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Abstract 

Integration of process design and control of chemical process flowsheets (CPFs) is a key focus in 

chemical engineering, receiving extensive research attention. The main objective in this area is to 

identify optimal process design and control variables for a CPF, ensuring both economic viability and 

dynamic feasibility of plant operations. This integration presents a complex optimization problem, 

which is challenging to solve using traditional optimization methods. Additionally, the problem 

becomes even more intricate when discrete decisions or logical constraints, which give rise to Boolean 

variables, are considered—common in integrated design and control of CPFs problems. Therefore, the 

development of new methodologies is needed to effectively address these challenges. The emerging 

trend in Machine Learning (ML), particularly in Reinforcement Learning (RL), for solving such 

problems serves as the foundation for this thesis. The limited studies regarding the solution of the 

integrated problem using RL techniques motivates the exploration and development of novel 

methodologies. 

Before addressing the integrated problem, it is important to understand the potential of RL as 

a tool for solving design and optimization problems of CPFs under steady-state conditions. A RL 

methodology that introduces two novel RL agents: a discrete masked Proximal Policy Optimization 

(mPPO) and a hybrid masked Proximal Policy Optimization (mHPPO) has been proposed. In this 

framework, the agents are capable of autonomously generate, design and optimize CPFs utilizing an 

inlet flowrate and a set of unit operations (UOs) as initial information. A key feature of this approach 

is the use of masking – an underexplored yet promising area for solving the present problem – which 

involves the incorporation of expert knowledge or design rules to exclude certain actions from the 

agent's decision-making process, enhancing the agent’s performance. Adding to that, this method stands 

out by seamlessly integrating masked agents with rigorous models of UOs, including advanced 

thermodynamic and conservation equations, within its simulation environment. The effectiveness of 

these agents was evaluated through several case studies, including two that utilized commercial 

simulation suites as part of the RL environment. The resulting CPFs generated by the RL agents present 

viable flowsheet designs that meet the pre-specified design requirements. 

Recognizing the potential of RL for designing CPF, this thesis also introduces a novel RL 

approach for generating, designing, and controlling CPFs. Similar to the previous methodology, the 

proposed framework generates CPFs directly from an inlet stream, eliminating the need for predefined 

arrangements of UOs. Furthermore, the framework leverages surrogate models, specifically Neural 
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Networks (NNs), to accelerate the learning process of the RL agent and avoid dependence on 

mechanistic dynamic models. These surrogate models approximate key process variables and closed-

loop performance metrics for complex dynamic UO models. The results obtained using this 

methodology were compared with model-based optimization results to assess the accuracy and validity 

of the proposed approach in approximating well-established methodologies. Consistency with the 

model-based approach was assessed. Additional case studies involved formulations with multiple UOs 

to further demonstrate the approach’s flexibility to deal with various scenarios. Results from those case 

studies demonstrate that the RL agent can effectively learn to maintain the dynamic operability of the 

UOs under disturbances, adhere to equipment design and operational constraints, and generate viable 

and economically attractive CPFs. The high adaptability offered by the surrogate models enables this 

methodology to approximate the dynamic behavior of the most common UO. As a result, the proposed 

framework is sufficiently explicit and flexible to be used in more intricate design and control problems 

involving multiple UOs. 
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Chapter 1 

Introduction 

Optimal process integration, and in particular, integration of process design and control, is a major topic 

within chemical engineering, attracting significant research attention (Yuan et al., 2012; Pistikopoulos 

and Diangelakis, 2016; Rafiei and Ricardez-Sandoval, 2020a). The aim is to identify optimal process 

design and control variables for a chemical process flowsheet (CPF) that ensure both the economic 

viability and dynamic feasibility of the plant's operation. However, the complexities involved in 

combining design and control have driven the search for more efficient solution methods (Seferlis and 

Georgiadis, 2004; Iftakher et al., 2022).  

CPFs are typically designed to operate at economically optimal that can result in a feasible 

plant operation at steady state. Consequently, extensive research has been devoted to the design and 

optimization of CPFs under steady-state conditions. Flowsheet optimization is generally considered a 

two-step process: the optimal synthesis problem is addressed first followed by the optimal equipment 

design problem. The synthesis optimization problem focuses on determining the arrangement of unit 

operations (UOs) to produce a desired product from specified reactants and products. In contrast, the 

design optimization problem aims to establish the optimal design and operating conditions of the 

corresponding units, including both discrete and continuous variables, for a given flowsheet (Liñán et 

al., 2024). Usually, these steps are solved separately and following a set of rules derived from a 

combination of process data, and the insights and experiences of experts; this approach is referred to as 

the heuristic methodology. Although the designs generated through this method may be reliable, in 

many instances, the information available may be inaccurate or outdated concerning standards and 

quality parameters (d’Anterroches and Gani, 2005).  

With the development of advanced optimization and computational tools, CPF design 

underwent through a significant improvement, enabling the integration of process synthesis and process 

design decisions (Bertran et al., 2016). With this integration, it is possible to define the CPF design 

problem as a single optimization problem, giving way to model-based optimization methods. The 

primary challenge in this approach lies in defining the superstructure, a crucial element of the problem 

formulation that represents all possible arrangements of UOs considered in the analysis. The success 

of obtaining an optimal CPF is heavily reliant on the initial formulation of the superstructure, which is 

often influenced by the experience and expertise of the user (Brüggemann and Wolfgang, 2004). The 

superstructure often includes a comprehensive network of interconnections between various UOs, 

along with decision variables and structural design parameters. This detailed formulation typically 
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results in a mixed-integer nonlinear programming (MINLP) problem (Grossmann et al., 2005). Solving 

an MINLP is particularly challenging due to the combinatorial nature of discrete decision variables, the 

presence of disjunctive decisions that create logical constraints, the nonlinearity of equations governing 

process behavior, and potential non-convexities, which can lead to multiple local optima. As a result, 

advanced optimization algorithms and significant computational resources are often required to find 

feasible or near-optimal solutions within a reasonable time. 

As an alternative to the traditional methodologies, a new approach has recently emerged that 

integrates both heuristic and mathematical methods. This hybrid, or model-free optimization method, 

combines the rules of heuristic techniques with mathematical methods for synthesizing and designing 

CPFs. The versatility of the hybrid methods allows them to address both equation-driven and data-

driven problems effectively. The growing interest in hybrid methods is closely linked to advancements 

in Machine Learning (ML) and Artificial Intelligence (AI). Among these, Reinforcement Learning (RL) 

is particularly notable for CPF design due to its ability to make interrelated sequential decisions while 

optimizing complex processes. Note that RL is considered a model-free optimization method as it does 

not rely on explicit mathematical models in the RL environment. Instead, it learns optimal strategies 

from data, which can originate from different sources, such as, advanced simulators, mathematical 

models, or databases. Various studies utilizing RL are documented in the literature, with a more detailed 

review provided in Chapter 2. Despite the works in this area, there are still research avenues to explore. 

For instance, the application of advanced techniques such as masking – associated with the 

incorporation of expert input or design rules similar to those used in heuristic methods – remains 

underexplored. To the authors' knowledge, integrating masking into a hybrid RL agent and providing 

a formal explanation of its functionality represent major gaps in the literature. 

Once the CPF is defined at steady-state conditions, the next step is to conduct a controllability 

analysis, which aims to assess the dynamic operability of the system in closed-loop. Despite its 

effectiveness and widespread application, the dynamic nature of real-world environments often causes 

deviations from steady-state operation, which can adversely affect both the economics and 

sustainability of the plant (Andrés-Martínez and Ricardez-Sandoval, 2022). In extreme cases, a design 

that is optimal under steady-state conditions may become suboptimal or even infeasible when subjected 

to transient disturbances or model uncertainty (Mohideen et al., 1996; Schweiger and Floudas, 1998). 

Therefore, it is essential to adopt an integrated approach to design and control in order to identify 

feasible plant designs that consistently achieve design objectives during both steady-state and transient 

phases, while accounting for external disturbances and model uncertainties. 
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The integration of process design and control frequently involves balancing conflicting 

objectives between process economics, sustainability, and dynamic operability. For instance, there is 

often a trade-off between selecting smaller units to reduce capital costs and opting for larger units to 

enhance dynamic feasibility. Addressing this trade-off can be highly complex, especially in the context 

of CPF design, where decisions encompass both continuous variables and integer or disjunctive 

choices. These decisions occur at various levels: for instance, at the UOs level, decisions might involve 

selecting reactor types or incorporating recycle streams, while at the equipment level, choices may 

include determining the number of stages in a distillation column or the placement of feed trays. 

Additionally, the modeling of UOs typically involves differential-algebraic equations (DAE), further 

complicating the design process (Palma-Flores and Ricardez-Sandoval, 2023). In contrast to steady-

state CPF design and optimization, incorporating the system's dynamics requires integrating DAEs as 

constraints into the optimization formulation. This results in intricate problems commonly known as 

mixed-integer dynamic optimization (MIDO) problems. In addition, stochastic events taking place 

during operation, e.g. time-varying model uncertainty, can increase the complexity of those problems 

(Bahakim and Ricardez-Sandoval, 2014; Koller et al., 2018). Consequently, various model-based 

optimization methods have been proposed to address the integrated design and control problem. 

Chapter 2 reviews these methods as presented in the literature. Despite these efforts, current 

methodologies for process flowsheet design are often limited to case studies involving a small number 

of UOs (Chawankul et al., 2005; Hamid et al., 2010; Ricardez-Sandoval, 2012; Sánchez-Sánchez and 

Ricardez-Sandoval, 2013). These cases are frequently modeled using non-rigorous methods due to high 

computational costs and mathematical complexity. Furthermore, case studies that use rigorous models 

and involve additional challenging tasks, e.g. safety considerations, are typically confined to specific 

feasible regions (Bansal et al., 2002; Bernal et al., 2018; Tian and Pistikopoulos, 2019; Tian et al., 

2021), making it either prohibitively expensive or impractical to scale or interpolate these models to 

other regions. 

Instead of relying on rigorous models, surrogate models are introduced as data-driven tools 

capable to approximate expensive rigorous models by correlating relevant input and output data. In 

addition to reducing the complexity of the optimization problem, these models can provide 

computational advantages over rigorous models. However, the overall computational cost is highly 

dependent on the implementation strategy; for instance, frequent online updates of surrogate models 

may become computationally demanding. On the other hand, rigorous models often face challenges 

such as numerical divergence or excessive CPU time requirements, particularly when applied to large-
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scale, complex systems. With the increasing popularity of ML in the scientific community, Neural 

Networks (NNs) have become the preferred surrogate model (Schweidtmann and Mitsos, 2019). 

Although some studies have investigated the application of NNs as surrogate models, there is a gap in 

the literature regarding the use of these models in conjunction with RL for the integrated design and 

control problem. Additionally, there are very few studies in the literature that address the integrated 

design and control problem using RL (Sachio et al., 2022; Mendiola-Rodriguez and Ricardez-Sandoval, 

2022). As previously mentioned, the majority of existing works focus on steady-state CPF design. 

Therefore, solving the integrated problem using NNs as surrogate models embedded within a RL 

environment represents a novel and intriguing research avenue that has not yet been explored. 

1.1 Research objectives and contributions 

The growing interest in model-free optimization methods, particularly RL, has greatly propelled 

advancements in CPF design. Despite the research conducted, there are still important gaps to fill, 

especially in the integrated design and control problem. Accordingly, this thesis aims to advance the 

subject are by presenting a novel methodology for steady-state CPF systems and, more notably, a new 

framework to tackle the problem under transient operation. The current research is centered around the 

following specific objectives: 

• Present a new methodology capable of generating, designing, and optimizing a steady-state 

CPF, starting from an inlet flow rate and a set of UOs with rigorous mathematical models, 

while adhering to design and operational constraints. 

• Develop a methodology capable of linking non-adjacent UOs within the process flowsheet, 

thereby enabling interactions between them. 

• Present a comprehensive methodology for the simultaneous generation, design, and control of 

CPFs in transient states, starting from an inlet flow rate and a set of UOs. The approach must 

ensure compliance with design constraints, effectively manage system disturbances, and 

optimize flowsheets for economic viability. 

• Develop a methodology that captures the dynamic behavior of UOs using a series of 

representative data to generate surrogate models for these units. 

As outlined above, the contributions of this thesis encompass not only the design and optimization of 

steady-state CPF but also in the field of integrated design and control of CPF. Regarding steady-state 

CPF design, this thesis makes the following contributions: 
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• This research introduces a masked hybrid RL agent that, despite employing a masking process 

only for the discrete component, simultaneously handles discrete and continuous actions. This 

dual-action approach, not previously explored in the literature, adds complexity to the 

methodology as the effect of masking is not solely reliant on the discrete part but also 

encompasses the continuous part. Masking is regarded as the incorporation of an expert input, 

process knowledge, or design (heuristic) rules that allow the exclusion of actions from the 

agent's decision spectrum. 

• An advanced RL environment is presented, compatible with commercial chemical engineering 

simulators. This environment uses rigorous UO models and offers flexibility to interact with 

various operations offered by the commercial simulator suite. 

• The study provides an in-depth explanation of how RL generates flowsheets and learns 

complex structural relationships between interconnected UOs, such as recycle streams, using 

the masking technique.  

In addition to these contributions a comparative analysis of discrete and hybrid masked agents is 

performed highlighting their respective advantages and limitations. On the other hand, this thesis 

advances the field of integrated design and control of CPF with the following contributions: 

• A methodology is developed to model UOs dynamically using representative data to create 

surrogate models that effectively capture output variables, dynamic performance metrics, 

and operational constraints. This approach is designed to be applicable across various UOs.  

• This study proposes a new step-reward system, flexible enough to be adapted to various case 

studies, that effectively accounts for design and dynamic costs, as well as for constraint 

violations. 

• A novel RL framework is proposed, where the agent interacts with an environment primarily 

composed of surrogate models. This approach enables the generation, design, and control of 

CPFs while ensuring compliance with design constraints and producing economically viable 

flowsheets. Unlike current state-of-the-art methods, this framework is not limited to a 

specific range of UOs. As long as a dynamic model of an UO is available, its transient 

behavior can be adequately approximated using surrogate models, broadening the 

applicability and flexibility of the methodology. 
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1.2 Structure of the Thesis 

A description of the structure of this thesis is presented next: 

Chapter 2 presents a comprehensive literature review relevant to this thesis. First, an overview 

of RL, its agents and applications in chemical engineering is provided, paying special attention to the 

Proximal Policy Optimization (PPO) agent. Following that, the generation, design, and control of CPFs 

in both steady and transient states problems are posed, discussing relevant methodologies for the 

solution of these problems. The gaps in knowledge that motivate this research are discussed at the end 

of this chapter.  

Chapter 3 introduces a novel framework using masked RL agents for the design and 

optimization of CPFs at steady state. This framework includes a comparative study where the 

performance of these agents is evaluated across various case studies, two of which utilize advanced 

chemical simulation suites within the RL environment. To the author's knowledge, the integration of 

masking within a hybrid RL agent, as well as the use of advanced simulation suites involving multiple 

UOs, has not been previously explored. The work presented in this chapter was showcased at the 12th 

IFAC Symposium on Advanced Control of Chemical Processes (ADCHEM 2024) (Reynoso-Donzelli 

and Ricardez-Sandoval, 2024c), published in the AIChE Journal (Reynoso-Donzelli and Ricardez-

Sandoval, 2024d), and presented at the AIChE Annual Meeting 2024 (Reynoso-Donzelli and Ricardez-

Sandoval, 2024a). Permission from the publisher has been granted to include this content in the thesis. 

Chapter 4 introduces a novel RL approach for generating, designing, and controlling CPFs in 

the transient domain. CPFs are created directly from an inlet stream, eliminating the need for predefined 

UOs arrangements. Moreover, the framework leverages surrogate models – specifically NNs – to 

approximate the dynamic behavior of UOs in closed-loop UO. This approach accelerates the RL agent's 

learning process and reduces dependence on mechanistic dynamic models. The efficacy of this 

framework is demonstrated through its application to three distinct case studies. To the author’s 

knowledge, integrating RL with surrogate models in this context has not been previously attempted. 

The outcomes of this work have been submitted for journal publication (Reynoso-Donzelli and 

Ricardez-Sandoval, 2024e) and presented at the AIChE Annual Meeting 2024 (Reynoso-Donzelli and 

Ricardez-Sandoval, 2024b). 

Chapter 5 presents the concluding remarks from this research on CPF design in both steady 

and transient states. Additionally, recommendations for potential future work are provided. 
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Chapter 2 

Literature Review 

Chemical process flowsheets (CPFs) are essential tools in chemical engineering offering a visual 

representation of chemical processes by illustrating the arrangement of UOs, their stream connections, 

and the materials involved. Designing and optimizing CPFs in both steady and dynamic states remains 

an active area of research, given its importance for improving process efficiency, minimizing resource 

consumption, enhancing safety, and ensuring process flexibility and sustainability. CPFs are typically 

solved through model-based optimization, where mathematical models represent the system and guide 

decision-making process. However, these methods can face challenges such as long computational 

times, difficulty in handling non-linearities and uncertainties, and limited scalability for complex or 

large systems. Model-free methods, in particular RL strategies, have emerged as a promising approach 

for addressing optimization problems in chemical engineering. Its ability to learn and adapt from 

dynamic environments without relying on detailed process models offers a compelling alternative to 

traditional optimization methods, particularly in handling complex systems. Section 2.1 provides an 

overview of RL and its applications in chemical engineering. In this section special emphasis will be 

placed on PPO algorithm, its structure and various modifications; as this agent, in its different variants, 

was employed throughout this thesis. RL is discussed first to establish its potential as a novel 

optimization approach, providing the foundation for understanding its application to process flowsheet 

synthesis and design. Section 2.2 examines the steady-state design and optimization of CPFs, reviewing 

various methods for addressing this problem, with particular emphasis on RL-based approaches. 

Section 2.3 extends the study of CPF design by considering transient processes, thereby incorporating 

control decisions into the design. This section highlights methods used to address this challenge, with 

a particular focus on RL-driven solutions. Each subsection concludes by summarizing the key findings 

and identifying the gaps revealed in the literature for each topic. A summary of this chapter is provided 

at the end. 

2.1 Reinforcement Learning and its Applications in Chemical Engineering 

In recent years, RL has garnered increasing interest within the field of chemical engineering due to its 

potential to enhance process optimization, control strategies, and decision-making processes. As a 

subset of ML, RL provides a robust framework for developing algorithms that learn optimal behaviors 

through interactions with their environment. RL is particularly valuable in chemical engineering, where 
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complex, dynamic systems require sophisticated control mechanisms and decision-making tools. The 

concept of RL and its basic constituents are presented next. 

2.1.1 Reinforcement Learning: An Overview 

RL is formally defined as a type of ML where an agent learns to make decisions by interacting with an 

environment and receiving feedback in the form of rewards or penalties. The agent's objective is to 

maximize the cumulative reward over time by learning the most effective actions to take in various 

states of the environment (Sutton and Barto, 2014). This approach contrasts with supervised learning, 

where models are trained on predefined datasets with explicit labels. Key components that constitute 

the RL framework include the agent, which is the learner or decision-maker; the environment, which 

encompasses all external factors with which the agent interacts; the policy (𝜋𝜃), which defines the 

agent’s behavior by mapping states to actions; and the value function (𝑉̃), which estimates the long-

term return or expected reward from a given state or action.  

A complete interaction between the agent and the environment is termed a step (𝑖). During this 

step, the agent performs an action (𝑎𝑖), which influences the environment and may alter its state. In 

response, the environment provides an observation (𝑜𝑖) containing sufficient information to describe 

the state without returning all the variables that define it, and a reward (𝑟𝑖), which serves as feedback 

on the immediate value of the action taken. The sequence of steps from an initial state to a terminal 

state or until a predefined condition is met constitutes an episode. The relationship between all these 

elements can be schematically represented as in Figure 2.1:  

 

Figure 2.1: RL diagram 
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Figure 2.1 illustrates the fundamental interaction between an agent and its environment in a RL 

framework. The agent observes the environment's state through a series of observations, 𝑜0 → 𝑜1 →

⋯ → 𝑜𝑓𝑖𝑛𝑎𝑙, and based on these observations, it selects and performs a sequence of actions, 𝑎0 → 𝑎1 →

⋯ → 𝑎𝑓𝑖𝑛𝑎𝑙. The policy of the agent, represented by 𝜋𝜃(𝑜𝑖, 𝑎𝑖) = 𝑃(𝑎𝑖 = 𝑨|𝑜𝑖 = 𝑶), defines the 

probability of selecting step-action 𝑎𝑖, from the action space 𝑨, given the current step-observation 𝑜𝑖, 

found in the observation space 𝑶. The environment reacts to the agent's actions by updating its state 

and providing new observations and rewards, which reflect the immediate value of the agent's actions. 

The step-reward, 𝑟𝑖, serves as feedback, allowing the agent to adjust its behavior to maximize future 

rewards. The cycle of observations, actions, and rewards forms the foundation of the learning process. 

The agent interacts iteratively with the environment, where it observes the current state, takes an action 

based on its policy, and receives feedback in the form of rewards or penalties. This feedback informs 

the agent about the effectiveness of its actions. Learning occurs through a framework, where the agent 

continuously refines its policy – a mapping of states to actions – based on the accumulated feedback. 

As the agent explores various actions, it evaluates the outcomes and adjusts its approach to maximize 

cumulative rewards. This iterative process fosters an adaptive learning mechanism, allowing the agent 

to optimize its performance over time. The learning continues until a terminal condition or final state 

is reached, denoted as subscript final in this context.  

In RL, agents are generally classified into several categories based on their learning strategies 

and environments. This classification is presented next. 

1. Model-Free Agents: These agents learn directly from their interactions with the environment 

without constructing an explicit model of the environment's dynamics. Instead, they rely on 

trial-and-error methods, where they explore various actions and observe the resulting outcomes 

to infer knowledge about the environment. This experiential learning allows them to improve 

their decision-making policies based on the feedback received from their actions over time. 

This can be further partitioned as follows: 

a. Value-Based: These agents focus on estimating the value of actions or states, which 

helps inform their decision-making process. 

i. Off-Policy: Agents like Deep Q-Network (DQN) (Mnih et al., 2013), Double 

DQN (DDQN) (van Hasselt et al., 2015), and Q-Learning (Jang et al., 2019) 

learn from actions taken by other policies or behaviors, enabling them to 

leverage a wider range of experiences. This flexibility allows them to update 
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their value estimates based on both historical actions and the current policy, 

facilitating more efficient learning. 

ii. On-Policy: Agents like SARSA (State-Action-Reward-State-Action) (Jang et 

al., 2019) learn from actions taken under the current policy. This approach 

means that the learning is directly tied to the policy being executed, which 

helps the agent refine its strategy in real-time based on the rewards received 

from its own actions. 

b. Policy-Based: These agents focus on learning a policy that directly maps states to 

actions, optimizing their performance in a more intuitive manner. 

i. Off-Policy: Agents like Deep Deterministic Policy Gradient (DDPG) 

(Lillicrap et al., 2019) use past experiences to update their policies. By learning 

from historical actions and corresponding outcomes, these agents can explore 

a wider range of potential actions without being limited to the current policy, 

leading to improved policy stability and performance. 

ii. On-Policy: Agents like A2C (Advantage Actor-Critic) (Mnih et al., 2016) and 

Proximal Policy Optimizer (PPO) (Schulman et al., 2017) update their policies 

based on the current policy. This real-time adjustment allows them to make 

incremental improvements, directly enhancing their decision-making 

capabilities as they gather new information from their environment. 

2. Model-Based: These agents construct a model of the environment to predict future states based 

on current actions. This model can take various forms (e.g., NNs, mechanistic models), which 

capture the underlying dynamics of the environment and allow the agent to simulate potential 

outcomes before acting. By leveraging this predictive capability, model-based agents can 

optimize their actions more effectively by anticipating the consequences of different strategies. 

a. Policy-Based: Model-based agents like Model Predictive Control (MPC) (García et al., 

1989) utilize a model of the environment to optimize actions. By forecasting future 

states, they can plan a sequence of actions that maximize performance while 

considering constraints, leading to improved decision-making in dynamic 

environments. 



 

11 

2.1.2 Proximal Policy Optimizer (PPO) 

Each of the methods discussed above has its own advantages and disadvantages. Model-Free Agents 

are typically simpler to implement and do not require an understanding of the underlying dynamics of 

the environment. However, they often require extensive exploration and can be inefficient in terms of 

learning, as they rely heavily on trial-and-error methods. Value-based agents are effective at estimating 

the value of actions, yet they may struggle with large state spaces and can suffer from convergence 

issues. Policy-based agents, on the other hand, can directly optimize policies and handle continuous 

action spaces more effectively, though they may also face challenges with sample efficiency and 

stability during training. Among the various RL algorithms, PPO has gained significant attention due 

to its ability to balance computational efficiency with policy stability, making it particularly well-suited 

for complex environments encountered in process systems engineering (Yu et al., 2022). Additionally, 

PPO minimizes the risk of unstable updates, a common challenge in RL, by using a clipped objective 

function that restricts the extent of policy changes between updates. This characteristic enhances 

training stability, ensuring consistent performance (Schulman et al., 2017). Moreover, its flexibility 

allows it to deal with both discrete and continuous action spaces. Likewise, recent advancements have 

demonstrated that PPO can also handle hybrid action spaces (Fan et al., 2019), which involve a 

combination of discrete and continuous actions.  

PPO strikes a balance between computational efficiency and policy stability by employing a 

clipped surrogate objective function. This design ensures that updates to the policy are controlled, 

preventing excessive deviations that could destabilize training. The objective function for PPO is 

defined as follows: 

𝐿𝑃𝑃𝑂(𝜃) = ⁡𝔼[min⁡(𝜉𝑖(𝜃) 𝐴̂𝑖, 𝑐𝑙𝑖𝑝(𝜉𝑖(𝜃), 1 − 𝜀, 1 + 𝜀)⁡𝐴̂𝑖)] (2.1) 

The probability ratio 𝜉𝑖(𝜃) is a critical component in the PPO objective function, as it quantifies 

how the updated policy (𝜋𝜃) compares to the old policy (𝜋𝜃𝑜𝑙𝑑) with respect to assigning probabilities 

to specific actions. This term is defined as follows: 

𝜉𝑖(𝜃) =
𝜋𝜃(𝑎𝑖|𝑠𝑖)⁡

𝜋𝜃𝑜𝑙𝑑(𝑎𝑖|𝑠𝑖)
 

(2.1a) 

The probability ratio can be described as follows: 
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- When 𝜉𝑖(𝜃) > 1, The new policy assigns a higher probability to the action (𝑎𝑖) in state (𝑠𝑖) 

than the old policy did. This typically means that the action is deemed more favorable under 

the updated policy, perhaps due to higher associated rewards or advantages. 

- When 𝜉𝑖(𝜃) < 1, the new policy assigns a lower probability to the action (𝑎𝑖). This implies 

that the action is less preferred in the new policy, possibly due to lower rewards or advantages. 

By directly comparing these probabilities, PPO can evaluate whether the updated policy is 

moving in a desirable direction in terms of action preferences. The probability ratio is multiplied by the 

advantage function 𝐴̂𝑖, which measures how much better or worse an action is compared to the policy’s 

average performance. The sign of 𝐴̂𝑖 determines the desired direction of change, i.e., 

- If 𝐴̂𝑖 > 0, the goal is to increase the probability of the action, so PPO pushes 𝜉𝑖(𝜃) toward 

values greater than 1. 

- If 𝐴̂𝑖 < 0, the goal is to decrease the probability of the action, so PPO encourages 𝜉𝑖(𝜃) toward 

values less than 1. 

The ratio thus adjusts the gradient step based on how the policy change aligns with the 

advantage. In standard policy gradient methods, large updates can cause 𝜉𝑖(𝜃) to deviate significantly 

from 1. This can lead to drastic changes in the policy, destabilizing training and reducing sample 

efficiency.  

PPO addresses this issue with its clipping mechanism, which ensures that 𝜉𝑖(𝜃) remains within 

a bounded range [1 − 𝜖, 1 + ⁡𝜖]. This prevents the policy from deviating too far from the old policy 

during a single update. Without this constraint, large updates could lead to poor exploration, overfitting, 

or policy collapse.  

- If 𝜉𝑖(𝜃) remains within the range [1 − 𝜖, 1 + ⁡𝜖], the objective function remains unaltered. 

- If 𝜉𝑖(𝜃) exceeds this range, the objective function "clips" the ratio to either 1 − 𝜖 or 1 + 𝜖 

effectively capping the contribution of the advantage 𝐴̂𝑖. 

This mechanism ensures that even with large advantage values, the update remains stable. The 

hyperparameter 𝜖⁡controls how conservative or aggressive the updates are. The clipping 

hyperparameter 𝜖 takes typically values between 0.1 and 0.3. Higher values allow larger updates, which 

may accelerate learning but risk instability. While lower values enforce stricter constraints, favoring 

stability at the cost of slower convergence. 
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To compute more accurate and robust estimates of the advantage function, PPO uses 

Generalized Advantage Estimation (GAE). The advantage function is critical for determining how 

much better or worse an action is compared to the average policy performance at a given state. GAE is 

defined as follows: 

𝐴̂𝑖 =∑(𝛾̃𝜆)𝑙𝛿𝑖+𝑙

∞

𝑙=0

 
(2.2) 

Components of GAE include: 

1. Temporal difference error (𝛿𝑖): 

𝛿𝑖 = 𝑟𝑖 + 𝛾̃𝑉̃(𝑠𝑖+1) − 𝑉̃(𝑠𝑖) (2.2a) 

The temporal difference error quantifies the difference between the reward received plus the 

discounted value of the next state, 𝑉̃(𝑠𝑖+1), and the current state’s value 𝑉̃(𝑠𝑖). 

2. Discount factor (𝛾̃): Controls how much future rewards contribute to the current estimate. A 

higher 𝛾̃ places more emphasis on long-term rewards. Typically ranges between 0.95 and 0.99 

3. Smoothing factor (𝜆): Balances the trade-off between bias and variance. A smaller value of 𝜆 

reduces variance by relying more on immediate temporal difference errors but introduces bias. 

While a larger 𝜆 aggregates information over multiple time steps, reducing bias but increasing 

variance. Typical values for 𝜆 range between 0.9 and 0.95. 

 GAE allows PPO to leverage a combination of advantages over multiple time steps, thus 

providing a more robust estimate of the expected return. This helps in reducing variance and improving 

the overall performance of the policy. 

 PPO demonstrates remarkable adaptability as it can be applied to both discrete and continuous 

action spaces due to its flexible policy parameterization. This adaptability arises from the ability of 

PPO to represent policies using different probabilistic distributions tailored to the type of action space. 

In discrete action spaces, the policy is typically modeled using a categorical distribution. This 

distribution assigns probabilities to each discrete action, enabling the agent to choose one action from 

a finite set. The categorical distribution is derived by applying a SoftMax function to the policy 

network's output logits. This ensures that the resulting probabilities add to the unity and represent a 

valid probability distribution. The policy outputs the probabilities as follows: 
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𝜋𝜃(𝑎𝑖|𝑠𝑖) ⁡= 𝑆𝑜𝑓𝑡𝑀𝑎𝑥(𝑠
𝑇𝜃) (2.3) 

For continuous action spaces, the policy is often represented by parameterized probability 

distributions such as Gaussian, multivariate Gaussian, or even Beta distributions, depending on the 

application. The most common approach involves modeling the policy as a Gaussian distribution (𝒩), 

where the mean (𝜇𝜃) and standard deviation (𝜎𝜃) learned by the agent. The policy is expressed as 

follows: 

𝜋𝜃(𝑎𝑖|𝑠𝑖) ⁡= 𝒩(𝜇𝜃(𝑠), 𝜎𝜃(𝑠)) (2.4) 

This formulation allows the agent to sample actions continuously, capturing the uncertainty 

inherent in the decision-making process. Other distributions, like the Beta distribution, can be used 

when the action space is bounded within a specific range, offering additional flexibility for specialized 

tasks. In both discrete and continuous action spaces, the sampling process evolves as the agent learns. 

For discrete action spaces, the categorical distribution shifts to favor higher-probability actions as the 

agent improves its policy. Over time, less probable actions are deprioritized, sharpening the distribution 

around the optimal actions. In continuous action spaces, the standard deviation 𝜎𝜃 of the Gaussian 

distribution tends to decrease as the agent gains confidence in its actions. This results in a slimmer 

Gaussian distribution, concentrating the samples closer to the mean 𝜇𝜃. This dynamic adjustment in 

both discrete and continuous spaces ensures that PPO effectively balances exploration and exploitation 

while converging towards optimal behavior. 

Recent works have extended PPO to handle hybrid action spaces, where the environment 

requires both discrete and continuous actions (Fan et al., 2019). This is especially useful in robotic 

control tasks or games where some decisions are categorical (e.g., movement directions) and others are 

continuous (e.g., torque or speed). The hybrid policy structure can be represented as a mixture of a 

categorical distribution for the discrete actions and a Gaussian distribution for the continuous actions, 

combining both types in a single objective. 

In this research, all versions of PPO – discrete, continuous, and hybrid – were considered. 

Specifically, in Chapter 3, both discrete and hybrid PPOs are employed for the generation, design and 

optimization of CPF. Notably, these agents incorporate a slight variation in the discrete component of 

their policies through the application of masking (Huang and Ontañón, 2022). This technique will be 

further explained in Chapter 3. Conversely, a continuous PPO is utilized in Chapter 4 to simultaneously 

generate, design, and control CPF. Some variations were applied to the structure of the agent to obtain 
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better exploration and results; these modifications will be explained in detail in the aforementioned 

chapter. 

2.1.3 Applications of Reinforcement Learning in Chemical Engineering 

Recently, RL has demonstrated its ability to tackle complex sequential dynamic decision-making 

problems at levels comparable to or surpassing human performance (Silver et al., 2018). These 

advancements have significantly impacted various research areas within chemical engineering, leading 

to the development of innovative methods for addressing complex challenges. RL is primarily designed 

for solving discrete-time optimization problems modeled as Markov Decision Processes and relies on 

the Bellman optimality equation, which is similar to the Hamilton–Jacobi–Bellman equation and 

Pontryagin’s maximum principle used in continuous state and action spaces (Gao and Schweidtmann, 

2024). This foundation explains why early applications of RL in chemical engineering focused mainly 

on process control (Hoskins and Himmelblau, 1992) and continue to be prevalent (Nian et al., 2020; 

Bao et al., 2021; Alhazmi et al., 2022; Patel, 2023; Faria et al., 2024; Hassanpour et al., 2024; Wang 

and Ricardez-Sandoval, 2024; Agyeman et al., 2024). However, RL has also advanced other areas such 

as scheduling (Waschneck et al., 2018; Hubbs et al., 2020; Mowbray et al., 2022; Mousa et al., 2024; 

Rangel-Martinez and Ricardez-Sandoval, 2024), dynamic optimization (D. Machalek et al., 2020; 

Petsagkourakis et al., 2020; Boulesnane and Meshoul, 2021), and the design of CPF in both steady and 

transient domains. The subsequent sections of this chapter will discuss these advancements in CPF 

design in greater detail. 

2.2 Chemical Process Flowsheet Design and Optimization 

In the context of steady-state CPF design, the optimization problem is typically formulated as a MINLP 

(Grossmann, 1985; Trespalacios and Grossmann, 2014; Mencarelli et al., 2020; Chen et al., 2021). 

Equation 2.5 presents the mathematical formulation of the optimization problem at hand. The primary 

objective is to minimize an objective function, denoted as 𝜓, which may represent a combination of 

factors such as process economics, sustainability incentives, environmental constraints, and other 

operational considerations. Mathematically, 𝜓 is defined as a function of three types of decision 

variables: 1) Continuous design variables, denoted as 𝒙𝒄 ⁡ ∈ ℝ
𝑛𝒙𝒄 , englobe all the continuous decisions 

taken for the CPF design,  e.g., equipment sizing, required purities, flow rates, among others. 2) Discrete 

design variables, denoted as 𝒙𝒅 ⁡ ∈ ℤ
𝑛𝒙𝒅 , represents all the discrete design variables in the problem such 

as the number of stages in a distillation column or the number of tubes in a shell and tube heat 

exchanger. 3) Intermediate variables, 𝝌⁡ ∈ ℝ𝑛𝝌, denote the intermediate continuous variables calculated 
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internally by the chemical process simulator, e.g., material flows, compositions, and operating 

conditions. Additionally, 𝝋 ∈ {𝑇𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒}𝑛𝝋 represents the Boolean variables that appear in 

disjunctions, determining whether a specific constraint vector is enforced or not. This disjunctive 

formulation is commonly applied in CPF design to capture structural and logical decisions. Examples 

include determining the presence or absence of a UO, the inclusion or exclusion of a flow at a particular 

location, or the implementation or omission of a recycle stream at a specific point in the flowsheet. 

min
𝒙𝒅,𝒙𝒄,𝝌

𝜓(𝒙𝒅, 𝒙𝒄, 𝝌) (2.5a) 

𝑠. 𝑡.⁡⁡𝒉(𝒙𝒅, 𝒙𝒄, 𝝌) = 0 (2.5b) 

𝒈(𝒙𝒅, 𝒙𝒄, 𝝌) ⁡≤ 0 (2.5c) 

Φ(𝝋) = 𝑇𝑟𝑢𝑒 

⋁𝑘̃∈𝑃𝑞̃ [
𝜑𝑘̃,𝑞̃

𝑔𝑘̃,𝑞̃(𝒙𝒅, 𝒙𝒄, 𝝌) ⁡≤ 0⁡
] ⁡, ∀𝑞̃ ∈ 𝑄̃ 

 

 

(2.5d) 

[𝒙𝒅, 𝒙𝒄, 𝝌] ⁡∈ Ω (2.5e) 

𝒙𝒅
𝑳 ⁡≤ 𝒙𝒅 ⁡≤ ⁡𝒙𝒅

𝑼, 𝒙𝒄
𝑳 ⁡≤ 𝒙𝒄 ⁡≤ ⁡𝒙𝒄

𝑼 (2.5f) 

Following Equation 2.5, the equality constraints (𝒉) and inequality constraints (𝒈) encapsulate 

all the operational and design limitations associated with the UOs in the CPF. These constraints include 

restrictions such as the permissible operating pressure or temperature for a given UO, as well as process 

design targets like the desired level of reactant conversion or product purity. Moreover, Boolean 

variables 𝜑𝑘̃,𝑞̃ indicates if constraint 𝑔𝑘̃,𝑞̃ is enforced or not. These constraints are related to the logical 

proposition Φ(𝝋) = 𝑇𝑟𝑢𝑒 through the logical operators (e.g., AND, OR, XOR, negation, implication, 

equivalence), which are defined based on the specific disjunctive decisions considered in the problem. 

Note that Boolean variables are represented as binary variables in the MINLP and the upper limit for 

𝑛𝝋 is given by 𝑛𝝋 = ∑ |𝑃𝑞̃|𝑞̃∈𝑄̃ . The index 𝑘̃ represents the various constraints associated with each 

disjunctive decision. Depending on the problem context, 𝑘̃ typically takes values from a set of integers 

representing specific constraints or conditions. The domain of 𝑘̃ can be defined as follows: 𝑘̃ ⁡ ∈

{1,2,… , |𝑃𝑞̃|}, ∀𝑞̃ ∈ 𝑄̃, where |𝑃𝑞̃| is the cardinality of the subset 𝑃𝑞̃ corresponding to each disjunctive 

decision 𝑞̃. The index 𝑞̃ represents the different disjunctive decisions made in the optimization problem; 

the domain can be defined as 𝑞̃ ∈ {1,2,… , |𝑄̃|}⁡where |𝑄̃| is the total number of disjunctive decisions 

considered in the problem. Moreover, [𝒙𝒅, 𝒙𝒄, 𝝌] ⁡∈ ⁡Ω represents the constraints handled by the 

chemical simulation suite; these restrictions enclose all the mass and energy balances, thermodynamic 

models, chemical equilibria and reaction rates, and more restrictions considered internally by the 



 

17 

chemical simulator. Hence, the variables within the set Ω represent all the possible variable 

combinations that ensure a convergence of the model in the simulator (Liñán et al., 2024). Lower 

bounds (superscript 𝐿) and upper bounds (superscript 𝑈) for the discrete and continuous variables are 

also included in Equation 2.5.  

Numerous studies have been conducted to address the design and optimization of CPF using 

model-based optimization methods (Caballero and Grossmann, 1999; Grossmann et al., 2005; Chen 

and Grossmann, 2017; Tian and Pistikopoulos, 2019; Liñán et al., 2020; Mencarelli et al., 2020; Ma et 

al., 2021; Tian et al., 2021; Bernal et al., 2022; Liñán and Ricardez-Sandoval, 2023; Stinchfield et al., 

2024). However, these approaches face several inherent challenges. A key limitation is the reliance on 

a predefined superstructure, which often introduces bias due to the user's subjective definition of system 

boundaries and possible configurations. In the absence of a superstructure, the spatial arrangement of 

UOs within the CPF is typically fixed, thereby constraining the exploration of alternative flowsheet 

configurations and limiting design flexibility. Moreover, for any configuration, mechanistic models of 

the UOs must be explicitly programmed to enable access to all the necessary equations governing the 

process, adding significant complexity to the modeling effort. Furthermore, the limited availability of 

open-source software and the significant computational demands—especially for large-scale 

optimization problems—pose further challenges. These issues are compounded by the difficulty in 

integrating such models seamlessly with chemical simulation suites, reducing flexibility and increasing 

the complexity of solving CPF optimization problems. On the other hand, the application of global 

optimization methods offers a significant advantage. These techniques ensure global optimality, 

providing the assurance that the best possible solution is found within the defined problem space, thus 

improving the reliability and performance of CPF design and optimization. However, global 

optimization solvers can suffer from high computational costs, particularly in large-scale problems, 

leading to long CPU times and resource demands. Additionally, issues such as numerical instability, 

sensitivity to initial conditions, and convergence challenges can further complicate the optimization 

process, necessitating careful consideration of solver selection and problem formulation. 

As discussed in Chapter 1, a new alternative to model-based optimization methods has 

emerged. This approach seeks to integrate the principles of heuristic methods into its formulation while 

employing mathematical techniques for the synthesis and design of CPFs. This method, also referred 

to as hybrid or model-free optimization, offers the flexibility to address both equation-driven and data-

driven problems effectively. d'Anterroches and Gani (d’Anterroches and Gani, 2005) were among the 

first authors to explore this hybrid methodology, developing a framework for synthesizing, designing 
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and optimizing CPFs by employing group contribution—a strategy widely applied in molecular design. 

Other notable techniques such as deterministic stochastic-algorithms (Herrera Velázquez et al., 2022; 

Liñán et al., 2024), genetic algorithms (Contreras-Zarazúa et al., 2017, 2019) and Bayesian 

optimization (Chanona et al., 2021) have been proposed to synthesize and design CPF. However, the 

greatest interest in hybrid methods emerged with the increased studies and advancements in ML and 

AI techniques. RL is particularly notable as a framework for CPF design due to its capability to make 

interrelated sequential decisions while effectively optimizing complex processes. Table 2.1 provides 

an overview of various studies that have employed RL for the design and optimization of CPFs. 

Table 2.1: Studies that have applied RL for CPF design and optimization 

Authors Contributions 

(Midgley, 2020) 

Proposed an agent capable of designing distillation trains to separate 

non-azeotropic mixtures. The RL agent used was a hybrid soft actor-

critic that interacted with an environment coupled with the COCO (van 

Baten et al., 2023) simulation suite 

(Khan and Lapkin, 2020, 

2022; Seidenberg et al., 

2023) 

Introduced the use of hierarchical RL agents for searching optimal 

process routes. Framework applied to three separation processes. 

Hierarchical agents enabled enhanced interaction between the agent and 

the process, yielding superior results in comparison to baseline methods. 

(Plathottam et al., 2021) 

RL applied to optimize complex solvent extraction processes. Authors 

implemented a configurable learning environment that can effectively 

match or surpass the performance of traditional optimization methods, 

achieving comparable results in process design across various feed 

compositions. 

(van Kalmthout et al., 

2022) 

Extended Midgley’s (Midgley, 2020) work by modifying the framework, 

allowing the interaction with the widely used ASPEN Plus® (Aspen 

Technology Inc, n.d.) simulation suite 

(Göttl et al., 2022a, 

2022b, 2024) 

Authors have made significant contributions by developing 

"SynGameZero," a turn-based two-player game environment for CPF 

design, which utilizes a tree search RL algorithm from DeepMind to 

improve agent exploration. They advanced this approach by 

incorporating recycles and convolutional neural networks for more 

complex problems. Their latest work introduces a hierarchical structure 

of RL agents, enabling effective handling of both discrete and continuous 

variables. All their frameworks have been tested with short-cut models 

to represent UOs. 

(Stops et al., 2023) 

Represented CPF as graphs, enabling the incorporation of graph neural 

networks into their agent's architecture. Alongside this feature, a hybrid 

PPO agent was considered. Framework applied for methyl acetate 

production and purification. 
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(Gao et al., 2023) 

Extended Stops et al. (Stops et al., 2023) work by leveraging transfer 

learning and linking the environment to a more rigorous simulation suite 

such as DWSIM (Medeiros, n.d.) 

(Kim et al., 2023) 

RL was applied to optimize Single Mixed Refrigerant cycles with the 

goal of minimizing refrigeration power. A DQN agent, interfaced with a 

process simulator and MATLAB® (The MathWorks Inc., 2022), 

demonstrated comparable performance to Genetic Algorithms while 

effectively managing complex interactions and nonlinearities. 

Beyond RL, but still within the area of AI, a few works involving the design, completion or 

correction of CPF have been proposed using generative transformers (Vogel et al., 2023) and large 

language models (Schulze Balhorn et al., 2024). For those type of works, a considerable number of 

flowsheets – complete or incomplete –, as well as a tokenization method – similar to the one presented 

by d'Anterroches and Gani (d’Anterroches and Gani, 2005) – is required. To this regard, Mann et al. 

(Mann et al., 2023, 2024a, 2024b) have further advanced d'Anterroches and Gani (d’Anterroches and 

Gani, 2005) work by incorporating Machine Learning and Artificial Intelligence techniques. 

As shown in Table 2.1, there are numerous studies that utilize RL for the design and 

optimization of CPFs. However, few of these studies consider a key tool for enhancing the agent's 

learning process: the incorporation of masking. Masking refers to a technique that dynamically restricts 

the agent's action space by disabling infeasible or suboptimal actions based on prior knowledge, expert 

rules, or contextual constraints. This approach improves learning efficiency, reduces exploration of 

irrelevant or impossible actions, and accelerates convergence toward optimal solutions. Huang and 

Ontañón (Huang and Ontañón, 2022) were the first to introduce the concept of masking in a RL context; 

they utilized a discrete PPO agent and, through various case studies, demonstrated the effectiveness of 

this technique compared to its standard version. In CPF design, masking could be particularly valuable 

for incorporating domain expertise and design rules, similar to the heuristic method, ensuring that the 

RL agent avoids configurations that violate physical or operational constraints. Göttl et al. (Göttl et al., 

2022a, 2022b, 2024) and Seidenberg et al. (Seidenberg et al., 2023) also mentioned the use of the 

masking technique in their framework, however a detailed explanation of its functionality was not 

described in those works. Adding to that, the integration of a masking technique with a hybrid PPO 

approach remains unexplored in the literature. Chapter 3 will delve into the application of masking, 

offering a clearer understanding of how it influences the agent’s learning process; as well as exploring 

the use of masking in hybrid agents, with a particular focus on hybrid PPO. 
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2.3 Simultaneous Generation, Design and Control of Chemical Process 

Flowsheet  

Integration of design and control often involves the solution of a MIDO problem. This approach 

combines steady-state design and dynamic control considerations into a unified optimization step. 

Process design decisions involve equipment sizing and nominal operating conditions, while process 

control focuses on minimizing closed-loop variability and ensuring product quality by keeping key 

output variables within specified limits. Typically, the main objective in integrated CPF design and 

control problems is the minimization of an objective function (Ψ). This function usually combines 

economic or environmental costs combined with metrics that accounts for the system's controllability 

and dynamic variability. Equation 2.6 presents the primary formulation of the integrated design and 

control MIDO problem, posed as follows (Rafiei and Ricardez-Sandoval, 2020a): 

min
𝜼,𝜿(𝑡),𝜸,𝒖(𝑡)

Ψ(𝒙(𝑡), 𝒙̇(𝑡), 𝒘(𝑡), 𝜼, 𝜿(𝑡), 𝜸, 𝒖(𝑡), 𝒅(𝑡), 𝑡) 
(2.6a) 

𝑠. 𝑡. 𝒇𝒅(𝒙(𝑡), 𝒙̇(𝑡), 𝒘(𝑡), 𝜼, 𝜿(𝑡), 𝜸, 𝒖(𝑡), 𝒅(𝑡), 𝑡) = 0 (2.6b) 

𝒇𝒂(𝒙(𝑡),𝒘(𝑡), 𝜼, 𝜿(𝑡), 𝜸, 𝒖(𝑡), 𝒅(𝑡), 𝑡) = 0 (2.6c) 

𝒇𝟎(𝒙(𝑡0), 𝒙̇(𝑡0),𝒘(𝑡0), 𝜼, 𝜿(𝑡0), 𝜸, 𝒖(𝑡0), 𝒅(𝑡0), 𝑡0) = 0 (2.6d) 

𝒉(𝒙(𝒕), 𝒙̇(𝒕),𝒘(𝒕), 𝜼, 𝜿(𝒕), 𝜸, 𝒖(𝒕), 𝒅(𝒕), 𝑡) = 0 (2.6e) 

𝒈(𝒙(𝒕), 𝒙̇(𝒕), 𝒘(𝒕), 𝜼, 𝜿(𝒕), 𝜸, 𝒖(𝒕), 𝒅(𝒕), 𝑡⁡) ≤ 0  

Φ(𝝋) = 𝑇𝑟𝑢𝑒 

⋁𝑘̃∈𝑃𝑞̃ [
𝜑𝑘̃,𝑞̃

𝑔𝑘̃,𝑞̃(𝒙𝒅, 𝒙𝒄, 𝝌) ⁡≤ 0⁡
] ⁡, ∀𝑞̃ ∈ 𝑄̃ 

 

 

(2.6f) 

𝜼 ∈ [⁡𝜼𝐿 , 𝜼𝑈] (2.6g) 

𝜿⁡ ∈ [⁡𝜿𝐿 , 𝜿𝑈] (2.6h) 

𝒖⁡ ∈ [⁡𝒖𝐿 , 𝒖𝑈] (2.6i) 

𝜸 ∈ {𝛾1, … , 𝛾𝑁} (2.6j) 

𝑡 ∈ (𝑡0, 𝑡𝑓] (2.6k) 

MIDO problems are typically constrained by DAEs, represented by 𝒇𝒅 and 𝒇𝒂 respectively, 

and their initial condition (𝒇𝟎). In chemical engineering, particularly in process design and control, 

these functions include all continuity, mass and energy balances, thermodynamics, reaction kinetics, as 

well as any DAE representing the physical-chemical processes of the system. The problem can also be 

constrained by equality (𝒉) and inequality (𝒈) constraints, which may possess a differential-algebraic 

nature similar to 𝒇𝒅 and 𝒇𝒂. The system states and their derivatives, represented as functions of time, 
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are denoted by 𝒙(𝑡), 𝒙̇(𝑡) ⁡∈ ⁡ℝ𝒏𝒙 while 𝒘(𝑡) ∈ ⁡ℝ𝒏𝒘 represents the system's output variables. Similar 

to Equation 2.5, Equation 2.6 also incorporates disjunctive decisions. The notation and structure used 

in both Equation 2.5d and Equation 2.6f are consistent, adhering to the same principles. In addition to 

addressing disjunctive decisions related to the inclusion or exclusion of a unit in the CPF, Equation 2.6f 

can also account for decisions such as the choice between a proportional-integral (PI) or proportional-

integral-derivative (PID) control system. The vector 𝜼 ∈ ⁡ℝ𝒏𝜼 includes all time independent continuous 

design and control variables of the system, such as the diameter of a distillation column or the gain of 

a PI controller. In contrast, 𝜸⁡ ∈ ⁡ℤ𝒏𝜸 contains all integer design variables of the system, such as the 

number of stages in a distillation column, or the number of passes in a shell and tube heat exchanger. 

The time-dependent vector 𝜿(𝑡) ⁡∈ ⁡ℝ𝒏𝜿 represents continuous operating conditions, which can vary 

over time, such as a change in the purity set-point of a distillate in a distillation column. The variables 

available for control are denoted by 𝒖(𝑡) ⁡∈ ⁡ℝ𝒏𝒖, representing changes in manipulated variables used 

for process control, such as the reflux ratio in a distillation column or the jacket temperature in a reactor. 

In addition to the inequality and equality constraints, 𝜼, 𝜿(𝑡), and 𝒖(𝑡)⁡⁡are bounded by upper and lower 

limits, i.e., 𝐿 and 𝑈, respectively. Furthermore, 𝒅(𝑡) denotes the disturbances affecting the system over 

time (𝑡), which are typically defined a priori and span from an initial time 𝑡0 to a final integrating time 

𝑡𝑓.  

Model-based optimization methods are well-suited for solving problems like the one described 

in Equation 2.6. Over the past several years, there has been considerable attention directed towards the 

integration of design and control in CPF, prompting researchers to explore diverse approaches. Methods 

for integrating design and control are categorized in various ways in the literature. Most use steady-

state models to estimate capital and operating costs. The main difference between them lies in how they 

assess the dynamic performance of the closed-loop system, focusing on how dynamic behavior affects 

costs. These methods fall into three categories (Ricardez-Sandoval et al., 2009a; Yuan et al., 2012): 

• Controllability index-based approach 

The controllability index-based approach integrates process design and control by using indicators like 

the relative gain array, condition number, and disturbance condition number to assess closed-loop 

performance. It aims to minimize capital and operating costs through steady-state models while meeting 

controllability objectives. However, these methods often treat controllability indicators as constraints 

or apply ad hoc weightings in the cost function without clear links to economic impact. Additionally, 

reliance on steady-state or linear dynamic models limits their accuracy to small deviations around 
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nominal conditions, potentially leading to suboptimal solutions, especially by overlooking product 

variability costs. Relevant works that fall within this category are (M.L. Luyben and Floudas, 1994; 

Luyben and Fluodas, 1994; Papalexandri and Pistikopoulos, 1994; Schweiger and Floudas, 1998; 

Alhammadi and Romagnoli, 2004; Blanco and Bandoni, 2007). 

• Dynamic optimization-based approach 

To address the inherent limitations of the controllability index-based methodology, a variety of dynamic 

optimization techniques emerged in the literature. These methodologies shift focus from steady-state 

or matrix-based assessments to evaluating process variability through simulations utilizing 

comprehensive nonlinear dynamic models (Perkins and Walsh, 1996). However, the significant 

computational demands associated with these nonlinear simulations often confine analyses to 

predetermined time horizons, thereby imposing constraints on their applicability. The intricate nature 

of solving nonlinear dynamic optimization problems also limits their practicality in real-world 

industrial contexts. Furthermore, the influence of dynamic variability is not explicitly integrated into 

the overall economic cost function, unlike capital and operational costs. While dynamic optimization 

approaches provide valuable advantages in managing process nonlinearity and time-dependent 

disturbances, they face considerable challenges related to computational complexity, particularly 

regarding the absence of a well-defined economic cost framework for transient variability and 

insufficient explicit consideration of system’s closed-loop stability. The dynamic optimization-based 

approach received significant attention developing and advancing various solution techniques: back-

off approach and its various modifications such as power series expansions or uncertainty (Perkins, 

1989; Narraway et al., 1991; Kookos and Perkins, 2001, 2016; Mehta and Ricardez-Sandoval, 2016; 

Koller et al., 2018; Rafiei and Ricardez-Sandoval, 2018, 2020a, 2020b, 2020c; Patilas and Kookos, 

2020, 2021), decomposition methods of the MIDO problem into primal and master problems (Bansal 

et al., 2002, 2003; Hamid et al., 2010; Pistikopoulos and Diangelakis, 2015; Mansouri et al., 2016a, 

2016b; Diangelakis and Pistikopoulos, 2017; Andersen et al., 2018; Burnak et al., 2019), parametric 

programming to incorporate uncertainty (Sakizlis et al., 2004), mixed-integer stochastic optimization 

frameworks (Mohideen et al., 1996), bi-level optimization (Palma-Flores and Ricardez-Sandoval, 

2022) and control Q-parameterization techniques that account for parametric uncertainties in linear 

control problems (Swartz, 2004). 

• Robust model-based approach 
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To address the challenges inherent in dynamic optimization, methodologies were proposed that focused 

on estimating bounds for process variables using surrogate models. These bounds play a critical role in 

evaluating the system's flexibility, stability, and controllability and are derived from linear models 

characterized by uncertainty, rather than relying on comprehensive nonlinear dynamic models. 

However, a notable limitation of this approach is their tendency to generate conservative and 

suboptimal designs, as it employs estimated bounds instead of true maximum values for flexibility and 

controllability. Furthermore, disturbances are analyzed primarily in terms of their maximum 

magnitudes, rather than their actual time-dependent profiles, potentially resulting in designs that are 

more conservative compared to those generated through dynamic optimization methodologies. 

Nevertheless, this robust approach offers an advantage in terms of computational efficiency, requiring 

substantially less computational effort than dynamic optimization-based formulations. Relevant works 

that fall into this category are (Mönnigmann and Marquardt, 2002, 2003; Marquardt and Mönnigmann, 

2005; Chawankul et al., 2005, 2007; Malcolm et al., 2007; Ricardez-Sandoval et al., 2008, 2009b, 

2009c, 2010, 2011; Wirth et al., 2011; Ricardez-Sandoval, 2012; Muñoz and Marquardt, 2013; Kastsian 

and Mönnigmann, 2013) .  

In the studies discussed above, a common factor is their dependency on a pre-established 

flowsheet, i.e., the arrangement of the UOs is known a priori. Consequently, there are no decision 

variables regarding the inclusion or exclusion of a specific stream or UO. To address this limitation, 

the concept of a superstructure has been considered in integration of design and control. The key idea 

is to add a decision layer by considering multiple possible configurations for the placement of flows 

and UOs within a process flowsheet. This approach allows for the optimization of not only the process 

parameters but also the overall design and configuration of the process network. Relevant works that 

dealt with an integrated superstructure design and control problem include (M.L Luyben and Floudas, 

1994; Schweiger and Floudas, 1998; Hamid et al., 2010; Sánchez-Sánchez and Ricardez-Sandoval, 

2013; Trainor et al., 2013). 

Despite these efforts, current methodologies that involve process flowsheet design are limited 

to case studies with a small number of UOs, often modeled using non-rigorous methods due to their 

high computational costs and mathematical complexity. Adding to that, case studies employing 

rigorous models are restricted to specific feasible regions, making their scalability or interpolation to 

other regions either prohibitively expensive or unfeasible. Instead of relying on rigorous models, 

surrogate models are introduced as data-driven tools capable to approximate expensive rigorous models 

by correlating relevant input and output data. With the increasing popularity of ML in the scientific 
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community, NNs have become the preferred surrogate model, as they can approximate any function 

given the correct and sufficient data and an appropriate architecture (i.e., network depth). 

Schweidtmann and co-workers have demonstrated that NNs not only improve computational efficiency 

by reducing the number of optimization variables but also significantly decrease solution times 

(Schweidtmann et al., 2019; Schweidtmann and Mitsos, 2019).  Key applications of surrogate models 

in the integrated design and control problem include power series expansions for optimal design 

(Bahakim and Ricardez-Sandoval, 2014; Rafiei and Ricardez-Sandoval, 2020c), adaptive state-space 

models for control optimization (Malcolm et al., 2007) and dynamic model approximation for 

integrated design and control (Pistikopoulos and Diangelakis, 2015; Diangelakis and Pistikopoulos, 

2017; Burnak et al., 2019). In addition to reducing the complexity of the optimization problem, the 

computational cost associated with these models is significantly lower than those that employ rigorous 

models. Despite their benefits, surrogate models have limitations, such as potential inaccuracies in 

estimating functions over wide operating regions. To address this challenge, techniques like piecewise 

surrogate modeling can be employed to capture varying system behavior more effectively (Rafiei and 

Ricardez-Sandoval, 2018; Pedrozo et al., 2020; Shokry et al., 2020; Obermeier et al., 2021). Notably, 

these examples do not incorporate NNs as surrogate models within the context of integrated design and 

control, highlighting an interesting research avenue. 

As mentioned in Chapter 1, there are very few studies that address the integrated problem using 

RL. Sachio et al. (Sachio et al., 2022) were among the first to incorporate RL into the solution 

methodology for the integrated problem. Their approach involved reformulating the design and control 

problem as a bi-level problem, decoupling it by initially solving the optimal control using RL, and 

subsequently integrating it into the optimization problem for resolution. This reformulation effectively 

transformed the bi-level problem into a single-level problem while preserving optimal outcomes. This 

approach was demonstrated on tank and continuous stirred-tank reactor (CSTR) designs, with the 

REINFORCE algorithm (Williams, 1992) guiding the control actions. Mendiola-Rodriguez and 

Ricardez-Sandoval (Mendiola-Rodriguez and Ricardez-Sandoval, 2023) used RL entirely, employing 

a DDPG agent to find an optimal design and control scheme for an anaerobic digestion system, 

designing it initially and then controlling it throughout the process. In the fields of ML and RL, most 

research has focused on the generation and design of steady-state CPF (Table 2.1). Therefore, 

addressing the integrated design and control problem using RL represents a key avenue of research. 

Adding to that, in this context, approximating the dynamic behavior of UOs with NNs has never been 

explored before. Acknowledging the gaps in the existing literature, Chapter 4 presents the application 
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of RL to address the integrated design and control problem, leveraging NN as surrogate models to 

approximating the dynamic behavior of UOs. 

2.4 Summary 

This chapter presented the key methodologies, mathematical formulations, and theoretical background 

essential for this thesis. The first section opened with an overview of RL, offering a formal definition 

and classification of various agent types according to their learning strategies. Special emphasis was 

placed on the PPO agent, exploring its structure, various versions, and the advantages that makes this 

agent the preferred choice for addressing RL problems. Relevant works where RL techniques could be 

effectively applied within chemical engineering were presented. In the second section, the conceptual 

formulation for the design and optimization of CPFs was introduced. Model-based and model-free 

optimization methods were discussed, with particular emphasis on state-of-the-art RL methods as a 

solution to this problem. Despite the current interest in RL methods, which had led to the publication 

of numerous studies, several areas of research remain underexplored. One clear example is the 

integration of masking into the agent's formulation. Another example is the integration of advanced 

chemical process simulators, capable of handling multiple UOs, into a RL environment. To the author’s 

knowledge, the implementation of masked agents interacting with rigorous simulation environments to 

solve design and optimization problems has not yet been addressed in the literature. Similar to the 

previous section, the third section introduced the conceptual formulation for the integrated design and 

control of CPFs. A literature review of the development and innovations within the integrated design 

and control framework was presented. Most studies focused on model-based optimization methods to 

address the integrated problem, with only two studies exploring this issue using RL. The 

implementation of RL has been identified as a challenging task; however, it represents a highly 

promising research avenue. Additionally, the use of NN surrogate models to approximate mechanistic 

models was discussed, as they reduce the number of variables to optimize and consequently decrease 

computation time. To the authors' knowledge, the application of RL in conjunction with NN surrogate 

models to address the integrated problem has not yet been explored. The next chapter presents a 

methodology that is proposed in this study for the generation, design and optimization of CPF using 

masked RL agents. 
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Chapter 3 

A Reinforcement Learning approach with masked agents for 

chemical process flowsheet design 

As discussed in Chapters 1 and 2, model-free optimization methods, particularly RL, offer a novel and 

effective approach to addressing design and optimization problems. Despite substantial research 

utilizing RL methods, a significant gap remains in the literature. Specifically, there is limited 

investigation into the application of masked RL agents and their integration with advanced chemical 

simulation suites, such as ASPEN Plus®, which handle multiple rigorous UOs within the RL 

environment. This gap underscores the necessity for further exploration and assessment to fully uncover 

and demonstrate the potential of RL in these complex contexts. To address this gap, this work presents 

a CPF design and optimization framework using RL, where the employed agents are equipped with the 

masking technique, enabling them to effectively discard infeasible actions during the decision-making 

process. Through a reward shaping process, the masked agents interact with the environment 

(comprised of an advanced chemical engineering simulation suite) and learn to design attractive and 

economically viable CPFs. The integration of masking with an environment that utilizes advanced 

process simulators, ensures a closer alignment with a more realistic CPF design practices, as it allows 

the consideration of interdependence between UOs or a specific hierarchical order in their arrangement, 

while modeling UOs with rigorous thermodynamic and conservation balance equations. The agents are 

trained to design CPF at steady state, adhering to general process design, operational, environmental 

and safety constraints. This study provides insights on the way RL generates flowsheets and learns 

complex structural relationships between linked UOs such as recycle streams utilizing the masking 

technique. A comparative study between the discrete and hybrid agent is performed by testing the 

agents in different case studies, shedding light into their benefits and limitations. The major outcomes 

of this chapter were showcased at the 12th IFAC Symposium on Advanced Control of Chemical 

Processes (ADCHEM 2024) (Reynoso-Donzelli and Ricardez-Sandoval, 2024c), published in the 

AIChE Journal (Reynoso-Donzelli and Ricardez-Sandoval, 2024d) and presented at the AIChE Annual 

Meeting 2024 (Reynoso-Donzelli and Ricardez-Sandoval, 2024a). 

This chapter is organized as follows: the subsequent section presents the proposed RL 

methodology. Section 3.2 details the implementation of this methodology through three case studies, 

with two of these case studies utilizing ASPEN Plus® within their simulation framework. The chapter 

concludes with a summary in Section 3.3. 
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3.1 Solution framework 

Solving a MINLP problems like that depicted in Equation 2.5 presents significant challenges due to the 

combination of discrete and continuous variables, along with nonlinear relationships. The inclusion of 

integer variables introduces combinatorial complexity, as the solution space grows exponentially with 

the number of discrete decisions. Additionally, these problems often involve disjunctive constraints—

logical conditions that enforce specific operating modes or configurations—further complicating the 

optimization process. Nonlinearities can result in non-convex regions, leading to multiple local optima, 

making it difficult to identify the global optimum reliably. 

 To address the issues discussed above, this section presents a RL approach that is used to solve 

the CPF design problem. In RL, the environment is the external system or context with states, actions, 

and rewards, where an agent interacts to learn a policy that maximizes cumulative rewards over time. 

In parallel to traditional optimization, the environment corresponds to the mathematical problem 

formulation, encompassing all the variables, process model equations, constraints and the objective 

function, while the solver functions as the agent interacting within this environment to acquire (i.e., 

learn) a strategy, i.e., a policy, that aims to maximize cumulative rewards. 

 

Figure 3.1: Agent-environment interaction 

The interaction between the agent and the environment for CPF design is schematically 

represented in Figure 3.1. Section 3.1.1 provides details on the two agents presented in this work and 

their structures. Section 3.1.2 presents the action space, the observation, and the reward function. The 

addition of the novel masking technique proposed in this work is described within these sections. 
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3.1.1 Agents 

In this study, the foundational structure of the agents is based on the typical PPO architecture proposed 

by Schulman et al. (Schulman et al., 2017). The agent's structure varies based on the nature of the 

addressed variables, adopting either a hybrid structure (i.e., a combination of discrete and continuous 

variables) or a conventional discrete PPO structure involving only discrete variables. Regardless of the 

agent, as a novel feature, both architectures incorporate the use of the masking methodology adapted 

from Huang and Ontañón (Huang and Ontañón, 2022). 

3.1.1.1 Masked Discrete Proximal Policy Optimizer (mPPO) 

The architecture of this agent presents a conventional structure, featuring a fully connected or dense 

neural network with one hidden layer having the same number of neurons. This was determined after 

several experiments where it was observed that increasing the number of hidden layers was not 

improving the training and instead leading to overfitting towards the training buffer and reducing the 

agent’s exploration capabilities. Hyperbolic tangent (tanh) activation functions are applied to all layers 

except for the last one; this choice is made to avoid disparities in the raw output scores (logits). By 

doing so, it prevents the creation of a strong bias towards one action over another during the network 

training, ultimately empowering the agent with enhanced exploration capabilities. Before reaching the 

activation function in the final layer, the masking filter is applied. The way this technique operates is 

as follows: as shown in Figure 3.2, at each step the agent receives an observation vector 𝑜𝑖 containing 

information about the current state of the environment. In addition to the observation vector, the agent 

also receives a masking vector (𝑚𝑣𝑖) from the environment, which indicates with Boolean variables 

the position of the actions to be masked. An illustrative demonstration of the functioning of the masking 

function in the environment is presented in the next section. The integrated masking function in the 

agent works by setting the logit values (𝒍) from the last layer of the neural network, with the same 

position as the actions to be masked, to a large negative number (𝒍⁡ → −∞). These modified values are 

then propagated through the activation function – SoftMax – of the final layer of the actor network, 

transforming large negative values into the probability domain, effectively setting them to zero, i.e., 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝒍) =
𝑒𝑙𝑚𝑎𝑠𝑘

∑ 𝑒𝑙𝑗
𝑛𝑥𝑑
𝑗=1

⁡∀⁡𝑚𝑎𝑠𝑘⁡𝜖⁡𝑛𝑥𝑑 ⁡𝑎𝑛𝑑⁡𝒍⁡𝜖⁡ℝ
𝑛𝑥𝑑  

 

(3.1) 

lim
𝑙⁡→⁡−∞

𝑒𝑙𝑚𝑎𝑠𝑘 = 0 (3.2) 
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During training, the agent needs to randomly sample discrete actions, which is not directly 

feasible from this output. Therefore, once the probability vector is obtained, it is transformed into a 

categorical distribution, from which the agent can sample discrete actions at each step. 

 

Figure 3.2: Illustrative example of the masking functionality 

3.1.1.2 Masked Hybrid Proximal Policy Optimizer (mHPPO) 

The actor network architecture for this agent, shown in Figure 3.3, is based on the Hybrid Proximal 

Policy Optimizer (HPPO) proposed by Fan et al. (Fan et al., 2019), with the addition of a masking 

technique in the discrete component. Masking is only applied to discrete actions, meaning continuous 

actions cannot be masked. As a result, the agent may consistently select certain continuous actions, 

even when corresponding discrete actions are masked. 

 

Figure 3.3. Network architecture for the mHPPO actor  

The architecture of the actor network in the mHPPO agent, as depicted in the Figure 3.3, can 

be described in two main sections. The first part functions as an encoder, where the network 

progressively reduces the number of neurons through layers, culminating in a two-neuron layer. From 
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this layer, two separate fully connected networks emerge. The first network, responsible for discrete 

decision-making, adopts a similar architecture to the one described in section 3.1.1.1 and includes the 

masking mechanism mentioned earlier. This component handles discrete action selection, typically 

employing a categorical distribution to sample actions. The second network, designed for continuous 

decision-making, processes actions using continuous probability distributions. The network consists of 

hidden layers with hyperbolic tangent activation functions, and it outputs two parameters, 𝛼𝐵 and 𝛽𝐵, 

which define the shape of a Beta distribution: 𝐵(𝛼𝐵, 𝛽𝐵). The activation function used to change the 

logits into these parameters is a SoftPlus function. 

During training, the total loss function combines the losses from both the discrete and 

continuous parts to update the whole network via backpropagation. Experiments exploring sequential 

updates, where the discrete or continuous parts are frozen during the other's update, revealed no 

significant difference in performance compared to joint updates. This suggests that the network 

efficiently learns both discrete and continuous policies in parallel. 

3.1.2 Environment 

The environment is the segment of the RL framework where the optimization problem (Equation 2.5) 

is translated into RL terms. This subsection delineates its distinct components: the action space, the 

observation vector, and the reward function. The action space is the sole component whose structure 

varies depending on the agent, which has been described above. 

3.1.2.1 Action space 

The action space (𝑨)⁡of a hybrid agent (mHPPO) is composed of the set of all discrete (𝒙𝒅⁡𝝐⁡ℕ) and 

continuous (𝒙𝒄⁡𝝐⁡ℝ) variables, i.e., 

𝑨 = [𝒙𝒅, 𝒙𝒄] (3.3) 

Note that 𝑨⁡does not encompass the combination of all discrete and continuous variables, but 

rather probability distributions. As the RL method requires the selection of an action at each step i, 

actions are sampled from these distributions, resulting in the step-action 𝑎𝑖. For the discrete variables, 

there is a categorical distribution from which only one value is stored in 𝑎𝑖. In the case of the continuous 

variables, each has its own distribution, i.e., a Beta distribution. Thus, 𝑎𝑖 is composed of 𝑛𝑥𝑐values, 

even if some of them are not strictly used in that particular step.  
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For a fully discrete agent (mPPO) the continuous variables can be discretized and unlike the 

previous action space, this discretized version (𝑨𝐹𝐷) contains all the combinations of the former 

discrete variables with their corresponding realizations of the discretized continuous variables. The 

primary motivation to discretize continuous variables within the action space is to streamline the agent's 

exploration domain, thus enhancing its interaction with specific actions. Note that this may not be 

feasible in a direct manner with large infinite search spaces produced by 𝑨. This simplification comes 

with drawbacks, including limited flexibility – discrete action spaces may not adequately represent the 

continuous nature of the variables – loss of precision –, discretizing actions can lead to a loss of 

precision in decision-making, as the granularity of actions is limited by the discretization – and the 

requirement for prior knowledge of the criterion used to perform the discretization. The discretization 

criterion depends on the case study under consideration, the computational budget, and the expected 

accuracy in the solution. Typically, a refined discretization will likely return accurate results at the 

expense of increasing the search space domain thus leading to a lengthy training, and consequently 

larger computational costs. Note that the present RL framework can be adapted to multiple 

discretization methods in the continuous variables’ domain, e.g., uniform, normal discretization. 𝑨𝐹𝐷 

is defined as a database, consisting of keys and values; the keys represent the discrete actions available 

for the mPPO to take, while the values associated with these keys denote the different combinations of 

the discretized continuous realizations. Once the key is chosen by the discrete agent, its value is mapped 

in the database, and the associated value is used.  

Let us consider the following illustrative example to demonstrate the application of the two 

agents delivering discrete and hybrid actions spaces: a heater and a cooler must be arranged in series. 

The design variable for both UOs is their operating temperature, ranging from 100°C to 105°C for the 

heater and from 5°C to 10°C for the cooler. For simplicity, continuous actions within the discrete action 

space are discretized into two possible realizations: high and low. Therefore, for the heater, values are 

set to 100°C and 105°C, while for the cooler, they are 5°C and 10°C.  

Table 3.1: Action space example 

Hybrid action space (mHPPO) Discrete action space (mPPO) 

𝑨 = [𝒙𝒅, 𝒙𝒄] 
𝑨𝐹𝐷 = [1, 2, 3, 4] 

𝒙𝒅⁡𝜖⁡{𝐻𝑒𝑎𝑡𝑒𝑟, 𝐶𝑜𝑜𝑙𝑒𝑟} where: 

𝒙𝒄⁡𝜖⁡{[100, 105], [5, 10]} 
Database = {1: 100°𝐶, 2: 105°𝐶, 3: 5°𝐶, 4: 10°𝐶} 
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As shown in Table 3.1, the mPPO includes only 4 discrete actions; the first two represent the 

heater whereas the last two represent the cooler. On the other hand, the mHPPO has an infinite number 

of actions due to the use of continuous variables. For this case, the mHPPO step-action vector is 

composed of three random selected values, while for the mPPO only one discrete realization selected 

at random is chosen per step. Let us take as an example a random step 𝑛, the outputted mHPPO step-

action vector could be: 𝑎𝑛 = [𝐻𝑒𝑎𝑡𝑒𝑟, 103.43, 7.34], where the UO selected is the heater and will be 

used at a temperature of 103.43°C. Note that also a value for the temperature of the cooler is calculated; 

however, it is not used in that specific step. In the case of the mPPO the action vector, if a random 

action is selected, e.g., 𝑎𝑛 = [3], this realization corresponds to the low-temperature cooler.  

3.1.2.2 Observation vector 

The step-observation vector (𝑜𝑖) is the portion of the state that is conveyed to the agent as information 

about the environment at each step (Sutton and Barto, 2014). This is defined as follows: 

𝑜𝑖 = [𝜛𝑖, 𝜚𝑖,𝑟𝑝, 𝑖] (3.4) 

The structure of 𝑜𝑖 may change depending on the setting of the problem; however common 

features remain. For instance, at each step we keep track of: a) process operating variables (𝜛𝑖), e.g., 

temperature, pressure; b) chemical components (reactants or products) tracker (𝜚𝑖,𝑟𝑝), which could be 

molar, mass or volumetric flowrates, as well as molar or mass fractions, where  

𝑟𝑝⁡𝜖⁡{𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠, 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠}; c) the step of the current observation (𝑖), to add temporal context to the 

vector and differentiate potential identical action responses. The elements in 𝑜𝑖 are normalized, thus 

preventing larger values from having a greater influence on data processing within the agent’s neural 

network.  

3.1.2.3 Reward function 

The reward function represents a numerical measure of the immediate benefit or cost derived from the 

agent's action in a specific state (Sutton and Barto, 2014), thus, the reward is assigned at each step (𝑟𝑖). 

Designing an effective reward function is crucial since it needs to be explicit enough to facilitate the 

agent's assertive learning and sufficiently flexible to generalize well across the task at hand. For simple 

processes, such as the maximization of the agent’s interaction with the environment or reaching a 

specific state, the design of the reward function is relatively straightforward. However, for more 

complex problems where the objective is not as punctual as the other cases – e.g., opposing 

maximization and minimization objectives – and there are constraints to uphold, designing an effective 
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reward function becomes a more challenging task. In order to tackle this challenge, a method referred 

to as reward shaping is used in this work: 

𝑟𝑖 = ∑𝑟𝑏
𝑏∈ℬ

 (3.5) 

The step reward (𝑟𝑖) used in this problem is decomposed into b-individual sub-rewards 

(𝑏⁡𝜖⁡ℬ)⁡which promote different objectives in the policy (Wiewiora, 2010). This approach is applied to 

the objective function and constraints included in Equation 2.5, i.e., assign separate sub-rewards to each 

of these elements, as illustrated in Table 3.2. Additional to these elements, and to make the agent acquire 

a better understanding of the problem, extra sub-rewards are added. One of these extra sub-rewards is 

the driving force, defined as the difference (Δ) in one distinctive parameter, e.g., conversion, molar 

fraction, purity, etc. This sub-reward empowers the agent to actively progress toward the creation of a 

CPF rather than opting to remain stationary. In CPF design, the RL agent employs a specific product, 

as its driving force; however, the process may also produce other by-products of interest. To prevent 

the agent from losing track of these by-products, an additional sub-reward is introduced, where the 

agent is rewarded for achieving a specific objective with these by-products, e.g., reaching a specified 

purity, produce a certain quantity of by-product, etc. Another sub-reward is introduced to motivate the 

agent to design short and effective CPF, so in the fewest steps possible. This sub-reward adds the unused 

steps (𝐼 − 𝑖) to 𝑟𝑖, where 𝐼 represents the maximum number of steps allowed in an episode.  

Table 3.2: Reward shaping 

Optimization problem equations Translation to RL sub-reward 

Minimization of  𝑓(𝒙𝒅, 𝒙𝒄, 𝝌)  
Objective: The penalty increases as the values obtained from 

evaluating the function becomes more negative. 

Constraints 𝒉/𝒈(𝒙𝒅, 𝒙𝒄, 𝝌) 

Process design goal: The penalty lowers as the constraint 

violation approaches the desired value.  

Specific constraint (UO constraint): Constant value provided 

for the constraint satisfaction 

- 
Driving force: Varying reward depending on the magnitude of 

the driving force. 

- 
By-product reward: Varying reward depending on the 

achievement of the specified goal 

- 
Short flowsheets: Varying reward depending on the remaining 

steps.  
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As presented in Equation 2.5, the main goal is to minimize the objective function. To avoid the 

agent from choosing the actions with the lowest penalty, the previously defined driving force is used to 

balance out the rewards, thus avoiding trivial solutions. As mentioned in the problem statement section, 

the constraints (𝒉(𝒙𝒅, 𝒙𝒄, 𝝌) and 𝒈(𝒙𝒅, 𝒙𝒄, 𝝌)) can be divided into two categories, the process design 

goal requirements, and the specific constraints. The former only become relevant in the final steps of 

the episode. Failing to meet those constraints compels the agent to continue constructing the CPF, 

potentially leading to incorrect designs—resulting in highly negative rewards—or failing to satisfy the 

specified constraint within 𝐼, resulting also in a negative reward. Specific design constraints, which are 

only activated for certain actions, offer an additional constant sub-reward to the agent when the 

constraint is not violated. Treating these constraints as penalties, where the agent is penalized for any 

violation (similar to a constraint programming approach) may lead to poor learning rates. This 

formulation hinders the agent's exploration, resulting in convergence toward suboptimal results or, in 

some cases, it may lead to divergence. Therefore, a constant value reward is chosen; as it does not limit 

the agent's exploration freedom and rewards it when operating within the established criteria. Note that 

disjunctive constraints and constraints managed by the chemical simulator do not directly translate into 

the RL sub-reward shaping system. The latter is managed within the simulator, representing a black 

box for the agent, thereby denying direct access, while the former is addressed through the masking 

technique explained before. 

In the proposed environment, the masking function generates a masking vector 𝑚𝑣𝑖, consisting 

of Boolean values that control the activation or deactivation of discrete actions within the action space. 

This vector is then passed to the agent to enable logits masking, ensuring that only valid actions are 

considered during decision-making. As an illustrative example, consider the following case: the 

dependency between the binary variables 𝑥𝑑1 , 𝑥𝑑2and 𝑥𝑑3. The variables 𝑥𝑑2and 𝑥𝑑3 can only be chosen 

if 𝑥𝑑1 has been previously selected, i.e., 

𝑥𝑑1 ⟹ (𝑥𝑑2 ∧ 𝑥𝑑3) (3.6) 

𝑥𝑑2 +⁡𝑥𝑑3 ⁡≤ ⁡ 𝑥𝑑1 (3.7) 

𝑥𝑑1 , 𝑥𝑑2 , 𝑥𝑑3 , 𝜖⁡{0,1} (3.8) 

Note that the direct translation between Boolean and binary variables is straightforward: 0 

represents False and 1 represents True. Regardless of the action space nature – hybrid or fully discrete 

– the masking process is performed the same way in the environment. Following the previous example, 

given the state of the environment, it would create a starting masking vector: 𝑚𝑣𝑖 =
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[𝑇𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒, 𝐹𝑎𝑙𝑠𝑒, ], corresponding to an action space: 𝑨𝑒𝑥 = [𝑥𝑑1]. This action space would be 

passed to the agent, making 𝑥𝑑1 the only available action to be chosen. Once chosen, the masking 

vector changes to 𝑚𝑣𝑖 = [𝐹𝑎𝑙𝑠𝑒, 𝑇𝑟𝑢𝑒, 𝑇𝑟𝑢𝑒] and the action space to 𝑨𝑒𝑥 = [𝑥𝑑2 , 𝑥𝑑3]. Making 𝑥𝑑2 

and 𝑥𝑑3 available in the action space for the agent to choose for.    

3.2 Case studies 

In this section, the methodology presented in section 3.1 is tested on three case studies adapted from 

the literature, each highlighting distinct features of the proposed framework. The first two case studies 

employ both discrete and hybrid approaches to design the process flowsheet, enabling a comparative 

analysis of the results obtained through each methodology. The third case study, in contrast, utilizes 

only the hybrid agent for the design and optimization of the CPF. The first case study serves as a proof 

of concept and focuses on providing insights into the operation of the hybrid and discrete agents when 

synthesizing a relatively simple process. This case explores key aspects such as the interaction between 

discrete and continuous variables within the hybrid agent, as well as the role of masking in guiding 

agent decision-making. These findings are essential for understanding the proposed methodology and 

serve as a foundation for applying it to more complex scenarios. The second and third case studies aim 

to design more advanced processes, further exploring the potential of the RL framework as a viable 

tool for CPF design. A notable aspect of these case studies is the integration of masking within a 

simulation environment that incorporates advanced process simulators, such as ASPEN Plus®. This 

approach ensures a closer alignment with realistic CPF design practices, allowing for the consideration 

of interdependencies between UOs and the specific hierarchical order in which they are arranged, while 

rigorously modeling UOs based on thermodynamic and conservation balance equations.  

All the case studies were implemented on a PC with Intel® CoreTM i7-3770 CPU @ 3.40 GHz 

and 32 GB of RAM, using Python as the programming language. The main libraries used were torch 

for the development of the neural networks and gym for creating the RL environment. 

3.2.1 Case study 1 

The objective of this case was to design a CPF that enables the conversion of reactant A into product 

B up to a 97.5% conversion rate, while minimizing the process economics. For this case three UOs 

(discrete actions) with their associated design variables (continuous actions) were considered. Note that 

the equations modeling each of these operations stem from simple mass and energy balances. This 

simplification enables a deeper focus on comprehending the design and optimization capabilities of the 
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agents introduced in the previous section. The UOs involved in this case study include a mixer (M); a 

continuous stirred-tank reactor (CSTR) (Schweiger and Floudas, 1998), with design variables being the 

diameter (𝐷𝐶𝑆𝑇𝑅) and height (𝐻𝐶𝑆𝑇𝑅) of the reactor; and a flash tank (FT), with the design variable 

being the vapor/feed fraction (𝑣𝑓). A detailed description of the UOs, their models and cost functions 

are provided in Appendix A.  

For the present case study, the action space (𝑨) is composed by the discrete actions 

𝒙𝒅⁡𝜖⁡[M, CSTR, FT] and the continuous actions 𝒙𝒄⁡𝜖⁡[ℝ𝐷𝐶𝑆𝑇𝑅 , ℝ𝐻𝐶𝑆𝑇𝑅 , ℝ𝑣𝑓]. For the mPPO, 𝑨𝐹𝐷 was 

discretized as follows. 𝐷𝐶𝑆𝑇𝑅 and 𝐻𝐶𝑆𝑇𝑅 in CSTR were each discretized into three uniform realizations 

between their upper and lower limits. The resulting combinations between each of these realizations in 

D and H resulted in a total of 9 discrete actions. Regarding FT, the domain of 𝑣𝑓 was uniformly divided 

into 6 discrete values. Taking into consideration the discrete action associated with the choice of a M, 

combined with the discrete actions of CSTR and FT, a total of 16 discrete actions were considered for 

this problem. The observation vector at each step contains information about the outlet stream of the 

current UO: concentration of the reactant A, temperature, total molar flowrate, current step, and the 

achieved conversion, i.e., 𝑜𝑖 = [𝐶𝐴, 𝑇, Ϝ, 𝑖, 𝑥𝐴]. The reward function considered in this case study 

follows the method described in the section 3.5 and is represented by four sub-rewards shown in Table 

3.3. 

Table 3.3: Sub-rewards case study 1 

Sub-reward 
Reward or 

penalty 
Assigned Description 

Driving force Reward Every step 

Quantified as the conversion difference between 

consecutive steps, it signals the UO's efficacy in 

transforming reactant A into product B. 

UO cost Penalty Every step Quantifies the cost associated with each UO. 

Process design 

requirement 
Penalty Final step 

Examines whether the desired conversion was 

attained. Depends on the gap between the 

achieved conversion and the desired conversion. 

Short 

flowsheets 
Reward Final step 

Denoted as the difference between the maximum 

number of steps 𝐼 (which for this case was 10) and 

𝑖. 

 Note that all sub-rewards listed in Table 3.3 were normalized to prevent an individual term 

from having a disproportionate impact, e.g., the operating cost of a UO. Regarding the masking, to 

prevent the agent from selecting a trivial sequence like a M followed by a FT – where no conversion 
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occurs –, the condition to unmask the FT requires the existence of at least one reactor between these 

operations. Additionally, to avoid confusion for the agent concerning the recycling, once M is chosen, 

that operation is masked and unmasked again only after FT is selected by the agent. 

All the hidden layers in both agents consisted of 64 neurons. Both agents were trained ten times 

for 75,000 steps, taking around 30 minutes per training. The networks were updated every 2048 steps 

with a discount factor of 0.99 and optimized using Adam (Kingma and Ba, 2017) optimizer with a 

starting learning rate of 2.5e-4, which was adjusted throughout the training and from preliminary 

simulation tests. 

 

Figure 3.4: Learning curve for a single run: A) mHPPO B) mPPO 

Figure 3.4 illustrates the learning curves of both agents for a single training run. The solid line, 

representing the running mean, depicts the trend of cumulative rewards throughout the learning process, 

while the faded region indicates the cumulative rewards obtained at the end of each episode. In both 

cases, the running mean exhibits a similar behavior—an exponential growth in the initial episodes 

followed by a plateau when reaching a certain value. On the other hand, the behavior of cumulative 

rewards is notably different. In mPPO, the variability is almost reduced at the end of training, whereas 

mHPPO shows a slight reduction compared to the initial episodes. Also, the plateau reached by mHPPO 

indicates a potential room for improvement, as it does not reach the maximum cumulative rewards 

achieved by the agent, whereas mPPO does achieve this condition. The differences in behavior between 

agents can be attributed to the types of variables considered and their corresponding relationships.  

mPPO operates with a single type of variable—discrete variables. Discrete variables generate 

a finite action space; hence, the agent has a finite number of actions to choose from. In addition to this, 

and boosted by the masking technique, the agent is capable of finding the optimal combination of 
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actions to achieve maximum rewards. A convergence test on the number of discretization points is 

presented in the Appendix A. 

 

Figure 3.5: Reward and losses profiles for mHPPO 

On the other hand, mHPPO faces a more complicated task as it handles both discrete and 

continuous variables. In addition to creating an infinite search space, the combination of discrete and 

continuous variables has a more substantial impact on the agent’s learning process. In the neural 

network, the agent's loss function consists of two components—one discrete and one continuous. Figure 

3.5 presents the cumulative reward and losses profiles with respect to the agent’s updates – optimization 

via backpropagation of the neural network. The losses often have opposing objectives, potentially 

leading to a trade-off. Figure 3.5 clearly illustrates this conflict, wherein as the agent learns—

manifested by the increase in cumulative rewards—the discrete loss decreases while the continuous 

loss fluctuates. Throughout the training process, it was observed that at the initial updates of the 

network, as the continuous loss decreased, there was a corresponding increase in the discrete loss. This 

prompted a modification in the agent's strategy for the subsequent update, resulting in a reversal of 

roles. While both losses show a decreasing pattern over the updates, it suggests that the behavior of the 

continuous loss is influenced by the discrete loss, preventing it from exhibiting a consistently 

decreasing pattern. Moreover, the cumulative reward ceases to grow once the discrete loss reaches a 



 

39 

plateau, also hindering the decrease in the continuous loss. This is reflected in the decision-making 

process of actions, where the agent engages in a trade-off between both discrete and continuous 

decisions, ultimately arriving at a response that could be deemed as the best trade-off between the two 

types of variables. Note that the behaviors exhibited in Figure 3.5 are consistent for the rest of all 

mHPPO runs. 

 

Figure 3.6: CPF obtained for case study 1: A) mHPPO B) mPPO 

When evaluating the best-performing agents, the resulting CPFs (Figure 3.6 and Table 3.4) are 

capable to reach the desired conversion while learning the advantage of adding recycling to the process 

flowsheet. Achieving shorter and superior flowsheets than the naïve assumption of merely placing 

reactors in series, which would have also achieved the desired conversion. The significant difference 

between the two flowsheets shown in Figure 3.6 lies in the sizing of the equipment, thereby affecting 

the length of the CPF. In the discrete case (mPPO), the agent selects the first reactor with the largest 

dimensions, the flash tank with the smallest liquid-vapor fraction, and the second reactor with the 

largest diameter and smallest height. Due to the previously explained behavior, the mHPPO agent seeks 

to find for a balance (trade-off) in its decisions by opting for reactors of medium size, compelling the 

process to have more units.  
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Table 3.4: UOs designs and specifications case study 1 

Unit operation Design variable mHPPO mPPO 

CSTR1 
Diameter (𝐷𝐶𝑆𝑇𝑅) [m] 2.2073 2.3622 

Height (𝐻𝐶𝑆𝑇𝑅) [m] 2.0409 2.3622 

CSTR2 
Diameter (𝐷𝐶𝑆𝑇𝑅) [m] 2.0193 2.3622 

Height (𝐻𝐶𝑆𝑇𝑅) [m] 2.0203 1.6764 

FT1 Vapor/Feed (𝑣𝑓) 0.3501 0.2000 

FT2 Vapor/Feed (𝑣𝑓) 0.2559 - 

Achieved conversion (𝑥𝐴) 0.9816 0.9768 

Cumulative reward -0.0951 1.3993 

Outcomes from this case study provide insights that can aid in understanding the behavior of 

the PPO agents, and the type of rewards they should consider. When translating the optimization 

problem into RL terms, it is crucial to design a non-sparse reward system for the agent, i.e., the agent 

should not receive all the rewards at the end of the episode. Instead, the agent must receive a reward at 

each step that is descriptive enough to allow it to learn the consequence of choosing an action in a 

specific position. In the case of the mHPPO, the actions taken align with this idea, as each action has 

the greatest impact on the conversion of the reactant, while seeking to minimize the process economics. 

Hence, the designed CPF may not be the shortest, but each action seeks to yield the highest reward. 

The mPPO operates on the same principle; however, given the simplicity of the case study – a reduced 

and discretized search space – the agent is capable of identifying an attractive combination within the 

feasible action space.  

3.2.2 Case study 2 

This case study aims to design the CPF for a dimethyl ether (DME) production plant, based on the work 

proposed by the authors Caballero et al. (Caballero et al., 2007) and Luyben (Luyben, 2017), while 

minimizing the process economics. In contrast to case study 1, this case study features the use of a 

chemical simulation software (i.e., ASPEN Plus® v8.8) as part of the simulation environment. The key 

motivation behind the development of this hybrid platform that combines a computer programming 

language (i.e., Python) with a chemical simulation software such as ASPEN Plus® lays in harnessing 

the thermodynamic packages and equations governing all declared UOs within the latter. Notably, this 

approach facilitated the incorporation of a broader spectrum of UOs, resulting in processes that closely 

emulate actual design procedures. This study stands out from others employing ASPEN Plus® in the 

simulation environment by virtue of its incorporation of multiple types of UOs, distinguishing itself 

from works that solely report the utilization of a single UO (van Kalmthout et al., 2022). Additionally, 

the proposed RL framework is capable of designing CPFs from an empty flowsheet, automatically 
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connecting and simulating the selected UOs. To the authors’ knowledge, this has not been attempted 

before; hence, the novelty of this work. 

The goal of this case study is to formulate a CPF for the production of DME – obtained through 

the dehydration of methanol – that can achieve outflows with a purity of 99% for both the produced 

DME and water. The dehydration of methanol (Equation 3.9) is a reversible reaction carried out in the 

presence of a catalyst, considering the catalyst efficiency, the temperature within the catalytic reactors 

employed in this process must be maintained below 400°C. In this case study, only one type of catalyst 

is being considered. The exploration for optimal catalyst materials falls outside the scope of this study 

but could be expanded within the current framework by incorporating reactors with different catalyst 

materials. This can potentially lead to the specification of a set of reactors, each with a different catalyst 

material and performance, e.g., product yield or conversion. 

2𝐶𝐻3𝑂𝐻⁡ ⇌ 𝐶2𝐻6𝑂 + 𝐻2𝑂 (3.9) 

The thermodynamic model selected for this case study was the Universal Quasichemical 

Activity Coefficient  (UNIQUAC) model with Redlich-Kwong equation of state. Firstly, this choice 

was made in alignment with the decision of the authors Caballero et al. (Caballero et al., 2007) who 

specifically opted for this model. Additionally, the UNIQUAC model combined with the Redlich-

Kwong equation of state offers a comprehensive approach for accurately predicting phase equilibria 

and thermodynamic properties of complex systems. The UNIQUAC model is well-suited for describing 

non-ideal liquid mixtures, particularly those containing polar and associating molecules, while the 

Redlich-Kwong equation of state provides a reliable framework for estimating vapor-phase behavior. 

Together, these models offer a robust and versatile toolset for capturing the thermodynamic behavior 

of the dehydration of methanol, making them an ideal choice for this study. 

The UOs and their corresponding design variables are described in Table 3.5. 

Table 3.5: UOs description case study 2 

Unit operation ASPEN Plus® block Design variable Bounds 

Mixer (M) MIXER - - 

Pump (P) PUMP Pressure Fixed to 10 bar 

Heat exchanger (HEX) HEATER 
Operating temperature 

(𝑇𝐻𝐸𝑋) 
150-400 [°C] 
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Cooler (C) HEATER 
Operating temperature 

(𝑇𝐶) 
5-50 [°C] 

Plug flow reactor with 

constant cooling (PFR) 
RPLUG 

Diameter (𝐷𝑃𝐹𝑅) 

Length (𝐿𝑃𝐹𝑅) 

0.5-3.5 [m] 

6.5-12 [m] 

Adiabatic plug flow 

reactor (APFR) 
RPLUG 

Diameter (𝐷𝐴𝑃𝐹𝑅) 

Length (𝐿𝐴𝑃𝐹𝑅) 

0.5-3.5 [m] 

6.5-12 [m] 

Binary distillation 

column (DC) 
RADFRAC 

Number of stages (𝑁) 

Distillation rate (𝑑𝑖𝑠𝑡) 

5-25 

20-110 [kmol/hr] 

Binary distillation 

column with recycle 

(DCR) 

RADFRAC +  

SPLITTER 

Number of stages (𝑁) 

Distillation rate (𝑑𝑖𝑠𝑡) 

Recycle ratio (𝑟𝑟) 

5-25 

20-110 [kmol/hr] 

0.5-0.95 

Ternary distillation 

column (TC) 
RADFRAC 

Number of stages (𝑁) 

Distillation rate (𝑑𝑖𝑠𝑡) 

Intermediate distillation 

rate (𝑖𝑛𝑡𝑒𝑟𝑑𝑖𝑠𝑡) 

5-25 

70-110 [kmol/hr] 

20-60 [kmol/hr] 

Ternary distillation 

column with recycle 

(TCR) 

RADFRAC +  

SPLITTER 

Number of stages (𝑁) 

Distillation rate (𝑑𝑖𝑠𝑡) 

Intermediate distillation 

rate (𝑖𝑛𝑡𝑒𝑟𝑑𝑖𝑠𝑡) 

Recycle ratio (𝑟𝑟) 

5-25 

70-110 [kmol/hr] 

20-60 [kmol/hr] 

 

0.5-0.95 

To simplify the analysis and prevent an excessive number of degrees of freedom, a few UO has 

some variables specified a priori. For instance, specifications for the reactor are the reaction that takes 

place (Equation 3.9), heat transfer coefficients and the catalytic load, which is a function of the reactor's 

design. For the distillation columns, the feed stage is located at the midpoint of the tower. Additionally, 

for ternary columns, the intermediate flow outlet is established in the first third of the column. However, 
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it is important to note that if the user intends to leave these variables as degrees of freedom, the proposed 

framework is sufficiently flexible to accommodate this choice. 

 In the RL domain, the hybrid action space consists of 10 discrete variables and 19 design 

actions – 15 continuous variables and 4 discrete variables. Due to the large number of discrete actions 

and their corresponding continuous actions, in order to maintain a reasonably sized action space, each 

continuous variable was uniformly discretized into three realizations, resulting in a fully discretized 

action space of 170 actions. For each step, the observation vector returned information about the outlet 

stream of the selected UO, i.e., temperature (𝑇), pressure (𝑃𝑟𝑒𝑠𝑠), the current step, and the molar 

fractions (𝜔) of methanol (𝑀𝑒𝑂𝐻), water (𝐻2𝑂) and dimethyl ether (𝐷𝑀𝐸), i.e., 𝑜𝑖 =

[𝑇, 𝑃𝑟𝑒𝑠𝑠, 𝜔𝑀𝑒𝑂𝐻, 𝜔𝐻2𝑂 , 𝜔𝐷𝑀𝐸 , 𝑖]. The reward function considered in this case study is similar to that 

used for the previous case study and follows a similar format for the sub-rewards, as shown in Table 

3.6. As in the previous case study, all sub-rewards were normalized to prevent an individual term from 

having a disproportionate impact.  

Table 3.6: Sub-rewards case study 2 

Sub-reward Reward or penalty Assigned Description 

Driving force Reward Every step 

Quantified by the molar fraction difference 

between the current and previous steps, its 

magnitude reflects the UO's effectiveness in 

reducing the current stream's MeOH content. 

UO total costs Penalty Every step 

Composed of the capital and operational costs 

of the UO. The capital costs of each UO were 

calculated using functions derived from 

Douglas (Douglas, 1988). 

Process design 

requirement 
Penalty Final step 

Ensures that the desired purities of DME and 

water are met. Magnitude depends on the gap 

of the achieved purities and desired purities. 

Specific 

design 

constraint 

Reward 
Specific 

step 

Constant reward granted to the agent when the 

UO is a reactor and meets the design 

specification (operating below 400°C). No 

penalty is awarded if this constraint is not met. 

Short 

flowsheets 
Reward Final step 

Denoted as the difference between the 

maximum number of steps 𝐼 (which for this 

case was 15) and 𝑖. 

DME extra Reward 
Specific 

step 

Granted to the agent upon achieving the target 

DME purity in the current step. The 

magnitude hinges on the distilled amount of 

pure DME, with a higher value for larger 
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flows. Notably, this sub-reward is awarded 

only once, contingent on attaining the desired 

water purity for a complete flowsheet. 

Unlike case study 1, the masking mechanism in this case study is composed of different process 

stages, as shown in Algorithm 3.1. Within each of these stages (see Algorithm 3.1), specific UOs are 

temporarily unmasked. Once the stage is completed, the UOs and the stage itself are then masked. All 

the required values to complete the stage and advance to the subsequent stage are derived from Luyben's 

(Luyben, 2017) work and set to prevent ASPEN Plus® simulation errors.  

Algorithm 3.1 Pseudocode for the masking process, case study 2 

done = False 

stage = preparation 

avail_units = [] 

 

while not done do 

     if stage = preparation then 

          avail_units = [𝑀,𝑃, 𝐻𝐸𝑋] 

          if 𝑇 ≥ 250°𝐶 and 𝑃𝑟𝑒𝑠𝑠 = 10⁡𝑏𝑎𝑟 then 

               stage = reaction 

          end if 

     elif stage = reaction then 

          avail_units = [𝑃𝐹𝑅, 𝐴𝑃𝐹𝑅] 

          if 𝑐𝑜𝑛𝑣𝑀𝑒𝑂𝐻 ≥ 0.75 then 

               stage = cooling 

          end if 

     elif stage = cooling then 

          avail_units = [𝐶] 

          stage = separation 

     elif stage = separation then 

          avail_units = [𝐷𝐶, 𝐷𝐶𝑅, 𝑇𝐶, 𝑇𝐶𝑅] 

          if 𝑝𝑢𝑟𝑖𝑡𝑦𝐷𝑀𝐸 ≥ 0.99 and 𝑝𝑢𝑟𝑖𝑡𝑦𝑊𝑎𝑡𝑒𝑟 ≥ 0.99⁡ then 

               done = True 

          end if 

     else 

          Error 

          done = True 

     end if 

end while 

A more detailed description of each stage, and the derivation of intermediate stage constraints, 

is presented as follows. Based on the works of Caballero et al. (Caballero et al., 2007) and Luyben 

(Luyben, 2017), different parameters for the masking process were derived. The dehydration of 

methanol is a reaction carried out in a catalytic medium and must be performed at specific temperature 

and pressure conditions. Caballero et al. (Caballero et al., 2007) specify that, the flow entering the 

reactive process must be a gaseous flow compressed to a pressure of 1000-1500 kPa and at a 
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temperature above 200°C. These were precisely the conditions specified for the first stage of masking, 

where the agent had to design the preprocessing stage able to achieve these conditions. Note that, for 

this case, the desired minimum temperature was not 200°C but 250°C, as argued by Luyben (Luyben, 

2017), who states that with an inlet temperature of around 290°C, the reactant conversion is even more 

effective. For the reactive section, Luyben (Luyben, 2017) presents the possibility of using two types 

of reactors, one adiabatic and one with a constant cooling flow. Regardless of the reactor type, due to 

the nature of the reaction, the highest achievable conversion is around 80%. As a specification to 

proceed to the next stage, the agent must achieve a conversion of 75% or higher. The threshold was set 

lower than that reported in the experiment by Luyben (Luyben, 2017) with the idea that the agent should 

learn to approach these conversion values. Additionally, both reactors must comply with the design 

constraint of not exceeding the operating temperature of 400°C at any time. To avoid simulation issues 

and thereby improve the agent's learning process, a section for cooling and condensing the outlet flow 

from the reactor was introduced. Without this stage, the agent would often select distillation columns 

before the flow is condensed, leading to errors in the ASPEN Plus® simulation and thus severely 

affecting the agent's learning. This section is composed by only one UO, a condenser. The value of the 

operating temperature of the condenser was chosen to ensure a completely liquid flow; hence, the 

temperature to be cooled is 50°C or lower. Finally, there is the separation stage, which comprises 

various types of distillation columns. The agent remains in this stage until achieving the desired purity 

of the outlet streams, which is set at 99%. 

Note that the masking technique does not fix or pre-establish any ordering or configuration of 

UOs; in fact, each time an episode starts, an empty flowsheet is initialized in the environment. This 

allows the agent to learn more effectively and avoid issues when simulating in ASPEN Plus® multiple 

environments, i.e., process flowsheets. Also, when an error happens during the simulation, the episode 

is terminated, and the agent is rewarded with a heavy penalty. Figure 3.7 presents the individual training 

curves for an unmasked and a mHPPO agent.  

The insights derived from Figure 3.7 are multifaceted, with the most significant being the 

critical role of masking when simulating in advanced environments, such as the one presented in this 

case study. The training curve for the unmasked agent exhibits a pronounced decreasing trend, with the 

mean reward approaching -8, a penalty assigned to the agent for designing a failed CPF. In this scenario, 

the absence of an active masking function reveals that the agent learns to minimize the penalty as 

rapidly as possible, thereby enforcing failure at the earliest opportunity. In this case the agent opts to 

select a reactor that instantly fails when evaluated, due to not adhering to the specified conditions, i.e., 
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a gaseous inlet flowrate at a designated temperature and pressure. Consequently, this results in single-

step episodes characterized by direct failures, thus circumventing larger penalties. Furthermore, Figure 

3.7A illustrates that certain flowsheets achieve a cumulative reward of zero; however, the agent's 

persistent failures and the limited representation of such runs in the experience buffer leads to the swift 

obsolescence of these experiences, which are replaced by failed runs.  

 

Figure 3.7: Individual learning curve for HPPO: A) unmasked B) masked 

Figure 3.7B illustrates the learning curve of a masked agent. In this instance, despite significant 

variability in the obtained responses (indicated by the shaded orange area), the running average 

demonstrates a trend of growth and convergence towards a value of approximately -4. This cumulative 

reward not only indicates that the proposed flowsheet operates without failure in ASPEN Plus®, but 

also confirms that it is a completed flowsheet capable of meeting the design and operational conditions 

outlined in the case study. In contrast to Figure 3.7A, Figure 3.7B does not achieve cumulative rewards 

exceeding -2. However, when evaluating the best-performing agent, the cumulative rewards 

consistently approximate -2. This stands in stark contrast to the unmasked agent, where the evaluation 

of the best-performing agent yields a cumulative reward close to -8. 

All the hidden layers in the mPPO and mHPPO agents consisted of 64 neurons. Both agents 

were trained ten times for 50,000 steps. The networks were updated every 512 steps with a discount 

factor of 0.99 and optimized using Adam (Kingma and Ba, 2017) optimizer with a starting learning rate 

of 2.5e-4 which was adjusted throughout the training. The agents’ exploration was encouraged by the 

inclusion of an entropy factor of 0.025, which progressively decayed at a rate of 0.9. These 

hyperparameters were obtained from preliminary testing with both agents. 
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Figure 3.8: Average learning curve for 10 runs: A) mHPPO B) mPPO 

Figure 3.8 presents the learning curves of both agents for 10 runs. The solid line represents the 

mean of the running means of the 10 runs, while the faded region represents the standard deviation 

around the different running means in those 10 runs. As in the previous case study, the mPPO achieves 

higher cumulative rewards with lower variability, whereas the mHPPO fluctuates around lower 

cumulative rewards with higher variability. Despite the mHPPO showing high variability in its learning 

(Figure 3.8A), when evaluating the mHPPO agents individually, the CPF obtained was the same. The 

only difference lied in the sizing of the UOs. The showcased variability arises from significant 

fluctuations in cumulative rewards during individual training sessions of mHPPO agent (Figure 3.7B). 

The source of these fluctuations arises from various factors. First, there's the inherent variability due to 

the implementation of continuous decision variables. Second, the interaction between continuous and 

discrete variables, which causes changes in the design and amount of UO present in the flowsheet, thus 

affecting the rewards. Third, the agent's difficulty in converging the flowsheet, particularly with units 

that can be considered as challenging. Operations such as distillation columns or reactors are often 

regarded as challenging units since the rigorous equations describing their behavior are highly non-

linear models that are challenging to converge. Despite being well-specified, a discrepancy in the input 

flow or an imbalance in mass or energy balance can trigger warnings or convergence errors, resulting 

in simulation failures. These failures are attributed in the environment as significant penalties, thus 

prematurely ending episodes. On the other hand, the learning curve of the mPPO (Figure 3.8B) shows 

small to almost negligible variability in the last steps, suggesting that the 10 trained agents presented 

similar learning curves and converged to the same CPF. Note that the difference in episode lengths is 

precisely due to these variations in learning. While mHPPO exhibits extensive exploration, the length 
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of the designed CPFs may not be constant and may vary from one episode to another. On the other 

hand, once the mPPO finds a flowsheet that meets all the requirements, the agent starts to exploit that 

arrangement of UOs, keeping the number of units of the CPF constant and only varying the equipment 

sizing and operating conditions.  

When evaluating the best-performing agents, the designed CPFs shown in Figure 3.9 and Table 

3.7 demonstrate the ability to achieve the desired DME and water purities, maintain the reactor's 

operating temperature below the specified threshold, and yield an economically attractive process 

flowsheet.  

 

Figure 3.9: CPF obtained for case study 2: A) mHPPO B) mPPO 

From the two CPF presented in Figure 3.9, it can be seen that the overall structure of both 

agents is similar. In fact, the first 5 UOs selected by both agents are the same, only varying in their 

sizing. The differences arise in the purification section, were the number and type of distillation 

columns differ. The mPPO opts for a TCR, where all the DME is distilled to the desired purity (i.e., 

99%). Hence, the only task left for the agent is to distill the water using another column. Conversely, 

the mHPPO selects a series of columns that simultaneously distill both DME and water to their desired 

purities. The difference between the two agents lies not so much in the percentage of DME lost during 

the process, i.e., the percentage is quite similar, as shown in Table 3.7, but in the amount of MeOH 

recycled into the system. Despite achieving a lower cumulative reward, the mHPPO manages to 

reintegrate MeOH more effectively, allowing the agent to produce more DME than that obtained by 

the mPPO’s CPF. For this case study, MeOH losses were not directly considered in the reward function, 

as the primary objective was to produce streams of DME and water that a meet the desired specifications 
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depicted in Table 3.7. However, its proper reintegration into the system is positively reflected in the 

sub-reward associated with the amount of DME distilled. 

Table 3.7: UOs designs and specifications for case study 2 

Unit operation Design variable mHPPO mPPO 

HEX1 𝑇𝐻𝐸𝑋 [°C] 277.2498 275.0000 

PFR1 
𝐷𝑃𝐹𝑅 [m] 2.0294 3.5000 

𝐿𝑃𝐹𝑅 [m] 9.2744 6.5000 

C1 𝑇𝐶 [°C] 28.1489 50.0000 

DC1 
𝑁 21 20 

𝑑𝑖𝑠𝑡 [kmol/hr] 84.0929 60.0000 

DCR1 

𝑁 21 - 

𝑑𝑖𝑠𝑡 [kmol/hr] 39.7867 - 

𝑟𝑟 0.7295 - 

DC2 
𝑁 21 - 

𝑑𝑖𝑠𝑡 [kmol/hr] 40.1090 - 

TCR1 

𝑁 - 20 

𝑑𝑖𝑠𝑡 [kmol/hr] - 80.0000 

𝑖𝑛𝑡𝑒𝑟𝑑𝑖𝑠𝑡 [kmol/hr] - 60.0000 

𝑟𝑟 - 0.8500 

Operating reactor temperature [°C] 329.1773 314.6445 

Output DME purity 0.9998 0.9999 

Output water purity 0.9999 0.9999 

DME wasted / DME produced [%] 5.0911 4.5352 

Lost methanol [kmol/hr] 32.1410 39.8877 

Cumulative reward -2.0805 -1.1404 

Note that a key insight achieved by the agents lies in their ability to acknowledge the need to 

include a recycle stream to improve the CPF. The recycle intricately connects various UOs and manages 

to yield a better outcome than without their consideration in the flowsheet. For instance, with the design 

specifications for the first distillation column, the mHPPO agent is unable to achieve the desired DME 

purity. Faced with this scenario, this agent can either mark the action as erroneous and adjust the 

specifications in the next episode, or, in the subsequent step, implement recycling to assess if it can 
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meet the expected design conditions. If the recycling option is not chosen, the alternative is to decrease 

the magnitude of the distillate rate. Given that DME is the most volatile compound, this action ensures 

that the distillation column only contains this compound in the overheads. However, the downside of 

taking this action is that the agent loses some of the converted DME to other streams and also forfeits 

the opportunity to convert more DME from the MeOH that is not recirculated. Accordingly, recycling 

allows the agent to achieve the desired purity while maintaining the initially proposed distillate rate.  

To better understand the results produced by the best-performing agents, it is important to 

evaluate the contribution of each of the sub-rewards to the total cumulative reward. Table 3.8 presents 

the values of each sub-reward in a more granular form, providing deeper insights into their individual 

contributions. This analysis reveals the impact of each sub-reward on the cumulative reward, 

highlighting their role in guiding the agents toward economically and operationally efficient flowsheet 

designs. 

Table 3.8. Cumulative reward breakdown 

Sub-reward mHPPO mPPO 

Driving force 0.7977 0.8019 

UO capital cost -3.1290 -2.5645 

UO operating cost -2.3489 -2.1425 

Temperature constraint 0.4000 0.4000 

DME produced 0.7996 0.7648 

Design objective 0.0000 0.0000 

Compact flowsheets 1.4000 1.6000 

Total cumulative reward -2.0805 -1.1404 

  The results presented in Table 3.8 highlight several key observations. Most notably, there are 

significant differences in capital and operational costs between the agents, with the mHPPO flowsheet 

having higher costs due to the inclusion of an additional UO. In terms of sub-reward contributions to 

the cumulative reward, the negative effect of the capital and operational cost are counterbalanced by 

the rest of sub-rewards. Note that determining the proportion in which a sub-reward affects the 

cumulative reward is complicated due to the difference in signs. However, it can be observed that the 

sub-reward with the most negative impact on the cumulative reward is the UO capital cost, while its 

counterpart is the reward granted for short flowsheets. Regarding the other sub-rewards, they show 

similar values for both agents, such as driving force, temperature constraints, and DME production. 
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However, mPPO presents a slightly higher reward for producing shorter flowsheets, which further 

contributes to its less negative total cumulative reward. Additionally, mHPPO achieves a slightly higher 

sub-reward for DME production, attributed to the previously mentioned effective MeOH mass 

integration into the system. 

When comparing the flowsheets designed by the proposed framework with those presented in 

the works of Caballero et al. (Caballero et al., 2007) or Luyben (Luyben, 2017), it is evident that the 

results are somewhat similar. Note that the overall design, economic and operational objectives are the 

same; however, the approach used to arrive to the flowsheet design is different. Caballero et al. 

(Caballero et al., 2007) considered a superstructure approach, while Luyben (Luyben, 2017) fixed the 

arrangement of UOs, thus the goal was to size the units. In contrast, this study begins with an empty 

flowsheet and its goal is to propose the arrangement and design of UOs without any a priori knowledge 

of potential super-structures or CPF. Another point to consider is regarding the optimization methods; 

RL differs from conventional optimization techniques. Replicating the results reported in those studies 

using RL techniques may be quite challenging. As mentioned above, the agent aims to find a trade-off 

in its decisions, maximizing its impact on the flowsheet—specifically, obtaining 99%-pure water and 

DME streams—while minimizing operating costs. Translating results from traditional optimization 

methods to RL may not always seem the best option for the agent at a particular step and may even lead 

to their potential rejection. Note that the agent does not have access to the entire flowsheet at once but 

rather operation by operation, i.e., step by step when building the flowsheet. RL offers advantages in 

CPF design over conventional methods, with similar results validating its effectiveness. Among its 

various advantages, RL demonstrates flexibility and adaptability in handling complex systems without 

prior knowledge. It also capable to identify new processing routes and the ability to generate CPFs with 

limited information, serving as a starting point for more advanced studies. Additionally, its flexibility 

to interact with various simulation environments (process simulators) and advanced dynamic 

exploration techniques is a key feature that becomes critical in uncertain design contexts where input 

variables may not be known a priori. Nevertheless, an inherent limitation of the framework lies in the 

extensive training time. Training times could extend to more than 36 hours, posing a significant 

practical challenge and area for future improvement; particularly for larger and more complex case 

studies. 

3.2.3 Case study 3 

In contrast to the previous case studies, where CPFs generated by different masked agents were 

compared, this section aims to evaluate the proposed hybrid platform (Python-ASPEN Plus®) using a 
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new case study. Given the promising results obtained from case study 2 with mHPPO, it was decided 

to use the same agent. Note that the problem proposed is not as advanced as the one presented in Section 

3.2.2, which is why the results from this section (Reynoso-Donzelli and Ricardez-Sandoval, 2024c) 

were not published alongside the previous two (Reynoso-Donzelli and Ricardez-Sandoval, 2024d). 

The aim of this case study is to design a CPF for the production of propylene glycol from the 

reaction between propylene oxide and water (Equation 3.10), with the goal of achieving an outlet purity 

of 99%. The reaction is irreversible and occurs in the liquid phase, with methanol serving as the solvent. 

To prevent a runaway reaction, the reactor’s temperature must be maintained below 77°C. 

𝐶3𝐻6𝑂 + 𝐻2𝑂⁡
𝑀𝑒𝑂𝐻
→   𝐶3𝐻8𝑂 

(3.10) 

 For this case study, the Non-Random Two-Liquid (NRTL) model was selected as the 

thermodynamic package due to its suitability for systems operating at atmospheric pressure and entirely 

within the liquid phase. The UOs and their corresponding design variables are described in Table 3.9. 

Table 3.9: UOs for case study 3 

Unit operation ASPEN Plus® block Design variable Bounds 

Mixer (M) MIXER - - 

Cooler (C) HEATER Operating temperature (𝑇𝐶) 5-15 [°C] 

Plug flow reactor with 

constant cooling (PFR) 
RPLUG 

Length (𝐿𝑃𝐹𝑅) 5.0-8.5 [m] 

Diameter (𝐷𝑃𝐹𝑅) 1.0-3.5 [m] 

Distillation column 

(DC)  
DSTWU Number of stages (𝑁) 2-30 

Distillation column 

with recycle (DCR) 

DSTWU + 

SPLITTER 

Number of stages (𝑁) 

Recycle ratio (𝑟𝑟) 

2-30 

0-1 

Note that more rigorous models, such as RADFRAC or HeatX, could have been employed in 

the current framework to achieve more accurate results and address multicomponent or multiphase 

situations. However, these models were not explored in this study to simplify the analysis. 

The action space for this case study consisted of 5 discrete, 𝒙𝒅⁡𝜖⁡[M, C, PFR, DC, DCR] and 5 

design actions – 4 continuous and 1 discrete variables – 𝒙𝒄⁡𝜖⁡[ℝ𝐷𝑃𝐹𝑅 , ℝ𝐿𝑃𝐹𝑅 , ℝ𝑁, ℝ𝑟𝑟, ℝ𝑇𝐶]. The 
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observation vector returned at each step contained information of the outlet stream of the selected UO, 

i.e., temperature, molar fractions (𝜔) of water (𝐻2𝑂), propylene oxide (𝑃𝑂), propylene glycol (𝑃𝐺), 

and methanol (𝑀𝑒𝑂𝐻), and the current step; thus, 𝑜𝑖 = [𝑇,𝜔𝐻2𝑂 , 𝜔𝑃𝑂, 𝜔𝑃𝐺 , 𝜔𝑀𝑒𝑂𝐻 , 𝑖⁡]. The reward 

function considered in this case study is similar to that used for the previous case studies and follows a 

similar format for the sub-rewards, as shown in Table 3.10. As in the previous case study, all sub-

rewards were normalized to prevent an individual term from having a disproportionate impact. 

Table 3.10: Sub-rewards case study 3 

Sub-reward Reward or penalty Assigned Description 

Driving force Reward Every step 

Quantified by the conversion difference 

between the current and previous steps, its 

magnitude reflects the UO's effectiveness in 

producing propylene oxide. 

UO total costs Penalty Every step 

Composed of the capital and operational costs 

of the UO. The capital costs of each UO were 

calculated using functions derived from 

Douglas (Douglas, 1988). 

Process design 

requirement 
Penalty Final step 

Ensures that the desired purity of propylene 

glycol is reached. Magnitude depends on the 

gap of the achieved purities and desired 

purities. 

Specific 

design 

constraint 

Reward 
Specific 

step 

Constant reward granted to the agent when the 

UO is a reactor and meets the design 

specification (operating below 77°C). No 

penalty is awarded if this constraint is not met. 

Short 

flowsheets 
Reward Final step 

Denoted as the difference between the 

maximum number of steps 𝐼 (which for this 

case was 10) and 𝑖. 

For this case study masking was applied to 3 UOs: DC, DCR and C. For DC a straightforward 

masking mechanism was implemented, once a substantial amount of reactant was converted into 

propylene glycol, the UO was unmasked. This was implemented to prevent the agent from selecting 

short sequences of UOs that would result in reactant wastage, particularly given that this column lacked 

recycling capabilities. Similarly, masking was applied to the cooler selection process; once a C was 

chosen, another could not be selected consecutively. This restriction was designed to prevent the agent 

from placing coolers in series without a defined purpose, thereby optimizing the efficiency of the 

process design. For the DCR, a masking strategy similar to that applied in the first case study was 

implemented. In this instance, instead of a M− FT pair, a M− DCR pair was considered. The UO was 
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unmasked once some reactant was converted, and a mixer was present in the CPF. To prevent reactant 

wastage in the distillate stream, the concentration of reactant in the purge stream (the complementary 

stream to the recycle) needed to reach a specific threshold to conclude the flowsheet; otherwise, it 

would have been used to further extend the flowsheet. 

Same as the past case studies, all the hidden layers of the mHPPO agent consisted of 64 neurons 

and the agent was trained for 50,000 steps. The networks were updated every 512 steps with a discount 

factor of 0.99 and optimized using Adam optimizer (Kingma and Ba, 2017) with a starting learning rate 

of 2.5e-4 which was adjusted throughout the training. The agent’s exploration was encouraged by the 

inclusion of an entropy factor of 0.025, which progressively decayed at a rate of 0.9. These 

hyperparameters were obtained from preliminary testing with both agents.  

 

Figure 3.10: Individual learning curve for mHPPO case study 3 

Figure 3.10 presents the individual learning curve of the mHPPO agent used in this case study. 

The solid blue line, representing the running mean, illustrates the trend of cumulative rewards 

throughout the learning process, while the faded orange region highlights the cumulative rewards 

obtained at the end of each episode. The behavior of the running mean in this case exhibits an 

exponential growth during the initial 4,000 episodes, followed by a plateau as it approaches a 

cumulative reward close to 2. In contrast to the learning curves observed for the mHPPO agents in 

previous case studies (Figures 3.4A and 3.7B), the plateau reached by the running average in Figure 

3.10 closely corresponds to the maximum rewards achieved by the agent during training, indicating 

that the UO arrangement identified is the most reward-efficient configuration the agent could find. The 
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slight deviation from the maximum rewards represents the margin of error in the continuous component 

of the hybrid agent, responsible for determining the design of the UOs. 

When evaluating the best-performing agents, the designed CPFs shown in Figure 3.11 and 

Table 3.11 demonstrate the ability to achieve the desired propylene glycol purity, maintain the reactor's 

operating temperature below the specified threshold, and yield an economically attractive process 

flowsheet.  

 

Figure 3.11: CPF obtained for case study 3 

As shown in Figure 3.11, the flowsheet identified by the agent did not require recycling. This 

decision is reasonable because, unlike the previous case study, the reaction in question is irreversible. 

Additionally, the cost associated with the distillation column is significantly higher than that of the 

reactor, making a configuration similar to that of case study 1 impractical. Thus, the agent chose to 

fully convert the reactant first, meeting the reactor design constraints, operating the reactors below 

77°C, before proceeding with the separation process.  

A detailed analysis of the flowsheet revealed that the agent strategically maximized reactant 

conversion in the early stages. To comply with design constraints, the agent selected two medium-sized 

reactors and incorporated a cooler between them. Notably, had the agent not detected the need for the 

cooler, the inlet temperature of the second reactor would have reached around 75°C, likely leading to 

a violation of the temperature constraint. 
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Table 3.11: UOs design and specifications for case study 3 

Unit operation Design variable Value 

PFR1 
𝐷𝑃𝐹𝑅 [m] 2.9578 

𝐿𝑃𝐹𝑅 [m] 5.6003 

C1 𝑇𝐶 [°C] 9.6213 

PFR2 
𝐷𝑃𝐹𝑅 [m] 1.5907 

𝐿𝑃𝐹𝑅 [m] 7.2016 

DC1 𝑁 13 

PFR1 operating temperature [°C] 75.6421 

PFR2 operating temperature [°C] 69.0674 

Output propylene glycol purity 0.9999 

Cumulative reward 2.1785 

Preliminary experiments had shown that all reactants could be converted using a single large 

reactor, but this approach exceeded the temperature limits, necessitating the use of multiple reactors 

and a cooler to maintain operational boundaries. A distillation column of 13 stages is chosen at the end 

to obtain the desired product with a purity of 99% in the bottoms. Note that tests were conducted with 

the inclusion of a recycling column. However, the rewards obtained under those conditions were lower, 

e.g., the agent needed more than just a single column, the reactors were not able to meet the constraints, 

or the simulation failed. One notable aspect from the learning curve is the significant reduction in 

reward variability. Unlike the previous case studies, once the agent found the optimal configuration, it 

focused on exploring the continuous part while exploiting the discrete component. To prevent 

flowsheets that had runs with warnings or errors, a penalty of -10 was assigned to the agent when faced 

with these issues. Note that as the agent learned, such flowsheets were mitigated, with only a few 

remaining in the later stages of learning.  

As in the previous case study, a significant limitation of this framework is the extended 

computation time required to achieve results. In this case, approximately one day was needed to train 

the agent. Techniques such as early stopping – where the CPF configuration is observed at a certain 

point during training and compared with previously proposed designs to assess how different they are 

– could be applied to reduce training time. In this particular case, such a technique could have been 

beneficial, as the agent's training might have been halted around episode 4,500 based on the trend of 

the learning curve shown in Figure 3.11. However, the proposed framework offers significant 
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advantages. It closely aligns with how CPFs are typically designed in the industry, automating the entire 

process. Additionally, it is flexible enough to connect with other simulation suites that might run faster 

than ASPEN Plus®, providing an alternative to model-based optimization methods that require detailed 

equations. Furthermore, once the agent is trained, its evaluation is extremely fast, significantly reducing 

computational time for subsequent tasks.  

3.3 Summary 

This chapter introduced a novel RL methodology that was capable of designing and optimizing steady-

state CPFs starting from a given inlet flowrate and a predefined set of UOs. The first section of the 

chapter introduces the solution framework, emphasizing in the various components of the RL 

framework and the application of the masking functionality in each of them. In this section, the two 

innovative agents developed – mPPO and mHPPO – were introduced, detailing their architecture and 

the pertinent modifications made to facilitate the use of masking. The remaining components of the RL 

framework were also described: the action space for both discrete and hybrid environments; the 

observation vector; and the reward function, which outlined the different components that comprise it 

and enable the capture of design objectives and constraints of the problem. The proposed framework 

was applied to three case studies; the first two compared the performance of the proposed agents. The 

first case study involved a relatively simple problem, which facilitated an understanding of the masking 

functionality and the learning processes of both the agents. When the problem involved fewer discrete 

and continuous variables, and the discretization of continuous variables was straightforward, mPPO 

demonstrated significantly better performance than mHPPO. The rewards achieved by mPPO aligned 

with the maximum possible rewards, and due to the restricted search (combinatorial) space, it was able 

to find the optimal configuration. Part of the observed difference in the agents' responses can be 

attributed to their learning processes. Notably, the learning process of the mHPPO was characterized 

by a trade-off between discrete and continuous losses, wherein minimizing one type often led to an 

increase in the other. This dynamic interplay underscores that the agent's decision-making is governed 

by the necessity to balance both types of variables, ultimately striving for an optimal configuration. The 

second case study incorporated a hybrid platform (Python-ASPEN Plus®) to address a more realistic 

scenario. In this case, the number of discrete and continuous variables was significantly large. Despite 

having an infinite search space, mHPPO outperformed mPPO. Even though it yielded lower rewards, 

the generated CPFs not only met all specified requirements but also exhibited novel arrangements to 

attain additional benefits, such as minimizing reactant losses or enhancing flow reintegration more 
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effectively. An inherent limitation of the framework lies in the extensive training time, particularly 

when the RL framework is connected to an external chemical simulation software such as ASPEN 

Plus® to simulate the environment. Training times could extend to more than 36 hours under these 

conditions, posing a significant practical challenge and area for future improvement; particularly for 

large and more complex case studies. On a positive side, the CPFs generated through this methodology 

provide results that are sufficiently robust to meet primary objectives and serve as a solid starting point 

when seeking to optimize a process flowsheet. Similarly, when dealing with a process whose flowsheet 

is unknown, this technique is ideal for initiating the outline of UOs’ arrangements and gaining insights 

on potential (attractive) configurations. Once a RL-agent designs a CPF, this can be used as a starting 

point for the optimization process and refine its performance. A third case study was addressed using 

mHPPO coupled with the hybrid platform to assess the agent's performance in a new scenario, yielding 

results that aligned with the specifications and proposed an economically attractive outcome. This case 

study further confirmed the advantages and disadvantages of the methodology. On one hand, it 

highlighted the extended training periods required to train the agent when the methodology was 

integrated with a hybrid platform. On the other hand, it demonstrated the significant benefit of 

employing this methodology in designing CPFs that closely mirrors real-life scenarios, providing an 

initial or general understanding of how a process might be arranged. 
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Chapter 4 

An integrated Reinforcement Learning framework for simultaneous 

generation, design, and control of chemical process flowsheets 

Chapter 3 introduced a methodology for generating, designing, and optimizing steady-state CPFs. 

Nevertheless, most chemical engineering processes are inherently dynamic, requiring more advanced 

approaches to account for their transient nature. As discussed in Chapter 2, extensive research addresses 

the integrated design and control problem, particularly through model-based optimization methods. 

However, these approaches are typically limited to case studies with few UOs, relying on non-rigorous 

models due to high computational costs and inherent mathematical and computational complexities. 

Recently, model-free optimization methods have emerged as an alternative to solve various research 

problems. RL stands out as an attractive framework for tackling the integrated design and control 

problem, particularly for its ability to take sequential decisions that are interrelated, while optimizing 

complex processes. However, few studies have explored this area (Sachio et al., 2022; Mendiola-

Rodriguez and Ricardez-Sandoval, 2023). Additionally, surrogate models, particularly NNs, have 

demonstrated their capacity to approximate rigorous UO models, thereby significantly reducing the 

number of variables and mitigating computational costs (Schweidtmann et al., 2019). While integrating 

NNs into RL frameworks is feasible, this has yet to be fully explored in the context of the integrated 

design and control problem. Recognizing these research opportunities, this study introduces a 

framework capable of simultaneously generating, designing, and controlling CPF using RL. The RL 

agent is tasked with optimizing a user-defined objective function – comprising both economic and 

dynamic components, such as disturbance rejection and tracking errors – while adhering to process and 

equipment design and operational constraints. These objectives and constraints are enforced through a 

reward shaping strategy. The environment in which the RL agent operates is composed of various NN 

surrogate models, which approximate the rigorous dynamic models that simulate the closed-loop 

behavior of the UOs. The major outcomes of this chapter have been submitted for publication 

(Reynoso-Donzelli and Ricardez-Sandoval, 2024e) and presented at the AIChE Annual Meeting 2024 

(Reynoso-Donzelli and Ricardez-Sandoval, 2024b). 

This chapter is structured as follows: Section 4.1 outlines the proposed methodology, 

emphasizing the approach employed to capture the dynamic behavior of UOs through a series of 

representative data used to generate surrogate models. Section 4.2 elaborates on the implementation of 
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this methodology via three case studies, two of which involve multiple UOs. The chapter concludes 

with a summary in Section 4.3. 

4.1 Solution framework 

Solving a MIDO problem like that depicted in Equation 2.6 is inherently challenging due to the 

combination of discrete and continuous variables alongside system dynamics described by DAEs. The 

interplay between these elements results in a large, complex search space that is difficult to explore 

efficiently. Furthermore, the problem must satisfy both time-independent constraints – such as design 

or operational limits – and account for the dynamic behavior of the system over time. Balancing these 

conflicting requirements while identifying feasible and optimal solutions often requires sophisticated 

methodologies and significant computational resources. 

This section presents a new methodology that addresses the integrated problem of generation, 

design, and control using RL. Figure 4.1 schematically illustrates the interaction among the various 

components of the proposed RL framework. In this context, the agent interacts with the environment, 

primarily composed of surrogate models, through the exchange of rewards, observations, and actions.

  

 

Figure 4.1: RL diagram 

The solution framework section is structured as follows: Section 4.1.1 describes the 

methodology employed to construct surrogate models, which capture the behavior of key process 

variables, dynamic performance metrics, and constraint violations of the UOs. Following this, Section 
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4.1.2 outlines the constituent elements of the RL environment, including the action space, observation 

vector, and reward function. Section 4.1.3 provides a description of the PPO agent utilized in this study, 

highlighting the key features of its architecture and modifications made relative to the original version 

(Schulman et al., 2017).  

4.1.1 Surrogate models 

One of the core components of this study is the use of surrogate models embedded within the RL 

environment. The primary objective of these models is to approximate the closed-loop transient 

operation of UOs through descriptive metrics that are used to evaluate their potential to be integrated 

into the final process flowsheet. The use of surrogate models aims to accelerate the RL agent's learning 

by providing fast predictions of key output variables. Although mechanistic models could theoretically 

be used within the RL environment, this study demonstrates that surrogate models have the potential 

to not only replace mechanistic models but also serve as efficient alternatives to costly plant data and 

complex dynamic simulators. A surrogate model can range from a simple linear model to a complex 

NN, the latter being the most commonly used due to its high levels of achievable accuracy. The use of 

NNs in this study was driven by their ability to model complex, nonlinear relationships with high 

accuracy, while also offering practical advantages in terms of flexibility, using similar NNs’ 

architectures for different regression problems, compared to other surrogate modeling techniques. A 

surrogate model can range from a simple linear model to a complex NN, the latter being the most 

commonly used due to its high levels of achievable accuracy. In the RL environment, surrogate models 

act like any analytical function; they take input variables and return metrics or performance values that 

are used within the environment to assess the performance of the proposed UO for subsequent 

calculations or to design the reward function. The use of surrogate models is fundamental, as it allows 

to compress all the information from a transient process into a series of individual descriptive values, 

e.g., the Integral Squared Error (ISE) or the outlet temperature at the final integration time. This 

approach contrasts with conventional RL applications, where the agent functions as a controller, 

continuously adjusting actions based on real-time system feedback. Instead of directly controlling the 

process, the agent in this framework determines the type and position of the UOs in the CPF, defines 

the sizing of the chosen UOs and determines the controller tuning parameters – making the control 

process inherently offline. To ensure accurate surrogate model training, the data must comprehensively 

represent the full dynamic response of the UO or system, enabling the extraction of key descriptive 

values. To build these surrogate models (NNs), two steps were followed: data generation and 

mechanistic model approximation. These steps are explained next. 
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4.1.1.1 Data generation 

The objective in data generation is to create a matrix for each UO (𝑴𝑈𝑂), as the input variables differ 

between different UOs. The generated matrix consists of 𝑚 different vectors, denoted as 𝒛𝑚, each 

containing a realization of the 𝑛 input variables. Hence, 𝑴𝑈𝑂 has dimensions of 𝑚 × 𝑛, i.e., 

𝑴𝑈𝑂 =⁡(
𝑧1
1 ⋯ 𝑧𝑛

1

⋮ ⋱ ⋮
𝑧1
𝑚 ⋯ 𝑧𝑛

𝑚
) 

 

(4.1) 

This matrix considers the essential input data required for evaluation within the mechanistic 

model, which is then utilized to train the surrogate model. The vector 𝒛𝑚 comprises input variables 

provided by the feed stream to the UO, such as temperature or concentration (𝒙(𝑡)); design variables 

specific to the UO, e.g., reactor diameter (𝜼) or the number of stages in a distillation column (𝜸); as 

well as variables related to the control system of the UO, e.g., set-point values or controllers’ tunning 

parameters.  

Regardless of the UO, when designing 𝑴𝑈𝑂, it is essential to consider that the feed stream to 

the UO can be situated at any point within the CPF. For the design variables, the limits are specified by 

their lower and upper bounds, as it is performed in an optimization problem. For the design variables, 

the limits are specified by their lower and upper bounds. For the inlet stream variables, the bounds are 

determined in two ways: 1) CPF design or operational goals, e.g., if the goal is to achieve a mole 

fraction of less than or equal to 0.99, the lower bound for this variable would be 0.99, while the upper 

bound would be the mole fraction at the stream's entry point. 2) Design or operational constraints, e.g., 

if the system must operate below10 bar, the upper bound for the inlet pressure to a unit operation cannot 

exceed this limit. All these bound estimations are made a priori, implying that the upper and lower 

bounds of 𝒛𝑚 are assumed to be known beforehand. Note that during these estimations, the arrangement 

of UOs within the CPF is yet to be determined. 

There are various methods by which matrix 𝑴𝑈𝑂 can be populated, e.g., enumeration or 

random point selection (Kimaev and Ricardez-Sandoval, 2017). In this work, we employed Latin 

Hypercube Sampling (LHS) as the sampling method. This method was deemed superior for training 

surrogate models due to its ability to efficiently cover the multidimensional input space while ensuring 

a representative sampling of the parameter ranges. This method minimizes redundancy and maximizes 

the diversity of input combinations, thereby enhancing the accuracy and robustness of the surrogate 

models trained on the generated data (Song and Kawai, 2023). Note that other sampling techniques can 
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be employed to populate matrix 𝑴𝑈𝑂. Also, it is key to verify that the generated combinations of 𝒛𝑚 

are logical and exclude those that could detrimentally skew the agent's learning process. To achieve 

this, a preliminary data analysis is conducted, discarding any combination that exhibits illogical values. 

For instance, in a conversion process, an illogical combination might be one where the proposed set-

point concentration exceeds the proposed input concentration. 

4.1.1.2 Mechanistic model approximations 

Mechanistic models are predefined representations of a UO that can be expressed through a series of 

DAEs that describe the conservation balance equations of that UO, an advanced chemical engineering 

simulator, or a dataset. In this work, mechanistic models are expressed through the mathematical 

framework of a UO in a dynamic state (DAEs). Note that each UO is equipped with an embedded 

control system. These models typically accept input variables (stored in 𝒛𝑚) and produce a series of 

time dependent output variables (𝒚(𝑡) ∈ ⁡ℝ𝒏𝒚). Due to the inability of surrogate models to fully 

replicate the dynamic responses of the mechanistic models, for each output variable a surrogate model 

is designed to approximate a point in time of these dynamic responses; for instance, we denote the 

output response at the endpoint as 𝑦(𝑡𝑓). Note that advanced data-driven surrogate models, e.g., 

Physics-Informed Neural Networks (PINNs), have the ability to capture more accurately the entire 

dynamic response (Chaffart et al., 2024). The use of such surrogate models is beyond the scope of this 

work.  

In addition to predicting these specific time points in the output variables, surrogate models are 

also employed to forecast dynamic performance metrics such as the ISE (Equation 4.2) or Integral of 

Absolute Error (IAE), as well as to provide a label indicating whether the proposed process flowsheet 

configuration violates design and operational constraints. Both the dynamic performance metrics and 

the labels are dependent on the output variables 𝒚(𝑡) specified for every UO. 

𝐼𝑆𝐸 = ⁡∫ (𝒚(𝑡) − 𝑦𝑠𝑝)
2
⁡𝑑𝑡

𝑡𝑓

𝑡0

 
(4.2) 

The labels and their formulation will be explained in greater detail later in this section when 

discussing the classifiers. As discussed above, for each UO, multiple surrogate models are employed. 

This approach ensures a more accurate description of the model's behavior and enhances the predictive 

performance of the surrogate models. 
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Figure 4.2 schematically illustrates the process of constructing the database that is subsequently 

used to train the surrogate models. In this case, the mechanistic model of the UO is simulated with each 

𝒛𝑚 realization included in the matrix 𝑴𝑈𝑂. For each combination in 𝑴𝑈𝑂 (i.e., for each⁡𝒛𝑚 realization), 

the response consists of output variables 𝒚(𝑡) – whose endpoint (𝑦(𝑡𝑓)) is chosen –, a dynamic 

performance metric – in this case ISE – and the classifier label. The responses for each of the 𝑚 

combinations are stored in a matrix called 𝑴𝑅𝑒𝑠𝑝, which, together with 𝑴𝑈𝑂, will later be used to train 

the surrogate models. 

 

Figure 4.2: Dataset building 

An illustrative example of how the values for 𝑦(𝑡𝑓), ISE, and Label are obtained from a 𝒛𝑚 

instance is presented next. As shown in Figure 4.2, for 𝑦𝑒𝑥(𝑡𝑓) the final value is located and recorded 

(red circle); for 𝐼𝑆𝐸𝑒𝑥 to obtain the value the integral of the response curve is calculated; and for 

𝐿𝑎𝑏𝑒𝑙𝑒𝑥 a series of logical tests are evaluated to assign the corresponding value. After building the 

dataset, a NN surrogate model was fitted for each of the responses, i.e., 𝑦(𝑡𝑓), ISE, and Label. Given 

the differences in the responses, both in terms of magnitude and nature (continuous vs. Boolean), it was 

determined that training the networks individually provided a more accurate fit for each output 

response. In this case, the Mean Squared Error (MSE) was used as the loss function to train the surrogate 

model. Moreover, Adam’s optimizer (Kingma and Ba, 2017) was employed to compute the gradients 

and update the network weights. Each type of surrogate models, i.e., endpoint regressors, dynamic 

performance metrics regressors and label classifiers, are described next. 
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The objective of endpoint regressors is to accurately predict the endpoint value of a dynamic 

response (𝑦(𝑡𝑓)), e.g., the outlet temperature or concentration form a system at the final integration 

time. The endpoint is selected because the system is expected to operate at steady state. Note that other 

intermediate points could also be considered within the present framework. Mathematically, the 

endpoint regressor can be expressed as  𝑦(𝑡𝑓 )̂ = 𝑁𝑁𝐸𝑃(𝒛
𝑚), where a neural network (denoted as 

𝑁𝑁𝐸𝑃) takes an instance of 𝒛𝑚 as input and regresses the endpoint of an output variable. In contrast, 

dynamic performance metric regressors, predict the model's response accuracy relative to control 

variables, typically employing metrics such as ISE or IAE. To enhance predictive precision, the 

regressor computes the natural logarithm of these metrics rather than their nominal values. This 

transformation aids in distinguishing values more effectively, especially when ISE or IAE values are 

near zero. This regressor is represented as ln⁡(𝐷𝑀)̂ = 𝑁𝑁𝐷𝑃(𝒛
𝑚), where the neural network 𝑁𝑁𝐷𝑃 

takes an instance of 𝒛𝑚 and predicts the natural logarithm of a dynamic metric (denoted as 𝐷𝑀). Unlike 

the regressors discussed above, the classifier exhibits a more complex structure. In this study, the 

classifier aims to determine whether the proposed UO violates design or operational constraints while 

maintaining the operation on target in closed-loop. Mathematically, the classifier can be represented as 

𝐿𝑎𝑏𝑒𝑙̂ = 𝑁𝑁𝐶(𝒛
𝑚), where the label is predicted through 𝑁𝑁𝐶 which takes an instance of 𝒛𝑚. The 

method for assessing compliance with constraints and ensuring controlled operation involves various 

logical tests depicted in Algorithm 4.1. 

Algorithm 4.1 Pseudocode for label classification 

if |𝑦(𝑡𝑓) − 𝑦𝑠𝑝| ≤ 𝜖1⁡then 

    if 
1

𝑟
∑ (

𝑑𝑦

𝑑𝑡
)
𝑗

𝑟
𝑗=1 ≤ 𝜖2 then 

        if 𝑐𝑜𝑛𝑠 ≤ 𝜖3 then 

            pass = 1         

        else 

            pass = 0 

        end if 

    else 

        pass = 0 

    end if 

else 

    pass = 0 

end if 

As illustrated in Algorithm 4.1, the first logical test aims to determine whether the distance 

between the endpoint predicted by the mechanistic model for an output variable (𝑦(𝑡𝑓)) and its 

corresponding set-point proposed by the design (𝑦𝑠𝑝) exceeds a specified threshold (𝜖1). Note that the 
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value of 𝑦𝑠𝑝 is an input variable that needs to be specified in 𝒛𝑚. In this case, even if the endpoint 

regressor has high accuracy in predicting 𝑦(𝑡𝑓), if the value does not fall within the established 

threshold, the design is labeled as unsatisfactory. If this logical test holds, the next step involves 

verifying that the system is operating near their desired operating conditions. In this work, a UO is 

assumed to be working at their target condition if the averaged gradient of the last 𝑟 time-points fall 

within a specified threshold (𝜖2). The objective of this metric is to prevent the agent from selecting 

designs that are far from their desired target conditions, even if they exhibit values of ISE or IAE smaller 

than the unit. Having confirmed that the system operates near the established set-points, the next step 

is to examine whether the proposed UO complies with design, logical or operational constraints, i.e., 

𝑐𝑜𝑛𝑠 ≤ ⁡ 𝜖3. Depending on the nature of the constraint, e.g., dynamic path or end-point constraints, 

𝑐𝑜𝑛𝑠 can be estimated in various ways. To capture a more general framework, i.e., dynamic path 

constraint violations, a structure similar to the ISE (Equation 4.2) is employed, i.e.,  

𝑔(𝒙(𝒕), 𝒙̇(𝒕),𝒘(𝒕), 𝜼, 𝜿(𝒕), 𝜸, 𝒖(𝒕), 𝒅(𝒕), 𝑡⁡) ≤ 𝑔𝑐𝑜𝑛𝑠 (4.3a) 

𝝑(𝑡) = ⁡ {
𝑔(𝑡) − 𝑔𝑐𝑜𝑛𝑠, 𝑔(𝑡) ≥ 𝑔𝑐𝑜𝑛𝑠

0, 𝑔(𝑡) < 𝑔𝑐𝑜𝑛𝑠⁡⁡
 

(4.3b) 

𝑐𝑜𝑛𝑠 = ∫ 𝝑(𝑡)2𝑑𝑡
𝑡𝑓

𝑡0

 

(4.3c) 

where 𝑔𝑐𝑜𝑛𝑠 represents the input constraint limit, e.g., maximum allowed temperature or liquid level in 

a UO. Note that 𝑔(𝑡) can take different forms, i.e., it may be expressed as a single function of an output 

variable 𝑦(𝑡), or as a function or a combination of multiple design and control variables, including 

output variables, 𝒚(𝑡). Regardless of the form, for each point in the time domain, the difference between 

𝑔(𝑡)⁡ and 𝑔𝑐𝑜𝑛𝑠 needs to be computed. As shown in Equation 4.3, an auxiliary vector (𝝑) is employed 

to collect the deviations between 𝑔(𝑡)⁡ and 𝑔𝑐𝑜𝑛𝑠. If the difference is positive, indicating that the 

constraint was violated at time 𝑡, the value of this difference is assigned to 𝝑; otherwise, a value of 0 is 

assigned to 𝝑 (i.e., constraint is satisfied). Accordingly, 𝑐𝑜𝑛𝑠 is estimated as shown in Equation 4.3. 

Due to potential class imbalance, where violation instances are typically less frequent, Synthetic 

Minority Over-sampling Technique (SMOTE) is applied to balance the dataset (Chawla et al., 2002), 

thus improving the predictive power of the classifier and preventing it from naïvely choosing the 

overrepresented class.  
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4.1.2 Environment 

As illustrated in Figure 4.1, the RL environment primarily consists of surrogate models. However, it is 

important to note that not all surrogate models are used at each step; only those required for the selected 

UO are activated and utilized. During this process, the agent interacts with the RL environment—

primarily composed of surrogate models—learning to place, design, and control the UOs within the 

CPF. During this process, the RL agent aims to determine the sequence, type, and number of UOs 

present in the CPF. Initially, the agent may propose infeasible CPFs as it explores the environment and 

learns the relationships between UOs and process constraints. Through feedback from the environment, 

e.g., penalties due to constraint violation, the agent progressively refines its decisions. During training, 

the agent learns to build CFP that are not only feasible but that can also improve the reward function 

by ensuring that each UO’s outputs serve as appropriate inputs for subsequent steps, adhering to overall 

CPF goals and requirements. While building the CPF, the agent also takes into consideration the sizing 

of the selected UOs (i.e., design), and the tuning parameters of the integrated control system embedded 

to the UOs (i.e., control). The selection of these three activities is performed simultaneously by the 

agent. To the best of the authors’ knowledge, no previous work has addressed the fully integrated 

problem of flowsheet generation, design, and control using RL, which is a key novel aspect in our 

research. This section aims to provide a more detailed description of the components through which 

the environment exchanges information with the agent: the action space, the observation vector, and 

the reward function. 

4.1.2.1 Action space 

In this work, the action space (𝑨) encompasses all decisions (both discrete and continuous) related to 

the design and control of all UOs present in the problem, i.e.,  

𝑨 = [𝒙𝑑 , 𝒙𝑐] (4.4) 

The discrete variables, stored in the vector 𝒙𝒅⁡𝜖⁡ℤ, can be divided into two categories. The first 

category is concerned with the selection of a UO. Unlike model-based approaches, where the 

arrangement of UOs or a superstructure defines the potential connections between them, the RL agent 

only has knowledge of the available UOs without specific details about their placement. These 

operations are stored in a "UOs’ pool," which assigns an integer value to each operation, allowing the 

agent to distinguish between them and make selections accordingly. The second category involves all 

the discrete designed variables, denoted as 𝜸 in Equation 2.6; e.g., the number of stages in a distillation 

column, or the specific feed or reflux stages. Continuous variables, stored in the vector 𝒙𝒄, represent 
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all the design and control variables for the UOs considered in the system. For example, the diameter of 

a distillation column, the tunning parameters of a PI controller that maintains in closed-loop the boil-

up ratio of a column, or the liquid hold-up of a reactor. The discrete design variables are approximated 

using continuous distributions, as seen in other RL works that generate and design CPF (Midgley, 2020; 

van Kalmthout et al., 2022). While this approach improves computational efficiency and makes the 

analysis straightforward, a potential downside is that the continuous probability distributions may not 

fully capture the trend of the original discrete distribution, leading to approximation errors and a loss 

of detail. Nonetheless, this method simplifies the model and eliminates the need for a multi-discrete 

agent, which falls outside the scope of this work.  

Moreover, coupled with the action space, the environment incorporates a series of functions 

that interpolate values sampled from the probability distributions, into the actual domain of those 

actions. Note that the action space consists of individual probability distributions rather than a 

combination of different continuous and discrete actions. In RL, when the agent interacts with the 

environment, it receives information and takes an action based on that information. The selection of the 

action at each step 𝑖 (i.e., 𝑎𝑖) involves sampling values from predefined probability distributions, as 

detailed in the agent sub-section (Petrazzini and Antonelo, 2021). 

4.1.2.2 Observation vector 

The observation vector (𝑜𝑖) for this methodology is consistent with that utilized in the previous chapter 

(Equation 3.4). The overall structure of the vector is contingent upon the specific problem setting; 

however, it generally includes the following components: operating variables of the process (such as 

temperature, pressure, and total flow), a tracker for chemical components (reactants or products), and 

the current observation step. As in the previous methodology, the elements in 𝑜𝑖 are normalized to 

prevent larger values from disproportionately influencing data processing within the agent's neural 

network. 

4.1.2.3 Reward function 

Depending on the RL agent, the type of reward can be sparse, meaning all time steps have a reward of 

zero except for the final step, or non-sparse, where each step has a reward. PPO agents have 

demonstrated more effective learning when dealing with non-sparse rewards compared to sparse 

rewards (Yu, 2020). Therefore, a non-sparse reward system was designed to address this problem. For 

complex problems, such as the integrated generation, design and control problem discussed in Chapter 
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2.3, the step reward in a non-sparse system must incorporate various elements. These elements enable 

the agent to consistently avoid violating constraints (e.g., operating below a certain temperature) and 

move towards its primary objective (e.g., achieving the desired reactant conversion at the lowest 

possible cost). This approach is known as reward shaping, as illustrated in Equation 3.5. 

Note that the sub-reward expressions are unique for each UO; however, a common structure is 

followed, where 𝑟𝑖 is primarily composed of three terms. 1) Capital cost (𝑟𝐶𝐶): This sub-reward aims to 

quantify the cost related to the UO and process design variables chosen by the agent. Consequently, 

this sub-reward is expressed as a function of variables such as 𝜸 and 𝜼 or variables regressed by 

endpoint output regressors, 𝑟𝐶𝐶 = 𝑓 (𝜸, 𝜼, 𝑦(𝑡𝑓)̂). 2) Dynamic cost (𝑟𝐷𝐶): This sub-reward aims to 

quantify the cost associated with the dynamic performance of the UO. The value of the sub-reward is 

determined based on the output from the surrogate model responsible for regressing the dynamic 

performance metric, 𝑟𝐷𝐶 = 𝑓(ln⁡(𝐷𝑀)̂ ). 3) Constraint violation cost (𝑟𝐶𝑉): This sub-reward is designed 

to indicate whether the design and control proposed by the agent may lead to a constraint violation. The 

value of this sub-reward is determined by the classifier, where based on the output (Boolean value), the 

agent receives a penalty of a fixed amount, 𝑟𝐶𝑉 = 𝑓(𝐿𝑎𝑏𝑒𝑙̂ ). Unlike the previous sub-rewards, at the 

final step, the agent receives an additional penalty if the process flowsheet proposed by the agent fails 

to achieve the expected design objective (𝑟𝐹𝐶), e.g., reach a desired reactant conversion or product 

purity.  More details about the design of rewards are provided in the case studies. 

4.1.2.4 Agent 

PPO operates as an actor-critic algorithm, where the actor selects actions based on the current state, and 

the critic estimates action values. Both actor and critic functions are NNs, adept at approximating 

complex mappings between observations, actions, and rewards. The actor learns a policy mapping 

observations to actions, while the critic evaluates those actions returning values, i.e., the expected 

cumulative reward. PPO's algorithm utilizes a clipped surrogate objective to balance reward 

maximization and policy stability, ensuring efficient and stable training. In this study, the architectures 

of the actor and critic were tailored to the specific needs, while retaining the core algorithmic structure 

as outlined in Schulman et al.'s formulation (Schulman et al., 2017). Figure 4.1 shows the two networks 

that comprise the actor-critic agent. The actor in this study is designed as a fully connected NN 

comprising an input layer, hidden layers, and two output layers, as illustrated in Figure 4.3. 
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Figure 4.3: Actor network architecture 

The number of neurons in the input layer matches the size of the 𝑜𝑖. The hidden layers posses 

the same number of neurons. While the two output layers, responsible for determining the parameters 

of a Beta distribution (𝛼 and 𝛽), each have a number of neurons equal to the total number of possible 

continuous actions. Note that the decision to use a Beta distribution stems from the work presented by 

Petrazzini and Antonelo (Petrazzini and Antonelo, 2021), which demonstrated superior performance of 

agents using this distribution compared to the typically used Gaussian distribution. Beta distributions 

are defined over a finite range of values, which makes it well-suited for real-world applications where 

continuous variables are bounded. Following the authors’ work (Petrazzini and Antonelo, 2021), the 

activation functions for all layers except the output layer use a hyperbolic tangent (tanh) activation 

function. This choice was made over the typically used Rectified Linear Unit (ReLU) activation 

function due to the fact that the tanh activation function bounds values in the range of -1 to 1, suiting 

well real-world applications where variables are bounded. Additionally, the results with these activation 

functions showed superior performance compared to ReLU. Following the approach used by Petrazzini 

and Antonelo (Petrazzini and Antonelo, 2021), a Softplus activation function, 𝑓(𝑥) = log(1 + 𝑒𝑥), 

was employed for the output layers. To prevent multi-modal Beta distributions, a value of 1 was added 

to the Softplus layer, ensuring that 𝛼 and 𝛽  output values were greater than 1. 



 

71 

The critic is implemented as a fully connected NN with three types of layers: an input layer, 

hidden layer, and an output layer. Unlike the original implementation, the first two types of layers 

utilize a tanh activation function, deemed to superior results compared to ReLU activation function. 

While the output layer, as in the original implementation, uses a linear activation function. 

The present RL framework offers advantages for CPF synthesis, design and control. It enables 

the construction of a CPF starting from an inlet flowrate, utilizing a pool of UOs with the aim to 

accomplish specific CPF goals and operational targets. The RL agent is supported in decision-making 

through the use of masking, which aims to introduce process knowledge into the learning process. This 

approach enhances the efficiency of the learning phase, allowing the agent to neglect process 

configurations that may not be feasible. Also, the control structure of each UO must be specified a 

priori thus limiting the adaptability of the resulting CPF to other control schemes. Moreover, the present 

RL framework does not involve multiple streams or ramifications within the CPF, preventing the 

consideration of disturbances that could occur within the system or at points other than the inlet. While 

the hybrid methodology offers significant computational advantages, it does not guarantee the 

optimality of the solution. Furthermore, this framework assumes that sufficient UO data can be 

collected to build accurate surrogate (NN) models. 

4.2 Case studies 

The RL framework outlined in the previous section is evaluated through four case studies adapted from 

the literature, each highlighting different features. The first case study serves as a proof of concept and 

aims to demonstrate the methodology and its effectiveness in addressing the integrated design and 

control problem. This methodology is compared with a model-based optimization technique to evaluate 

the proposed approach's efficiency. In contrast, the second case study addresses a more complex 

integrated problem, involving the simultaneous design and control of two UOs. In the third case study, 

an additional UO is incorporated into the previous formulation, granting the agent the ability to select 

from a broader array of UOs. The fourth case study addresses a design and control problem more closely 

aligned with real-world scenarios, incorporating advanced design decisions such as distillation 

sequences and the inclusion of a recycle. Note that for all case studies, there is no a priori knowledge 

of the arrangement or design of the UOs within the CPF. Only information about the possible UOs and 

their corresponding upper and lower bounds is available a priori. Additionally, as a starting point, the 

agent only has an inlet flow and a pool of UOs, which are represented in the environment as surrogate 



 

72 

NN models. The agent's task is to place, design, and connect these operations to develop a flowsheet 

that operates in closed-loop near the design target goals and outputs a cost-effective solution.  

The case studies were implemented on a PC with Intel® CoreTM i7-3770 CPU @ 3.40 GHz and 

32 GB of RAM, using Python as the programming language. The main libraries used were torch for the 

development of the RL agent, scikit-learn for the training and validation of the surrogate models and 

gym for creating the RL environment. 

4.2.1 Case study 1 

The primary objective of this case study was the generation, design, and control of a CPF for a first 

order reaction (𝐴 → 𝐵)⁡subject to a step disturbance of -5% with respect to the nominal operation of 

the inlet concentration. Through this illustrative example, the aim is to outline and establish the 

foundation of our framework for addressing the integrated design and control problem using RL. Note 

that the reaction considered in this case study can be likened to the isomerization of n-butane to iso-

butane; further explanation is provided in the Appendix B. The agent is tasked to establish the optimal 

number of CSTRs required to achieve a desired conversion, determine their sizing and control tuning 

parameters, effectively reject disturbances in the inlet concentration, and ensure that the reaction 

temperature remains below 400 K, thereby avoiding runaway reactions in any of the CSTRs in the 

process flowsheet, all while considering the dynamic models of the CSTRs in closed-loop operation. 

In this setup, the “UO pool” consists of only one type of UO – a CSTR. The maximum number of 

reactors the agent can use is five, which corresponds to the maximum number of steps allowed in an 

episode. The thermodynamic parameters and dynamic model of these reactors were adapted from the 

literature (Seaborg et al., 2004). A detailed formulation of the mathematical model of the CSTRs is 

provided in Appendix B. In this scenario (Scenario A) the agent was tasked to achieve a 95% conversion 

of the reactant A, smoothly reject disturbances in the inlet concentration, and ensure that the reaction 

temperature remained below 400 K to prevent a runaway reaction in any of the CSTRs included in the 

process flowsheet. The integrated control system in the CSTRs included a PI controller that aims to 

regulate the outlet concentration of reactant A by adjusting the reactor jacket's temperature. Note that 

the actual system is represented by the mechanistic models, meaning the surrogate models are trained 

using data from this representation rather than directly from the real system. However, the proposed 

framework is flexible to allow for training the surrogate models with data from a variety of sources 

such as advanced dynamic simulation tools, databases, or real-time data. 

For this problem, four surrogate models were embedded within the RL environment: three 

regressors and one classifier. The regressors were employed to predict the endpoint of the outlet 
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concentration profile of the reactant A (𝐶𝐴), the endpoint of the outlet temperature profile (𝑇), and the 

natural logarithm of the ISE of the outlet concentration (ln(𝐼𝑆𝐸𝑅)). The classifier, on the other hand, 

was used to determine whether the reactor design complies with the temperature constraint (i.e., 

whether the temperature exceeded or not 400 K at any point during the operation) and controlled the 

operation around a concentration set-point specified by the agent. The dataset used to train the surrogate 

models was generated using LHS and comprised around 80,000 combinations of the inlet variables of 

the reactor’s model, i.e., inlet concentration (𝐶𝐴𝑖𝑛) and temperature (𝑇𝑖𝑛), set-point concentration 

(𝐶𝐴
𝑠𝑝
), reactor’s volume (𝑉𝑅), and the controllers’ proportional gain (𝐾𝐶

𝑅) and the time integral (𝜏𝐼
𝑅). 

Note that the chosen number of combinations allows for a thorough exploration of the feasible regions 

around which the problem develops. More detailed information about the identification of the surrogate 

models, correlations between variables and the coefficient of determination of the models can be found 

in the Appendix B. 

Among the input variables of the model, those determined by the agent and constituting the 

action space were: 𝑉𝑅, 𝐶𝐴
𝑠𝑝

, 𝐾𝐶
𝑅 and 𝜏𝐼

𝑅. Referring to the structure in Figure 4.3, the total number of 

neurons in the output layer is 8 (2 parameters for each of the 4 actions). The observation vector, on the 

other hand, is composed of information about the current state of the CPF. In this case, the information 

provided to the agent includes the outlet concentration of reactant A and the outlet temperature of the 

reactor – both values calculated using the surrogate models – as well as the current step, i.e., 𝑜𝑖 =

[𝐶𝐴, 𝑇, 𝑖]. The reward function, as mentioned in Section 4.1.2.3, comprises various sub-rewards, mainly 

penalties, as detailed in Table 4.1. 

Table 4.1: Sub-rewards for case study 1 

Sub-reward Mathematical formulation Awarded 

UO capital cost 𝑐𝑜𝑠𝑡 = ⁡−
𝑉𝑅 − 𝑉𝑅

𝑚𝑖𝑛

𝑉𝑅
𝑚𝑎𝑥 −⁡𝑉𝑅

𝑚𝑖𝑛
 Every step 

Dynamic cost {

−1, 𝐼𝑆𝐸𝑅 ≥ ⁡1

−(1 −⁡
ln(𝐼𝑆𝐸𝑅)

ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛
) , 𝐼𝑆𝐸𝑅 < ⁡1

 Every step 

Design and 

control constraint 
{
0, 𝐿𝑎𝑏𝑒𝑙𝑅̂ ⁡= ⁡1

−2.0, 𝐿𝑎𝑏𝑒𝑙𝑅̂ ⁡= ⁡0
 Every step 

Process design 

requirement 
{

0, 𝑥𝐴 ≥ ⁡0.95
−10 ∗ (0.95⁡–⁡𝑥𝐴), 𝑥𝐴 ⁡< 0.95

 Final step 
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The cost sub-reward, composed by the reactor’s volume, was normalized using the maximum 

(𝑉𝑅
𝑚𝑎𝑥)⁡ and minimum (𝑉𝑅

𝑚𝑖𝑛) allowable volumes defined a priori, thereby calculating a normalized 

equipment cost. For the dynamic cost sub-reward, values obtained from the dynamic performance 

surrogate model were first converted back to their original scale by exponentiation. Subsequently, it 

was determined that ISE values greater than or equal to 1 received a fixed penalty of -1, while those 

less than the unity were re-transformed and scaled to a range between 0 and 1 by dividing it by a 

constant term ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛. In this case, preliminary testing using the sampling techniques indicated 

that the minimum ISE achieved by the ln(𝐼𝑆𝐸𝑅) surrogate model was 𝑒−11, which corresponds to -11. 

Hence, the latter value was assigned to ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛. For the design and control constraint sub-reward, 

a fixed penalty of -2.0 (determined from preliminary testing) was imposed based on the Boolean value 

(𝐿𝑎𝑏𝑒𝑙𝑅̂ ) determined by the classifier. Equation S10 in the supplementary material details how the 

𝑐𝑜𝑛𝑠 term in Algorithm 4.1 is constructed for this case. In the event that the agent was unable to achieve 

the desired conversion by the end of the episode, a final sub-reward was awarded based on the deviation 

from the expected conversion of 95%. 

The PPO agent was trained for 100,000 steps taking around 57 minutes. The actor network 

consisted of 2 hidden layers, each with 64 neurons, while the critic network had only 1 hidden layer 

with 64 neurons. The actor-critic networks were updated every 2048 steps with a discount factor of 

0.99 and optimized using Adam optimizer (Kingma and Ba, 2017) with a starting learning rate of 2.5e-

4, which was adjusted throughout the training. 
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Figure 4.4: PPO agent’s learning curve 

Figure 4.4 shows the learning curve of the PPO agent. The solid black line represents the 

running average for the last 100 episodes and aims to describe the trend in the behavior of the 

cumulative reward throughout the agent’s learning. The faded grey region represents the cumulative 

rewards obtained at the end of each episode. As observed in Figure 4.4 during the first 10,000 episodes, 

the agent's learning is highly oscillatory, averaging episodes with the maximum number of allowed 

steps, which in this case were five. During this exploration phase, the agent tends to design CPF systems 

with many CSTRs that either fail to achieve the expected conversion or violate the maximum allowed 

temperature constraint. As the agent's learning improves, the variability in the cumulative reward 

decreases, indicating refinement in the proposed process flowsheets. This includes reducing the number 

of CSTRs used and ensuring they operate below 400 K. This improvement is reflected in the increase 

and stabilization of the running mean. Note that the running mean does not reach the maximum rewards 

achieved by the agent, as depicted by the grey faded region. This disparity is due to the continuous 

nature of the action space. With a continuous action space, the search space for the agent is infinite, 

resulting in a persistent offset between the mean and the cumulative rewards once the running mean 

hits a plateau. However, the value at which the cumulative rewards plateau is very close to the 

maximum rewards, i.e., near the upper bound, as shown in Figure 4.4. 



 

76 

When evaluating the best-performing agent, the resulting CPF is capable of achieving the 

desired conversion, adhering to the operational constraints (temperature constraint), and producing an 

economically attractive solution. For this scenario, the agent required two reactors with design 

specifications outlined in Table 4.2 (Scenario A). 

Table 4.2: UOs designs and specifications for case studies of scenarios A, B and C 

Scenario CSTR 𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿] 𝑉𝑅 ⁡[𝐿] 𝐾𝐶

𝑅 [𝐾 ∗ 𝐿/𝑚𝑜𝑙]  𝜏𝐼
𝑅⁡[min−1] 

A 
1 0.0999 176.3943 74.7324 0.3093 

2 0.0493 57.4667 130.2703 0.0573 

B 
1 0.3684 50.0026 68.2984 0.3803 

2 0.0500 132.0144 23.3307 0.0387 

C 1 0.0847 175.8063 143.8290 0.3081 

The cumulative reward obtained from this flowsheet design was -2.0291. Furthermore, the 

dynamic responses obtained when evaluating the CSTR mechanistic model with these specifications 

are shown in Figure 4.5. 

 

Figure 4.5: Dynamic responses Scenario A of: A) CSTR 1 B) CSTR 2 

In both cases, the reactors designed by the agent successfully reject the disturbance and operate 

at the established set-point. As shown in Figure B.2 in Appendix B, neither of the two reactors violate 

the temperature constraint, consistently operating below 400 K. For the first reactor, the agent selects 

a large CSTR, while for the second reactor, it chooses a small-sized CSTR (bounds can be found in 

Table B.2 in Appendix B). The control actions taken in the first reactor are less aggressive than those 

in the second, resulting in a longer oscillation period. However, with a larger volume to work with, the 
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agent does not require aggressive control decisions to manage that CSTR unit. Conversely, the second 

reactor employs more aggressive control actions, allowing it to operate near their desired set-point in a 

shorter time.  

To understand the results produced by the best-performing agent, it is important to evaluate the 

contribution of each of the sub-rewards to the total cumulative reward. Table 4.3 presents the values of 

each sub-reward in a more granular form, providing deeper insights into their individual contributions.  

Table 4.3. Cumulative reward breakdown 

Sub-reward Value 

UO capital cost -0.8440 

Dynamic cost -1.1851 

Design and control constraint 0.0000 

Process design requirement 0.0000 

Total cumulative reward -2.0291 

The results presented in Table 4.3 highlight several key observations. The total cumulative 

reward is mainly composed by the capital and the dynamic costs, with the latter having a larger impact. 

Despite both costs being normalized, the agent's selection of a small second reactor, which incurs a low 

normalized cost, increases the impact of the dynamic cost into the total cumulative reward. In terms of 

sub-reward contributions, the capital cost accounts for a 41.59% of the cumulative reward, while the 

dynamic cost for a 58.41%. Notably, no violations occurred in the design and control constraint or 

process design requirement, therefore the assigned sub-reward is 0. Experiments for case study 1 

demonstrated that incorporating a mechanistic model within the RL environment yielded CPF designs 

comparable to those generated using surrogate models. However, the mechanistic model significantly 

increased the training time, requiring approximately three hours compared to just one hour with 

surrogate models, transferring the computational burden of designing the 𝑴𝑈𝑂 and 𝑴𝑟𝑒𝑠𝑝 matrices into 

the training of the RL agent. 

To verify the effectiveness of the proposed methodology, the results obtained from the RL 

framework were compared against those from a model-based optimization approach (Scenario B). The 

MIDO problem was formulated and solved using Pyomo (Bynum et al., 2021). Initially, the MIDO 

problem was transformed into a MINLP through discretization methods; however, given that the 

maximum number of CSTRs the RL agent could select was five, enumeration was employed to avoid 

directly solving the MINLP. Having fixed the flowsheet, the resulting non-linear programming (NLP) 
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optimization problem was solved using the Interior Point Optimizer (IPOPT) solver (Wächter and 

Biegler, 2006) and discretized using the Lagrange-Radau method.  

The optimization problem was formulated as presented in Equation 2.6, considering all the 

DAE, constraints and bounds. The objective function that is to be minimized was adapted from the 

reward function resulting in the following equation: 

Ψ𝑆𝐵 =⁡ ∑
𝑉𝑅,𝑗 − 𝑉𝑅

𝑚𝑖𝑛

𝑉𝑅
𝑚𝑎𝑥 − 𝑉𝑅

𝑚𝑖𝑛
+ (1 −⁡

ln⁡(𝐼𝑆𝐸𝑅,𝑗)

ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛
)

𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠

𝑗=1

 

(4.5) 

where 𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠 denoted the total number of reactors in the flowsheet. The full formulation of the 

optimization problem can be found in Equation B.11 in the Appendix B. The resulting objective 

function values for the five different flowsheets are presented in Table 4.4. 

Table 4.4: Objective function results for Scenario B 

𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠 Ψ𝑆𝐵 

1 Infeasible 

2 1.9341 

3 3.1289 

4 3.4153 

5 3.4420 

The results of the model-based methodology indicate that the optimal configuration consists of 

two reactors, see Table 4.2 (Scenario B) for the design specifications. This is because, as the number 

of reactors increases, the objective function also increases. Conversely, a single reactor configuration 

is deemed infeasible. The reason behind this infeasibility lies in the fact that, at some point during its 

operation, the operating temperature exceeds the constraint of 400 K. 
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Figure 4.6: Dynamic responses in Scenario B of: A) CSTR 1 B) CSTR 2 

When comparing the results of both scenarios, it is observed that the RL agent is capable of 

reaching a configuration with the same number of reactors. However, its solution differs somewhat 

from that obtained by the model-based optimization. The first major difference is the order of the 

reactors: the RL agent places a large reactor first in the flowsheet, followed by a smaller unit. In 

contrast, the model-based optimization method designs the CPF with a small reactor first, followed by 

a medium/large reactor. Another significant difference is the aggressiveness of the control strategy. The 

model-based optimization method favors less aggressive responses, which is evident from the extended 

periods of oscillation (Figure 4.6). Conversely, the RL agent adopts a more aggressive approach, 

particularly with the second reactor, where stabilization is nearly immediate.   

Note that the RL agent does not achieve the same results as the model-based optimization 

method for two reasons. First, the agent's learning strategy plays a significant role. The PPO agent seeks 

to maximize its rewards at each step, so if it discovers regions that allow it to maximize rewards, the 

agent tends to remain in those regions. To encourage the agent to explore beyond these regions, 

advanced exploration techniques, such as curiosity methods, can be employed. However, these 

techniques are beyond the scope of this work. Another important factor is the configuration of the 

environment in the present framework, i.e., consideration of surrogate models instead of the explicit 

mechanistic process models. Although surrogate models can closely approximate mathematical 

models, they carry inherent errors that introduce bias to the agent. Consequently, the agent often adopts 

a more conservative approach, avoiding the risk of exploring flowsheets that might lead to constraint 

violations or fail to achieve the design objectives. Therefore, these factors contribute to the deviation 

between the optimal result and that obtained by the agent. Nevertheless, it is worth to emphasize that 

despite not achieving the optimum, the CPF proposed by the agent remains economically competitive, 
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adheres to all constraints, and achieves the desired conversion. This is reflected in the slight difference 

between the cumulative rewards obtained in both scenarios, where the difference is 0.09. 

One of the advantages that the proposed RL framework aims to demonstrate is the ability to 

solve for different case studies using the same surrogate models without the need to generate new data. 

For the present scenario (Scenario C), the objective is to generate, design, and control a CPF capable 

of achieving a 90% conversion – instead of the 95% conversion of Scenario A –, smoothly reject the 

same inlet concentration disturbance and maintain the reactors’ operating temperature bellow 400 K. 

Having established the new conversion goal, the PPO agent, with the same specifications, was trained 

for 100,000 steps (Figure B.3 in Appendix B) taking approximately 50 minutes to complete. The actor-

critic networks were updated every 2048 steps with a discount factor of 0.99 and optimized using the 

Adam optimizer (Kingma and Ba, 2017), starting with a learning rate of 2.5e-4, which was adjusted 

throughout the training. The resulting CPF was composed of one CSTR with a cumulative reward of -

1.6893; see Table 4.2 (Scenario C) for the design specifications. 

 

Figure 4.7: . Dynamic response of the CSTR for Scenario C 

As shown in Figure 4.7, the agent effectively controls the step disturbance in the inlet 

concentration while maintaining the operating temperature constraint (Figure B.4 in Appendix B). In 

this case, the agent could have chosen a smaller reactor, which would still achieve the desired 90% 

conversion. However, the control actions for such a reactor might have led the agent to violate the 

temperature constraint, as it would require more aggressive control actions to manage the inlet 

disturbance. The reason the agent selects a larger reactor is due to a design-control trade-off: with a 
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larger volume, the control actions are less aggressive, the system experiences fewer abrupt changes, 

and the agent is less likely to violate the temperature constraint. 

4.2.2 Case study 2 

The objective of this case study is to generate, design and control a CPF that efficiently produces two 

high-purity products (B and C) from reactant A. The entire process is conducted isothermally and 

experiences a +50% step disturbance in the inlet flow rate. In this case, the RL agent has access to two 

UOs: a CSTR where two first-order reactions (𝐴⁡ → 𝐵 and 𝐴⁡ → 𝐶) occur in parallel, and a binary 

distillation column (DC) that can separate products B and C. Dynamic models for the CSTR and DC 

were adapted from the literature (Bequette, 2002; Schweiger and Floudas, 1998), with detailed 

mathematical formulations provided in the Appendix C. For the first scenario (Scenario D), the agent 

was tasked with achieving two outflows, each with a high concentration of products B and C, 

respectively. The first outflow was required to have a molar fraction of B of 0.99 or higher, while the 

second outflow needed to have a molar fraction of C of no less than 0.9. To avoid unnecessary mass 

loss in streams containing residual reactant A, and given that the DC model is binary, the agent was 

expected to ensure a minimum 95% conversion of reactant A into products. Furthermore, the agent was 

tasked with effectively rejecting disturbances in the inlet flow rate and maintaining the reaction volume 

within the design limit of 8 liters in the CSTR. Each UO selected by the agent is equipped with its own 

integrated control system. For the reactors, a PI controller is included, which regulates the outlet 

concentration of reactant A by adjusting the outlet flow rate. In contrast, the DC is equipped with two 

controllers: one at the tops to regulate the molar fraction of product B by manipulating the reflux flow 

rate, and another at the bottoms to regulate the molar fraction of product B by manipulating the vapor 

boil-up rate. The maximum number of steps available to the agent per episode was 10. Within this limit, 

the agent had complete freedom to choose the number of reactors required to meet the specified 

conversion condition as well as the DC necessary to separate the binary mixture. 

For this case study, nine surrogate models were used: four for the CSTR and five for the DC. 

The type and performance metric of these models is presented as follows (Table 4.5): 

Table 4.5: Surrogate models used in case study 2 

Unit operation Type Performance metric 

CSTR 

Regressor 
Predict the endpoint of the outlet concentration of reactant A 

(𝐶𝐴) 

Regressor 
Predict the endpoint of the liquid reaction volume profile 

within the reactor (𝑉𝐿) 
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Regressor 
Regress the natural logarithm of the ISE which measures the 

difference between 𝐶𝐴 and the specified set-point (𝐼𝑆𝐸𝑅) 
 

Classifier 

Asses whether the operation was conducted under control 

around the specified set-point and determine if the reactor 

design violated the design constraint, i.e., whether the liquid 

reaction volume exceeded the design volume at any point 

during operation 

DC 

Regressor 
Predict the endpoint of the liquid molar fraction of product B 

in the distillate (𝑥𝐷) 

Regressor 
Predict the endpoint of the liquid molar fraction of product B 

in the bottoms (𝑥𝐵) 

Regressor 
Regress the natural logarithm of the ISE at the distillate 

(𝐼𝑆𝐸𝐷) 

Regressor 
Regress the natural logarithm of the ISE at the bottoms 

(𝐼𝑆𝐸𝐵) 

 

Classifier 

Determine whether the chosen design violates any inherent 

constraints of the DC (e.g., process simulation failure due to 

DAEs non-compliance) and assess whether the system 

remains under control around the established set-points. 

Appendix C provides more information on the input matrices to the mechanistic models, the 

correlations between variables, the architecture of the surrogate models, and the training results of these 

models.  

The action space for this problem was composed of all the design decisions related to the 

reactor and the column (Equation 4.6). For the reactor: set-point of the concentration of A (𝐶𝐴
𝑠𝑝
), initial 

liquid reaction volume (𝑉𝑖𝑛
𝐿 ), and controller parameters (𝐾𝐶

𝑅⁡, 𝜏𝐼
𝑅). For the DC: the number of stages 

(𝑁), column diameter (𝐷𝐶), feed stage (𝑓𝑒𝑒𝑑𝑁), reflux stage (𝑟𝑒𝑓𝑙𝑢𝑥𝑁), and controller parameters at 

the distillate (𝐾𝐶
𝐷⁡, 𝜏𝐼

𝐷) and bottoms (𝐾𝐶
𝐵⁡, 𝜏𝐼

𝐵). 

𝑨 = [𝐶𝐴
𝑠𝑝
, 𝑉𝑖𝑛
𝐿 , 𝐾𝐶

𝑅⁡, 𝜏𝐼
𝑅 , 𝑁, 𝐷𝐶 , 𝑓𝑒𝑒𝑑𝑁 , 𝑟𝑒𝑓𝑙𝑢𝑥𝑁 , 𝐾𝐶

𝐷 , 𝜏𝐼
𝐷 , 𝐾𝐶

𝐵, 𝜏𝐼
𝐵] (4.6) 

Note that in each step, 𝑎𝑖 ⁡is composed of all these design variables; however, not all variables 

are used in every step. To simplify the analysis, the RL environment is designed such that the DC 

remains inactive until the agent has successfully converted 95% of reactant A into the product. Once 

this conversion is achieved, the reactor is deactivated, and the DC is activated. Note that removing the 

masking from the framework will interfere with the agent's learning process, potentially extending the 

time required to converge to a solution or making the learning noisier. One possible outcome is that the 

agent may fail to fully convert reactant A into products, leading to erroneous flowsheets that incorrectly 

utilize a binary DC to separate a ternary mixture . During the steps when the DC is inactive, although 
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the agent samples actions from the probability distributions of the column's design variables, the 

sampled values are not utilized, occurring the same with the reactor when this UO is inactive. The 

observation vector for this case study contains all pertinent information from the environment so that it 

can be used for both UOs. The information stored in the observation vector includes the outlet 

concentration of reactant A, the outlet concentration of product B, the outlet concentration of product 

C, the molar fraction of product B, and the current step (Equation 4.7). Note that the outlet 

concentrations become the inlet concentrations for the subsequent UO. 

𝑜𝑖 = [𝐶𝐴, 𝐶𝐵, 𝐶𝐶 , 𝑧𝐵, 𝑖⁡] (4.7) 

For both UOs, the reward function varies; however, in general terms, it contains the same 

elements: a capital cost, a dynamic cost, and a design and control constraint cost. If the agent is unable 

to meet the process design requirements—namely, achieving the desired molar fractions of products B 

and C after converting reactant A to a certain extent within the permitted number of steps—a further 

penalty is imposed on the agent. The different sub-rewards for this case study are detailed in Table 4.6. 

Table 4.6: Sub-rewards for case study 2 

Sub-reward UO Mathematical formulation Awarded 

UO capital cost 

CSTR 𝑐𝑜𝑠𝑡𝑅 =⁡−
𝑉𝑖𝑛
𝐿 − 𝑉𝑖𝑛

𝐿
𝑚𝑖𝑛

𝑉𝑖𝑛
𝐿
𝑚𝑎𝑥

−⁡𝑉𝑖𝑛
𝐿
𝑚𝑖𝑛

 

Every step 

DC 𝑐𝑜𝑠𝑡𝐷𝐶 =⁡−
𝑉𝐷𝐶 − 𝑉𝐷𝐶

𝑚𝑖𝑛

𝑉𝐷𝐶
𝑚𝑎𝑥 −⁡𝑉𝐷𝐶

𝑚𝑖𝑛
 

Dynamic cost 

CSTR {

−1, 𝐼𝑆𝐸𝑅 ⁡≥ ⁡1

−(1 −⁡
ln(𝐼𝑆𝐸𝑅)

ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛
) , 𝐼𝑆𝐸𝑅 ⁡< ⁡1

 

Every step 

DC 

{

−1, 𝐼𝑆𝐸𝐵 ⁡≥ ⁡1

−(1 −⁡
ln(𝐼𝑆𝐸𝐵)

ln(𝐼𝑆𝐸𝐵)𝑚𝑖𝑛
) , 𝐼𝑆𝐸𝐵 ⁡< ⁡1

 

{

−1, 𝐼𝑆𝐸𝐷 ⁡≥ ⁡1

−(1 −⁡
ln(𝐼𝑆𝐸𝐷)

ln(𝐼𝑆𝐸𝐷)𝑚𝑖𝑛
) , 𝐼𝑆𝐸𝐷 ⁡< ⁡1

 

Design and control 

constraint 

CSTR {
0, 𝐿𝑎𝑏𝑒𝑙𝑅̂ ⁡= ⁡1

−1.0, 𝐿𝑎𝑏𝑒𝑙𝑅̂ ⁡= ⁡0
 

Every step 

DC {
0, 𝐿𝑎𝑏𝑒𝑙𝐷𝐶̂ ⁡= ⁡1

−5.0, 𝐿𝑎𝑏𝑒𝑙𝐷𝐶̂ ⁡= ⁡0
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Process design 

requirement 
Both {

0, 𝑖 < 𝐼
−5.0, 𝑖 ≥ 𝐼

 Final step 

The capital cost sub-reward, similar to the previous case study, is composed of a volume 

normalized by the maximum and minimum possible values. In the case of the CSTR, the considered 

volume is the initial liquid reaction volume chosen by the agent. For the DC, the volume is composed 

as follows: 

𝑉𝐷𝐶 = (𝜋 ∗
𝐷𝐶
2
)
2

∗ (1.2 ∗ 0.61 ∗ (𝑁 − 2)) 
 

(4.8) 

The dynamic sub-reward follows the same structure and logic as that used in the previous case 

study. For this case, the value of ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛 was -8, while for both ln(𝐼𝑆𝐸𝐷)𝑚𝑖𝑛 and ln(𝐼𝑆𝐸𝐵)𝑚𝑖𝑛 a 

value of -17 was used. Note that these values are not chosen arbitrarily but are based on an analysis of 

the minimum values at which the surrogate models can perform regression. For the design and control 

constraint sub-reward, the agent received two fixed penalties depending on the UO. For the CSTR, a 

design or control violation resulted in a penalty of -1. This penalty aims to indicate that the proposed 

design was incorrect without significantly hindering the agent's exploration capabilities. In contrast, a 

more severe penalty was associated with the DC to indicate that the proposed design was incorrect. The 

difference in penalties arises from the fact that violations of constraints by the DC are more undesirable 

than those by the reactor, indicating that the proposed design leads to a failure to satisfy the DAEs. 

Additionally, a larger penalty value must be assigned to this UO because its reward function comprises 

more terms, and if the penalty value is too small, its impact may be diminished or overlooked. In the 

case where the agent is unable to convert all the reactant into the product and distill the product within 

the maximum number of permitted steps in an episode (𝐼), a final penalty is imposed on the agent. This 

penalty indicates that the proposed CPF is incapable of achieving the intended design objectives within 

the allowed number of steps. 

The training of the PPO agent took 59.17 minutes to complete 100,000 steps. The actor network 

consisted of 2 hidden layers, each with 64 neurons, while the critic network had only 1 hidden layer 

with 64 neurons. The actor-critic networks were updated every 2048 steps with a discount factor of 

0.99 and optimized using Adam (Kingma and Ba, 2017) optimizer with a starting learning rate of 2.5e-

4, which was adjusted throughout the training. 
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Figure 4.8: PPO agent's learning curve 

The learning curve of the PPO agent, depicted in Figure 4.8, shows the cumulative reward 

versus the number of episodes, highlighting the agent's performance over time. The agent's exploration 

phase, characterized by the wide spread in the faded grey region, extends over the first 5,000 episodes. 

Throughout this phase, the agent learns to design CPFs that do not violate the design constraints and 

that correctly control the system. This learning process is reflected in the steady increase of the running 

mean. After exploring various CPFs, the next phase of the agent's learning corresponds to the 

refinement of its designs (exploitation). In this phase, the rate of learning growth is not as immediate 

as in the exploration phase, but the variability in the designed flowsheets is much lower, as clearly 

reflected in the shrinkage of the area of the grey faded region – cumulative rewards are more similar. 

When evaluating the best-performing agents, the resulting CPF is capable of distilling products 

B and C to molar fractions of 0.99 and 0.9, respectively, having previously converted reactant A to 

95%; adhere to the design constraints (reaction volume smaller than 8 liters); and produce an 

economically attractive solution. For this case, the agent required three CSTRs and a DC with the design 

specifications shown in Table 4.7 (Scenario D) and Figure 4.9. 
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Table 4.7: UOs designs and specifications for case study 2 scenarios D and E 

Scenario Variable CSTR 1 CSTR 2 CSTR 3 DC 

D 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3.4175 3.3842 3.4020 - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3581 0.1247 0.0482 - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -157.9105 -174.1107 -180.4943 - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 5.1789 5.8452 6.2748 - 

𝑁  - - - 13 

𝐷𝐶 ⁡[𝑚]  - - - 0.3336 

𝑓𝑒𝑒𝑑𝑁 - - - 4 

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 - - - 12 

𝐾𝐶
𝐷 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - -15.7539 

𝜏𝐼
𝐷⁡[𝑚𝑖𝑛−1] - - - 0.0493 

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - 16.2139 

 𝜏𝐼
𝐵⁡[𝑚𝑖𝑛−1] - - - 0.0477 

E 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3.1359 3.2970 3.6038 - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3015 0.1146 0.04977 - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -156.5406 -179.6652 -180.6296 - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 5.4388 5.7206 5.0507 - 

𝑁  - - - 14 

𝐷𝐶 ⁡[𝑚]  - - - 0.3158 

𝑓𝑒𝑒𝑑𝑁 - - - 7 

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 - - - 13 

𝐾𝐶
𝐷 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - -16.6067 

𝜏𝐼
𝐷⁡[𝑚𝑖𝑛−1] - - - 0.0162 

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - 13.3983 

𝜏𝐼
𝐵⁡[𝑚𝑖𝑛−1] - - - 0.0166 

 

 

Figure 4.9: Final flowsheet for both scenarios 
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Furthermore, the dynamic responses obtained when evaluating the mechanist models of the 

CSTR and DC with these specifications are shown in Figure 4.10 and 4.11, respectively. 

 

Figure 4.10: Dynamic responses Scenario D of: A) CSTR 1 B) CSTR 2 C) CSTR 3 

 

Figure 4.11: Dynamic responses Scenario D of DC: A) Bottoms B) Overheads 

For the three CSTRs designed by the agent, the disturbance is successfully rejected while 

operating at the established set-point (Figure 4.10). Notably, the agent could have chosen two reactors 

to achieve the desired conversion of A with fewer units. However, due to the volume constraint, the 

agent opted to include three reactors with initially small liquid reaction volumes. The first two reactors 

experience significant volume swings, reaching up to 6.5 liters before stabilizing at a lower volume. 

Nevertheless, none of the reactors violate the design constraints (see Figure C.2 in Appendix C). 

Regarding process control, the three reactors employ large 𝐾𝐶
𝑅 and 𝜏𝐼

𝑅 values (see Table C.2 in 

Appendix C for variable bounds). This control scheme induces oscillatory behavior in the response 

variable, specially for the first reactor, before stabilizing at the set-point. For the DC, as with the 

reactors, the disturbance is successfully rejected while operating at the established set-points (Figure 

4.11). Regarding process design, the agent selects a column with a small diameter and an intermediate 
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number of stages (see Table C.5 in Appendix C for variable bounds). Since the molar fraction required 

for product B is higher than for product C, the agent feeds the column in the lower middle section to 

allow for more enrichment stages. The chosen control strategy is aggressive, where the response 

variable is quickly controlled with minimal oscillations, characterized by low 𝜏𝐼 values. 

As mentioned in case study 1 Scenario C, one of the main advantages of the present RL 

framework is the ability to employ surrogate models across different problems, provided that the 

prediction ranges of these models align with the modifications required by the new problem. To further 

illustrate this feature, the case study presented in this scenario (Scenario D) was modified by tasking 

the agent to achieve 0.99 molar fractions of B and C in both of the CPF’s outflows, while maintaining 

the 95% conversion of reactant A. The design constraint of 8 liters remained unchanged, and the agent 

was allowed to use a maximum of 10 steps to achieve the corresponding design specifications. Having 

established the new molar fraction goal, the PPO agent, with the same specifications, was trained for 

100,000 steps for the course of 58.34 minutes. The actor-critic networks were updated every 2048 steps 

with a discount factor of 0.99 and optimized using the Adam optimizer (Kingma and Ba, 2017), starting 

with a learning rate of 2.5e-4, which was adjusted throughout the training.  

The overall structure of the resulting CPF closely mirrored that of Scenario D, with some 

variations in the design specifications of the UOs, detailed in Table 4.7 (Scenario E).  

 

Figure 4.12: Dynamic responses Scenario E of: A) CSTR 1 B) CSTR 2 C) CSTR 3 
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Figure 4.13: Dynamic responses Scenario E of DC: A) Bottoms B) Overheads 

Similar to Scenario D, all UOs successfully reject disturbances in the inlet flow, maintaining 

control around the specified set point, as presented in Figures 4.12 and 4.13. As shown in Table 4.7 

(Scenario E), the reactor designs for both case studies exhibit a very similar configuration, reflected in 

the dynamic response where the dynamic responses for the concentration of A is similar between both 

cases. Similarly, all reactors adhered to the volume design constraint, maintaining a reaction volume 

below 8 liters. Note that in this scenario, the first reactor exhibits the largest fluctuations in volume, 

reaching values above 7 liters, which are higher than those observed in the reactors of the previous 

scenario (see Figure C.3 in the Appendix C). On the other hand, the DC shows variations between the 

two case studies. The primary difference lies in the feed stage, where in Scenario E, the agent decides 

to feed the column at the midpoint, resulting in an equal number of enriching and stripping stages. 

Additionally, there is a change in the total number of stages, with the DC designed in Scenario E having 

more stages. This behavior is logical, as the agent recognizes the need to add more stages to achieve 

higher purity at both ends of the column. Regarding control, the approach adopted in this case study is 

more aggressive compared to the previous one, evidenced by minimal to no oscillations and rapid 

system stabilization in both the overheads and bottoms. This aggressiveness in the dynamic response 

is expected given that the time constant (𝜏𝐼) for both PI controllers in Scenario E are four times smaller 

than in Scenario D.  

4.2.3 Case study 3 

This case study builds upon the problem outlined in the previous section, with the key difference being 

the introduction of a third UO, a flash tank (FT). The inclusion of this unit enhances the flexibility of 

the process, enabling exploration of alternative separation strategies for the products. As in the previous 
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case study, the entire process is conducted isothermally and subjected to a +50% step disturbance in 

the inlet flow rate. The dynamic model for the FT was adapted from the literature (Schweiger and 

Floudas, 1998), with detailed mathematical formulations provided in Appendix D. Recognizing the 

limitations of FT in the separation process compared to DC, the focus of this case study was narrowed 

to a single outlet stream. Specifically, attention was placed on the molar fraction of product B in the 

bottoms’ outlet stream for the DC and the liquid outlet stream for the FT.  

In the first scenario (Scenario F), the target molar fraction for product B was set at 0.1. Similar 

to the previous case study, to avoid unnecessary mass loss in streams containing residual reactant A 

and given that the separation process in both units is binary, the agent was expected to ensure a 

minimum 95% conversion of reactant A into products. Furthermore, the agent was tasked with 

effectively rejecting disturbances in the inlet flow rate and maintaining the reaction volume within the 

design limit of 8 liters in the CSTR. Each UO selected by the agent is equipped with its own integrated 

control system. The control structure of the reactor and the DC is described in section 4.2.2. Conversely, 

the FT is equipped with a PI controller that regulates the liquid molar fraction of product B by adjusting 

the vapor outlet flow rate. The maximum number of steps available to the agent per episode was set at 

10, allowing complete freedom to choose the necessary reactors to meet the specified conversion 

condition, as well as the DC or FTs needed to separate the binary mixture. 

For this case study 13 surrogate models were employed, including the nine previously 

introduced in Table 4.4, along with four additional models specifically tailored for the FT. Note that 

the surrogate models for the DC were retrained, extending the range of 𝑥𝐵
𝑠𝑝

 by adjusting the upper 

bound from 0.1 to 0.4. The type and performance metrics for the FT surrogate models are presented in 

Table 4.8: 

Table 4.8: FT’s surrogate models 

Unit operation Type Performance metric 

FT 

Regressor 
Predict the endpoint of the liquid molar fraction of product B 

in the liquid outlet flow rate  (𝑥𝐵) 

Regressor Predict the endpoint of the liquid outlet flowrate (𝐿𝐹𝑇) 

Regressor 

Regress the natural logarithm of the ISE (ln(𝐼𝑆𝐸𝐹𝑇)) which 

measures the difference between 𝑥𝐵 and the specified set-

point 

 

Classifier 

Determine whether the chosen design violates any inherent 

constraints of the FT (e.g., process simulation failure due to 

DAEs non-compliance) and assess whether the system 

remains under control around the established set-points. 
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More detailed information about the identification of the surrogate models, correlations 

between variables and the coefficient of determination of the models can be found in Appendix D. 

The action space for this problem builds upon the action space outlined in the previous section 

(Equation 4.6), incorporating the design decisions specific to the FT, which are as follows: molar 

fraction set-point of B at the liquid outlet (𝑥𝐿
𝑠𝑝
) and controller parameters at the vapor outlet (𝐾𝐶

𝐹𝑇 , 𝜏𝐼
𝐹𝑇). 

In addition to the design variables of the three UOs, 𝑨 also includes a binary variable that indicates the 

choice between DC and FT, denoted as 𝜇̃. 

𝑨 = [𝐶𝐴
𝑠𝑝
, 𝑉𝑖𝑛
𝐿 , 𝐾𝐶

𝑅 ⁡, 𝜏𝐼
𝑅 , 𝑁, 𝐷𝐶 , 𝑓𝑒𝑒𝑑𝑁 , 𝑟𝑒𝑓𝑙𝑢𝑥𝑁, 𝐾𝐶

𝐷⁡, 𝜏𝐼
𝐷 , 𝐾𝐶

𝐵⁡, 𝜏𝐼
𝐵, 𝑥𝐿

𝑠𝑝
, 𝐾𝐶
𝐹𝑇 , 𝜏𝐼

𝐹𝑇 , 𝜇̃] (4.9) 

As in the previous case study, the binary and discrete variables in this case were approximated 

using continuous distributions to enable the application of the same framework discussed in earlier 

sections. To simplify the analysis, the RL environment is designed such that the DC and FT remain 

inactive until the agent has successfully converted 95% of reactant A into the product. Once this 

conversion is achieved, the reactor is deactivated, and the previously inactive UOs are activated. The 

observation vector for this case study is the same as the one presented in Equation 4.7. 

The reward functions for the reactor and DC from case study 2 were retained for the current 

analysis. In line with this approach, the reward function for the FT was similarly constructed, 

encompassing sub-rewards for capital cost, dynamic operating cost, and design and control constraint. 

If the agent was unable to meet the process design requirements—namely, achieving the desired molar 

fractions of products B after converting reactant A to a certain extent within the permitted number of 

steps—a further penalty was imposed on the agent. The different sub-rewards for the FT are detailed 

in Table 4.9. 

Table 4.9: Sub-rewards for FT 

Sub-reward Mathematical formulation Awarded 

UO capital cost 𝑐𝑜𝑠𝑡𝐹𝑇 = ⁡−0.1 Every step 

Dynamic cost {

−1, 𝐼𝑆𝐸𝐹𝑇 ⁡≥ ⁡1

−(1 −⁡
ln(𝐼𝑆𝐸𝐹𝑇)

ln(𝐼𝑆𝐸𝐹𝑇)𝑚𝑖𝑛
) , 𝐼𝑆𝐸𝐹𝑇 ⁡< ⁡1

 Every step 

Design and control 

constraint 
{
0, 𝐿𝑎𝑏𝑒𝑙𝐹𝑇̂ ⁡= ⁡1

−5.0, 𝐿𝑎𝑏𝑒𝑙𝐹𝑇̂ = ⁡0
 Every step 
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 In this case, since there are no sizing variables for the FT, a constant capital cost of -0.1 was 

assigned. This value was chosen to symbolically represent the cost of adding a FT to the flowsheet, 

indicating that it incurs an expense but is considerably smaller compared to the cost of a DC. The 

dynamic sub-reward follows the same structure and logic as that used in the previous case study. For 

this case, the value of ln(𝐼𝑆𝐸𝐹𝑇)𝑚𝑖𝑛 was -8, value based on an analysis of the minimum values at which 

the surrogate model can perform regression. For the design and control constraint sub-reward, a similar 

approach to that of the DC was employed. In this case, the objective was to ensure that the agent violated 

the constraints of the FT, as such violations would result in failure to satisfy the DAEs. The penalty 

assigned was sufficiently large to significantly impact the agent's reward, discouraging constraint 

violations and preventing the agent from converging on suboptimal designs that yield comparable 

rewards without violating the design and control constraints. 

The PPO agent was trained for 100,000 steps taking around 52.27 minutes. The actor network 

consisted of 2 hidden layers, each with 64 neurons, while the critic network had only 1 hidden layer 

with 64 neurons. The actor-critic networks were updated every 2048 steps with a discount factor of 

0.99 and optimized using Adam optimizer (Kingma and Ba, 2017) with a starting learning rate of 2.5e-

4, which was adjusted throughout the training. 

 

Figure 4.14: PPO agent's learning curve 
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A comparison of the computational times required for training agents in both Scenario D and 

Scenario E revealed no substantial differences, suggesting that the inclusion of an additional UO in the 

problem formulation did not significantly impact computational time. In contrast, the learning process 

was significantly influenced by the presence of the additional UO. This effect was clearly illustrated in 

Figure 4.14, which presented the learning curve for the PPO agent in Scenario F. A comparison of 

Figures 4.8 and 4.14 yielded the following observations. First, Scenario F exhibited a noisier learning 

process than Scenario D, with a prolonged exploration phase; specifically, the exploration phase in 

Scenario F continued until approximately 6,000 episodes, whereas in Scenario D, it concluded around 

4,000 episodes. Furthermore, the increased noise was not limited to the exploration phase, as the 

exploitation phase was also markedly noisier in Scenario F compared to Scenario D. The increase in 

variability of cumulative rewards did not imply that the agent failed to converge to a solution; rather, it 

indicated the expanded search space available to the agent, represented by a larger action space. This 

broader action space required the agent to explore a wider array of alternatives, resulting in more 

pronounced fluctuations in cumulative rewards. Despite these differences, the cumulative reward trends 

remained similar, with exponential growth during the initial episodes followed by a plateau at a reward 

level of approximately -2.5. 

When evaluating the best-performing agents, the resulting CPF is capable of distilling product 

B to a molar fraction of 0.1, having previously converted reactant A to 95%; adhere to the design 

constraints (reaction volume smaller than 8 liters); and produce an economically attractive solution. 

For this case, the agent required three CSTRs and a DC with the design specifications shown in Table 

4.10 (Scenario F) and Figure 4.9. 

Table 4.10: UOs designs and specifications for case study 3 scenarios F and G 

Scenario Variable CSTR 1 CSTR 2 CSTR 3 DC/FT 

F 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3.8988 3.7787 3.8763 - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3352 0.1032 0.0480 - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -164.6513 -172.4885 -173.0276 - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 5.2697 5.9563 6.3171 - 

𝑁  - - - 13 

𝐷𝐶 ⁡[𝑚]  - - - 0.3454 

𝑓𝑒𝑒𝑑𝑁 - - - 5 

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 - - - 12 

𝐾𝐶
𝐷 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - -13.7983 

𝜏𝐼
𝐷⁡[𝑚𝑖𝑛−1] - - - 0.1381 

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - 14.6740 
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 𝜏𝐼
𝐵⁡[𝑚𝑖𝑛−1] - - - 0.0785 

G 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 4.0549 4.0239 4.1461 - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3482 0.1044 0.0498 - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -148.5977 -162.3069 -171.0000 - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 4.9108 5.7208 6.1898 - 

𝑥𝐿
𝑠𝑝

 - - - 0.3635 

⁡𝐾𝐶
𝐹𝑇 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - - 7.7068 

⁡𝜏𝐼
𝐹𝑇 ⁡[𝑚𝑖𝑛−1] - - - 0.4628 

The dynamic responses obtained when evaluating the mechanist models of the CSTR and DC 

with these specifications are shown in Figure 4.15 and 4.16, respectively. 

 

Figure 4.15: Dynamic responses Scenario F of: A) CSTR 1 B) CSTR 2 C) CSTR 3 

 

Figure 4.16: Dynamic response of DC Scenario F 

The results for this scenario indicate that the designed CPF requires a DC instead of a flash 

separator. Although the capital cost of a FT is lower, the agent learned during training that using 

multiple flash units in sequence failed to achieve the desired product purity. To experimentally validate 
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this finding, attempts were made to reach the required purity using only FTs. It was observed that, to 

reach such high purities, the product-rich stream (containing product C) had very low flow rates, while 

the opposing stream (liquid or vapor) contained most of the mass flow with practically the same 

composition as the inlet flow. This made the separation process impractical for achieving the target 

purity. 

Similar to the previous case study, the designed UOs were capable of rejecting the step 

disturbance in the inlet flow, maintaining control around the specified set point, as shown in Figures 

4.15 and 4.16. In this scenario, the agent selected reactors with slightly larger initial reaction volumes 

compared to Scenario D. However, this increase did not violate the volume constraint (see Figure D.2 

in Appendix D), as the total reaction volume of each reactor remained below the 8-liter limit. Notably, 

for the second reactor, the increased volume brought it closer to the permitted maximum, with values 

approaching 7.7 liters. Regarding the DC, the analysis paralleled that of the reactors. The overall design 

was similar, with the only significant changes being a feed stage positioned one tray higher than in 

Scenario D and a slightly larger diameter. Additionally, a minor adjustment was observed in the 

controller design: a less aggressive PI controller was used, leading to prolonged oscillations that settled 

after 15 minutes. 

To further enhance the work, and considering the significant advantage offered by the proposed 

framework – which allows the use of surrogate models across various problems – a new scenario was 

addressed. In Scenario G, the agent was tasked with achieving a target molar fraction of 0.4 for product 

B, while maintaining the 95% conversion of reactant A. The design constraint of 8 liters remained 

unchanged, and the agent was allowed to use a maximum of 10 steps to achieve the corresponding 

design specifications. Having established the new molar fraction goal, the PPO agent, with the same 

specifications from Scenario F, was trained for 100,000 steps for the course of 50.35 minutes. The 

actor-critic networks were updated every 2048 steps with a discount factor of 0.99 and optimized using 

the Adam optimizer (Kingma and Ba, 2017), starting with a learning rate of 2.5e-4, which was adjusted 

throughout the training.  
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Figure 4.17: PPO agent's learning curve 

Figure 4.17 shows the learning curve for the PPO agent trained in Scenario G, with the running 

average showcasing the trend of the agent’s learning progress. The learning pattern in this case is 

distinct, as it does not follow the typical trend of transitioning from exponential growth to a plateau. 

Instead, after an initial period of exponential growth during the first 5,000 episodes, the agent 

experiences an intermediate phase of linear growth. This allows the agent to plateau around episode 

12,500, reaching a cumulative reward of approximately -3.0. This difference in learning is also reflected 

in the variability of cumulative rewards. Unlike previous scenarios (Figures 4.8 and 4.14), where 

variability significantly decreases after 5,000 episodes, this reduction does not occur until around 

episode 12,500. While there is a slight decrease in variability between episodes 5,000 and 12,500, it is 

less evident than in the other cases. Several factors contribute to this variability. First, the DC is more 

prone to simulation errors when trying to distill component B at a lower purity. This was confirmed 

through post-training tests. Second, the agent struggles to find the optimal flowsheet and often selects 

multiple FTs in series, as observed during its learning process. This approach typically results in errors, 

as the FT has a very narrow operational range, and even minor deviations in conditions lead to 

simulation errors. 

When evaluating the best-performing agents, the resulting CPF is capable of distilling product 

B to a molar fraction of 0.4, having previously converted reactant A to 95%; adhere to the design 
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constraints (reaction volume smaller than 8 liters); and produce an economically attractive solution. 

For this case, the agent required three CSTRs and a FT with the design specifications shown in Table 

4.10 (Scenario G) and the obtained CPF shown in Figure 4.18. 

 

Figure 4.18: Final flowsheet Scenario G 

The dynamic responses obtained when evaluating the mechanist models of the CSTR and FT 

with these specifications are shown in Figure 4.19 and 4.20, respectively. 

 

Figure 4.19: Dynamic responses Scenario G of: A) CSTR 1 B) CSTR 2 C) CSTR 3 
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Figure 4.20: Dynamic response of FT Scenario G 

Analyzing the CPF obtained from Scenario G, several key observations emerge. The three 

reactors designed by the agent successfully rejected the disturbance in the inlet flow rate while 

maintaining operation at the established set point, as shown in Figure 4.19. Compared to previous 

scenarios, the selected 𝑉𝑖𝑛
𝐿  are larger, with initial values around 4 liters. Despite the increased volumes, 

none of the reactors violate the 8-liter design constraint (see Figure D.3 in Appendix D). The second 

reactor comes closest to the limit, exhibiting oscillations that peak at approximately 7.9 liters. In terms 

of process control, same as the other scenarios, the three reactors utilize relatively large values for both 

𝐾𝐶
𝑅 and 𝜏𝐼

𝑅 (refer to Table C.2 in Appendix C for variable bounds). For the FT, similar to the reactors, 

the disturbance is successfully rejected while maintaining operation at the established set points, as 

illustrated in Figure 4.20. In terms of process control, the agent adopts a relatively aggressive strategy, 

allowing for a swift response of the controlled variable with minimal oscillations, despite selecting 

medium values for 𝐾𝐶
𝐹𝑇 and 𝜏𝐼

𝐹𝑇 (refer to Table D.2 in Appendix D for variable bounds). In this 

scenario, the agent was able to achieve a molar fraction of component B using only one FT. It is 

important to note that while the target value of 0.4 was not attained, the agent proposed a molar fraction 

of 0.365. Given that the design constraint required the molar fraction to be equal to or less than 0.4 (i.e., 

𝑥𝐿 ≤ 0.4), the design proposed by the agent remains valid. Furthermore, since 𝑥𝐿
𝑠𝑝

 is a decision variable 

that the agent must select, it is unlikely that the agent will precisely choose 0.4 unless the problem 

formulation explicitly necessitates this value. 
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4.2.4 Case study 4 

This case study builds on the second case study by presenting a process that more closely mirrors real-

world applications. The primary objective of this case study is to generate, design and control a CPF 

that efficiently produces two high-purity products (B and C) from reactant A. Unlike the previous case 

study, this example presents a more realistic scenario by introducing the agent to more complex 

synthesis decisions. Key considerations in this case include determining the optimal separation 

sequence for the ternary mixture, where the agent must decide on the types and order of distillation 

columns to be included in the flowsheet. Additionally, a recycle stream is incorporated into the 

separation process, making the synthesis decision more intricate. In this case, the agent must not only 

choose the separation sequence but also determine when to perform the recycle, further integrating the 

mass reintegration into the process design. The entire process is conducted isothermally and 

experiences a +50% step disturbance in the inlet flow rate. This case study is analogous to the 

isomerization of n-pentane into its isomers, iso-pentane and neopentane, where separation is facilitated 

by their boiling point differences; more information is provided in the Appendix E. 

In this case, the RL agent has access to four UOs: a CSTR where two first-order reactions (𝐴⁡ →

𝐵 and 𝐴⁡ → 𝐶) occur in parallel, and three different binary DC, each operating at a constant relative 

volatility to obtain pure streams of the ternary mixture components, all while considering the dynamic 

models of the CSTR and DCs in closed-loop operation. In this case B is the most volatile component – 

light key (LK), while A is the least volatile – heavy key (HK). Table 4.11 presents the different values 

of the relative volatilities (𝛼) of a component with respect to the HK: 

Table 4.11 Relative volatilities 

Component 𝛼 𝛼 

A 1.00 - 

B 4.50 2.50 

C 3.50 1.00 

 The dynamic models for the CSTR and DC used in this case study were the same as those 

employed in case study 2 (Bequette, 2002; Schweiger and Floudas, 1998), only varying the value of 

the relative volatility in the DC model accordingly. The same mechanistic models as in case study 2 

were used, more detailed mathematical formulations of the UO models are provided in Appendix C. 
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To prevent unnecessary mass loss, the distilled pure A stream was recycled into the system’s 

inlet. It is assumed that the recycle stream passes through a dampening tank before being reintroduced, 

which mitigates any dynamic effects. For simplicity, the design of the dampening tank is not explicitly 

considered; however, it is assumed that the tank's volume is large enough to effectively dampen the 

dynamics. The tank is designed as an overflow tank, which ensures a constant inlet and outlet flow, this 

assumption eliminates disturbances in the inlet flow caused by the recycling process. By recycling A, 

mass conservation is maintained, as the mass lost during separation is recovered. Consequently, the 

initial flowrate for the column performing the recycling will be the same for subsequent UOs. This 

approach simplifies the analysis while preserving mass balance throughout the system.  

For the first scenario (Scenario H), the agent was tasked with achieving two outflows, each 

with a molar fraction of products B and C of 0.99 or higher, having converted A at least to a 50% 

beforehand. The agent was tasked with effectively rejecting the beforementioned step disturbance of 

+50% in the inlet flow rate and maintaining the reaction volume within the design limit of 8 liters in 

the CSTR. Each UO selected by the agent is equipped with its own integrated control system. For the 

reactor, a PI controller is included, which regulates the outlet concentration of reactant A by adjusting 

the outlet flow rate. In contrast, the DC is equipped with two controllers: one at the top to regulate the 

molar fraction of the LK at the distillate by manipulating the reflux flow rate, and another at the bottoms 

to regulate the molar fraction of the LK at the bottoms by manipulating the vapor boil-up rate. The 

maximum number of steps available to the agent per episode was 10. Within this limit, the agent had 

complete freedom to choose the number of reactors required to meet the specified conversion condition 

as well as the DC necessary to separate the ternary mixture. 

 For this case study, 19 surrogate models were employed: four for the CSTR and five for each 

DC. The type and performance of the surrogate models were consistent with those described in Table 

4.4. The only difference was that for the DC surrogate models, an additional 10 models were developed 

to account for the two other relative volatility values, 3.5 and 4.5. The action space (Equation 4.10) for 

this problem builds upon the action space outlined in the previous section (Equation 4.6), incorporating 

the binary decision variable (𝜈) that defines the separation sequence to be followed by the agent. 

Specifically, it determines whether the process should first separate product B from the ternary mixture, 

followed by a separation of A and C; or alternatively, separate products B and C from A first, with a 

subsequent separation of the products. 
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𝑨 = [𝐶𝐴
𝑠𝑝
, 𝑉𝑖𝑛
𝐿 , 𝐾𝐶

𝑅⁡, 𝜏𝐼
𝑅 , 𝑁, 𝐷𝐶 , 𝑓𝑒𝑒𝑑𝑁 , 𝑟𝑒𝑓𝑙𝑢𝑥𝑁 , 𝐾𝐶

𝐷⁡, 𝜏𝐼
𝐷 , 𝐾𝐶

𝐵⁡, 𝜏𝐼
𝐵, 𝜈] (4.10) 

As in the previous case study, the binary and discrete variables in this case were approximated 

using continuous distributions to enable the application of the same framework discussed in earlier 

sections. The observation vector for this case study contains all pertinent information from the 

environment so that it can be used for both UOs’ types. The information stored in the observation vector 

includes the outlet concentrations of reactant A and products B and C, the molar fractions of all three 

components, and the current step (Equation 4.11). Note that the outlet concentrations become the inlet 

concentrations for the subsequent UO. 

𝑜𝑖 = [𝐶𝐴, 𝐶𝐵, 𝐶𝐶 , 𝑧𝐴, 𝑧𝐵 , 𝑧𝐶 , 𝑖⁡] (4.11) 

The reward functions and all specifications for the reactor and DC from case study 2 were 

retained in the current analysis. It is important to note that the reward functions for the DCs remain 

identical across all three types of DCs, regardless of their relative volatility values. 

The PPO agent was trained for 100,000 steps taking around 62.34 minutes. The actor network 

consisted of 2 hidden layers, each with 64 neurons, while the critic network had only 1 hidden layer 

with 64 neurons. The actor-critic networks were updated every 2048 steps with a discount factor of 

0.99 and optimized using Adam optimizer (Kingma and Ba, 2017) with a starting learning rate of 2.5e-

4, which was adjusted throughout the training. 
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Figure 4.21: PPO agent's learning curve 

A comparison of the computational times required for training agents in the previous two case 

studies showed no significant differences. This finding supports the claim that incorporating additional 

UOs into the problem formulation did not substantially affect computational time. The learning curve 

of the PPO agent, depicted in Figure 4.21, shows the cumulative reward versus the number of episodes, 

highlighting the agent's performance over time. The agent's exploration phase, characterized by the 

wide spread in the faded grey region, extends over the first 12,000 episodes. Throughout this phase, the 

agent learns to design CPFs that do not violate the design constraints and that correctly control the 

system. This learning process is reflected in the steady increase of the running mean. After exploring 

various CPFs, the next phase of the agent's learning corresponds to the refinement of its designs 

(exploitation). In this phase, the rate of learning growth is not as immediate as in the exploration phase, 

but the variability in the designed flowsheets is much lower, as clearly reflected in the shrinkage of the 

area of the grey faded region – cumulative rewards are more similar. 

When evaluating the best-performing agents, the resulting CPF is capable of distilling both 

products to a molar fraction of 0.99, having previously converted reactant A to 50%; adhere to the 

design constraints (reaction volume smaller than 8 liters); and produce an economically attractive 

solution. For this case, the agent required one CSTR and two DCs with the design specifications shown 

in Table 4.12 (Scenario H) and Figure 4.22. 
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Table 4.12: UOs designs and specifications for case study 3 scenarios F and G 

Scenario Variable CSTR 1 CSTR 2 DC 1 DC 2 

H 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3.0516 - - - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3172 - - - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -131.7546 - - - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 4.0099 - - - 

𝑁  - - 13 14 

𝐷𝐶 ⁡[𝑚]  - - 0.3865 0.3611 

𝑓𝑒𝑒𝑑𝑁 - - 6 5 

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 - - 12 13 

𝐾𝐶
𝐷 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - -14.5769 -18.7366 

𝜏𝐼
𝐷⁡[𝑚𝑖𝑛−1] - - 0.1479 0.0577 

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - 16.2761 16.7803 

 𝜏𝐼
𝐵⁡[𝑚𝑖𝑛−1] - - 0.0102 0.0662 

I 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3.8198 6.1889 - - 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.3374 0.2407 - - 

𝐾𝐶
𝑅⁡[𝐿2/𝑚𝑜𝑙⁡⁡min−1]  -194.7158 -94.9062 - - 

𝜏𝐼
𝑅⁡[𝑚𝑖𝑛−1] 5.2575 4.5057 - - 

𝑁  - - 16 18 

𝐷𝐶 ⁡[𝑚]  - - 0.3046 0.3140 

𝑓𝑒𝑒𝑑𝑁 - - 8 8 

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 - - 15 17 

𝐾𝐶
𝐷 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - -8.7482 -18.9527 

𝜏𝐼
𝐷⁡[𝑚𝑖𝑛−1] - - 0.0964 0.1566 

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] - - 15.3053 19.3028 

𝜏𝐼
𝐵⁡[𝑚𝑖𝑛−1] - - 0.1687 0.0617 

 In this case, the separation sequence chosen by the agent involved initially isolating the least 

volatile component of the mixture, corresponding to the simplest separation task, followed by the 

subsequent separation of the remaining products. Notably, the agent arrived at this strategy through its 

learning process, without prior knowledge of or explicit access to heuristic rules that typically guide 

such decisions. This outcome highlights the agent's ability to independently identify an efficient 
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separation strategy, aligning with established process engineering principles that often favor starting 

with the simplest separation to minimize operational complexity (Douglas, 1988; Smith, 2005). 

 

Figure 4.22: Final flowsheet Scenario H 

The dynamic responses for the mechanistic models of the CSTR and the first and second DCs 

using the design parameters outlined in Table 4.12 are illustrated in Figures 4.23, 4.24, and 4.25, 

respectively. 

 

Figure 4.23. Dynamic response Scenario H of CSTR 

For the CSTR designed by the agent, the disturbance is successfully rejected while operating 

at the established set-point (Figure 4.23). In this case, the agent selects a relatively small 𝑉𝑖𝑛
𝐿  to avoid 

exceeding the design volume limit of 8 liters (see Figure E.1 in Appendix E). Despite this precaution, 

the volume undergoes significant fluctuations, reaching up to 7 liters before eventually reaching a new 

steady-state condition. In RL, there is no single correct answer. Unlike model-based optimization, 
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which returns a single solution, RL samples actions from a probability distribution, leading to slight 

variations in the agent's responses. In some tests, the agent selected a 𝐶𝐴
𝑠𝑝

 value closer to 0.5. Combined 

with relatively stable values for other design variables, this resulted in responses slightly different from 

those shown in Figure 4.23 and Figure E.1. Specifically, the dynamic response exhibited greater 

oscillations, while volume fluctuations were minimal, reaching a maximum of 4 liters. This highlights 

a clear trade-off in the agent's learning process: higher dynamic costs (reflected in increased oscillations 

and a higher ISE value) corresponded to smaller volume fluctuations, reducing the risk of violating the 

design constraint. Regarding process control, the reactor employs medium-sized 𝐾𝐶
𝑅 and 𝜏𝐼

𝑅 values (see 

Table C.2 in Appendix C for variable bounds). This control scheme induces oscillatory behavior in the 

response variable before approaching the set-point. 

 

Figure 4.24. Dynamic responses Scenario H of DC 1: A) Bottoms B) Overheads 

 As previously mentioned, the first DC separates products B and C from reactant A. The 

dynamic profiles in Figure 4.24 illustrate the response of the LK at both ends of the column, where the 

LK in this case consists of the two products. Similar to the reactor, the first distillation column 

successfully rejects inlet disturbances while maintaining operation at the designated set point. For its 

design, the agent selected a column with a small diameter and a number of stages close to the minimum 

– which was 10 in this case. Post-analysis of the results confirmed that achieving molar fractions of 

0.99 at both ends of the column did not require an excessive number of stages, aligning with the agent's 

design decisions. However, the agent could have opted for a column with 12 stages, which would also 

have met the separation requirements. Additionally, while the selected column diameter was sufficient 

to handle the operating conditions, a slightly smaller diameter could have been chosen to reduce costs 

without compromising performance. The control strategy chosen by the agent allows for small-
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amplitude oscillations in the response before approaching the set point, which occurs within 10 minutes. 

Notably, the dynamic response for the bottoms exhibits more oscillations compared to that of the 

overheads. This difference may be attributed to the fact that the time integral value for the bottoms is 

ten times smaller than that for the overheads. 

 

Figure 4.25. Dynamic responses Scenario H of DC 2: A) Bottoms B) Overheads 

In the second DC, products B and C were separated, with the dynamic profiles of the LK, in 

this case product B, shown in Figure 4.25. Similar to the previous UOs, this column successfully rejects 

disturbances in the inlet stream while maintaining operation around the specified set points. The design 

of the second column is similar to that of the first, with the only difference being the number of stages, 

as the agent selects one additional stage. Notably, the feed stage is positioned at the middle of the 

column. This decision aligns with expectations, as the molar fraction of product B is 0.53, providing 

adequate enrichment and depletion stages for both products, thereby ensuring effective separation. 

Regarding the dynamic response, unlike the first column, the control performed on both the tops and 

the overhead is similar, as reflected in the response profiles. Both exhibit an oscillation with a large 

amplitude at the start of the simulation, followed by a series of subsequent oscillations with decreasing 

amplitude until reaching a steady state around 12.5 minutes. The gain constant values for both 

controllers are at the upper end of the absolute value range, while the time integral values are closer to 

the lower end, near the minimum (see Table E.1 in the Appendix E). 

To further enhance the work, and considering the significant advantage offered by the proposed 

framework – which allows the use of surrogate models across various problems – a new scenario was 

addressed. In Scenario I, the agent was tasked to achieve a 75% conversion of reactant A, while 

maintaining the 0.99 molar fraction value for the outlet streams of products B and C. The design 
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constraint of 8 liters remained unchanged, and the agent was allowed to use a maximum of 10 steps to 

achieve the corresponding design specifications. Having established the new conversion goal, the PPO 

agent, with the same specifications, was trained for 100,000 steps for the course of 65.78 minutes. The 

actor-critic networks were updated every 2048 steps with a discount factor of 0.99 and optimized using 

the Adam optimizer (Kingma and Ba, 2017), starting with a learning rate of 2.5e-4, which was adjusted 

throughout the training.  

For this case, the agent required two CSTRs and two DCs with the design specifications shown 

in Table 4.12 (Scenario I) and an overall flowsheet as depicted in Figure 4.26. 

 

Figure 4.26. Final flowsheet for Scenario I 

For the two CSTRs designed by the agent, the disturbance is successfully rejected while 

operating at the established set-point (Figure 4.27). Notably, the agent could have chosen one reactor 

to achieve the desired conversion of A with fewer units; however, due to the volume constraint, the 

agent opted to include two reactors. 
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Figure 4.27. Dynamic responses Scenario I of: A) CSTR 1 B) CSTR 2 

The first reactor experiences a significant volume swing, reaching up to 7 liters before reaching 

a new lower steady-state liquid volume in the reactor. In contrast, the second reactor exhibits the 

opposite behavior, with a substantial volume decrease, starting from a high 𝑉𝐿 value and reaching a 

liquid level around 2 liters. Nevertheless, neither reactor violates the design constraints (see Figure E.2 

in the Appendix E). Regarding control behavior, the reactors exhibit distinct dynamic responses. The 

first reactor demonstrates an oscillatory response that reaches a new steady-state at around 17.5 

minutes, whereas the second reactor shows a pronounced oscillation in the initial moments, followed 

by smooth decay towards the set-point. This difference in behavior can be attributed to variations in 

their relative gains, with the first reactor's gain being 100 units higher than that of the second. 

Additionally, the degree of conversion achieved in each reactor differs significantly: the first reactor 

handles the majority of the conversion, while the second only further reduces the concentration of 

reactant A from 0.33 to 0.24. 

In the purification process, as in the previous scenario, the agent prioritizes separating reactant 

A, recycling it back into the input stream. Subsequently, the more complex separation of products B 

and C is performed. Figure 4.28 illustrates the dynamic profiles of the LK component in the bottoms 

and overhead streams of the first DC, which operates with a constant relative volatility of 3.5. 
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Figure 4.28. Dynamic responses Scenario I of DC 1: A) Bottoms B) Overheads 

The proposed DC effectively rejects disturbances in the inlet flowrate while maintaining 

operation around the specified set points. Regarding its design, the column selected by the agent differs 

from the two previously proposed designs for Scenario H. In this case, the DC features a higher number 

of stages – 16 – and a narrower diameter, close to the lower bound of 0.3 meters. The increased number 

of stages is justified by the higher concentration of the mixture to be separated compared to the previous 

scenario, as a greater number of stages enhances separation efficiency in systems with higher feed 

concentration. The control strategy implemented by the agent is relatively mild, resulting in some 

oscillatory behavior in the dynamic response at both ends of the column. Notably, the oscillations in 

the bottoms exhibit molar fraction swings of up to 0.02, compared to the maximum swings of 0.01 

observed in the overheads. This behavior can be attributed to a smaller relative gain in the distillates, a 

key difference from the DCs in the previous scenario. 

 

Figure 4.29. Dynamic responses Scenario I of DC 2: A) Bottoms B) Overheads 
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The second DC effectively rejects disturbances in the inlet flowrate while maintaining 

operation near the specified set points. Compared to the first DC, the second column features a slightly 

larger number of stages and a marginally wider diameter. In terms of control, the second DC employs 

a significantly more aggressive control strategy than both the first DC and the columns from the 

previous scenario. This is clearly reflected in the short closed-loop settling times, with steady-state 

conditions achieved in both the overheads and bottoms within approximately 6 minutes. A comparison 

of controller parameters reveals that the relative gain for the overheads in the second DC is 10 units 

larger than in the first DC, as shown in Table 7. Similarly, the bottoms controller also exhibits a larger 

gain for the second DC, enabling sharper responses and shorter closed-loop settling times.  

4.3 Summary 

In this chapter, a novel RL strategy was introduced for the simultaneous generation, design, and control 

of CPFs starting from an inlet stream and a set of UOs. The first section outlines the solution framework 

of the proposed methodology, placing particular emphasis on the innovative aspect of this method: the 

surrogate models. This section elaborates on the data generation process utilizing LHS to train the 

surrogate models, detailing the various types of surrogate models employed and their techniques for 

approximating the mechanistic models of UOs in dynamic states. The remaining components of the RL 

framework are described, emphasizing the reward function and its various sub-rewards, which capture 

the economic and dynamic elements, as well as the satisfaction of the problem's constraints. The 

proposed framework was illustrated using four case studies. The first case study aimed to validate the 

proposed framework through a comparative analysis with a model-based optimization method. 

Although the agent did not attain the optimal solution identified by the model-based optimization 

approach, it successfully replicated the essential flowsheet configuration – i.e., the arrangement of UOs. 

Despite this discrepancy, the proposed CPF adhered rigorously to all prescribed design and operational 

constraints, effectively controlled operations at the specified set points, and yielded an economically 

attractive solution. The second, third and fourth case studies addressed a more intricate problem 

involving the simultaneous design and control of multiple UOs. In these case studies, the advantage of 

using surrogate models was demonstrated by simplifying a complex mechanistic model, like the DC, 

into multiple and more manageable surrogate models for evaluation. In the three case studies the 

proposed CPFs achieved designs that met design constraints, effectively controlled operations around 

specified set points and proposed economically attractive solutions. Notably, these case studies revealed 

that adding an extra UO to the agent’s action space does not impact the training time of the agent; 
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however, it does impact the agent’s learning process, resulting in greater variability in cumulative 

rewards. Case studies 3 and 4, in particular, highlighted this phenomenon. One of the disadvantages of 

this method is the long simulation times. The most time-consuming process is the generation of the 

data need for training the surrogate models, taking up to 8 hours for the case studies considered in this 

work. In contrast, the training of the surrogate models themselves and the RL agent do not impose a 

considerable time burden, typically requiring no more than one hour. A notable benefit of this 

methodology is that once a surrogate model is trained, it can be applied to various problems, 

demonstrating the flexibility of the proposed approach. However, users must ensure that the new 

problem falls within the predictive range covered by these surrogate models. 
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Chapter 5 

Conclusions and Future Work 

The primary objective of this thesis was to investigate the potential of RL as a tool for addressing the 

generation, design, and control of CPFs in both steady and transient domains. Two distinct 

methodologies were developed in this thesis, both capable of generating CPFs from an initial flowrate 

and a predefined set of UOs.  

In Chapter 3, a novel methodology for steady-state CPF design was introduced. Two advanced 

RL agents were implemented: a fully discrete agent (mPPO) and a hybrid agent (mHPPO). Key 

contributions include the integration of masking – an underexplored technique in CPF design – and the 

development of a hybrid platform (Python-ASPEN Plus®) for rigorous simulation of UOs. Three case 

studies were conducted, demonstrating that both agents successfully learned to design CPF that attained 

to design/operational constraints while generating economically viable solutions. In all cases, masking 

proved to be essential, allowing the agents to capture interdependencies between non-adjacent UOs, 

enhancing their learning and the design outcomes. The following insights emerged from this research: 

• The choice of the agent depends on the specific problem under consideration. For scenarios 

with fewer discrete and continuous decisions, the mPPO agent outperforms the mHPPO by 

achieving near-optimal solutions, leveraging a more constrained combinatorial search space. 

In contrast, when the problem involves a large number of discrete and continuous variables, 

the mHPPO, despite obtaining lower cumulative rewards, generates superior CPF designs by 

enhancing mass integration and minimizing product losses. 

• The mHPPO agent balances discrete and continuous losses during training, with the discrete 

loss playing a dominant role in shaping the final flowsheet. The arrangement of UOs is heavily 

influenced by discrete decisions, which define the structural composition early in the design 

process. However, the trade-off between discrete and continuous losses limits further 

optimization, as continuous improvements are constrained once the discrete loss stabilizes. 

This trade-off explains why the mHPPO does not achieve the same results as the mPPO, which 

benefits from a simpler, fully discrete search space. 

• Masking was crucial for enabling the agent to learn effectively. In complex problems involving 

multiple UOs, incorporating heuristics in the form of masking significantly improved the 

agent's learning process. Without masking, the agent would naïvely select flawed flowsheet 
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designs that failed immediately, minimizing penalties rather than producing viable solutions. 

Notably, while masking aids learning by guiding the agent toward better decisions, it does not 

predetermine or fix the flowsheet design a priori. 

In Chapter 4, a novel RL strategy was introduced for the simultaneous generation, design, and 

control of CPFs in transient states. The primary contribution of this research is a methodology that 

captures the dynamic behavior of UOs through representative data, enabling the generation of surrogate 

models – embedded in the RL environment – applicable to a wide variety of UOs. These models 

effectively represent output variables, dynamic performance metrics, and operational constraints – a 

gap not previously addressed in the literature on integration of design and control. Four case studies 

demonstrated that the RL approach successfully designed and controlled CPFs while adhering to design 

and operational constraints and producing economically viable solutions. Additionally, the use of 

surrogate models significantly expedited simulation times and simplified the evaluation of 

environmental impacts. The following insights emerged from this research: 

• The use of surrogate models was demonstrated by simplifying complex mechanistic models, 

such as DC, into multiple manageable surrogate models for evaluation. Their flexibility allows 

these models to be applied to various scenarios, provided that the data used for training remains 

within the predictive range covered by the surrogate models. 

• While the proposed methodology was not able to achieve the optimal solution, it offers a close 

approximation, as validated by a comparative analysis with a model-based optimization 

method. This underscores the effectiveness of the methodology in delivering practical solutions 

in more complex scenarios where model-based optimization might be computational 

expensive. 

• Case studies revealed that adding an extra UO to the agent’s action space does not affect the 

agent’s training time. However, it does influence the learning process, leading to greater 

variability in cumulative rewards.  

• Normalizing the cost and dynamic cost sub-rewards in the reward function is crucial for 

maintaining balanced contributions from both components. This ensures that the agent 

accurately navigates the trade-offs encountered in the integrated design and control problem, 

avoiding bias towards a certain size of unit or control strategy. 
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5.1 Recommendations for future work 

The insights gained through this thesis have demonstrated an important number of applications for the 

proposed methodologies; however, potential improvements can be considered as part of future work. 

The mayor recommendations derived from this research are as follows: 

• Reducing computational times 

One of the primary areas for improvement and a significant avenue for future research is the reduction 

of computational times required for both proposed methodologies outlined in Chapters 3 and 4. 

Beginning with Chapter 3, considerable time was spent training the agent within the hybrid Python-

Aspen Plus® platform. A key research direction would be to enhance the agent's training efficiency by 

refining training algorithms or incorporating techniques such as parallel processing or adaptive learning 

strategies. Focusing on these improvements would accelerate the workflow and enhance the agent’s 

learning from the surrogate models, resulting in more robust and efficient design and control of 

chemical process flowsheets. Conversely, for the methodology presented in Chapter 4, the most time-

consuming aspect is not the training of the RL agent but rather the data generation required to train the 

surrogate models, particularly when employing optimization programs such as Gekko (Beal et al., 

2018). In this context, a potential area for enhancement would be to find ways to streamline the 

simulations, perhaps by utilizing parallel computing across multiple machines to obtain the necessary 

data without compromising the functionality of Gekko. Another possibility could involve the use of 

historical data  from similar processes instead of mechanistic models. This approach is particularly 

attractive for reducing CPU times, as surrogate models can be directly trained on pre-existing datasets 

rather than waiting for synthetic data to be generated through simulations. As discussed above, the 

generation of simulation data is often the most time-consuming step in the modeling process. 

Addressing these computational time challenges will enhance the practicality and applicability of the 

proposed methodologies in real-world scenarios. 

• Process uncertainty 

An intriguing avenue for future research involves the integration of process uncertainty into the 

methodologies developed in this thesis. The nature of chemical processes often entails inherent 

uncertainties that can significantly affect operational outcomes. RL has demonstrated considerable 

promise in managing such uncertainties due to its adaptive learning capabilities. By incorporating 

stochastic elements or uncertain parameters within the RL framework, future investigations could 

assess the robustness and resilience of the proposed methodologies under varying conditions. This 
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exploration could lead to a deeper understanding of the methodologies' performance in realistic settings, 

thus expanding their applicability in industry. 

• RL with human expert feedback 

The potential incorporation of human expert feedback into the RL framework presents another valuable 

research avenue. In particular, this could significantly enhance the learning process of agents, especially 

in the context of the methodology outlined in Chapter 3, where the learning phase is both time-

consuming and exhibits considerable variability. By integrating expert knowledge, agents could be 

guided more effectively, accelerating their learning processes and improving their decision-making 

capabilities. However, it is important to acknowledge the trade-off involved in this approach; relying 

on human feedback may compromise the goal of full automation in the process.  

• CPF retrofitting 

Plant retrofitting represents an interesting avenue for research. The primary idea is to modify existing 

CPFs rather than designing them from scratch, as is typically done in the proposed methodologies. A 

potential modification worth considering is the implementation of hierarchical agents that can navigate 

the CPF and facilitate the application of relevant changes. This approach could enable a more adaptive 

and efficient means of optimizing existing processes, leveraging the foundational work already 

established in the CPF while integrating advanced methodologies for improved performance. 

• RL integrated with a Dynamic simulator 

An exciting yet challenging research direction involves establishing a hybrid platform that integrates a 

connection between a dynamic simulator and Python within the RL environment. In this case, the use 

of surrogate models would be eliminated, allowing for direct simulation within the dynamic simulator, 

which could enable a more accurate representation of dynamic behaviors in chemical processes. 

Integrating Aspen Plus® dynamics would be particularly intriguing; however, it requires the manual 

creation of the file where the dynamic process will be simulated, in addition to requiring a steady-state 

version beforehand. Aspen HYSYS® presents an interesting alternative, as this platform simulates 

operation by operation in dynamic state, without the need of generating a steady-state file. 
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Appendix A 

Chapter 3 – Case study 1 

In this appendix, a detailed description of the UOs presented in case study 1 is provided. Note that when 

defining the equations of the UOs, input flows are considered. These flows either come from previous 

operations or the main inlet flow. The subscript for these incoming flows is always in, regardless of 

their origin. 

1. Mixer (M) 

The purpose of the mixer is to mix material flows without considering any enthalpy, temperature, or 

pressure changes during the process. The mixer has two possible inlet streams and an outlet stream. If 

only one inlet stream is accepted, the UO operates as a bypass block; so, the total molar flow (Ϝ), the 

concentration of reactant A (𝐶𝐴) and the temperature (𝑇) are kept: 

Ϝ𝑖𝑛 = Ϝ (A1) 

𝐶𝐴𝑖𝑛 = 𝐶𝐴 (A2) 

𝑇𝑖𝑛 = 𝑇 (A3) 

If a recycle current (Ϝ𝑟𝑒𝑐) is present in the mixer, the equations change as following: 

Ϝ𝑖𝑛 + Ϝ𝑟𝑒𝑐 = Ϝ (A4) 

Ϝ𝑖𝑛 ∗ 𝐶𝐴𝑖𝑛 + Ϝ𝑟𝑒𝑐 ∗ 𝐶𝐴𝑟𝑒𝑐
Ϝ

= 𝐶𝐴 
(A5) 

Ϝ𝑖𝑛 ∗ 𝑇𝑖𝑛 + Ϝ𝑟𝑒𝑐 ∗ 𝑇𝑟𝑒𝑐
Ϝ

= 𝑇 
(A6) 

The mixer is one of the two essential components for performing recycling thus leading into a 

disjunctive decision, i.e., if this UO is not present in the flowsheet, material recirculation cannot be 

carried out. Associating a cost with a mixer is complicated, as it is not the same as comparing this 

operation with a reactor or a distillation column. However, to indicate to the agent that placing a mixer 

in the flowsheet is important, a cost was associated with it. For this case:  

𝑐𝑜𝑠𝑡𝑀 = 0.1 (A6) 
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2. CSTR 

The reactor type included in the set of available UOs is a CSTR. In this setup, R is considered non-

isothermal with a constant flow of coolant. The reaction that takes place inside the reactor is the direct 

conversion of A into B; 𝐴⁡ → 𝐵. Additionally, it is assumed that this unit operates at steady state, 

featuring one inlet and one outlet stream. The CSTR model parameters as well as the reaction kinetics 

were derived from Schweiger et al. (Schweiger and Floudas, 1998) 

Table A.1: Parameters for CSTR 

Description Parameter Value 

Heat of reaction Δ𝐻𝑅 -3000.0 BTU/lbmol  

Heat transfer coefficient 𝑈 300.0 BTU/(hr ft2 °R) 

Energy of activation 𝐸/𝑅 15075.0°R 

Kinetic rate constant 𝑘0 4.08x1010 hr-1 

Liquid density 𝜌 50.0 lb/ft3 

Liquid heat capacity 𝐶𝑝 0.75 BTU/(lb °R) 

Coolant density 𝜌𝑐𝑜𝑜𝑙 62.3 lb/ft3 

Collant heat capacity 𝐶𝑐𝑜𝑜𝑙 1.0 BTU/(lb °R) 

Feed flow rate Ϝ0 100 ft3/hr 

Flow rate coolant Ϝ𝑐𝑜𝑜𝑙 30 ft3/hr 

Feed concentration of A 𝐶𝐴0 1 lbmol/ft3 

Feed temperature 𝑇0 600°R 

Feed coolant temperature 𝑇𝑐𝑜𝑜𝑙0 530°R 

The associated design variables for this UO are the diameter (𝐷𝐶𝑆𝑇𝑅) and the height (𝐻𝐶𝑆𝑇𝑅). 

Both design variables are bounded within the range of 5.5 to 7.75 ft. and were derived from the authors 

solution. When solving the model, the values of the concentration of reactant A (𝐶𝐴), the temperature 

(𝑇) and the coolant temperature (𝑇𝑐𝑜𝑜𝑙) at the outlet were obtained. The molar flow is considered 

constant in this UO. The mathematical model is as follows:     

𝑘 = 𝑘0𝑒
−
𝐸
𝑅
∗
1
𝑇 

(A7) 
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𝑉𝐶𝑆𝑇𝑅 =
𝜋

4
∗ 𝐷𝐶𝑆𝑇𝑅

2 ∗ 𝐻𝐶𝑆𝑇𝑅 (A8) 

𝐴𝐶𝑆𝑇𝑅 = 𝜋 ∗ 𝐷𝐶𝑆𝑇𝑅 ∗ 𝐻𝐶𝑆𝑇𝑅 (A9) 

𝑉𝑐𝑜𝑜𝑙 =
𝐴𝐶𝑆𝑇𝑅
3
⁡ 

(A10) 

Ϝ0
𝑉𝐶𝑆𝑇𝑅

∗ (𝐶𝐴0 − 𝐶𝐴) = 𝑘 ∗ 𝐶𝐴 
(A11) 

Ϝ0
𝑉𝐶𝑆𝑇𝑅

∗ (𝑇0 − 𝑇) +
(−Δ𝐻𝑅 ∗ 𝑘 ∗ 𝐶𝐴)

𝐶𝑝 ∗ 𝜌
=
𝑈 ∗ 𝐴𝐶𝑆𝑇𝑅
𝑉 ∗ 𝐶𝑝 ∗ 𝜌

∗ (𝑇 − 𝑇𝑐𝑜𝑜𝑙) 
(A12) 

Ϝ𝑐𝑜𝑜𝑙
𝑉𝑐𝑜𝑜𝑙

∗ (𝑇𝑐𝑜𝑜𝑙0 − 𝑇𝑐𝑜𝑜𝑙) = −
𝑈 ∗ 𝐴𝐶𝑆𝑇𝑅

𝑉𝑐𝑜𝑜𝑙 ∗ 𝐶𝑐𝑜𝑜𝑙⁡ ∗ 𝜌𝑐𝑜𝑜𝑙
∗ (𝑇 − 𝑇𝑐𝑜𝑜𝑙) 

(A13) 

The cost function for the CSTR was derived from Douglas (Douglas, n.d.): 

𝑐𝑜𝑠𝑡𝐶𝑆𝑇𝑅 =
(
𝐷𝐶𝑆𝑇𝑅
7.75

)
1.05

+ (
𝐻𝐶𝑆𝑇𝑅
7.75

)
0.82

2
 

(A14) 

To avoid a greater effect of one action over another, the cost function for this operation is normalized. 

3. Flash tank (FT) 

This operation seeks to separate the mixture of A and B, assuming a relative volatility (𝛼) of 4.5. In 

this operation, a constant operating temperature is assumed, so the temperature at the inlet to the FT is 

the same as the outlet temperature in both the liquid and vapor phases. This value of 𝛼 was chosen to 

facilitate the separation process, thereby enabling the use of a simple UO like FT instead of a distillation 

column. The design variable for this UO is the vapor/feed fraction of the flash tank (𝑣𝑓), bounded 

between 0.1 and 0.5. These values of 𝑣𝑓 were chosen because at a higher value, the model yielded 

incorrect results and the effect of the FT was counterproductive rather than offering an alternative UO 

to the agent.  

This unit operation involves one input and two outputs, namely the vapor and the liquid 

streams. In the FT model, the complete vapor stream is recycled back to the mixer, assuming that the 

stream undergoes condensation before reaching the mixer to align with the composition of the input 

flow. The liquid stream functions as the material stream for the subsequent development of the process 

flowsheet. The FT model returns the values for the liquid (𝐿𝐹𝑇) and vapor (Ϝ𝑟𝑒𝑐) stream, as well as the 
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concentrations of A associated to both streams, 𝐶𝐴𝐿and 𝐶𝐴𝑟𝑒𝑐 respectively. The model for FT is the 

following: 

𝐿𝐹𝑇 = 𝑣𝑓 ∗ Ϝ𝑖𝑛 (A15) 

Ϝ𝑟𝑒𝑐 = Ϝ𝑖𝑛 − 𝐿𝐹𝑇 (A16) 

𝐶𝐴𝑟𝑒𝑐 =
𝛼 ∗ 𝐶𝐴𝐿

1 +⁡𝐶𝐴𝐿 ∗ (𝛼 − 1)
 

(A17) 

𝐶𝐴𝑟𝑒𝑐 =
𝑣𝑓

𝑣𝑓 − 1
∗ 𝐶𝐴𝐿 +

𝐶𝐴𝑖𝑛
1 − 𝑣𝑓

 
(A18) 

Deriving the cost function for the FT was challenging because there was no possibility of 

calculating the diameter and height of the tank, as there were no thermodynamic data available for the 

problem, given the hypothetical reactants. Therefore, the cost function was as follows: 

𝑐𝑜𝑠𝑡𝐹𝑇 = 0.5 ∗ (1 + 𝑣𝑓) (A19) 

4. Convergence test 

 

Figure A.1: Learning curves of mPPO for different number of discretization points 
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Figure A.1 displays the learning curves of  mPPO for case study 1, where the design variables 

of the CSTR are discretized by a different number of discretization points. As shown in the figure 

above, the agent fails to find an appealing flowsheet with very few discretization points. Despite 

achieving the design specification (i.e., a conversion of 97.5% or higher), the flowsheet proposed by 

this agent only requires reactors in series; hence, the low cumulative reward obtained. As the number 

of discretization points increases, the problem converges to the same cumulative reward. In this case, 

there is not much difference between 9 and 16 discretization points, since in both cases the agent 

converges to the same cumulative reward of around 1.3. This behavior is key, as for problems with a 

large number of continuous variables, finding the smallest number of discretization points that also 

allow reaching the maximum cumulative reward significantly simplifies the problem. 
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Appendix B 

Chapter 4 – Case study 1 

This appendix provides a more in-depth examination of various components of case study 1. Among 

these components is a thorough description of the mathematical model used for the CSTR, as well as a 

more detailed analysis of the surrogate models employed, the whole mathematical formulation of the 

optimization problem and some supporting images for the various scenarios.  

1. Mechanistic model 

The model of the CSTR was taken from (Seaborg et al., 2004) and considered a liquid-phase, 

irreversible, first-order chemical reaction. The chemical species involved in the reaction are the reactant 

A and the product B. The reaction can be written as follows: 𝐴⁡ → 𝐵. It is assumed that the rate of 

reaction is first order with respect to the concentration of reactant A (𝐶𝐴): 

𝑟𝐴 = 𝑘𝐶𝐴 (B1) 

𝑘 = 𝑘0𝑒
−
𝐸𝐴
𝑅𝑐𝑡𝑒𝑇 

(B2) 

where 𝑘0⁡is the frequency factor, 𝐸𝐴 is the activation energy, and 𝑅𝑐𝑡𝑒 is the gas constant. Note that the 

kinetic scheme remains consistent across all reactors in the process flow. A cooling coil is used to 

maintain the desired operating temperature of the reaction mixture by removing the heat generated 

during the exothermic reaction. The initial development of the CSTR model is based on the following 

assumptions: 

a) The CSTR is perfectly mixed  

b) The mass densities of the feed and product streams are equal and constant. They are denoted by 𝜌 

c) The liquid volume V in the reactor is kept constant by an overflow line. So the inlet flow equals 

the outlet flow (𝑞𝑖𝑛 = 𝑞) 

d) The liquid volume of the tank and the total volume of the tank are considered to be the same. 

Note that when defining the equations of the CSTR, input flows are considered. These flows may 

originate from previous reactors or the main inlet flow. The subscript for these incoming flows and 

their properties is denoted as in, regardless of their origin. The mass balance for reactant A, in terms of 

molar units, derived from these assumptions is: 



 

140 

𝑉𝑅
𝑑𝐶𝐴
𝑑𝑡

= 𝑞(𝐶𝐴𝑖𝑛 − 𝐶𝐴) − 𝑉𝑅𝑘𝐶𝐴 
(B3) 

where 𝑉𝑅 is the volume and 𝑞 the volumetric flowrate. For the energy balance the following 

assumptions were made:  

e) The thermal capacitances of the coolant and the cooling coil wall are negligible compared to the 

thermal capacitance of the liquid in the tank. 

f) The coolant is at a uniform temperature, 𝑇𝐶
𝑅. (In other words, the increase in coolant temperature 

as it passes through the coil is neglected.) 

g) The rate of heat transfer from the reactor contents to the coolant is expressed as 

𝑄𝑅 = 𝑈𝐴𝑅(𝑇𝐶
𝑅 − 𝑇) (B4) 

where 𝑈 is the overall heat transfer coefficient, and 𝐴𝑅 is the heat transfer area. Both of these model 

parameters are assumed to be constant. 

h) The enthalpy change associated with the mixing of the feed and the liquid in the tank is negligible 

compared to the enthalpy change for the chemical reaction. In other words, the heat of mixing is 

insignificant compared to the heat of reaction. 

i) Shaft work and heat losses to the ambient can be neglected. 

The energy balance derived from these assumptions is as follows: 

𝑉𝑅𝜌𝐶𝑃
𝑑𝑇

𝑑𝑡
= 𝜌𝑞(𝑇𝑖𝑛 − 𝑇) + (−Δ𝐻𝑅)𝑉𝑅𝑘𝐶𝐴 + 𝑈𝐴(𝑇𝐶

𝑅 − 𝑇) 

 

(B5) 

where Δ𝐻𝑅 is the heat of reaction per mole of A that is reacted.  

A suitable real-world analogy for this setup is the isomerization of n-butane to iso-butane. In 

this reaction, n-butane (reactant 𝐴) is converted to its structural isomer, iso-butane (product 𝐵), through 

a catalytic process that is both irreversible and typically follows first-order kinetics with respect to n-

butane concentration. The operational requirements of the isomerization process align closely with the 

design conditions of the CSTR model. For example, this reaction, like the CSTR model, is conducted 

in a liquid phase and often within a controlled-temperature environment, making it a suitable analogy 
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for scenarios involving exothermic reactions that require heat removal via cooling. The choice of n-

butane and isobutane is particularly relevant, as these isomers have similar physical properties, 

including density, which simplifies assumptions in the CSTR model and makes it adaptable for both 

theoretical and practical optimization of process parameters in isomerization reactions (Villegas et al., 

2006). 

In this problem, it is assumed that there is a disturbance with a 5% decrease in the inlet 

concentration (𝐶𝐴𝑖𝑛)⁡at time 𝑡 = 2. To mitigate the effects of this disturbance, a control system is 

implemented on the equipment. This system aims to control the outlet concentration of the reactor by 

manipulating its jacket temperature. The controller integrated into the reactor is a PI controller 

represented by the following equations: 

𝑒𝑟𝑟𝑅 = 𝐶𝐴 − 𝐶𝐴
𝑠𝑝

 (B6) 

𝑑𝐼𝑅
𝑑𝑡
= 𝑒𝑟𝑟𝐶𝐴  

(B7) 

𝑇𝐶
𝑅 = 𝑇𝐶𝑛𝑜𝑚

𝑅 +𝐾𝐶
𝑅 (𝑒𝑟𝑟𝐶𝐴 ⁡+

𝑒𝑟𝑟𝑅

𝜏𝐼
𝑅 ⁡) 

(B8) 

where 𝐶𝐴
𝑠𝑝
⁡is the desired concentration set-point of reactant A, 𝑇𝐶𝑛𝑜𝑚

𝑅  is the nominal cooling temperature 

(determined beforehand), 𝐾𝐶
𝑅 is the proportional gain of the PI controller and 𝜏𝐼

𝑅 is the integrated time 

of the PI controller.  

The parameters used in this case study were the following (Table B.1): 

Table B.1 Parameters values 

Parameter Value 

𝑞𝑖𝑛⁡[𝐿/𝑚𝑖𝑛] 100 

𝐶𝐴0⁡[𝑚𝑜𝑙/𝐿] (first inlet stream) 1 

𝑇0⁡[𝐾] (first inlet stream) 350 

𝜌⁡[𝑔/𝐿] 1000 

𝑇𝐶𝑛𝑜𝑚
𝑅 ⁡[𝐾] 300 

𝐶𝑃⁡[𝐽/𝑔𝐾] 0.239 

Δ𝐻𝑅⁡[𝐽/𝑚𝑜𝑙] -5.0e4 

𝑘0⁡[1/𝑚𝑖𝑛] 7.2e10 

𝑈𝐴𝑅⁡[𝐽/𝑚𝑖𝑛𝐾] 5.0e4 

𝐸𝐴/𝑅𝑐𝑡𝑒⁡⁡[𝐾] 8750 
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The bounds for the feed conditions were established based on the operational goals and 

constraints of the system. The feed streams to each unit operation can originate from various points in 

the flowsheet; hence when defining these bounds, it is crucial to consider the potential maximum and 

minimum values that the feed conditions can take, such as temperature, pressure, and mole fraction. 

These values were set to ensure that the system operates within feasible and realistic parameters. The 

relative width of the bounds is determined by the system’s flexibility and objectives, with narrower 

ranges typically applied to more constrained variables and broader ranges used for those with greater 

variability in operational conditions. As for the design variables and their bounds, they were as follows 

(Table B.2): 

Table B.2: Design variables’ bounds 

Design variable Bounds 

𝑉𝑅⁡[𝐿] 50 – 200  

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.045 – 1.0 

𝐾𝐶
𝑅⁡[𝐾 ∗ 𝐿/𝑚𝑜𝑙]  20 – 150  

𝜏𝐼
𝑅⁡[1/𝑚𝑖𝑛] 0.01 – 0.5 

 

2. Surrogate models 

The dataset used to train the surrogate models was generated using Latin Hypercube Sampling (LHS) 

and comprised 80,000 combinations of the inlet variables of the reactor’s model, i.e., inlet concentration 

and temperature, set-point concentration, volume, and the controllers’ proportional gain and time 

integral. During the generation of this matrix, it was ensured that the input concentration was always 

greater than the set-point concentration. This precaution was taken to avoid any errors during the 

simulations. Once the matrix was constructed, the various combinations were evaluated using the CSTR 

model presented in the previous section. The outputs of the model included a vector of concentrations 

of reactant A (𝑪𝑨) and vector of temperatures (𝑻)  at the reactor's outlet. From 𝑪𝑨, the Integral Squared 

Error (ISE) was calculated (Equation B9), while with 𝑻, a metric (𝑡𝑒𝑚𝑝𝑐𝑜𝑛𝑠) was calculated to 

determine the extent of temperature constraint violations (Equation B10). 
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𝐼𝑆𝐸𝑅 = ∫ (𝑪𝑨 − 𝐶𝐴
𝑠𝑝
)
2
𝑑𝑡

𝑡𝑓

𝑡0

 
(B9) 

𝝑 = ⁡ {
𝑻 − 400, 𝑻 ≥ 400
0, 𝑻 < 400⁡⁡

 
 

𝑐𝑜𝑛𝑠𝑇 = ∫ 𝝑2𝑑𝑡
𝑡𝑓

𝑡0

 
(B10) 

Note that 𝑐𝑜𝑛𝑠𝑇 represents the variable 𝑐𝑜𝑛𝑠 in Algorithm 4.1 presented in the manuscript. 

The previous logical tests (i.e., the distance from the stabilization point and the set-point, and the slope 

of the last five values) are also calculated in the mechanistic model.  

As mentioned in the manuscript, surrogate models only determine a single value for the 

variables, not the entire dynamic profile. Therefore, the endpoints of the vectors 𝑪𝑨 and 𝑻 were chosen 

to be regressed by the surrogate models, 𝐶𝐴 and 𝑇 respectively. Prior to the surrogate model training, a 

correlation matrix was constructed to assess the impact of the inlet variables on the regressed variables 

(Figure B.1). 

 

Figure B.1: Correlations matrix 

 From this matrix, the necessary input variables were determined for each of the regressed 

variables. For instance, to enhance the regression of 𝑇, 𝐶𝐴 was included as an input variable due to its 
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strong correlation coefficient with this variable. Similarly, the classifier’s power was enhanced by 

including the ISE as part of the inlet variables to the Pass classifier’s model. The input values to the 

surrogate models were standardized to ensure that no single variable disproportionately influenced the 

model. It was not possible to standardize all values using the same scaler, as each model had a different 

number and size of input variables. Therefore, a separate scaler was used for each model to 

appropriately match its specific input requirements. Note that in this case, there was an overrepresented 

class, the “pass” class. To prevent the agent from naïvely selecting “pass”, the Synthetic Minority Over-

sampling Technique (SMOTE) was applied to balance the dataset and improve the classifier’s 

performance. SMOTE is a technique that can be easily found in Python libraries such as scikit-learn. 

The surrogate models were implemented as fully connected NN utilizing a ReLU activation 

function. Details regarding the hidden layer sizes, the 𝑅2 score and the root mean squared error (RMSE) 

on the testing dataset are provided in the following table (Table B.3): 

Table B.3: Surrogate models’ details 

Model Architecture (hidden layers) 𝑅2 score 𝑅𝑀𝑆𝐸/F1-score 

𝐶𝐴 regressor [300, 200, 100] 0.9347 0.0514 

𝑇 regressor  [300, 200, 100] 0.9268 5.0113 

𝐼𝑆𝐸𝑅 regressor  [100, 100] 0.9904 0.2506 

𝐿𝑎𝑏𝑒𝑙̂
𝑅 classifier [100, 100] 0.9895 0.99/0.96 

The architecture was determined through various experiments, revealing that for the regressors 

of 𝐶𝐴 and 𝑇, a structure with a decreasing number of neurons was more effective than one with a fixed 

number. Conversely, for the 𝐼𝑆𝐸𝑅 regressor and the 𝐿𝑎𝑏𝑒𝑙̂
𝑅 classifier, the hidden layers consisted of 

the same number of neurons. Note that the for the 𝐿𝑎𝑏𝑒𝑙̂
𝑅 classifier instead of calculating the RMSE 

the F1-score is presented, 0.99 for class 𝐿𝑎𝑏𝑒𝑙̂
𝑅 = ⁡⁡1⁡and 0.96 for class 𝐿𝑎𝑏𝑒𝑙̂

𝑅 = 0.  

It is important to acknowledge that there is some discrepancy in the predictions of the output 

variables by the surrogate models. A table comparing the values of 𝐶𝐴, 𝑇 and ISE determined by the 

mechanistic model and those regressed by the NN surrogate models is presented as follows: 
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Table B.4: Surrogate model validation 

Model Parameter CSTR 1 CSTR 2 

Mechanistic 

𝐶𝐴⁡[𝑚𝑜𝑙/𝐿] 0.10022 0.04923 

𝑇⁡[𝐾] 373.4695 356.9482 

ISE 0.3423 1.53e-3 

Surrogate 

𝐶𝐴⁡[𝑚𝑜𝑙/𝐿] 0.09802 0.04889 

𝑇⁡[𝐾]  377.5939 353.6407 

ISE 0.3469 2.638e-4 

As observed, the differences between the predictions of the surrogate models and the values 

from the mechanistic models fall within the range specified by the surrogate models’ RMSE. 

3. Optimization formulation 

The optimization formulation for Case Study 1 is presented in Equation B.11. This problem was 

translated into Pyomo (Bynum et al., 2021), a Python-based optimization modeling language, for its 

solution. 

𝑚𝑖𝑛 ∑
𝑉𝑅,𝑗 − 𝑉𝑅

𝑚𝑖𝑛

𝑉𝑅
𝑚𝑎𝑥 − 𝑉𝑅

𝑚𝑖𝑛
+ (1 −⁡

ln⁡(𝐼𝑆𝐸𝑅,𝑗)

ln(𝐼𝑆𝐸𝑅)𝑚𝑖𝑛
)

𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠

𝑗=1

 
(B11.1) 

𝑠. 𝑡. 𝑟𝑗 = 𝑘𝑗𝐶𝐴,𝑗⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.2) 

𝑘𝑗 = 𝑘0𝑒
−
𝐸𝐴
𝑅𝑇𝑗 ⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.3) 

𝑉𝑅,𝑗
𝑑𝐶𝐴,𝑗

𝑑𝑡
= 𝑞(𝐶𝐴𝑖𝑛,𝑗 − 𝐶𝐴,𝑗) − 𝑉𝑅,𝑗𝑘𝑗𝐶𝐴,𝑗⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.4) 

𝑉𝑅,𝑗𝜌𝐶𝑃
𝑑𝑇𝑗

𝑑𝑡
= 𝜌𝑞(𝑇𝑖𝑛,𝑗 − 𝑇𝑗) + (−Δ𝐻𝑅)𝑉𝑅,𝑗𝑘𝑗𝐶𝐴,𝑗⁡ + 𝑈𝐴𝑅(𝑇𝐶,𝑗

𝑅 − 𝑇𝑗)⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.5) 

𝑒𝑟𝑟𝑅,𝑗 = 𝐶𝐴,𝑗 − 𝐶𝐴,𝑗⁡
𝑠𝑝
⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.6) 

𝑑𝐼𝑅,𝑗

𝑑𝑡
= 𝑒𝑟𝑟𝑅,𝑗⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.7) 

𝑇𝐶,𝑗⁡
𝑅 = 𝑇𝐶𝑛𝑜𝑚

𝑅 + 𝐾𝐶,𝑗
𝑅 (𝑒𝑟𝑟𝑅,𝑗 ⁡+

𝐼𝑅,𝑗

𝜏𝐼,𝑗
𝑅 ⁡)⁡⁡∀𝑗 ∈ 𝐽 (B11.8) 

𝐼𝑆𝐸𝑅,𝑗 = ∫ (𝐶𝐴,𝑗 − 𝐶𝐴,𝑗
𝑠𝑝
)
2
𝑑𝑡

𝑡𝑓

𝑡0

⁡⁡∀𝑗 ∈ 𝐽 (B11.9) 

𝑇𝑗 ≤ 400⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.10) 

𝐶𝐴,𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠 ≤ 0.05 (B11.11) 

𝑉𝑅,𝑗 ∈ [50, 200]⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.12) 

𝐶𝐴,𝑗
𝑠𝑝
∈ [0.045, 1.0]⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.13) 

𝐾𝐶,𝑗
𝑅 ∈ [20, 150]⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.14) 
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𝜏𝐼,𝑗
𝑅 ∈ [0.01, 0.5]⁡⁡⁡⁡∀𝑗 ∈ 𝐽 (B11.15) 

𝑡 ∈ (𝑡0, 𝑡𝑓] (B11.16) 

𝐽 ∈ {1, 𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠} (B11.17) 

The set 𝐽 ∈ {1,𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠} refers to the index of reactors, where 𝐽 can take any integer value 

between 1 and 𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠, inclusive, with 𝑁𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠 representing the total number of reactors allowed in 

the system. 

 

4. Supporting figures 

 

Figure B.2: Temperature constraint violation Scenario A: A) CSTR 1 B) CSTR 2 

 Figure B.2 presents two charts illustrating the temperature constraint violations for Scenario A. 

In both cases, it is observed that the design chosen by the agent ensures no violations of this constraint, 

with temperatures consistently staying below 400 K. It is evident that the greatest temperature swing is 

observed in the first reactor, where the maximum temperature peak reaches just over 390 K before 

stabilizing around 372 K. In contrast, the second reactor only experiences a slight increase in 

temperature, stabilizing around 355 K. 
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Figure B.3: Learning curve for PPO agent Scenario C 

 Figure B.3 presents the learning curve of the agent for Scenario C. In this case, it is observed 

that after the initial 20,000 episodes, which serve as the exploration phase for the agent, the curve 

reaches a plateau around a value of -2. In this case, it is observed that the agent stagnates in a reward 

region that spans from -4 to -2. This indicates that the agent encounters various flowsheets to address 

the problem, with the one featuring a single reactor being predominant. This is evident when evaluating 

the agent, particularly by noting that the running mean levels off at the top of the reward region. 
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Figure B.4: Temperature constraint violation Scenario C 

 Similar to Figure B.2, Figure B.4 shows the temperature constraint violation for Scenario C. In 

this case, it is observed that the selected reactor design consistently remains within the established 

limits, without violating the 400 K constraint, and reaches a peak temperature close to 395 K. After this 

peak, the temperature in the reactor decreases, stabilizing around 375 K. 
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Appendix C 

Chapter 4 – Case study 2 

This appendix provides a more in-depth examination of various components of case study 2. Among 

these components is a thorough description of the mathematical model used for the isothermal CSTR, 

the isothermal binary distillation column and a more detailed analysis of the surrogate models employed 

for both UOs.  

CSTR 

1. Mechanistic model 

The dynamic model of the CSTR was taken from (Bequette, 2002) and considered a CSTR with variable 

holdup. Inside of the reactor two chemical reactions were carried out in parallel: 𝐴⁡ → 𝐵 and 𝐴⁡ → 𝐶. 

It is assumed that the rate of reaction of both reactions is first order with respect to the concentration of 

reactant A (𝐶𝐴): 

𝑟1 = 𝑘1𝐶𝐴 (C1) 

𝑟2 = 𝑘2𝐶𝐴 (C2) 

The rate constants 𝑘1 and 𝑘2 are known. This model does not have any associated energy balance, 

which is why the reaction rates of the two reactions are independent of the temperature. The initial 

development of the CSTR model is based on the following assumptions: 

a) The CSTR is perfectly mixed  

b) The mass densities of the feed and product streams are equal and constant.  

c) The liquid volume of the tank (𝑉𝐿) is variable 

𝑑𝑉𝐿

𝑑𝑡
= 𝑉̇𝑖𝑛 − 𝑉̇𝑜𝑢𝑡 

(C3) 

where 𝑉̇𝑖𝑛 is the inlet volumetric flow rate and 𝑉̇𝑜𝑢𝑡 is the outlet volumetric flow rate. The mass balance 

for the reactant can be written as follows: 

𝑑𝑉𝐿𝐶𝐴
𝑑𝑡

= 𝑉̇𝑖𝑛𝐶𝐴𝑖𝑛 − 𝑉̇𝑜𝑢𝑡𝐶𝐴 − ∑ 𝑘𝑗𝐶𝐴

𝑁𝑝𝑎𝑟

𝑗=1

 

(C4) 
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where 𝑁𝑝𝑎𝑟 is the total number of parallel reactions. Expanding the left-hand side of C4: 

𝑑𝑉𝐿𝐶𝐴
𝑑𝑡

= 𝑉𝐿
𝑑𝐶𝐴
𝑑𝑡
+ 𝐶𝐴

𝑑𝑉𝐿

𝑑𝑡
 

(C5) 

Combining C3-C5, the following equation is obtained: 

𝑑𝐶𝐴
𝑑𝑡

=
𝑉̇𝑖𝑛
𝑉𝐿
(𝐶𝐴𝑖𝑛 − 𝐶𝐴) − ∑ 𝑘𝑗𝐶𝐴

𝑁𝑝𝑎𝑟

𝑗=1

⁡ 

(C6) 

            The mass balances for the products (B and C) are derived in a similar manner to that of the 

reactant: 

𝑑𝐶𝐵
𝑑𝑡

=
𝑉̇𝑜𝑢𝑡
𝑉𝐿

(−𝐶𝐵) + 𝑘1𝐶𝐴 
(C7) 

𝑑𝐶𝐶
𝑑𝑡

=
𝑉̇𝑜𝑢𝑡
𝑉𝐿

(−𝐶𝐶) + 𝑘2𝐶𝐴 
(C8) 

            Note that in the mechanistic model, equations C7 and C8 were not solved directly, but rather 

their steady-state approximations were used. 

𝐶𝐵 = 𝐶𝐵𝑖𝑛 +
𝑉𝐿𝑘1𝐶𝐴

𝑉̇𝑜𝑢𝑡
 

(C9) 

𝐶𝐶 = 𝐶𝐶𝑖𝑛 +
𝑉𝐿𝑘2𝐶𝐴

𝑉̇𝑜𝑢𝑡
 

(C10) 

            The values of 𝑉𝐿, 𝑉̇𝑜𝑢𝑡, an 𝐶𝐴 were taken as the final values from the vectors generated by the 

mechanistic model. Meanwhile, the values of 𝐶𝐵𝑖𝑛and 𝐶𝐶𝑖𝑛were tracked by the model and stored in the 

observation vector received by the RL agent. Note that this modification was implemented to simplify 

the model and to avoid errors in the simulation. By doing so, the need to estimate the initial values of 

𝐶𝐵 and 𝐶𝐶 at intermediate steps was eliminated, specially because the exact quantity previously 

converted of 𝐶𝐵 and 𝐶𝐶 depends on a previous CSTR and it is not known during the input variable 

determination. Also, through various experiments, it was observed that the steady-state approximation 

with respect to the final value of the dynamic response was practically the same. By making this 
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simplification, the reactor model is expressed solely in terms of the reactant, thereby avoiding infeasible 

initial values for C7 and C8, which could lead to infeasible results.  

               In this problem, it is assumed that there is a disturbance with a 50% increase in the inlet 

flowrate (𝑉̇𝑖𝑛)⁡at time 𝑡 = 2. To mitigate the effects of this disturbance, a control system is implemented 

on the equipment. This system aims to control the outlet concentration of the reactor by manipulating 

the outlet flowrate. The controller integrated into the reactor is a PI controller represented by the 

following equations: 

𝑒𝑟𝑟𝑅 = 𝐶𝐴 − 𝐶𝐴
𝑠𝑝

 (C11) 

𝑑𝐼𝑅
𝑑𝑡
= 𝑒𝑟𝑟𝑅 

(C12) 

𝑉̇𝑜𝑢𝑡 = 𝑉̇𝑜𝑢𝑡𝑛𝑜𝑚 + 𝐾𝐶
𝑅 (𝑒𝑟𝑟𝑅 ⁡+

𝐼𝑅

𝜏𝐼
𝑅⁡) 

(C13) 

where 𝐶𝐴
𝑠𝑝
⁡is the desired concentration set-point of reactant A, 𝑉̇𝑜𝑢𝑡𝑛𝑜𝑚 is the nominal outlet volumetric 

flow rate, 𝐾𝐶
𝑅 is the proportional gain of the PI controller and 𝜏𝐼

𝑅 is the integrated time of the PI 

controller. The parameters used in this case study were the following (Table C.1): 

Table C.1: Parameters' values 

Parameter Value 

𝑉̇𝑖𝑛⁡[𝐿/𝑚𝑖𝑛] 1 

𝐶𝐴0⁡[𝑚𝑜𝑙/𝐿] (first inlet stream) 1 

𝑘1⁡[𝑚𝑖𝑛
−1] 0.3 

𝑘2⁡[𝑚𝑖𝑛
−1] 0.25 

𝑉̇𝑜𝑢𝑡𝑛𝑜𝑚 ⁡[𝐿/𝑚𝑖𝑛] 1 

As for the design variables and their bounds, they were as follows (Table C.2): 

Table C.2: Design variables’ bounds 

Design variables Bounds 

𝑉𝑖𝑛
𝐿 ⁡[𝐿] 3 – 6 

𝐶𝐴
𝑠𝑝
⁡[𝑚𝑜𝑙/𝐿]  0.045 – 1.0  

𝐾𝐶
𝑅 ⁡[

𝐿2

𝑚𝑜𝑙∗𝑚𝑖𝑛
]  -200 – -80  

𝜏𝐼
𝑅⁡[1/𝑚𝑖𝑛] 1– 7 
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2. Surrogate model 

The dataset used to train the CSTR surrogate models was generated using LHS and comprised around 

85,000 combinations of the inlet variables of the reactor’s model, i.e., inlet concentration, initial liquid 

reaction volume, set-point concentration, and the controllers’ proportional gain and time integral. Like 

in the previous case study, it was ensured, when generating the combinations matrix, that the input 

concentration was always greater than the set-point concentration. All the combinations were evaluated 

in the isothermal CSTR model presented in the previous sub-section. The outputs of the model for each 

combination included a vector of the outlet concentrations of reactant A (𝑪𝑨) and a vector containing 

the profile of the liquid volume (𝑽𝑳). From 𝑪𝑨, the ISE was calculated (Equation B9), while with 𝑽, a 

metric (𝑉𝑐𝑜𝑛𝑠
𝐿 ) was calculated (Equation C14), this metric determined if the design proposed violated 

the reactor design volume constraint (which in this case was 8 liters) or not. 

𝑐𝑜𝑛𝑠𝑉 = {
0, 𝑽𝑳 ≥ 𝑉𝑐𝑜𝑛𝑠

𝐿

1, 𝑽𝑳 < 𝑉𝑐𝑜𝑛𝑠
𝐿 ⁡

 
(C14) 

 Similar to the previous case study, 𝑐𝑜𝑛𝑠𝑉 represents the variable 𝑐𝑜𝑛𝑠 in Algorithm 4.1 

presented in the manuscript. From the vectors outputted by the mechanistic model, the endpoint values 

for 𝑪𝑨 and 𝑽𝑳 were taken, 𝐶𝐴 and 𝑉𝐿 respectively. Then a correlations matrix was built: 

 

Figure C.1: Correlation matrix 
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 Similar to the previous case, the correlation matrix helps determine which variables should be 

used as input variables in the surrogate models to predict the regressed variable. In this case, no 

regressed variable was used as an output variable, so all models used 𝐶𝐴0, 𝐶𝐴
𝑠𝑝

, 𝑉𝑖𝑛
𝐿 , 𝐾𝐶

𝑅, and 𝜏𝐼
𝑅⁡ as input 

variables.  

The surrogate models were implemented as fully connected NN utilizing a ReLU activation 

function. Details regarding the hidden layer sizes, the 𝑅2 score and the RMSE on the testing dataset are 

provided in the following table (Table C.3): 

Table C.3: Surrogate models’ details 

Model Architecture (hidden layers) 𝑅2 score 𝑅𝑀𝑆𝐸/F1-score 

𝐶𝐴 regressor [300, 200, 100] 0.9960 0.0125 

𝑉𝐿 regressor [300, 200, 100] 0.9990 0.2849 

𝐼𝑆𝐸𝑅 regressor [100, 100] 0.9985 0.0607 

𝐿𝑎𝑏𝑒𝑙̂
𝑅 classifier [100, 100] 0.9803 0.99/0.95 

The architecture of the surrogate models for both the previous case study and the present one was 

the same. The reason behind this decision was the good results obtained in the previous case, which 

were sought to be replicated for the current study. All models achieved high test 𝑅2 score which 

indicated a good selection of the models’ architecture. Same as in the past case study, for the classifier 

the F1-score is presented, with values of 0.99 for class 𝐿𝑎𝑏𝑒𝑙̂
𝑅 = 1 and 0.95 for class 𝐿𝑎𝑏𝑒𝑙̂

𝑅 = 0. 

3. Supporting figures 

 

Figure C.2: Volume constraint violation Scenario D: A) CSTR 1 B) CSTR 2 C) CSTR 3 

 Figure C.2 presents three graphs illustrating the volume constraint violation for Scenario D. In 

all three cases, it is observed that the design chosen by the agent ensures no violations of this constraint, 

with volumes consistently remaining below 8 liters. Significant fluctuations in volume are observed in 
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the first two reactors, with the second reactor reaching volumes close to 6.5 liters. This behavior occurs 

because, in the initial reactors, the agent primarily aims to damp the disturbance while maximizing the 

conversion of the reactant. Ultimately, after 10 minutes, all three reactors stabilize at different volumes. 

 

Figure C.3: Volume constraint violation Scenario E: A) CSTR 1 B) CSTR 2 C) CSTR 3 

As in the previous figure, this figure presents three graphs illustrating the volume constraint 

violation for Scenario E. In all three cases, it is observed that the design selected by the agent prevents 

any violations of the volume constraint. It is worth noting the volume profile in the first reactor, which 

undergoes significant changes, increasing from 3 to 7 liters in a short period, with fluctuations 

approaching the imposed volume limit, reaching up to 7.5 liters. Despite this behavior, after 10 minutes, 

the value stabilizes around 6.5 liters. In the other reactors, fluctuations and changes in volume are not 

as pronounced, once again stabilizing after around 10 minutes. 

Distillation column (DC) 

1. Mechanistic model 

The dynamic model of the DC was taken from (Schweiger and Floudas, 1998) . Note that the entire 

model is formulated in terms of the most volatile component, which in this case is product B. The goal 

of this DC is to separate a saturated liquid feed into bottoms and distillate products of specified purity. 

For this column the total number of trays, the location of the feed, the diameter of the column and the 

set-point purities for both the tops and bottoms must be determined. The model of the DC is based on 

the following assumptions: equimolar overflow, constant relative volatility (𝛼), a partial reboiler and 

total condenser are considered. The full model is presented as follows: 

- Reboiler component balance 
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𝑀𝑅
𝑑𝑥𝐵
𝑑𝑡

= 𝐿1(𝑥1 − 𝑥𝐵) + 𝑉(𝑥𝐵 − 𝑦𝐵) (C15) 

- Tray component balance 

𝑀𝐿
𝑑𝑥𝑖
𝑑𝑡
= 𝐿𝑖+1(𝑥𝑖+1 − 𝑥𝑖) + 𝑉(𝑦𝑖−1 − 𝑦𝑖) + 𝑓𝑒𝑒𝑑𝑛𝐹

𝐿(𝑧 − 𝑥𝑖) + 𝑟𝑒𝑓𝑙𝑢𝑥𝑛𝑅(𝑥𝐷 − 𝑥𝑖) (C16) 

- Condenser component balance 

𝑀𝐶
𝑑𝑥𝐷
𝑑𝑡

= 𝑉(𝑦𝑁 − 𝑥𝐷) (C17) 

- Reboiler total balance 

𝛽
𝑑𝐵

𝑑𝑡
= 𝐿1 − 𝑉 − 𝐵

𝐿 
(C18) 

- Tray total balance 

𝛽
𝑑𝐿𝑖
𝑑𝑡
= 𝐿𝑖+1 − 𝐿𝑖 + 𝑓𝑒𝑒𝑑𝑛𝐹

𝐿 + 𝑟𝑒𝑓𝑙𝑢𝑥𝑛𝑅 
(C19) 

- Condenser component balance 

𝛽
𝑑𝐷

𝑑𝑡
= 𝑉 − 𝑅 − 𝐷𝐿 

(C20) 

- Reboiler equilibrium 

𝑦𝐵 =
𝛼𝑥𝐵

1 + 𝑥𝐵(𝛼 − 1)
 

(C21) 

- Tray equilibrium 

𝑦𝑖 =
𝛼𝑥𝑖

1 + 𝑥𝑖(𝛼 − 1)
 

(C22) 

- Molar holdup 
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𝑀𝐿 ⁡= ⁡7.538115(((
0.0014134

𝐷𝐶
)

2
3
⁡)⁡+ ⁡0.0254)𝐷𝐶

2 

(C23) 

- Tray time constant 

𝛽 = ⁡0.05271𝐷𝐶

4
3 (C24) 

- Molar holdup in the condenser and the reboiler 

𝑀𝐶 = 𝑀𝑅 = 100𝑀
𝐿 (C25) 

where 𝑥𝑖 represent the liquid fractions from each tray (𝑖 can take values from 1 to 𝑁 which is the 

maximum number of trays in the DC), 𝑥𝐷 the liquid fraction at the distillate, 𝑥𝐵 the liquid fraction at 

the bottoms, 𝑧 the liquid fraction at the feed, 𝑦𝐵 the vapor fraction at the bottoms, 𝑦𝑖 the vapor fractions 

from each tray, 𝐿𝑖 the liquid flow rate from each tray, 𝑅⁡the reflux flow rate, 𝑉 the vapor boilup, 𝐵𝐿 the 

bottoms flow rate, 𝐷𝐿 the distillate flow rate, 𝐹𝐿 the feed rate and 𝐷𝐶 the diameter of the DC. The 

structural alternatives are represented by the binary variables 𝑓𝑒𝑒𝑑𝑛 and 𝑟𝑒𝑓𝑙𝑢𝑥𝑛, which denote the 

presence of the feed and reflux to tray 𝑛, respectively. 

When designing the input matrix for the mechanistic model, the following logical constraints were 

considered: 

- The existence of only one feed stream 

∑𝑓𝑒𝑒𝑑𝑛

𝑁

𝑛=1

= 1 
(C26) 

- The existence of only one reflux stream 

∑𝑟𝑒𝑓𝑙𝑢𝑥𝑛

𝑁

𝑛=1

= 1 
(C27) 

- The reflux enters at least 4 trays above the feed stream 
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∑(𝑛)(𝑟𝑒𝑓𝑙𝑢𝑥𝑛) ⁡−⁡(𝑛)(𝑓𝑒𝑒𝑑𝑛)

𝑁

𝑛=1

≥ 4 
(C28) 

In this problem, it is assumed that there is a disturbance with a 50% increase in the inlet flowrate 

(𝐹)⁡at time 𝑡 = 2. To account for the same disturbance in both the CSTR and the DC, it was assumed 

that the conversion between volumetric flow rate and molar flow rate was 1:1. To mitigate the effects 

of this disturbance and achieve the desired purity set-points, two PI control systems are implemented: 

one on the condenser and one on the reboiler. In the condenser 𝑥𝐷 is controlled by manipulating 𝑅, 

while in the reboiler 𝑥𝐵 is controlled by manipulating 𝑉. The PI controllers’ equations are as follows: 

𝑑𝐼𝐵
𝑑𝑡
= 𝑥𝐵 − 𝑥𝐵

𝑠𝑝
 

(C29) 

𝑑𝐼𝐷
𝑑𝑡
= 𝑥𝐷 − 𝑥𝐷

𝑠𝑝
 

(C30) 

𝑉 = 𝑉𝑠𝑠 + 𝐾𝐶
𝐵(𝑥𝐵 − 𝑥𝐵

𝑠𝑝
) +

𝐾𝐶
𝐵

𝜏𝐼
𝐵 𝐼𝐵 

(C31) 

𝑅 = 𝑅𝑠𝑠 + 𝐾𝐶
𝐷(𝑥𝐷 − 𝑥𝐷

𝑠𝑝
) +

𝐾𝐶
𝐷

𝜏𝐼
𝐷 𝐼𝐷 

(C32) 

where 𝑥𝐵
𝑠𝑝

 denoted the set-point in the bottoms liquid fraction, 𝑥𝐷
𝑠𝑝

the set-point in the distillate liquid 

fraction, 𝐾𝐶
𝐵 and 𝜏𝐼

𝐵 the vapor boilup controller inputs, and 𝐾𝐶
𝐷 and 𝜏𝐼

𝐷 the reflux rate controller inputs. 

The parameters used in this case study were the following (Table C.4): 

Table C.4: Parameters' values 

Parameter Value 

𝐹⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 1 

𝛼 2.5 

𝑉𝑠𝑠⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 1.258 

𝑅𝑠𝑠[𝑚𝑜𝑙/𝑚𝑖𝑛] 0.8097 

Table C.5 lists the design variables and their corresponding bounds. 
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Table C.5: Design variables’ bounds 

Design variable Bounds 

𝑧 0.3 – 0.6  

𝑁  10 – 20  

𝐷𝐶 ⁡[𝑚]  0.3 – 0.6   

𝑓𝑒𝑒𝑑𝑁 2 – 10  

𝑟𝑒𝑓𝑙𝑢𝑥𝑁 8 – 19  

𝐾𝐶
𝐵⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 5 – 20  

𝜏𝐼
𝐵⁡[1/𝑚𝑖𝑛] 0.01 – 0.3 

𝐾𝐶
𝐷⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] -20 – -5  

𝜏𝐼
𝐷⁡[1/𝑚𝑖𝑛] 0.01 – 0.3 

𝑥𝐵
𝑠𝑝

 0.01 – 0.1  

𝑥𝐷
𝑠𝑝

 0.9 – 0.99 

 

2. Surrogate model 

The dataset used to train the DC surrogate models was generated using LHS and comprised around 

22,000 combinations of the inlet variables of the column: 𝑧, 𝑁, 𝐷𝐶, 𝑓𝑒𝑒𝑑𝑁, 𝑟𝑒𝑓𝑙𝑢𝑥𝑁, 𝐾𝐶
𝐵, 𝜏𝐼

𝐵, 𝐾𝐶
𝐷, 𝜏𝐼

𝐷, 

𝑥𝐵
𝑠𝑝

 and 𝑥𝐷
𝑠𝑝

. For this case, it was verified that 𝑓𝑒𝑒𝑑𝑛 was always less than 𝑟𝑒𝑓𝑙𝑢𝑥𝑁 by a difference of 

4, as presented in the previous section (Equation C28). All combinations were evaluated in the 

isothermal DC model presented in the previous sub-section. For each combination, the model outputted 

a series of vectors: 𝑁 vectors corresponding to each of the liquid fraction profiles at each stage, 𝑁 

vectors of each of the molar flow profiles at each stage, and 𝑁 vectors of each of the vapor fraction 

profiles at each stage. In this case, we focused only on the vector of the output profile in the distillate 

(𝒙𝑫) and the vector of the output profile in the bottoms (𝒙𝑩). From 𝒙𝑫, the ISE for the tops was 

calculated (Equation B9), for the bottoms the ISE was also calculated with 𝒙𝑩 (Equation B9). The 

dynamic model of the DC was programmed in Python, primarily using the Gekko package (Beal et al., 

2018). A key advantage of using Gekko for solving optimization problems is that if the proposed design 

violates constraints or results in an infeasible solution, e.g., nonpositive concentrations, Gekko 

generates an error thus providing a direct identification of the infeasible designs. Adding to that, the 

necessity to handle a substantial number of equations, initializations, and constraints made Gekko an 

attractive simulation framework for this unit operation. 

The constraints considered in this case included compliance of all DAEs (equality constraints) 

C15-C20 and C29-C30, as well as prevention of crossover in the mole fractions, i.e., 
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𝑥𝐵 ≤ 𝑥1 ≤ ⋯ ≤ 𝑥𝑁 ≤ 𝑥𝐷 (C33) 

Furthermore, there are constraints requiring that all process streams in the model must be 

positive, ensuring that no stream dries up: 

𝑉 ≥ 0⁡ 
𝐿𝑖 ≥ 0⁡⁡⁡⁡⁡∀𝑖 ∈ 𝐼 

𝑅 ≥ 0 

𝐼 ∈ {1, 𝑁} (C34) 

For this case, 𝑐𝑜𝑛𝑠𝐷𝐶 represents the variable 𝑐𝑜𝑛𝑠 in Algorithm 4.1 presented in the 

manuscript. For this unit operation 𝑐𝑜𝑛𝑠𝐷𝐶 determined whether the proposed design violated any of the 

constraints outlined above, i.e.,  

𝑐𝑜𝑛𝑠𝐷𝐶 =⁡ {
0, 𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡⁡𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛⁡

⁡⁡⁡⁡⁡⁡⁡⁡1, 𝑁𝑜⁡𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡⁡𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛⁡⁡
 

(C35) 

The primary drawback of this approach was the significant computation time required to 

simulate all scenarios, taking approximately 8 hours to complete. As a result, only 22,000 combinations 

could be simulated for the DC, compared to the 85,000 combinations simulated for the reactors. For 

the DC, five surrogate models were determined: four regressors and one classifier. The regressors were 

tasked with determining the endpoint of 𝒙𝑩 (𝑥𝐵), the endpoint of 𝒙𝑫 (𝑥𝐷), the ISE of the distillates 

(𝐼𝑆𝐸𝐷) and the ISE for the bottoms (𝐼𝑆𝐸𝐵). The classifier determined whether the simulation in Gekko 

failed or not.  
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Figure C.4: Correlation matrix 

 Similar to the other unit operations, a correlation matrix was constructed for the DC. In this 

case, Figure C.4 shows a matrix featuring designs that did not violate any constraints, meaning they 

were labeled as "No constraint violation" by the classifier. This approach was taken because many 

designs failed during the simulation and including both "No constraint violation" and "Constraint 

violation" designs would obscure the true effect that input variables have on the regressed variables. 

Details regarding the hidden layer sizes, activation functions, the 𝑅2 score and the RMSE on 

the testing dataset are provided in the following table. 

Table C.6: Surrogate models’ details 

Model 
Activation 

function 
Architecture (hidden layers) 𝑅2 score 𝑅𝑀𝑆𝐸/F1-score 

𝑥𝐵 regressor Tanh [512, 256, 128, 64] 0.9725 0.0044 

𝑥𝐷 regressor  Tanh [512, 256, 128, 64] 0.9833 0.0034 

𝐼𝑆𝐸𝐵 regressor  ReLU [100, 100] 0.9635 0.3071 

𝐼𝑆𝐸𝐷 regressor ReLU [100, 100] 0.9549 0.3265 

Classifier ReLU [100, 100] 0.9592 0.98/0.88 

As observed in Table C.6, the architecture of the surrogate models for predicting 𝑥𝐵 and⁡𝑥𝐷 

differs from the previous surrogate models. The primary change lies in the type of activation function 
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used; in this case, a tanh activation function was chosen due to the restricted domain of the problem, 

which required a well-bounded response. Additionally, the decreasing architecture in the number of 

neurons proved effective in making predictions. Regarding the regressors for 𝐼𝑆𝐸𝐵 and 𝐼𝑆𝐸𝐷, the 

architecture and activation function remained the same as in the previous cases, as did the classifier's 

architecture and activation function. Same as in the past case study, for the classifier the F1-score is 

presented, with values of 0.98 for class “No constraint violation” and 0.88 for class “Constraint 

violation”. 
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Appendix D 

Chapter 4 – Case study 3 

This appendix provides a more in-depth examination of various components of case study 3. Among 

these components is a thorough description of the mathematical model used for the isothermal flash 

tank (FT) and a more detailed analysis of the surrogate models employed for that UO. Supporting 

images are also included, showing the volume constraint satisfaction for Scenarios F and G.  

1. Mechanistic model 

The dynamic model of the FT was derived from (Schweiger and Floudas, 1998). The primary objective 

of the FT is to separate a saturated liquid feed into two distinct outflows: a vapor stream and a liquid 

stream, each with a specified molar fraction. To achieve this, the liquid molar fraction set-point must 

be determined. The FT model operates under the following key assumptions: constant relative volatility 

(𝛼), no mass accumulation within the tank, and constant temperature and pressure throughout the 

process. These assumptions simplify the system dynamics, allowing for more straightforward analysis 

and control of the separation process. Note that the entire model is formulated in terms of the most 

volatile component, which in this case is product B. 

The full model is presented as follows: 

- Component balance equation 

𝑑𝑥

𝑑𝑡
= Ϝ𝑖𝑛𝑧 − 𝑉𝐹𝑇𝑦𝑉 − 𝐿𝐹𝑇𝑥𝐿 (D1) 

- Total balance equation 

𝑑𝐿𝐹𝑇
𝑑𝑡

= Ϝ𝑖𝑛 − 𝑉𝐹𝑇 − 𝐿𝐹𝑇 
(D2) 

- Equilibrium equation 

𝑦𝑉 =
𝛼𝑥𝐿

1 + 𝑥𝐿(𝛼 − 1)
 

(D3) 

Here, 𝑥𝐿 and 𝑦𝑉 represent the molar fractions in the liquid and vapor phases, respectively. Ϝ𝑖𝑛 

is the inlet flowrate, 𝑉𝐹𝑇 is the vapor outflow, 𝐿𝐹𝑇 is the liquid outflow, and 𝑧 denotes the feed's liquid 
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fraction. Note that the equations for the FT were derived from the DC’s reboiler equations presented in 

the previous appendix. This approach is justified based on the underlying physical principles shared by 

both processes. Reboilers and flash tanks operate on similar thermodynamic concepts, primarily the 

phase equilibrium between liquid and vapor phases under specific pressure and temperature conditions.  

In this problem, it is assumed that there is a disturbance with a 50% increase in the inlet flowrate 

(Ϝ𝑖𝑛)⁡at time 𝑡 = 2. To mitigate the effects of this disturbance, a control system is implemented on the 

equipment. This system aims to control the outlet liquid molar fraction of the most volatile component 

by manipulating the vapor the outlet flowrate. The controller integrated into the flash tank is a PI 

controller represented by the following equations: 

𝑒𝑟𝑟𝐹𝑇 = 𝑥𝐿 − 𝑥𝐿𝑠𝑝 (D4) 

𝑑𝐼𝐹𝑇
𝑑𝑡

= 𝑒𝑟𝑟𝐹𝑇 
(D5) 

𝑉𝐹𝑇 = 𝑉𝐹𝑇
𝑠𝑠 + 𝐾𝐶

𝐹𝑇 (𝑒𝑟𝑟𝐹𝑇 ⁡+
𝐼𝐹𝑇

𝜏𝐼
𝐹𝑇⁡) 

(D6) 

where 𝑥𝐿𝑠𝑝 ⁡is the desired set-point of the molar fraction in the liquid phase, 𝑉𝑠𝑠 is the steady-state vapor 

outflow, 𝐾𝐶
𝐹𝑇 is the proportional gain of the PI controller and 𝜏𝐼

𝐹𝑇 is the integrated time of the PI 

controller. The parameters used in this case study were the following (Table D.1): 

Table D.1 Parameters' values 

Parameter Value 

𝑉𝐹𝑇
𝑠𝑠⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 0.5 

𝛼 2.5 

As for the design variables and their bounds, they were as follows (Table D.2): 

Table D.2: Design variables’ bounds 

Design variables Bounds 

Ϝ𝑖𝑛⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 0.01 – 1  

𝑧  0.1 – 0.9  

𝑥𝐿
𝑠𝑝

 0.05 – 0.85  

𝐾𝐶
𝐹𝑇⁡[𝑚𝑜𝑙/𝑚𝑖𝑛]  1 – 10  

𝜏𝐼
𝐹𝑇⁡[1/𝑚𝑖𝑛] 0.01 – 0.9 
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In contrast to the previous UO, the inlet flowrate to the FT model must be treated as a design variable. 

This consideration is primarily necessary to accommodate the possibility of multiple FTs operating in 

series. For the design of FTs operating in series, the inlet flowrate is taken as the outflow with the 

highest molar quantity from the preceding unit. This approach accounts for the inevitable material loss 

that occurs during the separation process. 

2. Surrogate models 

The dataset used to train the FT surrogate models was generated using LHS and comprised around 

15,000 combinations of the inlet variables of the tank: 𝑧, Ϝ𝑖𝑛, 𝑥𝐿
𝐹𝑇, 𝐾𝐶

𝐹𝑇 and 𝜏𝐼
𝐹𝑇. All the combinations 

were evaluated in the FT model presented in the previous sub-section. The outputs of the model for 

each combination included a vector of the molar fraction in the liquid phase (𝒙𝑳) and a vector 

containing the profile of the liquid outflow (𝑳𝑭𝑻). The ISE (Equation B9) was calculated from 𝒙𝑳. 

Similar to the DC from Appendix C, the dynamic model of the FT was programmed in Python, using 

the Gekko package (Beal et al., 2018).  

The constraints considered in this case encompassed the satisfaction of the DAEs as equality 

constraints, specifically equations D1, D2, and D5. Additionally, a constraint was imposed to ensure 

that all process streams in the model remain positive, thereby preventing any stream from drying up. 

𝑉𝐹𝑇 ≥ 0⁡ 
𝐿𝐹𝑇 ≥ 0 (D7) 

For this case, 𝑐𝑜𝑛𝑠𝐹𝑇 represents the variable 𝑐𝑜𝑛𝑠 in Algorithm 4.1 presented in the 

manuscript. For this unit operation 𝑐𝑜𝑛𝑠𝐹𝑇 determined whether the proposed design violated any of the 

constraints outlined above, i.e.,  

𝑐𝑜𝑛𝑠𝐹𝑇 =⁡ {
0, 𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡⁡𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛⁡

⁡⁡⁡⁡⁡⁡⁡⁡1, 𝑁𝑜⁡𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡⁡𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛⁡⁡
 

(C35) 

As previously mentioned, one of the main drawbacks of using Gekko is the high computational time, 

as simulating the 15,000 combinations required approximately 3 hours to complete. For the FT, four 

surrogate models were determined: three regressors and one classifier. The regressors were tasked with 

determining the endpoint of 𝒙𝑳 (𝑥𝐿), the endpoint of 𝑳𝑭𝑻 (𝐿𝐹𝑇) and the ISE for the molar fraction in the 

liquid outlet. It is important to note that, based on the values of 𝑥𝐿 and 𝐿𝐹𝑇, the values of 𝑦𝑉 and 𝑉𝐹𝑇 

were also calculated to ensure that the entire FT model was solved at the endpoint. These calculations 

were made because 𝑦𝑉 and 𝑉𝐹𝑇 could be used as input variables for a hypothetical next FT, as the 
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determining factor for selecting one outflow over the other is its magnitude (the outflow with the most 

amount of material is chosen as the hypothetical next input flow). 

The classifier determined whether the simulation in Gekko failed or not.  

 

 

Figure D.1: Correlation matrix 

As with the other unit operations, a correlation matrix was created for the FT. In this instance, 

Figure D.1 presents a matrix that includes only those designs that did not violate any constraints, which 

were classified as "No constraint violation" by the classifier. This strategy was adopted because many 

designs encountered failures during the simulation, and incorporating both classes’ designs would 

obscure the true impact of the input variables on the regressed variables. 

Details regarding the hidden layer sizes, activation functions, the 𝑅2 score and the RMSE on 

the testing dataset are provided in the following table. 
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Table D.3: Surrogate models’ details 

Model 
Activation 

function 
Architecture (hidden layers) 𝑅2 score 𝑅𝑀𝑆𝐸/F1-score 

𝑥𝐿 regressor Tanh [100,100,100,100] 0.9969 0.0109 

𝐿𝐹𝑇 regressor  ReLU [100,100,100,100] 0.9860 0.0254 

𝐼𝑆𝐸𝐹𝑇 regressor  ReLU [100, 100] 0.9899 0.1174 

Classifier ReLU [100, 100] 0.9871 0.99/0.98 

As observed in Table D.3, the 𝑥𝐿 and 𝐿 regressors employ a greater number of hidden layers 

compared to other surrogate models. However, unlike other unit operations, their architecture does not 

exhibit a decreasing trend; maintaining a consistent number of neurons per layer has yielded favorable 

results. All surrogate models demonstrate excellent performance, with an average 𝑅2 score of 

approximately 0.99. Notably, only the 𝑥𝐿 regressor utilizes the Tanh activation function; attempts to 

implement ReLU did not produce satisfactory outcomes. The Tanh function also assists in bounding 

the output variable. Additionally, the constructed classifier performs effectively, clearly distinguishing 

between the “No Constraint Violation” and “Constraint Violation” classes, indicating its robustness in 

classification tasks. 

3. Supporting figures 

 

Figure D.2: Volume constraint violation Scenario F: A) CSTR 1 B) CSTR 2 C) CSTR 3 

Figure D.2 presents three graphs illustrating the volume constraint violation for Scenario F.  In 

the case of all three reactors, the agent ensures adherence to the design constraint of 8 liters. Notably, 

both the first and last reactors achieve this constraint comfortably. Conversely, the second reactor 

exhibits the most significant fluctuations, characterized by an exponential increase in volume during 

the initial 2.5 minutes, reaching a peak of 7.5 liters before stabilizing around 6.5 liters. Despite not 

having the highest initial volume among the three reactors, the dynamics of the process lead to this 
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behavior, which the controller designed by the agent effectively dampens. After 10 minutes, all reactors 

stabilize at a fixed operational volume. 

 

Figure D.3: Volume constraint violation Scenario G: A) CSTR 1 B) CSTR 2 C) CSTR 3 

As in the previous figure, this figure presents three graphs illustrating the volume constraint 

violation for Scenario G. In this case, the three reactors preceding the FT consistently adhere to the 

volume constraint throughout the entire operation. Similar to the previous scenario, the second reactor 

exhibits the most significant challenges, experiencing an exponential increase in volume during the 

initial minutes of operation. However, this volume is subsequently regulated by the controller 

implemented by the agent. The maximum volume attained in this instance is 7.95 liters, which remains 

within the allowed operating volume. Additionally, while both the first and last reactors stabilize at 

approximately 10 minutes, the second reactor requires slightly more time to stabilize, achieving 

equilibrium around the 14-minute mark. 
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Appendix E 

Chapter 4 – Case study 4 

This appendix provides a more in-depth examination of various components of case study 4. It is 

important to note that all mechanistic models used in this case study are the same as those presented in 

Appendix C. Readers are encouraged to refer to Appendix C for a comprehensive description. The only 

modification pertains to the mechanistic model of the distillation column, where the relative volatility 

value (𝛼) was adjusted to match the values presented in Table 4.11; however, the overall mechanistic 

model remains unchanged.  

Note that a suitable real-world analogy for this setup is the isomerization of n-pentane into iso-

pentane and neopentane. In this reaction, n-pentane (reactant A) is converted into its structural isomers, 

iso-pentane (product B) and neopentane (product C), through a catalytic process that is typically 

irreversible and follows first-order kinetics with respect to n-pentane concentration. This analogy 

reflects the reaction mechanisms and operational considerations of the model, as the isomerization 

process is conducted in the liquid phase. The choice of n-pentane and its isomers is particularly relevant, 

as their physical properties, including density, are nearly identical, simplifying modeling assumptions 

in a CSTR setup. Additionally, this isomerization is well-suited for separation processes due to the 

differences in boiling points among the three isomers, with neopentane being the most volatile, 

followed by iso-pentane, and finally n-pentane (Chi et al., 2017). 

With these clarifications, this appendix includes the updated design variables table, revised to 

accommodate all three column designs. Additionally, it presents supporting figures for the volume 

constraints satisfaction for Scenarios H and I and the detailed specifications of the surrogate models 

architectures and score metrics for the three distillation columns. 

1. Supporting figures 
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Figure E.1 Volume constraint violation scenario H 

Figure E.1 presents a graph illustrating the volume constraint violation for Scenario H. In this 

graph, it can be observed that the design selected by the agent ensures no violations of the constraint, 

with volumes consistently remaining below 8 L. The reactor volume increases exponentially during the 

first few minutes, reaching a peak near 7 L, after which it stabilizes around 6 L after approximately 

12.5 minutes. 

 

Figure E.2 Volume constraint violation Scenario I: A) CSTR 1 B) CSTR 2 

As in the previous figure, this figure presents two graphs illustrating the volume constraint 

violation for Scenario I. In all two cases, it is observed that the design selected by the agent prevents 

any violations of the volume constraint. It is worth noting the volume profile in the first reactor, which 
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undergoes significant changes, increasing from 4 to 6 liters in a short period, with fluctuations 

approaching the imposed volume limit, reaching up to 6.8 liters. Despite this behavior, after 12.5 

minutes, the value stabilizes around 5.5 liters. The second reactor exhibits a more intriguing behavior, 

as its volume decreases instead of increasing. It starts with a high reaction volume, near 7 liters, 

followed by an abrupt drop before stabilizing around 1.5 liters. This behavior is believed to occur 

because the conversion in this reactor is relatively low, and the outlet concentration was subject to near-

immediate control (see Figure 4.27 in the manuscript). 

2. DC design table 

Table E.1 lists the design variables and their corresponding bounds. In order to determine the lower and 

upper bounds for the number of stages required for the separation of components in the distillation 

process, short-cut methods were utilized. Specifically, Fenske’s equation was applied to calculate the 

minimum number of stages, 𝑁𝑚𝑖𝑛, needed at total reflux to achieve the desired separation between the 

more volatile component and the less volatile component. 

𝑁𝑚𝑖𝑛 =
ln (
𝑥𝐷 ∗ (1 − 𝑥𝐵)
𝑥𝐵 ∗ (1 − 𝑥𝐷)

)

ln⁡(α)
 

(E1) 

Assuming molar fractions of 0.99 at the top and 0.01 at the bottom, as well as the relative 

volatility with the smallest value to achieve the highest number of trays (in this case, 2.5), the minimum 

number of stages required to achieve the separation is 11. This value is used as a staring point to 

determine the bounds required for the actual number of stages required for the separation.  

Table E.1 Design variables 

Design variable Bounds 

𝑧 0.3 – 0.9  

𝑁  10 – 20  

𝐷𝐶 ⁡[𝑚]  0.3 – 0.6   

𝑝𝑘 2 – 10  

𝑞𝑘 8 – 19  

𝐾𝐶
𝐵 ⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] 5 – 20  

𝜏𝐼
𝐵⁡[1/𝑚𝑖𝑛] 0.01 – 0.3 

𝐾𝐶
𝐷⁡[𝑚𝑜𝑙/𝑚𝑖𝑛] -20 – -5  

𝜏𝐼
𝐷⁡[1/𝑚𝑖𝑛] 0.01 – 0.3 

𝑥𝐵
𝑠𝑝

 0.01 – 0.1  

𝑥𝐷
𝑠𝑝

 0.10 – 0.99 
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3. DC surrogate models 

The regressors were tasked with determining the endpoint of 𝒙𝑩 (𝑥𝐵), the endpoint of 𝒙𝑫 (𝑥𝐷), the ISE 

of the distillates (𝐼𝑆𝐸𝐷) and the ISE for the bottoms (𝐼𝑆𝐸𝐵). The classifier determined whether the 

simulation in Gekko failed or not.  

 

Figure E.3 Correlation matrix for DC with α=3.5 

Figure E.3 presents the correlation matrix of the different variables in the distillation column 

model with a relative volatility of 3.5. To observe the true effect of the input variables on the output 

variables, only designs that did not violate any constraints were considered for this matrix, meaning 

they were labeled as "pass" by the classifier. As seen, many variables have low or nearly zero 

correlations with the output variables. For example, 𝑥𝐷 has a very high correlation with the input 

composition and with⁡𝑥𝐷
𝑠𝑝

, but no correlation with the rest. The same behaviour is observed for 𝑥𝐵, 

having high correlation with 𝑥𝐵
𝑠𝑝

 and practically no correlation with the rest of the input variables. As 

expected, 𝐼𝑆𝐸𝐷 and 𝐼𝑆𝐸𝐵 show a correlation with the controller tuning parameters in the distillates and 
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in the bottoms respectively. It is worth noting that this correlation increased when the ISE value was 

transformed to ln(ISE). For the surrogate models, all design variables were taken as input, excluding 

any regressed variables, even though some output variables may have certain correlations among them. 

Note that correlation matrices for the other two distillation columns with different relative volatility 

show similar trends and values to those observed in Figure E.3. Therefore, to avoid repetition, they are 

not included in this supplementary material. 

Table E.2 presents the architecture details for the models used in the study, including 

information on hidden layer sizes, activation functions, the 𝑅2 score, and the RMSE on the testing 

dataset.  

Table E.2 Surrogate models’ details for DCs 

Model 
Activation 

function 

Architecture 

(hidden layers) 
𝑅2 score 𝑅𝑀𝑆𝐸 or F1-score 

𝛼 = 2.5 

𝑥𝐵 regressor Tanh [512, 256, 128, 64] 0.9725 0.0044 

𝑥𝐷 regressor Tanh [512, 256, 128, 64] 0.9833 0.0034 

𝐼𝑆𝐸𝐵 regressor ReLU [100, 100] 0.9635 0.3071 

𝐼𝑆𝐸𝐷 regressor ReLU [100, 100] 0.9549 0.3265 

Classifier ReLU [100, 100] 0.9592 0.98/0.88 

𝛼 = 3.5 

𝑥𝐵 regressor Tanh [512, 256, 128, 64] 0.9700 0.0044 

𝑥𝐷 regressor Tanh [512, 256, 128, 64] 0.8637 0.0086 

𝐼𝑆𝐸𝐵 regressor ReLU [100, 100] 0.8987 0.4880 

𝐼𝑆𝐸𝐷 regressor ReLU [100, 100] 0.8887 0.6170 

Classifier ReLU [100, 100] 0.9142 0.92/0.91 

𝛼 = 4.5 

𝑥𝐵 regressor Tanh [512, 256, 128, 64] 0.9726 0.0044 

𝑥𝐷 regressor Tanh [512, 256, 128, 64] 0.9307 0.0067 

𝐼𝑆𝐸𝐵 regressor ReLU [100, 100] 0.9469 0.3701 

𝐼𝑆𝐸𝐷 regressor ReLU [100, 100] 0.6258 1.2096 

Classifier ReLU [100, 100] 0.9288 0.95/0.89 

The table presents the performance of various surrogate models across different 𝛼 values in 

terms of the 𝑅2 score and RMSE or F1-score. As observed, most models achieve R² scores above 85%, 

with the exception of the 𝐼𝑆𝐸𝐷 regressor for 𝛼 = 4.5, which demonstrates lower performance. This 

discrepancy can be attributed to the need for additional simulations for that particular model, which 

resulted in some outliers that the model could not accurately predict. Furthermore, the choice of 
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activation function—specifically the Tanh function – for 𝑥𝐷 and 𝑥𝐵 was influenced by the restricted 

domain of the variables, which required a well-bounded response. The decreasing architecture in the 

number of neurons (i.e., [512, 256, 128, 64]) was also found to be effective in enhancing model 

performance, particularly for regression tasks. The classifiers show good accuracy. Despite the 

presence of overrepresented the overrepresented “No violation” class, the application of SMOTE 

effectively mitigates bias, as evidenced by the high F1 scores. 


