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ABSTRACT

Chemical process reactors are essential to industrial processes and demand precise control to
ensure stability, efficiency, and product quality. Although widely utilized, traditional process
control methods like proportional-integral-derivative (PID) controllers often lack the flexi-
bility to handle the complexity and nonlinearity inherent in modern reactors. In this thesis
work, an attempt has been made to integrate model-based and model-free control tech-
niques for process control. Effective controllers for systems with well-understood dynamics
are model-based controllers, such as Iterative Learning Control (ILC) and Model Predictive
Control (MPC), which use comprehensive process models to forecast future behavior and
optimize control actions over a predetermined horizon. Conversely, model-free methods such
as Reinforcement Learning (RL) and its extensions, such as Multi-Agent RL (MARL) and
Inverse Reinforcement Learning (IRL), do not depend on an explicit process model; rather,
they learn optimal control strategies through interactions with the environment. MARL
extends RL to scenarios with multiple agents, allowing for coordinated control in complex,
interconnected systems, while IRL focuses on inferring the underlying reward structure from
expert behavior. This work aims to improve control performance and robustness in chemical

process systems by investigating the synergistic potential of different approaches.

In the first part of the thesis, sophisticated model-based controllers have been developed,
such as ILC, and Model Predictive Control (MPC), which use mathematical models to fore-
cast system behavior and maximize control operations. Explicit MPC (eMPC) extends the
capabilities of MPC by reducing computational demand for real-time applications, making
it more suitable for high-speed processes. The recurring nature of batch operations, inci-
dentally, aids in optimizing the control policy for the subsequent batch based on knowledge
from past batch runs. Consequently, batch-to-batch ILC is frequently implemented to con-
trol batch processes. This suggested algorithm integrates explicit MPC with ILC since it

facilitates the rectification of disturbances both within and between batches.

il
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The drawbacks of these model-based techniques originate from their need for precise
system models, which could be challenging to establish in real-world scenarios. Therefore,
model-free reinforcement learning (RL) techniques have become strong substitutes. Deep
Deterministic Policy Gradient (DDPG), Twin-Delayed DDPG (TD3), and Proximal Policy
Optimization (PPO) algorithms have demonstrated potential in optimizing control policies
directly from data, without a comprehensive process model. In the subsequent part of the
work, PPO and its multi-actor form are among the further advancements in policy optimiza-
tion that have given robust solutions to the problems associated with continuous control in
chemical reactors. Even with these developments, multi-component systems with intricate
interactions provide challenges for single-agent RL techniques. By allowing several agents
to develop coordinated control techniques, multi-agent RL. (MARL) provides a framework
to address these limitations. Therefore, a twin-agent RL framework has been proposed,
that integrates deterministic and stochastic agents within a multi-agent setup, enhancing

performance in both deterministic and stochastic environments.

Regardless of these developments, reward design remains a major difficulty for RL tech-
niques, since sparse or poorly specified incentives can reduce learning efficiency and result in
poor control policies. This constraint is mitigated by inverse reinforcement learning (IRL),
which eliminates the requirement for explicit reward design by extracting reward functions
from expert demonstrations. IRL optimizes policies more precisely and efficiently by de-
riving the underlying objectives from expert behavior, particularly in complicated chemical
process control. This method is improved by further modifications such as Adversarial IRL
(AIRL), which offers a strong framework for rewards design. To create more stable and
broadly applicable reward functions, AIRL combines the advantages of adversarial networks
with IRL, enabling the controller to respond more resiliently to fluctuating process dynamics.
Model-based controllers, such as MPC, provide optimal trajectories that can be leveraged
as expert trajectories in AIRL, facilitating the integration of model-based precision with the

adaptability of model-free control techniques to handle complex and nonlinear systems.

The efficacies of these proposed control strategies have been proven by applying these
techniques to bio-process like transesterification process, mAb production in bioreactors,
and Propylene Glycol (PG) in continuous stirred tank reactors (CSTRs). This thesis aims

to examine the application of these advanced control techniques in chemical process reactors
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to achieve resilient, adaptive, and optimal control by bridging the gap between model-free

and model-based approaches.
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