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To achieve sustainable development goals and the requirements of a circular economy, a new class of
intelligent computer-aided methods and tools is needed. Artificial intelligence (Al) techniques have been
gaining much attention due to their ability to provide options to tackle the challenges we are currently
facing. However, the successful application of Al to solve problems of current interest requires Al to be
integrated with associated process systems engineering methods and tools that are already available

or being developed. In this perspective paper, we highlight the use of a collection of process systems engi-
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safety and hazards.

neering methods and tools augmented by Al techniques to solve problems related to process manufactur-
ing, with a focus on chemical product design, process synthesis and design, process control, and process

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Process manufacturing (PM) is a core activity in chemical, bio-
chemical, and related engineering disciplines, as it involves the
conversion of selected raw materials into products needed by mod-
ern society [1]. PM encompasses various process engineering prob-
lems, such as continuous or batch operations, quality control,
operability, safety, and hazards, for a wide spectrum of chemical,
biochemical, and related industries. According to Sargent [2], pro-
cess systems engineering (PSE) is about problem-solving using a
systems approach; that is, “Some formulate their synthesis, design
and/or control problem, or some useful simplification of it, in pre-
cise mathematical terms, and then seek to exploit the mathemati-
cal structure to obtain an effective algorithm, while others seek
insight on the problem structure from physical intuition.” Also,
many of these process engineering problems are solved both online
(or in real time) and offline. As pointed out by Pistikopoulos et al.
[3], artificial intelligence (AI) and related techniques can help aug-
ment the core activities of engineers to identify better products
that can be made from appropriate raw materials while satisfying
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the constraints of sustainable development goals [4]. While meth-
ods and tools from PSE are routinely used to solve many PM prob-
lems [5], there has recently been increased interest in combining
them with Al techniques. For example (to mention a few),
Decardi-Nelson et al. [6] highlighted the use of generative Al in
PSE, Cao et al. [7] reported the use of machine learning (ML) for
the group-contribution-based property prediction of ionic liquids,
Baratsas et al. [8] proposed a hybrid stochastic and ML-based fore-
casting model for the energy sector, Ripla [9] emphasized the
leveraging of Al in manufacturing planning and scheduling, and
Daoutidis et al. [ 10] provided a perspective on the major challenges
and directions in future process control research and its industrial
implementation.

After being dormant for many decades, Al has recently emerged
as a major breakthrough in many fields. Venkatasubramanian [11],
quoting Rich [12], has stated that “Artificial intelligence is the study
of how to make computers do things at which, at the moment, peo-
ple are better.” He points out that the implication here is that Al
could eventually end up doing all the “things” that humans do and
do them much better—that is, it could achieve super-human perfor-
mance, as witnessed in systems such as DeepMind’s AlphaZero for
Chess and Go [13], the deep reinforcement learning (RL) approach
used to defeat the fastest driver in Gran Turismo Sport [14], and
ChatGPT [15]. Successful application of Al techniques also depends
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on the Al's ability to perform knowledge modeling. Here, ML—also
referred to as numeric Al—plays an important role in various forms,
such as ensemble modeling, stochastic inference, neural networks,
and reinforced learning [16]. While a combination of data, knowl-
edge models, and inference engines leads to the development of var-
ious Al techniques, in this paper, we mainly highlight the
opportunities for hybrid Al, which is defined as the integration of
ML methods with first-principles-based methods of symbolic Al
(i.e., semantics- and logic-based methods to provide insights into
meaning). As shown in Fig. 1, the integration of methods for numeric
Al and symbolic Al with PSE tools results in hybrid Al tools for PSE.
When combined with the domain knowledge of specific systems,
these tools would be able to tackle various problems related to four
focused topics within PM: chemical product design, process synthe-
sis and design, process control and monitoring, and process safety
and hazards. In principle, hybrid Al tools for PSE would allow better
representations of the domain knowledge of the system, improved
definitions of problems to be solved, flexible model architectures
that would help to determine more efficient solution strategies
based on the choice of numerical solvers, and many more advan-
tages. That is, hybrid Al tools for PSE would be able to manage the
complexity of the system-specific problems being solved. Mann
et al. [17] gave an example of the development and use of hybrid
Al tools for PSE with applications in process synthesis, design, and
innovation. Other examples can be found in mechanistic model dis-
covery [18] and reaction prediction [19].

This perspective paper aims to highlight—for a selected set of
topics within PM—the concept of augmenting well-known PSE
tools with appropriate Al techniques to find novel solutions. Here,
we take the view that a perspective paper should take the form of a
focused review that provides the reader with an overview of the
subject and gives insights into advances and challenges the future
may hold, while providing selective coverage rather than an in-
depth review of an area [20]. Therefore, this perspective paper pro-
motes the use of augmented PSE tools with Al techniques for
selected topics within PM. Following the introduction, we define
four selected topics within PM in Section 2; next, we highlight
the current state of the art in the use of Al techniques to solve
problems in the selected topics in Section 3. In Section 4, we pro-
vide perspectives on future developments by which well-known
PSE methods and tools could be augmented through Al techniques

Hybrid Al tools for PSE
|
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Deep learning
Language modeling
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Expert systems
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Heuristics
Modeling
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to increase their application spectrum and yield new and innova-
tive solutions. Finally, in Section 5, we provide concluding remarks.

2. Problem definitions

In Fig. 2, we illustrate examples of problems to be solved related
to the four selected topics within PM. It should be noted that the
figure does not describe all problems related to the four topics
within PM and should be considered only for purposes of concept
presentation. The solution to the product design problem answers
questions related to what to make. The solution to the process syn-
thesis and design problem verifies a process flowsheet and its
design to manufacture a desired product. The solution to the con-
trol system design problem verifies the achievement of the objec-
tive of the control problem, which is to keep the process at a
specified set-point, subject to, for example, disturbances in the
process input variables or changes in the actuator variables. In this
way, the process design and control are related because the control
variables are the product specifications, while the actuators are the
design variables. The objective of process safety and hazards anal-
ysis is to manage the risk related to, for example, the safe operation
of the process. The release of chemicals from the system is related
to managing safety, waste, and sustainability.

In Fig. 2, the shaded boxes indicate the hybrid Al tools for PSE,
and the directional dotted lines indicate the connections between
these tools. A product design problem, such as which product to
make (y) and which raw material to use (f), is answered through
the process, the optimizer, and their connections. A process syn-
thesis and design problem, such as which process (flowsheet) to
employ to convert the selected raw material into the desired pro-
duct, is also answered through the process, the optimizer, and their
connections, but using a different set of algorithms and tools. A
process control and/or monitoring problem, such as verification
of the controller performance, is answered through the process,
the control, the optimizer, and their connections. The role of the
optimizer in each case is to provide the optimal product, flowsheet,
or controller by solving numerical optimization problems with or
without the aid of numeric Al. Process safety and hazards are
related, for example, to the streams coming into the system (e.g.,
the process) and going out from the system. That is, what environ-
mental and health hazards would result from the release of the

PM topics Problems
Chemical Synthesis: materials
product & processes
design
Design: materials &
operations
Process
synthesis & Evaluation of
design alternatives
| Offline* |
Process
control & <
monitoring | Online* |
Procesy \ Safe operation |
safety &
hazards [ Identify hazards |

Fig. 1. The concept of hybrid Al in PM, highlighting the connections between the various components of hybrid Al tools for PSE (left), the four selected PM topics (middle), and

examples of problems (right) (where * indicates “control and monitoring”).
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Fig. 2. Illustration of problems and their solution schemes within PM topics related to product design, process design, process control, and process analysis. In the figure, the

text in parenthesis defines the corresponding symbol.

identified dangerous chemicals? It should be noted that the mod-
eling tool and the model library perform the core function of sup-
plying the various forms of models needed to solve all problems
within the four PM topics. The efficiency of these hybrid Al tools
for PSE (the shaded boxes in Fig. 2) can be optimized through the
appropriate integration of selected Al techniques with the needed
PSE tools.

3. Current state of the art
3.1. Chemical product design

In chemical product design, the objective is to synthesize (and
design) chemicals-based products that match a set of desired pro-
duct needs converted to a set of product property functions. The
product could be a single species, such as a solvent; a blend of liq-
uids, such as a liquid fuel; a functional product, such as a combina-
tion of chemicals and materials, as in a drug or cosmetic; or a
device, where a chemical-based component aids a function of the
device as in air purifier or inhaler. Computer-aided molecular or
mixture design (CAMD) mainly involves the solution of four sub-
problems: representation of the product structure, generation of
product alternatives, prediction of product functions, and evalua-
tion and selection of promising alternatives. Alshehri et al. [21]
have provided an overview of deep learning and knowledge-
based methods for CAMD, highlighting the importance of bench-
marking and empirical rigor in building deep learning models,
together with a hybrid modeling paradigm that integrates deep
learning approaches with an available wealth of knowledge-
driven CAMD methods and tools. On the important topic of the
representation of molecular structures in CAMD techniques, Mann
et al. [22] proposed a Grammar2vec learning framework to gener-
ate property-agnostic molecular representations that embed struc-
tural information based on simplified molecular-input line-entry
system (SMILES) grammar. This learning framework is combined
with an interpretable ML framework for thermodynamic property
estimation. Much work has also been done to develop more accu-
rate property models; for example, Chen et al. [23] reported a scal-
able and integrated ML framework for molecular properties
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prediction. In the area of drug design, Che et al. [24] proposed a vir-
tual screening framework based on binding site selectivity for
small-molecule drug discovery. In the important area of chemistry
and materials science related to chemical product design, Cheng
et al. [25] provided an overview on the application of Al
techniques.

Four examples are given in Table 1 [26-29] to highlight state-
of-the-art developments in the selected areas of chemical product
design. The first example is a tool for design of refrigerants and
their performance verification in refrigeration processes, with the
management of databases and property model libraries [26]. The
second is a framework that combines chemistry rules with ML to
select structural building blocks for de novo molecular design
[27]. In the third example, a network-based approach is used to
search for cost-effective, high-quality reaction pathways aimed at
identifying synthesizable and viable routes, while considering
cost-effectiveness, reaction yield, and diversity in the search pro-
cess [28]. The last example provides a discussion on how Al and
ML could assist in the development of key component materials
used in cosmetics and formulated products including surfactants,
polymers, fragrances, preservatives, and hydrogels [29].

Table 1
List of selected state-of-the-art developments in chemical product design.
Hybrid Al approach Description Ref.
Data management combined Highlights integrated refrigerant [26]
with CAMD design and refrigeration cycle

design through a database, CAMD,
and modeling
Structural building blocks for de  Designs innovative new synthetic  [27]

novo molecular design entities generated by optimization
strategies
Network-based reaction Searches for cost-effective, high- [28]
pathway search quality reaction pathways
considering multiple factors
Use of Al and ML in the Contributes to the development of [29]
development of cosmetics materials such as surfactants,
and formulated products polymers, fragrances,

preservatives, and hydrogels
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3.2. Process synthesis and design

Process synthesis aims to identify the optimal processing route
for converting a given raw material into a desired product. In con-
trast, process design aims to determine the optimal design of the
operations within the selected processing route. From a sustain-
ability perspective, the designed process must also satisfy perfor-
mance criteria related to economics, operability, and
sustainability. Hybrid Al approaches combining process knowledge
and data-driven methods are increasingly being proposed for pro-
cess synthesis, design, and innovation. Tula et al. [30] highlighted
ProCAFD, an integrated computer-aided method with associated
Al-augmented software that searches through the entire design
space for sustainable process options while considering indicators
for economic, life-cycle, sustainability, process safety, and oper-
ability aspects. Several PSE methods and tools augmented with
Al techniques are employed at every step of the synthesis, design,
and innovation workflow. Oeing et al. [31] presented an ML classi-
fier that recommends appropriate separation systems. The classi-
fier operates on a vector of process values, including relevant
substance properties and characteristic physical quantities. The
database is constructed using examples of processes from a flow-
sheet simulator to train and validate the model. Savage et al. [32]
developed hybrid ML-based surrogates through a combination of
Gaussian processes and artificial neural networks to efficiently
model nonlinear systems, such as entire process flowsheets. Their
study demonstrated that, when integrated with efficient stochastic
algorithms, these data-driven models can identify high-quality
optimal solutions while significantly reducing the computational
time.

Table 2 [17,33-35] lists selected examples of state-of-the-art
developments in the application of Al in process synthesis and
design. The first example is an Al-based multi-level flowsheet rep-
resentation and generation framework that incorporates text-
based, hypergraph-based, and ontology-based methods with
embedded model-based calculation tools [17], where flowsheets
at each level, represented by the extended simplified flowsheet-
input line-entry system (eSFILES), are connected with process gen-
erators, process simulators, and inferencing algorithms to solve
various flowsheet-related interconnected problems. The second
example is a surrogate modeling approach that uses Bayesian sym-
bolic regression [33]. The third is the development of a hybrid
framework for decomposition-based process design that combines
RL with mathematical programming using a two-level agent struc-
ture. The higher level connects process sections to construct the
overall process, while the lower level learns to build and solve indi-
vidual process sections, facilitating modularity and flexibility [34].

Table 2
List of selected state-of-the-art developments in process synthesis and design.
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The last example is the development of an evolutionary method for
process synthesis (process synthesis by evolution, PSEvo) that uti-
lizes redefined unit operations and their associated models as ele-
mentary building blocks [35]. It should be noted that, as Fig. 1
indicates, hybrid Al tools for PSE incorporate domain knowledge;
therefore, although a great deal of development has been achieved
with purely data-driven approaches based entirely on deep learn-
ing and/or RL for process synthesis and design, such approaches are
not covered in this paper.

3.3. Process control and monitoring

In a tutorial review paper, Ren et al. [36] highlighted recent
developments in time-series neural network modeling, along with
its use in model predictive control (MPC). A nonlinear process
example was introduced to demonstrate the application of differ-
ent neural-network-based modeling approaches and to evaluate
their performance in terms of closed-loop stability and prediction
accuracy. These approaches often treat chemical processes as a
black box. To address this issue, data-driven neural network mod-
els have been combined with mechanism models to reduce their
dependency on the scale and quality of the data. Another approach
in learning-based control focuses on directly learning the control
policy without relying on a process model. Here, the control input
is adjusted by modifying the control signal from the previous cycle
based on the tracking error within the framework of iterative
learning control (ILC). For continuous processes, the model can
be replaced by a data-dependent representation of the system’s
open-loop and closed-loop dynamics [37]. This approach is based
on a fundamental lemma, which states that a finite set of system
trajectories can represent a linear system’s entire set of trajecto-
ries, provided these trajectories arise from sufficiently excited
dynamics. RL is another typical example of process control for both
batch and continuous processes. It has been found to outperform
MPC in real-time execution, since it only involves a forward run
of the policy network, whereas MPC must solve several optimiza-
tion problems sequentially. A comparison of RL and MPC was
reported by Shin et al. [38], who emphasized that, instead of build-
ing a model of the process as MPC generally does, RL builds a
model of the “closed-loop” objective function through trial and
error. However, system safety and stability are crucial issues to
consider, as RL learns the control policy via exploration and
exploitation. The system may thus be driven into unknown opera-
tional regions during exploration without guaranteed safety and
stability.

Table 3 [39-42] lists examples of selected state-of-the-art
developments in the application of Al in process control and

Table 3
List of selected state-of-the-art developments in process control and monitoring.

Learning-based Description Ref.

Hybrid Al Description Ref. modeling and
approach control
eSFILES Multi-level flowsheet representation and [17] PINN-based Incorporates prior physical information, such  [39]
generation framework combining symbolic Al modeling as plant dynamics and reaction mechanisms,
and process engineering knowledge into the training phase of a neural network
Bayesian Surrogate modeling approach using Bayesian [33] model
symbolic symbolic regression for improved performance in Iterative learning Presents a control strategy that directly adjusts  [40]
regression process optimization control the control input based on the input signal and
RL-based process  Hybrid framework combining RL with [34] tracking errors from the previous cycle in
design mathematical programming for decomposition- batch processes
based process design Data-driven control Designs a controller using data from system [41]
PSEvo Evolutionary method for process synthesis using  [35] trajectories without relying on a predefined

redefined unit operations and nonlinear
programming

eSFILES: extended simplified flowsheet-input line-entry system; PSEvo: process
synthesis by evolution.

process model structure
Provides perspectives on nonstationary [42]
process monitoring in the era of industrial Al

Industrial Al

PINN: physics-informed neural network.
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monitoring. The first example involves the use of process models
identified via physics-informed neural networks (PINNs) in MPC
to reduce online computation by avoiding the need to solve
large-scale ordinary differential equations (ODEs) [39]. The second
involves batch process control, where the controlled input is
adjusted by modifying the control signal from the previous cycle
based on a tracking error, within the framework of ILC [40]. The
third example focuses on how to incorporate data-dependent sta-
bility and performance requirements into the control design pro-
cess [41]. The last example relates to aspects of nonstationary
process monitoring in the era of industrial Al [42].

3.4. Process safety and hazards

The flipside of real-time process control and fault diagnosis is
process safety or hazard analysis. Disasters happen in different
domains and facilities, are triggered by different events, and
involve different factors. Nevertheless, there are certain common
underlying patterns behind such systemic failures. There is an
alarming similarity in major accidents, which underscores the
important fundamental lessons that must be learned to prevent
such events from recurring. To understand these patterns and learn
from them, it is necessary to go beyond analyzing them as inde-
pendent one-off accidents and examine them from the broader
perspective of the potential fragility of all complex engineered sys-
tems. All these disasters must be studied from a common systems
engineering perspective in order to thoroughly understand their
commonalities and differences and thus design and control such
systems better in the future. Furthermore, such studies must be
carried out in concert with public policy experts in order to trans-
late all the scientific and engineering lessons into effective policies
and regulations. Al can assist us enormously in this challenging
endeavor. As described by Venkatasubramanian et al. [43-45]
and Zhao et al. [46,47], a hybrid Al system can reduce the time,
effort, and expense involved in a process hazards analysis (PHA)
review; make the review more thorough, detailed, and consistent;
minimize human errors; and free the team to concentrate on the
more complex aspects of the analysis, which are unique and chal-
lenging to automate.

Table 4 [48-51] lists selected examples of state-of-the-art
developments in the application of Al in process safety and haz-
ards. The first example focuses on the adoption of transfer learning
to facilitate the training of RL [48], while the second covers safe
transfer learning for accurate quantifying mismatching (between
a real plant and a digital twin) or system uncertainty based on
online data [49]. The third example involves the identification of
abnormal operational conditions based on on-off data-driven fault
detection, fault isolation, and fault identification methods using

Table 4
List of selected state-of-the-art developments in the application of Al in process safety
and hazards.

Hybrid Al Description Ref.
approach
Sim2Real Trains the control policy offline using a simulator, [48]
transfer then applies it to real plants using transfer learning
to avoid unsafe exploration
Uncertainty Provides a measure of system uncertainty so it can [49]
qualification ~ be explicitly considered in controller and process
design
Data-driven Identifies abnormal operational conditions using [50]
fault process data
diagnosis
QSUR Screens potential functional substitutes using a [51]

functional use database and hazard metrics

QSUR: quantitative structure-use relationship.
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both online and offline process measurements [50]. In the last
example, quantitative structure-use relationship (QSUR) models
are used to screen for potential functional substitutes while incor-
porating hazard metrics [51].

4. Perspectives and future directions

We argue that many engineering applications require the incor-
poration of first principles-based knowledge, which is often not
explicitly considered in purely data-driven approaches such as
large language models (LLMs). The success of LLMs is limited in
highly scientific domains, as they cannot yet reason, plan, or
explain due to their lack of in-depth mechanistic domain knowl-
edge. This is a problem in domains such as chemical engineering,
which are governed by fundamental laws of physics and chemistry
(and biology), constitutive relations, and highly technical knowl-
edge about materials, processes, and systems. Although purely
data-driven ML has its immediate uses, the long-term success of
Al in scientific and engineering domains would depend on the
development of hybrid Al systems that effectively combine first
principles and technical knowledge. We call these hybrid Al tools
“large knowledge models” (LKMs) [52]. In this section, we outline
the challenges and opportunities in developing LKMs for chemical
product design, process synthesis and design, process control and
monitoring, and process safety and hazards.

4.1. Chemical product design

While significant progress has been made toward developing
frameworks for hybrid Al tools for chemical product design, there
are several outstanding challenges that must be addressed to
ensure the wider adoption of such frameworks. Al applications in
chemistry and materials science will need to be embedded within
the workflow of chemical product design [25]. Three additional
perspectives and challenges are discussed below:

« Better utilization of existing libraries of chemicals. The avail-
able property databases need to be integrated into Al frame-
works, such that, in addition to using them for model training,
the application ranges of the property models and their predic-
tive power and accuracy can be significantly improved. Here, a
combination of fundamental principles of chemistry and ther-
modynamics, molecular structure versus property relations,
analysis of available data, and so forth is essential. For newly
synthesized molecules (or mixtures), uncertainties in property
estimates could be minimized through Al-aided models that
can safely extrapolate beyond the boundaries defined by the
available data.

Computer power versus efficient computational algorithms.
Even though computation has become cheaper, and it is easier
to train end-to-end models or foundational models for product
property predictions, searching for new and/or optimal mole-
cules with desired property functions for large molecules or
polymers, such as in drugs or detergents, remains a challenge.
Developing a computationally intensive data-driven modeling
approach integrated with a priori knowledge-based intelligent
problem solution algorithms could be a better option than aim-
ing for bigger and faster computers.

Managing complexity with hybrid Al. Computer-aided chem-
ical product design often requires the matching of several prop-
erties, and it may not be possible for a single molecule to match
them. In this case, a problem reformulation is necessary that
may either change the target properties or look for a mixture
instead of a single species. Although the generation of candi-
dates (i.e., molecular structures or mixtures) is not the limiting
step, as any combinatorial explosion for the generation step can
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be handled through smart hybrid Al techniques, accurate eval-
uation of the generated candidates is still a challenge, and
hybrid Al-based frameworks that facilitate multi-property opti-
mization across multiple scales could make a useful contribu-
tion in this area.

4.2. Process synthesis and design

While progress has been achieved in the area of process synthe-
sis and design, significant additional work is needed to enable a
wider spectrum of applications. Current Al-augmented systems
are mainly limited to chemical processes, handling the production
of organic chemicals. Data and domain knowledge are limited for
pharmaceuticals, food, and related industrial sectors. Conse-
quently, models for process operations with embedded constitu-
tive (property) models for the involved operations are not
available in process synthesis, design, and innovation. The use of
data-based surrogates could be an option if the measured data sat-
isfies the essential thermodynamic principles (e.g., the conserva-
tion of mass and energy) that govern the operation of these
processes [53]. Three additional perspectives and challenges are
discussed below:

« A unified, context-aware database of process flowsheets. A
unified database with appropriate flowsheet context and pro-
cess knowledge would be able to facilitate the development of
data-driven hybrid approaches for problems related to flow-
sheet synthesis and design. The limitations of Al-augmented
approaches that rely purely on data-driven methods to generate
process flow diagrams could be addressed by including the path
of chemicals as they enter and leave the generated processing
route. Without this, the flow diagram serves no purpose; nota-
bly, the chemical paths are important because they determine
the need for specific operations within the processing route.
An important question is how much a priori knowledge is
needed to generate (or synthesize) the processing route and
design the process operations.

o Sustainability as a core component of flowsheet develop-
ment. Given the current challenges humanity is facing, it is
no longer sufficient to design a process that is economically fea-
sible and satisfies some process specifications. It is now also
necessary for the process to be sustainable, safe, operable, and
so forth, in addition to being economically feasible, minimizing
waste, and reducing greenhouse gas emissions. Hybrid Al tech-
niques can help to obtain the desired sustainable and novel
alternatives.

o The integration of optimization-based methods with hybrid
Al While optimization-based frameworks offer advantages in
terms of incorporating domain knowledge, a more versatile
integration with ML and Al methods—that is, a hybrid Al-
based modeling tool—could provide a more flexible framework
with a built-in library of surrogates that could be employed to
formulate and solve a wide range of process optimization
problems.

4.3. Process control and monitoring

In the realm of process controller design and monitoring, data
has become increasingly pivotal in refining process models,
enhancing control policies, and accelerating online optimization.
However, current learning-based control and monitoring schemes
depend heavily on extensive measurements from manufacturing
processes. There is a pressing need to extend these schemes to
more complex manufacturing scenarios, such as changing opera-
tional conditions and scarce feedback signals [54]. Four additional
perspectives and challenges are discussed below:
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o Adapting to changing operational conditions. When opera-
tional conditions change, such as variations in raw material
supply, the process dynamics also shift. It is crucial for the pro-
cess models learned from data to quickly adapt to these new
conditions. However, newly arriving data may have a different
distribution from previously collected data. A key question is
how to efficiently learn process dynamics under shifting data
distributions and train ML models incrementally.

Handling limited feedback signals and ensuring safety. In
many manufacturing scenarios, operational procedures are
highly complex, with limited feedback signals and strict safety
requirements. In such cases, control policies learned from data
may not perform as well as those based on human expertise.
Learning control policies from expert demonstrations can miti-
gate operational risks. A fundamental challenge in this context
lies in effectively addressing the scarcity and non-optimality
of expert demonstrations. Integrating techniques such as
inverse RL and few-shot learning into the design can be
valuable.

Incorporating diverse measurement signals. With advance-
ments in measurement techniques, measurement signals have
become diverse in modality. For instance, industrial cameras
generate images, and acoustic signals can also be utilized in
controller design. The challenge lies in efficiently incorporating
multiple modalities and sources of signals into controller
design. Techniques such as multi-modal information fusion
and multi-fidelity learning can be explored to address this issue.
Practical implementation of Al-augmented control algo-
rithms. Although RL has made considerable advances in indus-
trial process control applications, several critical challenges
persist, notably concerning training sample efficiency and
ensuring closed-loop stability in practical settings. Exploring
the integration of RL and MPC either within a hierarchical archi-
tecture or through an online-offline combination approach
warrants a thorough investigation.

4.4. Process safety and hazards

Although there has been recent progress in the application of Al
for fault detection and diagnosis in pharmaceutical bioprocesses
[55], most of the discussed techniques were demonstrated about
20-30 years back, as outlined in Refs. [56-58]. A major issue is
the collection of data—such as a list of chemicals in use, their prop-
erties, their hazardous effects, and much more information. As
measured data for chemicals are limited, predictive models are
needed. However, can ML-based models provide the required pre-
dictive power? Significant efforts are needed to avoid human-
made disasters. Three additional perspectives and challenges are
discussed below:

¢ A database of dangerous chemicals. It is necessary to identify
the most hazardous chemicals, regulate their use, and provide
guidelines for actions if these chemicals are accidentally
released. This will require a significant investment of time and
resources, as measured data is available for only a fraction of
the chemicals that have been identified. Also, missing data for
a chemical does not necessarily indicate that it is safe.
Creation of better language models. There is a need to create
LKMs that relate products with their manufacturing processes,
the list of chemicals involved, and their regulations in order to
prevent disasters. This may require embedding property-
model-based calculation tools within the problem-solving
workflow using the LKMs.
Integration of hazardous and safety issues within process
analysis. Given the nature of current industrial pollution levels
and the threat from hazardous chemicals, hazardous aspects
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need to be more fundamentally ingrained in such model devel-
opments. Restricting the space of hazardous chemicals such
that they are never generated or explored, rather than using
an ad hoc filtering approach, should be considered. Inspiration
from language models in which toxicity is penalized during
training could be used to develop better guidelines.

5. Conclusions

The PM systems highlighted in Figs. 1 and 2 represent tasks that
present unique challenges in modeling and execution, exceeding
those encountered in typical process design, control, and safety
[59]. These systems consist of social elements (i.e., humans) and
technical components (i.e., the design of process operations such
as pumps, valves, and reactors). They are particularly complex
due to the integral role of human elements and the potential for
major systemic failures. Designing such systems and their control
mechanisms at various levels to ensure safe operation throughout
their life cycles is a highly challenging task. The vast number of
interconnected components with nonlinear interactions in these
systems can result in “emergent” behavior, making it difficult to
predict, optimize, and control. In addition, these systems do not
operate in isolation; they interact with physical, market, and regu-
latory environments, leading to intricate feedback dynamics.
Human decision-making and associated errors are key components
of these feedback processes. Their nonlinearity, interconnected-
ness, and interactions with humans and the environment render
these system-of-systems particularly fragile and prone to systemic
failures. This also highlights the importance of product, process,
control system, and system analysis integration.

While successful applications of Al-augmented PSE methods
and tools can be found in specific manufacturing systems, such
as image processing, fault diagnosis, and process control, a great
deal of work is needed to develop Al-augmented PSE tools to solve
a wide range of practical engineering problems, such as the inte-
grated design and operation of a sustainable chemical process or
the design of a novel material for currently infeasible reaction syn-
thesis or low-energy-consumption separation processes. Instances
of large-scale failures in various fields, such as the global financial
crisis (2007-2008) [60], the BP Deepwater Horizon oil spill (2010)
[61], and the Indian power outage (2012) [62], serve as continuous
reminders of the vulnerability inherent in complex sociotechnical
systems [63]. These instances underscore the urgent need for
real-time operator advisory systems.

Finally, can hybrid Al help to make intelligent decisions a pri-
ori so that innovative sustainable PM can be performed with effi-
cient human decision-making and/or avoid systemic failures? It
is notable that systemic failures may occur when a complete sys-
tem breaks down, typically involving a significant entity whose
malfunction adversely affects many individuals and their envi-
ronment, leading to substantial financial damage. Therefore, a
new class of Al-augmented PSE tools is necessary so that the
needed data can be efficiently transferred to model-based pro-
cess simulation and/or optimization techniques for failure-free
decision-making. However, such tools will require knowledge
models to link with a wide range of PSE tools, such as chemical
properties prediction, process operation verification, process
synthesis and/or design methods, and many more. The goal is
to solve problems such as the integrated synthesis, design, and
manufacturing of large drug molecules or zero-emission sustain-
able chemical processes that manufacture products needed by
modern society through augmented knowledge models. To
achieve these goals, models, modeling, and model-based systems
must continue to play a major role in the development and appli-
cation of hybrid Al tools for PSE [53].
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