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Abstract—Shaping thermoplastic sheets into three-dimensional
products is challenging since overheating results in failed man-
ufactured parts and wasted material. To this end, we propose
an indirect data-driven predictive control approach using Model
Predictive Control capable of handling temperature constraints
and heating-power saturation while delivering enhanced precision
and overshoot control compared to state-of-the-art methods. We
employ a Non-linear Auto-Regressive with Exogenous inputs
model, which is linearized to define a linear control-oriented
model at each operating point. Using a high-fidelity simulator,
several simulation studies have been conducted to evaluate the
proposed method’s robustness and performance under paramet-
ric uncertainty, indicating overshoot and average steady-state
error less than 2°C and 0.9°C (7°C and 2°C) for the nominal
(worst-case) scenario. Finally, we applied the proposed method to
a lab-scale thermoforming platform, resulting in a close response
to the simulation analysis with overshoot and average steady-state
error metrics of 5.3°C and 1°C, respectively.

Note to Practitioners—This work addresses a key challenge
in the thermoforming process: precisely controlling sheet tem-
perature during the heating phase to improve product quality
and reduce waste. We present a data-driven control approach
that can be implemented on existing thermoforming systems to
enhance temperature accuracy and consistency. The proposed
method uses historical process data to build a simplified model
of heating dynamics. This model is then used in a predictive
control framework to optimize real-time heater settings. The key
advantages of the proposed method are improved temperature
precision, faster settling times than conventional methods, the
ability to handle practical constraints like maximum temper-
atures and heating power limits, and robustness to process
variations and disturbances. Complex physics-based models or
extensive system modifications are not needed. To implement this
approach, practitioners would need to collect temperature and
heater power data from their existing process, use it to train the
data-driven model and integrate the control algorithm with their
PLC or control system.

Index Terms—Thermoforming, Thermal control, Manufactur-
ing, Infrared Camera, NARX model, MPC.

I. INTRODUCTION

OMPOSITE manufacturing has received considerable
attention in Industry 5.0. More specifically, thermoplastic
composites are increasingly used in the aerospace, marine,
renewables, and automotive industries because of their thermo-
mechanical properties and lightweight characteristics [1]. A
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Fig. 1: An overview of a typical thermoforming process
employed in this study.

thermoforming process involves applying heat and pressure to
reshape flat plastic sheets [2], resulting in three-dimensional
products. Fig. 1 shows a thermoforming setup with process
sequences. The overall quality of the thermoformed product
mainly depends on the heating phase’s accuracy and the
alignment of the heat distribution with the mold geometry.
Temperature deviations can potentially result in undesired
wrinkles and thickness [3]. Temperature control effectively
helps reduce the number of rejected parts while minimizing
cycle times and lowering the production cost. The main
objective of this paper is a scalable solution to the heating
phase control problem using data-driven techniques.

Methods used in the thermoforming industry are limited
to rule-based control laws that require expert knowledge or
basic control strategies [5]. These traditional control methods
cannot accommodate process constraints [6], including max-
imum and minimum temperature and heating/cooling rates
that are critical for product quality. It has been shown that
reducing the temperature disparity across the thickness of
the sheet using model-based control improves product quality
and reduces waste due to discarded parts [7]. In [8], a
Model Predictive Control (MPC) solution was proposed for
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the heating phase, which enables incorporation of process
constraints. This solution used a physics-based model and
requires full state measurements, which may not be available
in an industrial setting. Evaluation of this controller was
limited to a simulation study for the nominal case.

In industrial settings, there may be hundreds of heaters,
resulting in a high-order and computationally expensive MPC
solution. In addition, process uncertainty and model inaccu-
racies need to be accounted for. In [9], an approach com-
bining MPC and Deep Reinforcement Learning (DRL) was
introduced that addresses both the computational complexity
of the controller and uncertainty in physics-based models. The
trained agent performs similarly to Adaptive Model Predictive
Control (AMPC) while reducing the computational load by
a factor 14. The drawback of this method is that the offline
training process increases with the number of heaters. A multi-
agent transfer reinforcement learning framework for adaptive
digital twinning of thermoforming heating systems was intro-
duced in [10], demonstrating how learning-based control can
enhance productivity while reducing energy consumption.

In [11], a multi-agent DRL approach was developed that
only requires training of a single DRL agent by considering
radiation from other heaters as a disturbance. This trained
agent is subsequently deployed multiple times, each instance
controlling a separate heater. The main limitation of this
method is its dependency on the heater model: any change
in the heater’s model necessitates retraining the agent.

These solutions show that effective temperature control can
improve product quality. However, these control solutions are
not implementable at scale, as new settings require challenging
and time-consuming modeling, or extensive data which is not
available in industrial practice [12]. MPC’s most challenging
and time-consuming component is the prediction model [13],
[14], [15]. This paper proposes a practical, data-efficient and
scalable solution to control of the thermoforming process,
aiming to provide a reliable and practical solution for industrial
implementation. We propose a data-driven approach to obtain
control-oriented reduced-order models for the thermoforming
process. These reduced-order models are then used in a ro-
bustly tuned linear MPC, leading to a computationally efficient
and robust control solution.

Thermoforming, like many control applications in manu-
facturing, exhibits nonlinear behavior combined with varying
operational conditions. Application of data-driven modeling
using Non-linear Auto-Regressive with Exogenous inputs
(NARX) models combined with MPC has demonstrated poten-
tial for such systems [16], [17], [18], as well as for chemical
systems [19], [20], [21] and thermal control [22]. NARX-
MPC provides a balance between model complexity and
prediction accuracy [23]. However, when using the complete
NARX model, the resulting controller is nonlinear, leading
to a nonconvex optimization problem and limited options for
robustification. Recent work proposed stability-aware neural
NARX formulations [24] that can match nonlinear MPC
performance at reduced computational load. It does not address
robustification with respect to model uncertainty.

In this paper, we propose a robust approach where we first
identify a NARX model to ensure accurate representation of

the nonlinear system behavior. We then linearize this NARX
model at each operating point to obtain a linear control-
oriented model, resulting in a data-efficient and easy-to-tune
approach. This linearized model is used to design a linear
MPC under MIMO constraints, including input constraint.
By combining reduced-order control-oriented modeling, linear
control and robust controller tuning, the resulting controller is
robust to a range of process uncertainty and model mismatch
due to both unmodeled dynamics and nonlinear behavior as
shown in a simulation example. Experimental results show that
the proposed solution can outperform more complex adaptive
and learning control methods for this thermoforming process
[9], [11]. Our results indicate that, in practice, a linear MPC
using low-order control-oriented approximate model results in
robust, high-performance control and simple implementation.

The subsequent sections of this paper are structured as
follows: Section II details the high-fidelity model of the
thermoforming system used in this study, the control objectives
and the experimental setup. Section III describes the design
methodology. Section IV specifies how this methodology is
applied to the thermoforming system. Next, section V includes
model validation, robustness analysis and discusses results
obtained from the simulator and the real-world setup. Lastly,
Section VI encapsulates the conclusions drawn from the study
and outlines potential avenues for future research.

II. BACKGROUND
A. High-fidelity Heat Transfer Model

This study uses a high-fidelity heat transfer model [4],
which simulates the dynamics of a laboratory-scale thermo-
forming system. A brief overview is provided here, while
more comprehensive details can be found in [4]. During
the thermoforming process’s heating phase, the primary heat
transfer mode is from the heater bank to the sheet’s surface
through radiation. Depending on the material properties of the
thermoplastic sheet, a fraction of the Infrared (IR) radiation
is absorbed, leading to an increase in the temperature of the
sheet. The thermoplastic sheet’s elevated temperature results in
heat dissipation to the environment through both convection
and radiation. Additionally, assuming that the thermoplastic
sheet is divided into IV, X IV, equal elements according to Fig.
2, conduction heat transfer occurs between adjacent elements
on the thermoplastic sheet. The heat balance equation for each
element on the sheet can be expressed as follows:

O -V @ )i (1)

In this equation, T; is the temperature of ith element on
the thermoplastic sheet. Q;aq, Qconv, and Qcong are radiation,
convection, and conduction heat fluxes, respectively, p is the
sheet material’s density, V' is the sheet element’s volume, and
cp is specific heat. Radiation from the heater bank is the
primary heat flux source toward elements on the thermoplastic
sheet. The following equation represents this radiation heat
flux.
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where Aj, is the surface area of the heaters, ¢, shows the
effective emissivity from heater to sheet, o indicates the
Stefan-Boltzmann constant, H is the number of heaters in the
heater bank, F),_,; is the view factor between the h*" heater
in the heater bank and the i*" element on the thermoplastic
sheet, 0y, is the surface absolute temperature of the hth heater
in the heater bank, and 7T; is the absolute temperature of the
it" element on the thermoplastic sheet. Heat dissipation to
the surroundings occurs through radiation and convection heat
transfer from the sheet elements. Notably, the convection heat
transfer coefficient varies between the top and bottom faces
of the sheet. Equation (3) delineates the convection heat flux
from a sheet element to the environment.

Qconv = (ht + hb)AxAyATa (3)

where h; and h; represent the convection heat transfer coef-
ficients at the top and bottom faces of the sheet, respectively,
AxzAy denotes the surface area of the sheet element exposed
to the air, and AT is the temperature difference between
the sheet element and the ambient. Additionally, heat transfer
through conduction occurs in adjacent elements from elements
with higher temperatures to those with lower temperatures on
the thermoplastic sheet. However, this type of heat transfer is
relatively small compared to radiation and convection, owing
to the low thermal conductivity of thermoplastic materials.
Equation (4) details the conduction heat flux between sheet
elements. AT

Qcond = kAe E ) (4)

where k is the thermoplastic sheet material thermal conductiv-
ity, A, is the element’s cross-sectional surface area, AL is the
width of the element in the x or y directions, and AT is the
temperature difference between the ends. Figure 2 illustrates
the heater bank alongside the thermoplastic sheet, partitioned
into N; x N, equal elements. The figure delineates three
types of heat transfer transpiring during the thermoforming
heating phase. The region beneath each heating element on the
thermoplastic sheet is called a “Zone”. Every zone receives
radiation from all heaters in the heater bank; however, the
predominant infrared radiation received is from the heater
directly above that specific zone. In the scenario where the
sheet is discretized into cubic elements referred to as control
volumes, equation (1) is integrated over each control volume
and across the time interval from ¢ to ¢t + At. Hence, the
temperature change in each sheet element is determined by
the change in its internal energy, as expressed in equation (5).

At
pVey

where dU = Qrad + Qconv + Qcond-
This model is nonlinear and a high-order approximation of
the infinite dimensional heat transfer process.

Tipne =T+ (

)du, ®)

B. Control Objectives for Thermoforming Systems

Our main objectives for controlling the heating phase of
thermoforming systems are efficiency, reliability, and scalabil-

ity.

Heater Bank

Thermoplastic
A sheet

Fig. 2: Thermoplastic sheet meshing and definition of the zone.

1) Heating beyond Glass Transition Temperature: One of
the critical control objectives is the handling of overheating
(temperature overshoot). From a thermo-mechanical perspec-
tive, the appeal of amorphous thermoplastics lies in their wide
forming window, which stems from their rubber-like behavior.
This behavior occurs above the glass transition temperature T,
and extends over various temperatures. The thermoformability
of these materials hinges on finding a balance between with-
standing significant deformations and maintaining a certain
level of rigidity to prevent excessive sheet flow during heating.
Typically, the forming window ranges from 30 to 60 °C above
T, for most amorphous thermoplastics [25]. The overshoot
should be carefully controlled so the thermoforming processes
do not exceed the forming window of the material. This
constraint is essential to prevent material degradation and
ensure product quality. Consequently, the admissible set, )
is defined as follows:

y = {7;|Z S {17 ceey 15}77; - 7;T S 7:)ver}7 (6)

where 7; and 7" are each zone’s average and reference
temperature on the thermoplastic sheet, respectively. Toper
denotes the allowable overshoot temperature determined by
the material properties, which is considered equal to zero in
this paper.

2) Operating Time Efficiency: To enhance production effi-
ciency, the control system must minimize the rise time and
settling time during the heating phase. A rapid and accurate
approach to the desired temperature setpoint, without excessive
overshoot, is essential for increasing throughput.

3) Minimizing the error at the end of the heating phase:
To maintain precise temperature control and ensure product
quality, the control system must minimize the error between
the desired temperature and the temperature achieved at the
end of the heating phase.

4) Robustness: Industrial environments present numerous
challenges, including variations in system parameters such
as ambient temperature, which can affect the thermoforming
process. The gap between the heater bank and the thermo-
plastic sheet is one of the most important system parameters.
A smaller gap reduces disturbance from neighboring heaters,
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Fig. 3: An industrial example of large sheet sagging during
the heating phase: CMS plastic technology company [26]

resulting in system behavior similar to a Single-Input Single-
Output (SISO) configuration for each zone. In contrast, this
minor gap may form hot spots on the thermoplastic sheet,
disrupting the desired smooth temperature distribution. During
the heating phase, high temperatures cause the large sheets
to lose their structural integrity and sag downwards under
their weight; see Fig. 3. This sagging leads to different gaps
between heaters in the heat bank and their associated zones
during the heating phase. The proposed method must be robust
to sensitive system parameters, maintaining optimal control
performance despite external disturbances. This robustness is
crucial for ensuring consistent process outcomes and minimiz-
ing the need for manual adjustments.

5) Scalability: Another aspect is the control system’s scal-
ability, especially in industrial settings where thermoforming
processes may involve hundreds of heaters. All aspects of the
controller design need to be scalable to a high number of inputs
and output zones, from modeling to control implementation
and computational load.

C. Experimental Setup

The physical setup illustrated in Fig. la is a lab-scale
thermoforming system with fifteen ceramic heating elements
(FTE-500, Ceramicx Company) arranged in five rows and
three columns in the heater bank. Each zone receives radiation
from all heaters in the heater bank, indicating a Multi-Input
Multi-Output (MIMO) system. A mobile frame holds the
thermoplastic sheet during the heating phase and transfers it to
the mold once the heating phase is completed. A FLIR Infrared
(IR) camera (FLIR A35) provides temperature feedback from
the thermoplastic sheet’s surface to the control algorithm with
a 60 Hz frame rate and 16-bit video streaming. The compact
dimensions of the thermal camera (29 x 36 x 59 mm) enhance
its versatility within the experimental setup. Control input
values are transmitted to an Arduino Atmega 2560 via a serial
port, where they are processed to manage the states of the
relays (Omega - SSRL240AC10). The input values, derived
from MATLAB and representing the output of the control
algorithm within the range of 0 to 255 units, are used by the

TABLE I: System parameters.

Parameter Description Values Unit
P sheet density 1380 =5
Cp specific heat capacity 1465 [kgiK}
€e effective emissivity 0.95 -

k material thermal 0.18 [2]
conductivity
h convection heat transfer 5 (%]
coefficient
Az sheet thickness 0.002 [m]
L. sheet length 0.75 [m]
Ly sheet width 0.5 [m]
L (
@ Number of Units
a4

Sum of Wavelets *
Nonlinear Function
:: Linear Function /I-

Output Function

J
Regressors

Fig. 4: A single-output NARX model block diagram.

Arduino firmware to generate PWM signals. The AC unit is
segregated into two circuits to manage the power requirements.
The first circuit powers eight heaters, each drawing 2.5 Amps,
while the second circuit caters to seven heaters with the same
power draw. Each unit operates within a range of 220V and
up to 20 Amps. Table I shows this study’s model parameters.

III. METHODOLOGY: DATA-DRIVEN SYSTEM MODELING
AND PREDICTIVE CONTROL

To meet the reliability, efficiency and scalability specifica-
tions, we propose an indirect data-driven approach. In the first
step, a low-order nonlinear model with NARX structure is
identified from data. This model is then validated for the range
of operating points that is captured by the data. In the next
step, the validated model is linearized for the operating point
of interest. This linearized model is then used to design a
robustly tuned MPC controller.

The methods used in this work are described below in
Section III. Section IV describes how this methodology is
applied to the thermoforming system, including experiment
design, the approach to model validation and the MPC design
choices. Results of the model validation, critical to the validity
of the proposed approach, are included in Section V.

A. Data-Driven System Modeling: Nonlinear Autoregressive
Exogenous (NARX)

A NARX model extends the traditional linear ARX structure
by incorporating linear and nonlinear components in parallel;
see Fig. 4. It consists of two main components: a regressor
vector and an output function. The regressor vector contains
past input-output data, indicating the model’s order. The
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output function involves offset, nonlinear, and linear functions,
indicating the model’s structure. Since the output function
benefits from a parallel structure, its nonlinear and offset parts
are dedicated to reducing the modeling error that cannot be
captured by the linear part. A NARX model with a wavelet
nonlinear function can be represented as follows:

(7a)
(7b)

.
X = [ Ylt—1:t—n]s U[t—1:t—m] ] )
yi(Xy) = X PL+W(X;) + S(Xy) +e,

where X; € R(")*1 the regressor vector at time step ¢, € is
the offset, P € R(®*+™)*? is a projection matrix, transforming
the regressors into a lower-dimensional space, L € RP*! is lin-
ear mapping that scales the projected regressors to the output.
W (X:) represents the sum of dilated and translated wavelets,
which are functions that capture the localized features of the
signal. S(X;) represents the sum of dilated and translated
scaling functions, also known as scales, which capture the
global trends of the signal. The functions W (X;) and S(X})
together form the wavelet network’s nonlinear component,
allowing the NARX model to approximate complex, nonlinear
relationships between the inputs and outputs [27]. To linearize
the NARX model, consider the following equation:

Xip1 = AX, + [B1 By [jﬂ : (82)

ye = F (X, up), (8b)
where F is a nonlinear function representing the output
function in Figure 4. X and u; are state and the input vectors
at time t, respectively.

To establish a linear state-space model around the operating
point yop = F(Xop, Uop), the first derivatives of the function
F with respect to the state vector X and the input u are
represented as follows:

0 0
Zan]:(X,u) u:uop, ]:u:%]:(X,U,)
X=Xop

JT-X _ )
U=Uop

X=X,

")
Using the derivatives, the changes in the output and state
vector from their values at the operating point can be approx-
imated by the following linear equations:

AXy i1 = AAX, + [B; By [ﬁgj . (10a)

By substituting equation (10b) in (10a), the linear approxima-
tion for the state vector around the operational point is defined
as follows:

AXt+1 = (A + Ble)AXt + (Blfu + BQ)AUt, (11)

where AXy = X; — Xop, Auy = up — Uop, AYr = Y¢ —
Yop are the deviation of the state vector, input, and output
from their value at the operating point, respectively. By and
B> are matrices that relate the input and the output to the
state changes. This method is implemented by the “linearize”
command in MATLAB® - System Identification Toolbox.

Control Inputs Thermoforming
System
1 Future jOutputs
R Control C ntrol
Setvoint —| Active-set | actions 00_ "d
ctpoin . riente
Algorithm

Cost I

Function

Fig. 5: MPC block diagram [9].

Constraints

B. Model Predictive Control (MPC)

MPC is an advanced control technique that enables solving
a constrained finite horizon optimal control problem, with the
cost of solving an on-the-fly optimization problem. As an
optimization-based controller, MPC can systematically handle
input-output constraints [28], [29]. One of the challenges in
implementing MPC in industrial settings is the need for suf-
ficiently accurate system models [30]. Often, highly accurate
and over-complicated models may not be suitable for control
design as the underlying optimization problem becomes ex-
pensive and time-consuming, especially for high-dimensional
systems. In this work, we propose to use a low-order control-
oriented model that is obtained by linearizing the NARX
model, following (10a-10b). For a servo-tracking problem',
we define the MPC problem as follows:

N, N.—1
S aeles + > BAUT Auy

minimize

subject to X1 = AX; + Buy,
yr = CX; + Duy, (12)
€t =T — Y,
Yt S y7 Ut S u»

where « and 3 penalize the tracking error and rate of the
control inputs, {4/ and ) are admissible sets for inputs and
outputs, ensuring the system operates within safe and efficient
bounds, A = A+ B1Fx, B = B1.F, + Ba, C = Fx and
D = F, are the matrices of the control-oriented model from
(10a). N, and N, are the prediction and control horizons,
respectively. Awu; is the increment of control input at time
step t, required to eliminate steady state errors. The general
architecture of the proposed method is depicted in Fig. 5.

IV. PROPOSED CONTROL STRATEGY FOR
THERMOFORMING SYSTEM

This section specifies the proposed indirect modeling and
MPC method as applied to the lab-scale thermoforming sys-
tem, and details how the modeling phase and control law were
designed to meet the control objectives.

A. Data-driven modeling for Thermoforming System
Experiment design? for nonlinear systems requires physical
understanding of the system, as the required excitation depends

IThe reference, ¢, is a constant signal over the prediction horizon.
2Data collection for SysID purposes.
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on the nonlinearity, in addition to mathematical conditions
such as persistently exciting (PE) inputs that are required for
linear systems [31]. For a thermoforming system, we outline
an experiment to collect data for modeling purposes with
the following criteria: I) The input should drive the system
across a broad range of sheet temperatures to expose the non-
linearity of the system. IT) The system’s output should oscillate
around various equilibrium points to capture the system’s
gain characteristics. IIT) Given the distinct nonlinear behaviors
during thermoforming systems’ warming and cooling phases,
the input signal must be designed to explore these phases
comprehensively. The system’s non-linearity is gain-dependent
and mainly depends on sheet temperature.

To meet these requirements, we employ a pseudo-random
binary sequence (PRBS) signal with the upper and lower
bounds increasing every 200 minutes with the amplitude of
100 [W] until reaching a maximum of 500 [W], after which it
decreases similarly.

The validated physics-based model described in Section
II-A was used to generate a simulated data set. A measurement
noise signal, sampled from a standard normal distribution, was
added to the measurements. Use of this artificial data-set en-
ables evaluation of robustness and performance in simulation,
required to establish whether the proposed method meets the
objectives.

Parameter estimation is carried out using MATLAB® -
System Identification Toolbox to achieve the best parameters
in the NARX model, considering 15 Wavelet networks. The
optimal accuracy of the model, smallest NRMSE, is observed
when parameters n and m in the regressor vector related to the
number of past inputs and outputs are set to 2. The accuracy
of the model is evaluated based on NRMSE and correlation
analysis criteria on the test data. Furthermore, the dataset is
split into train and test subsets, comprising 75% and 25% of
the data, respectively.

B. Proposed MPC for Thermoforming System

We linearize the identified NARX model for the target
operating conditions and design a linear MPC using this
linearized model. By design, using this linear control-oriented
model in MPC demands fewer computational resources than
a full high-order physics-based model, thus making it more
scalable for real-time control in industrial settings. Each zone
is modeled with a succinct set of regressors and the MPC
is implemented by solving a Quadratic Programming (QP)
problem. This scalability ensures that the control strategy can
be efficiently applied across different machines and setups,
facilitating its adoption in diverse industrial environments.

The model inputs encompass the electrical power of the
heaters within the heater bank, u, and the outputs comprise the
average temperature of each zone on the thermoplastic sheet,
T. Equation (13) shows the regressor vector for the NARX
model proposed for thermoforming systems.

7;71:15771 :|

Ut—1:t—m

X = { 13)

where T;_1.4—n € RZ*™ and wp_1.4—p, € REX™ are the
past n and m output and inputs at discrete-time index ¢,

respectively (see also equation 7a). Z is the total number
of zones on the thermoplastics, and H shows the number
of heaters. The system’s input (heater’s power) and output
(sheet’s temperature) u;_,, and 7;_, , respectively, at time
step t — n take the following form:

7;7’”(1) Ut—n(l)
7;7”(2) Uy (?

t—m — . s Ut—n = (14)
T e (D)

The range of values u(",---  u) are from 0 to 500 W,

indicating the minimum and maximum power levels that are
applied to each heater, indicating input admissible set U/ in
equation 12.

To meet the specifications, in particular 2) and 4) (efficiency
and robustness), the controller is tuned to provide aggressive
yet safe control actions, which is achieved by setting a higher
value for v compared to 3 in equation (12).

Limiting the control error at the end of the heating phase
(specification 3)) is achieved by the use of a terminal error
at the end of each control horizon. Specifically, the absolute
difference between the desired set-point temperature and the
actual temperature of each zone should be less than the
required control accuracy, which is considered 5 °C in this
study. This constraint can be expressed as:

1Ti(ty) — T < 5°C, Viel,... 15 (15)

where ¢y denotes the end of the control horizon, and 7;(ty)
represents the actual temperature of zone 4 at time 7. Enforc-
ing this terminal error constraint ensures that the temperature
distribution across the thermoplastic sheet is within an ac-
ceptable tolerance range, preventing material degradation and
maintaining consistent product quality.

V. RESULTS

This section includes validation of the NARX model, eval-
uation of the robustness and performance of the proposed
controller using the simulation environment, and experimental
implementation. In simulation, performance of the proposed
controller is compared to three state-of-the-art methods: MPC-
guided Deep Reinforcement Learning (DRL), Adaptive MPC
(AMPC) [9], and Multi-agent DRL [11]. Next, the proposed
method’s robustness against three important system param-
eters, convection heat transfer coefficient (h), the gap be-
tween the heater bank and the thermoplastic sheet (d), and
the radiation absorptivity of the thermoplastic sheet (o) are
examined. Finally, the lab-scale experimental thermoforming
setup is used to verify the proposed control algorithm as a
physical platform and the experimental results compared to
the multi-agent DRL in [11].

A. Model Validation

The (nonlinear) NARX model was validated by 1) evalu-
ating the fit to data of the one-step-ahead predictor, 2) auto-
and cross-correlation tests and 3) evaluating the N-step ahead
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TABLE II: Accuracy of the proposed NARX model for the
test data in the closed-loop simulation: NRMSE for each zone
versus N-step prediction horizon (percentage).

N 1 10 30 50 80 100
Zone 1 98.58 | 97.59 | 94.41 | 91.47 | 87.78 | 85.73
Zone 2 | 98.59 | 97.46 | 9397 | 90.74 | 86.68 | 84.44
Zone 3 98.49 | 97.39 | 93.89 | 90.68 | 86.65 | 84.43
Zone 4 | 98.61 | 97.48 | 9399 | 90.80 | 86.77 | 84.54
Zone 5 98.61 | 97.34 | 93.51 | 90.02 | 85.62 | 83.19
Zone 6 | 98.57 | 97.32 | 93.52 | 90.05 | 85.67 | 83.24
Zone 7 98.60 | 97.39 | 93.77 | 90.47 | 86.34 | 84.06
Zone 8 98.62 | 97.24 | 93.22 | 89.57 | 84.99 | 82.46
Zone 9 98.55 | 97.25 | 93.35 | 89.77 | 85.26 | 82.75
Zone 10 | 98.58 | 97.44 | 9392 | 90.68 | 86.60 | 84.35
Zone 11 | 98.60 | 97.28 | 93.33 | 89.74 | 8524 | 82.76
Zone 12 | 98.58 | 97.34 | 93.61 | 90.21 | 85.93 | 83.56
Zone 13 | 98.51 | 97.49 | 9423 | 91.21 | 87.42 | 85.34
Zone 14 | 98.52 | 97.33 | 93.62 | 90.21 | 85.94 | 83.59
Zone 15 | 98.49 | 97.43 | 94.06 | 90.98 | 87.12 | 85.01

prediction accuracy. The model was validated for all zones.
For readability, results are presented for a representative zone.

Input and output data as well as the 1-step ahead prediction
and prediction error for Zone 1 are shown in Fig.6. The model
fit is adequate, with an error of less than 5 degrees over a
temperature range of over 400 degrees.

Fig.7 (first subplot) presents the sample autocorrelation of
the residuals for Zone 1. The sharp central peak and the fact
that most values remain within the 99% confidence bounds
suggest that the identified model has captured the dominant
dynamics, with residuals primarily reflecting measurement
noise. The second subplot in Fig.7 displays the sample cross-
correlation between the residuals and lagged inputs for Zone
1. The low correlation values, largely confined within the 99%
confidence interval, indicate that the model has effectively
utilized the information available in past inputs. Note that the
cross-correlation does not align with a stochastic error, and can
be attributed to unmodeled nonlinear effects. Minor excursions
beyond the confidence bounds in the autocorrelation Fig.7
(top) can also be attributed to unmodeled nonlinear effects.
The model captures most, but not all of the nonlinearity of
the system.

In addition to these validation tests, we evaluated the ac-
curacy of N-step ahead predictions. The model was identified
using 1-step ahead predictions. However, the model will be
used in MPC, where multiple steps are predicted. The accuracy
of such multi-step-ahead predictions can degrade due to the
accumulation of one-step-ahead prediction errors during model
recursion. To assess the accuracy and robustness of the NARX
model’s multi-step-ahead predictions, N-step ahead predictions
were also evaluated against the test set. The model’s accuracy
is quantified by the Normalized Root Mean Square Error
(NRMSE) and presented in Table II.

N, N

Vi D i -9
NRMSE = :

max(y) — min(y)

where Ny is the number of data points, y is the noise-polluted
measurement, and ¢ is the model’s predicted output.

Table II presents the model’s accuracy for each zone relative
to the prediction horizon for test data, which was the final 25%
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Fig. 6: Top: Input excitation signal applied to the first heater
during data collection. Middle: Measured output and the
NARX model’s one-step-ahead prediction for Zone 1. Bottom:
Corresponding one-step-ahead prediction error.
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Fig. 7: Autocorrelation of the residual e; (top) and cross-
correlation between the input u; and residual e; (bottom) for
Zone 1 on the test dataset. The red bounds indicate the 99%
confidence interval.

of the entire data set. For the prediction horizon of 100 steps,
the model’s accuracy is more than 80% on the test dataset.
The (nonlinear) NARX model is validated for the range of
operating conditions represented in the data, and adequate for
controller design for target operating conditions within this
range.

B. Controller Evaluation: Numerical Results

To evaluate the controller’s performance in various settings
and conduct a comparative analysis with AMPC, MPC-guided
DRL, and multi-agent DRL the same base scenario introduced
in [9] and [11] is considered. Table III shows the reference
temperature distribution used in the comparisons.

1) Comparison Study: The following performance metrics
for comparison are considered: the average and the maximum
error of zones at the end of the simulation time, the maximum
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TABLE III: Desired temperature distribution on the simulator
and experimental implementation.

Zone Ref. Ref. Zone Ref. Ref. Zone Ref. Ref.
Temp. Temp. Temp. Temp. Temp. Temp.
Sim.  Exp. Sim.  Exp. Sim.  Exp.
[°Cl [°Cl] [°Cl [°C] [°Cl [°C]
1 1655 83 6 117 55 11 129.8 71
2 1303 66 7 1654 85 12 117.1 54
3 1182 51 8 1255 75 13 167 83
4 167.5 84 9 1148 56 14 136.3 66
5 127.6 70 10 1669 85 15 119.7 53

overshoot, and the settling time within an error bound of
+10°C. Figure 8a shows the error variation across the 15
zones on the thermoplastic sheet over the simulation time.
After 560 seconds, the error signals lie in the £10°C bound.
The maximum overshoot and the average (maximum) error of
zones are 2°C and 0.7°C (1.4°C), respectively. Also, Fig. 8b
indicates the control inputs applied to 15 heaters bounded in
[0,500] Watts.

Table IV compares the performance of the proposed method
with AMPC, MPC-guided DRL, and multi-agent DRL across
seven criteria on the simulator. AMPC requires feedback from
the surface temperature of heaters since it uses a linearized
physics-based system model around operational points. In
contrast, MPC-guided DRL, multi-agent DRL, and the pro-
posed method are developed based on input (heaters’ heating
power) and output (zone temperatures) measurements. With an
increase in the heaters in the heater bank, the system’s inputs
and outputs also increase, leading to higher complexity in the
models utilized by the centralized MPC methods and, con-
sequently, longer online computational time. However, while
this complexity affects the offline training time of MPC-guided
DRL, its online computational time remains low once trained,
enabling fast operation. Furthermore, in multi-agent DRL,
each heating element is assigned its own agent. Consequently,
any modifications to the heater bank layout have no impact on
the online or offline computational time. Concerning accuracy,
although the proposed method performs comparably to multi-
agent DRL, it surpasses both AMPC and MPC-guided DRL
by achieving a notably tighter final error bound. In particular,
the proposed method’s error bound is 3.5 times narrower than
AMPC’s and 5.5 times narrower than MPC-guided DRL’s.

Using the proposed method substantially reduces the over-
shoot, decreasing from 12°C in AMPC and MPC-guided DRL
and 6°C in multi-agent DRL to 2°C. This represents a signif-
icant reduction in overshoot. Furthermore, concerning settling
time within an error bound of +10°C, the proposed MPC
can achieve this error bound in 560 seconds. In contrast, the
settling times for the AMPC and MPC-guided DRL methods
are 650 seconds and 765 seconds, respectively.

2) Robustness Analysis: This section assesses the robust-
ness of the proposed method by examining its sensitivity to a
wide range of variation in three critical system parameters:
convection heat transfer coefficient (h), the gap between the
heater bank and the thermoplastic sheet (d), and the radiation
absorptivity of the thermoplastic sheet («). This analysis
enables us to assess the robustness of the proposed method

before implementing it on the real-world setup in section V-C.
The proposed method’s performance is evaluated based on
the maximum overshoot and final average error across zones
for different mentioned parameters. The nominal condition is
defined as h = 5[23], d = 15[cm], and a = 0.8.

In Figure 9a and Figure 9b, the heat transfer coefficient
was varied for different distances between the sheet and the
heaters while keeping the absorptivity at 0.8. In Figure 9¢ and
Figure 9d, the heat transfer coefficient was varied for different
absorptivity coefficients while keeping the distance between
the heater bank and the sheet at 15 cm. Figure 9a and Figure
9c collectively indicate that the proposed MPC is robust to
significant variations in parameters. It consistently maintains
the average error of zones on the sheet below 2 °C after the
control process. Furthermore, as illustrated in Figure 9b, an
increase in the distance between the heater bank and the sheet
results in a larger overshoot. This outcome is logical, given
that the heater’s radiation pattern covers a broader area on
the sheet, potentially impacting other zones as a disturbance.
Additionally, Figure 9 demonstrates that an elevation in the
convection heat transfer coefficient (due to a drop in room
temperature or exposure of the sheet to wind) leads to a
decrease in both maximum overshoot and the final accuracy.
The outcomes depicted in Figure 9 indicate the proposed MPC
is robust in handling disturbances introduced by changes in
system parameters.

C. Controller Evaluation: Experimental Results

The practical application of the proposed method is eval-
uated on the experimental thermoforming setup, detailed in
section II-C. The controller designed using the high fidelity
simulator was implemented and evaluated. A feasible non-
uniform reference temperature distribution from [11] is chosen
to evaluate the controller’s performance, as shown in table
III, given the ambient temperature during the experimental
test equal to 21°C. Fig. 10 illustrates the system’s output,
measured temperature profile on the thermoplastic sheet by
IR camera, at time stamps t = 100[sec], ¢ = 200 [sec],
and ¢ = 900 [sec]. Figure 10d depicts the error variation
across the 15 zones on the thermoplastic sheet. It shows that
the controller effectively reduces the error of zones within
the £10 bound after 308 seconds, with the average and
maximum error of zones at the control process’s conclusion
being approximately 1°C and 3.8°C, respectively, and the
maximum overshoot equal to 5.3°C. Additionally, Fig. 10e
indicates the control inputs applied to the 15 heating elements.

Table V compares the proposed MPC controller’s perfor-
mance for the same reference temperature distribution on
a physics-based simulator and a real-world lab-scale ther-
moforming setup. The results indicate a close alignment in
performance when subjected to an identical reference temper-
ature distribution on both platforms. Notably, the settling time
within the experiment’s error bound of £10°C was recorded
as 308 sec, shorter than the simulator’s settling time. Also, the
overshoot on the real-world setup is almost 5°C higher than
the simulator. This disparity suggests differences in system
parameters between the simulator and the experiment. For
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Fig. 8: Simulation results of the proposed method applied on the physics-based simulator (H denotes each heater, and Z denotes
each zone). (a) error signals for the nonuniform reference temperature distribution. (b) input signals for the nonuniform reference

temperature distribution.

TABLE IV: A comparison between AMPC, MPC-guided DRL, and proposed MPC using linearized NARX model on the

physics-based simulator.

Metric AMPC MPC-guided DRL Multi-agent DRL Proposed MPC with
Linearized NARX Model
Reliance on model D&l Training Training D&l
Requires heater temp. bank’s feedback Yes No No No
Average online comp. time [ms] 921 11 11 90
Average error after 1000 sec [°C] 1.5 1.8 0.3 0.7
Maximum error after 1000 sec [°C] +5 +8 +1 +14
Maximum overshoot [°C] 12.0 11.8 6 2.0
Settling time [sec] 650 765 350 560
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Fig. 9: Robustness evaluation: (a) The average error of zones under varying convection heat transfer coefficients and gaps
between the heater bank and the sheet. (b) Maximum overshoot under varying convection heat transfer coefficients and gaps
between the heater bank and the sheet. (c) The average error of zones under varying convection heat transfer coefficients and
sheet absorptivity coefficients. (d) Maximum overshoot under varying convection heat transfer coefficients and sheet absorptivity

coefficients.

instance, variations may arise if the convection heat transfer
coefficient in the lab is lower than that considered in the
simulator or if the sheet’s radiation absorptivity is higher than

the simulated values.

Table VI compares the proposed MPC controller with

the multi-agent DRL approach on the real-world lab-scale
thermoforming setup described in Section II-C. As shown,
the proposed MPC achieves slightly improved accuracy, with
average and maximum errors of 1°C and 3.8°C, respectively.
Moreover, the overshoot is nearly halved, dropping from
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Fig. 10: Experimental results of the proposed method applied on the lab-scale thermoforming system: measured by the IR

camera.

TABLE V: Overall comparison of the simulation and ex-
perimental results for the non-uniform reference temperature
distribution.

Metric Simulator  Experimental
Zones’ average error [°C] 0.6 1
Zones’ maximum error [°C] +2.6 +3.8
Overshoot [°C] 0.5 5.3
Settling time (sec) 380 308

11.5°C in the multi-agent DRL method to 5.3°C in the
proposed MPC, although the multi-agent DRL exhibits a
shorter settling time.

VI. CONCLUSION

This work proposed an indirect data-driven predictive-based
control method for thermal control in the thermoforming
process. It outperformed state-of-the-art methods while ben-
efiting from well-established tools and theories of system
identification and linear predictive control. Several simulation
studies were conducted using a high-fidelity simulator to
evaluate the proposed method’s robustness and performance

TABLE VI: A comparison between proposed MPC and Multi-
agent DRL experimental results for non-uniform reference
temperature distributions.

Metric Multi-agent Proposed
DRL MPC
Average error [°C] 1.6 1
Maximum error [°C] +4 +3.8
Overshoot [°C] 11.5 53
Settling time within an 236 308

error band of +10 °C
[sec]

under parametric uncertainty. The results indicated an over-
shoot and average steady-state error of less than 2°C and
0.9°C for the nominal scenario, and 7°C and 2°C for the
worst-case scenario. Moreover, the experimental results of the
proposed controller closely matched the simulation analysis,
with overshoot and average steady-state error metrics of 5.3°C
and 1°C, respectively.

The proposed robust linear model predictive controller
design using approximate control-oriented models [32], [30],
[33] is scalable and maintains performance over a wide range
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of uncertainty, indicating its applicability to industrial settings.
By integrating a data-driven NARX model within the linear
MPC framework, we address the critical challenges associated
with traditional control methods, which often struggle with
thermoforming systems’ dynamic and nonlinear nature. In
addition, the experimental and simulation results confirmed
that the proposed method outperforms more complex adaptive
and learning methods in term of overheating, operation time,
and steady-state errors.

For future extensions, enhanced robustness against unfore-
seen shifts in process dynamics can be pursued using feature-
centric and automated manifold update techniques as proposed
in [34]. Furthermore, we aim to explore direct data-driven
control techniques that eliminate the system identification step,
allowing the controller to be designed directly from the dataset.
This approach has the potential to improve performance while
simplifying the overall design process.
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