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ABSTRACT

Energy Baselines (EnBs) provide a reference for evaluating Energy Key Performance Indicators
(eKPIs), and their establishment is mandated under ISO 50001. Since eKPlIs are typically defined
per functional unit, such as product, recipe or recipe phase, EnBs should not be averaged across
heterogeneous operating conditions but instead be defined in a context-specific manner. This re-
quires detailed mechanistic models or sufficiently rich operational data for statistical approaches,
both of which are often unavailable in highly flexible, semi-continuous production systems.This
paper proposes a four-stage framework for the automated generation of surrogate EnBs to ad-
dress this gap. In the first stage, the relevant training data space is defined, including non-influ-
enceable variables (e.g., equipment deviations), design parameters (e.g., material properties), and
adaptable recipe parameters (e.g., operating conditions and control actions). In the second stage,
these parameters are systematically varied to automatically generate a labelled dataset repre-
senting process dynamics and energy behavior. The third stage trains and evaluates candidate
surrogate models using the PRESTO recommendation framework, followed by a global sensitivity
analysis based on Sobol indices to identify the dominant drivers of energy performance.The
framework is demonstrated using a stirred tank reactor at laboratory (2 L) scale. The results show
that Random Forest surrogates provide reliable performance across a wide operating range and
that recipe parameters, particularly mixer rotational speed, dominate energy efficiency. Future
work will address scalability to other equipment types and reactive processes.
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INTRODUCTION

Energy efficiency has become a central objective in
the design and operation of chemical and biochemical
production systems, driven by economic pressure, regu-
latory requirements, and sustainability targets [1]. Energy
Management Systems (EnMS), standardized under ISO
50001, provide a structured framework for monitoring,
evaluating, and improving energy performance [2]. Cen-
tral to an EnMS is the definition of Energy Key Perfor-
mance Indicators (eKPIs) together with appropriate En-
ergy Baselines (EnBs), which serve as reference points
for performance assessment, deviation detection, and
verification of energy savings [2, 3].

In industrial practice, eKPIs are commonly ex-
pressed per functional unit, such as product [4], batch,
recipe, or recipe phase [3]. This is particularly relevant for
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batch and semi-continuous processes, where production
is governed by structured recipes as formalized in the
ANSI/ISA-88 standard [5]. Consequently, meaningful
EnBs must reflect the operational context in which the
eKPls are evaluated [3]. Averaging energy performance
across heterogeneous recipes or operating modes can
lead to misleading conclusions and conflicts ISO 50006
principles [6].

These challenges are particularly pronounced in
flexible and modular production systems, where frequent
reconfiguration, short production campaigns, and evolv-
ing system configurations limit the availability of suffi-
ciently rich historical operating data. To address this, this
work proposes a four-stage workflow for generating sur-
rogate, context-specific EnBs based on systematically
generated recipe-based process data and demonstrates
its applicability using stirred-tank reactor case study.
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FUNDAMENTALS

Energy Baselines and Energy Performance
Indicators

EnBs and energy performance indicators (EnPIs) are
fundamental elements of EnMS. ISO 50001 [2] defines
EnBs as quantitative reference points against which
changes in energy performance are assessed, while ISO
50006 provides guidance on their consistent establish-
ment with respect to variables that significantly influence
energy performance.

ISO 50006 distinguishes between influenceable pa-
rameters, defined as measurable factors whose values
can change and that have a significant influence on en-
ergy performance [3, 6], and non-influenceable parame-
ters, defined as measurable factors whose values are
fixed or nearly fixed over the period under review but still
significantly affect energy performance [4, 6].

Recipe-Based Operation

Batch and semi-continuous processes are typically
operated using recipes, as formalized in the ANSI/ISA-88
[5]. Recipes describe the sequence of operations, set-
points, control actions, and phase transitions required to
produce a given product [7]. In modular plants, recipes
play an even more prominent role, as the same equip-
ment modules may be reused across different products
and operating modes.

Surrogate Modeling

Surrogate models are widely used to approximate
complex process behavior when detailed mechanistic
models are computationally expensive or difficult to
maintain [8, 9]. In the context of energy systems, surro-
gate models have been applied for energy performance
analysis, optimization, and decision support [4]. Common
surrogate techniques include regression models, Gauss-
ian processes, and ensemble methods such as Random
Forest [10].

PROBLEM DEFINITION AND SCOPE

Conventional approaches to EnBs definition typi-
cally assume a stable operating context or rely on aver-
aging energy performance across multiple operating
conditions [6]. In recipe-driven batch systems, such av-
eraging is inappropriate, as different recipes and recipe
phases can exhibit fundamentally different energy be-
havior. Applying a single baseline across heterogeneous
recipes may therefore mask inefficiencies and lead to
misleading energy related performance assessments.

These limitations are further amplified in highly flex-
ible and modular production systems, where frequent re-
configuration, and ongoing system evolution prevent the
accumulation of sufficiently rich historical operating data.
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As a result, purely data-driven EnBs approaches become
impractical, while the development and maintenance of
detailed mechanistic energy models that capture non-in-
fluenceable effects are often costly. Despite the growing
use of surrogate models for energy performance analy-
sis, existing approaches rarely explicitly account for rec-
ipe-based operation and typically rely on historical plant
data collected under fixed operating modes.

To address this gap, this work focuses on the gen-
eration of surrogate EnBs models using systematically
generated simulation data from structured recipe execu-
tion. Deterministic process models are executed repeat-
edly under varying parameter realizations, with particular
emphasis on recipe parameters.

FRAMEWORK FOR ENERGY BASELINES
SURROGATE GENERATION

This section presents a four-stage framework for
the generation of surrogate EnBs models using recipe-
based simulation data. The framework is designed to ad-
dress the lack of sufficiently rich operational data and the
limited applicability of conventional EnBs approaches in
highly flexible, semi-continuous production systems. Ra-
ther than replacing detailed mechanistic models, the pro-
posed framework leverages such models as high-fidelity
data generators to derive computationally efficient and
interpretable surrogate EnBs representations.

I. Definition of the Training Data Space

The first stage focuses on the systematic identifica-
tion and definition of the training data space for the EnBs
surrogate model. As EnBs are inherently dependent on
the operating context, it is essential to explicitly charac-
terize the dimensions along which energy performance
may vary. To this end, the parameter space [11] is struc-
tured into state variables describing the instantaneous
dynamic condition of the system, model parameters rep-
resenting physical and structural characteristics such as
material properties and equipment geometry, recipe pa-
rameters capturing adaptable operational decisions in-
cluding setpoints, phase durations, and control actions,
input variables corresponding to external operational in-
puts, and output variables comprising energy-related
quantities and derived eKPls.

For each free parameter, appropriate bounds and
probability distributions are defined, enabling a system-
atic exploration of feasible operating scenarios and en-
suring that the generated dataset adequately represents
the expected process dynamics and corresponding en-
ergy behavior. This structured definition of the training
data space provides a consistent basis for generating
representative simulation data to train reduced-order
surrogate models for EnBs definition and analysis. While
the framework includes all parameter categories as
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potential dimensions of the training data space, individual
studies may fix selected subsets depending on the anal-
ysis objective and system scope.

Il. Automated Data Generation

In the second stage, the defined parameter space is
systematically explored to generate labelled process
data in an automated manner. All free parameters identi-
fied in Stage | are varied and combined according to their
respective probability distributions, while the underlying
process model is executed repeatedly using different pa-
rameter realizations. The simulations are carried out in
gPROMS, with automated execution, parameter variation,
and data extraction orchestrated via Python-based
workflows. In particular, recipe parameters are explicitly
varied, enabling the same recipe structure to be evalu-
ated under a wide range of operating conditions.

Each simulation run yields a labelled data point com-
prising sampled input parameters and corresponding en-
ergy-related outputs. As the deterministic, noise-free
process model is computationally expensive, the result-
ing dataset serves as a controlled reference for training
surrogate models, enabling efficient EnBs evaluation,
comparison across operating contexts, and sensitivity
analysis without reliance on historical plant data.

A stratified sampling strategy is employed to ensure
representative coverage of the feasible operating do-
main, resulting in a total of N simulation runs. The gener-
ated dataset represents idealized system behavior with-
out measurement noise or structural model mismatch and
is therefore intended for surrogate model development
rather than direct representation of real plant variability.

While this provides a controlled benchmark for
methodological development, it may lead to optimistic
surrogate performance compared to real plant condi-
tions. In practical applications, measurement noise, sen-
sor uncertainty, and model-plant mismatch may affect
predictive accuracy. Future work should therefore con-
sider noise-augmented datasets and validation against
measured plant data to ensure robustness.

lll. Surrogate Model Training and Selection

In the third stage, the generated dataset is used to
train candidate surrogate models for approximating the
EnBs. The objective of the surrogate models is to capture
the functional mapping between the selected input pa-
rameters and the resulting eKPIs. To enable a systematic
and reproducible model selection, the PRESTO (Predic-
tive REcommendation of Surrogate models To approxi-
mate and Optimize) [12] framework is employed. PRESTO
assesses candidate models based on the characteristics
of the dataset and the modeling task and recommends
suitable surrogate structures accordingly.

The dataset is divided into training and test subsets
using a fixed split to enable unbiased evaluation of
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predictive performance. All candidate surrogate models
are trained using identical input parameter sets and eval-
uated on the same test data. Hyperparameters are not
exhaustively optimized but are retained at default or
PRESTO-recommended values to ensure a consistent
and reproducible comparison. The objective of this stage
is therefore comparative model screening rather than ex-
haustive surrogate tuning.

While this ensures a fair and reproducible compari-
son, it may disadvantage models sensitive to hyperpa-
rameter selection. Therefore, the reported performance
reflects comparative behavior under standardized set-
tings rather than maximum achievable accuracy.

IV. Global Sensitivity Analysis

The final stage focuses on improving the interpret-
ability of the surrogate EnBs model and identifying the
most influential parameters governing energy perfor-
mance. To this end, a global sensitivity analysis [13]
based on Sobol indices is conducted using the trained
surrogate model. Both first-order (S;) and total-order (Sy)
Sobol indices are computed to quantify the individual
contributions of each parameter as well as their com-
bined interaction effects on the variability of the eKPls.
This analysis enables the identification of dominant pa-
rameters, the differentiation between influenceable and
non-influenceable drivers of energy performance, and
the assessment of the relative importance of recipe pa-
rameters in comparison to model parameters. Sobol indi-
ces are computed using surrogate model predictions ra-
ther than direct evaluations of the mechanistic model and
may therefore be affected by approximation errors, par-
ticularly in regions with limited training data or lower pre-
dictive accuracy. While the high fidelity of the selected
surrogate mitigates this effect, the results should be in-
terpreted with consideration of potential surrogate-in-
duced bias.

CASE STUDY: STIRRED TANK REACTOR

A stirred tank reactor (STR) having a total volume of
2 L is considered as the case study for process data gen-
eration. Figure 1 shows a schematic of the STR used in
this study. The reactor is equipped with a thermal jacket
for temperature control and inlet streams for reactants.
Here, red and black colors highlight energy and mass
streams, respectively, while the reactor dimensions are
indicated in grey color.

The case study is intentionally selected as a struc-
turally simple and well-understood system in order to iso-
late and demonstrate the proposed recipe-based EnBs
surrogates generation framework without introducing
additional complexity from reaction kinetics or phase be-
havior. In reactive systems, additional complexities are
expected due to nonlinear coupling between mass and
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energy balances, reaction heat effects, and concentra-
tion-dependent dynamics. These factors may increase
model stiffness and introduce multiple operating re-
gimes, requiring denser sampling and potentially more
expressive surrogate structures. Nevertheless, the pro-
posed framework remains applicable in principle and pro-
vides a foundation for such extensions. This allows the
methodological aspects related to recipe execution, en-
ergy flows, and operating-context variability to be ana-
lyzed in a transparent manner.
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Figure 1. Schematic of the stirred tank reactor

The following assumptions are adopted to simplify
the system modeling. Thermophysical fluid properties,
such as density and heat capacity, are assumed to be
constant and independent of temperature. The reactor
contents are considered perfectly mixed, ensuring a spa-
tially uniform temperature within each control volume.
Reactor fouling and surface deposition effects are ne-
glected, and the overall heat-transfer coefficient is
therefore assumed to remain constant.

As the system contains only water, the reactor tem-
perature dynamics are governed by the balance between
heat transfer from the jacket, heat losses to the environ-
ment, and agitation-related heat input. The jacket tem-
perature dynamics are described by the balance be-
tween the inlet enthalpy flow, heat exchange with the re-
actor, and heat losses to the environment:

% = m(UKARJ(TJ —Tr)

+ UrgAre(Tamb — Tr)
+ Qmix)

The reactor—jacket heat transfer area and reactor
height are given by:

)
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2
Agy = mDghg + —ﬂfR (2)
_ AV
R nD3 (3)
DZ
Ags =% (4)

The agitation-induced heat input is modeled via an
empirical power correlation:

Qmix = NpprN>D] (%)
_ 326 prND? .
Np = Re0 3 ;Re = ™ > <10 (6)
0484 _ ppND? .
P ™ Re0.079 ° - Ur = 210 7)

The jacket temperature dynamics are described as
and the jacket-environment heat transfer area is given
by:

el (FtginCor(Tyin — 1))
dt P]VJCp] JintpJ\4Jin J (8)
— UgAgy(Ty — Tg)
+ UrpAse(Tamp — T1))
DZ
A]E = ﬂDThU + % (9)

A Pl temperature control loop with sensor and actu-
ator dynamics is implemented. The measured reactor
temperature evolves according to:

dTRmeas _ (TR — TRmeas)
dt T, (10)
€= _(Tsp — Trmeas) (1
dl e
it (12)
Myynsar = Ke (e+ I) (13)
m]clamped

. (14)
= Max (Mypin, Min (Myypsars Mymax))

de' _ Myclamped — My
dt — 7, (15)

The reactor energy balance accounts for heat trans-
fer between the reactor and the surrounding jacket, char-
acterized by the overall heat-transfer coefficient Uy and
the reactor—jacket heat-transfer area Ag;, as well as heat
losses to the environment and agitation-related heat in-
put. The quantities pg,c,z, and Tz denote the density,
specific heat capacity, and temperature of the reactor
contents, respectively, while p;,c, ;,V;, and T; describe
the corresponding properties of the jacket. The thermal
input to the jacket is represented by the inlet mass flow
rate my;; and inlet temperature T;;, which together

1339



determine the enthalpy flow driving the jacket tempera-
ture dynamics. Geometric parameters include the reactor
volume V4, reactor diameter Dy, impeller diameter D,, and
characteristic heights hi and h,, which define the rele-
vant heat-transfer areas. Agitation is characterized by
the impeller speed N, power number Np, and Reynolds
number Re, with u denoting the dynamic viscosity of the
reactor fluid. The Pl controller is defined by the tempera-
ture setpoint Ty, controller gain K., integral time constant
t;, and actuator time constant z,, with the jacket mass
flow constrained between my 1, and my -

In this work, several eKPIs are considered, with a
particular focus on thermal energy performance. The re-
actor heat exchange duty (Qg;) quantifies the useful heat
transferred between the reactor and the jacket. Heat
losses are captured by two additional indicators, the re-
actor heat loss (Qg 0s5), describing heat dissipated from
the reactor to the environment, and the jacket heat loss
(Qr10s5), representing losses from the jacket to the sur-
roundings. Based on these quantities, the thermal effi-
ciency (n) is calculated as defined in Eq. (19), expressing
the share of useful thermal energy relative to the total
supplied heat, including unavoidable losses.

Qry = UgAr(Ty — Tr) (16)
Qriloss = UReAR(TR — Tamb) (17)
Qrtoss = UrigAr(Ty — Tamp) (18)

Qs

= - 100 19
7 QRJ + Q]loss + QRloss ( )

Here, the quantities Ag;, Agp, and A correspond to
the reactor—jacket, reactor-environment, and jacket-en-
vironment heat-transfer areas, respectively. Uy, Ugg, and
Ui are the associated heat-transfer coefficients.

While these eKPIs quantify instantaneous or batch-
level energy performance, they are not directly used as
EnBs. Instead, EnBs are defined in this work as expected
reference values of the selected eKPIs under a specified
operating context, including recipe parameters, system
state, and relevant model parameters. To this end, the
trained surrogate model provides a functional mapping
from the operating context to the corresponding eKPlIs,
thereby serving as a context-dependent EnBs model. For
this system, the parameter space is systematically ex-
plored. State, model, input, and recipe parameters are
summarized in Table 1, while additional derived parame-
ters include Np,Re, Qpix, Mg, AR, ARy Aggs €,y ypsar, and
My clamped- Parameters that directly affect the eKPIs and
can be actively controlled (T, prencats Nimix,sps €LC.) are clas-
sified as influenceable. In contrast, design-specific pa-
rameters that influence the eKPIs only indirectly, through
their impact on system properties or process dynamics,
are considered non-influenceable. Based on the explored
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parameter space, simulation data are generated and
used for training surrogates that provide operationally
meaningful reference values for energy performance as-
sessment.

The reactor operation is defined by a deterministic
batch recipe composed of sequential phases:

1. Preheating: The jacket temperature is set to a pre-
defined value to condition the reactor.

2. Mixing: The agitator operates at a specified rota-
tional speed for a defined duration.

3. Heating: The reactor temperature is increased to a
target setpoint via jacket control.

Table 1: Parameter Space Exploration.

Category Parameters Influenceability
T Influenceable
T, Influenceable
State I
. my Influenceable
variables
I Influenceable
Trimeas Influenceable
Pr Non-influenceable
CpR Non-influenceable
MR Non-influenceable
Py Non-influenceable
Cps Non-influenceable
Dy Non-influenceable
Tomb Non-influenceable
Thin Influenceable
Vi Non-influenceable
V; Non-influenceable
Model Ux Non-influenceable
parameters Urg Non-influenceable
Upg Non-influenceable
Dy Non-influenceable
Dy Non-influenceable
h Non-influenceable
v
K Influenceable
C
. Influenceable
Tl Non-influenceable
T” Non-influenceable
m s Non-influenceable
m”’”" Non-influenceable
Jmax
. T, Influenceable
Input variables P
N Influenceable
Tsp,preneat Influenceable
preneat Influenceable
. N, Influenceable
Recipe mix.sp
£ Influenceable
parameters mix
T Influenceable
sp,heat
¢ Influenceable
heat
¢ Influenceable
batch
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While the recipe structure and phase sequence re-
main unchanged across simulations, recipe parameters,
including temperature setpoints, mixing speed, and
phase durations, are treated as stochastic variables. The
recipe is executed repeatedly while varying selected in-
fluenceable parameters, including temperature setpoints,
mixing intensity, and phase durations. This design iso-
lates the effect of recipe-level variability on eKPls with-
out introducing interference from structural influences.

Parameter bounds and probability distributions are
defined a priori to ensure physically meaningful and op-
erationally feasible scenarios. The process model is exe-
cuted for each sampled parameter set, generating a di-
verse set of operating conditions.

A stratified sampling strategy ensures representa-
tive coverage of the operating domain. In this case study,
10 full batch simulations were performed. Each simulation
produced approximately 662 time-step observations
across four phases, resulting in 6, 621 input-output pairs.
The dataset was split into training (80%) and test (20%)
sets using a fixed random seed. Despite the limited num-
ber of batch simulations, the time-resolved data provides
a sufficiently rich sample set for surrogate model training.
The dataset is not used directly as an EnBs but to train a
surrogate model that predicts expected energy perfor-
mance under a given operating context. These predic-
tions define context-specific EnBs, against which ob-
served or simulated eKPls are compared to assess per-
formance deviations.

RESULTS

Multiple surrogate models, including artificial neural
networks (ANN), extreme learning machines (ELM),
Gaussian process regression (GPR), multivariate adaptive
regression splines (MARS), radial basis function networks
(RBFN), Random Forests (RF), and support vector regres-
sion (SVR), are evaluated using the PRESTO framework.
The PRESTO variant proposed by Williams et al. [12] is
excluded due to limitations associated with the high data
volume required for reliable training. All remaining models
are trained using identical input sets comprising all state,
model, input, and recipe parameters, while excluding the
output variables Tg, Ty, Qgy, Qg 1oss» Qr.10sss @Nd 7.

Input features are standardized prior to training for
models sensitive to feature magnitude (ELM, SVR, ANN,
GPR, RBFN), using parameters derived from the training
dataset and consistently applied to the test data. For RF
and MARS, unscaled inputs are used, as these methods
are invariant to monotonic transformations. Figure 2
compares the predictive performance of the trained
models for the representative output Q-

Parbat et al. / LAPSE:2026.0372

Syst Control Trans 5:1336-1344 (2026)

MARS RBFN RF SVR

ANN ELM GPR

0.03265

0.015 4
0.0104

0.005 4
0.001044 0.000137 0.000137 0.00058110.0005629 g,go0138

0.000 | —— . 7 7 r
MARS RBFN RF SVR

ANN  ELM  GPR
(b)
Figure 2 Performance comparison of
surrogate models (a) R?, (b) RMSE

candidate

Among the evaluated candidates, the RF model con-
sistently exhibits superior predictive accuracy and ro-
bustness and is therefore selected for all subsequent
analyses. SVR exhibits poor predictive performance for
outputs with small magnitudes (~10-"), as the g-insensi-
tive loss (€ = 0.1) is comparable to the target scale, caus-
ing many deviations to fall within the e-tube and thus not
contribute to model learning. ANN similarly exhibit unsta-
ble convergence behavior despite input standardization,
likely due to the high dimensionality of the input space
and the absence of dedicated hyperparameter tuning,
leading to ill-conditioned optimization and unstable gra-
dient updates. No additional data normalization or archi-
tectural tuning was applied to ensure a consistent and
unbiased comparison across surrogates.

Figure 3 presents parity plots comparing RF predic-
tions with reference values obtained from process simu-
lations for all considered outputs and eKPls. Across all
outputs, the surrogate model achieves coefficients of de-
termination (R?) close to unity and low root-mean-square
errors (RMSE), indicating accurate representation of non-
linear relationships over the explored operating space.
Minor deviations occur primarily near the boundaries of
the parameter ranges or for outputs with limited
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Figure 4. Global Sensitivity Analysis Using Sobol Indices

variability, where small absolute errors appear more pro-
nounced. These results confirm that the trained RF sur-
rogate is suitable for representing recipe-dependent
EnBs and is subsequently used for global sensitivity anal-

ysis and performance assessment.

Figure 4 summarizes the first-order (S;
for

order (Sy) Sobol indices

quantifies the independent
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) and total-

outputs
Tr> Ty, Qry» QR joss» Qr.10ss: @Nd 1. While the first-order index

contribution of each

parameter, the total-order index additionally captures in-
teraction effects. Across all outputs, only a small number
of parameters significantly influence the results, while
most parameters have a negligible impact on energy-re-
lated behavior within the studied ranges.

For both reactor temperature (Tz) and jacket tem-
perature (T;), dominant sensitivities are associated with
temperature setpoints, phase definitions, and reactor-
jacket heat-transfer capability. This is physically con-
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sistent, as temperature evolution in a non-reactive sys-
tem is governed by thermal driving forces and heat trans-
fer rates. The gap between total- and first-order indices
indicates strong interaction effects, particularly between
setpoints, heat-transfer capacity, and phase durations,
shaping transient heating behavior.

The reactor—jacket heat transfer Qg; is primarily in-
fluenced by parameters determining the driving force
and transfer rate, notably heat-transfer capability and
recipe-dependent temperature differences and dura-
tions. The observation that S; exceeds S, for key param-
eters confirms the presence of coupled effects, where
both temperature response dynamics and phase dura-
tions govern heat transfer.

Loss-related outputs are most sensitive to temper-
ature gradients, heat-loss coefficients, and phase dura-
tions, reflecting their dependence on both temperature
differences and residence time. Interaction effects, par-
ticularly between setpoints and batch duration, further
influence cumulative losses.

The mixing-related energy Q,,;, exhibits sensitivity
almost exclusively to recipe parameters associated with
mixing intensity and mixing duration, while thermody-
namic and structural parameters remain negligible. This
behavior is consistent with physical expectations for a
recipe-controlled agitation input and confirms that the
surrogate-based sensitivity analysis preserves the in-
tended separation between mechanical energy input and
thermal exchange mechanisms in the adopted lumped,
non-reactive formulation.

In contrast, the efficiency » displays the broadest
sensitivity profile, with multiple contributing parameters
and total-order indices that often exceed the corre-
sponding first-order indices. As a KPI aggregating heat
transfer and losses, it is strongly influenced by interac-
tions between recipe parameters and system character-
istics. Consequently, changes in operational decisions
such as heating targets or phase durations can influence
efficiency to a similar extent as variations in equipment-
related parameters, underscoring the need for recipe-
aware EnBs in batch and modular systems.

CONCLUSION AND OUTLOOK

This work demonstrates the feasibility of a four-
stage framework for generating surrogate EnBs models
from systematically generated recipe-based simulated
data. By combining structured parameter space defini-
tion, automated data generation, surrogate modeling,
and global sensitivity analysis, the framework enables
EnBs definition without reliance on historical data.

Among the evaluated surrogate modeling ap-
proaches, Random Forests are found to be particularly
well suited for the investigated case study, providing high
predictive accuracy and compatibility with global
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sensitivity analysis. However, the optimal surrogate
model choice is expected to depend on the characteris-
tics of the underlying process, the dimensionality of the
parameter space, and the structure of the available data.

The results show that recipe parameters, most no-
tably mixing rotational speed, dominate the variability of
energy-related outputs and eKPls, while equipment-re-
lated parameters primarily influence system behavior
through interaction effects. This provides quantitative
justification for defining EnBs that are explicitly condi-
tioned on recipe context, as aggregation across hetero-
geneous operating regimes can obscure meaningful per-
formance differences. At the same time, the proposed
approach should be understood as a model-based EnBs
support tool whose validity depends on the adequacy of
the underlying mechanistic model and requires validation
against metered process data before deployment in op-
erational EnMS.

Future work will focus on extending the framework
to systems with increased modeling complexity, includ-
ing reactive processes and coupled mass—energy inter-
actions, as well as validating surrogate-based EnBs
against measured process data to enable ISO-compliant
energy performance assessment.
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