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ABSTRACT 
Reliable process operation under uncertainty remains a fundamental challenge in chemical and 
pharmaceutical manufacturing. Variability arising from feed fluctuations, material properties, ex-
ternal disturbances, and uncertain model parameters can significantly impact feasibility and per-
formance when operating ranges are designed under nominal assumptions. Design Space Identi-
fication (DSI) addresses these limitations by defining a Probabilistic Design Space (PDS), within 
which process constraints are satisfied with a prescribed confidence level. However, identifying 
and extracting robust and practically usable nominal operating ranges (NORs) from complex, high-
dimensional, and nonconvex PDSs remains computationally demanding. This work proposes a 
novel reinforcement learning (RL)–based framework for automated identification of the largest ro-
bust hyper-rectangular NOR fully contained within a given PDS. The design centering problem is 
formulated as a sequential decision-making task and solved using the Proximal Policy Optimization 
(PPO) algorithm. By interacting with a probabilistic feasibility environment, the RL agent adaptively 
adjusts the location and size of the NOR to maximize its area while enforcing probabilistic con-
straint satisfaction. Deep neural network policies enable efficient exploration of nonlinear feasibil-
ity boundaries without exhaustive sampling or gradient-based optimization. The approach is 
demonstrated on a tablet lubrication case study with parametric uncertainty. Results show rapid 
convergence to well-located, near-maximal NORs using substantially fewer probabilistic feasibility 
evaluations than conventional grid-based or Monte Carlo methods. The proposed PPO-based 
framework provides a scalable and data-efficient solution for robust operating range identification 
in uncertainty-aware process design.  

Keywords: Probabilistic design space (PDS),  Nominal Operating Range (NOR), Reinforcement Learning, Op-
erational flexibility,  Proximal Policy Optimization 

1. INTRODUCTION  
Chemical and pharmaceutical manufacturing is un-

dergoing rapid transformation driven by the need for in-
creased process efficiency, reduced development time-
lines, and improved product quality [1-2]. Within this 
evolving context, the Quality by Design (QbD) paradigm 
has emerged as a central framework for modern process 
development, emphasizing systematic process under-
standing and risk-based decision-making [3-4]. Central 
to QbD is the establishment of quantitative relationships 
among Critical Quality Attributes (CQAs), process param-
eters, and material attributes, enabling reliable and re-
producible operation across a range of conditions [5-6]. 

Achieving such robustness is inherently challenging 
due to multiple sources of uncertainty, including raw ma-
terial variability, feed disturbances, unmeasured process 
dynamics, and uncertain model parameters. To explicitly 
account for these uncertainties, Design Space Identifica-
tion (DSI) methodologies have been developed to char-
acterize the regions of feasible operation that satisfy all 
process and quality constraints. In recent years, DSI ex-
tends this concept by defining a Probabilistic Design 
Space (PDS), comprising operating conditions that sat-
isfy all process and quality constraints with a prescribed 
confidence level α (e.g., ≥ 95 %) [7-10]. 

While probabilistic DSI provides a rigorous uncer-
tainty-aware framework, the resulting PDSs are often ir-
regular, nonconvex, and disconnected, particularly in 

https://doi.org/10.69997/sct.189137
mailto:b.benyahia@lboro.ac.uk


 

Yewale et al. / LAPSE:2026.0527 Syst Control Trans 5:2587-2593 (2026) 2588  

nonlinear and high-dimensional systems. As a result, 
PDSs are difficult to use directly in industrial practice. In-
stead, operation typically relies on a Nominal Operating 
Range (NOR), commonly defined as a hyper-rectangular 
region fully contained within the PDS. NORs are interpret-
able, easily implementable, and well aligned with control 
strategies and regulatory documentation.  

Identifying the largest feasible NOR within a PDS 
corresponds to the classical design centering problem. 
However, ensuring probabilistic feasibility throughout an 
entire operating region is not merely at isolated points, it 
renders this problem computationally prohibitive for con-
ventional approaches such as exhaustive grid searches, 
Monte Carlo sampling, or heuristic expansion, especially 
as dimensionality increases. Moreover, point-based opti-
mization strategies often yield operating conditions that 
appear optimal in simulation but lack robustness under 
real-world disturbances [11-12]. 

These limitations motivate the development of 
methods that directly characterize feasible regions and 
efficiently navigate complex probabilistic design spaces. 
In this work, we propose a novel reinforcement learning 
(RL)–based framework for automated design centering 
within PDSs. Recent advances in RL for process systems 
engineering have demonstrated its potential for control, 
scheduling, and optimization under uncertainties [3, 13-
15]; however, its application to probabilistic design space 
exploration and robust operating range identification re-
mains largely unexplored. This work bridges that gap by 
introducing a scalable, data-efficient, and uncertainty-
aware RL methodology for robust NOR identification, of-
fering a practical pathway for translating probabilistic de-
sign concepts into actionable operating guidelines. By 
formulating NOR identification as a sequential decision-
making problem, an RL agent iteratively refines the loca-
tion and size of an operating region candidate while en-
forcing probabilistic feasibility constraints. Proximal Pol-
icy Optimization (PPO) is employed to enable stable and 
sample-efficient exploration without requiring explicit 
gradients, convexity assumptions, or exhaustive enumer-
ation of feasible points.  

2. METHOD 
2.1 Problem Statement and Scope 

This work addresses the design centering problem 
within a given PDS. The PDS is assumed to be available a 
priori, having been identified using established probabil-
istic design space methodologies, as reported in previous 
work [9]. The objective is to determine the NOR that is 
fully contained within the given PDS while satisfying a 
prescribed probabilistic confidence level.  

The NOR is parameterized as a hyper-rectangular 
region in the space of operating variables and is defined 
by its center and half-widths in each dimension. The de-
sign centering task therefore consists of identifying 

these parameters such that the resulting NOR maximizes 
operational flexibility while remaining probabilistically 
feasible throughout its entire extent. The NOR is defined 
as 

𝑁𝑁𝑁𝑁𝑁𝑁 = {𝑥𝑥 ∈  ℝ�|𝜇𝜇 − ∆ ≤ 𝑥𝑥 ≤  𝜇𝜇 +∆}  (1) 

where 𝜇𝜇 denotes the center of the operating region and 
Δ represents the vector of half-widths. 

2.2 Design Centering Optimization Problem 

The design centering objective is to identify the 
NOR parameters (𝜇𝜇,Δ) that maximize the area (or hyper-
volume) of the hyper-rectangular operating region while 
ensuring probabilistic feasibility throughout the entire 
NOR. This objective can be formulated as 

max
�,∆

𝑉𝑉(∆) = ∏ 2∆�
�
�=1     (2) 

Subject to 

ℙ�(𝐶𝐶(𝑥𝑥, 𝜃𝜃) ≤ 0) ≥  𝛼𝛼,∀𝑥𝑥 ∈ 𝑁𝑁𝑁𝑁𝑁𝑁   (3) 

Unlike pointwise feasibility checks, constraint (3) 
requires that all operating conditions within the NOR sat-
isfy the probabilistic constraints, rendering the problem 
highly challenging. The feasibility boundary is implicit, 
nonconvex, and typically requires repeated uncertainty 
propagation. As a result, conventional optimization, sam-
pling-based, or gradient-based approaches become 
computationally prohibitive, particularly in high-dimen-
sional settings. These challenges motivate the use of 
adaptive, data-driven approaches that can directly char-
acterize and exploit the feasible region, rather than rely-
ing on dense sampling of the full design space. 

3. METHODOLOGY: REINFORCEMENT 
LEARNING FRAMEWORK FOR DESIGN 
CENTERING 

To address the design centering problem defined 
above, the NOR identification is formulated as a sequen-
tial decision-making problem and solved using RL. This 
formulation enables efficient exploration of complex 
probabilistic design spaces without relying on convexity 
assumptions or explicit gradient evaluations. 

3.1 Markov Decision Process Formulation 
The design centering task is reformulated as a con-

tinuous-state, continuous-action Markov Decision Pro-
cess (MDP), in which an agent iteratively modifies the pa-
rameters of a candidate NOR and receives feedback 
based on probabilistic feasibility and operating range 
size.  

State Space. At iteration 𝑡𝑡, the state is defined as,  

𝑠𝑠� = [𝜇𝜇�,Δ�],  
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where 𝜇𝜇� denotes the current NOR center at iteration t 
and Δ� represents the corresponding half-widths along 
each dimension. 

Action Space. The action space corresponds to 
incremental updates of the NOR parameters,  

𝑎𝑎� = [Δ𝜇𝜇�,ΔΔ�],  

allowing the agent to shift the NOR center and expand or 
contract its dimensions. 

State Transition. Given an action, the environment 
updates the NOR parameters and evaluates probabilistic 
feasibility using constraint (3). The updated parameters 
constitute the next state 𝑠𝑠�+1. Infeasible transitions result 
in penalization and episode termination. 

This formulation allows the agent to iteratively refine 
the location and size of the NOR while interacting directly 
with the probabilistic feasibility landscape. 

3.2 Reward Function Design 

The reward function is designed to promote identi-
fication of large, well-located NORs while strictly enforc-
ing probabilistic feasibility. At each iteration, the RL agent 
receives a scalar reward defined as  

𝑅𝑅� = 𝑤𝑤1 𝑉𝑉(Δ�) −𝑤𝑤2 𝕀𝕀(violation)− 𝑤𝑤3 𝑑𝑑boundary,  (4) 

where 𝑉𝑉(Δ�) = ∏ 2�
�=1 Δ�,� represents the hypervol-

ume (area in this 2D problem) of the nominal operating 
region, 𝕀𝕀 (violation) is an indicator function equal to one if 
probabilistic feasibility is violated, and 𝑑𝑑boundary is a bound-
ary-based shaping term that penalizes proximity to infea-
sible regions.  

The first term directly encodes the design centering 
objective, while the penalty terms ensure strict constraint 
satisfaction and promote robustness margins. The 
weighting coefficients 𝑤𝑤1,𝑤𝑤2, and 𝑤𝑤3 balance the com-
peting objectives of maximizing operating range size and 
maintaining robust feasibility. Specifically, 𝑤𝑤1 scales the 
hypervolume objective to encourage expansion of the 
NOR, 𝑤𝑤2 imposes a strong penalty on probabilistic feasi-
bility violations to discourage infeasible actions, and 𝑤𝑤3 
penalizes proximity to the PDS boundary to maintain a 
robustness margin. The weights are selected empirically 
to ensure that feasibility violations are strongly discour-
aged while still allowing the agent to expand the operat-
ing region within the feasible domain. Infeasible actions 
terminate the episode, ensuring that learned policies pri-
oritize feasibility over aggressive expansion. 

In addition to reward-based penalization, hard ter-
mination criteria are enforced to ensure strict feasibility. 
Episodes are terminated if (i) the NOR center lies outside 
the probabilistic design space at initialization, (ii) an ac-
tion results in the NOR center escaping the PDS, or (iii) 
the updated hyper-rectangular region intersects or 

extends beyond the PDS boundary. These termination 
rules prevent infeasible policy updates and focus learning 
on robust and interpretable operating regions. 

The resulting learning problem involves continuous 
state and action spaces, nonconvex feasibility bounda-
ries, and discontinuities due to constraint violations. To 
address these challenges, PPO is employed. PPO pro-
vides stable and sample-efficient learning through a 
clipped surrogate objective that limits overly aggressive 
policy updates, making it well suited for exploration in 
complex PDSs. Without specialized constraint-handling 
mechanisms, the PPO agent adaptively refines the NOR 
parameters and converges toward a large, well-located 
operating region within the given PDS. 

Case study: Tablet Lubrication process  

Lubrication plays a critical role in tablet manufactur-
ing, particularly in direct compression process, as it facil-
itates tablet ejection during compression. However, ex-
cessive lubrication can adversely affect tablet mechani-
cal properties, most notably tensile strength. The inter-
action between lubrication extent and compaction pres-
sure therefore represents a key trade-off in tablet manu-
facturing, where increased lubrication may reduce tensile 
strength, a loss that can be partially compensated by 
higher compaction pressures.  

In this work, a tablet lubrication and compaction 
model previously reported in the literature is adopted 
[16-17]. Tablet tensile strength is modeled as: 

𝜎𝜎 = 𝜎𝜎��=0.85,0�(1− 𝛽𝛽) + 𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽(−𝛾𝛾𝛾𝛾)�   (5) 

𝜎𝜎��=0.85,0 = 𝑎𝑎1𝑒𝑒𝑒𝑒𝑒𝑒�𝑏𝑏1(1− 𝑠𝑠𝑠𝑠)�   (6) 

𝛽𝛽 = 𝑎𝑎2(1 − 𝑠𝑠𝑠𝑠) + 𝑏𝑏2    (7) 

where 𝜎𝜎��=0.85,0 denotes the tensile strength at a solid 
fraction of 0.85 in the absence of lubrication, 𝛽𝛽 repre-
sents the fraction of tensile strength loss attributable to 
lubrication, 𝛾𝛾 is the lubrication rate constant, 𝑘𝑘 denotes 
the lubrication extent, and 𝑠𝑠𝑠𝑠denotes the solid fraction. 
The model involves five uncertain parameters, 𝜃𝜃 =
[𝑎𝑎1(𝑀𝑀𝑀𝑀𝑀𝑀); 𝑏𝑏1(−);  𝑎𝑎2(−);  𝑏𝑏2(−);  𝛾𝛾(𝑑𝑑𝑑𝑑−1)] and captures the 
effects of solid fraction and lubrication extent on tablet 
tensile strength. 

In the present study, solid fraction and lubrication extent 
are treated as CPPs, while tablet tensile strength is con-
sidered as a CQA. The PDS for this process, accounting 
for parameter uncertainty and probabilistic constraint 
satisfaction, has been previously identified and reported 
in Yewale et al. (2025)[9]. Here, this probabilistic design 
space is taken as a fixed feasibility domain, and the pro-
posed reinforcement learning framework is applied to au-
tomatically identify a robust and well-located nominal op-
erating range. 
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4. RESULTS 
4.1. Probabilistic Design Space Characterization 

The probabilistic design space (PDS) for the tablet lubri-
cation case study, previously identified using nested 
sampling [9], is shown in Fig. 1 in the space of porosity 
and lubrication extent. Each sampled operating condition 
is classified according to the probability of satisfying all 
quality constraints, highlighting regions of high confi-
dence (α ≥ 0.95), intermediate feasibility, and infeasible 
operation. The resulting PDS exhibits a distinctly noncon-
vex and asymmetric geometry, with feasibility rapidly de-
grading near the upper porosity boundary and at high lu-
brication extents. This irregular structure highlights the 
limitations of conventional pointwise feasibility analysis 
and local expansion strategies, which are ill-suited to 
capture the global structure of such complex probabilis-
tic design spaces. 

 
Figure 1. PDS identified using Nested sampling (Yewale 
et al 2025 [9]) 

4.2. Learning Dynamics and Convergence Behav-
ior 

The training and evaluation performance of the PPO 
agent are summarized in Fig. 2(a) and Fig. 2(b), respec-
tively. During training, the mean episodic reward in-
creases rapidly within the initial phase, indicating effec-
tive early exploration and rapid identification of feasible 
regions within the PDS. This phase is characterized by 
relatively high reward variance, reflecting exploratory be-
havior and frequent interactions with feasibility bounda-
ries. 

As training progresses, reward trajectories gradually sta-
bilize, reflecting a transition from exploration toward ex-
ploitation and policy refinement. Occasional reward fluc-
tuations persist due to stochastic exploration, but the 
overall trend reflects consistent improvement in the 

agent’s ability to identify large, feasible operating re-
gions. 

The results shown in Fig. 2(b) exhibit significantly re-
duced variance and sustained high reward levels, con-
firming that the learned policy generalizes well beyond 
individual training episodes. This behavior confirms that 
the learned policy generalizes well beyond individual 
training episodes and reliably identifies large, feasible 
operating regions. Importantly, convergence is achieved 
using substantially fewer probabilistic feasibility evalua-
tions than would be required by exhaustive grid-based or 
Monte Carlo design centering approaches, underscoring 
the computational efficiency of the proposed RL frame-
work. 

 
Figure 2. Training and evaluation performance of the PPO 
agent 

4.3. Policy Behavior and Trajectory Analysis 
A representative sample of the PPO trajectories 

across multiple episodes is shown in Fig. 3, illustrating 
the episodic refinement of the NOR within the PDS during 
learning. Each episode begins from a randomly initialized 
NOR center, indicated by a blue circular marker, located 
within the probabilistic design space, resulting in diverse 
starting points across the feasible region. The red cross 
denotes the terminal NOR center at the end of the 
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episode, corresponding to the final operating region 
returned by the policy after the sequence of updates. 

During early learning episodes, the agent executes 
a sequence of incremental updates to the NOR center 
and dimensions, guided by the reward structure and 
feasibility feedback. The resulting trajectories exhibit 
exploratory behavior, including corrective movements 
away from nearby infeasible boundaries and directional 
adjustments toward regions of higher feasibility. These 
exploratory steps reflect the agent’s interaction with the 
underlying PDS geometry, as it learns to balance NOR 
expansion with constraint satisfaction. Importantly, the 
trajectories remain confined to feasible regions, 
indicating that boundary violations are effectively 
penalized during learning. 

As learning progresses, the trajectories become 
shorter, smoother, and more directed, converging toward 
a common region near the interior of the PDS. This 
transition reflects policy stabilization, where the agent 
has acquired an internal representation of the feasible 
region and no longer requires extensive exploration. The 
resulting trajectories consistently terminate at similar 
NOR centers, demonstrating convergence toward a well-
located and robust operating region.  

 
Figure 3. Representative PPO trajectories showing 
episodic refinement of the NOR within the PDS 

The final and best-performing NOR identified by the 
trained PPO agent is shown on Fig. 4. The resulting hy-
per-rectangular operating region is fully contained within 
the PDS and is well-located relative to the feasibility 
boundaries. The identified NOR achieves a near-maximal 
feasible area while maintaining a clear margin from infea-
sible regions, highlighting the effectiveness of the 
boundary-aware reward design. Notably, repeated train-
ing runs converge to nearly identical NOR centers and di-
mensions, providing strong evidence that the PPO-based 
framework identifies a globally robust solution rather 
than a local or initialization-dependent optimum. This re-
peatability is particularly important for industrial 

deployment, where reproducibility and interpretability of 
operating ranges are critical. 

 
Figure 4. Best-performing nominal operating range 
identified by the PPO agent, fully contained within the 
probabilistic design space 
 

 
Figure 5. Comparison between randomly initialized 
operating regions and NORs identified by the trained PPO 
policy 

To further assess robustness, Fig. 5 compares NORs 
obtained from randomly initialized centers with those 
identified by the trained PPO policy. Random initialization 
leads to highly variable operating regions, many of which 
either intersect the PDS boundary or yield overly 
conservative ranges that fail to exploit available 
operational flexibility. In contrast, the PPO-based 
approach consistently produces similar NOR centers and 
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dimensions across independent runs, demonstrating 
robustness with respect to initialization and stochasticity. 

5. CONCLUSION 
This work introduced a novel RL-based framework 

for automated identification of robust nominal operating 
ranges within the probabilistic design spaces. By formu-
lating the design centering problem as a sequential deci-
sion-making task and solving it using PPO, the proposed 
approach enables efficient exploration of complex, non-
convex feasibility regions under uncertainty. 

Application to a tablet lubrication case study 
demonstrated rapid convergence to well-located, near-
maximal NORs using substantially fewer probabilistic fea-
sibility evaluations than conventional methods. The 
learned policy exhibited strong robustness, repeatability, 
and insensitivity to initialization, all of which are critical 
for industrial deployment.  

The proposed framework provides a scalable and 
data-efficient alternative to traditional design centering 
techniques and offers a practical pathway for translating 
probabilistic design spaces into actionable and robust 
operating ranges. Future work will extend the approach 
to higher-dimensional systems and investigate integra-
tion with digital twins and adaptive process design work-
flows. 
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