints. Setpoint updates are sent as
PLC-ready messages, and decisions are logged to MIS.

The approach was evaluated on a hot-forming line and
achieved up to 5.5% drift-risk reduction and a 40% lower
defective-window count relative to a matched period, while
MIS outputs remained compact and directly consumable,
supported by a formative manager review with average
scores above 4/5 across usability criteria.

A limitation is the modest discriminative power of scores
under extreme defect rarity, with a mean AUPRC of 6.18%,
reflecting overlap between. Future work will therefore focus
on improved representation learning and calibration under
rare-event conditions, broader validation across operating
regimes, and long-horizon deployment considerations.
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