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 a b s t r a c t

This paper reviews and compares artificial intelligence (AI) methods for the automatic tuning of multi-input-
multi-output (MIMO) proportional-integral-derivative (PID) controllers in industrial process applications. The 
study focuses on fixed-parameter PID tuning and introduces a generalised procedure that unifies diverse AI 
methods within a single autotuning framework. A Pareto-front-based weighting strategy is proposed to balance 
performance and actuator usage, enabling fair comparison of tuning outcomes across different algorithms. Within 
this framework, three representative approaches, particle swarm optimisation (PSO), proximal policy optimisa-
tion (PPO), and Bayesian optimisation (BO), are implemented and evaluated against the defining criteria of an 
ideal autotuner: versatility, global optimality, data efficiency, and safety. The analysis bridges computational 
intelligence and machine learning perspectives, providing a structured benchmark for assessing AI-based tuning 
performance. Results show that all AI-based tuners successfully identify high-performing controller parame-
ters for multivariable nonlinear systems, confirming their applicability to industrial processes. Among them, BO 
achieves the best overall performance, offering superior convergence speed and data efficiency through surrogate-
driven optimisation. By maximising information gained from each plant trial, BO provides a safe, robust, and 
computationally efficient tuning method ideally suited to practical industrial deployment.

1.  Introduction

Artificial intelligence (AI) refers to the capability of digital com-
puters to perform tasks typically associated with intelligent beings 
(Mukhamediev et al., 2022). This review examines the application of 
AI to the automatic tuning of proportional-integral-derivative (PID) con-
trollers, which are widely used to regulate industrial processes in sectors 
such as manufacturing, chemical production, refining, distilling, min-
ing, water treatment, energy generation, and food processing. In these 
contexts, control systems are designed to maintain efficient, safe, and 
reliable operation by regulating critical process variables such as tem-
perature, pressure, flow, level, density, or composition. The objective of 
this review is to summarise the current state of the art in AI-based PID 
tuning, propose a generic framework for AI-driven PID autotuning, com-
pare the tuning performance of methods across different AI classes, and 
provide a reference to guide practitioners in selecting the most suitable 
approach for their applications.

PID controllers are ubiquitously used in industrial process applica-
tions due to their simplicity and the interpretability of their tuning pa-
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rameters (Borase et al., 2021). The proportional gain increases the con-
troller output in proportion to the error, the integral term eliminates 
steady-state error over time, and the derivative term acts as a damp-
ing force that responds to the rate of change of the error (Patil et al., 
2024). While PID controllers are structurally simple, effective tuning 
remains challenging, particularly for MIMO loops, and many industrial 
implementations therefore operate with suboptimal tuning (Lequesne, 
2021; Shamsuzzoha & Skogestad, 2010). Studies report that up to 66% 
of control loops perform suboptimally, with approximately 33% oper-
ated in manual mode (Desborough & Miller, 2002). Given both their 
widespread use and the persistent prevalence of inadequate tuning, con-
tinued research into improved PID tuning methodologies remains well 
justified.

Research presents compelling arguments for completely replacing 
PID controllers with AI-based controllers that directly manipulate ac-
tuators in response to measured process variables and setpoint devia-
tions (Beahr et al., 2024; Norlund et al., 2024; Shou et al., 2025; Zhang 
et al., 2023); however, such controllers, particularly neural-network-
based controllers, are often black-box systems that are difficult to
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$\mu $


\begin {align}\label {eq:xdot} \bm {\dot {x}}(t) &= \bm {f}(\bm {x}(t),\bm {u}(t))\\ \label {eq:y} \bm {{y}}(t) &= \bm {h}(\bm {x}(t))\end {align}


$\bm {x}(t) \in \mathbb {R}^{n}$


$\bm {u}(t) \in \mathbb {R}^{m}$


$\bm {y}(t) \in \mathbb {R}^{p}$


\begin {equation}\label {eq:Controller} \bm {{u}}(t) = \bm {K}(\bm {e}(t),\bm {\eta }),\end {equation}


$\bm {K}\in \mathbb {R}^{p \times m}$


$\bm {e}(t) \in \mathbb {R}^{p}$


$\bm {y}^{sp}(t)$


$\bm {y}(t)$


$\bm {\eta } \in \mathbb {R}^{3 \times m}$


\begin {equation}J : \mathcal {A} \subseteq \mathbb {R}^{3 \times m} \;\to \; \mathbb {R}, \label {Xeqn2-3}\end {equation}


\begin {equation}\bm {\eta } \in \mathcal {A} \in \mathbb {R}^{3 \times m} \label {Xeqn3-4}\end {equation}


$\mathcal {A}$


\begin {equation}\label {eq:ObjectiveFunction} \min _{\bm {\eta } \in \mathcal {A}} J(\bm {\eta }).\end {equation}


$\mu $


$n$


$2\times 2$


$t$


$\bm {s}_t \in \mathbb {R}^{p}$


$\bm {a}_t \in \mathbb {R}^{3m}$


$\pi $


$\bm {s}_{t+1}$


$r_{t+1}$


$G_t$


$\mathbf {gbest}$


$w$


$w$


$w$


\begin {equation}J(\boldsymbol {\eta }), \quad \boldsymbol {\eta } \in \mathbb {R}^{3m}, \label {Xeqn5-6}\end {equation}


$\boldsymbol {\eta }$


$3m$


$\mathbf {gbest}$


$\bm {\theta }$


\begin {equation}\label {eq:PPO} \bm {\theta }_{k+1} = \arg \max _{\bm {\theta }} \underset {\bm {s},\bm {a} \sim \pi _{\bm {\theta }_k}}{\mathbb {E}} \left [ \mathcal {L}(\bm {s},\bm {a},\bm {\theta }_k, \bm {\theta }) \right ].\end {equation}


$\bm {\theta }_k$


$\bm {\theta }$


$\bm {\theta }_{k+1}$


\begin {equation}\label {eq:PPO_Loss} \mathcal {L}(\bm {s},\bm {a},\bm {\theta }_k, \bm {\theta }) = \mathcal {L}_\text {CLIP}-\mathcal {L}_\text {VF}+\mathcal {H}[\pi _{\bm {\theta }}]\end {equation}


$\mathcal {L}_\text {CLIP}$


$\mathcal {L}_\text {VF}$


$\mathcal {H}[\pi _{\bm {\theta }}]$


\begin {equation}\label {eq:Loss_clip} \mathcal {L}_\text {CLIP} = \frac {1}{M} \sum _{i=1}^{M} \left [ \min \left ( c_i(\bm {\theta }) A^{\pi _{\bm {\theta }_k}}_i, d_i(\bm {\theta }) A^{\pi _{\bm {\theta }_k}}_i \right ) \right ]\end {equation}


$M$


$\mathcal {B}$


\begin {equation}\label {eq:ProbRation} c_i(\bm {\theta }) = \frac {\pi _{\bm {\theta }}(\bm {a}_i|\bm {s}_i)}{\pi _{\bm {\theta }_k}(\bm {a}_i|\bm {s}_i)}\end {equation}


$i$


$\mathcal {B}$


\begin {equation}\label {eq:ProbClip} d_i(\bm {\theta }) = \text {clip}(c_i(\bm {\theta }), 1 - \epsilon , 1 + \epsilon )\end {equation}


$\epsilon $


$t$


\begin {equation}\label {eq:Advantage} A^{\pi _{\bm {\theta }_k}}_t = (\gamma \lambda )^{l} \, \delta _{t+l},\end {equation}


$\gamma $


$\lambda $


$l$


$t$


$\delta _t$


\begin {equation}\delta _t = r_{t+1} + \gamma V_\phi (\bm {s}_{t+1}) - V_\phi (\bm {s}_t). \label {Xeqn13-15}\end {equation}


\begin {equation}G_t = A^{\pi _{\bm {\theta }_k}}_t + V_{\phi _k}(\bm {s}_t), \label {Xeqn14-16}\end {equation}


\begin {equation}\label {eq:ValueFunction} V_{\bm {\phi }}(\bm {s}_t) = \mathbb {E}_{\pi _{\bm {\theta }_k}} \left [ \sum _{l=0}^{N-t-1} \gamma ^l r_{t+l+1} \,|\, \bm {s}_t \right ]\end {equation}


$\bm {\phi }$


\begin {equation}\label {eq:L_VF} \mathcal {L}_{VF}(\bm {\phi }) = \frac {1}{2M} \sum _{i=1}^{M} \left ( G_{i} - V_{\bm {\phi }}(\bm {s}_i) \right )^2,\end {equation}


\begin {equation}\label {eq:Entropy} \mathcal {H}[\pi _{\bm {\theta }}] = \frac {w}{2} \sum _{j=1}^{C} \ln \left ( 2\pi \, e \, \sigma _{ji}^2 \right ),\end {equation}


$C$


$w$


$\sigma _{ji}$


$j$


\begin {equation}\label {eq:Actor_Loss} \mathcal {L}_{actor} = \mathcal {L}_\text {CLIP}+\mathcal {H}[\pi _{\bm {\theta }}]\end {equation}


\begin {equation}\label {eq:Critic_Loss} \mathcal {L}_{critic} = \mathcal {L}_\text {VF}\end {equation}


\begin {equation}\pi _{\bm {\theta }}(\bm {a} \mid \bm {s}) = \mathcal {N}\!\left (\bm {\mu }_{\bm {\theta }}(\bm {s}),\, \mathrm {diag}\!\left (\bm {\sigma }^2_{\bm {\theta }}(\bm {s})\right )\right ), \label {Xeqn20-22}\end {equation}


$\bm {\mu }_{\bm {\theta }}(\bm {s})$


$\bm {\sigma }_{\bm {\theta }}(\bm {s})$


$\tanh $


$\mathcal {A}$


$V_{\bm {\phi }}(\bm {s}_t)$


$\bm {s}_t$


$V_{\bm {\phi }}(\bm {s})$


$J(\bm {\eta })$


\begin {equation}\label {eq:GP} J(\bm {\eta }) \sim \mathcal {GP} \, \big (\mu (\bm {\eta }),k(\bm {\eta },\bm {\eta }')\big ),\end {equation}


$\mu (\bm {\eta })$


$k(\bm {\eta },\bm {\eta }')$


$\bm {\eta }$


$\bm {\eta }'$


$5/2$


\begin {equation}\label {eq:Qac} \widehat {J} = J(\bm {\eta })+\varepsilon ,\end {equation}


$\widehat {J}$


$\varepsilon $


$\sigma ^2$


\begin {equation}\label {eq:Noise1} \varepsilon \sim \mathcal {N}(0,\sigma ^2).\end {equation}


$\mathcal {D}$


$N$


$J(\bm {\eta })$


\begin {equation}\mathcal {D}=\{(\bm {\eta }_i, \widehat {J}_i)\}_{i=1}^N. \label {Xeqn24-26}\end {equation}


\begin {equation}\label {eq:Joint Distribution} \begin {bmatrix} \bm {\widehat {J}} \\ \bm {J_*} \end {bmatrix} \sim \mathcal {N}\, \left ( 0, \begin {bmatrix} k(\bm {A},\bm {A})+\sigma _N^2I & k(\bm {A},\bm {A}_*) \\ k(\bm {A}_*,\bm {A}) & k(\bm {A}_*,\bm {A}_*) \end {bmatrix} \right ),\end {equation}


$\bm {A}$


$\bm {\eta }_i$


$\bm {\widehat {J}}$


$\bm {J}_*$


$\bm {A}_*$


$k(\cdot ,\cdot )$


\begin {equation}\label {eq:Qccstar} \bm {J}_* \mid \bm {A},\bm {\widehat {J}},\bm {A}_* \sim \mathcal {N}(\bm {\bar {J}}_*, \mathrm {cov} (\bm {J}_*)),\end {equation}


\begin {align}\label {eq:barQ_*} \bm {\bar {J}}_* &= \bm {k}_*^{\top }[\bm {k}+\sigma _N^2I]^{-1}\bm {\widehat {J}}, \\ \label {eq:covQ_*} \mathrm {cov} (\bm {J}_*) &= \bm {k}_{**}- \bm {k}_*^{\top }[\bm {k}+\sigma _N^2I]^{-1}\bm {k}_*,\end {align}


$\bm {k}=k(\bm {A},\bm {A})$


$\bm {k}_*=k(\bm {A},\bm {A}_*)$


$\bm {k}_{**}=k(\bm {A}_*,\bm {A}_*)$


$\bm {\bar {J}}_*$


$\sigma ^2(\bm {\eta })$


$\mathrm {cov}(\bm {J}_*)$


\begin {equation}\label {eq:EI_def} EI(\bm {\eta }_*) = \mathbb {E}\,\left [ \max \!\big (0, \widehat {J}_{\min } - J_* \big ) \right ],\end {equation}


$\widehat {J}_{\min }$


$J_*$


\begin {equation}\label {eq:alpha} \bm {\eta _*} = \argmax _{\bm {\eta } \in \mathcal {A}} EI(\bm {\eta }|\mathcal {D}),\end {equation}


$\bm {\eta _*}$


\begin {equation}\label {eq:EI1} EI(\bm {\eta }) = \begin {cases} \Delta (\bm {\eta })\,\psi \, Z(\bm {\eta }) + \sigma (\bm {\eta })\,\phi \, Z(\bm {\eta }), & \sigma (\bm {\eta })>0\\ 0, & \sigma (\bm {\eta })=0 \end {cases}\end {equation}


\begin {align}\Delta (\bm {\eta }) &= \widehat {J}_{\min } - \bm {\bar {J}_*}(\bm {\eta }) - \xi , \\ Z(\bm {\eta }) &= \Delta (\bm {\eta }) / \sigma (\bm {\eta }),\end {align}


$\sigma (\bm {\eta })$


$\xi $


$\phi $


$\psi $


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {K}$


$\bm {e}(t)$


$\bm {y}^{sp}(t)$


$\bm {y}(t)$


$\bm {u}(t)$


$\bm {e}(t)$


$\bm {\eta }$


$\bm {e}(t)$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {\eta }$


$\bm {K}$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {e}(t)$


$\bm {u}(t)$


$\bm {y}(t)$


$\bm {y}^{sp}$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {\eta }$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {y}^{sp}$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\bm {\eta }$


$\bm {y}^{sp}$


$\bm {u}(t)$


$\bm {e}(t)$


$\bm {\eta }$


$\bm {e}(t)$


$\bm {u}(t)$


$\bm {y}(t)$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\mu $


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\mu $


$\mathcal {A}_{safe}$


$\mu $


$\mathcal {A}_{safe}$


\begin {equation}\bm {\eta } \in \mathcal {A}_{safe} \subseteq \mathcal {A} \in \mathbb {R}^{2 \times m} \label {Xeqn30-34}\end {equation}


\begin {equation}\label {eq:RMax} \min _{\bm {\eta } \in \mathcal {A}_{safe} } J_{\bm {y}^{sp}}(\bm {\eta }).\end {equation}


\begin {equation}\label {eq:wang2024deep} R_e(\bm {s},\bm {a}) = -\sum _{i=1}^{p} \omega _i \int _{t}^{T} t \, \lvert e_i(t) \rvert \, dt,\end {equation}


$R_e$


$p$


$\omega _i$


$i^{\text {th}}$


$e_i$


$T$


\begin {equation}\label {eq:dos2012firefly} J(k) = \sum _{i=1}^{p} \sum _{k=1}^{T} k_i \, \lvert e_i(k) \rvert \end {equation}


$J(k)$


$k$


\begin {equation}\label {eq:Mate2023100131} R(k) = \sum _{i=1}^{p} \alpha ^{sp}_i \, R^{sp}_{i}(k) \;+\; \sum _{i=1}^{p} \alpha ^{u}_i \, R^{u}_{i}(k),\end {equation}


\begin {equation}R^{sp}_{i}(k) = \exp \!\left ( -0.5 \left ( \frac {e_i(k)}{\beta _i \, y^{sp}_{i}(k)} \right )^{2} \right ) \label {Xeqn35-39}\end {equation}


\begin {equation}R^{u}_{i}(k) = \exp \!\left ( -0.5 \left ( \frac {\Delta u_i(k)}{u_{\max ,i}} \right )^{2} \right ). \label {Xeqn36-40}\end {equation}


$R(k)$


$k$


$R^{sp}_{i}$


$i^{\text {th}}$


$\beta _i$


$e_i$


$R^{u}_{i}$


$u_{\max ,i}$


$u_{i}(k)$


$\Delta u_i$


$\alpha ^{sp}_i$


$\alpha ^{u}_i$


\begin {equation}J^{IAE} = \sum _{k=1}^{T} \ \lvert e(k) \rvert \, \Delta t \label {Xeqn37-41}\end {equation}


\begin {equation}J^{TV} = \sum _{k=1}^{T} \ \lvert \Delta u(k)\rvert \label {Xeqn38-42}\end {equation}


$\Delta t$


\begin {equation}\label {eq:coutinho2023bayesian} J = \sum _{i=1}^{p} \left ( \alpha _i J^{IAE}_{i} + \beta _i J^{TV}_{i} \right )\end {equation}


$\alpha $


$\beta $


\begin {equation}J = \sqrt { J^{{MSE}^2} + t_{\text {rise}}^2 + \sigma _{\text {laser}}^2 }. \label {Xeqn40-44}\end {equation}


$J^{MSE}$


$t_{\text {rise}}$


$\sigma _{\text {laser}}$


\begin {equation}\label {eq:MyObjFunc} J_{\bm {y}^{sp}}(\bm {\eta }) = \sum _{t=0}^{T}\left (\bm {e}_t^\top \bm {\Omega }_e \bm {e}_t + \Delta \bm {u}_t^\top \bm {\Omega }_u \Delta \bm {u}_t \right )\end {equation}


$t$


$T$


$\bm {\Omega }_{e}$


$\bm {\Omega }_{u}$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$(\bm {\Omega }_u> 0)$


$(\bm {\Omega }_e\geq 0)$


$\bm {\Omega }_e$


$\bm {\Omega }_u$


\begin {equation}\min _{\bm {\eta } \in \mathcal {A}_{safe} } \bm {J}(\bm {\eta }) = \bigl (J_{1}(\bm {\eta }),\, J_{2}(\bm {\eta }),\, \ldots ,\, J_{n}(\bm {\eta })\bigr ) \label {Xeqn42-46}\end {equation}


$\bm {J}(\bm {\eta })$


$n$


$J_i(\bm {\eta })$


$\bm {y}^{sp}$


$\bm {J}(\bm {\eta })$


$\mathcal {P}$


\begin {equation}\mathcal {P} = \bigl \{\, \bm {\eta } \in \mathcal {A}_{safe} \;\big |\; \nexists \, \bm {\eta }' \in \mathcal {A}_{safe} \text { such that } \bm {J}(\bm {\eta }') \prec \bm {J}(\bm {\eta }) \,\bigr \}, \label {Xeqn43-47}\end {equation}


$\bm {J}(\bm {\eta }') \prec \bm {J}(\bm {\eta })$


$\bm {\eta }'$


$\bm {\eta }$


\begin {equation}\begin {cases} J_i(\bm {\eta }') \le J_i(\bm {\eta }) & \text {for all } i,\\ J_j(\bm {\eta }') < J_j(\bm {\eta }) & \text {for at least one } j. \end {cases} \label {Xeqn44-48}\end {equation}


$\mathcal {P}$


$\mathcal {F}$


\begin {equation}\mathcal {F} = \{\, \bm {J}(\bm {\eta }) \mid \bm {\eta } \in \mathcal {P} \,\}. \label {Xeqn45-49}\end {equation}


$\mathcal {F}$


$n>3$


$\mathcal {F}$


\begin {equation}\label {eq:Jccnorm} \hat {J}_{i} = \frac {J_{i} - J_{i,\min }}{J_{i,\max } - J_{i,\min }},\end {equation}


$\hat {J}_{i}$


$[0,1]$


$\mathcal {F}$


$\eta ^\star $


$\hat {J}_1$


$\hat {J}_2$


\begin {equation}m \;\approx \; \frac {\partial \hat {J}_2}{\partial \hat {J}_1}\Big |_{\eta ^\star } \;\approx \; \frac {\hat {J}_2(\eta _{k+1}) - \hat {J}_2(\eta _{k-1})} {\hat {J}_1(\eta _{k+1}) - \hat {J}_1(\eta _{k-1})}, \label {Xeqn47-51}\end {equation}


$\{\eta _{k-1},\,\eta _k=\eta ^\star ,\,\eta _{k+1}\}$


$J_w = w_1 \hat {J}_1 + w_2 \hat {J}_2$


$w_1,w_2 \ge 0$


$w_1 + w_2 = 1$


\begin {equation}\frac {w_1}{w_2} \;\approx \; \bigg | \frac {\partial \hat {J}_2}{\partial \hat {J}_1}\Big |_{\eta ^\star } \bigg | = |m|, \label {Xeqn48-52}\end {equation}


\begin {equation}w_1 = \frac {|m|}{1+|m|}, \quad w_2 = \frac {1}{1+|m|}. \label {Xeqn49-53}\end {equation}


$n>2$


$\nabla \hat {J}_i(\eta ^\star )$


\begin {equation}\min _{\mathbf {w}\in \Delta }\; \bigg \| \sum _{i=1}^{n} w_i\, \nabla \hat {J}_i(\eta ^\star ) \bigg \|_2^2, \qquad \Delta = \bigl \{\, \mathbf {w}\in \mathbb {R}^n_{\ge 0} \;:\; \textstyle \sum _{i=1}^{n} w_i = 1 \,\bigr \}. \label {Xeqn50-54}\end {equation}


$\mathbf {w}$


$\bm {\eta }^\star $


$u_{MFO}$


$u_{MFB}$


$u_{MIW}$


$u_{MIW}$


$0.06 u_{MFO}$


$y_{JT}$


$u_{SFW}$


$y_{SVOL}$


$u_{CFF}$


$y_{PSE}$


$\bm {G}_{nom}(s)$


\begin {equation}\bm {u} = [u_{CFF}, u_{SFW}, u_{MFO}]^\top , \label {Xeqn51-55}\end {equation}


\begin {equation}\bm {y} = [y_{PSE}, y_{SVOL}, y_{JT}]^\top , \label {Xeqn52-56}\end {equation}


$\bm {K}$


\begin {equation}\label {eq:K} \bm {K}= \begin {bmatrix} k_{11} & 0 & 0\\ 0 & k_{22} & 0\\ 0 & 0 & k_{33} \end {bmatrix}\end {equation}


$k_{jj}$


\begin {equation}\label {eq:C} k_{jj} = k_{Pjj} \left (1+\frac {1}{\tau _{Ijj}s}\right ), \, j=1,2,3.\end {equation}


$k_{Pjj}$


$\tau _{Ijj}$


$k_{Pjj}$


$\tau _{Ijj}$


$\mathcal {A}_{safe}$


$\bm {\Omega }_e$


$\bm {\Omega }_u$


$\bm {G}_{\mathrm {nom}}(s)$


$\hat {J}_{{PSE}}$


$\hat {J}_{{SVOL}}$


$\hat {J}_{{JT}}$


\begin {equation}\bm {J}_{ISE}^{\text {utopia}} = \bigl (\hat {J}_{PSE,\min },\, \hat {J}_{SVOL,\min },\, \hat {J}_{JT,\min }\bigr ). \label {Xeqn55-59}\end {equation}


\begin {equation}\bm {w}_{ISE} = [w_{PSE}, w_{SVOL}, w_{JT}] \label {Xeqn56-60}\end {equation}


$w_{PSE}$


$w_{SVOL}$


$w_{JT}$


$y_{SVOL}$


$w_{SVOL}$


$y_{SVOL}$


$w_{SVOL}$


$\sum _{i=1}^{n} w_i = 1$


$\text {TV}^2$


$\text {TV}^2$


$\hat {J}_{{CFF}}$


$\hat {J}_{{SFW}}$


$\hat {J}_{{MFO}}$


\begin {equation}\bm {w}_{TV^{2}} = [w_{CFF}, w_{SFW}, w_{MFO}] \label {Xeqn57-61}\end {equation}


$w_{CFF}, w_{SFW}$


$w_{MFO}$


$\hat {J}_{{ISE}}$


$\hat {J}_{{TV^{2}}}$


\begin {equation}\bm {w}_{TO} = [w_{ISE}, w_{TV^{2}}] \label {Xeqn58-62}\end {equation}


$w_{ISE}$


$w_{TV^{2}}$


\begin {equation}\bm {\Omega }_e = w_{ISE} \begin {bmatrix} w_{PSE} & 0 & 0 \\ 0 & w_{SVOL} & 0 \\ 0 & 0 & w_{JT} \end {bmatrix}, \label {Xeqn59-63}\end {equation}


\begin {equation}\bm {\Omega }_u = w_{TV^{2}} \begin {bmatrix} w_{CFF} & 0 & 0 \\ 0 & w_{SFW} & 0 \\ 0 & 0 & w_{MFO} \end {bmatrix}. \label {Xeqn60-64}\end {equation}


$\bm {\Omega }_e$


$\bm {\Omega }_u$


$w_{ISE}$


$w_{TV^{2}}$


$t=10$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$T=2$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$S$


$S = 20$


$w$


$[1.1,\ldots ,0.1]$


$E$


$S$


$J(\bm {\eta })$


$J(\bm {\eta })$


$[0,\,1]$


$S$


$\mathbf {gbest}$


$10^{-4}$


$\mathbf {gbest}$


$\bm {\eta }$


$J_{\bm {y}^{sp}}(\bm {\eta })$


$\mathbf {gbest}$


$J_{\bm {y}^{sp}}(\bm {\eta })=0.2862$


$J(\bm {\eta })=0.1949$


$\bm {y}^{sp} \rightarrow \bm {s}_0$


$\bm {a}_0 \sim \pi _{\bm {\theta }}(\bm {a}_0 \mid \bm {s}_0)$


$\bm {a}_0 \rightarrow \bm {\eta }$


$\bm {\eta } \sim \pi _{\bm {\theta }}(\bm {\eta } \mid \bm {y}^{sp})$


$\gamma = 0$


$N = 1$


$M = 1$


$\epsilon = 0.2$


$\lambda = 0.95$


$\alpha _{{actor}}$


$\alpha _{{critic}}$


$w$


$K_e$


$E$


$\bm {y}^{sp}$


$\mathcal {A}_{safe}$


$[-1,\,1]$


$\mathcal {A}_{safe}$


$\mathcal {A}_{safe}$


$\bm {y}^{sp}$


$V_{\bm {\phi }}(\bm {y}^{sp})$


$V_{\bm {\phi }}(\bm {y}^{sp})$


$-J_{\bm {y}}(\bm {\eta })$


$-0.2$


$J_{\bm {y}}(\bm {\eta })=-0.1953$


$J_{\bm {y}^{sp}}(\bm {\eta })=-0.2870$


$n_o=4$


$N$


$\xi $


$J(\bm {\eta }) = 0.1953$


$\bm {\eta }$
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interpret and troubleshoot during faults (Lawrence et al., 2020a; Nian 
et al., 2020). Although explainable artificial intelligence (XAI) seeks to 
improve the transparency and interpretability of these models (Giudici 
& Raffinetti, 2021; Zhang et al., 2020), this paper instead advocates 
retaining the existing PID controllers embedded within programmable 
logic controllers (PLCs) and distributed control systems (DCSs) while 
enhancing their performance through AI-based optimisation. This strat-
egy minimises modifications to plant control infrastructure, preserves 
existing actuator and sensor interfaces, and situates the AI to control-
system interface at Level 2 (supervisory control) of the Purdue hierar-
chy (Williams, 1990). Once tuning is complete, the AI system is discon-
nected, and the optimised fixed-parameter PID controller continues to 
operate independently, without any further changes to the tuning pa-
rameters.

Although adaptive PID control can enhance the performance of non-
linear processes by adjusting controller parameters either continuously 
or at discrete intervals based on state observations (Guan & Yamamoto, 
2021; Lawrence et al., 2020b) caution that implementing a fully adap-
tive scheme, where the PID gains are updated at every time step, may 
introduce additional nonlinearities into the closed-loop system, thereby 
complicating stability analysis (Malmborg et al., 1996). In contrast, the 
approach adopted in this study deliberately avoids continuous adapta-
tion: once the AI-based tuning agent has identified suitable parameters, 
it can be disconnected, leaving the PID controller to operate indepen-
dently.

Neumann-Brosig et al. (2020) define the criteria for an ideal auto-
tuner as follows: it should be versatile, with applicability to a wide range 
of control structures; globally optimal, reliably identifying the best solu-
tion without becoming trapped in local optima; and data efficient, en-
abling online implementation with minimal experimental effort. Data 
efficiency is intended to maximise long-term gains while minimising the 
short-term costs associated with experimentation. In addition, the auto-
tuner must be safe, permitting global optimisation over the parameter 
space while preserving closed-loop stability, such that the resulting sys-
tem remains bounded-input bounded-output stable (Seborg et al., 2011).

The contributions of this paper are as follows:

• a Pareto front based procedure for weighting the priorities of vari-
ables and selecting the compromise between performance and actua-
tor usage to support controller tuning and the evaluation of AI-based 
methods,

• a review of AI-based tuning methods, with a focus on fixed-
parameter PID tuning,

• a comparison of tuning performance between computational intelli-
gence and machine learning approaches, assessed against the criteria 
for an ideal autotuner, and

• a generalised AI-based PID tuning procedure.

The paper is structured as illustrated in Fig. 1. Section 1 provides 
an introduction, followed by Section 2, which formulates the automatic 
tuning problem to be addressed using AI-based algorithms. Section 3 
reviews AI-based PID tuning methods capable of addressing the stated 
problem and concludes with the selection and motivation of represen-
tative algorithms for comparison. Section 4 presents a preliminary dis-
cussion of these algorithms, particle swarm optimisation (PSO), proxi-
mal policy optimisation (PPO), and Bayesian optimisation (BO), while 
Section 5 describes the proposed methodology for implementing the AI-
based tuner. Section 6 presents the application of the methodology to 
an ore-milling circuit and provides a comparative analysis of the results. 
Section 7 concludes the paper.

2.  Problem statement

A nonlinear multivariable multi-input-multi-output (MIMO) plant 
can be represented in state-space form as 
𝒙̇(𝑡) = 𝒇 (𝒙(𝑡), 𝒖(𝑡)) (1a)

𝒚(𝑡) = 𝒉(𝒙(𝑡)) (1b)

where 𝒙(𝑡) ∈ ℝ𝑛 is the state vector, 𝒖(𝑡) ∈ ℝ𝑚 is the manipulated variable 
vector, and 𝒚(𝑡) ∈ ℝ𝑝 is the controlled variable vector. Disturbances are 
omitted from (1) because, in most industrial applications, it is imprac-
tical to introduce a timed and measurable step disturbance and reli-
ably repeat it over the duration of AI-based tuning. This omission does 
not imply that AI-based methods cannot be tuned for disturbance rejec-
tion; as demonstrated by van Niekerk et al. (2025a), rejection of con-
troller interactions in a MIMO system can serve as an effective proxy for 
disturbance-rejection capability.

To achieve setpoint tracking and disturbance rejection, the plant is 
regulated using diagonal PID controllers arranged in a MIMO loop. The 
controller action is described as
𝒖(𝑡) = 𝑲(𝒆(𝑡), 𝜼), (2)

where 𝑲 ∈ ℝ𝑝×𝑚 denotes the controller matrix, 𝒆(𝑡) ∈ ℝ𝑝 is the tracking 
error vector defined as the difference between the setpoint vector 𝒚𝑠𝑝(𝑡)
and the controlled variable vector 𝒚(𝑡), and 𝜼 ∈ ℝ3×𝑚 contains the PID 
tuning parameters assigned to the diagonal elements.

The challenge is to select tuning parameters for a MIMO controller 
that yield optimal controller performance. MIMO controllers, in which 
multiple manipulated variables interact with multiple controlled vari-
ables, are considerably more challenging to tune than single-input 
single-output (SISO) controllers due to loop interactions, differing vari-
able sensitivities, and disparities in variable magnitudes and engineering 
units. Effective tuning therefore requires appropriate pairing of manip-
ulated and controlled variables, as well as careful weighting of scales 
and performance trade-offs, as discussed in Sections 5.5 and 6.2. To 
achieve this, controller performance must be expressed through an ob-
jective function, in which weighting matrices are used to balance the 
relative importance of different variables. This objective function can be 
formulated using various performance criteria, typically including the 
integral absolute error (IAE), integral square error (ISE), time-weighted 
absolute error (ITAE), or the integral of the time-weighted squared error 
(ITSE) (Seborg et al., 2011).

The objective function is defined as
𝐽 ∶  ⊆ ℝ3×𝑚 → ℝ, (3)

and must be minimised by selecting the tuning parameters
𝜼 ∈  ∈ ℝ3×𝑚 (4)

where  denotes the domain of tuning parameters. The optimisation 
problem can therefore be stated as
min
𝜼∈

𝐽 (𝜼). (5)

The direction of optimality may differ depending on the AI method ap-
plied. Reinforcement learning (RL) seeks to maximise cumulative re-
wards, whereas BO and nature-inspired algorithms generally minimise 
a cost function. In either case, the goal is to determine the optimum of 
the objective function by selecting the most effective tuning parameters.

3.  Review of AI-based PID tuning in industrial processes

The purpose of this review is to identify AI-based methods in the 
literature that are capable of tuning fixed-parameter PID controllers by 
optimising the objective function defined in (5). From these methods, 
representative candidate algorithms are motivated and selected for com-
parative evaluation against the characteristics of the ideal autotuner de-
fined in Section 1. Although the comparison is conducted on a MIMO 
process, the review also includes SISO applications, as methods devel-
oped for SISO systems can be extended to MIMO applications provided 
the objective function accounts for the additional complexity of multi-
variable control.

The review content was obtained from databases including IEEE 
Xplore, ScienceDirect, and Google Scholar using search expressions such 
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Fig. 1. Logical diagram representing the structure of the paper.

as “AI PID”, “intelligent PID”, “nature-inspired PID”, “metaheuristic 
PID”, “fuzzy PID”, “reinforcement learning PID”, “supervised learning 
PID”, “unsupervised learning PID”, and “Bayesian optimisation PID” for 
the period 2015–2025. Where relevant papers were identified prior to 
this time frame, they were also included in the study.

While there is no universally accepted classification of AI methods 
among scholars (Joseph et al., 2022; Mukhamediev et al., 2022; Nian 
et al., 2020; Vilone & Longo, 2021), a taxonomy of AI-based learning 
approaches for the automatic tuning of PID controllers is developed here 

by synthesising insights from several publications (Blondin et al., 2019; 
Engelbrecht, 2007; Nian et al., 2020; Sumar et al., 2010; Zhu, 2014). 
Accordingly, AI methods suitable for PID tuning can be broadly grouped 
into computational intelligence and machine learning.

Computational intelligence comprises two subclasses: intelligent al-
gorithms and nature-inspired algorithms. Intelligent algorithms include 
techniques such as artificial neural networks (ANN) and fuzzy sys-
tems, whereas nature-inspired algorithms draw on mechanisms from 
natural processes, including swarm intelligence, genetic mutation, and
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evolutionary strategies. Techniques such as fuzzy logic, ANN, and adap-
tive neuro-fuzzy inference systems (ANFIS) have been successfully ap-
plied to update PID parameters (Caiza et al., 2022; Chopra et al., 2014; 
El-Gendy et al., 2020; Ladjouzi & Grouni, 2020; Yan et al., 2025; Yu-
soff et al., 2017). In these approaches, parameters are adapted contin-
uously based on the controller tracking error and its derivative, while 
the control signal is generated by the adaptive PID controller. Although 
nonlinear processes benefit from adaptive PID control, the objective of 
this study is to tune fixed PID parameters, as justified in Section 1, and 
therefore the intelligent algorithms will not be considered further in this 
review.

Machine learning methods are generally categorised into supervised 
learning (SL), unsupervised learning (UL), and RL (Nian et al., 2020). 
RL has been applied to both adaptive (Chowdhury et al., 2023; Guan 
& Yamamoto, 2021; Lakshmi & Manonmani, 2025; Mate et al., 2023; 
Meng et al., 2023; Qin et al., 2018; Wang & Ricardez-Sandoval, 2024) 
and fixed-parameter PID tuning, as detailed in Section 3.3.1. Only a 
limited number of studies have explored SL-based PID tuning, which are 
reviewed in Section 3.3.2. Finally, just a single case was found where 
UL has been employed for PID tuning, discussed in Section 3.3.3.

Patil et al. (2024) classify BO as a metaheuristic-probabilistic algo-
rithm. For the purposes of this paper, however, BO is treated as a prob-
abilistic machine learning method because it exhibits the core charac-
teristics of machine learning: learning from data, employing probabilis-
tic models, making predictions, and improving performance over time 
through objective function optimisation. BO has also been applied in 
adaptive PID control (König et al., 2021), although the emphasis here 
is on its applications for fixed-parameter tuning which is discussed in 
Section 3.3.4.

3.1.  Nature-inspired algorithms

The nature-inspired algorithms of the computational intelligence 
subclass have attracted significant interest in the application of PID tun-
ing evident from the number of review articles dedicated to this topic 
(Ghosal et al., 2012; Joseph et al., 2022; Patil et al., 2024). Joseph et al. 
(2022) report on 73 metaheuristic algorithms published during the pe-
riod from 1975 to 2020. Genetic algorithms (GA) and PSO are among 
the most established and effective nature-inspired methods for PID con-
troller tuning, particularly for nonlinear and poorly modelled systems. 
GA employs evolutionary operators such as selection, crossover, and mu-
tation to perform global search, making it robust to local minima and 
well suited to complex optimisation landscapes. PSO, inspired by col-
lective swarm behaviour, updates candidate solutions through shared 
individual and global best information, typically achieving faster con-
vergence with lower computational overhead (Fister et al., 2016; Joseph 
et al., 2022; Patil et al., 2024).

Chopra et al. (2014) and Jayachitra and Vinodha (2014) investigate 
the use of the GA for PID tuning in the concentration control of a contin-
uous stirred tank reactor (CSTR) linear model in simulation. Although 
the CSTR is inherently a multi-input-multi-output (MIMO) system, the 
analysis is simplified to a single transfer function describing the dynam-
ics of the output concentration in response to the feed flow rate. Using 
the ISE criterion, the GA achieves satisfactory setpoint tracking and dis-
turbance rejection after approximately 2000 iterations. In related work, 
Nekoui et al. (2010) compare the Ziegler-Nichols (ZN) and PSO methods 
for CSTR concentration control via coolant flow manipulation. Employ-
ing the integral of the ITAE objective, the PSO-tuned controller reduces 
overshoot and settling time relative to the ZN method, converging after 
about 400 iterations.

Sharma et al. (2016) employ GA and PSO algorithms to tune PID 
level controllers for an interacting two-tank system with hydraulic cou-
pling. Regulating the feed flow rate to control tank level, they report that 
PSO eliminates overshoot but exhibits a longer settling time, whereas GA 
achieves faster convergence.

Younis et al. (2019) compare GA-based PID tuning with classical ZN, 
Cohen-Coon, and Chien-Hrones-Reswick methods for cascaded double-
tank systems, concluding that GA achieves the lowest ISE despite the 
nonlinear, delay-like dynamics of the system. Extending this to more 
complex configurations, Cornejo et al. (2020) apply GA and the Impe-
rialist Competitive Algorithm (ICA) to triple-tank systems, finding ICA 
superior in minimising ISE after approximately 3000 iterations.

In cascade control, Pramanik et al. (2021) compare GA and Har-
mony Search Algorithm (HSA) tuning for a single-tank system, where 
both optimisation methods outperform ZN, with HSA delivering better 
closed-loop performance after 4000 iterations on a pilot plant. More re-
cently, Achu Govind and Mahapatra (2024) apply tree seed optimisation 
(TSO) with 𝜇-analysis for coupled conical, spherical, quadruple, and sex-
tuple tank configurations, demonstrating improved robustness and pre-
cision compared with PSO-, fuzzy-, and sliding-mode-based controllers, 
and highlighting its industrial applicability for nonlinear interconnected 
level systems.

Singh et al. (2016) employ the cuckoo search (CS) algorithm to tune 
a PID controller for regulating cooling-vessel pressure via feed-valve ma-
nipulation, showing improved setpoint step response compared with ZN 
tuning after 10,000 iterations. Similarly, Li and Feng (2020) apply an 
improved artificial bee colony (IABC) algorithm for water-distribution-
header pressure control by adjusting pump speed, demonstrating that, 
within 100 iterations, the IABC minimises a composite cost function, 
combining ISE, actuator-usage penalty, and overshoot, more effectively 
than the standard ABC method.

El-Gendy et al. (2020) employ GA to optimise PID tuning parame-
ters for temperature control in a divided-wall distillation column sepa-
rating ethanol, propanol, and 𝑛-butanol. Three diagonally arranged PID 
loops regulate tray temperatures to maintain product purity, achieving 
superior disturbance rejection, measured by ISE, compared with the PI 
controllers of Khanam (2014), with convergence after about 2500 itera-
tions. In a related study, Deulkar and Hanwate (2020) compare GA- and 
PSO-tuned PID controllers for temperature regulation in a 2 × 2 MIMO 
CSTR model, showing that PSO outperforms GA in reducing overshoot 
when using a composite objective function of steady-state error and peak 
overshoot, converging after approximately 600 of 1400 iterations. Sim-
ilarly, Baruah and Dewan (2017) report that, for a CSTR with temper-
ature controlled via coolant flow, the PSO-tuned controller yields sig-
nificantly lower overshoot than GA while maintaining comparable rise 
and settling times. Extending beyond CSTRs, Anbumani et al. (2017) 
apply the grey wolf optimiser (GWO) for PID tuning in a shell-and-tube 
heat exchanger, demonstrating improved performance over PSO based 
on the (IAE) metric.

Behroozsarand and Shafiei (2010) apply the non-dominated sort-
ing genetic algorithm II (NSGA-II) to tune 11 diagonal PID controllers 
for a MIMO amine gas-sweetening plant. Using a bi-objective optimi-
sation of IAE and overshoot, they demonstrate that NSGA-II achieves 
well-balanced trade-offs between tracking performance and robustness. 
Similarly, dos Santos Coelho and Mariani (2012) propose the chaotic 
firefly algorithm (CFA) and benchmark it against GA and PSO for tun-
ing multiloop PID controllers in the Wood-Berry distillation column and 
a polymerisation reactor. Across both MIMO case studies, CFA yields 
lower objective function values and superior control performance using 
a population of 15 fireflies over 100 generations. Extending this line of 
research, Reynoso-Meza et al. (2012) employ the differential evolution 
(DE) algorithm to design decentralised PI controllers for the Wood-Berry 
column, formulating a multi-objective problem that constrains sensitiv-
ity, complementary sensitivity, and closed-loop log modulus. Their re-
sults show that DE-based tuning provides improved disturbance rejec-
tion and robustness compared with the largest log modulus method of 
Luyben (1986).

Fister et al. (2016) evaluate six population-based optimisation meth-
ods, bat algorithm (BA), hybrid bat algorithm (HBA), DE, PSO, GA, and 
CS, for automatic PID tuning in a two-degree-of-freedom robotic arm. 
They assess suitability for online applications requiring fast convergence 
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and low computational cost, concluding that reactive nature-inspired 
algorithms, particularly PSO and BA, offer the most promising perfor-
mance in terms of convergence speed and robustness.

3.2.  Nature-inspired review conclusions

The literature demonstrates the broad applicability of nature-
inspired methods for PID tuning across diverse process domains. Tech-
niques such as GA and PSO consistently outperform classical heuristic 
rules (e.g., ZN, Cohen-Coon, Chien-Hrones-Reswick) in both transient 
and steady-state performance. However, these classical methods have 
largely been superseded in modern process-control practice, with con-
temporary texts such as Seborg et al. (2011) recommending alternatives 
like IMC (Garcia & Morari, 1982) and SIMC (Skogestad, 2003). Conse-
quently, comparing AI-based methods with tuning techniques developed 
more than seventy years ago offers limited practical value beyond estab-
lishing a historical performance baseline.

Fig. 2 presents the distribution of nature-inspired fixed-parameter 
PID autotuning studies. The data are extracted from the publications 
reviewed in Section 3.1 by identifying the algorithms employed and the 
control structures considered in each study.

The distribution of nature-inspired algorithms, as illustrated in 
Fig. 2(a), reveals that the research community has predominantly 
favoured population-based metaheuristics. GA and PSO together ac-
count for approximately two-thirds of the studies surveyed, with shares 
of 32% and 26%, respectively. This strong representation highlights the 
sustained appeal of these methods owing to their ease of implementa-
tion and minimal problem-specific assumptions. The remaining studies 
are distributed across a diverse set of algorithms, each contributing be-
tween 6% and 3% of the total. These include DE, CS, HSA, the CFA, 
and other swarm- and evolution-inspired methods such as the ABC, 
IABC, and GWO. The comparatively small representation of these al-
gorithms suggests that, while they have demonstrated potential in spe-
cific process-control applications, their use remains exploratory and less 
standardised. Overall, the dominance of GA and PSO indicates that most 
AI-based PID tuning research continues to rely on relatively mature evo-
lutionary and swarm-intelligence frameworks, rather than more recent 
or problem-specific variants.

The control-structure analysis in Fig. 2(b) shows that the majority of 
nature-inspired-based autotuning studies have focused on SISO systems, 
which comprise approximately 74% of the reported applications. This 
prevalence reflects the relative simplicity and tractability of SISO pro-
cesses, where the decoupling between loops allows direct evaluation of 
algorithmic performance without the added complexity of loop interac-
tions. In contrast, MIMO systems represent around 26% of the studies, 
highlighting a growing but still limited interest in extending AI-based 
tuning techniques to more complex industrial systems.

Collectively, these studies reinforce the potential of nature-inspired 
approaches to bridge the limitations of traditional PID tuning, offering 
improved precision, robustness, and adaptability for modern industrial 
control applications.

3.3.  Machine learning methods

3.3.1.  Reinforcement learning methods
In RL, an agent interacts with a stochastic environment that can be 

modelled as a Markov decision process (MDP). At each time step 𝑡, the 
agent observes the current state 𝒔𝑡 ∈ ℝ𝑝, selects an action 𝒂𝑡 ∈ ℝ3𝑚 ac-
cording to its policy 𝜋, and the environment responds with a new state 
𝒔𝑡+1 and a scalar reward 𝑟𝑡+1. Over time, this repeated exchange gener-
ates sequences of states, actions, and rewards, which may be episodic or 
continue indefinitely. The objective of the agent is to learn an optimal 
policy that maps states to actions in order to maximise the long-term 
cumulative reward, known as the return 𝐺𝑡 (Lee et al., 2018; Sutton & 
Barto, 2018).

Fig. 2. Distribution of nature-inspired fixed-parameter PID autotuning studies: 
(a) autotuning algorithms and (b) control-structure type.

RL is a promising approach for automatic PID tuning, providing a 
data-driven framework applicable to both linear and nonlinear systems. 
Early work by Berger and da Fonseca Neto (2013) shows that RL-based 
tuning can exploit closed-loop performance over entire trajectories, en-
abling controllers to account for long-term behaviour and improving 
flexibility in both online and offline settings.

Building on this foundation, Lawrence et al. (2020b) present a finite-
difference random-search method for automatic PID tuning. Their ap-
proach perturbs controller gains, evaluates the resulting step responses, 
and iteratively updates the policy without requiring gradients or pro-
cess models. By leveraging full closed-loop trajectories rather than in-
cremental updates, their results show that even simple RL search strate-
gies achieve competitive PID tuning performance. A related contribution 
by Lawrence et al. (2020a) further demonstrates that RL can incorpo-
rate practical features such as anti-windup while preserving the inter-
pretability of the underlying PID structure.

Bridging probabilistic inference and control design, Jesawada et al. 
(2022) introduce a Kullback-Leibler divergence (KLD)-based framework 
that maps optimal policies learned via the probabilistic inference for 
learning control (PILCO) algorithm into interpretable PID parameters. 
This integration of the data efficiency of PILCO with structured PID map-
ping provides a practical link between advanced RL formulations and in-
dustrial control. Similarly, Dogru et al. (2022) reformulate PI tuning as a 
contextual bandit problem, eliminating the need for full Markovian state 
transitions. Offline pre-training on simple step-response models enables 
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the agent to approximate process dynamics before online fine-tuning, 
thereby reducing training risk and computational cost. The resulting pol-
icy, updated via a variance-reduced policy gradient method, is validated 
on a nonlinear multi-modal tank system, confirming its data efficiency 
and practical relevance.

Experimental progress in deep reinforcement learning (DRL) fur-
ther extends the reach of RL to real-world applications. Lawrence et al. 
(2022) demonstrate that a shallow policy structure embedded in a mod-
ified twin delayed deep deterministic policy gradient (TD3) framework 
can tune PID parameters directly. Applied to a two-tank laboratory pro-
cess, the study confirms that interpretable PID structures can be retained 
within DRL, bridging the gap between black-box learning and traditional 
control practice. Likewise, Aksland et al. (2022) recast PID tuning as a 
gradient-based constrained optimisation problem incorporating actua-
tor and state limits, demonstrating scalability on a multivariable thermal 
management system with five coupled PI controllers. Their results show 
that gradient-based RL provides a systematic approach to anti-windup 
and constrained MIMO control.

Recent work introduces hybrid algorithms that enhance both explo-
ration and convergence. Chowdhury and Lu (2023) propose the entropy-
maximising twin delayed deep deterministic policy gradient (EMTD3) 
algorithm, which combines entropy-based stochastic exploration with 
deterministic exploitation. This hybrid approach mitigates local op-
tima and accelerates convergence compared with conventional TD3 
and DDPG. Similarly, van Niekerk et al. (2025b) employ PPO for auto-
matic PID tuning in a multivariable nonlinear grinding mill circuit. By 
incorporating explicit safety constraints into the reward formulation, 
their method ensures closed-loop stability while matching or surpass-
ing manual tuning performance. In another recent contribution, Bujgoi 
and Sendrescu (2025) apply TD3 to PID tuning for a nonlinear fed-batch 
bioreactor. The agent, trained to maximise tracking performance in sim-
ulation, achieves superior results to classical tuning rules, with twin crit-
ics effectively mitigating value overestimation.

Overall, the reviewed body of work confirms that RL provides a ver-
satile and scalable framework for PID tuning across nonlinear, multivari-
able, and constrained systems. Approaches range from simple random 
search and contextual bandits to advanced actor-critic algorithms such 
as DDPG, TD3, and PPO, all capable of producing robust, well-tuned 
controllers without explicit process models. Crucially, these methods 
preserve the interpretability of PID structures while leveraging the opti-
misation strengths of modern RL, bridging classical control theory with 
data-driven intelligence. This synthesis of familiarity, adaptability, and 
performance positions RL-based PID tuning as a practical and forward-
looking solution for next-generation industrial process control.

3.3.2.  Supervised learning methods
SL learns explicit input-output mappings from labelled data and is 

therefore well suited to regression and classification tasks in process 
systems engineering. By exploiting historical or simulated datasets, SL 
enables accurate prediction and controller parameter inference without 
explicit process models, but remains fundamentally offline and distinct 
from decision-making approaches based on interaction with the envi-
ronment (Lee et al., 2018; Shin et al., 2019).

Lee and Jang (2021) explore SL for automatic PID tuning of a second-
order mass-spring-damper system by learning data-driven mappings be-
tween process responses and controller parameters. The authors propose 
a two-stage framework that employs sequential neural networks to esti-
mate system dynamics from PID response data and then predict suitable 
controller gains for the identified model. Because the method relies on 
labelled datasets generated through simulation, it is classified as a su-
pervised approach. Its key advantage is that it automates tuning while 
preserving the familiar PID structure widely used in industry.

Further expanding SL-based design, Wang et al. (2021b) develop a 
time-varying reservoir parameter echo state network (TVRP-ESN) for 
tuning PID parameters in computer numerical control (CNC) servo sys-
tems. By learning a mapping from system inputs, outputs, and errors to 

PID gains, the TVRP-ESN provides a fast and adaptive means of comput-
ing suitable parameters for discrete-time systems with delays. Comple-
menting this, Lakshminarayanan et al. (2025) propose a direct inverse 
supervised learning (ISL) approach that eliminates intermediate mod-
elling stages such as system identification or data compression. Their 
method directly learns a mapping from input-output trajectories to con-
troller parameters, achieving more efficient and robust tuning than tra-
ditional identification or virtual reference feedback approaches.

SL has also been applied to multivariable control problems. Mumuni 
et al. (2025) design a MIMO PID controller with an integrated decou-
pler and formulate gain tuning as a supervised classification task for 
a generic, abstract MIMO plant. Their results show that incorporating 
machine-learning classifiers into the tuning process improves perfor-
mance, yielding faster settling, enhanced stability, and more effective 
gain selection compared with conventional methods.

Overall, these studies underscore the growing relevance of super-
vised learning for automating and improving PID controller tuning. By 
leveraging labelled datasets derived from simulations, digital twins, or 
measured responses, SL approaches can reliably infer suitable controller 
parameters.

3.3.3.  Unsupervised learning methods
UL comprises data-driven methods that infer structure, patterns, or 

representations directly from unlabelled data, without predefined input-
output pairs. In process systems engineering, UL is commonly applied to 
tasks such as clustering, dimensionality reduction, and feature extrac-
tion, enabling the discovery of inherent process characteristics, oper-
ating regimes, or latent variables from historical measurements, while 
remaining independent of explicit performance objectives or decision-
making policies (Lee et al., 2018; Shin et al., 2019).

Das et al. (2018) propose a robust PID tuning framework for second-
order plus time-delay (SOPTD) processes by combining analytical dom-
inant pole placement with data-driven clustering. Using Padé approxi-
mations, multiple algebraic expressions for PID gains are derived under 
different non-dominant pole assumptions, and Monte Carlo simulations 
are employed to sample stabilising solutions. To extract a single robust 
set of controller parameters, the authors apply the unsupervised k-means 
clustering algorithm to the stabilising gain sets, selecting the cluster cen-
troid as the robust solution. This approach is considered unsupervised 
learning because the clustering operates on unlabeled stabilising data, 
identifying patterns in the parameter space without explicit optimisation 
or reward signals. Simulation results across nine benchmark SOPTD pro-
cesses demonstrate that the clustering-based centroid method provides 
static PID parameters that deliver robust stability and acceptable perfor-
mance against uncertainty, thereby offering a systematic, data-driven 
alternative to conventional tuning rules for time-delay systems

While clustering organises the solution space efficiently, it does not 
directly optimise an objective function. The result may be robust but not 
necessarily optimal for all operating conditions.

3.3.4.  BO methods
BO is a sample-efficient, model-based optimisation framework de-

signed for problems where objective evaluations are expensive, noisy, 
or experimentally constrained. By constructing a probabilistic surrogate 
model of the objective function and selecting new evaluation points via 
an acquisition function that balances exploration and exploitation, BO 
enables systematic and data-efficient tuning of controller parameters, 
making it particularly well suited to data-driven control and experimen-
tal PID tuning applications (Brochu et al., 2010; Fujimoto et al., 2023).

Neumann-Brosig et al. (2020) introduce a general BO-based frame-
work and demonstrate its effectiveness through throttle valve control 
using active disturbance rejection. The objective function is modelled 
as a Gaussian process (GP) with a Matérn 5/2 kernel, while the ex-
pected improvement (EI) criterion serves as the acquisition function. 
Their results highlight the strong data efficiency and generalisability of 
BO across different controller structures and tuning objectives.
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Building on this foundation, Chen et al. (2019) apply BO to tune a 
PID controller for servo motor position control. The GP employs a com-
posite kernel comprising constant, squared exponential, and white noise 
components, and optimisation is guided by an upper confidence bound 
(UCB) acquisition function with a randomised exploration term. The 
approach proves effective in both simulation and hardware implemen-
tation, demonstrating consistent closed-loop improvements. Extending 
this idea, Roveda et al. (2020) integrate BO into a robotic control set-
ting, simultaneously tuning both the link-mass parameters, representing 
system dynamics, and PID gains for trajectory tracking. Using a squared 
exponential kernel with EI as the acquisition function, their results show 
substantial reductions in tracking error relative to baseline controllers.

A constrained formulation of BO is adopted by Khosravi et al. (2022) 
for cascade PID tuning in CNC grinding machines. In this configuration, 
the outer-loop controller regulates position, while the inner loop en-
sures precise velocity tracking through a brushless permanent magnet 
ac motor. The objective function is modelled as a GP with a Matérn 3/2 
kernel and optimised using EI, yielding a notable reduction in position 
error compared with the nominal controller. Similarly, Coutinho et al. 
(2023) benchmark BO-tuned diagonal PID controllers against the SIMC 
rules (Skogestad, 2003) for a three-loop evaporation system, demon-
strating that BO provides a superior trade-off between setpoint tracking 
and actuator effort using a GP with a Matérn 5/2 kernel.

Further refinement of BO for practical applications is presented by 
Fujimoto et al. (2023), who accelerate convergence by incorporating 
a model-based prior mean derived from a linear servo motor model. 
This modification reduces exploration requirements compared with the 
common zero-mean assumption, allowing faster tuning when using a 
Gaussian kernel and UCB acquisition strategy. In the context of multi-
variable systems, van Niekerk et al. (2023) apply BO to tune diagonal 
PID controllers for a linear grinding mill model. Employing a Matérn 5/2 
kernel and EI acquisition, the study demonstrates that BO can identify 
near-optimal tuning parameters within only a few iterations, confirming 
its potential for efficient online tuning.

Finally, in an advanced manufacturing context, Kavas et al. (2025) 
employ BO for laser power regulation in laser powder bed fusion (LPBF) 
additive manufacturing. By modelling the objective function with a ra-
dial basis function kernel and using a lower confidence bound (LCB) ac-
quisition strategy, they achieve effective stabilisation of the melt pool, 
a process that traditionally operates in open loop, thereby mitigating 
overheating and improving product quality.

3.4.  Machine learning review conclusions

The distribution of machine-learning-based autotuning algorithms 
presented in Fig. 3(a) shows that RL has become the dominant paradigm 
in this category, representing approximately 43% of reported studies. 
This strong presence reflects the growing shift towards data-driven con-
trol frameworks capable of learning optimal tuning behaviour directly 
through interaction with process models or real plants. BO follows 
closely, with 35% of studies, and has emerged as a complementary al-
ternative where sample efficiency is prioritised.

SL and UL together account for less than one quarter of the stud-
ies, underscoring that while data-driven models have been successfully 
trained to infer PID parameters from labelled datasets, such approaches 
have yet to demonstrate the adaptability and autonomy achieved by 
RL and BO. SL offers rapid inference and low computational demand 
once trained; however, its reliance on labelled datasets and prior tun-
ing knowledge limits its generality across different plant types. In con-
trast, RL learns directly from closed-loop interaction, enabling system-
atic exploration of the tuning space without requiring labelled data. 
Policy-gradient-based RL methods can infer performance trends from 
the effect of small parameter perturbations on the reward signal, mak-
ing them better suited to data-efficient online tuning. Consequently, SL 
is excluded from the comparative analysis, as it lacks online adaptabil-

Fig. 3. Distribution of machine learning fixed-parameter PID autotuning stud-
ies: (a) autotuning algorithms and (b) control-structure type.

ity and depends on extensive labelled datasets to identify near-optimal 
tuning configurations.

UL methods remain largely exploratory in the context of PID tuning, 
with only a single paper applying clustering or representation learn-
ing to controller parameter selection. Because UL does not explicitly 
optimise a performance objective or interact dynamically with the con-
trol environment, its practical applicability to automatic PID tuning is 
currently limited. Consequently, UL is excluded from the comparative 
analysis, although future developments in self-supervised or hybrid ap-
proaches may enhance its relevance.

The control-structure distribution shown in Fig. 3(b) indicates that 
74% of the machine-learning-based autotuning studies have been con-
ducted on SISO systems, with only 26% addressing MIMO configura-
tions. Coincidentally, the same ratio is observed for the nature-inspired 
structures. This imbalance underscores that practical applications to 
coupled process systems remain limited. MIMO control introduces chal-
lenges such as controller interactions, increased training complexity, pri-
ority weighting and the need for multi-objective reward or cost formu-
lations.

3.5.  AI-based PID tuning review conclusions

The literature demonstrates that AI provides an effective alternative 
for automatic PID tuning across a wide range of industrial applications. 
Compared with classical tuning rules, AI-based methods consistently 
achieve improved transient and steady-state performance and represent 
a shift toward optimisation-driven control frameworks with enhanced 
scalability and robustness.

Despite this progress, the literature lacks a systematic compari-
son of PID autotuning methods across different AI classes. This study 
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addresses this gap by evaluating representative algorithms from the 
nature-inspired and machine learning sub-classes against key attributes 
of an ideal automatic tuner. The following sections motivate the selec-
tion of the candidate algorithms considered in the comparative analysis.

3.5.1.  Motivation of PSO
GAs have received significant attention for PID tuning within the 

nature-inspired subclass of AI algorithms; however, they are frequently 
criticised for relatively slow convergence (Wang et al., 2021a). By con-
trast, PSO often exhibits faster convergence and improved robustness, 
although it remains susceptible to premature convergence and entrap-
ment in local optima (Elbeltagi et al., 2005; Valluru & Singh, 2018). In 
this paper, the tuning objective is strictly convex (Section 5.4), thereby 
eliminating concerns related to local optima. Unlike GAs, which rely on 
crossover and mutation, PSO employs a memory-based search mecha-
nism in which each particle updates its trajectory using both individual 
and collective experience, allowing information about high-quality so-
lutions to persist throughout the search. Under these conditions, PSO is 
well suited to controller tuning and is therefore selected as the repre-
sentative nature-inspired algorithm in this study. For problems where 
convexity cannot be guaranteed, hybrid GA-PSO approaches offer an 
effective alternative by enhancing global exploration while mitigating 
premature convergence and improving local search performance (Araz, 
2025).

3.5.2.  Motivation of PPO
RL algorithms fall broadly into two categories: dynamic program-

ming and policy optimisation. Dynamic programming approaches rely 
on estimating value functions before choosing actions, which becomes 
challenging in continuous action spaces due to the need to approximate 
infinitely many values. Policy optimisation, by contrast, directly adjusts 
the policy parameters using stochastic gradient ascent, moving in the 
direction that increases the expected return. This class includes policy 
gradient methods, which are particularly well suited for PID tuning be-
cause they operate naturally in continuous and high-dimensional pa-
rameter spaces (Sutton & Barto, 2018; Sutton et al., 1999).

Although effective, policy gradient methods can be unstable: small 
parameter changes may cause large swings in performance or even col-
lapse the learned policy (Schulman et al., 2015). PPO mitigates this 
by constraining updates with a clipped surrogate objective (Schulman 
et al., 2017). PPO is selected as the representative RL algorithm in this 
paper due to its demonstrated effectiveness for multivariable PID tuning 
and its ability to learn directly from closed-loop interaction, as shown 
in van Niekerk et al. (2025b).

3.5.3.  Motivation of BO
BO is a data-efficient approach for controller tuning that is well 

suited to problems where objective function evaluations are expensive. 
By modelling the tuning objective probabilistically using Gaussian pro-
cesses and guiding the search through acquisition functions such as EI, 
UCB, and LCB, BO enables rapid convergence with minimal experimen-
tation.

Its successful application to PID and controller tuning in domains 
such as servo drives, robotics, grinding mills, and additive manufactur-
ing motivates its inclusion as the representative probabilistic, machine-
learning-based optimisation method in this comparative study.

4.  Preliminaries

This section presents a concise discussion of PSO, PPO, and BO, as 
motivated in the previous section, in preparation for their inclusion in 
the comparative analysis.

4.1.  Particle swarm optimisation

PSO is a population-based metaheuristic introduced by Eberhart and 
Kennedy (1995), inspired by the collective behaviour of bird flocking 

and fish schooling. Belonging to the broader class of swarm intelligence 
methods, PSO has been successfully applied to optimisation tasks across 
many domains, including control engineering and PID tuning (Joseph 
et al., 2022). Olorunda and Engelbrecht (2008) attribute the success 
of PSO to keeping particles widely dispersed early (exploration) and 
progressively focusing near good solutions (exploitation).

A common formulation of PSO is the global best (𝐠𝐛𝐞𝐬𝐭) version with 
inertia, in which every particle is influenced by the best solution dis-
covered by the entire swarm (Khanduja & Bhushan, 2016; Nekoui et al., 
2010). The inertia weight 𝑤 multiplies the previous velocity, acting 
as a momentum term that smooths particle trajectories and regulates 
the exploration-exploitation balance: larger 𝑤 encourages broad search, 
while smaller 𝑤 damps motion for local refinement. In practice, a decay-
ing schedule yields rapid early exploration with stable late convergence. 
This formulation is computationally simple, converges rapidly, and has 
been widely applied in control optimisation problems.

Let the objective function to be minimised be denoted by
𝐽 (𝜼), 𝜼 ∈ ℝ3𝑚, (6)

where 𝜼 represents a candidate solution vector in a 3𝑚-dimensional de-
cision space. The 𝐠𝐛𝐞𝐬𝐭 PSO variant proceeds as shown in Algorithm 1.

Algorithm 1 𝐆𝐛𝐞𝐬𝐭 PSO with inertia.
Require: Swarm size 𝑆, cognitive acceleration coefficient 𝑐1, social ac-

celeration coefficient 𝑐2, inertia weight 𝑤
1: Initialise a swarm of 𝑆 particles with random positions 𝜼(0)𝑖  and ve-
locities 𝐯(0)𝑖 , 𝑖 = 1,… , 𝑆.

2: Evaluate 𝐽 (𝜼(0)𝑖 ) for each particle and set 𝐩𝐛𝐞𝐬𝐭𝑖 = 𝛈(0)𝑖
3: Identify the global best solution 𝐠𝐛𝐞𝐬𝐭 = argmin𝑖 𝐽 (𝐩𝐛𝐞𝐬𝐭𝑖)
4: while termination criterion not met do
5:  for each particle 𝑖 = 1,… , 𝑆 do
6:  Update velocity:

𝐯(𝑡+1)𝑖 = 𝑤 𝐯(𝑡)𝑖 + 𝑐1𝑟1
(

𝐩𝐛𝐞𝐬𝐭𝑖 − 𝜼(𝑡)𝑖
)

+ 𝑐2𝑟2
(

𝐠𝐛𝐞𝐬𝐭 − 𝜼(𝑡)𝑖
)

(7)

 where 𝑟1, 𝑟2 ∼  ([0, 1])
7:  Update position:

𝜼(𝑡+1)𝑖 = 𝜼(𝑡)𝑖 + 𝐯(𝑡+1)𝑖 (8)

8:  Evaluate 𝐽 (𝜼(𝑡+1)𝑖 )
9:  Update 𝐩𝐛𝐞𝐬𝐭𝑖 if 𝐽 (𝜼(𝑡+1)𝑖 ) < 𝐽 (𝐩𝐛𝐞𝐬𝐭𝑖)
10:  end for
11:  Update 𝐠𝐛𝐞𝐬𝐭 as the best 𝐩𝐛𝐞𝐬𝐭𝑖 across the swarm
12: end while

The PSO algorithm requires few parameters and uses only basic vec-
tor operations. This simplicity, combined with its memory-based search 
and capacity for rapid convergence, makes PSO a practical option for 
engineering optimisation problems such as automatic controller tuning.

4.2.  Proximal policy optimisation

The PPO-Clip variant updates the policy by maximising the expected 
surrogate loss with respect to the parameter vector 𝜽
𝜽𝑘+1 = argmax

𝜽
𝔼

𝒔,𝒂∼𝜋𝜽𝑘

[

(𝒔,𝒂,𝜽𝑘,𝜽)
]

. (9)

Here, 𝜽𝑘 denotes the parameters of the previous policy, 𝜽 represents 
the candidate parameters of the new policy, and 𝜽𝑘+1 is the updated 
parameter vector obtained after optimisation.

When the actor and critic are represented jointly in a neural network, 
the PPO loss function is
(𝒔,𝒂,𝜽𝑘,𝜽) = CLIP − VF +[𝜋𝜽] (10)
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where CLIP is the clipped surrogate objective that stabilises learning, 
VF is a squared-error loss, and [𝜋𝜽] is an entropy bonus promoting 
exploration. The clipped surrogate objective is defined as

CLIP = 1
𝑀

𝑀
∑

𝑖=1

[

min
(

𝑐𝑖(𝜽)𝐴
𝜋𝜽𝑘
𝑖 , 𝑑𝑖(𝜽)𝐴

𝜋𝜽𝑘
𝑖

)]

(11)

which is the summation over 𝑀 mini-batches , where

𝑐𝑖(𝜽) =
𝜋𝜽(𝒂𝑖|𝒔𝑖)
𝜋𝜽𝑘 (𝒂𝑖|𝒔𝑖)

(12)

is the importance sampling ratio of the 𝑖th sample in  and
𝑑𝑖(𝜽) = clip(𝑐𝑖(𝜽), 1 − 𝜖, 1 + 𝜖) (13)

restricts policy updates to a trust region controlled by the hyperparam-
eter 𝜖. The importance sampling ratio exploits trajectories generated 
by the previous policy to provide an unbiased estimate of expectations 
under the new policy. PPO then clips this ratio, ensuring that policy 
updates remain small and stable.

To enhance the bias-variance trade-off of the advantage estimation, 
generalised advantage estimation (GAE) is employed (Schulman et al., 
2017). The advantage at time 𝑡 is computed as
𝐴
𝜋𝜽𝑘
𝑡 = (𝛾𝜆)𝑙 𝛿𝑡+𝑙 , (14)

where 𝛾 is the discount factor, 𝜆 is the GAE factor controlling the expo-
nential decay of past temporal-difference errors, 𝑙 is a time-step offset 
from 𝑡, and 𝛿𝑡 denotes the one-step temporal-difference residual
𝛿𝑡 = 𝑟𝑡+1 + 𝛾𝑉𝜙(𝒔𝑡+1) − 𝑉𝜙(𝒔𝑡). (15)

The corresponding return is then estimated as
𝐺𝑡 = 𝐴

𝜋𝜽𝑘
𝑡 + 𝑉𝜙𝑘 (𝒔𝑡), (16)

where

𝑉𝝓(𝒔𝑡) = 𝔼𝜋𝜽𝑘

[𝑁−𝑡−1
∑

𝑙=0
𝛾 𝑙𝑟𝑡+𝑙+1 | 𝒔𝑡

]

(17)

is the value function with parameter vector 𝝓.
The critic parameters are trained by minimising the value function 

loss

𝑉 𝐹 (𝝓) =
1

2𝑀

𝑀
∑

𝑖=1

(

𝐺𝑖 − 𝑉𝝓(𝒔𝑖)
)2, (18)

while exploration is encouraged through the entropy term

[𝜋𝜽] =
𝑤
2

𝐶
∑

𝑗=1
ln
(

2𝜋 𝑒 𝜎2𝑗𝑖
)

, (19)

where 𝐶 is the number of continuous action dimensions, 𝑤 the entropy 
weight, and 𝜎𝑗𝑖 is the standard deviation of action 𝑗.

In this paper, the actor and critic are implemented as separate neural 
networks. Their respective losses are
𝑎𝑐𝑡𝑜𝑟 = CLIP +[𝜋𝜽] (20)

and

𝑐𝑟𝑖𝑡𝑖𝑐 = VF (21)

with the actor updating the policy and the critic evaluating state values 
to guide learning (Sutton & Barto, 2018).

The PPO-Clip variant, without deviation from Schulman et al. (2017) 
is implemented as shown in Algorithm 2.

4.2.1.  PPO actor neural network
The actor network defines a stochastic policy that maps the ob-

served plant states to the parameters of a Gaussian action distribution. 
Within the PPO framework, this network must support continuous ac-
tion spaces and allow stochastic exploration while maintaining differen-
tiability with respect to the policy parameters. To achieve this, the actor 

Algorithm 2 PPO-Clip.
Require: 𝛾, 𝜀, 𝑤,𝑀,GAE factor 𝜆,

 transitions 𝑁, epochs 𝐾𝑒, training episodes 𝐸,
 actor learn rate 𝛼𝑎𝑐𝑡𝑜𝑟, and critic learn rate 𝛼𝑐𝑟𝑖𝑡𝑖𝑐

1: Initialise actor parameters 𝜽0 and critic parameters 𝝓0
2: for each episode = 1,… , 𝐸 do ⊳ Training loop
3:  Collect a trajectory of 𝑁 transitions with policy 𝜋𝜽𝑘  to obtain 

(𝒔𝑡,𝒂𝑡, 𝑟𝑡+1, 𝒔𝑡+1,… , 𝒔𝑁−1,𝒂𝑁−1, 𝑟𝑁 , 𝒔𝑁 )
4:  for 𝑙 = 0,… , 𝑁 − 𝑡 − 1 do
5:  𝐴

𝜋𝜽𝑘
𝑡 = (𝛾𝜆)𝑙 𝛿𝑡+𝑙 ⊳ Advantage estimate

6:  𝐺𝑡 = 𝐴
𝜋𝜽𝑘
𝑡 + 𝑉𝜙𝑘 (𝒔𝑡) ⊳ Return

7:  end for
8:  for each epoch in 𝐾𝑒 do
9:  Partition data into mini-batches  of size 𝑀
10:  for 𝑖 = 1 to 𝑀 do
11:  For (𝒔𝑖,𝒂𝑖, 𝐴𝑖, 𝐺𝑖) ∈ :
12:  Calc 𝑐𝑖(𝜽) (12) ⊳ Importance sampling ratio
13:  Calc 𝑑𝑖(𝜽) (13) ⊳ Apply clip
14:  Calc 𝑎𝑐𝑡𝑜𝑟(𝜽) (20) ⊳ Update actor loss
15:  Calc 𝑐𝑟𝑖𝑡𝑖𝑐 (𝝓) (21) ⊳ Update critic loss

 Update parameter vectors:
16:  𝜽𝑘+1 = 𝜽𝑘 + 𝛼𝑎𝑐𝑡𝑜𝑟∇𝜽𝐿𝑎𝑐𝑡𝑜𝑟(𝜽)
17:  𝝓𝑘+1 = 𝝓𝑘 − 𝛼𝑐𝑟𝑖𝑡𝑖𝑐∇𝝓𝐿𝑐𝑟𝑖𝑡𝑖𝑐 (𝝓)
18:  end for
19:  end for
20: end for

outputs both the mean and standard deviation of a Gaussian distribution 
that represents the conditional probability of selecting an action given 
the current state, denoted by
𝜋𝜽(𝒂 ∣ 𝒔) = 

(

𝝁𝜽(𝒔), diag
(

𝝈2
𝜽(𝒔)

))

, (22)

where 𝝁𝜽(𝒔) and 𝝈𝜽(𝒔) are the state-dependent mean and standard devi-
ation vectors predicted by the actor network.

The network is designed with a shared feature-extraction path fol-
lowed by two output branches that separately estimate the mean and 
variance of the action distribution. The shared path extracts nonlinear 
features from the state observations, ensuring that the subsequent mean 
and variance predictions are conditioned on the same latent represen-
tation of the environment. The mean branch defines the deterministic 
component of the policy, corresponding to the most likely action under 
the current policy parameters, while the variance branch regulates the 
stochastic exploration behaviour during training.

The output of the mean branch is scaled using a bounded activa-
tion function (typically tanh) and then linearly transformed to match 
the domain of tuning parameters . The variance branch applies a soft-
plus activation to ensure positive standard deviations, which are further 
scaled to maintain a consistent level of exploration noise across all ac-
tion dimensions.

4.2.2.  PPO critic neural network
The critic network approximates the state-value function 𝑉𝝓(𝒔𝑡), 

which represents the expected cumulative discounted reward obtained 
from state 𝒔𝑡 under the current policy. Within the PPO framework, this 
value estimate serves as a baseline for computing the advantage func-
tion, thereby reducing variance in the policy-gradient estimate and im-
proving training stability.

The critic must provide smooth, differentiable estimates of 𝑉𝝓(𝒔) that 
generalise well across the state space. Its accuracy directly influences the 
quality of the advantage estimates, which in turn determine the direc-
tion and magnitude of the policy updates of the actor. Hence, the critic 
network is designed as a continuous, feed-forward function approxima-
tor with sufficient expressive capacity to model the nonlinear mapping 
from plant states to the expected return.
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4.3.  Bayesian optimisation

BO provides a systematic framework for optimising unknown black-
box objective functions when evaluation is costly (Brochu et al., 2010). 
These costs may stem from computational load, production interrup-
tions, the need for specialist expertise, or the capital required for exper-
imental trials. BO has demonstrated strong performance across a wide 
spectrum of domains, from hyperparameter optimisation in machine 
learning, where it has matched or exceeded human expert-level tuning 
(Turner et al., 2021), to aerospace engineering applications where only 
a limited budget of evaluations is available (Lam et al., 2018). Further-
more, evidence from black-box optimisation competitions highlights its 
superiority over uninformed strategies such as random search when tun-
ing high-dimensional parameter spaces (Turner et al., 2021).

The core strength of BO lies in its ability to combine prior informa-
tion with data collected from previous evaluations through a probabilis-
tic surrogate model (Wilson et al., 2018). This surrogate provides a com-
putationally inexpensive approximation of the objective function, which 
is used in conjunction with an acquisition function to guide the search 
towards the global optimum. In contrast to brute-force strategies such 
as grid search or random search, which disregard past evaluations, BO 
systematically exploits historical performance data to make informed 
decisions about where next to sample. This process embodies its hall-
mark efficiency: extracting maximum information from each evaluation 
and thus reducing the number of costly objective function assessments.

In this paper, the surrogate model is represented by a GP, which 
provides both predictions for unseen inputs and a measure of uncer-
tainty. Acquisition functions exploit these properties to determine the 
most informative next sample. GPs are attractive due to their relatively 
few training parameters, and although their computational cost grows 
cubically with the number of samples (Liu et al., 2013), the focus on 
minimising expensive evaluations makes this issue negligible.

4.3.1.  Gaussian processes
A GP prior placed over the objective function to be minimised, 𝐽 (𝜼), 

is given by
𝐽 (𝜼) ∼ 

(

𝜇(𝜼), 𝑘(𝜼, 𝜼′)
)

, (23)

where 𝜇(𝜼) denotes the mean function, which can be set to zero with-
out loss of generality, and 𝑘(𝜼, 𝜼′) is the covariance function (or kernel). 
The latter defines how function values at two input points, 𝜼 and 𝜼′, 
are correlated. Following the recommendation of Snoek et al. (2012), 
the automatic relevance determination (ARD) Matérn 5∕2 kernel is em-
ployed in this study.

Function evaluations are generally corrupted by noise and are mod-
elled as
𝐽 = 𝐽 (𝜼) + 𝜀, (24)

where 𝐽 denotes the noisy observation and 𝜀 is additive Gaussian noise 
with zero mean and variance 𝜎2,
𝜀 ∼  (0, 𝜎2). (25)

The training dataset , consisting of a budget of 𝑁 noisy evaluations 
of 𝐽 (𝜼), is therefore
 = {(𝜼𝑖, 𝐽𝑖)}𝑁𝑖=1. (26)

Under the GP prior, the observed values and the predicted (un-
known) function values follow a joint Gaussian distribution
[

𝑱
𝑱∗

]

∼ 
(

0,
[

𝑘(𝑨,𝑨) + 𝜎2𝑁𝐼 𝑘(𝑨,𝑨∗)
𝑘(𝑨∗,𝑨) 𝑘(𝑨∗,𝑨∗)

])

, (27)

where 𝑨 is the design matrix of inputs 𝜼𝑖, 𝑱  is the vector of observations, 
𝑱∗ are the predictions at test inputs 𝑨∗, and 𝑘(⋅, ⋅) denotes the covariance 
function.

Conditioning on the training data yields the predictive distribution
𝑱∗ ∣ 𝑨,𝑱 ,𝑨∗ ∼  (𝑱∗, cov(𝑱∗)), (28)

with mean and covariance 

𝑱∗ = 𝒌⊤∗ [𝒌 + 𝜎2𝑁𝐼]
−1𝑱 , (29a)

cov(𝑱∗) = 𝒌∗∗ − 𝒌⊤∗ [𝒌 + 𝜎2𝑁𝐼]
−1𝒌∗, (29b)

where 𝒌 = 𝑘(𝑨,𝑨), 𝒌∗ = 𝑘(𝑨,𝑨∗), and 𝒌∗∗ = 𝑘(𝑨∗,𝑨∗). The mean 𝑱∗ rep-
resents the GP prediction of the objective function, while the predictive 
variance 𝜎2(𝜼) is obtained from the diagonal entries of cov(𝑱∗), quanti-
fying the associated predictive uncertainty.

The BO algorithm with GP surrogate is implemented as shown in 
Algorithm 3.

Algorithm 3 BO with GP surrogate.
Require: Search domain , kernel 𝑘(⋅, ⋅), acquisition 𝐸𝐼(𝜼 ∣ ), initial 

design size 𝑛0, budget 𝑁
1: Initialise: Draw 𝑛0 points {𝜼𝑖}𝑛0𝑖=1 in  using random sampling
2: for 𝑖 = 1,… , 𝑛0 do
3:  𝐽𝑖 = 𝐽 (𝜼𝑖) + 𝜀𝑖 ⊳ Evaluate objective (noisy)
4: end for
5:  = {(𝜼𝑖, 𝐽𝑖)}

𝑛0
𝑖=1 ⊳ Training data

6: Fit GP hyperparameters 𝜽 by maximising the log marginal likelihood 
on 

7: for 𝑖 = 𝑛0 + 1,… , 𝑁 do
8:  Build GP posterior 𝑝(𝐽 (⋅) ∣ ) with mean 𝜇(𝜼) and standard devi-
ation 𝜎(𝜼)

9:  𝜼∗ = argmax𝜼∈ 𝐸𝐼(𝜼 ∣ ) ⊳ Acquisition maximisation
10:  𝐽∗ = 𝐽 (𝜼∗) + 𝜀 ⊳ Query objective at next point
11:   =  ∪ {(𝜼∗, 𝐽∗)} ⊳ Augment dataset
12:  Re-fit GP hyperparameters 𝜽 on .
13: end for
14: Return: 𝜼min = argmin(𝜼𝑖 ,𝐽𝑖)∈ 𝐽𝑖 and the final GP posterior

4.3.2.  Acquisition function
In BO, acquisition functions guide the selection of new sampling 

points by exploiting the predictive mean and variance of the surrogate 
model. Their purpose is not to reconstruct the objective function in its 
entirety, but rather to identify its global extremum within the feasible 
domain (Shahriari et al., 2015). A key property of acquisition functions 
is the balance between exploration and exploitation. Sampling in regions 
where the predicted mean and standard deviation is low exploits current 
knowledge, whereas sampling in regions of high uncertainty promotes 
exploration (Shahriari et al., 2015).

Among the commonly used acquisition functions for Gaussian pro-
cesses are probability of improvement, Gaussian process upper confi-
dence bound, and expected improvement (EI) (Snoek et al., 2012). This 
work employs EI (Mockus, 1975), as it is more robust than probability 
of improvement, avoids extra tuning parameters required by the upper 
confidence bound, and has been shown to escape local minima effec-
tively (Emmerich et al., 2006).

The EI acquisition function measures the expected reduction below 
the current best observed objective value. It is defined as

𝐸𝐼(𝜼∗) = 𝔼
[

max
(

0, 𝐽min − 𝐽∗
)

]

, (30)

where 𝐽min is the best (minimum) observed noisy objective value and 𝐽∗
incorporates both the predictive mean and the uncertainty.

The next evaluation point is determined by maximising the acquisi-
tion function

𝜼∗ = argmax𝜼∈𝐸𝐼(𝜼|), (31)

where 𝜼∗ denotes the next candidate input. Since the EI is differentiable, 
it can be efficiently maximised using gradient-based methods.
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When the posterior is Gaussian, EI has the closed-form solution 
(Jones et al., 1998)

𝐸𝐼(𝜼) =

{

Δ(𝜼)𝜓 𝑍(𝜼) + 𝜎(𝜼)𝜙𝑍(𝜼), 𝜎(𝜼) > 0
0, 𝜎(𝜼) = 0

(32)

with 
Δ(𝜼) = 𝐽min − 𝑱∗(𝜼) − 𝜉, (33a)

𝑍(𝜼) = Δ(𝜼)∕𝜎(𝜼), (33b)

Here, 𝜎(𝜼) is the predictive standard deviation, 𝜉 is the exploration offset, 
and 𝜙 and 𝜓 are the probability density and cumulative distribution 
functions of the standard normal distribution.

The EI algorithm is shown in Algorithm 4.

Algorithm 4 EI acquisition function.
Require: GP posterior mean 𝑱∗(𝜼), standard deviation 𝜎(𝜼); best ob-

served value 𝐽min; exploration offset 𝜉 ≥ 0
1: function EI(𝜼)
2:  if 𝜎(𝜼) = 0 then
3:  return 0
4:  else
5:  𝐸𝐼(𝜼) = Δ(𝜼)𝜓 𝑍(𝜼) + 𝜎(𝜼)𝜙𝑍(𝜼)
6:  return 𝐸𝐼(𝜼)
7:  end if
8: end function

5.  Methodology for AI-based PID tuning

This section presents a generalised methodology for AI-based PID 
tuning, which is subsequently implemented, for illustrative purposes, 
on an ore-milling circuit in Section 6. The methodology is founded on a 
two-stage tuning procedure. In the first stage, pre-tuning is performed 
on a linearised plant model, enabling the systematic selection of tun-
ing and algorithm hyperparameters in an environment unconstrained 
by production priorities. In the second stage, the resulting controller 
parameters and hyperparameters are used to initialise the final training 
on the actual plant, represented in this paper by a validated nonlin-
ear model, thereby addressing the model mismatch between the linear 
model and the plant. This staged approach reduces the duration of the fi-
nal training phase while mitigating the operational risk associated with 
direct tuning on the plant.

Prerequisites for implementing the methodology are that step tests 
can be conducted on the plant to obtain a linear model and to facilitate 
AI-based tuning, that the controller is parameterisable by a fixed set 
of tuning parameters, and that the desired control performance can be 
expressed through an objective function.

5.1.  General AI tuning framework

A general framework for AI-based controller tuning is illustrated in 
Fig. 4. At the base layer of this framework is the plant, controlled by a 
controller 𝑲 in a unity feedback configuration. During pre-tuning, the 
plant is represented by a linear model in simulation, while final tun-
ing is conducted on the actual plant if available; otherwise, the plant 
is approximated by a nonlinear model, such as (1), in simulation. The 
tracking error vector 𝒆(𝑡), defined as the difference between the setpoint 
vector 𝒚𝑠𝑝(𝑡) and the controlled variable vector 𝒚(𝑡), serves as an input 
to the controller. The manipulated variables, 𝒖(𝑡), which depend on 𝒆(𝑡)
and the tuning parameters 𝜼, actuate the plant with the objective of 
driving 𝒆(𝑡) towards zero.

The AI-tuner operates as a temporary add-on to the baseline con-
troller (highlighted in blue in Fig. 4) and is activated by an operator 
when poor performance is observed. It may consist of a RL agent, a 
nature-inspired optimiser, or a Bayesian optimiser. The AI-tuner receives 

Fig. 4. Generalised framework for AI-based controller tuning with objective 
function 𝐽𝒚𝑠𝑝 (𝜼). The temporary tuning layer, comprising the AI-tuner and ob-
jective function, is shown in blue. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)

the objective function 𝐽𝒚𝑠𝑝 (𝜼) as input and produces the tuning parame-
ter vector 𝜼, as an output to 𝑲 . The objective function, 𝐽𝒚𝑠𝑝 (𝜼), is chosen 
arbitrarily but typically depends on 𝒆(𝑡), 𝒖(𝑡), and 𝒚(𝑡), in line with the 
desired performance criteria.

The setpoint 𝒚𝑠𝑝 provides the context for evaluating the objective 
function on the nonlinear model or plant; hence, 𝐽𝒚𝑠𝑝 (𝜼) is conditional 
on the chosen setpoint. For different setpoints, the same controller pa-
rameters 𝜼 may yield different values of 𝐽𝒚𝑠𝑝 (𝜼) on the nonlinear plant 
model. Consequently, if the plant is required to operate at multiple oper-
ating points, tuning must be performed at each operating point to obtain 
𝐽𝒚𝑠𝑝 (𝜼) values relative to the respective 𝒚𝑠𝑝. For linear plant models, the 
“sp” superscript is redundant.

A single tuning iteration consists of the AI-tuner observing the value 
of 𝐽𝒚𝑠𝑝 (𝜼) and mapping the candidate parameters 𝜼 to the controller. The 
setpoint 𝒚𝑠𝑝 is stepped from the nominal operating condition to a new 
operating point, with all vector elements updated simultaneously. The 
controller responds by adjusting 𝒖(𝑡) to reduce the resulting error 𝒆(𝑡)
in accordance with the current tuning parameters 𝜼. The trajectories of 
𝒆(𝑡), 𝒖(𝑡), and 𝒚(𝑡) are monitored over the duration of the tuning iteration 
and assessed using 𝐽𝒚𝑠𝑝 (𝜼). The scalar outcome of this evaluation is then 
observed by the AI-tuner to inform the next iteration. Tuning continues 
until the required number of iterations has been completed or until a 
stopping criterion is satisfied.

5.2.  General AI tuning procedure

The proposed AI tuning procedure is a two-step process consisting of 
pre-tuning and final tuning. Pre-tuning is performed offline on a linear 
plant model with the objective of identifying optimal tuning parameters, 
or, in the case of RL, training an agent, that can be used to seed the 
final tuning stage. This seeding provides the AI-tuner with a head start, 
thereby reducing the number of tuning iterations required on the actual 
plant, where step testing may be expensive.

A prerequisite for pre-tuning is the availability of a linear plant 
model. The linear model serves multiple purposes, including the selec-
tion of the controller structure. Specifically, the plant transfer-function 
matrix determines the pairing of manipulated and controlled variables, 
the arrangement of the controller matrix according to the number of 
variables, and the choice of controller type (P, PI, or PID) based on the 
characteristics of the transfer functions. The linear model is also essen-
tial for conducting 𝜇-analysis, which establishes the parameter thresh-
olds beyond which closed-loop instability occurs. Finally, the linear 
model is used to determine the Pareto front, from which the weight-
ing matrices are derived.
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Once the controller structure, parameter constraints, and the objec-
tive function with its weighting matrices have been defined, pre-tuning 
can begin. As pre-tuning incurs only computational cost, the optimisa-
tion may proceed until no further improvement in 𝐽𝒚𝑠𝑝 (𝜼) is observed. 
Under a strictly convex objective function, this condition corresponds 
to convergence to the global optimum of the linear model.

Upon completion of pre-tuning, the parameters associated with the 
global optimum, or the pre-trained agent in the case of RL, are used to 
initialise the final tuning stage, ensuring that the process begins at the 
pre-tuned solution. Owing to the inevitable mismatch between the lin-
ear model and the actual plant, final tuning is necessary to account for 
these discrepancies. However, tuning on the actual plant is costly, pri-
marily because process interruptions reduce production rates and prod-
uct quality. Consequently, final tuning cannot continue until absolute 
convergence is reached, but rather only until an acceptable level of im-
provement has been achieved or the allocated budget of tuning itera-
tions has been exhausted.

5.3.  Safety constraints

Safe reinforcement learning (Safe RL) is concerned with train-
ing agents that not only maximise long-term returns but also satisfy 
safety constraints during learning and deployment (Garcia & Fernán-
dez, 2015). Early surveys by Garcia and Fernández (2015) emphasised 
two main strategies: modifying the optimisation criterion and altering 
the exploration process. The first includes worst-case optimisation, risk-
sensitive objectives, and constrained formulations that penalise unsafe 
behaviour. The second relies on incorporating prior knowledge, teacher 
demonstrations, or risk metrics to guide exploration, thereby reducing 
the likelihood of catastrophic states in domains where unsafe actions 
can be costly.

More recent work by Gu et al. (2024) has expanded these founda-
tions into a structured framework addressing five core challenges: safety 
policy, safety complexity, safety applications, safety benchmarks, and 
safety challenges. Safe RL methods are broadly divided into model-based 
and model-free categories. Model-based approaches such as Lyapunov-
based methods, control barrier functions (CBFs), and GPs offer stronger 
safety guarantees but depend on accurate models. Model-free ap-
proaches, including constrained policy optimisation (CPO), projection-
based CPO, safety critics, and formal verification layers, are more flexi-
ble in high-dimensional settings but face difficulties in ensuring conver-
gence and maintaining guarantees.

As both reviews conclude, adoption of RL by industry will depend 
on developing unified frameworks that integrate robust control theory, 
probabilistic reasoning, and scalable learning algorithms to enable trust-
worthy deployment of RL in real-world, safety-critical applications

Safe Bayesian optimisation (Safe BO) extends standard BO by embed-
ding safety guarantees into the search process, thereby preventing the 
selection of unsafe parameters during learning. The central approach re-
lies on GP surrogates to model both performance and safety constraints, 
enabling algorithms to balance exploration and exploitation while re-
specting operational limits. Pioneering contributions, such as SafeOpt 
(Berkenkamp et al., 2016), formalised probabilistic guarantees that all 
candidate evaluations remain within the safe set, laying the foundation 
for safety-critical applications.

Applications in control have shown that Safe BO is particularly ef-
fective for automatic controller tuning, where unsafe parameters may 
induce instability or excessive overshoot. For example, in combustion 
engine calibration, Safe BO has been proposed to tune PI controllers 
directly on test vehicles. These approaches learn loss function models 
through closed-loop measurements and restrict parameter exploration to 
safe regions, ensuring that unsafe dynamics are never tested on physical 
systems (Schillinger et al., 2017). Similarly, in quadrotor and cascade 
PID control, constrained BO frameworks introduce barrier-like penal-
ties and data-driven stability constraints that enforce safe operation 

while converging rapidly to high-performance solutions (Khosravi et al., 
2022).

Safe AI-based controller tuning in industrial plants requires the ex-
clusion of parameters that would lead to closed-loop instability. Al-
though such instability may not necessarily cause equipment damage or 
harm to personnel due to the presence of safety instrumented systems in 
high-risk scenarios (Seborg et al., 2011), the oscillations resulting from 
instability can still cause production delays through trips triggered by in-
terlock violations and degrade product quality through deviations from 
setpoints. To enable safe AI-based controller tuning in industrial appli-
cations in general, the model-based approach proposed by van Niekerk 
et al. (2025b) is adopted. In this framework, robust stability analysis, 
specifically 𝜇-analysis, is applied to determine a safe search space, 𝑠𝑎𝑓𝑒, 
from which tuning parameters can be sampled. This approach holds the 
plant parameters fixed and quantifies the maximum structured uncer-
tainty in the tuning parameters that can be tolerated before stability is 
lost. Its main limitation, namely that 𝜇-analysis is conducted on a linear 
plant model, can be mitigated provided that automated tuning occurs 
within the same linear region of the plant from which the model was 
derived.

The safe search space, 𝑠𝑎𝑓𝑒, required for safe AI-based controller 
tuning is defined as
𝜼 ∈ 𝑠𝑎𝑓𝑒 ⊆  ∈ ℝ2×𝑚 (34)

and accordingly (5) is revised as
min

𝜼∈𝑠𝑎𝑓𝑒
𝐽𝒚𝑠𝑝 (𝜼). (35)

5.4.  Objective function

In AI-based controller tuning, the objective function plays a pivotal 
role, as it defines the performance criteria against which candidate con-
trollers are evaluated. With the exception of UL approaches, all reviewed 
AI-based tuning methods share the common goal of optimising this ob-
jective function. While the optimisation algorithm determines how effi-
ciently and accurately the optimum is located, it is the formulation of 
the objective function itself that ultimately dictates the quality of the 
resulting controller.

For the task of tuning diagonal PID controllers in a MIMO loop, Wang 
and Ricardez-Sandoval (2024) employ the inverted deep deterministic 
policy gradient (IDDPG) algorithm with a reward based on a weighted 
ITAE function. The case study involves the control of a CSTR subject 
to time-varying uncertainty, where the effluent concentration is paired 
with the coolant flow rate, and the reactor hold-up is paired with the 
outlet flow rate. The reward function is defined as

𝑅𝑒(𝒔,𝒂) = −
𝑝
∑

𝑖=1
𝜔𝑖 ∫

𝑇

𝑡
𝑡 |𝑒𝑖(𝑡)| 𝑑𝑡, (36)

where 𝑅𝑒 is the episodic reward, 𝑝 is the number of loops in the system, 
𝜔𝑖 is the penalty weight of the 𝑖th loop, 𝑒𝑖 is tracking error and 𝑇  is the 
episode duration. The implementation of IDDPG in conjunction with the 
reward defined in (36) is shown to improve system performance.

dos Santos Coelho and Mariani (2012) tune multiloop PID controllers 
of the Wood-Berry distillation column and a polymerisation reactor, 
which are both MIMO systems, using the CFA. The cost function adopted 
to provide the required controller performance is given by

𝐽 (𝑘) =
𝑝
∑

𝑖=1

𝑇
∑

𝑘=1
𝑘𝑖 |𝑒𝑖(𝑘)| (37)

which represents a discrete formulation of the ITAE performance metric, 
where 𝐽 (𝑘) denotes the cost function evaluated at step 𝑘. Reward or cost 
formulations, such as (36) and (37) have been shown to improve closed-
loop performance; however, the omission of actuator-usage penalties 
may result in excessive control effort and premature actuator wear or 
failure.
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Mate et al. (2023) tune and supervise adaptive diagonal PID con-
trollers in a MIMO system using deep reinforcement learning (DRL). 
The immediate reward for tuning the PID controllers of a nonlinear, 
quadruple-tank system is defined as

𝑅(𝑘) =
𝑝
∑

𝑖=1
𝛼𝑠𝑝𝑖 𝑅𝑠𝑝𝑖 (𝑘) +

𝑝
∑

𝑖=1
𝛼𝑢𝑖 𝑅

𝑢
𝑖 (𝑘), (38)

where

𝑅𝑠𝑝𝑖 (𝑘) = exp
⎛

⎜

⎜

⎝

−0.5

(

𝑒𝑖(𝑘)
𝛽𝑖 𝑦

𝑠𝑝
𝑖 (𝑘)

)2
⎞

⎟

⎟

⎠

(39)

and

𝑅𝑢𝑖 (𝑘) = exp

(

−0.5
(

Δ𝑢𝑖(𝑘)
𝑢max,𝑖

)2
)

. (40)

Here, 𝑅(𝑘) denotes the immediate reward at step 𝑘, 𝑅𝑠𝑝𝑖  is the setpoint 
reward of the 𝑖th control loop, and 𝛽𝑖 is a penalty factor applied to the 
tracking error 𝑒𝑖. The term 𝑅𝑢𝑖  represents the control reward, 𝑢max,𝑖 is 
the upper bound of the manipulated variable 𝑢𝑖(𝑘), and Δ𝑢𝑖 denotes 
the change in the controller output between two consecutive steps, de-
fined as total variation (TV), serving as a measure of control effort. The 
weighting factors 𝛼𝑠𝑝𝑖  and 𝛼𝑢𝑖  impose additional penalties on the setpoint 
and actuator rewards, respectively. Although reward (38) is formulated 
as an immediate reward, it can be extended to an episodic reward by 
integrating the immediate rewards over the duration of an episode.

Coutinho et al. (2023) make use of BO to tune diagonal PID con-
trollers for a nonlinear evaporator. The performance of each loop is eval-
uated using the IAE to quantify tracking accuracy, and TV to measure 
actuator effort. The discrete expressions of these indices are

𝐽 𝐼𝐴𝐸 =
𝑇
∑

𝑘=1
|𝑒(𝑘)|Δ𝑡 (41)

𝐽𝑇𝑉 =
𝑇
∑

𝑘=1
|Δ𝑢(𝑘)| (42)

where Δ𝑡 denotes the sampling period. Since accurate tracking and 
smooth control are conflicting objectives, selecting the controller pa-
rameters constitutes a multi-objective optimisation problem. This is ad-
dressed by defining the cost function as a weighted sum

𝐽 =
𝑝
∑

𝑖=1

(

𝛼𝑖𝐽
𝐼𝐴𝐸
𝑖 + 𝛽𝑖𝐽𝑇𝑉𝑖

)

(43)

where 𝛼 and 𝛽 are weights that determine the trade-off between set-
point tracking and actuator usage in each loop, as well as the relative 
importance of the loops.

Kavas et al. (2025) employ the following Euclidean cost function to 
tune a BO-based PID controller for a laser powder bed fusion application

𝐽 =
√

𝐽𝑀𝑆𝐸2 + 𝑡2rise + 𝜎
2
laser. (44)

Here, the mean squared error 𝐽𝑀𝑆𝐸 penalises deviations from the set-
point, 𝑡rise rewards faster rise times, and the standard deviation 𝜎laser
penalises fluctuations in the laser power signal. A high standard devia-
tion reflects large or frequent controller-induced variations in the laser 
power. By incorporating this term, the optimisation not only improves 
tracking performance and response speed but also encourages stable, 
smooth, and practical actuator behaviour. Minimising the standard de-
viation of the controller output serves as an alternative to the TV per-
formance criterion used in (43).

The literature references reveal that objective functions are arbitrar-
ily chosen by control engineers from a wide range of available perfor-
mance indices. This choice is critical, as the selected objective function, 
not the optimisation method, sets the upper bound on achievable con-
troller performance. Optimisation algorithms, whether nature-inspired 

heuristics or machine learning-based methods, merely provide mecha-
nisms to approach the global optimum of the defined function.

Consequently, comparisons between controller tuning algorithms 
should focus on their efficiency and reliability in locating the global 
optimum of the objective function. The closed-loop performance of the 
controller is determined by the objective function rather than the opti-
misation algorithm. When benchmarked against conventional methods 
such as ZN tuning, it is not the optimiser itself that inherently outper-
forms the baseline, but the underlying objective function which enables 
superior control performance.

Similar to the objective function proposed by Coutinho et al. (2023), 
which account for both error tracking and actuator usage, the objective 
function adopted in this paper is defined as

𝐽𝒚𝑠𝑝 (𝜼) =
𝑇
∑

𝑡=0

(

𝒆⊤𝑡 𝛀𝑒𝒆𝑡 + Δ𝒖⊤𝑡 𝛀𝑢Δ𝒖𝑡
)

(45)

where the sampling interval 𝑡 must be selected to adequately capture 
the dynamics of the plant (1), and the total evaluation horizon is 𝑇 , 
which must be set at least to equal the settling times of the observed step 
responses. Here, 𝛀𝑒 and 𝛀𝑢 are diagonal weighting matrices applied to 
the tracking error vector and actuator TV vector, respectively.

𝐽𝒚𝑠𝑝 (𝜼) is a multi-objective quadratic cost function which is strictly 
convex, provided that the weighting matrix on the actuator TV is pos-
itive definite (𝛀𝑢 > 0) and the weighting matrix on the tracking error, 
is positive semidefinite (𝛀𝑒 ≥ 0). Strict convexity ensures that the cost 
function has a unique global optimum, but does not by itself guarantee 
closed-loop stability, which must be verified separately (Perez-Ramirez 
et al., 2025; Rawlings et al., 2017). Quadratic terms naturally penalise 
large deviations more heavily, 𝛀𝑒 penalises deviations from setpoints, 
𝛀𝑢 penalises excessive actuator usage. This provides a balanced trade-off 
between tracking performance and control effort.

5.5.  Weighting matrices

Controller tuning often involves conflicting objectives that cannot 
be optimised simultaneously. In the milling circuit, the multi-objective 
function (45) embodies several such conflicts: prioritising one controlled 
variable can increase interactions with others; performance must be bal-
anced against actuator usage; and favouring one manipulated variable 
may come at the expense of the rest. Traditional approaches collapse 
these objectives into a single scalar cost via a priori weighting, but this 
is inherently subjective and empirical, and it risks biasing the optimisa-
tion away from promising solutions.

The Pareto front provides a rigorous alternative by characterising 
the set of nondominated solutions, where no objective can be improved 
without sacrificing at least one other. This allows control system design-
ers to first explore the boundary of achievable trade-offs, and only then 
apply weights according to operational or economic priorities.

Recent studies demonstrate the versatility of Pareto-based ap-
proaches across diverse control and optimisation domains. In advanced 
control design, Kumar et al. (2020) apply multi-objective evolution-
ary algorithms to tune linear quadratic Gaussian/loop transfer recovery 
(LQG/LTR) controllers, generating Pareto fronts that reveal the trade-
offs between robustness recovery, control effort, and closed-loop per-
formance. In chemical process industries, Behroozsarand and Shafiei 
(2010) optimise the control of an amine-based natural gas sweetening 
plant using non-dominated sorting genetic algorithm (NSGA-II), obtain-
ing Pareto fronts that balance overshoot against the IAE, thereby guiding 
the tuning of multiple PID loops.

In offshore engineering, Yin et al. (2025) combines deep learning 
surrogate modelling with BO to derive Pareto fronts for ultra-deepwater 
semi-submersible mooring systems, explicitly capturing trade-offs be-
tween platform offset, mooring line tension, and cost. Similarly, in car-
bon dioxide capture and amine plant operation, multi-objective optimi-
sation with NSGA-II has been used to reduce regeneration energy while 
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maintaining capture efficiency, offering clear insights into the conflict-
ing nature of energy use and separation performance (Behroozsarand & 
Shafiei, 2010).

Combined, these works show how Pareto-based methods enhance 
weighting strategies: instead of fixing subjective weights at the outset, 
the Pareto front enables post-optimisation weighting, where decision-
makers can select solutions aligned with contextual priorities. This two-
stage approach, front discovery followed by preference articulation,
ensures transparency, adaptability through flexible weighting strategies, 
and robustness in complex multi-objective optimisation problems.

The multi-objective optimisation problem is
min

𝜼∈𝑠𝑎𝑓𝑒
𝑱 (𝜼) =

(

𝐽1(𝜼), 𝐽2(𝜼), … , 𝐽𝑛(𝜼)
)

(46)

where 𝑱 (𝜼) is the vector of 𝑛 objective functions and each 𝐽𝑖(𝜼) measures 
a chosen performance criterion. Here, the dependence on the setpoint 
(denoted previously by the subscript 𝒚𝑠𝑝) is omitted from 𝑱 (𝜼) because 
the Pareto front is computed using a linear plant model obtained at the 
target operating point. Once linearised, and working in deviation vari-
ables, the step responses are setpoint-independent due to the linearity 
of the transfer function.

The set  is the Pareto-optimal set within the domain of safe tuning 
parameters. Formally
 =

{

𝜼 ∈ 𝑠𝑎𝑓𝑒
|

|

|

∄ 𝜼′ ∈ 𝑠𝑎𝑓𝑒 such that 𝑱 (𝜼′) ≺ 𝑱 (𝜼)
}

, (47)

where 𝑱 (𝜼′) ≺ 𝑱 (𝜼) means that 𝜼′ dominates 𝜼
{

𝐽𝑖(𝜼′) ≤ 𝐽𝑖(𝜼) for all 𝑖,
𝐽𝑗 (𝜼′) < 𝐽𝑗 (𝜼) for at least one 𝑗. (48)

Intuitively,  contains all tuning parameters for which there exists 
no alternative that improves at least one objective without worsening 
another.

The Pareto front  is the image of the Pareto-optimal parameters in 
objective space:
 = { 𝑱 (𝜼) ∣ 𝜼 ∈  }. (49)

Thus,  is the Pareto front in objective space – the visible curve (for two 
objectives), surface (for three objectives), or hypersurface (for 𝑛 > 3) of 
non-dominated compromises.

To obtain weights from the local gradients at the selected com-
promise on  , the objectives must be normalised to ensure that com-
promises reflect preference rather than engineering units or numerical 
ranges. The normalisation is computed from the minimum and maxi-
mum values of each objective

𝐽𝑖 =
𝐽𝑖 − 𝐽𝑖,min

𝐽𝑖,max − 𝐽𝑖,min
, (50)

so that the normalised objectives 𝐽𝑖 are dimensionless and lie in the 
interval [0, 1].

For problems with two objectives, the local gradient of  at the given 
compromise solution 𝜂⋆ directly relates to the ratio of weights in an 
equivalent weighted-sum scalarisation. In essence, the marginal rate of 
trade-off (the slope of the Pareto curve) indicates how many units of 
one objective must be sacrificed for a unit gain in the other - and this 
trade-off equals the ratio of optimal weights (Das & Dennis, 1997). The 
trade-off rate between the normalised objectives 𝐽1 and 𝐽2 is given by

𝑚 ≈
𝜕𝐽2
𝜕𝐽1

|

|

|𝜂⋆
≈

𝐽2(𝜂𝑘+1) − 𝐽2(𝜂𝑘−1)

𝐽1(𝜂𝑘+1) − 𝐽1(𝜂𝑘−1)
, (51)

where {𝜂𝑘−1, 𝜂𝑘 = 𝜂⋆, 𝜂𝑘+1} are neighbouring Pareto points ordered 
along the front. With a weighted-sum scalariser 𝐽𝑤 = 𝑤1𝐽1 +𝑤2𝐽2 sub-
ject to 𝑤1, 𝑤2 ≥ 0 and 𝑤1 +𝑤2 = 1, the weights are chosen to match the 
local tangent
𝑤1
𝑤2

≈
|

|

|

|

𝜕𝐽2
𝜕𝐽1

|

|

|𝜂⋆
|

|

|

|

= |𝑚|, (52)

Table 1 
Process variable descriptions, constraints and nominal operating values (van 
Niekerk et al., 2025b).
 Manipulated variables  Unit  Min  Max  Nominal
𝑢𝑀𝐼𝑊  Flow-rate of water to the mill  m3/h  –  –  4.17
𝑢𝑀𝐹𝑂  Feedrate of ore to the mill  t/h  0  100  66.9
𝑢𝑀𝐹𝐵  Feedrate of steel balls to the mill  t/h  –  –  6.43
𝑢𝑆𝐹𝑊  Flow-rate of water to the sump  m3/h  0  150  67.1
𝑢𝐶𝐹𝐹  Flow-rate of slurry to the hydrocyclone  m3/h  100  500  267
 Controlled variables
𝑦𝐽𝑇  Fraction of the mill filled  –  0.25  0.45  0.31
𝑦𝑆𝑉 𝑂𝐿  Volume of slurry in the sump  m3  1.0  8.0  5.90
𝑦𝑃𝑆𝐸  Fraction of particles within specification  –  0.5  0.8  0.60

Fig. 5. ROM ore milling circuit (le Roux et al., 2013).

𝑤1 =
|𝑚|

1 + |𝑚|
, 𝑤2 =

1
1 + |𝑚|

. (53)

For 𝑛 > 2 objectives, the local gradients are estimated ∇𝐽𝑖(𝜂⋆) and 
the weights computed by aligning the normal of the scalariser with the 
front via the simplex-constrained least-squares problem:

min
𝐰∈Δ

‖

‖

‖

‖

𝑛
∑

𝑖=1
𝑤𝑖 ∇𝐽𝑖(𝜂⋆)

‖

‖

‖

‖

2

2
, Δ =

{

𝐰 ∈ ℝ𝑛
≥0 ∶

∑𝑛
𝑖=1𝑤𝑖 = 1

}

. (54)

This yields 𝐰 such that the induced scalariser is locally tangent to the 
Pareto front at 𝜼⋆, providing an interpretable, data-driven weight vec-
tor.

6.  Implementation of AI-tuning and comparative analysis of 
results

6.1.  Ore milling circuit

The plant selected for control is a single-stage run-of-mine (ROM) 
ore-milling circuit, represented in Fig. 5. The nonlinear plant model 
used in this paper was validated against data from an operational mill 
obtained during a sampling campaign by le Roux et al. (2013), and was 
originally introduced by Coetzee et al. (2010) for controller design and 
simulation. The use of a validated ore-milling circuit model is essential 
to ensure the credibility of the results presented.

A concise process description is provided here to define the variables, 
while a detailed account of the milling process is documented in Coetzee 
et al. (2010), Craig and MacLeod (1995), le Roux et al. (2013). The mill 
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is fed with ore 𝑢𝑀𝐹𝑂, steel balls 𝑢𝑀𝐹𝐵 , feed water 𝑢𝑀𝐼𝑊 , and the out-of-
specification particles from the hydrocyclone underflow. Although the 
addition of steel balls is performed in batches in practice, the simulation 
assumes a constant feed rate. The water supply 𝑢𝑀𝐼𝑊  is controlled to 
maintain a ratio of 0.06𝑢𝑀𝐹𝑂. The mill charge is measured and expressed 
as a fraction of the total mill volume, denoted by 𝑦𝐽𝑇 .

The milled content is discharged as slurry through a grate and col-
lected in the sump, where it is diluted with sump feed water 𝑢𝑆𝐹𝑊 . The 
sump volume is represented by 𝑦𝑆𝑉 𝑂𝐿. The diluted slurry is pumped 
from the sump to the cyclone at a variable flow rate 𝑢𝐶𝐹𝐹 . The cyclone 
separates the in-specification particles, denoted by 𝑦𝑃𝑆𝐸 , for down-
stream processing, while the out-of-specification particles are returned 
to the mill for further grinding. The constraints and nominal operating 
values provided in Table 1 originate from the model validation (le Roux 
et al., 2013).

6.2.  Ore milling circuit controller

The linear plant model of the ore milling circuit, 𝑮𝑛𝑜𝑚(𝑠), derived 
from step tests conducted on the validated nonlinear model around the 
nominal operating points provided in Table 1, is given by van Niek-
erk et al. (2025b). While reducing model order can simplify controller 
synthesis and tuning, over-reduction risks discarding higher-order or 
weakly damped dynamics that materially affect closed-loop behaviour. 
Oversimplification reduces the fidelity of the AI-tuning obtained on the 
linear model when it is transferred to the actual process. The pairing of 
manipulated variables
𝒖 = [𝑢𝐶𝐹𝐹 , 𝑢𝑆𝐹𝑊 , 𝑢𝑀𝐹𝑂]⊤, (55)

with controlled variables
𝒚 = [𝑦𝑃𝑆𝐸 , 𝑦𝑆𝑉 𝑂𝐿, 𝑦𝐽𝑇 ]⊤, (56)

as suggested by Coetzee (2009), promoting robustness to feed distur-
bances, enables the implementation of a diagonal controller 𝑲,

𝑲 =
⎡

⎢

⎢

⎣

𝑘11 0 0
0 𝑘22 0
0 0 𝑘33

⎤

⎥

⎥

⎦

(57)

where each diagonal element 𝑘𝑗𝑗 corresponds to a PI controller with the 
form of

𝑘𝑗𝑗 = 𝑘𝑃 𝑗𝑗

(

1 + 1
𝜏𝐼𝑗𝑗𝑠

)

, 𝑗 = 1, 2, 3. (58)

where 𝑘𝑃 𝑗𝑗 is the proportional gain, and 𝜏𝐼𝑗𝑗 (in hours) is the integral 
time constant. The optimal values of 𝑘𝑃 𝑗𝑗 and 𝜏𝐼𝑗𝑗 are unknown and 
must be determined by the AI-based automatic tuner. The constraints 
defining 𝑠𝑎𝑓𝑒 for the milling circuit tuning parameters are provided in 
van Niekerk et al. (2025b).

6.3.  Ore milling circuit objective function

Obtaining the diagonal weighting matrices, 𝛀𝑒 and 𝛀𝑢, in (45) re-
quires generating the Pareto fronts for the controlled and manipu-
lated variable objectives, respectively. The priority among the vari-
ables is determined by selecting an appropriate compromise point on 
the Pareto front, which informs the corresponding weight vector. Once 
these weights have been derived and applied to the controlled and ma-
nipulated variable objectives, the overall trade-off point that balances 
performance and actuator usage can be selected.

To determine the weights of the controlled variable objectives 
that capture the desired priority allocation, the NSGA-II algorithm 
(Behroozsarand & Shafiei, 2010) is employed to generate the Pareto 
front from the linear plant model 𝑮nom(𝑠). Fig. 6 illustrates the objective 
space of the ISE values for the controlled variables, normalised accord-
ing to (50). The normalised ISEs are represented along the axes as 𝐽𝑃𝑆𝐸 , 
𝐽𝑆𝑉 𝑂𝐿, and 𝐽𝐽𝑇 . The Pareto-optimal points, indicated by blue markers, 

Fig. 6. Normalised objective space with axes defined by the ISE for each con-
trolled variable. The Pareto front is shown in blue, while the utopia point (red) 
identifies the most balanced trade-off, and the weight vector (black arrow) in-
dicates the compromise among objectives at this point. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

collectively form the Pareto front, which constitutes a surface in the 
three-dimensional objective space. The compromise solution is selected 
at the utopia point of the front, shown as a red marker. Selection of the 
utopia point is appropriate when all objectives are considered equally 
important, as it represents the theoretical optimum where each objec-
tive attains its minimum value (Marler & Arora, 2004), i.e.,

𝑱 utopia𝐼𝑆𝐸 =
(

𝐽𝑃𝑆𝐸,min, 𝐽𝑆𝑉 𝑂𝐿,min, 𝐽𝐽𝑇 ,min
)

. (59)

The corresponding weight vector is defined as

𝒘𝐼𝑆𝐸 = [𝑤𝑃𝑆𝐸 , 𝑤𝑆𝑉 𝑂𝐿, 𝑤𝐽𝑇 ] (60)

and is represented by the black arrow, computed by aligning the vec-
tor normal with the tangent surface passing through the utopia point. 
Here, 𝑤𝑃𝑆𝐸 , 𝑤𝑆𝑉 𝑂𝐿, and 𝑤𝐽𝑇  denote the relative importance of each 
controlled variable objective, ensuring a balanced improvement across 
all objectives. As discussed in van Niekerk et al. (2023), less emphasis is 
often placed on 𝑦𝑆𝑉 𝑂𝐿 because the sump volume can tolerate the devia-
tion from setpoint; however in this paper, equal emphasis is assigned to 
its weight 𝑤𝑆𝑉 𝑂𝐿 so that controller-induced interaction on 𝑦𝑆𝑉 𝑂𝐿 can be 
rejected. If interaction rejection is not a priority, 𝑤𝑆𝑉 𝑂𝐿 may be reduced 
comparatively, provided the normalisation ∑𝑛

𝑖=1𝑤𝑖 = 1 is maintained.
Similarly, Fig. 7 presents the normalised objective space of the inte-

gral of the squared total variation (TV2) for the manipulated variables, 
with the axes denoted by 𝐽𝐶𝐹𝐹 , 𝐽𝑆𝐹𝑊 , and 𝐽𝑀𝐹𝑂. As before, the utopia 
point is used to derive the weight vector

𝒘𝑇𝑉 2 = [𝑤𝐶𝐹𝐹 , 𝑤𝑆𝐹𝑊 , 𝑤𝑀𝐹𝑂] (61)

where 𝑤𝐶𝐹𝐹 , 𝑤𝑆𝐹𝑊 , and 𝑤𝑀𝐹𝑂 represent the relative weighting as-
signed to each manipulated variable objective.

To establish the trade-off between controller performance and ac-
tuator effort, the normalised objectives are combined to form a two-
dimensional Pareto front, as shown in Fig. 7, with 𝐽𝐼𝑆𝐸 and 𝐽𝑇𝑉 2  repre-
sented on the axes. The trade-off point is selected at the knee point, the 
region of maximum curvature, where small improvements in one ob-
jective result in large sacrifices in the other (Branke et al., 2004). This 
point represents the most advantageous compromise, where overall per-
formance is maximised without excessive actuator demand. In Fig. 7, 
the knee point is shown in red, the Pareto front in blue, and the domi-
nated solutions in grey, illustrating how the objective space is sampled 
to identify the non-dominated frontier.
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Fig. 7. Normalised objective space with axes defined by the TV2 for each manip-
ulated variable. The Pareto front is shown in blue, while the utopia point (red) 
identifies the most balanced trade-off, and the weight vector (black arrow) in-
dicates the compromise among objectives at this point. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 8. Normalised objective space with axes defined by the squared TV, repre-
senting actuator usage, and the ISE, representing performance. The Pareto front 
is shown in blue, while the dominated points behind the front are shown in 
grey. The knee point (red) identifies the optimal trade-off, and the weight vec-
tor (black arrow), which is normal to the dashed tangent line passing through 
the knee point, indicates the compromise among objectives at this point. (For 
interpretation of the references to colour in this figure legend, the reader is re-
ferred to the web version of this article.)

The performance-actuator trade-off weight vector is defined as
𝒘𝑇𝑂 = [𝑤𝐼𝑆𝐸 , 𝑤𝑇𝑉 2 ] (62)

and is represented in Fig. 8 by the black arrow, computed by aligning 
its normal with the tangent line passing through the knee point. Here, 
𝑤𝐼𝑆𝐸 and 𝑤𝑇𝑉 2  represent the relative weighting factors used to balance 
control performance against actuator utilisation.

Finally, the diagonal weighting matrices are computed as

𝛀𝑒 = 𝑤𝐼𝑆𝐸
⎡

⎢

⎢

⎣

𝑤𝑃𝑆𝐸 0 0
0 𝑤𝑆𝑉 𝑂𝐿 0
0 0 𝑤𝐽𝑇

⎤

⎥

⎥

⎦

, (63)

Table 2 
Hyperparameter values selected for PSO tuning.
 Parameter  Description  Value
𝑆  Swarm size  20
𝐸  Iterations (termination criterion)  50
𝑐1  Cognitive acceleration coefficient  1.49 (default)
𝑐2  Social acceleration coefficient  1.49 (default)
𝑤  Inertia weight  [0.1, 1.1] (decaying)

and

𝛀𝑢 = 𝑤𝑇𝑉 2

⎡

⎢

⎢

⎣

𝑤𝐶𝐹𝐹 0 0
0 𝑤𝑆𝐹𝑊 0
0 0 𝑤𝑀𝐹𝑂

⎤

⎥

⎥

⎦

. (64)

Here, 𝛀𝑒 and 𝛀𝑢 represent the final diagonal weighting matrices for the 
controlled and manipulated variable objectives, respectively. The scalar 
multipliers 𝑤𝐼𝑆𝐸 and 𝑤𝑇𝑉 2  capture the overall trade-off between con-
trol performance and actuator effort, while the diagonal elements assign 
the relative priorities among individual variables within each objective 
group.

6.4.  Sampling and update frequencies

The sampling interval of the ore-milling circuit is set to 𝑡 = 10 s, 
which is sufficient to capture the system dynamics. This interval ap-
plies to the update period of the controlled variables and manipulated 
variables, as well as to the integration of the objective function 𝐽𝒚𝑠𝑝 (𝜼)
in (45). The duration of a single AI-tuner iteration, including the step 
test, tuning parameter update period, and evaluation horizon of 𝐽𝒚𝑠𝑝 (𝜼), 
is 𝑇 = 2 h. This duration is selected to exceed the observed settling time 
of the step responses, while remaining as short as possible to limit the 
overall tuning campaign duration. Consequently, the ISE and TV terms 
of 𝐽𝒚𝑠𝑝 (𝜼) are integrated at a sampling rate of 10 s, but the resulting 
objective value is revealed to the AI-tuner only upon completion of the 
evaluation horizon, at which point the algorithm parameters are up-
dated.

6.5.  Analysis of PSO-tuning results

PSO tuning is conducted in accordance with the generalised frame-
work shown in Fig. 4, where the AI tuner is represented by the PSO 
algorithm. The tuning results shown in Fig. 9 are obtained by apply-
ing Algorithm 1 with the hyperparameter values listed in Table 2. The 
swarm size 𝑆 is selected by considering the evaluation budget, problem 
dimensionality, and swarm diversity. A value of 𝑆 = 20 provides ade-
quate diversity during the initial iterations for exploration of the search 
space, followed by a gradual convergence toward the global minimum. 
The acceleration coefficients are retained at the default values of MAT-
LAB, which are generally not varied among applications (Eberhart & 
Kennedy, 1995). The inertia weight 𝑤 decays linearly within the range 
[1.1,… , 0.1] to encourage rapid exploration during early iterations, di-
minishing progressively as convergence is approached. The number of 
iterations 𝐸 is selected to be sufficiently large to allow the algorithm to 
demonstrate convergence. Consequently, PSO hyperparameter selection 
is relatively straightforward, with the primary consideration being the 
choice of 𝑆.

Fig. 9(a) illustrates the pre-tuning progress in the linear plant model. 
The scatter plot reports the objective function value 𝐽 (𝜼) from (45) as 
blue markers on the y-axis at each function call. Owing to the normali-
sation applied via (50), the magnitude of 𝐽 (𝜼) is bounded between [0, 1]
on the linear plant model. A single PSO iteration comprises 𝑆 function 
calls, resulting in the total of 1000 function evaluations shown on the 
x-axis. As evident from the plot, effective exploration of the search space 
occurs during the first 400 evaluations, after which the swarm converges 
rapidly. After each iteration, the global best solution (𝐠𝐛𝐞𝐬𝐭) is evaluated; 
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Fig. 9. Objective function values during PSO tuning of the (a) linear and (b) 
nonlinear plant model controllers.

if an improvement greater than a tolerance of 10−4 is achieved, the point 
is marked in red. The figure shows how 𝐠𝐛𝐞𝐬𝐭 gradually decreases until 
no further improvements are observed after the 920th function evalua-
tion.

Fig. 9(b) presents the final tuning progress on the nonlinear plant 
model. The first iteration of the final stage of tuning is seeded with the 
best parameter vector 𝜼 obtained during pre-training. In this plot, 𝐽𝒚𝑠𝑝 (𝜼)
is shown on the y-axis, as the objective function now has contextual 
dependence on the setpoint. Similar to tuning on the linear model, the 
swarm converges after 400 function evaluations. The best value of 𝐠𝐛𝐞𝐬𝐭
is achieved after 440 evaluations. Notably, the minimum objective value 
achieved, 𝐽𝒚𝑠𝑝 (𝜼) = 0.2862, on the nonlinear model is greater than that 
on the linear model, 𝐽 (𝜼) = 0.1949, attributable to the inherent plant-
model mismatch between the linearised and nonlinear dynamics.

In Fig. 9(b), tuning is allowed to continue to illustrate the duration 
required for PSO to minimise the objective function on the nonlinear 
plant model. In practice, such a conservative tuning budget may not be 
practical. More realistic tuning budgets are discussed in Section 6.8.

6.6.  Analysis of PPO-tuning results

PPO tuning follows the same generalised framework (Fig. 4), with 
the AI tuner represented by the PPO agent. To reduce computational 
complexity, PPO tuning is formulated as a contextual bandit problem, 
limiting each episode to a single decision step and reward. This approach 
improves training efficiency (van Niekerk et al., 2025b) by removing 
the need for multi-step MDP formulation. In this setup, the setpoint 
is observed as the context and mapped to the initial state, 𝒚𝑠𝑝 → 𝒔0. 
The agent observes the state and samples an action from the stochastic 
policy, 𝒂0 ∼ 𝜋𝜽(𝒂0 ∣ 𝒔0), which is mapped to the controller tuning pa-
rameters, 𝒂0 → 𝜼. Hence, the tuning parameters are sampled from the 
policy conditioned on the setpoint context, 𝜼 ∼ 𝜋𝜽(𝜼 ∣ 𝒚𝑠𝑝). The episodic 
reward, computed from the objective function, is then used to update 
the policy parameters with the goal of maximising the expected return.

Fig. 10. Objective function values during PPO tuning of the (a) linear and (b) 
nonlinear plant model controllers.

Table 3 
Hyperparameter values selected for PPO tuning.
 Parameter  Description  Value
𝛾  Discount rate  0
𝜆  GAE factor  0.95 (default)
𝑤  Entropy loss weight  0.02
𝑁  Trajectory steps  1
𝑀  Mini-batch size  1
𝜖  Clip factor  0.2
𝐾𝑒  Number of epochs  Empirical
𝛼𝑎𝑐𝑡𝑜𝑟  Actor learning rate 5 × 10−5

𝛼𝑐𝑟𝑖𝑡𝑖𝑐  Critic learning rate 5 × 10−4

𝐸  Training episodes  4,000

The PPO tuning results in Fig. 10 are obtained using Algorithm 2 with 
the hyperparameters listed in Table 3. The discount rate is set to 𝛾 = 0
since only the immediate reward is required, while the trajectory length 
𝑁 = 1 and mini-batch size 𝑀 = 1 is used because the task involved a 
single decision step. The clip factor 𝜖 = 0.2 and the GAE factor 𝜆 = 0.95
is selected according to the recommendations of Schulman et al. (2017). 
The learning rates 𝛼𝑎𝑐𝑡𝑜𝑟 and 𝛼𝑐𝑟𝑖𝑡𝑖𝑐 , the entropy loss weight 𝑤, and the 
number of epochs 𝐾𝑒 are determined empirically. The number of train-
ing episodes 𝐸 is chosen to ensure that convergence can be observed.

Additional architectural hyperparameters, including the number of 
layers and neurons, are required to define the structure of the actor and 
critic networks.

The actor network is implemented as a feed-forward fully con-
nected model comprising a shared feature path and two parallel output 
branches corresponding to the mean and standard deviation of the Gaus-
sian policy. The shared path begins with a feature input layer whose size 
matches the dimensions of 𝒚𝑠𝑝, followed by two fully connected layers 
with 64 and 32 neurons, respectively, each employing rectified linear 
unit (ReLU) activations.

The mean branch contains an additional fully connected layer with 
32 neurons and a ReLU activation, followed by a fully connected layer 
that outputs a vector matching the dimensionality of the safe action 
space, 𝑠𝑎𝑓𝑒. A hyperbolic tangent activation constrains the outputs to 
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Table 4 
Hyperparameter values selected for BO tuning.
 Parameter  Description  Value
𝑛𝑜  Initial design size  4 (default)
𝜉  EI exploration offset  0.05 (default)
𝑁  Optimisation budget  1,000

the range [−1, 1], and a subsequent scaling layer applies affine transfor-
mations (scale and bias) to constrain the outputs to 𝑠𝑎𝑓𝑒.

The standard-deviation branch comprises a single fully connected 
layer whose output dimension equals the dimensionality of 𝑠𝑎𝑓𝑒, fol-
lowed by a softplus activation to enforce positivity. The resulting stan-
dard deviations are scaled to 10% of the scale used in the mean branch 
to maintain an appropriate level of exploration noise.

The critic network is implemented as a feed-forward fully connected 
model that maps 𝒚𝑠𝑝 to a scalar estimate of the state-value function, 
𝑉𝝓(𝒚𝑠𝑝). The input is processed through two hidden layers containing 
64 and 32 neurons, respectively, each followed by a ReLU activation. 
The final layer consists of a single fully connected neuron that outputs 
the estimate of 𝑉𝝓(𝒚𝑠𝑝).

The architectural hyperparameters, including the number of hidden 
layers, the number of neurons per layer, and the choice of ReLU acti-
vations, were selected empirically to balance approximation accuracy, 
computational efficiency, and training stability. This empirical work-
flow involved manually adjusting values, retraining, and inspecting re-
ward trends over multiple sessions to progressively tune hyperparame-
ters and optimise learning outcomes.

Fig. 10(a) shows the pre-tuning progress on the linear plant model. 
As PPO seeks to maximise the reward, the scatter plot reports the 
negative of the objective function value, −𝐽𝒚(𝜼), as blue markers at 
each episode. A steep increase in reward is observed during the first 
1000 episodes, followed by convergence near the −0.2 level. To mon-
itor progress and facilitate comparison with PSO, the agent is sam-
pled every 20 episodes; each sample is evaluated in deterministic mode 
to extract the corresponding tuning parameters without exploration. 
Improvements over previous samples are indicated with red markers. 
A period of substantial exploration is observed during the initial 500 
episodes, after which the policy stabilises around the maximum reward. 
The best reward, 𝐽𝒚(𝜼) = −0.1953, is achieved after 2020 episodes.

Following pre-training, the agent is transferred to the nonlinear plant 
environment for final tuning, as shown in Fig. 10(b). The initial reward 
obtained by the pre-trained agent is well below the achievable maxi-
mum, necessitating substantial further training to adapt to the nonlin-
ear dynamics. Because PPO employs policy-clipping for stability, large 
updates are restricted, and extensive training is required to compensate 
for the plant-model mismatch. The maximum reward achieved on the 
nonlinear model is 𝐽𝒚𝑠𝑝 (𝜼) = −0.2870 after 2340 function evaluations.

Notably, PPO requires substantially more function evaluations to 
achieve convergence than PSO. In these results, PSO converged after 
roughly 400 evaluations, compared with about 1000 for PPO. A detailed 
comparative analysis is provided in Sections 6.8 and 6.9.

6.7.  Analysis of BO-tuning results

BO tuning is performed in accordance with the generalised frame-
work in Fig. 4, with the AI tuner represented by the BO engine. The 
BO tuning results presented in Fig. 11 are obtained using Algorithms 3 
and 4 with the hyperparameters listed in Table 4. Unless specified, the 
default initial design size of MATLAB is 𝑛𝑜 = 4. The total number of it-
erations, referred to as the optimisation budget 𝑁 , is selected to ensure 
sufficient evaluations for convergence. During pre-tuning, the budget is 
limited primarily by simulation time, whereas during online tuning, it is 
constrained by operational tolerances. The EI exploration offset 𝜉 is re-
tained at the MATLAB default of 0.05. Consequently, when using MAT-
LAB defaults, the BO-EI implementation is effectively hyperparameter-

Fig. 11. Objective function values during BO tuning of the (a) linear and (b) 
nonlinear plant model controllers.

free, representing a notable advantage in terms of ease of application. 
The only practical consideration is the selection of the evaluation bud-
get, which can readily be determined through offline simulations on the 
linear plant model.

The pre-tuning progress of BO is shown in Fig. 11(a). Unlike PSO, 
the BO algorithm continues to explore the search space even after the 
minimum is located. Red markers indicate iterations where a new global 
minimum is identified. The figure shows that minima near the asymp-
tote are discovered early, within the first 200 iterations, while the over-
all best minimum, 𝐽 (𝜼) = 0.1953, is attained after 791 iterations.

Fig. 11(b) illustrates the final tuning progress, initialised with the 
best parameter vector 𝜼 obtained during pre-training. The GP surro-
gate developed for the linear plant model cannot be directly transferred 
to the nonlinear model, as the underlying objective function differs in 
the nonlinear environment. Consequently, only the optimal tuning pa-
rameters identified in the pre-tuning phase are used to initialise the fi-
nal optimisation. Similar to tuning on the linear model, good results 
are achieved within the first 200 iterations, with the optimal minimum 
value of 𝐽𝒚𝑠𝑝 (𝜼) = 0.2869 reached after 887 iterations.

6.8.  Comparison

Executing the number of function evaluations shown in Figs. 9, 10, 
and 11 on an actual plant, such as a milling circuit, would be unreason-
ably optimistic. With each function evaluation requiring approximately 
two hours, completing 1000 evaluations would demand about 2000 
hours (roughly 83 days) of continuous tuning. Such an extended tuning 
campaign would be unacceptable, particularly if tuning disturbances re-
sulted in suboptimal production. A far more practical tuning budget is 
40 function evaluations, which corresponds to approximately 3.5 days 
of tuning. Table 5 lists the best objective function values achieved af-
ter 40 evaluations on the nonlinear plant model, where BO is shown 
to minimise the objective function most efficiently within the restricted 
evaluation budget.
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Fig. 12. Step responses of the nonlinear ore milling circuit model using AI-based tuned controllers, achieved after 40 function evaluations. Panels (a) through (f) 
show the controlled variable 𝒚 (left) and its paired manipulated variable 𝒖 (right) for PPO-, PSO-, and BO-based tuning.

Table 5 
Best objective function value achieved by 
the AI-based tuners after 40 function eval-
uations.

 AI-tuner 𝐽𝒚𝑠𝑝 (𝜼)

 BO  0.2897
 PSO  0.3085
 PPO  0.9838

Fig. 12 shows the step responses of the PPO-, PSO-, and BO-tuned 
controllers, with the controlled variables of the ore milling circuit in the 
left column and their paired manipulated variables in the right column. 
The setpoints of 𝑦𝑃𝑆𝐸 and 𝑦𝐽𝑇  are shown to be stepped simultaneously. 
Stepping the setpoints concurrently reduces the total testing period by 
half compared with sequentially stepping and evaluating 𝑦𝑃𝑆𝐸 and 𝑦𝐽𝑇
individually. In response to the step change in 𝑦𝐽𝑇 , 𝑢𝑀𝐹𝑂 immediately 
increases the ore feed to meet the new setpoint. Similarly, in response to 
the step in 𝑦𝑃𝑆𝐸 , 𝑢𝐶𝐹𝐹  increases to achieve the setpoint, which in turn 
reduces 𝑦𝑆𝑉 𝑂𝐿. To counteract this reduction in 𝑦𝑆𝑉 𝑂𝐿, 𝑢𝑆𝐹𝑊  increases, 
thereby lowering the particle density in the sump. This, however, re-
interacts with 𝑦𝑃𝑆𝐸 , causing 𝑢𝐶𝐹𝐹  to throttle back, which again affects 
𝑦𝑆𝑉 𝑂𝐿 and introduces oscillations when the controllers are tuned too 
aggressively.

The variable 𝑦𝑆𝑉 𝑂𝐿 is not directly stepped, as in practice the sump 
level setpoint would typically remain fixed. Nevertheless, suppres-
sion of controller interactions affecting 𝑦𝑆𝑉 𝑂𝐿 remains necessary, and 
therefore the ISE of 𝑦𝑆𝑉 𝑂𝐿 must be included in the overall objective
function.

Given the limited tuning budget, the PPO-tuned controller 𝑲𝑃𝑃𝑂
performs poorly as expected as the agent requires at least 1000 train-
ing episodes to converge. The response exhibits weak setpoint track-
ing for 𝑦𝐽𝑇  and severe oscillations originating from controller inter-
actions, which manifest in the controlled variables 𝑦𝑃𝑆𝐸 and 𝑦𝑆𝑉 𝑂𝐿. 
The 𝑲𝑃𝑆𝑂 and 𝑲𝐵𝑂 controllers show improved setpoint tracking for 
𝑦𝐽𝑇 , with reduced, but still unsatisfactory, oscillations in 𝑦𝑃𝑆𝐸 and
𝑦𝑆𝑉 𝑂𝐿.

As evident from Fig. 12, the trade-off between performance and ac-
tuator usage chosen at the knee of the Pareto front in Fig. 8 yields overly 
aggressive controllers that induce excessive oscillations due to control 
interactions. Interestingly, such oscillations were not observed during 
tuning on the nonlinear model, owing to the elimination of higher-
order dynamics during system identification, simplifications that ulti-
mately increase the plant-model mismatch. To mitigate these oscilla-
tions, the weighting vector is shifted away from the Pareto knee toward 
a point that penalises actuator usage more strongly. The adjusted trade-
off weight vector is selected as 𝒘𝑇𝑂 = [0.2, 0.8], where the larger weight 
on actuator usage discourages overly aggressive control action.
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Fig. 13. Step responses of the nonlinear ore milling circuit model using AI-based tuned controllers, achieved after 40 function evaluations. The weighting vector 
𝒘𝑇𝑂 = [0.2, 0.8] is selected to impose a stronger penalty on actuator usage. Panels (a) through (f) show the controlled variable 𝒚 (left) and its paired manipulated 
variable 𝒖 (right) for PPO-, PSO-, and BO-based tuning.

Table 6 
Best objective function value achieved by 
the AI-based tuners after 40 function eval-
uations at the revised performance-actuator 
weighting.

 AI-tuner 𝐽𝒚𝑠𝑝 (𝜼)

 BO  0.1188
 PSO  0.1198
 PPO  0.4095

The results of the reweighting are presented in Fig. 13. While 𝑲𝑃𝑃𝑂
and 𝑲𝑃𝑆𝑂 exhibit negligible improvement, the oscillations in the re-
sponse of 𝑲𝐵𝑂 are substantially reduced and can be considered accept-
able. Table 6 confirms that BO once again achieves the lowest objective 
function value under the revised performance-actuator weighting and 
reduced tuning budget. The PSO algorithm performs surprisingly well 
in minimising the objective function, especially considering that, when 
unconstrained, PSO typically requires approximately 400 function eval-
uations to converge on this plant model. It should be noted that the 
objective function values in Tables 5 and 6 are not directly comparable, 
as the weighting matrices of the underlying objective functions differ.

6.9.  Ideal AI-based autotuner

The criteria of the ideal autotuner, as established in Section 1, re-
quire the controller to be versatile, in that it is applicable to a wide 
range of control structures and processes with minimal operator inter-
vention; globally optimal, meaning that it can reliably locate the global 
optimum without becoming trapped in local optima; data-efficient, such 
that the global optimum is identified using a minimal number of objec-
tive function evaluations; and safe, in that closed-loop instability is not 
introduced.

Subject to the qualifications that the controller can be parameterised 
by a finite set of tuning parameters, that performance can be quantified 
through an objective function, and that step tests can be conducted on 
the plant, all three autotuners considered in this study may be regarded 
as versatile.

As shown in Figs. 9, 10, and 11, all three autotuners are capable of 
optimising the objective function on the nonlinear plant. The PSO-tuner 
achieved the best value of 𝐽𝒚𝑠𝑝 (𝜼) = 0.2862, compared with 𝐽𝒚𝑠𝑝 (𝜼) =
0.2869 obtained by BO optimisation and 𝐽𝒚𝑠𝑝 (𝜼) = 0.2870 achieved by 
PPO. These values were obtained under a conservative budget of func-
tion evaluations. Therefore, in the category of global-optimisation under 
a conservative budget, the PSO-tuner performs best, albeit by a small 
margin.
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A caveat to this observation is that, while PSO and PPO have been 
shown to become trapped in local optima in general settings (Elbeltagi 
et al., 2005; Xue et al., 2022), the performance reported in this paper is 
specific to the ore-milling circuit considered and to the use of the strictly 
convex objective function in (45).

The results presented in Tables 5 and 6 indicate that the BO-tuner 
exhibits the highest data efficiency, achieving the most effective optimi-
sation of the objective function within the limited evaluation budget of 
40 function calls. Consequently, the BO-tuner is the most cost-effective, 
as it requires the least amount of process disruption to perform the step 
testing necessary for tuning.

During training, it is inevitable that the AI-based tuner will occasion-
ally select poorly performing tuning parameters, as such exploration is 
a necessary step toward improved parameter selection. These selections 
may result in poor and perhaps oscillatory responses which, although 
stable, may temporarily disrupt the process. A further advantage of BO, 
arising from its superior data efficiency, is that the occurrence of such 
disruptions is minimised.”

With respect to safety, tuning in all three cases was performed us-
ing the same model-based 𝜇-analysis approach to define the safe search 
space 𝑠𝑎𝑓𝑒, which is safe provided that tuning is performed within the 
operating region for which the linear model was derived. During both 
the pre-tuning and final tuning stages, no closed-loop unstable iterations 
were observed. Although the tuning progress figures are not presented 
in this paper, the evolution of the tuning process using the 𝜇-analysis 
approach is documented in van Niekerk et al. (2023, 2025a,b). On the 
basis of the safety criterion, all three methods are therefore considered 
equally effective.

While PPO and BO are inherently capable of handling uncertain 
objective functions in stochastic environments (Richter et al., 2025; 
Yau et al., 2024), PSO is more susceptible to performance degradation 
when objective function evaluations are corrupted by noise. Zhang et al. 
(2018) report that PSO, although effective for deterministic optimisa-
tion problems, experiences a loss of accuracy in the presence of noise. 
As the noise magnitude increases, solution quality degrades, manifesting 
as slower convergence, reduced accuracy, and less stable behaviour (Pan 
et al., 2006). Nevertheless, Moravec and Pošík (2014) demonstrate that 
PSO can deliver stable performance at low noise levels when evaluated 
under sensor noise. These findings indicate that, while PSO can tolerate 
limited noise, significant noise results in substantial performance degra-
dation, often necessitating specialised mitigation strategies. Hybrid PSO 
variants incorporating statistical techniques to improve noise resilience 
have been proposed (Pan et al., 2006; Zhang et al., 2018); however, such 
variants are not considered in this study.

A limitation of BO is its scalability, as it is typically restricted to 
optimisation problems involving at most approximately 20 parameters 
(Moriconi et al., 2020). Gui et al. (2024) characterise the limited scal-
ability of BO from two complementary perspectives: sample-efficiency 
scalability, associated with the curse of dimensionality, and computa-
tional scalability. As dimensionality increases, the sampling efficiency 
of BO deteriorates rapidly, since the search space expands exponen-
tially, resulting in poor surrogate model accuracy and degraded op-
timisation performance. From a computational perspective, scalabil-
ity is constrained primarily by GP regression, whose core operations 
scale cubically with the number of function evaluations. Moriconi et al. 
(2020) propose mitigating these limitations by learning a nonlinear low-
dimensional feature space in which the optimisation is performed; how-
ever, such mitigation strategies are not considered in this paper.

PPO can be applied to high-dimensional continuous action spaces; 
however, its scalability is limited primarily by sample inefficiency and 
optimisation bias that worsen with increasing action dimensionality. 
As an on-policy method, PPO requires large numbers of fresh interac-
tions, which becomes impractical for expensive systems, and in high-
dimensional settings the clipped likelihood-ratio objective is more likely 
to suppress gradients, leading to reduced learning efficiency (Han & 
Sung, 2019). Consequently, PPO performance in high-dimensional ac-

Table 7 
Evaluation of AI-based tuners against the criteria of the ideal 
autotuner.

 Criteria  PSO  PPO  BO
 Versatility  Good  Good  Good
 Globally optimal  Best  Good  Good
 Data efficient  Good  Poor  Best
 Safe  Good  Good  Good
 Noise resilience  Poor  Good  Good
 Scalability  Good  Good  Poor
 Hyperparameter complexity  Complex  Simple  Simple

tion spaces often degrades unless additional structural assumptions or 
algorithmic modifications are introduced (Wang et al., 2023).

PSO can also be applied to high-dimensional optimisation problems; 
however, as dimensionality increases, the swarm must explore an ex-
ponentially larger search space (Xu et al., 2019). This often leads to a 
loss of swarm diversity, premature convergence, and slow optimisation 
progress unless the swarm size and iteration budget are increased sub-
stantially, thereby raising the overall computational burden (Tian et al., 
2023).

PPO, and RL-based autotuners more generally, offer the advantage, 
demonstrated by Dogru et al. (2022), that the agent can be trained over a 
continuous setpoint range and can therefore provide tuning parameters 
for any configuration of the setpoint vector. A limitation of PPO-based 
tuners, however, is that the selection of suitable neural-network archi-
tectures and reinforcement-learning hyperparameters introduces signifi-
cant complexity and requires substantial user intervention. PSO, by con-
trast, requires the selection of only a small number of parameters, while 
BO is particularly attractive in this regard, as it can be implemented 
using default settings without the need for manual hyperparameter tun-
ing.

Table 7 provides a comparative evaluation of the AI-based tuners 
against the criteria of the ideal autotuner. Overall, the BO-tuner most 
closely represents the characteristics of an ideal autotuner, based on the 
ore milling application.

7.  Conclusion

All the AI-based tuning methods reviewed, PSO representing the 
nature-inspired subclass, and PPO and BO representing machine learn-
ing, demonstrate the capability to automatically determine high-
performing PID parameters. Each method advances classical rule-based 
tuning by enabling systematic, data-driven optimisation that improves 
tracking and reduces controller interaction as demonstrated on the ore 
milling circuit. Collectively, these approaches confirm that AI provides 
a viable and powerful framework for modern autotuning.

Among these methods, BO emerges as the most effective and prac-
tical approach for tuning the ore-milling circuit controller. Unlike 
population-based heuristics that require hundreds of evaluations, or RL 
approaches that depend on extensive exploration and hyperparameter 
tuning, BO achieves comparable or superior performance with far fewer 
plant trials. Its probabilistic GP surrogate enables informed sampling of 
the parameter space, balancing exploration and exploitation to locate 
near-optimal solutions rapidly.

In the context of autotuning, these characteristics of BO are espe-
cially advantageous. The tuning task is inherently expensive due to the 
need for online experiments, which may involve production losses dur-
ing evaluation. By replacing large-scale experimentation with surrogate-
driven optimisation, BO maximises the utility of every trial while ac-
celerating convergence towards high-performing controller parameters. 
This makes it ideally suited for online or semi-supervised deployment, 
where only a limited number of safe, informative evaluations can be 
performed without interrupting production.

Overall, BO provides a versatile, data-efficient, safe, and globally op-
timal autotuning methodology that aligns with the practical constraints 
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of industrial process control. While all AI-based tuners demonstrate po-
tential, BO uniquely combines the interpretability of model-based rea-
soning with the adaptability of data-driven learning. Its ability to deliver 
high-quality controller parameters within minimal experimental bud-
gets establishes it as the preferred choice for next-generation automatic 
PID tuning in industrial applications.

Potential directions for future research include validating the 
broader applicability of the AI-based tuning methodology on other types 
of industrial processes, developing mechanisms for the automatic detec-
tion of suboptimal controller performance to trigger AI-based tuning, 
and conducting a systematic comparison of PSO, PPO, and BO under 
objective function uncertainty.
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