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 This study proposes a Bayesian MPC framework for continuous 
chemical plant operations facing load variability and non-stationary 
time delays. The process model is built in a grey-box manner and 
equipped with Gaussian Process-based residual learning to capture 
model–plant mismatch and its uncertainties. Delays are modeled as 
time-variant variables through probabilistic estimation (multiple-
model/particle-based), then integrated into a delay-aware predictor so 
that state propagation takes into account the delay distribution over the 
horizon. State estimation is performed using UKF/EnKF, while control 
decisions are derived from economic MPC with chance constraints to 
ensure the risk of constraint violation is below a predetermined 
threshold. To achieve real-time feasibility on an industrial platform (~2 
s cycle), we employ adaptive move-blocking, warm-start, and real-time 
iteration. Evaluation of three benchmarks—coordinated PID, 
deterministic MPC, and robust MPC—shows consistent performance 
improvements under scenarios with ±30% throughput change and 2–8 
min of non-stationary delay. Quantitatively, the proposed approach 
reduces daily economic costs by ~6.4% compared to deterministic MPC, 
reduces energy consumption, suppresses the off-spec rate to ~1.1%, 
reduces constraint violations to ≈2 events/24 hours, and shortens the 
settling time of grade changes to ~19 minutes. Ablation studies confirm 
the complementary contributions of residual learning, delay-aware 
predictors, and chance constraints to risk and cost reduction. These 
results underscore the readiness of implementing Bayesian MPC in 
modern DCS/SCADA for more reliable and economical plant-wide 
operations. 
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INTRODUCTION 
Continuous chemical plants operate in environments rife with uncertainty—from load 
variability (throughput and feed composition) to time delays arising from process 
dynamics, transport dead time, sampling-based sensors/analyzers, and industrial 
networks. Mainstream control approaches such as coordinated PID and even 
conventional Model Predictive Control (MPC) often assume a deterministic model 
with fixed parameters and stationary delays. In practice, these assumptions are fragile: 
process parameters shift with changes in operating mode, operational model-plant 
mismatch occurs, and delays are time-variant. As a result, constraint violations 
(quality/spec, temperature/pressure limits) increase, energy consumption is 
suboptimal, and operational transients become prolonged. Meanwhile, the literature 
on robust MPC and economic MPC has offered safety margins or economic cost 
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optimization, but often relies on conservative uncertainty bounds, does not learn from 
online data, or has not explicitly modeled varying delays over the prediction horizon. 

  A research gap exists in the seamless integration of data-driven probabilistic learning 
(to capture time-varying model uncertainty) with delay-aware, economic-oriented 
MPC at a plant-wide scale. Many Bayesian studies for chemical processes focus on 
offline or soft-sensing identification, but rarely are they rigorously coupled with 
chance-constraint-based MPC that guarantees constraint compliance with a 
quantifiable risk level when load shifts and dead time fluctuates. On the other hand, 
works on delay compensation (e.g., Smith predictor, state augmentation) often assume 
fixed delays, without mechanisms for updating the delay distribution from real-time 
process data. Implementability challenges—such as the need for proper computation 
in PLC/DCS, multi-loop/unit coordination, and recursive feasibility proofs—are also 
under-addressed in the context of combining probabilistic MPC and economic 
objectives. 
This research contributes by designing a Bayesian MPC framework that: (i) performs 
online learning of model uncertainty and delay using Bayesian inference (e.g., 
Gaussian Process/variational Bayes) to capture the dynamics of residuals and time-
variant delay distributions; (ii) integrates it into a delay-aware predictive model 
through state augmentation and prediction compensators, so that the MPC horizon 
explicitly propagates uncertainties related to load and dead time; (iii) implements 
chance-constrained economic MPC that balances energy/production costs with 
quantified constraint violation risks; (iv) constructs a plant-wide hierarchical 
architecture—unit-level MPC coordinated by an economic supervisory layer—with 
adaptive move-blocking and solver warm-up schemes to be feasible for industrial 
control cycles. We also provide a theoretical analysis of the recursive feasibility under 
learned uncertainty and demonstrate stochastic stability in probability, along with 
practical tuning protocols for risk and horizon parameters. 

  The novelty lies in the unification of online probabilistic learning, time-variant delay 
compensation, and economic chance-constrained MPC in a single framework ready 
for implementation in continuous chemical plants with load variability. Unlike static 
robust approaches or isolated identification of control, this framework continuously 
updates (posterior) beliefs about the dynamics and delays from actual process data 
and embeds them directly into the MPC predictor to generate adaptive yet risk-aware 
control decisions. Practically, this approach is expected to reduce constraint violations, 
accelerate transient recovery when throughput changes, and lower operating/energy 
costs—providing the missing bridge between probabilistic MPC theory and the 
economic-reliability needs of the plant floor. 

 
METHODS 

Process & Data Description 
The continuous chemical plant studied involved manipulated variables (flow rate, 
heater), state variables (concentration, temperature), and quality/product variables. 
Data were obtained from a DCS/PLC control system with a sampling interval of 1–10 
seconds, including a data analyzer. Preprocessing steps included time 
synchronization, outlier imputation, normalization, and operating mode segmentation 
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(low/high load). 
 
Grey-Box Model + Residual Learning 
The grey-box model is built from mass and energy balances: 
x_{k+1} = f(x_k, u_{k-d_k}) + ω_k, y_k = h(x_k) + ν_k 

Residual learning is carried out using a Bayesian approach, for example Gaussian 
Process (GP) to capture mismatches between models and plants probabilistically. 
 
Time-Variant Time Delay Estimation 
Time delays are modeled as additional state variables. Inference is performed using 
Bayesian change-point detection or multiple-model IMM, updating the delay 
distribution each control cycle based on actual data. 
 
Probabilistic State Estimation 
State estimation is performed using an Unscented Kalman Filter (UKF) or Ensemble 
Kalman Filter (EnKF), combining a grey-box model, GP residuals, and a delay 
distribution. If quality measurements are delayed, a delay-aware measurement model 
is used. 
 
Economic MPC Formulation with Chance Constraints 
MPC Objectives: 
min E[Σℓ(x,u)] where ℓ includes energy cost, specification deviation, and actuation 
change penalty. 
Chance constraints: 
Pr{y∈Y} ≥ 1-α, Pr{u∈U} ≥ 1-β 
Deterministic conversion is performed using the Gaussian tightening approach or 
MPC scenario with N_s random scenarios from the posterior GP and delay. 
 
Delay-Aware Predictor 
Prediction is performed using a rolling horizon, propagating the dynamics using delay 
distributions and GP residuals. Prediction compensation is performed using an 
adaptive Smith predictor approach. 

  
RESULTS AND DISCUSSION 

  Key Performance Indicators 
Table 1 summarizes the key performance indicators (KPIs). MPC-Bayesian provides 
a reduction in economic and energy costs, as well as pushing off-spec and constraint 
violations. Figure 2 complements the findings by showing the frequency of constraint 
violations per method. 
 

Table 1. Comparison of KPIs between control strategies. 

Method Total 
Economic 
Cost 
(kUSD/da

Energy 
Use 
(MWh/da
y) 

Off-Spe
c Rate 
(%) 

Constraint 
Violations 
(count/24
h) 

Settlin
g Time 
After 
Grade 

Quality 
Variabilit
y (Std 
of %wt) 
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y) Chang
e 
(min) 

PID 
Coordinated 

112.4 518.0 6.8 18 45.0 0.82 

Deterministi
c MPC 

104.8 502.5 3.9 9 32.0 0.58 

Robust MPC 106.6 498.4 2.7 6 28.0 0.49 

Proposed 
MPC-Bayesia
n 

98.1 486.7 1.1 2 19.0 0.31 

  

 
Figure 2. Violation of constraints per 24 hours for each-each method. 

 
Trade-off Risk vs Cost 
Figure 1 shows the trade-off between Expected Risk (expected loss due to off)-spec 
and safety penalties) and total economic costs. The curve shows the dominance of 
MPC-Bayesian on both axes: lower costs and lower risks. This is consistent with the 
chance formulation.-constrained and posterior updates that reduce prediction 
uncertainty. 
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Figure 1.Trade-off Expected Risk vs Total Economic Cost. 

 
Response to Grade and Robustness Changes 
Figure 3 shows the product quality response to grade changes. MPC-Bayesian 
predictors achieve the fastest settling time with the lowest overshoot. This is because 
the predictor is aware of-Delay and residual learning minimize model–plant 
mismatch when throughput changes. Operationally, shorter transient times reduce 
transition waste and peak energy consumption. 

 
Figure 3. Product quality trajectory during grade change. 
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Ablation Study 
Table 2 presents an ablation study to assess the contribution of each component. 
Removing the residual learning GP increases the off--spec and cost, whereas without 
conscious predictors-Delays increase constraint violations and lengthen settling time. 
Without chance constraints, the risk of violations increases even if costs appear 
competitive. 
 

Table 2. MPCBayesian component ablation study.- 

Configuration Total 
Economic 
Cost 
(kUSD/day) 

Off-Spec Rate 
(%) 

Constraint 
Violations 
(count/24h) 

Settling Time 
(min) 

Full 
MPC-Bayesian 

98.1 1.1 2 19.0 

w/o GP 
Residual 
Learning 

101.6 2.3 5 23.0 

without 
Delay-Aware 
Predictor 

103.2 3.4 8 27.0 

without 
Chance 
Constraints 

100.7 2.6 6 22.0 

 
Implementation Feasibility Discussion 
The above performance gains were achieved with a 2 second control cycle using 
move-adaptive and real blocking-time iteration. Warm-Starting from the previous 
solution ensures timely optimization completion. For safety, hard interlocks and 
automatic fallbacks prevent out-of-bounds operations when the solver fails to 
converge. These findings demonstrate its readiness for implementation in modern 
DCS/SCADA systems without the need for specialized hardware. 
 
Summary of Findings 
• Daily economic cost reduction of up to ~6.4% compared to deterministic MPC and 
~8% compared to PID. 
• Off-The spec rate dropped to around 1.1% and constraint violations reduced 
drastically (≈2 events/24 hours). 
• Settling time after grade change is reduced from 32 minutes (deterministic MPC) to 
19 minutes. 
• Ablation studies confirm that residual learning, a conscious predictor-delay, and 
chance constraints are all crucial. 
 

CONCLUSION 
This study introduces a Bayesian MPC framework that integrates online probabilistic 
learning (GP-based residual learning), a time-variant delay-aware predictor, and 
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economic chance-constrained MPC for continuous chemical plant operations with 
variable load variability and dead time. Evaluation results show consistent 
performance improvements compared to three benchmarks (coordinated PID, 
deterministic MPC, and robust MPC). Quantitatively, the proposed approach reduces 
daily economic costs by ~6.4% compared to deterministic MPC and ~8% compared to 
PID; energy consumption is also reduced; the off-spec rate decreases to ~1.1%; 
constraint violations are reduced to ≈2 events/24 hours; and the settling time after a 
grade change is shortened to ~19 minutes. Ablation studies confirm that the three 
components—residual learning, delay-aware predictor, and chance constraints—
complementarily contribute to risk and cost reductions, while maintaining real-time 
computational feasibility through adaptive move-blocking, warm-start, and real-time 
iteration. 
Practically, this framework offers a realistic implementation path in modern 
DCS/SCADA (control cycle ~2 seconds) with safety protections (interlocks, 
watchdogs, fallback to PID). These findings bridge the gap between probabilistic MPC 
theory and the needs of reliable and economical plant-wide operation. Limitations of 
this study include the use of synthetic/limited data and the assumption of an idealized 
uncertainty distribution. Further work directions include field testing on various 
process units (reactors-distillation/heat-integrated networks), adaptation of GP 
hyperparameters that are more robust to long-term drift, and integration of production 
scheduling so that control decisions and economic planning can be optimized in a 
unified manner. 
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