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Abstract. Offline evaluation of optimization policies for continuous
industrial processes becomes unreliable when each historical timestamp is
optimized independently, because a counterfactual control action should
modify the plant state observed at later times. This paper studies this issue
in a gas-fired mono-layer ceramic kiln, where turbine frequency is adjusted
to preserve a target pressure profile while reducing gas consumption. We
propose a finite-horizon sequential simulator that propagates a compact
process state through auxiliary transition models, reconstructs future
optimizer inputs, and enables temporally coherent closed-loop backtesting.
The framework combines objective models for gas and pressure compliance
with a two-stage constrained optimizer that respects industrial actuation
limits. Using the proposed sequential simulation, the optimized policy
reached baseline-referenced improvements, computed against a predefined
internal improvement threshold, of 20.61% in total gas consumption,
15.17% in pressure-profile compliance, and 38.70% in optimal minutes on
the continuity-constrained subset.

Keywords: industrial optimization; backtesting; sequential simulation; ceramic
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1 Introduction

The offline evaluation of optimization policies is a central methodological issue
in sequential decision problems, because the quantity to be estimated is coun-
terfactual: the available trajectories were generated by a behavior policy that
differs from the policy to be evaluated [1,2]. This difficulty is especially relevant in
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industrial settings, where online experimentation may be costly, operationally dis-
ruptive, or undesirable from a safety perspective [1,2]. In parallel, recent reviews
on process control have documented growing interest in reinforcement learning
and related sequential optimization methods for process industries, while also
emphasizing practical limitations associated with safety, sample efficiency, and
model mismatch [3,4]. These considerations are directly relevant in continuous
thermal processes, where control decisions affect future operating conditions and
therefore also affect the future inputs seen by the optimization system.
Prior work nevertheless leaves a specific gap at the evaluation layer. The literature
on offline policy evaluation and offline reinforcement learning establishes the
counterfactual nature of the problem and shows that the reliability of historical-
policy assessment depends on factors such as distribution shift, horizon length,
and modeling assumptions [1,2]. In industrial process control, offline learning
has already been used to improve decision policies from historical data without
unsafe exploration [5], but this line of work focuses mainly on policy learning
rather than on the validity of historical backtesting under repeated counterfactual
actions. A related literature on digital twins in process engineering describes
data-driven surrogates for monitoring, optimization, and control [6], but does
not directly address the narrower question considered here: how to perform a
temporally coherent offline backtest when future optimizer inputs should depend
on previously selected counterfactual controls.
The kiln application further motivates this gap because ceramic-process optimiza-
tion is inherently multi-criteria and strongly conditioned by changing production
regimes [7,8,9]. Existing work focuses mainly on process modeling and operational
optimization, leaving open the question of how to estimate closed-loop policy
performance from historical data in a way that remains consistent with the dy-
namics of a continuous industrial process. This paper addresses that question in a
gas-fired mono-layer ceramic kiln by focusing on backtesting methodology rather
than on policy learning alone. Starting from a one-step optimization framework
for gas consumption and pressure-profile compliance, we propose a finite-horizon
sequential simulator that propagates a compact process state and reconstructs
future optimizer inputs.

2 Industrial Context and Problem Formulation

2.1 Continuous process and observed state

The case study examines a gas-fired mono-layer ceramic kiln running in continuous
production. The process is tracked via several variable groups-temperatures at
multiple kiln points, pressures, gas flow and consumption, production indicators,
and turbine and motor frequencies-sampled at short, fixed intervals to describe
the current operating state. Because the kiln configuration changes with the
product being fired, the system lacks a stationary regime that can be predicted
reliably over long horizons from historical data alone. Real-time state information



Reliable Backtesting for Industrial Optimization 3

is therefore crucial, and the optimization policy must adapt to the kiln’s current
condition rather than depend on long-term open-loop forecasts.

2.2 Operational objectives

Let xt ∈ Rd denote the feature vector built at sampling instant t from the
current multivariate observation and a short recent history. The first objective is
to preserve a target pressure profile along the kiln. Consider an ordered set of
pressure sensing locations K↑ = {k1, . . . , kr} and a downstream location k↓ at
which the profile must decrease after reaching its peak. Because instantaneous
pressure measurements are affected by fluid-dynamic fluctuations, the profile is
defined on smoothed pressures. For a smoothing window of length wp, let

p̄
(wp)
k,t = 1

wp

t∑
τ=t−wp+1

pk,τ . (1)

The desired pressure pattern can then be written as

p̄
(wp)
k1,t < p̄

(wp)
k2,t < · · · < p̄

(wp)
kr,t , p̄

(wp)
kr,t > p̄

(wp)
k↓,t . (2)

This is the primary objective of the control problem because it encodes the
operating conditions associated with stable firing quality.
The second objective is to reduce gas consumption over a short predictive horizon
(Hg):

C
(Hg)
t =

Hg∑
j=1

ct+j . (3)

The horizon is chosen to remain predictable while still capturing the effect of the
manipulated action on gas consumption.

2.3 Action space and real-time decision setting

The manipulated variable is the frequency of one of the turbines, denoted by ft.
At each sampling instant, the controller selects a new value subject to operational
and safety constraints. The admissible domain is represented as

F = {f ∈ Z : fmin ≤ f ≤ fmax}, (4)

and consecutive decisions must also satisfy a rate-of-change restriction

|ft − ft−1| ≤ ∆max. (5)

Here fmin, fmax, and ∆max are determined from historical operating practice,
and the decision must be computed within a strict real-time compatible with
deployment in production.
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2.4 Predictive modeling of the objectives

The optimization relies on two predictive models evaluated under a candidate
action f ∈ F .
The pressure model estimates the probability that the smoothed pressure profile
in (2) will be satisfied over the predictive window:

p̂t(f) = g(xt, f), (6)

where g is a supervised learning model. A binary feasibility indicator is then
defined by thresholding that probability at an operating threshold τp,

ŷt(f) = I[p̂t(f) ≥ τp] . (7)

The gas model estimates the cumulative gas consumed over the predictive horizon,

Ĉt(f) = h(xt, f) ≈ C
(Hg)
t , (8)

where h is a regression model trained to approximate the short-horizon cumulative
gas objective in (3).

2.5 Two-stage constrained optimization

The original control logic is best described as a two-stage optimization scheme
with a fallback rule. Let

N (ft−1) = {f ∈ F : |f − ft−1| ≤ ∆max} (9)

be the locally admissible neighborhood around the previous action.

Stage 1: globally preferred operating point. Ignoring the local rate limit, the
algorithm searches the full action domain for the gas-minimizing setting under a
large penalty (K1) on pressure infeasibility, thereby defining a globally preferred
operating point.

fglob
t = arg min

f∈F

[
Ĉt(f) + K1

(
1 − ŷt(f)

)]
. (10)

Stage 2: locally feasible implementation. The second stage selects the locally
admissible action closest to that point under the rate-of-change limit:

f loc
t = arg min

f∈N (ft−1)

[
|f − fglob

t | + K2
(
1 − ŷt(f)

)]
. (11)

The role of K2 is analogous to that of K1, but now in the restricted neighborhood.
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Fallback toward maximum compliance probability. If no local action is predicted to
satisfy the pressure constraint, the controller moves toward the action with maxi-
mum compliance probability whenever the predicted gain exceeds the relevance
threshold δ.

fmax
t = arg max

f∈F
p̂t(f). (12)

Whenever the improvement in predicted compliance probability exceeds a rele-
vance threshold δ, (

p̂t(fmax
t ) − p̂t(f loc

t )
)(

1 − ŷt(f loc
t )

)
> δ, (13)

the final action is replaced by the locally admissible setting closest to fmax
t :

ft = arg min
f∈N (ft−1)

|f − fmax
t |. (14)

Otherwise, the implemented action is simply ft = f loc
t . This additional rule

reflects the original practical reasoning: when the local neighborhood cannot
make the process compliant, it is preferable to move toward the action that offers
the best chance of recovering compliance, provided that the gain is materially
meaningful.

3 From Naive Backtesting to Sequential Simulation

In continuous industrial optimization, the relevant evaluation target is not a single
isolated control decision, but the medium-term behavior induced by applying the
optimization logic repeatedly over time. From the perspective of offline policy
evaluation, the quantity of interest is therefore inherently counterfactual and
sequential: what matters is not only the immediate predicted effect of an action
at the current instant, but also how that action changes the future trajectory
of the process, the future states observed by the controller, and the subsequent
decisions that the optimizer will take under those evolved conditions [1]. In the
kiln case study, this distinction is especially important because turbine-frequency
adjustments do not only affect instantaneous objective values; they also modify
future operating conditions, such as thermal and flow-related variables, which
later re-enter the optimization problem through the engineered features used by
the predictive models. As a result, a meaningful offline assessment must capture
not just immediate action quality, but the sequential interaction between control
actions, state evolution, and repeated re-optimization.
This requirement exposes a structural limitation of naive historical replay for
continuous-process backtesting. If, at time t, one evaluates a counterfactual
optimized action but then continues the rollout using the logged historical
measurements at time t + 1, the resulting trajectory mixes two incompatible
worlds: a counterfactual intervention at the current step and a factual continuation
generated under different past decisions. Such a procedure may approximate the
local one-step effect of changing the manipulated variable, but it cannot represent
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the state-steering effect that arises when optimized actions are applied recursively
over a finite horizon. For this reason, preserving actuator feasibility or one-step
realism alone is insufficient for credible offline evaluation in this setting; the
backtesting framework must also include a mechanism to propagate the process
state under the optimized decisions, rather than simply reusing the observed
future from the logged data [1,3].

3.1 Approximate closed-loop evaluation

The quantity of practical interest is a finite-horizon closed-loop evaluation in
which each decision affects the optimizer inputs seen at subsequent steps. If
z̃t+h denotes the counterfactual state that would arise under repeated optimized
actions, the relevant trajectory satisfies

z̃t+h+1 = Φ(z̃t+h, ft+h, ξt+h) , ft+h = µ(x̃t+h, ft+h−1) , x̃t+h = Γ (z̃t+h).
(15)

Because the true transition law Φ is unknown, the counterfactual trajectory
cannot be reconstructed exactly from historical data alone. The proposed remedy
is therefore not exact replay, but sequential simulation. A learned transition
operator Φ̂ is used to propagate a compact simulated state,

ẑt+h+1 = Φ̂(ẑt+h, ft+h), x̂t+h = Γ (ẑt+h), (16)

so that each optimization step is evaluated on inputs that are consistent with
the previously chosen optimized actions.
The corresponding approximate sequential evaluation is then

Ĵseq = 1
H

H−1∑
h=0

ℓ(x̂t+h, ft+h) , (17)

where H is a finite rollout horizon selected to keep simulation error within
acceptable bounds.

3.2 Methodological implication

The issue with naive historical backtesting is not simply that it uses a short hori-
zon, but that it evaluates optimized actions against a future state trajectory that
those actions did not generate. In a production environment, the optimizer would
always act on a state already altered by previous control moves. A credible offline
backtest must preserve that dependence, at least approximately, by propagating
the subset of process variables required to reconstruct the next optimizer input.
For this reason, the methodology proposed in this paper introduces auxiliary
transition models whose sole purpose is to maintain temporal coherence across
optimization steps. Their role is not to build a perfect digital twin of the kiln, but
to provide a sufficiently faithful finite-horizon approximation of the counterfactual
closed-loop evolution needed for reliable backtesting.
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3.3 Data preparation and operational subsets

Industrial historian streams were synchronized and cleaned by removing com-
munication failures, no-production periods, anomalous intervals, incompatible
firing-curve segments, and transition regions. Three nested subsets were then
defined: training minutes, reliable minutes satisfying the target pressure profile,
and optimal minutes corresponding to reliable records with favorable future gas
consumption within product context. A relaxed admissibility criterion was later
used to enlarge the set of optimizable minutes.

3.4 One-step objective models

The single-step optimization uses two predictive models: a regression model to
estimate the average gas consumption over the next five minutes in normal cubic
metres (Nm3), and a classification model to estimate the probability of pressure-
profile compliance over the same five-minute horizon for each operating minute.
Both models use engineered features derived from synchronized plant measure-
ments, including temporal encodings, lagged summaries, rolling descriptors, and
selected interaction terms, with Boruta feature selection using LightGBM as the
base estimator to reduce dimensionality and excessive collinearity.
For the gas model, the train/test partitioning was stratified by product type so
that the observed operating contexts were consistently represented in both subsets.
The resulting model achieved MAE = 0.2218, MAPE = 0.9463%, RMSE =
0.3572, and R2 = 0.9712. Recent gas-flow information, recent production-rate
summaries, the product descriptor, and the manipulated turbine frequency were
among the most influential predictors.
For the pressure-profile model, the training subset was balanced between compli-
ant and non-compliant examples. Again, multiple candidate algorithms were ex-
plored and the final choice was guided by the F1 score and the recall of the negative
class, because missing pressure-profile violations is more critical than maximizing
average accuracy. The chosen model achieved ACC = 0.6885, BACC = 0.7184,
PREC = 0.7596, REC = 0.6836, F1 = 0.7022, and AUC = 0.8017. The most in-
fluential features were recent gas-flow summaries, recent temperature summaries,
and the turbine frequency itself, which ranked among the leading predictors for
pressure feasibility.

3.5 Sequential simulation by auxiliary models

To repair the mismatch identified in Section 3, offline evaluation was reformulated
as a finite-horizon sequential simulator. As summarized in Fig. 1, the framework
starts from a compact simulated state zt, reconstructs the engineered features
required by the objective models, applies the two-stage optimizer to select the
turbine frequency ft, and propagates the next state zt+1 through a bank of
auxiliary one-step transition models.



8 S. Ventura-Cabrejas et al.

The auxiliary-model bank excludes the manipulated turbine frequency, which
is directly imposed by the optimizer, and externally scheduled production de-
scriptors, which cannot be inferred from process dynamics alone.The remaining
temperature, gas-flow, and pressure variables were selected under two principles:
they had to be predictable one step ahead using only information available at
time t, and the propagated state had to remain as compact as possible. This
compactness criterion is important because enlarging the propagated state would
require many more auxiliary models and would also amplify recursive error ac-
cumulation over the rollout. In practice, the best trade-off was to predict each
next-step variable from the current compact state and reconstruct the additional
rolling and lagged descriptors through the same feature-engineering pipeline used
during objective-model training.
The same trade-off guided model-development decisions. Because the framework
requires many auxiliary models, exhaustive hyperparameter tuning for each of
them would have imposed a disproportionate computational burden. Standard
configurations were therefore preferred whenever they provided adequate predic-
tive quality, which is also consistent with the real-time constraints of the intended
deployment setting.
This framework behaves differently in deployment and in offline backtesting. In
real production, fresh sensor measurements arrive at every step, so the state can
be updated directly from the plant. In offline backtesting, by contrast, there are
no counterfactual observations after an optimized intervention, so the future state
must be propagated through learned transition models. As the rollout length
increases, this recursive construction becomes progressively more vulnerable to
drift and also reduces the number of valid continuous sequences available for
evaluation. For this reason, the proposed methodology adopts a deliberately finite
operational horizon: long enough to capture the short-term effect of sequential
decisions, but limited to the range in which iterative simulation remains sufficiently
faithful for credible backtesting. In the present case study, this criterion led to a
15-minute rollout horizon.
The auxiliary one-step transition models were evaluated on an 80/20 split over
120,000 training minutes. Overall, next-step predictability was high for most
propagated variables: the majority of models achieved R2 values above 0.95,
several variables were predicted with near-perfect fit, and only a small number
showed more moderate predictive quality. These results support the use of a
compact auxiliary-model bank as a practical mechanism for finite-horizon state
propagation in the proposed backtesting framework.

3.6 Validation protocol for the sequential simulator

Before using the sequential simulator of Fig. 1 for policy evaluation, we validated
it as a trajectory-generation mechanism independently of the optimization logic.
The objective of this validation stage was to determine whether the iterated
combination of auxiliary transition models, feature reconstruction, and objective
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stop when fi-
delity degrades

Fig. 1: Finite-horizon sequential simulator for offline backtesting.

models could reproduce the historical short-term evolution of the process with
sufficient fidelity. To isolate simulator fidelity from control effects, no optimized
intervention was applied during this stage: starting from a real historical minute,
the simulator was rolled forward while keeping the observed intervention sequence
fixed, and the resulting predicted targets were compared against the recorded
historical outcomes.
Validation was performed on optimizable minutes belonging to contiguous se-
quences long enough to support each candidate rollout. For each horizon, the
simulator generated inputs sequentially through the auxiliary-model bank and
the original feature-engineering pipeline, and the resulting targets were compared
against recorded outcomes using R2 for cumulative gas prediction and F1 for
pressure-profile compliance. The operational horizon was set to the largest rollout
satisfying R2 > 0.9 and F1 > 0.7 simultaneously. Under this criterion, the max-
imum reliable horizon was 15 iterations (R2 > 0.919 and F1 > 0.701), beyond
which drift became too large for credible backtesting.

4 Experimental Evaluation

4.1 Experimental protocol

In total, the dataset comprised over 150,000 minutes. All predictive-model metrics
reported for the one-step setting were computed using an 80/20 train/test split
applied separately within each temporal block, rather than by selecting training
and test samples at random. Several tree-based regression and classification models
were evaluated, and XGBoost was selected for the main objective models. One-step
optimization results were evaluated over more than 120,000 optimizable minutes
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described by the relaxed admissibility criterion. For the sequential simulator, only
contiguous sequences long enough to support the selected rollout were retained,
leading to around 100,000 comparable minutes. The main regression metric is
total or average gas consumption, while the main operational classification metric
is the fraction of records satisfying the pressure profile. In addition, the study
tracks optimal minutes, defined as reliable records whose future gas consumption
lies below the product-specific median. Reported improvements are anonymised,
baseline-referenced indices computed against a predefined internal deployment
threshold, used as the 0% reference after orienting all metrics so that larger
values are better. Thus, positive and negative values indicate margins above or
below this threshold, enabling comparison across operational subsets without
disclosing absolute consumption values, compliance rates, or targets.
Because the data consist of temporally ordered industrial trajectories, uncertainty
should be assessed with block-based resampling over contiguous operational
sequences rather than with i.i.d. assumptions.

4.2 Preliminary one-step results and the backtesting problem

Over the approximately 120,000 optimizable minutes, constrained optimization
produced a total-gas of -26.01%, a pressure-profile compliance of 3.66%, and an
optimal-minutes index of 11.24% (Table 1).

Table 1: One-step optimization results on over 120,000 optimizable minutes, reported
as relative margins over an undisclosed internal improvement threshold
Metric Constrained optimization

Total gas index -26.01%
Pressure-profile compliance index 3.66%
Optimal minutes index 11.24%

The preliminary analysis also showed that records initially classified as non-
reliable were often improved simultaneously in both objectives, indicating that
pressure recovery and gas reduction are not necessarily conflicting in this process.
The main limitation of these results is methodological rather than numerical.
Each optimized record is evaluated against the original historical continuation,
even though the selected control should have modified the observed state at the
next instant. Therefore, the one-step backtest provides evidence that the local
decision logic is useful, but it does not constitute a faithful closed-loop evaluation.

4.3 Simulation and optimization in continuous processes

The proposed sequential simulator was next used to evaluate the same optimiza-
tion logic under explicit state propagation. To make the comparison fair, the
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previous one-step method and the new sequential method were both evaluated
on the same continuity-constrained subset of over 100,000 minutes.
Table 2 shows the key result of the paper. On the common subset, the previous one-
step method produced a total-gas index of -25.39%, a pressure-profile compliance
index of 3.18%, and an optimal-minutes index of 11.10%. Under the proposed
sequential simulation, the corresponding indexed margins increased to 20.61%,
15.17%, and 38.70%, respectively.

Table 2: Comparison on the continuity-constrained subset (over 100,000 minutes),
reported as relative margins over an undisclosed internal improvement threshold
Metric Previous one-step

method
Proposed sequential

method

Total gas index -25.39% 20.61%
Pressure-profile compliance
index

3.18% 15.17%

Optimal minutes index 11.10% 38.70%

A second important finding is dynamic: cumulative savings increase with the
rollout index and then stabilize. This means that the sequential method is not
only choosing locally better turbine settings but is also guiding the process toward
states that are progressively easier to operate efficiently. When the final iteration
is forced to keep the original frequency configuration, part of the accumulated
benefit remains. This reveals an intrinsic saving term due to state steering rather
than to the immediate one-step control action alone.
Finally, when that intrinsic component is removed, the cumulative-saving curve
of the sequential method tends toward the savings achieved by the previous
one-step method. This behavior is informative: the older backtest essentially
captured only the direct local effect of changing the turbine frequency, whereas
the new simulator also captures the indirect benefit of driving the process toward
more stable and efficient regions of the state space.

5 Conclusions

This paper addressed the offline evaluation of optimization policies in a continu-
ous industrial process and showed that naive one-step historical backtesting is
structurally inconsistent with closed-loop operation. When each historical minute
is optimized in isolation, the selected action is counterfactual but the subsequent
state remains historical, so the evaluation cannot capture how past decisions
modify future optimizer inputs.
To repair this mismatch, we proposed a finite-horizon sequential-simulation
framework in which a compact subset of process variables is propagated through
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auxiliary transition models and used to reconstruct the inputs required by the
objective models. The resulting methodology preserves temporal coherence across
optimization steps while remaining computationally tractable for industrial use.
The results show that the original one-step optimization already provided useful
local improvements in gas consumption and pressure-profile compliance, but that
sequential evaluation yields a substantially stronger estimate of the policy value.
In the kiln case study, state propagation increased the estimated gas savings and
further improved compliance, showing that credible backtesting in continuous
processes requires more than isolated historical replay.
Overall, within the validated finite-horizon regime of Section 3.6, state propagation
is not a secondary refinement but a necessary component of scientifically defensible
offline evaluation in continuous industrial optimization. In this setting, the
simulator acts as a short-horizon counterfactual state propagator rather than an
unrestricted digital twin, capturing both locally favorable actions and their effect
on future operating conditions.
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project, in collaboration with the University of Seville, as part of OGA’s research and
development activities in artificial intelligence and process optimization.
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