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Abstract

This study presents an experimental framework for hybrid grey-box—ARX identification
and constrained model predictive control (MPC) in a 250 L jacketed batch milk pasteur-
izer. The plant was represented as a closed, stirred, energy-accumulating system rather
than as a continuous high-temperature short-time process. The workflow combined man-
ufacturer specifications, field measurements, a batch—jacket grey-box model, local auto-
regressive with exogenous input (ARX) identification in the approach and holding region,
and controller evaluation under common sampling, reference, actuator, and exclusion
conditions. In five paired experimental blocks, the nominal MPC-ARX reduced RMSE by
1.959 °C, IAE by 7801 °C s, specific energy consumption by 0.0081 kWh/kg, overshoot by
3.573 °C, actuator saturation by 44.46 percentage points, and thermal overexposure by
4717 °C s relative to a fixed-parameter PI controller with anti-windup. The optimization
remained feasible at all evaluated instants, with a mean computation time of 6.4 ms for a
5 s control period. Supervised adaptive strategies provided diagnostic value but did not
outperform the nominal MPC. The conclusions are restricted to batches near the nominal
fill condition and the 65 °C/30 min milk recipe.

Keywords: jacketed batch pasteurization; milk thermal processing; batch—jacket grey-box
model; ARX system identification; constrained model predictive control; supervised
adaptive control; energy-efficient process control; thermal overexposure

1. Introduction

Thermal pasteurization integrates food-safety requirements, product stability, qual-
ity preservation, and energy use within a single processing stage. In dairy and other heat-
sensitive products, temperature control must therefore regulate not only the nominal set-
point but also exposure time, thermal overshoot, spatial uniformity, and energy demand.
Recent research has addressed event-based optimization of food thermal processing [1],
energy and exergy performance in milk pasteurization [2], advanced control of continu-
ous-flow ohmic heating [3], adaptive pasteurization control [4], predictive control of ex-
trusion [5], and industrial drying [6]. These applications show the value of incorporating
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process dynamics and operational constraints, but they represent different thermal archi-
tectures and should not be treated as interchangeable evidence.

A jacketed batch pasteurizer differs fundamentally from a continuous high-temper-
ature short-time (HTST) line. The product remains in a stirred sanitary vessel while heat
is transferred indirectly through a service jacket; there is no continuous product flow,
holding tube, or dominant regenerative section. The controlled temperature therefore rep-
resents the thermal state of an accumulated product mass rather than the outlet tempera-
ture of a continuous stream. Appropriate models must account for product and jacket
thermal capacities, wall and heat-loss effects, agitation, spatial temperature dispersion,
actuator limits, and measurement delays. Direct transfer of continuous heat-exchanger or
HTST models to this configuration may therefore produce an incorrect representation of
the plant dynamics.

Thermal-system modeling increasingly combines physical balances with parameter
estimation and operational data. Mechanistic and grey-box representations preserve
physical interpretation and energy consistency, whereas lumped and transfer-function
models facilitate identification, diagnosis, and controller synthesis [7-10]. Online estima-
tion, Kalman-filter-based methods, reinforcement learning, fractional-order formulations,
and physics-informed models have also been used to represent changing heat-transfer
coefficients, uncertainty, and nonlinear thermal behavior [11-14]. For a jacketed batch sys-
tem, this supports the use of a batch—jacket grey-box model as a physical plausibility layer,
provided that its parameters remain admissible and are validated with data not used for
estimation.

PI and PID controllers remain common industrial benchmarks because of their sim-
plicity, low implementation cost, transparency, and operator familiarity [15,16]. However,
fixed tuning may lead to delayed correction, overshoot, oscillation, or unnecessary energy
use in processes affected by high inertia, delay, saturation, fouling, and changing heat-
transfer conditions. Optimized PID, model-free, fractional-order, adaptive, neural-net-
work-based, and uncertainty-compensation strategies have consequently been proposed
for thermal systems [17-22]. Their adoption in food processing nevertheless requires more
than improved tracking: actuator feasibility, thermal constraints, holding-time traceabil-
ity, and operational stability must also be preserved.

Model predictive control (MPC) is attractive for jacketed batch pasteurization be-
cause it can anticipate thermal evolution, penalize abrupt input changes, and enforce
power and temperature constraints. Its performance depends on prediction and control
horizons, cost-function weights, constraint formulation, and solver feasibility [23-29]. Au-
toregressive models with exogenous input (ARX) provide a compact discrete representa-
tion for this purpose because they relate current temperature to delayed inputs and past
outputs. Robust, adaptive, predictive, and state-dependent ARX formulations have been
reported for nonlinear or time-varying systems [30-33].

Previous pasteurization studies provide important foundations but address different
process configurations. Khadir and Ringwood developed a first-principles control-ori-
ented representation of an industrial pasteurizer assembled from plate and brazed heat
exchangers [34]. Ibarrola et al. studied predictive control of a continuous HTST process
[35], while Niamsuwan et al. evaluated multivariable MPC for milk pasteurization
through simulation [36]. Experimental comparisons of PID, MPC, and adaptive MPC have
also been reported for continuous-flow ohmic heating [3], with related predictive-control
applications in extrusion [5] and drying [6]. These systems involve continuous transport,
outlet-temperature dynamics, direct volumetric heating, or multistate flow behavior and
do not directly reproduce the energy accumulation, indirect jacket transfer, agitation, spa-
tial temperature dispersion, and batch-level replication of a closed jacketed pasteurizer.
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This study develops and experimentally evaluates a traceable hybrid grey-box—ARX
identification and control framework for a 250 L jacketed batch milk pasteurizer. The
framework combines a batch—jacket grey-box model for physical and energy interpreta-
tion with a local ARX predictor identified in the approach and holding region. A fixed-
parameter PI controller with anti-windup is compared with a nominal constrained MPC
under common sampling, reference, actuator, and exclusion conditions, while supervised
ARX observation, PI retuning, and adaptive MPC are evaluated separately as diagnostic,
secondary, and exploratory extensions.

The contribution is methodological and experimental rather than algorithmic. The
study integrates measured active electrical power, three-sensor spatial temperature su-
pervision, formal acceptance and rejection criteria for adaptive updates, independent
model-validation records, and batch-level paired controller comparisons. This design al-
lows tracking, energy consumption, actuator saturation, feasibility, and thermal overex-
posure to be evaluated within a unified workflow. The conclusions are restricted to the
experimentally represented operating domain and do not imply universal MPC superior-
ity, microbiological validation, or sanitary certification.

2. Theoretical Background
2.1. Jacketed Batch Pasteurization as a Controlled Thermal Process

Thermal pasteurization links food safety, product stability, quality preservation, and
energy consumption within a single dairy-processing stage [2,37,38]. From a control per-
spective, reaching the nominal setpoint is insufficient: the controller must also limit over-
shoot, avoid insufficient thermal treatment, maintain the required holding condition, re-
duce unnecessary heating, and operate within actuator and safety constraints. These re-
quirements have been addressed directly in pasteurization control [4,35,36] and, in related
food thermal processes, through event-based optimization [1], continuous-flow ohmic
heating [3], extrusion [5], and drying [6].

The evaluated jacketed batch pasteurizer differs fundamentally from continuous
high-temperature short-time (HTST) systems, in which product flow, residence time, re-
generation, heating, holding, and cooling are coupled [39-41]. Here, milk remains in a
stirred vessel and receives heat indirectly through a service jacket; consequently, the con-
trolled temperature represents an accumulated product mass rather than the outlet of a
continuous stream.

This architecture requires consideration of energy accumulation, batch—jacket and
wall heat transfer, mixing and spatial dispersion, actuator limits, and sensor delay. Con-
tinuous heat-exchanger or HTST models therefore require reformulation. Accordingly,
the complete batch was the experimental unit, while time samples were used only for
identification, prediction, controller execution, and performance calculation.

Thermal overexposure was also distinguished from microbiological lethality. The
former is a linear degree—time indicator of controller-induced thermal excess, whereas
equivalent lethality F(Tyf, z) exponentially weights the complete temperature trajectory
using target-specific kinetics. The conventional F, value, defined at 121.1 °C with z = 10
°C, is a sterilization metric and not the appropriate primary criterion for the evaluated 65
°C pasteurization treatment. A microbiologically meaningful pasteurization value re-
quires validated D- and z-values for the relevant microorganism—matrix combination
[42,43].

2.2. Hybrid Grey-Box—ARX Identification for Thermal Systems

Model-based control depends on whether the selected representation is appropriate
for prediction, optimization, and controller design [16,44,45]. First-principles models
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based on mass and energy balances preserve physical interpretability and help to verify
consistency with the plant configuration [34,41]. However, detailed modeling of jacketed
food-processing equipment is limited by uncertainty in heat-transfer coefficients, jacket
dynamics, wall thermal capacity, product properties, mixing, heat losses, and sensor de-
lays.

Data-driven system identification provides a complementary representation by esti-
mating dynamic relationships directly from experimental input—-output records [44]. It
can capture plant-specific behavior such as actuator saturation, sensor response, local
losses, and operating constraints, but a purely empirical model may reproduce short-term
behavior without preserving physical or energy consistency.

The hybrid grey-box—ARX framework provides a practical compromise. The batch—
jacket grey-box model preserves the process energy structure and supplies physically
meaningful bounds, whereas the ARX predictor provides a compact discrete representa-
tion for short-horizon control in the approach and holding region. This combination is
consistent with work on heat-exchanger modeling and monitoring [7,8,10], experimental
parameter estimation [12], mechanism-supported thermal modeling [14], and compact
ARX-based predictive structures [30-33].

The objective is not to reproduce the complete batch cycle through a high-fidelity
simulator. Instead, the grey-box model acts as a physical and energy plausibility layer,
while the ARX predictor supports local prediction and real-time constrained MPC.
Throughout this manuscript, “batch—jacket grey-box model” refers to the physical two-
state representation, whereas “hybrid grey-box—ARX framework” refers to the combined
use of this model and the local ARX predictor.

2.3. PI/PID Controllers as Industrial Benchmarks

PI and PID controllers remain standard benchmarks for industrial thermal systems
because they are simple, transparent, widely available in automation platforms, and fa-
miliar to plant operators [15,16]. In jacketed batch pasteurization, they regulate the mean
product temperature by manipulating electrical heating power or an equivalent thermal
input. They therefore provide an appropriate conventional baseline for determining
whether predictive control yields a practically meaningful improvement.

Fixed-parameter feedback is nevertheless reactive. In systems affected by high ther-
mal inertia, indirect heating, actuator saturation, sensor delay, fouling, or changing heat-
transfer conditions, fixed tuning may lead to delayed correction, overshoot, oscillation,
prolonged settling, or unnecessary energy use. Fouling and heat-transfer degradation can
also modify process gain, delay, and dominant time constants [46—48].

Alternative approaches include optimized PID and model-free control [18,22], frac-
tional-order control [20], adaptive and neural-network-based tuning [17,19], and predic-
tive thermal control [21]. Their use in food processing must be assessed beyond tracking
accuracy because actuator activity, thermal constraints, holding-time traceability, and op-
erational stability must also be preserved. Accordingly, this study uses a fixed-parameter
PI controller with anti-windup as the conventional benchmark under the same reference,
sampling, actuator, and exclusion conditions applied to MPC.

2.4. Constrained Model Predictive Control for Energy-Aware Thermal Regulation

Model predictive control uses a dynamic model to forecast process outputs over a
finite horizon and determines the control action by solving an optimization problem at
each sampling instant [40,45]. For jacketed batch pasteurization, MPC is attractive because
it can anticipate temperature evolution, limit abrupt changes in heating power, enforce
actuator constraints, and penalize trajectories associated with excessive thermal exposure.
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Predictive control has been studied directly for industrial and milk pasteurization
systems [34-36]. Related experimental and industrial applications include continuous-
flow ohmic heating [3], extrusion [5], drying [6], and heat-exchanger control [25,29]. More
broadly, MPC studies show that horizon selection, penalty weights, constraint formula-
tion, and computational feasibility directly affect tracking and energy performance
[23,24,26-28].

In this study, constrained MPC uses the nominal ARX predictor identified in the ap-
proach and holding region. The ARX model provides short-horizon predictions, whereas
the batch—jacket grey-box model retains the plant’s physical and energy interpretation.
This division favors feasibility, traceability, and real-time implementation over a more
complex black-box strategy.

The expected advantage over the fixed-parameter PI controller is not limited to lower
setpoint error. Anticipating the thermal trajectory may also reduce overshoot, actuator
saturation, unnecessary energy use, and thermal overexposure. Controller performance
was therefore evaluated using tracking error, accumulated error, actuator activity, satu-
ration, specific energy consumption, valid holding time, optimization feasibility, and
computation time.

2.5. Supervised Adaptation and Operational Hypotheses

Supervised adaptation may be useful when thermal dynamics vary because of drift,
product variability, sensor behavior, fouling, or heat-transfer degradation. Adaptive con-
trol has been studied directly in pasteurization [4] and in related thermal systems using
mechanism-supported estimation and adaptive tuning [14,17,19]. However, online up-
dates may become unreliable under insufficient excitation, actuator saturation, invalid
measurements, mode transitions, or physically inadmissible parameter estimates.

Broader robust adaptive frameworks address time-varying uncertainty and unmod-
eled nonlinear dynamics. Liu et al. [49] proposed a hierarchical adaptive formation-track-
ing method that separates exosystem estimation from the control layer and applies the
congelation-of-variables principle to establish boundedness and convergence. Liu et al.
[50] developed a congealed neural-network architecture that decomposes time-varying
uncertainty into an adaptively estimated component and a nonlinear residual, with an
additional robust term to attenuate approximation bias. These approaches illustrate how
hierarchical estimation and residual approximation can extend fixed-dimensional linear
adaptation. However, they were developed for networked or spatiotemporal nonlinear
systems and are not directly transferable to the lumped single-unit pasteurizer. They
therefore motivate future extensions rather than validate the present ARX-RLS design.

Accordingly, adaptation was treated as a supervised extension rather than an auto-
matic replacement for nominal MPC. C1 operated as an observation-only ARX-RLS layer
that screened candidate updates before they could affect C2 or C4, thereby separating
controller improvement from effects caused by re-identification or retuning.

Five operational hypotheses were evaluated:

H1. The hybrid grey-box—ARX framework combines physical consistency, parsimony, and local
predictive capacity.

H2. Nominal constrained MPC-ARX reduces tracking error relative to fixed-parameter PI control
without compromising holding conditions, actuator constraints, feasibility, or real-time execution.

H3. Supervised adaptation improves performance under slow drift only when updates are suffi-
ciently excited, stable, physically admissible, and diagnostically justified.
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H4. Constrained MPC or supervised adaptation reduces specific energy consumption or thermal
overexposure while preserving non-inferior tracking.

H5. Adaptive MPC improves multihorizon prediction only when its predictive benefit outweighs
any increase in energy use or actuator activity.

3. Materials and Methods

The methodology was developed for a 250 L jacketed batch milk pasteurizer treated
as a closed, stirred, energy-accumulating system rather than as a continuous high-temper-
ature short-time (HTST) line. During heating and holding, the plant had no continuous
product flow, holding tube, or dominant regenerative section. The workflow combined
plant specifications, a batch—jacket grey-box model, and a local ARX predictor for short-
horizon control. Fixed PI control, supervised adaptive extensions, and constrained MPC-
ARX were evaluated under common sampling, reference, actuator, and exclusion condi-
tions.

Manufacturer and design specifications defined the physical domain, model initiali-
zation, plausibility bounds, and operating constraints. Experimental measurements were
used for parameter estimation, independent validation, controller comparison, and en-
ergy-performance calculation. Thus, specifications established admissible limits, whereas
the reported results were derived from measured experimental batches.

3.1. Experimental Design and Comparative Architecture

The complete batch was the experimental unit. Time samples supported identifica-
tion, prediction, controller execution, and indicator calculation but were not treated as
independent statistical replications. The primary confirmatory comparison was C3-CO0:
nominal constrained MPC based on the fixed ARX model versus fixed-parameter PI con-
trol with anti-windup. C1 was an observation-only adaptive ARX layer, C2 was evaluated
secondarily against CO, and C4 was evaluated exploratorily against C3.

All strategies used the same control period, actuator limits, reference trajectory, ena-
bled sensors, initial-condition criteria, and scenario definitions. C4 was kept separate from
the C3-C0 comparison to preserve the confirmatory role of the nominal MPC.

The C3—CO0 contrast was a practical industrial benchmark, not a complexity-matched
controller comparison. CO included anti-windup, actuator saturation, input-rate limita-
tion, and bumpless transfer; its tuning was fixed after the pilot stage. The comparison
therefore quantified the incremental benefit of prediction and explicit constraint handling
relative to this conventional baseline, but not superiority over gain-scheduled PI, nonlin-
ear PID, adaptive control, nonlinear MPC, or other advanced strategies. Table 1 summa-
rizes the controller architecture, associated model, comparative role, and main evidence
used in the study.

Table 1. Controller architecture and comparative role.

Code Strategy Associated Model Comparative Role Main Evidence
. Reduced grey-box/ARX . )
Fixed-parameter PI control- . . Conventional benchmark and RMSE, IAE, overshoot, saturation, ac-
. L support for tuning and in- . . N
ler with anti-windup . fallback strategy tuator activity, valid holding time
terpretation

Cl Adaptive ARX observer

Separates online identification
Mugrx k from improvement in control
performance

Predictive error, accepted/rejected up-
dates, parameter stability

Supervised self-tuning PI
controller

Secondary comparison under RMSE, IAE, saturation, energy use,

M,
ARX K slow drift admissible parameter update
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RMSE, IAE, specific energy consump-
tion, overshoot, saturation, feasibility,
computation time

Multihorizon prediction error, feasibil-
ity, computation time, fallback activa-
tions

Nominal constrained MPC- Primary predictive compari-

Fixed M,
e ARX ixed Marx son against C0

Exploratory extension under

C4  Adaptive MPC-ARX Marxx reproducible drift

3.2. Experimental Plant and Operating Domain

The experimental plant was a sanitary jacketed batch pasteurizer with a gross capac-
ity of 300 L and a useful capacity of 250 L. It comprised an external service jacket, indirect
electrical heating, service-fluid recirculation, and mechanical agitation. As shown in Fig-
ure 1, the applied command drove the SCR heater, active electrical power was measured
at the heater input, and heat was transferred through the service jacket to the accumulated
product mass. Agitation influenced mixing, spatial temperature dispersion, and effective
batch—jacket heat transfer. Product-temperature, jacket-temperature, and active-power

measurements were returned to the controller and supervisory system. This architecture
defined the boundaries of the batch—jacket grey-box model, ARX predictor, and MPC for-
mulation.

Agitation
N [rpm]
90 rpm nominal
Electrical Mixing, spatial
power uniformity, and
supplied, effective UA
A4

Py [kW]

Sanitary batch

Service jacket
tank

Controlller C0-C4 |

apot [

%] SCR heater

Qs [KW] Surroundings

T.=6s  }f------ A =175m? -
s=9S P, =24 kw i V,=250L
constraints and Vi=35L T,[°C)

supervision P,; measured [KW] C e M b [kg]
. 5 5 : jins Tjout [eC] Ton1:3[°C]
A : : :
3 1 | P,y [kW] | | l
P Toins Tyou [°C] 3 1
1 e e e e e e e e e e | i
3 1
: T Toins AT, [°C] |
e e :

—> = physical energy / heat-transfer path
— =mechanical action

————— » = control/measurement signal

Figure 1. Functional diagram of the jacketed batch pasteurizer. Thick solid arrows denote energy or
heat-transfer paths, thin solid arrows denote mechanical action, and dashed arrows denote control
or measurement signals. Labels include the applied command u,,p (%), measured active power Pe;
(kW), modeled jacket-to-batch heat transfer Q, i (kW), heat loss Qloss (kW), product and jacket tem-
peratures (°C), agitation speed N (rpm), and control period Ty (s).

Table 2 summarizes the plant specifications and operating conditions used for mod-
eling, identification, and control.
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Table 2. Plant parameters used for modeling, identification, and control.

Quantity

Reference Value Status Methodological Use

Useful/gross capac-

ity

Defines nominal batch capacity, headspace,

250 L/300 L Manufacturer specification .
and equipment geometry

Permissible fill range

Equipment operating specifi-
150-250 L cation; not fully validated ex-
perimentally

Defines equipment limits and future fill-level
robustness scenarios

Thermal recipe

65 °C setpoint; 30 min holding; 63

Defines the regulation target and operational

Experimental protocol
xperimental pr holding criterion

°C threshold

Supports jacket-capacity and conductance

Service jacket A;j=175m%V; ~35L Design values .
calculations
. 24 kW electrical heater with SCR . . Defines the actuator limit and measured in-
Heating system . Verified and monitored .
actuation put for energy calculations
Hot/cold service 3.0/4.0 m?/h Monitored when available Characterizes servlic.e-side disturbances and
flow heat-transfer conditions
Defines the cooling mode, which was ex-
Cold i 0-2 °C; 20-25 kW Equi t refs . ’
o1 service qripment referenice cluded from the heating ARX model
Aitation 90 rpm nominal; 60-120 rpm per-Nominal operating condition Supports mixing, spatial uniformity, and
& missible range and equipment specification heat-transfer interpretation
Three product Pt100 sensors; two . . .
. . . Provides control outputs, supervision varia-
Instrumentation jacket Pt100 sensors; power, flow, Experimental setup

and VFD signals

bles, disturbances, and energy data

Acquisition and con- 1-2 s raw acquisition; 5 s control

trol

Fixed Defines causal resampling and execution of
period ARX, RLS, PI, and MPC algorithms

Initial thermal pa-
rameters

Cm = 1.04 MJ/K; Ty = 790 W/K Initial grey-box values

Supports model initialization and heating-
time plausibility assessment

The permissible 150250 L fill range was not fully represented experimentally; the
analyzed batches were concentrated near the nominal 250 L condition. The study there-
fore evaluates batch-to-batch variability near nominal fill rather than robustness across
the complete equipment range.

The batch cycle comprised loading, mixing, rapid heating, approach, holding, cool-
ing, and discharge. ARX identification and the C3-C0 evaluation were restricted to the
approach and holding region, where a local predictor was considered appropriate. Rapid-
heating data supported energy-balance and effective-capacity assessment, whereas cool-
ing was treated separately because its service conditions and heat-flow direction differed
from heating and holding.

All confirmatory experiments used milk and the same recipe: a 65 °C setpoint, 30 min
holding period, and 63 °C minimum operational threshold. The observed batch mass, in-
itial temperature, and agitation ranges were 242.57-270.42 kg, 17.53-24.46 °C, and 60-120
rpm, respectively. These ranges define the empirical domain; the complete fill range, al-
ternative recipes, and other dairy formulations were not experimentally validated.

3.3. Signals, Instrumentation, and Data Acquisition

The controlled output was the mean batch temperature calculated from three valid
product sensors:

Nt
1
V) = Trnang () = = ) T (), Ny =3 M

Independent supervision used the minimum product temperature and the spatial
temperature dispersion:

Tm,min (k) = m.inTm,i(k), ATm(k) = m,ame,i(k) - m,inTm,i (k) (2)
i i i
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Valid holding time was accumulated only when all sensors remained valid, the min-
imum product temperature exceeded the required threshold, and the spatial dispersion
remained within the admissible tolerance:

thold,val = T Z 1 [Tm,min(k) 2 Treq A ATm(k) =< ATadm] (3)
k€Knota

This criterion was used as an operational engineering indicator of time—-temperature
compliance. It was not interpreted as microbiological validation or sanitary certification.

The manipulated input was the normalized heating command u(k) € [0,1]. How-
ever, energy calculation and energy identification were based on measured active electri-
cal power. The command-to-thermal-power relationship was retained only as an auxiliary
model:

Pen(k) = nen (k) Pyu(k), 0 <mep(k) <1 (4)

Raw data were acquired using a common time reference at 1-2 s. Control execution,
ARX prediction, RLS updating, and MPC optimization were performed at Ts = 5 s after
causal resampling. Table 3 summarizes the critical measured and derived signals.

Table 3. Measured and derived variables and their methodological function.

Signal Unit Source Use in the Study
Tooiss oC Product PH00 sensors Ca.lc.ulatilon of y., Tynmin, 4T, holding validation, and
mixing diagnosis
Too o oC Jacket inlet/outlet sensors Estimation (.)f jacket temperature, service balance, and
o measured disturbance
Physical input, ifi tion, and en-
P.y, Eu KW, kWh Electrical power analyzer ysical input, specific energy consumption, and en
ergy-balance check
U, U ) Controller/supervisor Computed command and applied command after satu-

ration, ramp limits, and interlocks

Vj/ N/ Ta/ mp

m3/h, rpm, °C, k

Flow meter, VFD, ambient sen- Disturbances, blocking factors, and effective-capacity
& sor, weighing calculations

Status and alarms

Code PLC/supervisor Segmentation, exclusion criteria, safety, and traceability

Data were partitioned by batch and by block into estimation, selection, validation,
and comparison subsets. Records used to tune or select models were not used as confirm-
atory evidence. Samples with quality flags were retained in the raw database but excluded
from the affected mathematical window.

3.4. Batch—Jacket Grey-Box Model

The plant was represented by a two-state batch—jacket grey-box model describing
energy accumulation in the product and effective jacket dynamics. Additional states were
omitted because they were not reliably identifiable with the available sensors. The model
supported parameter initialization and bounding, physical interpretation of the ARX pre-
dictor, and energy-consistency assessment.

The state vector, jacket-temperature approximation, and output were defined as

_ [T (®)
x® = |75 (52)
T (6) + T, (t
1o ~ WO e ® 5b)
Y(€) = Tinavg () (5¢)
The effective thermal capacities were written as
Cp = mpCpm + Cmet,m (6a)
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G = PiVierCp,j T Cimet,j (6b)
The batch—jacket grey-box model conductance was represented as
I'(N,Ry) = Uer (N, Rp)Aj o (7a)
Lo 1 gyt 7b
Us haN) T T ky by (7b)

Because the individual thermal resistances were not separately identifiable from the
available measurements, I' was estimated as an aggregated parameter.
During heating and holding, the energy balances were

Cme = F(’I} - Tm) - Hm(Tm - Ta) (8)

CjT] znhPel(t)_r(Tj_Tm)_Hj(Tj _Ta) (9)
The local linear form around an operating condition was
x(t) = Acx(t) + B, P (t) + B,T,(t) (10)

with matrices derived from C,,, C;, I, H,,, and H;. First-order discretization or zero-order-
hold discretization linked the physical model to the ARX representation:

X1 = AgXy + BaPer (k) + EqTo(k),  yi = CaXie + vy (11)
Energy consistency was evaluated over each moving window using
_ |Eel - AUm - AUj - Elassl
£ max(Eel, |AUm + AUj|, 60)
Persistently high e; values were interpreted as indicators of power-measurement

€ (12)

problems, omitted losses, incorrect effective thermal mass, or operation outside the model
validity domain.

3.5. ARX Identification and Discrete-Model Validation

The ARX model was formulated in deviation variables as a local predictor for the
approach and holding region:

y(k) = y(k) = yo, k) =uk) —uo, d;(k) = d;(k) —d;o (13)

The candidate structure was

ng
A3 = B(q g ™wa(0) + ) By (a0 00 +e()  (14)
j=1
with
Al D =14+a,g7' ++a,q" (15a)
Bu(q™) = biq™" + -+ bp,q7" (15b)

For T; = 5 s, the candidate set comprised n, € {2,3,4}, n;, € {2,3,4}, and n;,,, € {1,2,3}.
Candidate inputs were the normalized command u(k) and measured active electrical
power P (k). The latter was preferred because it represented the energy supplied to the
process more directly, but it was used only when continuous, synchronized, and suffi-
ciently excited. Otherwise, u(k) served as an auxiliary input, and the choice was recorded
for traceability.

The parameter vector was estimated using

Y=d0+e, 0= (@) '0TY (16)
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Weighted least squares was used when uncertainty varied across windows. Model
selection combined out-of-sample performance, parsimony, discrete-time stability, multi-
step and free-simulation errors, and residual autocorrelation. The response was also re-
quired to preserve a physically consistent gain sign and energy behavior. A near-unit pole
was retained when it represented actual batch-energy accumulation. The nominal ARX
model was fixed before controller tuning and comparative evaluation.

Model mismatch was defined as the difference between the response predicted by
the fixed nominal ARX model and the measured plant response under conditions differ-
ing from those represented during identification. Anticipated sources included variations
in effective thermal capacity, batch—jacket conductance, heat losses, mixing, product prop-
erties, actuator gain, sensor dynamics, effective input delay, and unmeasured disturb-
ances. Batch-mass changes alter thermal capacity and the dominant heating dynamics,
whereas recipe or composition changes may affect heat capacity, viscosity, mixing, foul-
ing, heat transfer, and the local operating point.

Mismatch was assessed through independent one-step, multihorizon, and free-sim-
ulation errors; gain sign and stability; energy closure; and the prediction-error diagnostics
of the supervised ARX-RLS observer. These criteria evaluated local adequacy for short-
horizon control and were not interpreted as evidence that the same coefficients remained
valid for untested batch sizes, products, or recipes.

The conservation structure can be retained for similar closed, stirred, indirectly
heated jacketed vessels, but its numerical parameters are plant specific. Transfer to such
equipment requires recalibration of thermal capacities, conductance, heat losses, actuator
efficiency, and measurement dynamics, together with ARX re-identification. Capacity
changes require reparameterization rather than proportional volume scaling because ther-
mal mass, heat-transfer area, service circulation, and surface-to-volume ratio do not scale
uniformly. Processes involving direct steam injection, spray or immersion heating, rota-
tion, pressure-dependent operation, or continuous transport require additional balance
terms and partial or complete model reconstruction.

3.6. Supervised Adaptation and Controllers

Supervised recursive least squares (RLS) was used for adaptive parameter estima-
tion. For a regressor ¢ (k), the update equations were

_ Pk- D)

K0 = T 9 oPtk - D 47

800) = M, {00k — 1) + KGO [y (k) — $7 (08 (k — D]} (18)
P(k) =21 -Kk)¢T(K)]P(k—1), 0<A<1 (19)

Raw RLS candidates were not incorporated automatically into the observer or con-
troller. Each update passed through a sequential gate comprising data eligibility, excita-
tion sufficiency, and model admissibility. All thresholds were calibrated from pilot-stage
records and fixed before the comparative campaign.

For excitation diagnosis, regressors were normalized using pilot-stage scaling fac-
tors. Over a moving window of N,, samples, the normalized information matrix was cal-

culated as
1 k
Ry = N Z @; 9f
w .
i=k—Ny+1

The window was considered sufficiently informative only when

Amin(R(p,k) = EpEal’ldK(R(p‘k) < Kmax

https://doi.org/10.3390/pr14152473


https://doi.org/10.3390/pr14152473

Processes 2026, 14, 2473 12 of 36

where A, and k denote the minimum eigenvalue and condition number, respectively.
These conditions prevented updates under weak excitation or ill-conditioned regressors.

Candidate updates were evaluated only in the approach or holding region, with valid
and synchronized temperature and power signals, no active alarm or mode transition, no
persistent actuator saturation, acceptable spatial temperature dispersion, and energy-clo-
sure error below its prescribed limit. Failure of any eligibility or excitation condition froze
adaptation and retained the previous validated parameters.

Eligible candidates were then required to preserve a positive and bounded static
gain, satisfy the predefined discrete-time stability margin and parameter bounds, and
avoid abrupt parameter changes. Parameter continuity was evaluated using

dj = (ékc_ék—l)TPk_—ll (05—6y-1)

where 8 is the raw candidate vector. For the four-parameter ARX structure, the candi-
date was required to satisfy

dé,k < XZ,0.99 = 13.28

An update was accepted only when all eligibility, excitation, conditioning, stability,
gain, parameter-continuity, spatial-consistency, actuator, and energy-consistency criteria
were satisfied. Otherwise, the candidate was rejected, the previous validated model was
retained, and controller retuning or adaptive-MPC model replacement was not author-
ized.

Table 4 summarizes the complete diagnostic sequence, including the criteria, fixed
thresholds, and action taken when each condition failed. Acceptance indicated numerical
stability and physical admissibility, not predictive or closed-loop superiority. C1 therefore
stored accepted updates in observation mode, whereas C2 and C4 could use only models
that passed the complete diagnostic gate and the corresponding controller-level authori-
zation. The fixed nominal model and controller remained available as fallback configura-

tions.

Table 4. Diagnostic framework for accepting or rejecting supervised ARX-RLS updates.

Diagnostic Level Criterion Diagnostic Quantity

Threshold Used in the Study Action if Criterion Fails

@) ting do- F daptati d retain th
PErating €07 valid process mode Process-mode flag Approach or holding mode only recae acapiation anc refain Tie
main previous validated model
Product-temperature sen-
Signal validity Required measure-  SOrs, active-power signal, All requir.ed signals Yalid and Reject the candidate update
ments available timestamps, and alarm  synchronized; no active alarm
flags
Acceptabl duct-
Spatial con- ceeprable produc o Reject the candidate update and
. temperature disper- ATsp ATw<0.50 °C . .
sistency sion retain the previous parameters

| Ucale — Uappll and number
Actuator condi- Absence of persis-

of consecutive samples at

| ticale — Uappl| <0.060 p.u. and Freeze adaptation until the actu-
fewer than 12 consecutive satu- ator returns to the admissible re-

tion tent saturation . .
an actuator limit rated samples (60 s) gion
Excitation Min.imum regressor Aain(Ro) Amin(Rphik) > epE = 1.0 x 10 (Nw = Reject the .u.pdate bfeca}lse of in-
information 60; 300 s) sufficient excitation
Numgricz?l condi- Acceptab.le. regressor K(Ro) K(Rphix) < mx = 1.0 x 108 Reject the upd.a.te b.ecause of ill
tioning conditioning conditioning
Ene.rgy con-  Acceptable grey-box . ler] < ebma = 0.300 Reject the upde?te. as out51c.1e the
sistency energy-closure error energy-validity domain
P ibed discrete-
Dynamic stability rescl Gf' . 1sere e. Omax = maxi | pil Qmax < Qlim = 0.99560, with pim <1  Reject the candidate model
time stability margin
Positive and physi- . . .
Reject the ph 11 -
Physical gain cally admissible Karx Kmin < Karx £ Kmax, with Kmin >0 ect the physica Ty fhcon

static gain

sistent model
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Parameter conti- Bounded normalized Reject the abrupt parameter
. d2ex d2ex<13.28 ) ptp
nuity parameter change change
Accept the update; otherwise re-
tain the previous validated

model

Final authoriza- All diagnostic gates Logical conjunction of all All criteria must be satisfied sim-
tion satisfied diagnostic flags ultaneously

Note: Regressor scaling, N, €pg, Kmaxs £,maxs Plim, §ain bounds, spatial-dispersion limit, actuator
tolerance, and persistent-saturation duration were calibrated during the pilot stage and fixed before
the comparative campaign. Accepted updates were considered numerically stable and physically

admissible, but not necessarily superior to the nominal ARX model.

The diagnostic gate was designed as a safety and model-admissibility filter rather
than as a closed-loop performance selector. RLS minimized local one-step prediction er-
ror, whereas controller performance depended on multihorizon prediction, the MPC ob-
jective, tracking, specific energy consumption, actuator variation, and thermal overexpo-
sure. An accepted model could therefore satisfy all numerical and physical criteria yet
remain inferior to the nominal predictor for receding-horizon control. Admissibility alone
did not authorize model replacement, and the nominal model remained the fallback con-
figuration.

CO0 was the conventional fixed-parameter PI comparator, including saturation, input-
rate limitation, bumpless transfer, and anti-windup. In incremental form,

uc(k) =uc(k —1) + K,[e(k) —e(k — 1)] + K;Tse(k) (20a)

u(k) = satpy,; umay {tc(k)} (20Db)

C1 updated the ARX model in observation mode without affecting the control signal.
C2 retuned the PI controller only after complete diagnostic and controller-level authori-
zation. C3 used the fixed nominal ARX model in constrained MPC, whereas C4 used an
authorized adaptive model Mgy, as an exploratory extension. This separation prevented
improvements caused by re-identification or additional information from being attributed
solely to the control law.

The MPC prediction was written as

and the optimization problem as
Np Nc—-1
min/ = > @k +i10) =G+ DP + ) pdwdle+D+pg? ()
i=1 i=0
subject to
Umin < Uk + 1) < Uy (23a)
Aupin < Au(k + 1) < Aupgy (24b)
Ymin —§ S Ik + 11 k) < Ypax +¢ (25¢)

Prediction horizons, control horizons, weights, constraints, scaling, and solver con-
figuration were adjusted during the pilot stage and fixed before the confirmatory compar-
ison.

3.7. Robustness Assessment of the Nominal Constrained MPC

The assessment examined whether C3 remained operationally adequate under
model-plant mismatch. Because C3 was a nominal constrained MPC rather than a min-
max, tube-based, or stochastic robust controller, the analysis was interpreted as an
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empirical uncertainty stress test, not as proof of robust stability or worst-case constraint
satisfaction.

Two complementary assessments were conducted. First, the fixed nominal ARX
model was evaluated without re-estimation across independent batches stratified by the
observed batch-mass and initial-temperature ranges. Second, an offline closed-loop stress
test combined structured grey-box parameter variations with data-derived ARX uncer-
tainty, measurement uncertainty, and correlated residual disturbances.

The uncertainty set included effective batch thermal capacity, batch—jacket conduct-
ance, heat-loss contribution, actuator gain, and effective input delay. Bounds were de-
rived, whenever possible, from independent identification and validation records, be-
tween-batch parameter variability, command-to-active-power measurements, and sensor
uncertainty rather than arbitrary percentage perturbations. Table A2 summarizes the un-
certainty sources and tested bounds.

The uncertain plant was represented as

A1 0)y, = B(q™H O)ugn + di + e

where 6 € 0 denotes the experimentally derived parameter set, d; represents bounded
measured disturbances, and e, represents correlated unmodeled dynamics. The set © was
constructed from independently estimated parameter variability, while residual se-
quences were generated through a moving-block bootstrap of independent validation re-
siduals to preserve temporal correlation.

In every realization, the nominal ARX model, horizons, weights, scaling, constraints,
solver configuration, and 5 s control period used by C3 remained unchanged. Uncertainty
was applied only to the simulated plant; thus, the test evaluated model-plant mismatch
rather than controller retuning or re-identification. The evaluated conditions included pa-
rameter combinations within ©, measured actuator-gain variability, a one-sample effec-
tive-delay variation, product-temperature measurement uncertainty, and block-
resampled residual disturbances. Parameter uncertainty and external disturbances were
tested separately and jointly.

Robustness was evaluated through optimizer feasibility, valid holding-condition at-
tainment, output-constraint violation, trajectory boundedness, RMSE, IAE, specific en-
ergy consumption, actuator saturation and total variation, fallback activation, and com-
putation time. The analysis comprised 400 closed-loop realizations: 100 nominal reference
realizations, 100 with parameter uncertainty only, 100 with external disturbances only,
and 100 with combined uncertainty and disturbances. Stochastic uncertainty sampling
and residual resampling were performed using the fixed base random seed 20260619 with
MATLAB’s R2019a Mersenne Twister generator; realization-specific seeds were derived
deterministically from this base seed. The evidence was restricted to the data-derived un-
certainty region and was not extrapolated to the complete fill range, alternative recipes or
products, or severe sensor and actuator failures.

3.8. Comparative Protocol and Performance Indicators

The comparison used paired blocks matched by batch mass, initial temperature, agi-
tation, jacket condition, and operating scenario. Each pair retained the same reference pro-
file, control period, actuator limits, enabled measurements, and exclusion criteria. Initial
equivalence required batch mass within the prescribed tolerance, an initial-temperature
difference below 0.5 °C, and no active alarms. Controller order was balanced or random-
ized subject to operational restrictions. Pilot batches were used to refine the procedure,
whereas confirmatory batches were not used for model retraining or controller retuning.

The campaign included at least three complete pilot blocks and five paired confirm-
atory blocks. Its final size considered pilot variability, the minimum engineering-relevant
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difference, and product availability. The complete batch was the experimental unit; tem-
porally correlated samples were not treated as independent replications. Interrupted
batches remained in the traceability record and were classified before indicator calcula-
tion.

Tracking indicators were calculated by batch as

N N
1 (264
— ) e2(k),IAE=T, » le(k)|.

Specific energy consumption and actuator activity were

RMSE =

N N
1 275
E, = m—z Py (KT, TV, = Z L u(k) —uk — 1) 1. ( )
b= k=2
The holding-temperature deficit was
Linder = T Z max (0, Treq - Tm,min(k)) (286
k€Xhold )

For an indicator J in which lower values represent better performance, the paired dif-
ference in block r was

(297
)

Overshoot, time outside the admissible band, saturation, MPC feasibility, computa-

NG =] -

tion time, fallback activations, and accepted and rejected adaptive updates were also re-
ported.
Thermal overexposure was retained as a controller-oriented degree—time indicator:
ty B
0 = [ 17,0 = T, de 1, = max(x,0) 28)
to

where T, (t) is the mean product temperature and T, is the control reference. With time in

£t has units of °C s. It measures controller-induced thermal excess and was not

seconds, O
interpreted as microbiological lethality.
Generalized accumulated lethality was calculated conservatively from the minimum
valid product-sensor temperature:
Y Tmin(O-Tref
Froz= f 10 z dt (29)
t

0
where time is expressed in minutes, Ty is the selected reference temperature, and z char-

acterizes the temperature sensitivity of the target microorganism. For records sampled
every At seconds,

N
At Tmink~Tref
FTref'Z = % z (30)
k=1
The conventional sterilization value is the particular case
N
F At Tmin_k—121.1 31
= — 10
0= (1)
k=1

Because the treatment was conducted at pasteurization temperatures, F, was in-
cluded only to establish the standard mathematical relationship. A microbiologically
meaningful pasteurization value requires Tyef, z, and Dr_ values validated for the se-
lected microorganism and milk matrix.

To establish the trajectory-level mapping, define the positive excursion above the mi-
crobiological reference as
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6T () = [Trmin(t) — Treel+ (32)
The corresponding reference-matched degree—time integral is
0f . = tf6T(t) dt (33)
and the excess equivalent lethality is ’
AFf . = f tf[105T<f>/Z —1] at (34)
to

Thus, the mapping depends on the complete temperature trajectory and is not a one-
to-one transformation of a scalar degree—time value. For a constant excursion AT main-
tained for T,

O;—ref =7AT (35)
and
0+
AFf, ., = T(1087/2-1) = —2ef (1047/2-1) (36)
For AT/z < 1,
In(10)
AF;refrZ i 7 O;ref (37)

When a validated decimal-reduction time is available, predicted microbial reduction
is
N, F.
logaa (37) = 5= (39)
ref

No microorganism-specific log reduction was reported because Dr_ . and z were not
experimentally determined for the evaluated milk—microorganism combination.

The relationship in Equations (33)—(37) applies only when degree-time exposure and
equivalent lethality are calculated from the same temperature trajectory, reference tem-
perature, and time unit. Therefore, the reported controller-oriented O%‘”, based on mean
product temperature and the control reference, cannot be converted directly into F, or a

target-specific pasteurization value.

3.9. Statistical Analysis, Uncertainty, and Validity Domain

All performance indicators were calculated separately for each complete batch. Time
samples were used to compute batch-level RMSE, IAE, specific energy consumption, over-
shoot, actuator saturation and activity, time outside the admissible band, and thermal
overexposure but were not treated as independent statistical observations. Statistical in-
ference was therefore conducted at the paired-block level.

For each of the five confirmatory blocks b, the paired difference for indicator X was
defined as

dp = Xesp — Xcop

Negative values favored C3 for indicators in which lower values represented better
performance. RMSE was treated as the principal quadratic tracking indicator, IAE as a
complementary accumulated-error measure, and specific energy consumption as the prin-
cipal energy-performance outcome. Because RMSE and IAE were derived from the same
temperature-error trajectory, they were not interpreted as statistically independent evi-
dence.

For each indicator, the analysis reported the controller-specific mean and standard
deviation, the mean and standard deviation of the paired differences, relative percentage
change, a 95% confidence interval for the mean paired difference, and a small-sample-
corrected paired standardized effect size. Confidence intervals were calculated from the
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five paired differences using the Student’s t distribution. The effect-size sign followed the
definition of d,; therefore, negative values favored C3.

The paired differences were examined using individual paired-block and quantile—
quantile plots. Given the limited number of blocks, formal normality testing was not used
as the sole basis for selecting the inferential procedure. A paired-samples t-test evaluated
the mean difference, and an exact paired nonparametric test was included as a sensitivity
analysis. When multiple indicators were tested within the same comparison, p-values
were adjusted using the Holm procedure. The results were interpreted jointly through
confidence intervals, effect magnitude, directional consistency across blocks, and the min-
imum engineering-relevant difference rather than statistical significance alone.

The secondary C2-C0 and exploratory C4-C3 comparisons were analyzed separately
from the primary C3-CO contrast. Their interpretation emphasized the magnitude and
direction of the changes and the associated tracking, energy, and actuator trade-offs rather
than dichotomous significance decisions.

Measurement-uncertainty sources included product-temperature sensors, active-
power measurements, batch mass, temporal resampling, and estimated model parame-
ters. These sources were considered when interpreting the derived indicators and delim-
iting the validity domain; no quantitative combined-uncertainty claim was made without
a complete metrological uncertainty budget. The findings were not extrapolated beyond
the experimentally represented ranges of batch volume, agitation, heating power, product
type, service conditions, and dynamic region.

4. Results
4.1. Experimental Campaign and Traceability

The campaign comprised 54 batches: 12 for model identification, selection, and vali-
dation; 12 for pilot-stage procedure refinement; and 30 for controller comparison, divided
equally among the confirmatory C3-C0, secondary C2-C0, and exploratory C4-C3 con-
trasts. This partition prevented records used for model development or procedural refine-
ment from being reused as confirmatory evidence.

Table 5 summarizes campaign traceability. The batches averaged 125.98 + 13.51
min, with a mass of 257.29 % 5.02 kg and an initial temperature of 20.99 + 1.90 °C. Batch
masses remained concentrated near the nominal fill condition rather than covering the
full permissible 150-250 L range; consequently, the campaign does not support compari-
sons among low-, intermediate-, and high-fill levels. After causal preprocessing, 97.81 +
2.74% of samples remained valid for identification and controller evaluation.

Table 5. Overall traceability of the experimental campaign.

Indicator Value Observation
Total batches 54 12 identification, 12 pilot, and 30 comparison batches
Batch duration 125.98 +13.51 min Mean + SD
Batch mass 257.29 +5.02 kg Experimental batches concentrated near the nominal fill condition
Initial temperature 20.99 +1.90 °C Initial conditions by block
Valid samples 97.81 +2.74% After causal preprocessing
Valid holding time 30.0 min Operational time—temperature criterion

All batches achieved 30 min of valid holding under the operational criterion defined
in the protocol. This result confirms compliance with the evaluated time-temperature con-
dition but does not constitute microbiological validation or replace food-safety testing.

Block equivalence was maintained through matched conditions of batch mass, initial
temperature, agitation, and drift scenario. The nominal model was identified and vali-
dated before the comparison baseline was fixed, after which the controllers were
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evaluated without retraining, retuning, or treating temporally correlated samples as inde-
pendent replications. This preserves the evidential separation required in the revised ex-
perimental design.

4.2. Grey-Box Model, Nominal ARX, and Multihorizon Prediction

The batch—jacket grey-box model yielded an effective product thermal capacity of
Cm = 1.039 £ 0.020 MJ/K and an effective jacket capacity of ; = 0.196 MJ/K (Table 6).
The nominal conductance reference was I, = 790 W/K, and mean electrical consumption
was Eg = 22.52 £ 1.35 kWh per batch. The relative energy-closure error was € =
0.234 + 0.032, ranging from 0.189 to 0.291. This discrepancy reflects unresolved heat
losses, effective metallic thermal storage, and simplifications of the two-state representa-
tion. Accordingly, the grey-box model was used for physical interpretation, parameter
initialization, and plausibility bounds rather than as a high-fidelity simulator.

Table 6. Summary of the grey-box model and nominal ARX selection.

Quantity Value Interpretation
Mean C,, 1.039 + 0.020 MJ/K Effective thermal mass of the batch
G 0.196 MJ/K Effective jacket capacity
Iy 790 W/K Nominal conductance reference
Mean E,; 22.52 +1.35 kWh Electrical energy per batch
€ 0.234 +0.032 Window-based energy closure
Selected ARX ng =2,n, =2,n, =2 Parsimonious structure
One-step validation RMSE 0.0499 °C Local prediction
Free-simulation RMSE 1.413 °C Extended dynamic validation
Static gain 0.0813 Positive physical sign
RMSE at 24 steps 0.350 °C 120 s horizon

ARX identification was restricted to the approach and holding region. Among 27 can-
didate structures with n,,n, € {2,3,4} and n;, € {1,2,3}, the selected model had n, = 2,
n, = 2, and n;, = 2. It retained discrete-time stability, a positive static gain of 0.0813, and
a one-step validation RMSE of 0.0499 °C. The RMSE increased to 0.350 °C at 24 steps, cor-
responding to 120 s, and to 1.413 °C in free simulation, indicating progressive error accu-
mulation outside measurement-corrected short-horizon prediction. The nominal ARX
model was therefore suitable for local receding-horizon control but not for extrapolation
across the complete batch cycle or untested operating modes.

Table 6 and Figure 2 provide partial operational support for H1: the hybrid frame-
work combined physical interpretation and plausibility bounds with a stable, parsimoni-
ous, and locally predictive ARX model. However, it was not evaluated as a complete
model of every batch mode or against all possible modeling alternatives; its validity re-
mains restricted to the experimentally represented region.
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Figure 2. Validation of the nominal ARX model used by C3 and as the basis for the adaptive exten-
sions: (a) ARX structure selection; (b) multihorizon prediction error.

4.3. Within-Domain Model-Mismatch Assessment

To examine whether nominal-model performance was concentrated in a narrow
batch condition, the independent validation records were stratified according to batch
mass and initial temperature. Batch mass was classified as lower, nominal, or higher rela-
tive to the campaign distribution, using predefined limits established before calculating
the prediction indicators. Initial temperature was similarly divided into lower and higher
thermal-load conditions. The nominal ARX coefficients were not re-estimated within these
strata.

Table 7 reports 1-step RMSE, 24-step RMSE, free-simulation RMSE, and the sign and
stability of the nominal model across the observed operating strata. This analysis evalu-
ates whether the fixed predictor retained acceptable local performance under the batch-
to-batch variability represented in the campaign. It does not extend the empirical validity
of the model beyond the observed mass, temperature, agitation, product, or recipe ranges.

Table 7. Within-domain prediction robustness of the nominal ARX model.

Operating 1-Step 24-Step  Free-Simulation Stable Pre- .
Batch dR Int tat
Stratum " Daiches ObservedRange pyiop o) RMSE(°C)  RMSE(°C) _diction nrerpretation
. Comparable local accuracy; the
L tch Y -
ower batc 10 242,57 —257.27kg  0.048 0.559 1.839 ‘es (pO_SI lowest free-simulation error
mass tive gain)
among the mass strata.
Comparable local accuracy;
Nominal 10 25732 - 257.60kg  0.051 0.557 1855 Y‘es (p0.51- perform::}nce was not concen-
batch mass tive gain) trated in the central mass
range.
. . Comparable local accuracy;
Higherbatch =, 55761 _27042kg 0,051 0.562 1.848 Yes (posi- 1o a negligible increase in the
mass tive gain)
24-step error was observed.
L initial Yes (posi Best multi-step and free-simu-
owermitlah 45 1753-2082°C  0.049 0.540 1.809 2% PO ation accuracy among the ini-
temperature tive gain) .
tial-temperature strata.
. L . Slightly higher multi-step er-
High tial Y -
igherimitial g 9095 -2446°C  0.051 0.578 1.885 es (Posi- o without instability or loss
temperature

tive gain .. LT
gain) of the positive gain sign.

Note: The same fixed nominal ARX model was evaluated in all strata. The strata represent only the

variability observed in the experimental campaign and should not be interpreted as validation of
the complete equipment operating range.
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4.4. Robustness Assessment Under Parameter Uncertainty and External Disturbances

The offline stress test evaluated whether C3 remained operationally adequate under
model-plant mismatch. Unlike the within-domain assessment in Section 4.3, which used
variability observed in experimental batches, this analysis introduced parameter uncer-
tainty, measurement uncertainty, effective-delay variation, actuator-gain variability, and
temporally correlated residual disturbances. Because C3 is a nominal constrained MPC,
the assessment was interpreted as an empirical stress test rather than as proof of robust
stability or guaranteed constraint satisfaction.

A total of 400 closed-loop Monte Carlo realizations were generated using MATLAB’s
Mersenne Twister pseudorandom-number generator and a fixed base seed of 20260619.
The realizations were equally divided into four groups of 100 runs: nominal reference,
parameter uncertainty only, external disturbances only, and combined parameter uncer-
tainty and external disturbances. The uncertainty sources and bounds are reported in Ta-
ble A2.

In every realization, C3 retained the same nominal ARX model, prediction and con-
trol horizons, objective-function weights, scaling, actuator and output constraints, solver
configuration, and 5 s control period used in the experimental comparison. No online re-
identification, retuning, or adaptation was permitted; uncertainty and disturbances were
applied only to the simulated plant. The test therefore evaluated tolerance to model-plant
mismatch rather than controller reconfiguration. Table 8 summarizes the resulting closed-
loop feasibility, holding-condition attainment, temperature-constraint violation, tracking
performance, specific energy consumption, actuator saturation, and fallback behavior for
each scenario group.

Table 8. Closed-loop robustness of the nominal constrained MPC under parameter uncertainty and

external disturbances.

. .. Feasible Hol.dlng Max1mun? Ter.n- RMSE Specific En?rgy Saturation Fallback Ac-
Scenario Group Realizations P (%) Achieved perature Violation °C) Consumption %) tivations
° (%) 0 (kWh/kg) °

Nominal model 100 100.0 100.0 0.000 1.451 0.08956 0.00 0
Parameter uncer- 100.0 100.0 2.552 1.650 0.09592 0.00 0
tainty only
E 1di -

xternal disturb 100 100.0 100.0 0.038 1.454 0.08943 0.00 0
ances only
Combined uncer-

. 100 100.0 100.0 1.823 1.615 0.09407 0.00 0

tainty
Worst observed _ — 100.0 2.552 3.678 0.07698 0.00 0

metric values

Note: The controller used the fixed nominal ARX model in all realizations. Parameter variations and
disturbances were applied only to the simulated plant. Therefore, the analysis evaluated model-
plant mismatch rather than controller retuning. The reported results constitute an empirical stress

test within the data-derived uncertainty region and not a formal robust-MPC guarantee.

Across all realizations, the optimization remained feasible at 100.0% of the control
instants, and the valid holding condition was achieved in 100.0% of the realizations. Un-
der parameter uncertainty alone, mean RMSE increased from 1.451 °C in the nominal con-
dition to 1.650 °C, while specific energy consumption increased from 0.08956 to 0.09592
kWh/kg. External disturbances produced a mean RMSE of 1.454 °C, indicating only a mi-
nor deterioration relative to the nominal reference. The combined uncertainty-and-dis-
turbance scenarios produced a mean RMSE of 1.615 °C and a maximum temperature vio-
lation of 1.823 °C. Nevertheless, all simulated trajectories remained bounded, and fallback
activation occurred in 0 of the 400 realizations.
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The observed changes were physically consistent with variations in effective batch
thermal capacity, effective delay, and actuator gain, although the available results do not
provide a source-by-source sensitivity ranking. Variations in effective batch thermal ca-
pacity primarily altered the heating rate and dominant time constant, whereas effective-
delay variation affected the timing of anticipatory power reduction near the holding re-
gion. Actuator-gain variability changed the thermal power delivered relative to the MPC
command. Correlated residual disturbances produced only small mean changes in track-
ing, as indicated by the increase in RMSE from 1.451 to 1.454 °C and a maximum temper-
ature violation of 0.038 °C, without a meaningful increase in specific energy consumption.
These effects were reflected mainly in RMSE, maximum temperature violation, and spe-
cific energy consumption.

Across the complete stress test, the largest observed RMSE was 3.678 °C, whereas the
largest observed temperature violation was 2.552 °C. Despite these extrema, C3 main-
tained optimizer feasibility and bounded trajectories, achieved the valid holding condi-
tion, avoided actuator saturation, and did not activate the fallback controller. Because the
available summary does not establish that the largest RMSE and largest temperature vio-
lation occurred in the same realization, they are interpreted as the worst observed metric
values rather than as the results of a uniquely identified worst-case trajectory. These ex-
trema define the practical boundary of the evaluated uncertainty region and indicate that
constraint tightening or an explicitly robust MPC formulation would be required before
extending operation beyond it.

Overall, C3 tolerated the parameter and disturbance variability represented by the
data-derived uncertainty set without loss of optimizer feasibility, trajectory divergence,
or failure to attain the valid holding condition. However, these results do not establish
robust stability or worst-case constraint satisfaction outside that set. The evidence is there-
fore restricted to near-nominal fill conditions, the installed sensing and actuation chain,
and the 65 °C/30 min milk recipe. Other fill levels, formulations, thermal recipes, severe
faults, or substantially different heat-transfer conditions require additional experimental
validation or an MPC formulation with explicit uncertainty propagation and constraint
tightening.

4.5. Adaptive Observer C1

C1 operated as a parallel ARX-RLS observer without modifying the applied power
or control law. Its purpose was to separate online parameter estimation from controller-
induced performance changes and to screen candidate models before their possible au-
thorization for use by C2 or C4.

A candidate update was accepted only when it satisfied the complete diagnostic
framework defined in Table 4, including data eligibility, excitation, numerical condition-
ing, dynamic stability, physical gain, parameter continuity, spatial consistency, actuator
condition, and energy consistency. If any criterion failed, the candidate was rejected, and
the previously validated parameter vector was retained. Accordingly, the number of ac-
cepted updates indicates numerical and physical admissibility but does not demonstrate
predictive or closed-loop superiority over the nominal ARX model.

As shown in Table 9, all final accepted models remained stable under every control
base. However, C1 did not reduce predictive RMSE relative to the nominal ARX model in
any case. Under C0O, RMSE increased from 0.0579 to 0.0920 °C, whereas under C2 it in-
creased from 0.0554 to 0.0820 °C. The differences were smaller under the predictive con-
trollers: RMSE increased from 0.0382 to 0.0405 °C under C3 and from 0.0361 to 0.0418 °C
under C4. These results indicate that the fixed nominal ARX model was already informa-
tive within the evaluated operating domain and that recursive updating introduced no
systematic predictive benefit.
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Table 9. Summary of the C1 observer executed without modifying the control action.

Nominal ARX Accepted Up- Rejected Up- Acceptance Rate Dominant Rejection  Stable Final
B 1R E
ase 1 RMSE C1RMS dates dates (%) Cause Models (%)
co 13 0.0579 0.0920 1745 4111 29.8 Persistent actuator 100
saturation
2 8 0.0554 0.0820 182.4 433.0 29.6 Persistent actuator 100
saturation
c3 13 0.0382 0.0405 271.0 1302 67.5 Physma;iim crite- 100
Physical-gain crite-
C4 8 0.0361 0.0418 218.1 182.4 54.5 100

rion

Note: Accepted and rejected updates are reported as mean events per batch. Rejection causes were
assigned hierarchically according to the first failed diagnostic gate. Stability refers only to the final

accepted models and does not imply improved predictive accuracy.

CO0- and C2-based operation produced lower acceptance rates and more rejected up-
dates than C3- and C4-based operation. Under C0O and C2, persistent actuator saturation
was the dominant first failed diagnostic gate, whereas under C3 and C4 the physical-gain
criterion was the dominant rejection cause. This distinction suggests that the admissibility
of recursive updates depended not only on the estimator but also on the closed-loop op-
erating conditions generated by the underlying controller.

Figure 3 compares the nominal and adaptive prediction errors, the supervised evo-
lution of the estimated static gain, and the cumulative accepted and rejected update
events. Although all final accepted models satisfied the prescribed stability requirements,
the C1 RMSE remained above the corresponding nominal-model RMSE for every control
base. C1 therefore supported the supervisory component of H3 by demonstrating stable,
traceable, and selective update screening, but it did not support the proposition that
online adaptation necessarily improves prediction under the limited drift represented in
the campaign. The findings confirm that model admissibility is a necessary safety condi-
tion but not evidence of predictive or closed-loop benefit.

C1 as an adaptive observer: it does not modify the control action

Predictive error: nominal ARX vs C1 0Super\.risecl evolution of the C1 model Accepted/rejected updates

25 35 500
Nominal ARX Accepted
Adaptive C1 450 F Rejected
300 |
2r 1 400
— 2501 350
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o™ © 2
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Figure 3. C1 observer: predictive error, supervised model evolution, and cumulative accepted/re-

jected update events.

4.6. Temporal Comparison Between CO and C3

Figure 4 presents a representative block from the confirmatory comparison. CO
reached the holding region with greater overshoot and a more prolonged subsequent
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thermal excursion. In contrast, C3 reduced power before reaching the setpoint and main-
tained the product temperature within a narrower band during the holding stage. This
visual difference is consistent with the purpose of MPC: to use the fixed nominal ARX
model to anticipate the effect of heating power, respect constraints, and avoid delayed
corrective actions.

Thermal profile
T

in the y block Actuator activity during the C0-C3 comparison

Product temperature [degC)

L o~ 10 “—| ™ —4|

Applied pc

I
100 150 0 50 100 150

Time [min] Time [min]

(a) (b)

Figure 4. Representative temporal comparison of the confirmatory C0-C3 contrast: (a) thermal pro-

file; (b) applied power.

The actuator signal complements the thermal interpretation. CO maintained high sat-
uration during an important fraction of the batch and then required an abrupt corrective
action. C3 applied a progressive power reduction, sustained low levels during holding,
and avoided persistent saturation. The improvement did not arise from re-identifying the
model during the comparison; the model used by C3 was the previously selected nominal
ARX model with fixed parameters. Therefore, the representative block confirms the meth-
odological separation among identification, tuning, and comparison.

4.7. Overall Performance Indicators

Table 10 summarizes the mean performance indicators for batches not used for iden-
tification. These values are descriptive; confirmatory interpretation is reserved for paired
block differences. CO registered a mean RMSE of 3.207 °C, IAE of 8886 °C s, specific energy
consumption of 0.0926 kWh/kg, and saturation of 45.51%. C3 reduced these values to 1.235
°C, 1025 °C s, 0.0834 kWh/kg, and 0% saturation. The simultaneous reduction in tracking
error, overshoot, specific energy consumption, and saturation constitutes the clearest de-
scriptive evidence in favor of C3.

Table 10. Mean performance indicators by strategy in batches not used for identification.

Control n RMSE (°C) TIAE (°C s) E; (kWh/kg) TV, Overshoot (°C) Sat. (%) typc (ms)
Co 13 3.207 8886 0.0926 3.926 3.691 45.51 -
C2 8 3.182 9246 0.0938 4.189 3.692 42.61 -
C3 13 1.235 1025 0.0834 1.345 0.098 0.00 6.40
C4 8 1.227 1005 0.0843 1.542 0.111 0.00 6.45

C2 showed a slight RMSE reduction relative to CO, but it did not sustain an overall
improvement. Its IAE, specific energy consumption, and TV, were higher than those of
C0, suggesting that supervised PI self-tuning did not transform the process response ro-
bustly enough under slow drift. C4 showed the lowest descriptive RMSE, 1.227 °C, and
the lowest descriptive IAE, 1005 °C s; however, its specific energy consumption and TV,
were higher than those of C3, as shown in Table 10 and Figure 5. This difference is
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important for H5: the adaptive extension may marginally improve tracking, but it intro-
duces additional actuator activity and should not be presented as conclusively superior.

Average IAE by control strategy

RMSE fdogC]

IAE [dogC"s]
g
g

. Average y strategy
T . 38

sous a0 {
000 |- oo 1 scese o084y
a0 1
To00 - 1 g

goot 1
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3000 1
2000 1 )
1000 - 1

@) (b) (©)
Figure 5. Aggregated indicators by control strategy: (a) RMSE; (b) IAE; (c) specific energy consump-
tion.
4.8. Paired Confirmatory Comparison C3-CO
The confirmatory analysis used five matched blocks, each contributing one batch-
level observation for C3 and one for C0. Thus, inference was based on five paired differ-
ences rather than on the temporal samples recorded during controller execution. Table 11
reports controller-specific variability, paired differences, relative changes, 95% confidence
intervals, small-sample-corrected paired effect sizes, Holm-adjusted p-values, and direc-
tional consistency across blocks.
Table 11. Paired statistical analysis of the confirmatory C3—-C0 comparison.
C3, Co, Relative Hedges-Cor- .
Indicator Mean + Mean * I\A/Iigj:-c:]g Change vs. CO 95% CI for A rected Paired HOlm-VAiL lzsted 3:::;:5 123-
SD  SD - (%) Effect Size P &
1235+ 3.194+ [-1.974,
RMSE (° -1.959 £ 0.01 -61. -128. 1. 10
MSE (°C) 0.021 0.029 959 +0.012 61.3 —1.944] 28.356 09 x 10 5/5
) 8830+ j [-7977, ~ B
IAE (°Cs) 1029 + 36 172 7801 + 142 88.3 7625 43.915 528 x 10 5/5
Specific energy con- 0.0857 + 0.0938 +  -0.0081 + [-0.013,
-8. -1. .0121
sumption (kWh/kg) 0.0024  0.0042 0.0041 6 -0.003] 560 00 o/

Note: Values were calculated from five batch-level paired differences. The paired difference was
defined as A = X¢3 — X¢; therefore, negative values favor C3 for indicators in which lower values
represent better performance. Relative changes were calculated against CO using unrounded values.
The standardized effect size corresponds to the small-sample-corrected paired effect size defined in
Section 3.9. The reported p-values were obtained from paired-samples t-tests and adjusted across
the three indicators using the Holm procedure. IAE was interpreted as complementary to RMSE
because both indicators were derived from the same temperature-error trajectory.

C3 reduced RMSE by 1.959 °C, IAE by 7801 °C s, and specific energy consumption by
0.0081 kWh/kg, corresponding to relative reductions of 61.3%, 88.3%, and 8.6%, respec-
tively. All five paired blocks favored C3 for RMSE and IAE, and all five blocks also favored
C3 for specific energy consumption. The energy outcome showed greater relative be-
tween-block variability than the tracking indicators. Because RMSE and IAE originated
from the same error trajectory, IAE was treated as complementary accumulated-error ev-
idence rather than as an independent confirmation. Overall, the improved temperature
regulation was not achieved through greater specific energy use.

Additional engineering indicators are reported in Table Al. Relative to C0, C3 re-
duced actuator total variation by 64.9%, overshoot by 97.0%, time outside the admissible
band by 86.7%, and thermal overexposure by 99.6%, while eliminating persistent actuator
saturation. The optimization remained feasible at all evaluated control instants.
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Thermal overexposure was not interpreted as microbiological equivalent lethality.
The reported values of 4738 °C s for CO and 21 °C s for C3 represent mean-temperature
degree-time exposure above the control reference. Their difference of 4717 °C s indicates
substantially lower controller-induced thermal excess, but it cannot be converted
uniquely into Fy, which depends exponentially on the complete temperature trajectory.
Moreover, Fj is referenced to 121.1 °C with z = 10 °C and is not the appropriate primary
microbiological measure for the evaluated 65 °C pasteurization treatment. Target-specific
pasteurization values would require validated D- and z-values and were not used as con-
firmatory evidence.

Figure 6 shows the paired-block results for RMSE, IAE, and specific energy consump-
tion. The tracking improvement was directionally consistent and was not attributable to a
single batch, whereas specific energy consumption exhibited greater dispersion while re-
taining a mean difference favoring C3. The paired design preserved correspondence be-
tween batches operated under matched conditions.

Main C3 versus CO contrast by paired blocks

IAE - paired comparison Specific energy - paired comparison
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Figure 6. Paired C3-C0 comparison for RMSE, IAE, and specific energy consumption.

4.9. Secondary and Exploratory Comparisons

C2 and C4 addressed different contrasts and were therefore not combined into a sin-
gle controller ranking. C2 was compared with C0 as a secondary evaluation of supervised
PI retuning, whereas C4 was compared with C3 as an exploratory evaluation of adaptive
versus nominal MPC. No paired C2-C3 inference was made. Table 12 summarizes the
direction and interpretation of the changes in RMSE, IAE, and specific energy consump-
tion for both contrasts.

Table 12. Summary interpretation of secondary and exploratory comparisons.

Contrast Indicator A Interpretation
C2-C0 RMSE -0.039 Support
Cc2-Co TAE 442 No support
C2-C0 Eg 0.0039 No support
C4-C3 RMSE -0.0045 Partial support
C4-C3 TAE -14.9 Partial support
C4-C3 Eg 0.0016 No support

Relative to C0O, C2 reduced RMSE by 0.0388 °C and saturation by 3.64 percentage
points but increased IAE, specific energy consumption, and actuator activity. H3 therefore
received partial support: supervised adaptation improved selected tracking and satura-
tion indicators but did not provide an overall performance improvement under drift. The
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C1 results further showed that online updating requires supervision and rejection of in-
admissible parameter estimates.

C4 marginally reduced RMSE and IAE relative to C3 while maintaining feasibility
and computation time compatible with the control period. However, it increased specific
energy consumption, TV,, and thermal overexposure. C4 therefore did not provide a suf-
ficiently balanced advantage to replace C3. Instead, the results support authorizing MPC
adaptation only when its predictive or tracking benefit exceeds the associated increases in
energy use and actuator activity.

4.10. Hypothesis Synthesis and Validity Domain

Table 13 synthesizes the hypothesis decisions within the experimentally represented
domain. H1 received partial operational support because the hybrid framework combined
physical plausibility with a stable, parsimonious, positive-gain ARX predictor, although
energy closure was incomplete and alternative model architectures were not exhaustively
compared. H2 was supported by the confirmatory C3—C0 results. H3-H5 received partial
support because adaptation improved selected indicators but did not provide a consist-
ently superior tracking—energy-actuator trade-off.

Table 13. Hypothesis support within the validated experimental domain.

Hypothesis  Decision Interpretation
Hi Partial operational The ARX model was stable, parsimonious, and characterized by positive gain; the grey-box
support model provided physical bounds, although energy closure was not exact.
o0 Support C3 reduced RMSE, IAE, saturation, overshoot, and thermal overexposure relative to CO
PP without compromising feasibility.
. C2 reduced RMSE and saturation under drift but increased IAE, energy, and actuator activ-
H3 Partial support . . .
ity; C1 acted as a safe observer, not as a direct improvement.
4 Partial support C3 redgced specific energy consumption and thermal overexposure; C2 did not sustain the
energy improvement.
H5 Partial exploratory ~ C4 slightly reduced RMSE and IAE relative to C3 and maintained computation time, but in-

support

creased energy use and TV,,.

Overall, C3 was the preferred nominal predictive strategy for the evaluated pasteur-
izer, whereas C2 and C4 remained conditional supervised extensions rather than auto-
matic replacements. These conclusions are limited to batches near the nominal fill condi-
tion, the installed sensing and actuation architecture, and the 65 °C/30 min milk recipe.
Transfer to routine industrial operation requires further validation across broader operat-
ing conditions, including sensor and power-system behavior and direct product-quality
and microbiological measurements. The operational holding criterion should not be inter-
preted as microbiological validation or sanitary certification.

5. Discussion

The findings support a process-specific identification—control workflow for a closed,
stirred, energy-accumulating pasteurizer. The batch—jacket grey-box model and local ARX
predictor played complementary roles, while the nominal constrained MPC-ARX im-
proved tracking, energy use, actuator behavior, and thermal exposure relative to the fixed-
parameter PI benchmark. These conclusions apply only to the experimentally represented
domain and do not imply universal controller superiority, microbiological validation, or
sanitary certification [37,38].

5.1. Interpretation of the Hybrid Grey-Box—ARX Framework

The batch—jacket grey-box model served as a physical and energy-plausibility layer
rather than as a high-fidelity simulator. Its estimated thermal capacities and conductance
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provided interpretable initialization and validation bounds, whereas the relative energy-
closure error of 0.234 + 0.032 reflected unresolved heat losses, metallic thermal storage,
power uncertainty, and simplified jacket dynamics. This use is consistent with hybrid ap-
proaches that preserve physical structure while estimating plant-specific thermal behav-
ior from data [8,10,14].

The selected ARX model (n, = 2, n, = 2, and n;, = 2) was stable, parsimonious, and
characterized by positive static gain. Its validation RMSE increased from 0.0499 °C at one
step to 0.350 °C at 120 s and 1.413 °C in free simulation. Thus, it was adequate for meas-
urement-corrected receding-horizon prediction in the approach and holding region, but
not for the complete batch cycle, rapid heating, cooling, or untested operating modes
[30,32,33]. The hybrid framework therefore combined physical interpretability with local
predictive capacity without claiming that either model reproduced all plant dynamics.

5.2. Control Performance, Literature Positioning, and Benchmark Scope

In the five paired blocks, C3 reduced RMSE by 1.959 °C, IAE by 7801 °C s, specific
energy consumption by 0.0081 kWh/kg, and actuator saturation by 44.46 percentage
points relative to C0. Overshoot, time outside the admissible band, actuator activity, and
thermal overexposure were also reduced. Because tracking improved while energy use
and actuator effort decreased, the benefit was not obtained through more aggressive heat-
ing. Rather, the predictor allowed earlier power reduction near the setpoint and limited
delayed corrective action in the high-inertia batch.

These findings complement MPC studies in continuous HTST pasteurization, plate-
heat-exchanger plants, and simulation-based multivariable milk pasteurization [34-36],
as well as applications to continuous-flow ohmic heating, extrusion, and drying [3,5,6].
Those systems involve continuous transport, outlet-temperature dynamics, direct heat-
ing, or multistate flow behavior. The present contribution is therefore methodological and
process-specific: it integrates a batch-specific physical layer, a locally validated ARX pre-
dictor, measured active power, three-sensor spatial supervision, explicit adaptive-update
gates, and paired batch-level evaluation. It does not propose a new general MPC algo-
rithm.

The C3-C0O comparison was an industrial benchmark rather than a complexity-
matched contest. CO included anti-windup, saturation, input-rate limitation, and bump-
less transfer, and both controllers used the same reference, sensors, control period, actua-
tor limits, and paired-block protocol. The results therefore quantify the incremental ben-
efit of prediction and explicit constraint handling over this fixed-parameter PI baseline,
but not superiority over gain-scheduled PI, nonlinear PID, robust MPC, or nonlinear
MPC.

NMPC could extend the validity domain by representing temperature- and mode-
dependent dynamics, but it would require an independently validated nonlinear model,
state or disturbance estimation, repeated numerical integration, and nonlinear optimiza-
tion. It may also be more sensitive to initialization, solver tolerances, model mismatch,
and fallback design. By contrast, C3 solved a quadratic program in approximately 6.4 ms
within a 5 s control period. A fair future comparison should evaluate PI, gain-scheduled
or nonlinear PI, linear MPC, and NMPC under common batches, constraints, objectives,
measurements, and fallback rules, while reporting calibration effort, feasibility, computa-
tion time, and mismatch sensitivity.

5.3. Interpretation and Limits of Supervised Adaptation

The adaptive strategies addressed different contrasts: C2 was evaluated against CO,
whereas C4 was evaluated against C3. Neither provided a sufficiently balanced improve-
ment to replace nominal MPC. C1 further showed that all final accepted models remained
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stable, although adaptive prediction RMSE exceeded that of the nominal ARX model for
every control base. Model admissibility and performance benefit were therefore distinct
outcomes.

Several mechanisms explain this result. First, the nominal model already had low
local prediction error and the campaign represented limited drift, so any reduction in bias
may have been smaller than the additional variance introduced by RLS. Second, closed-
loop regulation, actuator constraints, and operation near the holding setpoint reduced
persistent excitation and increased regressor correlation. Third, RLS minimized one-step
error, whereas controller performance depended on multihorizon prediction, batch-level
tracking, energy use, actuator activity, and thermal overexposure. Sensor noise, spatial
variation, correlated residuals, and unmodeled jacket dynamics could therefore appear as
parameter drift [44].

These mechanisms affected C2 and C4 differently. In C2, changes in estimated gain
or dynamics altered PI tuning, producing a slight RMSE and saturation improvement but
higher IAE, energy use, and actuator activity. In C4, parameter updates changed the pre-
diction matrices and power sequence; RMSE and IAE improved marginally, but specific
energy consumption, actuator variation, and thermal overexposure increased. Thus, ad-
aptation was not uniformly detrimental, but its tracking benefit did not compensate for
the wider operational trade-offs [32,33,45].

The supervisory gate rejected invalid, insufficiently excited, ill-conditioned, unstable,
physically inadmissible, discontinuous, saturated, spatially inconsistent, or energy-incon-
sistent updates. It was a safety and model-admissibility filter, not a prospective perfor-
mance selector. Future authorization should therefore add persistent-mismatch detection,
a minimum dwell time, recent-window multihorizon validation, and a performance gate
based on a tracking—energy-actuator criterion. Until such conditions are demonstrated,
C1 should remain an observer and C3 the default controller.

The fixed-dimensional ARX update also cannot separate slow physical drift from
nonlinear or temporally correlated residual dynamics. Hierarchical adaptive estimation
and congealed neural-network structures offer conceptual alternatives by separating
slowly varying uncertainty from nonlinear residual compensation [49-51]. However, their
direct application would require a new process model, stability and constraint analysis,
additional sensing or state estimation, computational verification, and independent ex-
periments; they motivate future development rather than validate the present ARX-RLS
implementation.

5.4. Energy Use, Thermal Exposure, and Industrial Relevance

The simultaneous reductions in error, specific energy consumption, saturation, and
actuator activity indicate that C3 used thermal energy more selectively. At the mean batch
mass of 257.29 kg, the measured reduction of 0.0081 kWh/kg corresponds to approxi-
mately 2.08 kWh per batch. Lower total variation and elimination of persistent saturation
may also reduce unnecessary switching and improve power-use traceability.

Thermal overexposure and microbial lethality must nevertheless remain distinct. The
former is a linear degree—time measure above the controller reference, whereas equivalent
lethality weights the complete temperature trajectory exponentially using a target-specific
reference temperature and z-value. Consequently, the 99.6% reduction in thermal overex-
posure cannot be converted through a universal factor into an equivalent reduction in
lethality or microbial log reduction. The reported indicator was also based on mean prod-
uct temperature, while conservative lethality assessment requires a validated cold-point
trajectory.

Likewise, F, is referenced to 121.1 °C with z = 10 °C and is principally a sterilization
metric, not the appropriate primary microbiological criterion for the evaluated 65 °C milk
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treatment. A target-specific pasteurization value requires validated D- and z-values, an
appropriate reference temperature, and cold-point verification. The observed reduction
should therefore be interpreted as lower controller-induced thermal excess, with possible
energy and quality implications, not as evidence of microbial safety or sanitary certifica-
tion [2,37].

Using the illustrative Quito energy-charge range, the measured reduction represents
approximately USD 0.13-0.27 per batch and USD 131-274 over 1000 equivalent batches;
the corresponding avoided emissions are approximately 0.70 kg CO2-eq per batch and
0.70 t CO2-eq over 1000 batches [52,53]. These are order-of-magnitude scenarios, not vali-
dated scale-up or life-cycle results. Actual benefits depend on tariff and demand charges,
production frequency, geometry, heating efficiency, utility integration, capital and
maintenance requirements, and preservation of the specific reduction at larger scale.

5.5. Robustness, Transferability, and Validity Limits

Within the observed batch-mass and initial-temperature strata, the fixed nominal
predictor retained stable, positive-gain behavior and comparable 1-step and 24-step accu-
racy without re-estimation. Errors increased in free simulation, confirming that mismatch
accumulated without measurement correction. The offline stress test extended this assess-
ment by applying data-derived parameter, actuator-gain, delay, measurement, and corre-
lated-residual uncertainty only to the simulated plant while retaining the C3 model and
tuning.

Across 400 realizations, optimization remained feasible at all control instants, hold-
ing was achieved in all realizations, trajectories remained bounded, and neither saturation
nor fallback activation occurred. Mean RMSE increased from 1.451 °C nominally to 1.650
°C under parameter uncertainty and 1.615 °C under combined uncertainty and disturb-
ances; external disturbances alone produced only a small change to 1.454 °C. Parameter
uncertainty therefore had the larger aggregate effect, although the design did not support
ranking individual uncertainty sources. Receding-horizon feedback and input constraints
plausibly limited error accumulation but could not compensate indefinitely for large gain
or delay errors, severe disturbances, or operation outside the locally identified region.

C3 remains a nominal MPC: it does not use invariant tubes, min—-max optimization,
chance constraints, or formal uncertainty propagation. The findings demonstrate empiri-
cal tolerance within the observed and data-derived uncertainty region, not robust stability
or guaranteed worst-case constraint satisfaction. Explicit guarantees would require, for
example, constraint tightening, disturbance-state augmentation, gain-scheduled predic-
tors, or tube-based, min—-max, or stochastic MPC.

Transferability applies to the workflow rather than to the identified parameters. For
a similar closed, stirred, indirectly heated jacketed vessel, the conservation structure may
be retained, but thermal capacities, conductance, heat losses, actuator mapping, delay,
sensor dynamics, ARX coefficients, constraints, and tuning must be recalibrated and in-
dependently validated. Capacity changes require reparameterization rather than propor-
tional scaling because thermal mass, heat-transfer area, surface-to-volume ratio, circula-
tion, and actuator effectiveness do not scale uniformly. Direct-steam, spray, immersion,
rotating, pressurized, or continuous systems require partial or complete reconstruction of
the physical and predictive models. Table A4 summarizes the relative engineering effort;
monetary costs and person-hours were not measured.

The principal validity limitation is that batches were concentrated near nominal fill
and all confirmatory comparisons used milk with the 65 °C/30 min recipe. The study did
not cover the complete 150-250 L range, other recipes or formulations, severe faults, or
substantially altered heat transfer, and the local predictor should not be extrapolated to
rapid heating, cooling, or transitions. Statistical generalization is also restricted by five
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paired confirmatory blocks, although treating the batch as the experimental unit avoided
temporal pseudoreplication. Finally, the benchmark was not complexity matched, and no
direct microbiological, sensory, physicochemical, or nutritional validation was per-
formed. These restrictions delimit, but do not invalidate, the within-domain comparison.

5.6. Practical Implications and Future Work

Implementation should follow a staged sequence: verify instrumentation, active
power, synchronization, agitation, and spatial uniformity; calibrate the batch—jacket grey-
box model as a plausibility layer; identify and independently validate the local ARX pre-
dictor under safe excitation; and evaluate controllers under common references, con-
straints, sampling, sensors, and exclusion rules. Within the validated domain, C3 should
remain the primary predictive strategy, with C1 operating as an observation layer before
any adaptive controller is authorized.

Future blocked campaigns should cover predefined fill levels, initial temperatures,
product-specific recipes, agitation and heat-transfer degradation, sensor and actuator un-
certainty, and longer operation. They should combine model-validation, feasibility, track-
ing, energy, actuator, spatial-uniformity, microbiological, product-quality, and metrolog-
ical outcomes. Broader operation could then be assigned to a common model, gain-sched-
uled local models, supervised re-identification, or an explicitly robust controller.

Further work should also compare linear MPC with gain-scheduled PI and NMPC
under common experimental conditions and conduct plant-specific techno-economic and
environmental assessment. A longer-term extension is a hierarchical robust adaptive ar-
chitecture combining nominal MPC, supervised estimation of slow physical drift,
bounded residual-dynamics compensation, independent safety and performance author-
ization, and fallback control [49,50]. Such an architecture requires process-specific stability
analysis, explicit constraint treatment, computational verification, and experimental vali-
dation.

6. Conclusions

This study developed and experimentally evaluated a traceable hybrid grey-box—
ARX identification and constrained-control workflow for a 250 L jacketed batch milk pas-
teurizer. The plant was treated as a closed, stirred, energy-accumulating batch system ra-
ther than as a continuous HTST process. This distinction determined the model structure,
signal selection, interpretation of thermal holding, and use of the complete batch—not
temporally correlated samples—as the experimental and statistical unit.

The batch—jacket grey-box model and local ARX predictor served complementary
purposes. The grey-box model provided physical interpretation, energy-consistency
bounds, and parameter initialization, whereas the selected n, = 2, n, = 2, and n; = 2
ARX structure supplied a stable, parsimonious, positive-gain predictor for the approach
and holding region. Its low one-step error supported receding-horizon control, while the
increase in multihorizon and free-simulation errors confirmed that the model should not
be extrapolated to the complete batch cycle, rapid transitions, cooling, or untested oper-
ating modes.

In five paired confirmatory blocks, C3, the nominal constrained MPC-ARX strategy,
improved performance relative to the fixed-parameter PI controller with anti-windup. C3
reduced RMSE by 1.959 °C, IAE by 7801 °C s, and specific energy consumption by 0.0081
kWh/kg. It also reduced overshoot, time outside the admissible band, actuator activity,
saturation, and thermal overexposure. Optimization remained feasible at all evaluated
experimental control instants, with a mean solution time of approximately 6.4 ms within
the 5 s control period. C3 was therefore the preferred predictive strategy within the eval-
uated domain. This conclusion is restricted to the fixed-parameter PI benchmark used in
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the paired campaign and does not establish superiority over gain-scheduled PI, nonlinear
control, robust MPC, or NMPC.

Supervised adaptation provided diagnostic and exploratory value but did not estab-
lish an overall advantage over the nominal model and controller. C1 screened ARX-RLS
updates for data eligibility, excitation, conditioning, stability, physical admissibility, pa-
rameter continuity, and energy consistency, yet accepted updates did not systematically
improve prediction. C2 and C4 produced limited improvements in selected tracking indi-
cators but introduced unfavorable trade-offs in accumulated error, energy use, actuator
activity, or thermal overexposure. Adaptation should therefore remain a conditional ex-
tension rather than an automatic replacement for C3. Under the limited drift and closed-
loop excitation represented in the campaign, the potential reduction in model bias was
insufficient to offset estimation variability and the propagation of parameter changes into
controller behavior.

The within-domain assessment and data-derived stress test provided additional evi-
dence that C3 tolerated the represented parameter, actuator-gain, delay, measurement,
and correlated-disturbance variations while maintaining feasible and bounded closed-
loop operation and attaining the valid holding condition. However, C3 remains a nominal
MPC; these results demonstrate empirical tolerance to model-plant mismatch within the
evaluated uncertainty region, not formal robust stability or guaranteed worst-case con-
straint satisfaction. Likewise, the reduction in degree—time thermal overexposure indi-
cates lower controller-induced thermal excess but is not equivalent to a reduction in accu-
mulated microbial lethality. Target-specific lethality requires a validated cold-point tra-
jectory and appropriate reference-temperature, D-value, and z-value information. No mi-
crobial log-reduction, Fj-based sterilization, product-quality, or sanitary-certification
claim is therefore inferred.

The conclusions are limited to the evaluated pasteurizer, batches concentrated near
nominal fill, the installed sensing and actuation chain, and the 65 °C/30 min milk recipe.
The complete 150-250 L fill range, alternative products and recipes, severe faults, and
substantially different heat-transfer conditions were not experimentally validated. Trans-
ferability consequently applies to the workflow rather than to direct reuse of plant-specific
parameters: similar jacketed vessels require parameter recalibration, ARX re-identifica-
tion, controller retuning, robustness assessment, and independent closed-loop validation,
whereas different heating or transport architectures require partial or complete model re-
construction. Future blocked campaigns should extend validation across predefined fill
levels, recipes, disturbances, and longer operating periods; incorporate direct microbio-
logical and product-quality measurements; compare linear MPC with gain-scheduled PI
and NMPC under common conditions; and conduct plant-specific techno-economic and
environmental assessments. More advanced hierarchical or neural robust adaptive struc-
tures should be considered only after process-specific stability, constraint, computational,
and experimental validation.
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Appendix A

Table Al. Additional engineering indicators for the paired C3-C0 comparison.

Reduction Rela-

Indicator C3 Co0 A (C3-Co) tive to CO (%) 95% CI for A Interpretation
Actuator “;t;ﬂ variation, 395 3983 2585 64.9 [~2.698, ~2.472] Lower actuator activity with C3
u
Overshoot (°C) 0111 3.685 -3.573 97.0 [-3.640, 3506 ~vbstantial red“;;gé‘tm thermal over-
Time qut51de the admis- 378 2850 o474 86.7 [-2513, 2435 Shorter thermz.il clleV1at10n from the ad-
sible band (s) missible range
Persi -
Actuator saturation (%) 0.00 4446  -44.46 100.0 [-47.99, -40.92] ersistent actuator safuration was
eliminated
Thermal overexpostire Substantial reduction in accumulated
p 21 4738 -4717 99.6 [-4980, —4454] exposure above the reference condi-

(°Cs)

tion

Note: Values correspond to the five paired confirmatory blocks. The paired difference was calcu-
lated as A = X3 — X¢o; therefore, negative values favor C3 for all indicators reported in this table.
The percentage reduction was calculated relative to CO using the unrounded paired estimates.
TV, denotes the total variation in the applied control input. Confidence intervals were calculated
from the batch-level paired differences rather than from temporally correlated samples.

Table A2. Experimentally derived uncertainty sources and bounds used in the robustness assess-

ment.

Uncertainty Source Experimental Basis Nominal Value Tested Bound

Implementationin  Expected Dynamic

the Stress Test Effect
Effective batch ther- Between-batch grey- Cm Cn € [0.9837,1.0889] _ Heating rate and dom-
. . Parameter variation | |
mal capacity box estimates = 10402 MJ/K MJ/K inant time constant
Batch—jacket con-  Grey-box estimates I = 790.0 W/K I € [660.9,782.0] W Parameter variation Process gain ar.1d ap-
ductance and energy closure /K proach dynamics
Heat-loss contribu- Energy-balance residu- Qloss Additive thermal dis-

Qoss = 8854 W Holding-region load

tion als € [780.8,923.7] W turbance
_ a;
&= g'ggé‘;gz € [0.61243,0.70213]
.. Independent batch a4z = U a, Sampled uncertain Poles, gain, and pre-
ARX coefficients . L b, = —0.008426 o
identification b, = 0.009387 € [0.28643,0.37580] plant model diction response

_ 1
cra = —0.000014 51000, ~0.0073-
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b,
€ [0.00823,0.01091]
CTa
€ [-0.04586,0.01449]
. Command-active- g Multiplicative input ~ Effective heating
= 0.98499 v
Actuator gain power records Gu € [0.96135,1.00773] uncertainty power

. Synchronization and  ny ne € {1,2,3} . .. .
Effective delay validation records = 2 samples (10 ssamples (5-15 s) Integer delay variation Prediction alignment
.. . bT
Product' temperaturePt100 sl:'>ec1f'1cat10ns by = 0°C € [~0.113,0.113] °C Me'asur’ement Feec'lback and 'con
uncertainty and validation _ s noise/bias straint evaluation
or = 0.045°C

Residual dynamics

Independent valida-
tion residuals

Empirical moving-
— block bootstrap; block
=12 samples (60 s)

Moving-block boot-  Correlated unmodeled
strap dynamics

Note: The uncertainty bounds reflect only the variability observed in the experimental data and
define the domain used for the offline robustness assessment. The resulting evidence is limited to
near-nominal batches, the installed instrumentation, and the 65 °C/30 min milk recipe; broader op-
erating conditions require additional closed-loop validation.

Table A3. Illustrative operational scaling of the measured specific energy reduction.

Batch  Annual Energy Saving Annual Energy
Mass (kg) Batches per Batch (kWh) Saving (MWh)

lllustrative Energy- Avoided Emissions

h . .
Charge Saving (t COxeq/ Year) Scenario Status

(USD/Year)
Evaluated batch size;
257.29 300 2.08 0.625 39-82 0.210 annual frequency illus-
trative
Evaluated batch size;
257.29 1000 2.08 2.084 131-274 0.699 annual frequency illus-
trative
1000 300 8.10 2.430 153-320 0.815 Hypothetical scale-up
1000 1000 8.10 8.100 510-1066 2.716 Hypothetical scale-up
Note: Calculations use the measured paired reduction of 0.0081 kWh/kg. Annual energy saving was
calculated as AE nnya1 = AEs | myN,, where my, is the batch mass and N,, is the annual number of
batches. The illustrative economic range uses energy charges of USD 0.063-0.1316/kWh from se-
lected regulated industrial tariff categories applicable in Quito for 2026 [48]. It excludes demand,
commercialization, taxes, penalties, and other billing components. Avoided emissions were calcu-
lated using the Ecuadorian 2024 combined-margin factor of 0.3353 t COz2-eq/MWh applicable to elec-
tricity-efficiency projects [49]. The 1000 kg scenarios assume linear preservation of the measured
specific reduction and are not experimentally validated scale-up results.
Table A4. Transferability and engineering calibration requirements for different target systems.
Transfer Case Grey-Box Equations Parameters ARX Model MPC Tt{mng and Belatlve Engineer-
Constraints ing Effort
Same Pasteuriz.er, simi- Retained Veriﬁcati?n or limited Validate or locally Verify Low to moderate
lar recipe and fill recalibration update
Same pasteurizer, differ- Retained, with prop-
. o erty-dependent terms Recalibrate Re-identify Retune and validate Moderate
ent recipe or fill :
reviewed
Geometrically similar Full reparameteriza-
jacketed vessel with dif- Retained in structure tion Re-identify Retune and validate Moderate to high
ferent capacity
Different indirectly MOdlfy accordl.ng to L . . Redesign constraints _ .
jacket and service con- Full estimation Re-identify . High
heated batch vessel . . and tuning
figuration
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Direct-steam, spray, im-

Partial or complete re- New local predic- New controller vali-

mersion, rotating, or . New parameter set . High
. construction tor dation
pressurized retort
Continuous pasteuriza- Complete reconstruc- New flow and New dynamic New controller ar- Verv high
tion system tion transport parameters model chitecture y g

Note: Relative effort refers to modeling, instrumentation, experimental commissioning, controller
calibration, and validation requirements. It does not represent a monetary estimate.
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