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ABSTRACT 

	Background:  Model Predictive Control (MPC) is an optimization-based control strategy widely used for handling multivariable systems with constraints in industrial and autonomous applications. Recent advances integrating machine learning and data-driven approaches have expanded MPC’s capabilities, while raising new challenges related to real-time computation, robustness, and safety assurance.
Aims: This review aims to provide a comprehensive overview of the advancements in MPC from 2014 to 2026, highlighting key techniques, methodologies, and applications across robotics, autonomous systems, power electronics, industrial processes, and water resources systems.
Study design: This review systematically analyzes the theoretical foundations, representative works, and ongoing challenges in MPC research.
Place and Duration of Study: Research findings span from 2014 to 2026, compiled from diverse academic sources.
Methodology: The study categorizes developments into classical MPC, robust/stochastic MPC, nonlinear/economic MPC, data-driven/learning-based MPC, and real-time implementations. It examines significant papers related to these topics while summarizing challenges and future directions.
Results: The review reveals that MPC has significantly progressed in robustness, performance metrics, and real-time applications. Three major threads—robust/stochastic frameworks, data-driven adaptations, and economic optimizations—indicate a shift toward enhancing practical implementations and ensuring safety in dynamic environments.
Conclusion: The investigation concludes that maintaining the advantages of MPC in safety, constraint satisfaction, and interpretability is crucial while advancing towards learning and data-driven methodologies, creating a unified paradigm that bridges models, data, optimization, and safety.
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1. INTRODUCTION 

Model Predictive Control (MPC)[1] is an optimization-based control strategy that solves a finite-horizon optimal control problem at each time step and implements only the first control action, with wide applications in industry and autonomous systems.[2]
The most prominent advantages of MPC are threefold: First, it directly incorporates engineering constraints—such as input/state constraints, actuator saturation, and collision/safety boundaries—into the controller through an optimization problem formulation. Second, it inherently supports multivariable coupled systems and multi-objective trade-offs, expressed uniformly via cost functions and constraints. Third, predictive information (e.g., road curvature, wind disturbances, load/weather forecasts) can be systematically integrated into the decision-making process. These characteristics have long secured MPC’s core position in the process industry, energy systems, and advanced manufacturing. [9][10]Recently, with the advancement of computational power and the maturation of open-source/commercial embedded solvers, MPC has rapidly penetrated high-dynamic systems such as robotics, autonomous driving, and unmanned aerial vehicles (UAVs).[3][7]

The expansion of MPC research over the past decade has been fueled by both "endogenous" and "exogenous" drivers. Endogenously, while the stability and recursive feasibility design of traditional linear MPC have become increasingly standardized, entering nonlinear, strongly coupled, and uncertain environments (e.g., complex aircraft, multi-vehicle interactions, renewable energy fluctuations, and hydrological uncertainties in water systems) has identified model uncertainty and online computational complexity as primary bottlenecks.[5][6][13] Exogenously, machine learning has catalyzed a leap in model representational capacity and data availability, while simultaneously raising the critical question of how learning-based systems can remain provably safe. This has given rise to interdisciplinary directions such as Learning-Based MPC (LBMPC), Data-Driven Predictive Control (Data-driven MPC/DeePC), and differentiable optimization.[4][17] [18]
Consequently, for researchers in control, robotics, and autonomous driving, a current review must simultaneously address three levels of inquiry: First, what constitutes the common mathematical structure and the "hardcore" theoretical foundations of stability and feasibility in MPC? Second, how are the major variants of MPC classified within the contexts of robustness, uncertainty, economic objectives, and data-driven methods, and where do their respective application boundaries lie? Third, under the requirements of real-time deployment (embedded/fast MPC) and safety (especially for safety-critical systems), which problems remain unresolved and which pathways are most likely to yield verifiable breakthroughs?[12][16]
This paper prioritizes original journal/conference articles and authoritative reviews from platforms such as IEEE, Elsevier, Springer Nature, and arXiv. It focuses on high-impact works from 2014 to 2026 as the primary body of analysis, while supplementing with early foundational literature (e.g., classic conclusions on the stability of constrained MPC) where necessary .[11][20]

2. LITERATURE REVIEW AND METHODOLOGY

2.1 Theoretical and Methodological Framework

This review collects high-quality journal and conference papers from IEEE, Elsevier, Springer, and arXiv, covering classical theory, robust design, nonlinear optimization, data-driven methods, and real-time embedded solutions. [19][21]The overall framework is structured as follows.

2.1.1 Standard Problem Formulation and Closed-loop Structure
Given a discrete-time state-space model

and constraint sets , the most common form of MPC at time solves the following finite-horizon optimization problem (taking tracking-based MPC as an example):  


The controller then applies  (executing only the first control action of the optimal sequence) before rolling the prediction window forward to . Here, denotes the prediction horizon,  represents the stage cost (incorporating metrics such as tracking error, energy consumption, comfort, or risk), and  along with the terminal set  are typically employed to guarantee closed-loop stability and recursive feasibility.[22][24]
In terms of engineering implementation, MPC is usually integrated with state estimation (such as Kalman Filtering or Moving Horizon Estimation, MHE) and disturbance/reference prediction modules. Particularly in the process industry and mobile robotics, MPC often functions as an "optimization-based feedback layer," forming a hierarchical structure with upper-level planning and scheduling (covering path planning, mission assignment, or energy management).[25][26]
2.1.2 Core Tools for Stability, Recursive Feasibility, and Constraint Satisfaction
The crux of classical MPC theory lies in ensuring that the optimal cost (or a variant thereof) generated by the receding-horizon optimization serves as a Lyapunov function, exhibiting a descent property under closed-loop operation. This allows for the derivation of conclusions such as asymptotic stability, Input-to-State Stability (ISS), or practical stability. Regarding constraint feasibility, a standard approach involves the introduction of terminal constraints and positively invariant sets (or robust invariant sets) to ensure that feasibility is maintained throughout the rolling execution.[27][28]
For Economic MPC (EMPC), the objective may shift from tracking a specific steady state to optimizing average economic performance. In such cases, the concept of stability often transitions from "convergence to an equilibrium point" toward "stability around an optimal operating trajectory or periodic orbit" or "optimality of long-term average performance." Consequently, dissipativity theory and rotated cost analysis have become essential tools for establishing these theoretical guarantees.[14][15]

2.2 Research Progress and Thematic Classification

2.2.1 Classical MPC

Classical MPC generally refers to tracking-based MPC built on explicit models (linear or locally linear). Its objective functions are typically quadratic, balancing tracking errors against control increments, while constraints are predominantly polyhedral or box-shaped, allowing the online solution to be formulated as a Quadratic Programming (QP) problem. In industrial contexts, the workload involved in model identification and parameter tuning is regarded as the primary "upfront cost" of MPC design; meanwhile, online optimization shifts the control law from an explicit analytical form to an "implicit" one generated by a solver.[29][30]
The incremental developments in classical MPC research from 2014 to 2026 are primarily reflected in three areas: first, the systematic synthesis of engineering implementation aspects, such as implementation details, solver selection, constraint softening, and tuning strategies as emphasized in technical reviews; second, a tighter integration with embedded optimization techniques, including explicit MPC, online active-set, interior-point, and splitting/first-order methods; and third, the extension toward multi-layer systems and complex tasks, particularly through coupling with planning layers in vehicle and robotic systems.[31][32]

2.2.1.1 Key Methodological Points of Classical MPC

1.Terminal Design and Stability: For linear systems, terminal costs and terminal sets can be constructed using LQR and positively invariant sets; for nonlinear systems, more general Lyapunov/convergence arguments are required. Engineering reviews emphasize that terminal terms often involve a multi-objective trade-off between "stability, feasibility, performance, and computational effort".[33][34]
2.Soft Constraints and Slack Variables: When hard constraints lead to infeasibility, slack variables are commonly introduced and penalized with high weights in the cost function; this practice is widely adopted in industrial applications and mobile robotics.[35][36]
3.Explicit MPC and Approximate Explicit: For low-dimensional linear QP-MPC, the piecewise affine (PWA) control law can be solved offline and implemented via online look-up tables. While explicit methods are suitable for high-sampling-rate embedded scenarios, their offline complexity explodes rapidly with the increase in dimensions or constraints. Both embedded optimization reviews and engineering surveys identify the "scalability boundaries of explicit MPC" as a core practical challenge.[37][38]

2.2.2 Robust MPC  and Stochastic MPC

When models exhibit parameter uncertainties, external disturbances, or unmodeled dynamics, classical MPC may experience constraint violations or performance degradation. Robust MPC (RMPC) aims to guarantee constraint satisfaction against "worst-case" scenarios or "set-based uncertainties," whereas Stochastic MPC (SMPC) strikes a trade-off between performance and safety through probabilistic or risk measures. A significant trend in this field over the past decade has been the shift from earlier "conservative but provable" methods toward "less conservative yet computationally tractable" approaches, while increasingly intersecting with learning-based techniques (e.g., active probing, online updating of uncertainty sets, and Bayesian uncertainty).[39][40]

2.2.2.1 Key Methodological Threads

1. Tube-based Robust MPC (Constraint Tightening): This method uses a local feedback controller to confine the system states within a "tube-like set" around a nominal trajectory, translating the impact of uncertainty into constraint tightening for the nominal optimization. For nonlinear systems, recent contributions focus on constructing computable tube boundaries using offline-computed incremental Lyapunov functions or incremental stabilizing feedback. This allows the online phase to handle only scalar bounds rather than high-dimensional set operations, thereby achieving superior online efficiency.[41][42]
2. Stochastic MPC and Chance Constraints: Constraints are expressed in probabilistic terms (e.g., "collision probability ≤ δ" or "voltage violation probability ≤ δ") and converted into solvable forms using distribution propagation approximations, scenario-based methods, or conservative upper bounds. Reviews on Stochastic MPC explicitly note that tractable approximations of probabilistic constraints, bounding closed-loop constraint violation probabilities, and online computation remain core challenges.[43][44]
3. Active Uncertainty Learning and Dual Control: Probing/learning value is explicitly incorporated into the control objective to balance "current performance" with the "reduction of future uncertainty." Related surveys emphasize that the primary difficulty of dual control lies in unifying computational feasibility (due to the dimension explosion of the information state) with theoretical analysis (optimality and stability).[45][46]
4. Distributionally Robust and Risk Measures: While not all branches are expanded upon here, distributionally robust optimization and risk measures have frequently served as a bridge in recent data-driven predictive control and uncertainty set construction. This approach transforms uncertainty from finite samples into a "worst-case expectation over a set of distributions" or objectives such as CVaR, facilitating integration with convex optimization and first-order algorithms.[47][48]

TABLE 1.  Comparison of Robust and Stochastic MPC (Methodology Families)

	Methodology Family
	Representative Idea & Adaptation
	Advantages
	Costs / Risks

	Tube MPC (Set-based Disturbance)
	Nominal optimization + Constraint tightening + Local feedback tube 
	Strong constraint guarantees, theoretical maturity, engineering feasibility
	Potential high conservatism; complex tube construction for nonlinear scenarios 

	Stochastic / Chance-Constrained MPC
	Probabilistic constraints + Approximate propagation / Scenario methods 
	Performance improvement under acceptable risk; better alignment with practical uncertainty
	Difficulty in probabilistic bounds; safety affected by approximation errors; high computational load 

	Active Learning / Dual Control MPC
	Coupling "probing" and "control" within MPC 
	Reduces conservatism; improves long-term performance and model quality
	Both theoretical and computational difficulty; requires designing controllable information gain approximations 



2.2.3 Nonlinear MPC and Economic MPC

Nonlinear MPC (NMPC) handles nonlinear dynamics and non-convex constraints, emphasizing broader applicability. Economic MPC (EMPC), on the other hand, directly adopts objectives such as "economic indicators, energy efficiency, throughput, or loss" rather than merely tracking a reference. A 2014 tutorial review on Economic MPC explicitly identified the research focus as: how to guarantee stability and safety in some sense under economic objectives, and how to evaluate long-term economic performance.[49][50]

2.2.3.1 Key Methods and Representative Directions

1) Dissipativity and Rotated Cost Tools: Economic objectives often fail to satisfy traditional quadratic positive-definiteness conditions. Therefore, closed-loop stability and performance analysis must be established on frameworks such as dissipativity and storage functions, with provable conclusions obtained through cost rewriting or the addition of terminal constraints/terminal terms. Both Economic MPC tutorial reviews and handbook chapters emphasize these tools as the core bridge connecting "economic optimality" with "safety and stability".[51][52]
2)"Dynamic Objectives" in Tracking-based NMPC: In robotics and vehicle tasks, objectives may manifest as dynamic trajectories, periodic references, or time-varying references generated by a planning layer. Research on dynamic target tracking NMPC in 2020 merged stabilization and trajectory planning into a single optimization layer, achieving an adaptive tradeoff between "running near constraints" and "fast convergence" through terminal design and online terminal set adjustment.[53][54]
3)Computational Tractability of Robust NMPC: Robust nonlinear MPC often suffers from being "provable but computationally intractable." A 2021 framework attempts to minimize online complexity while ensuring robust constraint satisfaction and practical stability by utilizing offline incremental Lyapunov functions and online scalar bounds.[55][56]
4)System-Level Application-Driven NMPC Architectures: For instance, in tilt-rotor or hybrid UAVs, a unified NMPC can achieve trajectory tracking across the full flight envelope and handle changes in actuator control authority. Such work typically emphasizes the benefits of integrating switching or gain-scheduling controllers into a single optimization framework, validated through real-world flight tests.[57][58]

2.2.4 Data-driven and Learning-based MPC

Data-driven MPC and learning-based MPC can be understood as different focuses within the same spectrum: the former emphasizes "bypassing explicit modeling as much as possible" or "constructing predictors directly from data," while the latter emphasizes "using learning to improve models, costs, and constraints while maintaining safety guarantees". [59][60]A 2020 survey on learning-based MPC proposed a taxonomic perspective where learning can be applied to: (a) model learning (dynamics, disturbances, and residuals), (b) controller parameter learning (cost weights, constraints, and terminal terms), and (c) safety certification (e.g., safety filtering or safe sets in a probabilistic sense).[61][62]

CHART 1.  Typical Learning-based MPC Workflow (Mermaid)

[image: ]

This workflow embodies a closed loop of "Data – Model – Optimization – Execution - Re-learning." The primary challenges lie in: 
(1) how the learning-induced model errors can be quantified and incorporated into the optimization framework under the context of constraints and safety; 
(2) how to perform online updates without compromising recursive feasibility and stability.[63][64]

2.2.4.2 Key Method Families and Representative Works

GP-MPC (Gaussian Process-Augmented MPC): This approach utilizes Gaussian Process Regression (GPR) to learn unknown components or residuals of system dynamics while providing uncertainty bounds. By incorporating residual uncertainty into the optimization via chance constraints or "cautious" strategies, it enhances control performance while maintaining safety margins. Representative works in this field establish a complete chain from distribution propagation approximation to the construction of chance constraints, with demonstrations on highly dynamic platforms. A 2025 review further identifies that the primary challenges center on GP scalability, the approximations required for tractable MPC, and online update mechanisms.[65][65]

DeePC and Data-Driven MPC Guarantees: Data-enabled Predictive Control (DeePC) constructs Hankel matrices from input/output historical data to characterize system behavior, predicting future trajectories via linear combinations to directly solve constrained optimization. Its core appeal lies in "avoiding explicit state-space model identification," though it faces theoretical hurdles regarding noise, persistent excitation, and closed-loop guarantees. A 2021 theoretical work on data-driven MPC established a significant paradigm for stability and robustness: under LTI and bounded noise assumptions, it derives conclusions such as practical exponential stability through terminal equality constraints and slack regularization. Furthermore, the 2022 ODeePC introduced online primal-dual iterations at the algorithmic level to adapt to real-time operating point shifts, exemplifying the necessity of real-time algorithmic support for data-driven methods.[67][68]

Learning-Based Approximation and Explicit Control Laws (NN Acceleration): These methods either learn the explicit control law of the MPC (piecewise affine or general mappings) or learn the solver's iterative process and warm-start strategies, aiming to compress online computation to the level of neural network forward inference. For linear explicit MPC, ReLU networks can exactly represent piecewise affine functions, with theoretical bounds provided for network width and depth; this provides a foundation for the structural interpretability of "approximate explicit MPC". Simultaneously, research on constrained NN approximation shows that "constraint consistency" can be integrated into the learner's design through structured networks and constraint projection, rather than via post-hoc fixes. Progressing further, "Real-time Neural MPC" for highly dynamic platforms demonstrates the feasibility of combining deep learning with MPC to generate or accelerate low-level control, achieving real-time rates at the decahertz (Hz) level.[69][70]

Offline Data Generation to Substitute Robust Optimization: A 2018 study proposed using multi-stage robust NMPC to generate data pairs, followed by training deep networks to learn robust control laws. This approach shifts the online exponential complexity to the offline training phase, representing a typical path for "offloading robust computational challenges to offline processes".[71][72]

Provability and Safety Certification as the Main Theme: Reviews of both Learning-based MPC and Data-driven Guarantees explicitly identify theoretical guarantees for safety, stability, and constraint satisfaction as the watershed for whether learning paradigms can be deployed in safety-critical systems. Especially when learning introduces model uncertainty, a systematic theoretical chain is required to map learning errors to constraint tightening or probabilistic safety.[73][74]

2.2.5 Real-time and Fast MPC (with NN Acceleration)

Even setting aside learning considerations, the fundamental bottleneck for MPC in many robotics and power electronics applications remains the requirement to solve optimization problems within strict sampling intervals. Over the past decade, advancements in fast MPC have been driven by both algorithmic innovations (such as splitting/first-order methods, tailored linear algebra, warm-starting, and real-time iterations) and the evolution of software-hardware ecosystems (e.g., acados, GRAMPC, and FPGA/fixed-point optimization architectures).[75][76]

2.2.5.1 Representative Advances

Universal Software Frameworks for Embedded Systems: As an open-source framework, acados emphasizes modularity and integration with high-performance linear algebra, targeting embedded fast optimal control. It aims to achieve a balance between "flexibility/modularity" and "high performance". GRAMPC, on the other hand, is centered on gradient-based augmented Lagrangian methods, specifically designed for nonlinear MPC with (sub-)millisecond sampling rates, with a strong focus on runtime and memory requirements for embedded hardware.[77][78]
Hardware-Driven Exploration of Ultra-High Frequency (MHz-level) Online Optimization: For resource-constrained platforms, a 2014 study proposed a customized computing architecture tailored for fixed-point arithmetic and FPGA implementation. It demonstrated feasible control performance at sampling rates exceeding 1 MHz, illustrating that treating the solver as an object of hardware circuit design can significantly expand the application boundaries of MPC.[79][80]
Systematic Summarization of Embedded Optimization Methods: A review of embedded optimization systematically compares the roles of interior-point methods, explicit MPC, and first-order/splitting methods in industrial automation. It points out that code generation, structured linear algebra, and algorithmic "polishing" (including conditioning and acceleration) are critical for real-time performance.[81][82]
NN Acceleration as a Strategy for Fast MPC: When traditional solvers fail to meet the latency budget, learning approximate control laws or solver iterations becomes a viable alternative. However, this is contingent upon encapsulating "inference errors" within controllable risks through safety filtering, robust contraction, or probabilistic certification. Reviews of learning-based MPC identify this category as a major trend and emphasize its necessary coupling with safety certification mechanisms.[83][84]

TABLE 2. Comparison of Fast MPC Strategies

	Strategy
	Online Complexity
	Provability
	Engineering Effort
	Representative Examples

	Structured Numerical Optimization
	Low – Medium
	Strong
	Medium
	acados, GRAMPC

	Hardware Implementation / FPGA Customization
	Extremely Low
	Medium
	High
	MHz-level online optimization

	NN-based Approximation / Explicit Control Laws
	Extremely Low
	Weak – Medium
	Medium
	Neural representation of explicit MPC, Real-time Neural MPC




3. results and discussion

3.1 Application-Oriented MPC Research Ecosystem

Application-driven requirements frequently reshape the "default assumptions" of MPC research. For instance, automotive and UAV applications prioritize stringent safety constraints and high-dynamic real-time performance; power electronics emphasize ultra-high frequency, discrete switching, and model parameter drift; water systems focus on multi-scale dynamics, forecasting and multi-objective optimization; while industrial processes highlight economic efficiency and the integration of steady-state and dynamic optimization. Consequently, many "novel methods" are not merely theoretical variants, but rather systematic engineering revolving around application-specific model structures, constraint formulations, and real-time computation pipelines.[85][86]

3.2 Typical Applications and Case Studies

This section selects representative achievements from four application domains: autonomous driving/UAVs, power electronics and microgrids, industrial processes and economic operation, and water resources and urban water systems. It highlights the transferable insights across the pipeline of "Problem Structure — MPC Modeling — Online Solution — Validation Methodology."

3.2.1 Autonomous Driving and UAVs

Surveys on autonomous ground vehicles (AGVs) highlight that MPC encompasses tasks such as path tracking, trajectory planning, and multi-vehicle coordination, utilizing both centralized and distributed architectures. Challenges in automotive scenarios are primarily centered on nonlinear tire dynamics, constraint boundaries, real-time requirements, and the coupling with high-level planning and behavioral decision-making (integrated with safety constraints). The core strength of MPC is its ability to incorporate collision avoidance, lane boundaries, and actuator limits directly into the optimization problem, thus harmonizing control objectives with safety constraints.[87][88]
In UAV and aerospace systems, literature reviews emphasize MPC’s capabilities in attitude/trajectory control, guidance, and constraint handling, which is often deeply coupled with rapid numerical solvers.[89][90] Case studies on nonlinear MPC (NMPC) for tilt-rotor and hybrid UAVs demonstrate that a unified NMPC framework can manage flight mode transitions and control allocation. This enables full-envelope trajectory tracking without the need for switching or scheduling multiple controllers, a feat validated through actual flight experiments. Such system-level cases underscore that model fidelity, actuator constraint modeling, and solver/code implementation are of equal importance, representing a "Control-Numerical-System" trinity paradigm for MPC deployment.

3.2.2 Power Electronics, Drives, and Microgrids

In power electronics, the appeal of MPC stems from its fast dynamic response and its ability to handle multivariable constraints. However, in switching systems and converters, the high sampling frequency and discrete control sets create bottlenecks for online computation. This has led to a series of engineering variants, including Finite Control Set MPC (FCS-MPC), Continuous Control Set MPC (CCS-MPC), and integration with PWM/modulation schemes. Literature reviews in this field typically organize the methodology taxonomy around three core elements: the prediction model, cost function, and optimization algorithm, while highlighting challenges such as weighting factor tuning, model parameter mismatch, and real-time implementation.[91][92]

At the microgrid level, surveys categorize MPC applications into converter-level and system-level control, embedding them within hierarchical control architectures (primary, secondary, and tertiary). These reviews demonstrate MPC's potential in voltage/frequency regulation, power flow management, and economic operation optimization, while noting that the field remains in a phase of rapid development. Further reviews focusing on the secondary and tertiary layers of microgrids emphasize that MPC at higher levels must address factors such as communication, distributed coordination, prediction errors, and multi-time scales.[93][94]

A primary motivation for introducing data-driven predictive control into power electronics is that accurate models for certain devices or operating conditions are often difficult to obtain or exhibit significant time-variance. Methods represented by DeePC (Data-Enabled Predictive Control) construct predictors directly from data and enhance noise robustness through regularization. Related works have reported experimental validations on power converters, demonstrating that data-driven MPC can be effectively integrated with the high-frequency control requirements of power electronics.[95]

3.2.3 Industrial Processes and Economic Operation

The process industry has long been a pivotal application domain for MPC, driven primarily by multivariable coupling, stringent constraints (such as valves, temperature/pressure, and safety boundaries), and a strong demand for economic optimization. Reviews from an engineering perspective emphasize that MPC shifts the core effort of control design "upstream" toward modeling and online optimization implementation, while summarizing engineering strategies to address feasibility, stability, and computational burden.[14][15] 

Tutorial reviews on Economic MPC (EMPC) further define "economic performance" as a direct objective—for instance, by incorporating energy consumption, yield, and profit directly into the cost function—and discuss closed-loop stability and performance evaluation under such frameworks. The industrial significance of EMPC lies in its attempt to bridge the gap and reduce potential inconsistencies between the traditional "two-layer RTO (Real-Time Optimization) + tracking MPC" architecture, leading to a tighter coupling of online optimization and closed-loop control under dynamic constraints.[6][22]

Typical entry points for learning-based or data-driven strategies in industrial processes include addressing "model mismatch" and the "excessive overhead of multi-stage robust optimization." One prominent approach involves using Robust NMPC to generate high-quality data, which is then used to train deep neural networks to approximate robust policies. This paradigm shifts prohibitively high online complexity to offline learning, thereby enabling approximate robust control during real-time operation.[28][30]

3.2.4 Water Resources Systems, Urban Drainage, and Water Quality Control

Water resources systems are characterized by multi-scale dynamics, strong uncertainties (meteorology, inflows, demand), and multiple objectives (flood control, water supply, ecology, energy consumption). Consequently, Model Predictive Control (MPC) is naturally suited to incorporate disturbance predictions (rainfall, inflow forecasts) into real-time optimization. A 2023 review synthesized 149 publications spanning 25 years across three system types—reservoirs, open channels, and urban water networks—and identified four key challenges hindering further deployment of MPC in the water sector: the lack of systematic benchmarking, insufficient assessment of uncertainty impacts, inadequate analysis of the effects of prediction types/resolution/time horizons, and insufficient consideration of multi-objective characteristics.[35][57]
Reviews of urban drainage systems emphasize that drainage MPC research exhibits high heterogeneity. They propose a unified terminology and hierarchical classification based on four components (receding horizon principle, optimization model, solver, and internal MPC model) to improve comparability across different methods, while also noting that operational-level implementation cases remain relatively scarce. In practical water network control, MPC must also balance scalability and real-time response: for instance, studies on water quality regulation have proposed scalable state-space modeling and fast MPC algorithms, reporting a degree of robustness against uncertainties.[17][18]
It is worth emphasizing that water system scenarios often simultaneously require forecasting (rainfall/demand/water quality), multi-objective trade-offs, and robust handling of uncertainties. Therefore, this field is inherently well-suited for advancing an integrated MPC framework encompassing "predictive–robust–distributed/hierarchical–data-driven" approaches.[3][4]

3.3 Challenges and Future Directions

Although MPC theory and toolchains are already rich, the research frontier from 2014 to 2026 continues to revolve around three major constraints: "provable security, real-time capability, and learnability." Both the 2026 survey and the 2021 engineering survey point out that theoretical completeness does not imply the disappearance of application challenges; computation and modeling remain the primary obstacles. Meanwhile, the rise of learning-based MPC has elevated safety and verifiability to even more central positions.[16][27]

Limitations of this review include the absence of quantitative benchmark comparisons across different MPC methods and less coverage of some industrial application details.

[bookmark: OLE_LINK1]4. Conclusion

Between 2014 and 2026, MPC achieved landmark advances along three fronts: uncertainty handling evolved from "conservative guarantees" toward computable, learnable robust/stochastic frameworks; task and performance definitions expanded from "reference tracking" to economic optimality and system-level objectives; and real-time implementation broadened from pure algorithmic optimization to encompass software frameworks, code generation, and hardware co-design, complemented by learning-based approximations. [29][31]For researchers in control, robotics, and autonomous driving, the most critical future research question is: while incorporating learning and data-driven mechanisms, how to preserve or re-establish MPC's advantages in safety, constraint satisfaction, and interpretability, thereby establishing it as a unified paradigm connecting "models–data–optimization–safety."[33][95]
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