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Real-time autonomous control of a continuous
macroscopic process as demonstrated by plastic
forming†

Shun Muroga, *a Takashi Honda,b Yasuaki Miki,a Hideaki Nakajima,a

Don N. Futabaa and Kenji Hataa

To meet the need for more adaptable and expedient approaches in

research and manufacturing, we present a continuous autonomous

system that leverages real-time, in situ characterization and an

active-learning-based decision-making processor. This system was

applied to a plastic film forming process to demonstrate its capability

in autonomously determining process conditions for specified film

dimensions without human intervention. Application of the system to

nine film dimensions (width and thickness) highlighted its ability to

explore the search space and identify appropriate and stable process

conditions, with an average of 11 characterization-adjustment itera-

tions and a processing time of 19 minutes per width, thickness

combination. The system successfully avoided common pitfalls, such

as repetitive over-correction, and demonstrated high accuracy, with

R2 values of 0.87 and 0.90 for film width and thickness, respectively.

Moreover, the active learning algorithm enabled the system to begin

exploration with zero training data, effectively addressing the

complex and interdependent relationships between control factors

(material supply rate, applied force, material viscosity) in the contin-

uous plastic forming process. Given that the core concept of this

autonomous process can, in principle, be transferred to other con-

tinuous material processing systems, these results have implications

for accelerating progress in both research and industry.

1. Introduction

The formation of macroscopic structures is essential across a
wide range of industry sectors, including plastics, rubber, food,
and pharmaceuticals. These processes are fundamental for the
mass production of everyday products, such as tapes, rods, and

sheets (Fig. 1a). As industrial demands evolve and new materi-
als emerge, there is a growing need for more adaptable and
efficient fabrication methods. Traditional approaches, which
rely on manual adjustments and tuning of manufacturing
processes, are often labor- and time-intensive, prompting a
shift toward autonomous process control systems.

Autonomous process control extends beyond conventional
automation by incorporating independent decision-making
capabilities that significantly reduce or even eliminate the need
for human intervention. This advancement allows operators to
redirect their focus toward more complex scientific and indus-
trial challenges that are not suitable for automation. Moreover,
autonomy in process control promotes more objective and
unbiased operational decisions, leading to improved produc-
tivity and innovation. However, the development of such
autonomous systems is particularly challenging in scenarios
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New concepts
In this study, we introduce an autonomous system with real-time
characterization and a decision-making processor combining active
learning and Bayesian optimization for adaptable process operation. The
operation of this closed-loop system is demonstrated on a plastic film
forming process. The key innovation lies in the active learning decision-
making process, enabling autonomous operation without the need for
training data, which is an advantage for complex processes where such
data is unavailable. Applied to plastic film processing, the system
autonomously determined process conditions for user-selected film
dimensions with an average convergence of 11 characterization-adjustment
iterations (B19 minutes). In addition, the process demonstrated resilience,
avoiding optimization traps, setting it apart from conventional approaches.
The importance of this work lies in integrating AI with automation to create
an autonomous system, which combines the strengths of AI-based decision
making with automated experimentation. This combination represents a
powerful tool for advancing research in exploring complex systems
(continuous plastic film forming). The application of this system to a real,
macroscopic process further showcases its versatility and potential in fields
requiring interdisciplinary approaches. Overall, this system advances
autonomous materials processing for continuous systems, making it
applicable to new and unexplored materials.
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where prior data for training is lacking. The absence of com-
prehensive data hampers the development of reliable models
for process control, especially when dealing with new materials
or uncharted process conditions. While the benefits of auton-
omous systems are evident, the integration of human insight,
whether within the paradigms of ‘‘human in the loop’’ or
‘‘human overseeing the loop’’, can further enhance the inter-
pretability and effectiveness of these systems. This synergy
between human expertise and autonomous technologies is
identified as a crucial element in addressing complex manu-
facturing challenges.1,2

Autonomous systems generally operate within two paradigms:
‘‘maintenance’’ and ‘‘exploration.’’ Maintenance involves stabiliz-
ing a system in response to disturbances, often through well-
established methods such as proportional-integral-differential
(PID) controllers or, more recently, deep reinforcement learning.
For example, a study by Degrave et al. successfully employed a
deep reinforcement learning model to maintain plasma stability
in a nuclear fusion reactor by controlling magnetic fields.3 In
contrast, autonomous exploration focuses on the independent
optimization of uncharted parameter spaces without reliance

on preset rules, allowing for the discovery of novel process
conditions.

Recent advancements in autonomous exploration have been
applied across various fields of material science, including
organics, inorganics, and nanomaterials. These applications
range from optimizing chemical synthesis for both batch4 and
flow5–7 reactors to studying organic solar cells and semiconduc-
tors, to photocatalysts,8–11 investigating the structural properties
of thin films,12,13 and combustion synthesis,14 along with the
investigation of magnetic materials15 and phase-change memory
materials.1 For nanomaterials, autonomous exploration has been
applied to the investigation of optimizing growth rates and
examining structural changes in the chemical vapor deposition
synthesis of vertically aligned carbon nanotubes.16,17 Addition-
ally, autonomous exploration has been leveraged to refine pro-
cess protocols, such as developing charging protocols to enhance
battery longevity18 or optimizing drying processes for fuel cell
slurries.19 These advancements have been driven by significant
progress in both hardware, such as robotics and automation, and
software, including Bayesian optimization and large language
models. For instance, Chen et al. demonstrated a powerful
application of autonomous exploration in materials research by
integrating a pipetting robot with an active learning algorithm
based on a neural network model.20 This system enabled the
robot to conduct experiments autonomously, rapidly identifying
optimal conditions with minimal human input. Similarly, Boiko
et al. showcased the potential of large language models when
paired with robotics, achieving autonomous cross-coupling
reactions. By leveraging the vast knowledge embedded in the
language model, the system was able to predict and execute
complex chemical reactions autonomously.21 These examples
highlight the growing influence of autonomous systems in
accelerating ‘‘exploration’’ research across various fields,
demonstrating how the integration of advanced hardware and
sophisticated algorithms can lead to significant breakthroughs
in materials science.

Despite these advances, autonomous exploration in contin-
uous macroscopic forming processes has been relatively under-
explored, and research in this area remains surprisingly
underdeveloped considering its critical role in manufacturing.
The integration of precision automation, autonomous control,
real-time data processing, and the challenge posed by the lack
of prior data for training models presents significant obstacles,
particularly in continuous processes that require uninterrupted
operation and closed-loop systems for real-time adjustments.
While some research has focused on autonomous batch form-
ing processes using 3D printers,22,23 no research has been
conducted on the autonomization of continuous macroscopic
forming, despite its direct applicability to numerous continu-
ous synthesis processes as well as its paramount importance for
industrial mass production. Unlike batch processes, where
results are clearly defined and data can be consolidated after
completion, continuous processes demand ongoing autono-
mous exploration without halting the system. Achieving auton-
omous control in continuous forming processes remains
a formidable challenge due to the complexities of real-time

Fig. 1 Autonomous continuous macroscopic process. (a) Schematic of
the continuous macroscopic forming process. (b) Proposed system of
autonomous control of the continuous macroscopic process with a
closed-loop optimization of experiments with in situ evaluation and
calculations of decision making based on active learning. (c) Complexity
of material, force, and heat balances in the continuous macroscopic
forming process. (d) Trajectory of autonomous control of film dimensions
(width and thickness). The inset figure represents changes in sum of
squared relative errors of targeted film dimensions.
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data processing, decision-making, and the absence of pre-
existing data.

Here, we report an autonomous system for a continuous
macroscopic process using real-time in situ characterization
feedback (Fig. 1b). As a demonstration, we applied this system
to a continuous plastic film forming process to highlight its
efficiency and accuracy in achieving diverse target dimensions
without human intervention for a system without prior train-
ing. In this study, our system controlled the entire plastic
forming process, where plastic pellets were fed, melted, trans-
ported, and extruded through a slit-shaped ‘‘sheet’’ die, cooled
and collected onto a roll.24,25 Real-time in situ thickness and
width monitoring enabled the system to balance various pro-
cess parameters (material feed rate, draw rate, and applied
heat), as illustrated in Fig. 1c. Because of the complex relation-
ships between these factors, the balancing of these factors was
critical for not only determining conditions for targeted film
dimensions but also to ensure film uniformity.26 Moreover, the
optimal balance of these factors was influenced by the chemical
structures of the materials, including primary structure, mole-
cular weight distribution, side chains, and substituent modifi-
cation. In addition, our system showed ‘‘instability avoidance’’
(i.e., the ability to avoid being trapped within a parameter space
of unstable states). The accuracy and efficiency of this system
were validated by the rapid convergence for nine diverse target
values spanning different combinations of widths and thick-
nesses. Importantly, the decision-making section of our system
was based on an active learning algorithm, which required no
prior training, and target values could be achieved in an
average of 11 iterations (B19 minutes). Because the basic
concept of our autonomous process is transferrable and
expandable, thus we believe that our findings will promote
the autonomization of continuous forming processes, paving
the way for broader applications and implementations in the
numerous research and industrial fields.

2. Results and discussion
2.1. Demonstration of an autonomous film forming process

To begin, we demonstrate the ability of our system to efficiently
and independently determine the process conditions needed to
fabricate a plastic film with user-defined dimensions (width/
thickness) by employing an active learning processer to guide
the autonomous operation. For this proof-of-concept, polycar-
bonate was selected as a model system because it represents
one of the basic amorphous transparent plastics and showed
the widest diversity in achievable dimensions from manual
preliminary screening. In short, the autonomous decision-
making processor utilized an active learning algorithm based
on a Gaussian process regressor with a single objective func-
tion, combined with Bayesian optimization using an expected
improvement acquisition function. The detailed algorithm and
calculation workflow are provided in the ESI† and Fig. S4. The
sequence of states (i.e. ‘‘trajectory’’) following the progress is
shown in Fig. 1d. The progression of process adjustments is

depicted as a transition from blue to red, with red indicating
the endpoint. Star-shaped markers indicate the target positions
for width and thickness, while circular markers represent the
states during the convergence process. In viewing this trajec-
tory, we can make three observations. First, the conditions to
fabricate the film with the target width and thickness were
achieved in eight characterization-adjustment iterations, which
required only 24 minutes to complete. This highlights one of
the features of this system, process efficiency, which would be
challenging to achieve through manual operation. This result is
particularly significant because the system was not provided with
prior training or preset responses, as typically used in PID
systems (e.g. air-conditioning). Second, while the trajectory
appears random in nature, the sum of squared relative errors
at each iteration shows clear reduction indicating the gradual
convergence to target values. This process is twice interrupted
with abrupt increases in error (Fig. 1d, inset), a behaviour
inherent to the active learning process. Third, this demonstration
shows an important feature of our system: ‘‘instability avoid-
ance,’’ which we describe as the ability to avoid falling within a
parameter domain of unstable conditions from which it becomes
trapped due to the decision-making algorithm (Fig. 2). This is
analogous to repeated overcorrection in numerical analysis,
which is well known by oscillations about the convergence point
in the Newton method. To further validate this point, we applied
our system to optimize the process conditions for a target film
width and thickness using two different approaches: conven-
tional control and real-time active learning.

To compare the exploration of process conditions, we
applied a method that mimics human control (Fig. 2a) where
only a single condition is selected and adjusted at each itera-
tion. Specifically, this algorithm determines process adjust-
ments by sampling individual parameters and calculating
gradients, with this process repeated for each parameter. While

Fig. 2 Effects of autonomous control. Comparison of time-series profiles
of feed rate, draw rate, temperature, and film properties (width, thickness)
under (a) conventional and (b) autonomous control.
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conventional systems can be used in some situations, our
results showed that the optimal control conditions for the
target values of width and thickness could not be identified.
Instead, the system became trapped, as discussed earlier, and
failed to converge to the target values. We note that autono-
mous systems designed for ‘‘maintaining’’ desired targets in
environments with known process responses often use meth-
ods like PID controllers or more advanced approaches, such as
deep reinforcement learning. These methods serve as bench-
marks for comparison. However, in this study, we focused on
‘‘exploring’’ conditions in a system with unknown process
responses, such as in the case of new materials or when expert
knowledge is lacking. Although brute-force, systematic
searches can theoretically explore all combinations, they are
impractical due to the extensive time required. Thus, we
selected this approach because it simulates the systematic
adjustments characteristic of a human operator.

Using real-time active learning, the model determined process
conditions while balancing exploration of unexplored regions
within the process space and minimizing error in the projected
range (Fig. 2b). This algorithm demonstrated ‘‘instability avoid-
ance’’ and efficiently determined the parameters to achieve the
target values. We interpret the two abrupt increases in error in
the error plot of Fig. 1d, inset, as resulting from this behaviour.
To quantitatively compare the differences between the two
approaches, we calculated and plotted the sum of squared
relative errors for each process adjustment (Fig. S5, ESI†). As
shown in Fig. S5 (ESI†), the conventional process control failed to
reach the target values even after 30 minutes, with the error
remaining at a finite value. In contrast, our autonomous control
achieved the target values in about 8 minutes, with the error
approaching zero. Taken together, these results demonstrate that
autonomous optimization improves process efficiency and
robustness while eliminating the need for human intervention.

2.2. Configuration of the autonomous forming system

Here, we describe the three key components of our plastic film
forming system: (1) the plastic forming component; (2) the
in situ evaluation component; and (3) the autonomous decision-
making processor. The plastic forming component is responsible
for the mechanical fabrication and manufacturing in our system.
This section controls the feeding of plastic pellets (master batch)
into a hopper, applies heat to melt and coalesce the beads into a
cohesive molten unit, and extrudes the material through a sheet
die to form the basic sheet-like shape, which is then cooled and
collected (Fig. 1a). The control parameters of this process (feed
rate, temperature, and draw rate) are interconnected, which must
be mutually adjusted to avoid instability, such as ‘‘draw reso-
nance phenomena’’, which are structural distortions or fluctua-
tions as the process attempts to find a stable condition (Fig. 1c).
The in situ evaluation component provides in-line and real-time
diagnostics of the film dimensions (width and thickness), which
then streams into the autonomous processor as a basis for the
next decision on process adjustment (Fig. 1b). We refer to this
cycle as a ‘‘characterization-adjustment’’ iteration. By leveraging
the birefringence of plastics to capture the appearance of the

film, real-time detection of the formed plastic shape was made
possible using an arrangement of commercially available polar-
izers and a digital camera. Thickness measurements were
conducted using a laser displacement meter, providing contin-
uous, real-time monitoring. Together, these two evaluations
afforded real-time evaluation of two key physical film dimen-
sions, width and thickness. We note that while the dimensions
could be continuously monitored throughout our process, the
frequency of the adjustments was limited by the time required
for the plastic forming component to reach its target set-points
and for the newly formed plastic to reach the in situ evaluation
component.

The autonomous processor represents the core of our sys-
tem, as it accepts and interprets the forming and evaluation data,
decides the appropriate process adjustment, and sends these
instructions to the plastic forming component (Fig. 1b). As
previously mentioned, due to the complex relationship between
the process parameters, such as material grade and temperature-
dependent rheological properties, pre-accumulated data for train-
ing can often be lacking, particularly for new materials. Even
when partial data is available, its usefulness in decision-making
is strongly dependent on its diversity. Therefore, our autonomous
processor was designed using an active learning algorithm
(python3 modAL module27) based on a Gaussian process regres-
sor with a single objective function, which enables autonomous
control of the macroscopic forming process, even in the case
where no pre-existing data is available. In active learning, in
contrast to learning from a fixed training dataset, an untrained
model gradually learns from sequential queries and results. As
this process continues, the predictive accuracy of the model
improves. This method of development is analogous to child
development, where initial knowledge is absent, and through
gradually learning from various sensory inputs, the child acquires
numerous causal relationships, thereby gaining knowledge. In
principle, provided with sufficient characterization and control,
the evolved model is expected to achieve an expert level of
performance.

In our system, the model sequentially learns the relation-
ship between process conditions and the target dimensions. A
critical aspect of this learning process is the development of
strategies to determine subsequent process conditions. Two key
considerations are: (1) multi-objective optimization, specifically
the simultaneous optimization of both width (B10 s mm) and
thickness (Bsub-mm), and (2) establishing criteria to effi-
ciently identify the next set of conditions amid uncertain
predictions with a limited dataset. To simplify the optimiza-
tion, we used the sum of squared relative errors as the objective
function. This approach is useful when handling targets of
different orders of magnitude (width B10 s mm and thickness
Bsub-mm), allowing us to consolidate the problem into a
single objective function. We further employed Bayesian opti-
mization with an acquisition function, ‘‘expected improve-
ment,’’ to efficiently explore optimal process conditions. This
method evaluates both the proximity to the desired target on
the current data and the uncertainty in the unexplored regions
of the process space. By integrating these techniques into the
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active learning process, we developed a closed-loop system
capable of autonomous process control. This not only elimi-
nated the need for human intervention but also ensured that
multiple objectives were effectively managed.

2.3. Demonstration of an autonomous forming process to
diverse target values

To demonstrate the ability of this system to accurately and
efficiently determine process conditions for diverse target dimen-
sions, nine different targets were selected, spanning various
combinations of width and thickness. The system was directed
to autonomously achieve these values, following the procedure
described in Section 2.1 (Fig. 3a). Overall, the target values were
reached with exceptional efficiency as evidenced by an average of
11 characterization-adjustment iterations, corresponding to an
average processing time of B19 minutes. The fastest target
required only 3 iterations (1.4 minutes), while the most time-
consuming required 32 iterations (50 minutes). It is important to
note that, although 32 iterations over 50-minutes might seem
lengthy, this equates to one iteration every 1.56 minutes, exempli-
fying the advantages of autonomous control over manual opera-
tion. To highlight the accuracy of the autonomous operation, we
compared the target widths and thicknesses to the achieved values
(Fig. 3b and c, respectively), which show excellent agreement. The
coefficient of determination (R2) between the target and experi-
mentally fabricated plastic dimensions was R2 = 0.87 for width and
0.90 for thickness. These results quantify the accuracy and relia-
bility of our autonomous plastic forming system.

2.4. Interpretation of the results

These results demonstrate that our plastic forming system can
autonomously adjust the process to manufacture films with
user-defined dimensions. The complexity observed in the solu-
tions generated by the autonomous processor for the nine
target values highlights the sophisticated nature of the

optimization process (Fig. 3d–f). Although the optimization
results for a three-parameter process are not fully explainable,
we believe that this stems from the dependence of the trajectory
on the initial conditions and the non-uniqueness of the solu-
tions. Despite this, the results offer valuable material-specific
insights. We observed that the trends in the determined process
conditions for the feed rate differ significantly from those of the
draw rate and temperature. Specifically, as the target width and
thickness decrease, both the draw rate and temperature increase.
This behavior can be explained by the strong sensitivity of
plastic viscosity to small (B10 1C) changes in temperature. For
example, under the same shear rate, plastic viscosity decreases
by 30% from 1315 Pa s at 270 1C to 931 Pa s at 280 1C (Fig. S1,
ESI†). Consequently, within our range of selected target values,
temperature adjustment appeared relatively minor, except in
cases of significant dimensional reduction, where temperature
was increased to enhance plastic fluidity. In contrast, the draw
rate exhibited a clear trend, where higher draw rates were
required for reduced dimensions, reflecting the need for
greater shear to achieve the desired dimensional reduction.
This demonstrates that our system can autonomously deter-
mine unbiased process conditions appropriate for a wide range
of target values.

2.5. Implications, challenges, and future prospects of our
autonomous forming process

While our system has demonstrated effective autonomous
optimization for the plastic forming process, there are areas
that could be further improved. First, achieving higher accuracy
requires more measurement-adjustment iterations, which
increases optimization time. Currently, target accuracy is prede-
termined by the user. In the future, we anticipate that the system
will autonomously determine the stopping criterion, dynamically
balancing optimization time and accuracy based on the specific
requirements of the task.28 Second, our current system relies on a
user-defined process range to ensure human and machine safety.
For example, insufficient heating combined with a high feed rate
could cause excessive torque and potential machine damage, so
we set limits based on material rheology. Incorporating real-time
diagnostics could enable the system to autonomously adjust
these boundaries. Additionally, integrating domain knowledge
through large-scale language models could further improve the
system’s ability to set process control ranges autonomously by
leveraging extensive pre-existing data and expertise. Third, intro-
ducing additional process controls, such as roller temperature,
ambient humidity, and equipment geometry, would enhance the
system’s versatility and accuracy. To autonomously control more
complex structures and properties in plastics, the system must
include advanced in situ measurements. For example, near-
infrared spectroscopy could monitor and indirectly control
crystallinity,29,30 while novel techniques could infer mechanical
properties typically assessed through destructive testing. Integrat-
ing advanced measurements is expected to enhance the system’s
ability to explore and optimize advanced mechanical properties,
thereby improving its overall usefulness. Such advancements
would further solidify the role of autonomous systems in

Fig. 3 Application of autonomous control to different target conditions.
(a) A set of target widths and thicknesses for autonomous control.
Comparison of the accuracy of autonomous control of (b) width and (c)
thickness. Selected conditions of (d) feed rate, (e) draw rate, and (f)
temperature for autonomous control of nine different target conditions.

Materials Horizons Communication

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
N

ov
em

be
r 

20
24

. D
ow

nl
oa

de
d 

on
 1

/2
3/

20
25

 9
:5

3:
25

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4mh00051j


628 |  Mater. Horiz., 2025, 12, 623–629 This journal is © The Royal Society of Chemistry 2025

advanced manufacturing, pushing the boundaries of what is
possible in material science and engineering.

3. Conclusions

We have demonstrated an autonomous and continuous macro-
scopic forming process based on an active learning decision-
making algorithm. This system was successfully applied to the
manufacture of plastic films, serving as a model system for the
approach. With real-time in situ evaluation, the system accurately
captured film properties and used them as inputs to the auton-
omous processor, enabling the necessary measurement-
adjustment iterations to autonomously control process condi-
tions, including material input, draw force, and heating, without
human intervention. The system also showed high precision in
adjusting to optimal process conditions, even when the target
film dimensions were altered. Notably, the active learning-based
processor required no prior training, achieving film dimension
targets in an average of 11 iterations (B19 minutes). These
results highlight the high system efficiency in autonomously
determining process conditions without human intervention.
Looking ahead, the implementation of such autonomous systems
is expected to foster a more innovative and efficient manufactur-
ing environment, where human-machine collaboration enhances
productivity. Our findings have the potential to contribute mean-
ingfully to the autonomization of continuous processes, from
synthesis to slurries, pastes, and melts, and may open the door to
broader applications across various fields. Integrating these
systems into industrial practices could play a role in enhancing
manufacturing processes, fostering innovation, and improving
the quality and consistency of products in diverse sectors.

4. Experimental

All the information about materials and methods is provided in
the ESI.†
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H. Dietsch, K. Stoll, B. von Vacano and W. Matusik, Sci. Adv.,
2021, 7, eabf7435.

Communication Materials Horizons

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
N

ov
em

be
r 

20
24

. D
ow

nl
oa

de
d 

on
 1

/2
3/

20
25

 9
:5

3:
25

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4mh00051j


This journal is © The Royal Society of Chemistry 2025 Mater. Horiz., 2025, 12, 623–629 |  629

12 B. P. MacLeod, F. G. L. Parlane, T. D. Morrissey, F. Häse,
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