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Wave–wind energy conversion systems integrated have become an interesting alternative for enhancing the reliability of renewable power generation, mainly at maritime/coastal sites with severe resource variation. However, the interconnection of two very fluctuating energy sources impose great power quality challenges, dynamic stability and coordinated control. In this study, a new hybrid wave–wind system aimed at real time energy management and MPPT has been developed based on Fuzzy Logic –MPC driven MOPSO optimization algorithm is proposed. The proposed structure combines: (i) a Fuzzy Logic Controller (FLC) for adaptive MPPT control in non-linear and fast changing sea states; (ii) a Model Predictive Controller (MPC) for short-horizon optimisation of active/reactive power flows and converter dynamics; and, (iii), a MOPSO supervisory layer that chronologically monitors the efficiency, power smoothness and mechanical stress system-wide. Numerical results indicate that the proposed FLC–MPS control is truly responsive to fast variations of wave height and wind turbulence, up to 22% improvement in MPPT tracking accuracy with respect to conventional approaches being reported. By allowing the system to autonomously adjust the number of optimal control parameters off grid the MOPSO algorithm achieves a 17% decrease in power oscillations, 28% improved energy capture ratio as well as significant decreases on turbine and point absorber mechanical loading. Moreover, the hierarchical mode guarantees that both the storage use and grid-connected operation are implemented in a coordinated manner, such that with complex ocean–wind disturbances, the voltage and frequency can be stably regulated. In conclusion, it can be noted that the multi-layer intelligent control approach satisfied energy capture maximum effort and system reliability, as well as improved power quality for in integrated wave–wind energy systems. This work provides a scalable platform for the next-generation marine renewable hybridization and enables the transition to sustainable offshore energy infrastructure and secure coastal microgrids.
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Introduction
The fast incorporation of renewable sources into modern power systems has aggravated the requirement for stable, efficient and coordinated multi-source power conversion architectures. In this context hybrid wave–wind energy systems have recently attracted significant attention in coastal and island areas because of wind and wave simultaneously-generated energy with complementary profiles: wind has a high but predictable seasonal variability, while waves have large power density and good temporal stability. The nonlinearities, the uncertainties in parameters, and multi-time-scale behavior of hybrid wave–wind systems are, however, complicated with respect to control and optimization issues. It is well known that traditional deterministic formulations struggle in such environments, and they are forced to adopt adaptive, nonlinear, and optimization-based solutions, which allow for the real-time coordination of multiple subsystems.
Modern studies of renewable energy control have shifted towards the fusion of Fuzzy Logic Controllers (FLCs), Model Predictive Control (MPC), and multi-objective optimization algorithms, namely Particle Swarm Optimization (PSO) as the cooperative system-level proponents. Every approach possesses its own strengths: FLCs deal with nonlinear uncertainties, MPC offers predictive constraints-based optimization, and PSO provides global multi-objective tuning for high-dimensional parameter spaces. Although such tools have been used in isolation on wind turbines, wave energy converters (WECs) and maximum power point tracking (MPPT), their simultaneous application has not so far been presented within a unified framework where one is looking at energy dispatch, quality of power delivered, MPPT efficiency and sub-system interactions involved with the hybrid wave–wind system.
The four main types of WECs that convert the mechanical work of ocean waves into electricity are point absorbers, oscillating water columns, attenuators and overtopping devices - converting kinetic and potential wave energy to electrical power. The point absorbers are especially promising in this approach, since they are simple in design and to basic sea states easily adjustable [1]. Despite their large potential, WECs are less developed compared with wind and solar power being the maturation dependency on structures of highly nonlinear hydrodynamic nature (WEC), complex mechanisms to capture energy known as PTO (Power Take-Off) devices or devices connected to it and also subjected operating environments of marine exposure severe [2]. These difficulties have imposed a challenging control problem in which the system must balance to maximize instantaneous power generation as well as structural survivability and allowing for stable electric output under stochastic wave conditions. Operation of WECs is typically required to coordinate the converter motion with wave oscillations. This involves a continuous tuning of the PTO damping and stiffness to keep device operating in the vicinity of its optimal hydrodynamic condition with maximum power capture. Proportional derivative or constant parameter feedback feedforward schemes are generally of limited use under irregular sea conditions, because they cannot adequately provide compensation for large variations in wave height, spectral energy distribution or excitation frequency content [3]. Therefore, the study on adaptive, predictive and optimization-based control schemes for systems with nonlinear dynamics and modeling uncertainties have recently experienced an increasing interest. Most advanced WEC modelling frameworks are based on the Cummins equation that includes convoluted radiation forces, viscous drag, memory effects as well as stochastic excitation terms [4]. Model Predictive Control (MPC) has thus been identified as a widely-investigated method, which can be used to estimate the upcoming wave excitation forces and calculate the optimal PTO torques or forces over a rolling horizon [5]. MPC-based approaches have shown improvements in the power absorption while handling better constraint management related to causality problems, but they are still cumbersome requiring a lot of computation time and subject to the accuracy of hydrodynamic models, which becomes even more challenging in highly variable sea states [6]. To address the above-mentioned challenges, nonlinear MPC [6], [16–18], adaptive MPC [8] and SMPC approaches have been developed to enhance prediction fidelity with less computational burden [7].
Simultaneously, MPPT, which is a control strategy typically applied in PV systems, has been extended to WECs applications with the aim of not controlling electrical behavior but regulating the velocity and trajectory of motion a buoy tow paths such as those that tend energy maximizing reference profiles. Fuzzy Logic Controllers (FLC) areomise for MPPT as they can utilize heuristic know-.10ledge, suppress uncertainty and accommodate irregular011wave excitation without any necessity of exact system model[8]. Recently, hybrid neural–fuzzy MPPT techniques have been introduced and shown to achieve better power profile at sea states dominated by highly irregular and choppy waves, faster dynamic response, and superior tracking during stochastic changes of the sea-state [9]. These inspiring achievements emphasize the growing necessary for smart, adaptive and predictive control architectures to fully harness the renewable potential of wave energy conversion systems. Wind energy conversion systems (WECS) have been developed substantially in recent years, and so has wave energy technologies, but the joining of the two as a hybrid renewable platform presents a further level complexity in control and optimization. Wind turbines have nonlinear aerodynamics, the wind profile containing stochastic and fast-varying components as well as parametric uncertainties that make traditional MPPT and droop control difficult to apply. Conventional pitch and torque control strategies may not be optimal for operation in a fast turbulence, extreme gusts or low-inertia grid scenario and that motivates the need of intelligent and optimization driven control. It has been shown in [10] that a fuzzy logic MPPT provides better performance than the perturb-and-observe and incremental conductance algorithms for wind sources with unpredictable speed variation by tuning gain parameters based on optimization and without an accurate model of the turbine. The combination of fuzzy and neural techniques in the MPPT control undoubtedly gains more attentions since it can improve converging time, remove the measuring noise by filtering [11], where MPC-based maximum power point tracking (MPPT) algorithms have proved their assets based on ability to extract energy from wind with minimum tip speed constraint has been proposed [12]. Model Predictive Control (MPC) has become increasingly popular for WECS because it can predict speed evolution of rotor and make the blade pitch angle and generator torque calculated in an optimal manner, enhancing dynamic stability against stochastic wind disturbance loading [13]. In the case of large modern turbines, attention has been drawn to nonlinear MPC (NMPC), since linearised aerodynamic models are not able to describe higher-order dynamics under rough wind conditions [14]. Despite the superior performance of NMPC, its computational burden leads to hierarchical, multi-layer approaches with optimisation supervisory layers and real-time control lower layers.
In this broader context, hybrid wave–wind energy systems are considered as a promising solution due to the complementary generation characters of wave and wind: the wave power continues at quite high levels when there is no wind (or weak winds); in contrast, during storm events, the wind resource can be significantly enhanced. This complementary between them helps in decreasing the variability and storage space, but it also introduces control and stability issues. Research points out the importance of centralized dispatching in order to avoid mechanical weariness, unwanted lower power oscillations and a low active subsystem interaction [15]. Specifically, for a hybrid system the DC-link voltage needs to be kept stable and power-sharing between wave and wind converters needs to be controlled with attention given also upon avoiding accelerated mode of operation of the common grid-side inverter [16]. Besides, the combined wind–wave energy converter platforms are subject to combined disturbances caused by turbulence of the wind and irregularity of the wave, which results in voltage fluctuations, harmonic distortion torque flutter. Hence there is a growing interest in multi- objective optimization-based control architectures that can deal with both the subsystem level dynamics and system-level power quality constraints [17]. These trends underscore an increasing demand for the intelligent, predictive and optimization-based control of hybrid renewable energy systems that can deal with nonlinear behaviors and environmental uncertainties. Fuzzy logic controllers (FLCs) have been acknowledged for many years as one of the efficient controllers used in renewable energy systems. Due to the explicit-man knowledge, which is represented by fuzzy IF-THEN scenario rules and the substantial uncertainty originating from high nonlinearities in many closed-loop FLC describe relationships between input variables and outputs (linguistic terms) reliable for control action selection can be created. Automated control actions are generated if a suitable potion of feedback sensor signals is available. In hybrid renewable systems, FLCs have been used in power energy management, MPPT control and voltage regulation with good performance in PV/wind and fuel cell [18] based hybrid systems. Although these are outside the wave-energy realm, they demonstrate the applicability of fuzzy logic control when dealing with high-dimensional state, highly nonlinear generation characteristics. Recent advances, meanwhile, have combined fuzzy logic with particle swarm optimization (PSO) to improve decision-making under uncertainty. Taukin et al., [19] applied PSO-tuned FLCs to reduce dynamic shading defects in PV systems and to increase the accuracy of MPPT tracking at highly dynamic conditions; a promising strategy for wave–wind hybrid systems where environmental unpredictability is equally acute.
Though there are these merits, classical fuzzy controllers donot have prediction function and if the rule bases and membership functions of the controller are not updated real-timely, their performance deteriorates under severe or varying operating conditions. This has led to the development of hybrid fuzzy–predictive structures where FLCs are integrated with sophisticated predictive or optimisation-driven modules [20]. Fuzzy Control has traditionally been used to handle imprecise and nonlinear systems, whilst Model Predictive Controller (MPC) has also started gain popularity in REI because of its capability to integrate constraints on the process, predict future disturbances and optimize control sequences using receding horizon. In the case of WECs, MPC has been applied to minimize PTO forces and hydraulic power take-off effort while maximizing real time energy capture and ensuring structural safety in uncertain waves [21]. Its predictive nature is especially advantageous in hybrid wave–wind systems as environmental interaction among subsystems demands anticipation. However, its heavy computational demand -in particular when large prediction horizons or non-linear system models are considered- restrains the real-time feasibility of this approach unless combined with reduced-order models or auxiliary optimization layers [22], [23]. Particle Swarm Optimization (PSO) adds another level of diversity to the control toolkit through providing a flexible metaheuristic with which several online and offline management problems can be addressed simultaneously. PSO is extensively used in tuning controller gains, determining MPPT parameters and optimizing hybrid system dispatching schedule with conflicting optimization objectives (for example: the reduction of energy loss, storage aging and operating cost [24]. Its multi-objective extension, MOPSO, competes with sets of Pareto-optimal solutions applicable to systems where there is a trade-off between power capture, stability and economic issues. PSO and MOPSO tend to exhibit good performance in offline or supervisor-level optimization [25], but as population-based search procedures they are typically not well-suited for fast real-time control loops because they converge rather slow on high-dimensional domains. Instead, they perform well as a supervisory controller for parameter fine-tuning or slow-reinforcement optimization. This trend has led to a new family of control and optimization architectures called hybrid systems, which combines the strengths of the FLCs, MPC and PSO on multilayer environments. They have the real-time ability of fuzzy logic, the prediction and constraint-handling capability of MPC, and they are efficient in global search as the PSO-based optimization methods. For instance, PSO–FLC hybrid setups are used for MPPT control in PV-arrays, PSO–MPC architectures have been designed to facilitate electric vehicle charging and grid-interactive renewable systems [26]–[27], and fuzzy–MPC controllers are used to enhance stability in microgrid applications [28]. Nonetheless, despite the wide appeal of these hybrid approaches for wave–wind interactions, there are very few works which apply such techniques to an integrated wave–wind system and this gap in literature is particularly acute. Due to the stochastic and nonlinear nature of wave and wind power, and the dynamic coupling between devices that are co-located together or combined in hybrid systems, these systems would also benefit significantly from three-layered structures that incorporate into them predictive MPC control at intermediate time scales fuzzy approach for fast response layers multi-objective PSO optimization in the supervisory layer.
Hybrid approaches for renewable systems are also supported by some recent works. Fuzzy–MPC schemes enhance the rapidity of disturbance rejection and long-term constraint satisfaction [29], PSO–MPC systems enhance performance through optimal selection of horizons and weighting matrices [30], PSO-tuned fuzzy controllers lead to improved accuracy in nonlinear energy systems by optimizing membership functions and rule structures [24]. While only a few publications report the integration of all three topologies, growing research suggests that tri-layer hybrid fuzzy–MPC–PSO structures greatly improve power quality, reliability and energy scavenging in microgrids and hybrid renewable sources. This serves as a solid basis for the widening of such paradigms to the wave–wind energy domain—where real-time coordination, nonlinear hydrodynamics, and multi-objective optimization are essential but remain, to some extent unexplored challenges.
In the control and optimization for renewable systems which have been widely researched, however there are some research gaps inspire this study:
· Wave–Wind Hybrid Control Architecture: Most of the control works focus on either wind or wave generation separately, while real-time integrated control structure for hybrid wave–wind systems is relatively less mature.
· Intelligent predictive control integration: The application of MPC and fuzzy logic to renewable energy systems is known but the hierarchical combination of both with multi-objective metaheuristics are less explored.
· Real-time multi-objective optimization MOPSO and other methods are efficient in offline hybrid renewable optimization but they are uncommon for real-time operation particularly in hierarchical control structures.
· Environmental forecast integration: Real-time control approaches which incorporate short-term environmental forecasts in energy management decisions for hybrid systems are at very early stage.
· Constraint-Aware Multi-Objective Control: Real-world systems are under various operating constraints and can be modeled as optimization problems with multiple objectives, where an optimal solution should consider trade-off over different criteria (e.g. energy harvesting, stability, economic cost, environmental impact), whilst satisfying the constraints during operation which is not well addressed by existing works.
These deficiencies highlight the need of control architecture that integrates fuzzy logic, MPC and multi objective PSO in an integrated hierarchical to synthetic law for coordination between energy management and MPPT control techniques for HWW. The literature shows great developments in wave energy regulation, wind turbine optimization, smart MPPT algorithm and evolutionary optimization. But the fusion of Fuzzy Logic, MPC, and multi-objective PSO for coordinated control of wave–wind hybrid systems is not found in literature. This integration is essential for the efficient MPPT, better energy dispatch, good power quality, and durability of mechanical structure in the long run. This gap is bridged by the proposed framework providing a combined approach for new generation hybrid marine renewable systems.

Methodology 

The Proposed Coordinated Energy Management and Maximum Power Point Tracking in Integrated Wave–Wind Conversion System
The block diagram in Fig. 1 represents such an integrated multi-layer intelligent control architecture developed for a hybrid wave–wind energy conversion scheme, which contains the combined capabilities of Fuzzy Logic Control (FLC), Model Predictive Control (MPC) and Multi-objective Particle Swarm Optimization (MOPSO) to coordinate energy usage along with power generation at peak levels when operating under different marine states. Wind and wave energies are highly stochastic, their dynamics are nonlinear and they oscillate on very fast timescales as a result traditional linear controllers simply do not apply. These challenges have all been directly addressed in the architecture via hierarchical control, predictive optimization, and adaptive tuning. Wave and wind energy input is made the dominant source of mechanical excitation. The WEC kidnaps energy by exploiting the motion of the WEC induced from wave action (irregular waves) into useable power; the WTG uses usable power designed from turbulent flow. These two sub-systems inherently produce different disturbance signatures—wave motion is predominately low frequency oscillatory and wind turbulence in frequent high-frequency fluctuations. The system needs a control structure that can handle both slow hydrodynamic variations and fast aero thermo-dynamic disturbances in collaboration.
The initial intelligent processing level is fulfilled by the Fuzzy Logic Controller at the wave–wind input block. FLC is used since it does not require the accurate mathematical models and thus it has become a robust controller for uncertain or nonlinear systems such as ocean. It responds quickly to the variation of PTO speed, excitation force, wind rotor speed and torque errors, providing the correction-activated stabilizing actions. Fuzzy logic furnishes crude intuitive nonlinear control by translating linguistic rules into system states to enhance damping, keep transients smooth and ready the system for subsequent more sophisticated predictive control. Its output is applied to lower MPC block and hence, fuzzy adaptivity precedes predictive optimization. One characteristic of the architecture is that it includes two MPC layers: one for different purposes. The higher layer in MPC is applied as a strategic anyone prediction controller. Inputs It takes the optimal parameters from the MOPSO block including weight matrices, prediction horizon and constraint bounds. Using these, the upper MPC forecasts wave and wind perturbations over a prediction horizon and prescribes reference paths that optimize power production subject to mechanical constraints. It also governs the optimal PTO damping, generator torque control law and other supervisory management level operations in driving the system towards long-term performance targets. The below MPC layer is responsible for real-time operational control. It further improves the fuzzy cognitive corrections and upper MPC references, producing high-fidelity actuator commands to stabilize against instant-to-instant disturbances. This layer restricts operation within safety limits—generator torque limit, as well as for maximum PTO force (from the hardware) etc.—division angle limits including if acceptable variations in some specific voltage. The hierarchical combination of two MPC levels enables the top level to handle long-horizon optimization under uncertainty and while the bottom level takes care of short-horizon precision and constraint satisfaction. This twofold structure greatly improves the robustness in hybrid wave–wind systems where single-level MPC tends to be computationally heavy or not adaptive enough. The MPPT block is placed towards bottom right, close to the function MPC it run with. In contrast to PV systems where a fixed I–V curve exists, wave and wind MPPT are based on the dynamic mechanical environment. The PTO damping term for waves and rotor speed in wind turbines from MPPT algorithm need to be updated constantly to have desired power extraction when operating under highly irregular sea states. Connecting the lower MPC to MPPT guarantees the accomplishment of MP at maximum without any safety constraint violation and oscillation source. Coordinated Energy Management (CEM) is utilized to supervise balance the wave and wind outputs. Its function is to adapt the intermittent character of renewable marine resources (which are photovoltaic like) in order to provide a stable power production. CEM takes into account system-level requirements including power smoothing, grid code adherence, converter utilization, and energy sharing policies. It receives and fuses information from task coordinator, MPC, MPPT and the fuzzy controller to coordinate an optimal power split among components and with external grid/storage. The global optimization layer is the Multi-Objective PSO optimizer at the top of the figure. The system parameters are tuned by MOPSO to achieve opposite conflicting objectives of maximizing the total energy generation, minimizing structural stresses, dropping power quality and increasing the system reliability. Fuzzy membership functions, MPC weights, constraint prioritizations and MPPT gains are optimized. The arrows linking MOPSO output to the upper MPC, indicate the fact that optimization is performed at lower supervisory timescale allowing for on-line adaptive retuning in case of changes in sea states or wind conditions. Such global-to-local tuning mechanism guarantees that the control action is kept optimal for a long time.
The Outputs block on the right is a combination of all smart layers. These outputs are the electrical power injected into the grid, power quality indexes (voltage variation and harmonic distortion) mechanical indicators (PTO motion and rotor speed) as well as system stability measures. The location of this block at the extreme right-hand side of the diagram indicates that the entire architecture processes and converts raw environmental energy inputs to permanent, high quality electrical power. In general, this architecture reflects a refined combination of reactive, predictive and evolutionary control techniques. The FLC deals with instant nonlinear disturbance conditions, the MPC is applied for predictive constraint-based control and the PSO improves global multi-objective. With this layered synergy, the hybrid wave–wind can handle harsh environmental variability and thus achieve maximum power extraction performance without sacrificing structure safely. The design is also modular, flexible for adapting and scalable--being able to add on extra renewables or storage--and it forms a key breakthrough in smart marine energy system control.
Fig. 2 depicts the block diagram of the multi-layer intelligent control architecture for an integrated wave-wind energy conversion system - FLC + MPC + MOPSO based, under consideration. This hybrid structure is developed to tame the complicated, non-linear and highly variable characteristics of marine renewable resources in achieving maximum power capture, generator-side converter stable operation as well as ideal integration between the wave rotor system and the wind turbine. Wave input (wave elevation and velocity) and wind input (wind speed and turbine states) are supplied to system. These environment variables are what supply the original mechanical excitation for the power converters, and they also create a substantial amount of uncertainty. Both wave and wind demonstrate strong random fluctuations and non-linear behavior. In such case the conventional control methods are not suitable for ensuring optimal energy capture and stability. The diagram emphasizes input-level processing by fuzzy logic controllers (i.e. they are right next to the environmental inputs). These are controllers for nonlinear MPPT and quick disturbance attenuation. Fuzzy logic does not require the exactness of mathematical model, therefore it can adequately adapt to the state of sudden change of PTO loading, rotor torque and excitation force. The output vectors of the FLCs are passed to Model Predictive Controller, which is the predictive part of the architecture. MPC employs predictive control to predict disturbances in the future and impose mechanical motion, generator torque, PTO damping and DC-link voltage constraint. This predictive feature is a vital element to make the system stable in the presence of uncertainty while continuously making moves toward the most optimal operation. Unlike the fuzzy controller, which only responds at present time, MPC addresses short- and long-range control objectives by solving on-line constrained optimization problems. A most important improvement of the MPC layer is exhibited at the top right: Multi-Objective PSO Optimizer. The block fine-tunes some adjustable parameters, e.g. MPC weights, prediction horizon, fuzzy membership functions, and energy management constraints. With inclusion of multi-objective performance metrics, such as maximizing harvested power, minimizing stress in the structure, and enhancing power quality - the PSO layer ensures that both MPC and FLC levels work at global optimised setups. The arrows that feed the MPC and MPPT Execution blocks emphasize the even-larger role of PSO in monitoring the system over aggressive wake-up times (hours) under changing ocean conditions. The MPPT Execution block at the right of the diagram is for real time power extraction optimization. It is also responsible for DC-link voltage regulation, optimum power dispatch between wave and wind converters, as well as setting operational parameters to maximize captured instantaneous energy. Because a second MPPT Execution block is just tied directly under the MPC this implies there is also further, layered execution of control where decisions in advance are made and instantaneous decision must be clarified how predictive decisions contribute to stable results. Swap for later in the paper adjustments cooperate with each other eventually to yield high quality power output independently from steady or unsteady phenomena.
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Fig. 1. The schematic of the Proposed Fuzzy Logic– MPC Driven Multi-Objective PSO Optimization Approach for Coordinated Energy Management and Maximum Power Point Tracking in Integrated Wave–Wind Conversion System.
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Fig 2. The flowchart for the proposed Fuzzy–MPC–PSO multi-layer optimization framework for coordinated energy management and maximum power point tracking (MPPT) in an integrated wave–wind conversion system.
Simulation Results and Discussion
In this section, the proposed Fuzzy Logic–MPC-Driven Multi-Objective PSO Optimization Framework for combined wave–wind hybrid power extraction systems is thoroughly assessed. These were used to simulate in the high-fidelity MATLAB/Simulink environment for both hydrodynamic and aerodynamic detailed models, including irregular wave profiles, stochastic wind input data, nonlinear PTO dynamics, generator schedules, grid-side converters and newly-developed real-time MPC optimisation routines. A control step of 1 ms was used for all simulations in the inner loops and MPC horizons varied between 50−100 ms depending on the case. Results were compared with four reference controllers:
1. Conventional Fuzzy Logic Controller (FLC-only)
2. Traditional Model Predictive Controller (MPC-only)
3. Standard PSO-tuned controller (offline optimization only)
4. Baseline PI-based MPPT and dispatch control
The integrated wave–wind system was tested in Fig. 3 under non-Gaussian JONSWAP wave conditions with a significant wave height of 1.5 m and peak periods varying from 6s to 8s where realistic nonlinear hydrodynamic forces including memory effects generated by radiation as well as relatively stochastic real-time excitation force inputs were considered. These tests were chosen to robustly test the MPPT features of the PTO unit and also controller performance throughout heavily fluctuating sea states conditions. For all modelling cases, the hybrid fuzzy-MPC-PSO based controller achieved better tracking and stable performance compared with its counterparts. As it was presented in the results, the PI base performance reached a mean MPPT efficiency of 72.4%, which further increased to 81.7% with fuzzy logic by itself. MPC also improved performance to 87.9%, however the hybrid controller achieved 94.6% and hence significant increase in power harvesting under dynamic wave loading conditions compared with previous works. Likewise, peak power tracking error decreased from 18.4% (PI), to 11.6% (FLC), to 7.3% (MPC) and finally to 3.1% by employing the proposed controller. The behavior of the reactive power oscillations followed a similar pattern with the hybrid controller reducing them by 61% from no reduction compared to 22% (FLC), and 37% under MPC) for PI. These enhancements in Table 1 demonstrate the synergistic benefits of the hybrid control methodology. The fuzzy logic layer quickly corrects nonlinearities of short duration, and abrupt wave transients by adaptive rule-based reactive computing. Thereby, MPC contributes in predicting the future wave excitation forces as well as enforcing hydrodynamic and actuator constraints for stable device motion to avoid overloading. The multi-objective PSO optimizer adaptively tunes fuzzy membership functions and MPC weighting matrices, resulting in a globally optimized controller configuration which balances the system efficiency, structural loading and power smoothing. Together, they enable the system to retain optimal PTO dynamics even under severe wave irregularities and enable a greatly improved MPPT performance, reduced oscillation tendencies and an overall more efficient energy extraction operation.

Table 1: Wave Energy Converter (WEC) MPPT Performance
	Metric
	PI Baseline
	FLC
	MPC
	Proposed Fuzzy–MPC–PSO

	Avg. MPPT Efficiency
	72.4%
	81.7%
	87.9%
	94.6%

	Peak Power Tracking Error
	18.4%
	11.6%
	7.3%
	3.1%

	Reactive Power Oscillation Reduction
	0%
	22%
	37%
	61%
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Fig 3. Wave Energy Converter (WEC) MPPT Performance
Instantaneous MPPT efficiency curves in Fig. 4 illustrate distinct performance behavior of the four controllers—PI, FLC, MPC, and the proposed hybrid Fuzzy–MPC–PSO—under IEC- class turbulent wind input speed with mean wind speeds 10–12 m/s, and fast wind gust of up to +5 m/s in terms of response during gust grappling at each instance. Under these severe environmental conditions, baseline PI controller demonstrates strong instability—lower efficiency drops, recurrent overshoot momentum every time gusts came about. The oscillations stem from the fact that the PI controller has slow dynamic response, and no nonlinear compensation can be made, hence with a large loss in energy of 23% when subjected to sudden gusty wind. Fuzzy system also gives better first response with more efficiency until the onset of turbulence as a result of its non-linear rule-based adaptation in contrast. When the turbulence is still severe, however, the performance of FLC deteriorates with time and the efficiency curve droops down due to an ultimate saturation of rule-bases to intuitively switch between different aerodynamic states at a fast pace. This is consistent with well-known results in the literature that indicate that fuzzy controllers work well for moderate variations, whereas they do not adapt enough when faced with extended and/or large turbulence unless their parameters are dynamically tuned. The MPC controller provides a better trajectory due to its predictive function, which allows it to smooth efficiency changes and surpass the PI and FLC. MPC predicts elevatable torque changes and adjusts the rotor speed accordingly, this has shown however to still have significant short-term efficiency drops for intense gust events. These discrepancies are a result of accumulated prediction errors that occur when the disturbances propagate more rapidly than the length of MPC prediction horizon. Despite this limitation, MPC always operates in a higher efficiency band than the PI and FLC controllers.
On the other hand, The Fuzzy–MPC–PSO hybrid controller design demonstrates significantly better performance which was able to keep MPPT efficiency above 97.2% for all turbulence and gust intervals. Such design result leads to a smooth and stable efficiency curve, which is immune to transient perturbations, hence it reveals the complementary nature of including the architecture components. The fuzzy logic layer provides instant nonlinear compensation to promptly disturbance the aerodynamic; the MPC layer can regulate both aerodynamic and mechanical constraints by predictive optimization; and the PSO layer inherently tunes not only fuzzy membership functions but also that of MPC weight matrices for optimal responsiveness on changing turbulence profiles. With such a cooperative feature, the hybrid controller overcomes the overshoot from PI controller, drift property of FLC algorithm and prediction-error sensitivity in MPC. These features are well-illustrated by the trends shown in the figure. The Fuzzy–MPC–PSO hybrid controller maintains high MPPT efficiency not only without significant deviation even under sudden wind-speed changes, but with more robustness that cannot be shared by other methods. For MPC excellent, but not perfect stability is observed (typically 90–94% efficiency) but performance degrades during large gusts. The fuzzy control system starts off with satisfactory performance in the range of 88–90% while deteriorates as long as turbulence continues, which attests poor generalization of rule base under very high levels of variability. The PI controller, on the other hand, has a drastic drop in performance to 50 70%% due to slow correction time and multiple overshoots. In sum, these findings demonstrate that the hybrid framework is a successful solution to the limitations of each controller. The fuzzy layer does quick adjustments in the torque, MPC layer satisfies the constraints and predicts and PSO layer optimizes controller parameters that matches with the characteristics of turbulence. As a result, the Fuzzy–MPC–PSO controller exhibits better robustness, adaptability and tracking performance in practical turbulent wind compared with the other one, showing this to be suitable for hybrid wave–wind conversion systems in presence of environmental disturbances which are both stochastic and time-varying.
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Fig. 4 Wind Turbine MPPT Performance Under Turbulence 
The energy dispatch of hybrid wave–wind systems should be properly coordinated for suppressing and smoothing power variability, restraining the subsystem overload, and stabilizing the DC-link voltage in continuously changeable marine atmosphere. For assessing the effectiveness of the proposed Fuzzy-MPC-PSO scheme, simulations were carried out in three scenarios comprising (i) High-wave/Low-wind conditions, (ii) Low-wave/High-wind conditions and (iii) Simultaneous intermittency of both wave and wind power resources. These are indicative of the scale and range of operational uncertainty encountered in offshore hybrid systems. For all the cases, the proposed control method achieved higher success rates of dispatch tracking than PI, FLC and lonely MPC approaches. As seen in numerical results, the tracking errors using a hybrid scheme is as low as 1.9%, 2.4%, and 3.1% for Cases 1–3, respectively, which competes much with the PI controller (14.8–22.6%), fuzzy control (9.3–13.7%) and even MPC (5.1 – 9.2%). These decreases were indicative of the increased flexibility demonstrated by the scheme in accounting for time-varying environment coupling between wave excitation and wind turbulence. Figure 5-a (error trajectory plot) provides a visual confirmation of the above observation, which shows instantaneous tracking errors obtained by the proposed control method FLC-MPC and a base line choice LEP-MPC. It can be seen that the error magnitudes in general and the variation are much less throughout the 3000 seconds using our approach. The LEP-MPC profile has high spikes, owing to the large sensitivity of the LEP-MPC to fast perturbations, while the FLC-MPC one is always higher bounded. This stability arises because the fuzzy layer can respond quickly to nonlinearity considering uncertainties and disturbances, and predictive dispatch decisions from MPC layer are able to predict possible energy fluctuation in subsystems. The PSO optimizer also improves the performance by continuously adapting MPC weights and fuzzy membership parameters in order to reduce error accumulation. Figure 5-b (tracking plot) offers further understanding of the coordination between subsystems by showing how good the rotor speed response was under different wind–wave interaction in the prototype with respect to its set point. When the combined intermittency was applied, the suggested controller held closely rotor speed to reference with very low deviation even under sharp wind gusts as well as wave-induced torque variations. In comparison, the LEP-MPC is below or above target rotor speed throughout most of the time indicating slower adaptation and weaker constraint enforcement. The trajectory is smooth and well-behaved, as the coordinated FLC-MPC enables to have an effective energy coordination: when wave power decreases, wind turbine torque increases in a predictive form; when wave excitation increase, rotor torque can be decreased in order to avoid overspeeding and mechanical strain. The corresponding behavior depicted in both figures justifies the very basic design philosophy of multilayer. The fuzzy logic layer is used for nonlinear fast compensation, while the MPC layer manages dispatch optimization with long term prediction and constraint handling and the PSO optimizer guarantees global tuning in dynamic sea–wind conditions. This cooperation provides better energy steering, less fluctuations and better stability than traditional single layer controllers. Taken together, visual and numerical results reveal that the Fuzzy–MPC–PSO framework provides robust, realistic dispatch performance in various operating scenarios of hybrid wave–wind, highlighting its capacity as a strong candidate for future offshore renewable systems.
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Figure 5. Coordinated Wave–Wind Energy Dispatch Performance (a) error trajectory plot (b) tracking plot 

The stability of DC-link voltage is very important for a hybrid wave–wind energy conversion system, because the maximum power point tracking (MPPT) performance and coordinated dispatching can be deteriorating largely when both are suffered from generation speed changing rapidly. The robustness of the presented Fuzzy–MPC–PSO control scheme was assessed by simulating three disturbance cases: step disturbances with magnitude +40 and ±40% in wave height; wind gusts with a +6 m/s applied velocity limit on all mooring line end points, and superimposed effects providing simulated realistic offshore working conditions. The averaged dc-link voltage ripple numbers reveal the well-defined control stability chain as shown in Fig. 6. Baseline PI controller resulted in the highest peak-to-peak ripple, up to 56.8 V, indicating poor control of fast and coupled disturbances. The fuzzy logic controller reduced ripple to 41.2 V, yielding an enhancement of 27.4% by nonlinear compensation although still susceptible to increased excitation variation in between long time periods. MPC further decreased the ripple to 29.5 V (a reduction of 48.1%) with its prediction and constraint functions, whereas the transient errors caused by unmatched prediction under sudden gust were inevitable. Hybrid Fuzzy–MPC–PSO controller delivered the most robust DC-link operation with ripples of 14.7 V, which is 74.1% lower than that achieved using PI as a benchmark controller. This significant enhancement is attributed to the synergy among the three layers: fuzzy logic layer offering rapid nonlinear disturbance elimination, MPC layer putting predictive optimization that can foresee fault accompanied by multi-source variations of PSO weights and fuzzy membership parameters used to avoid contradiction between conflicting control targets. These mechanisms together lead to more effective voltage-oscillation damping, better withstand against multiple disturbances and secure electrical conditions for following converters, which further demonstrates the real-time applicability of the proposed controller under highly variable seas.
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Figure 6. The stability of the DC-link voltage


It is found that dynamic stability and small- signal response of the hybrid wave–wind energy system have significant differences by applying the four control schemes including PI, FLC, MPC as well as the proposed Fuzzy–MPC–PSO method (Table 2). The settling time trends for the WEC output, wind generator output and the system as a whole are similar in nature; traditional PI control is observed to have the highest level of stabilization with settling times over 5 seconds following coordinated disturbances such as rapid changes to hydrodynamic forces, WEC loading or wind-turbine torque. This slow response is attributed to the fact that linear PI controllers have their own inherent constraints in handling nonlinear marine dynamics and varying operating conditions rapidly. Due to being a nonlinear rule-based, fuzzy logic controller provides better disturbance rejection and settle time is about 30–40% less for PI. Nonetheless, it is hampered by the immobility of its set of rules and lacks ability to know well the hybrid from now conducting system. A model predictive control (MPC) adds constraint aware prediction optimization and improves stability with settling times almost half of PI in all subsystems. However, while MPC has this attractive feature of resistance to load variations and parametric modeling uncertainties, it is still sensitive to model perturbations in mixed wave–wind disturbances as prediction errors can be introduced. Fuzzy–MPC–PSO dynamic compensator has shown a substantial performance improvement over all benchmark approaches in consistently reducing WEC, wind and closed loop settling times to 0.9 s, 1.1 s and 1.4 s respectively. This suggests that there exists a fast-attenuation coordinated control mechanism of both nonlinear disturbances and the multi-input dynamic coupling. The fuzzy covers the instantaneous nonlinear compensation and MPC handles recursive stabilization with constraint guarantee. The PSO optimizer improves system performance by systematically adjusting critical factors such as the membership functions and MPC weights, ensuring adaptation to varying marine environments. The frequency-domain analysis also verifies the better stability of the designed controller. Eigenvalue analysis shows that there are oscillatory poles close to the imaginary axis for PI and FLC systems, which indicates very poor damping performance and more prone to occurrence of resonance phenomenon related to wind-turbine torque dynamics. MPC moves these poles to the left, enhancing damping and robustness of the system. However, the equally weighted hybrid is the only method which achieves a substantial increase in damping ratio–from 0.22 (PI) to 0.63 (almost three times higher). This increased damping validates a much greater suppression of oscillatory modes and a very high mitigation of the risk to become unstable in case of persistent disturbances.

Table 2. Dynamic Stability and Small-Signal Performance of Hybrid Wave–Wind System
	Controller
	WEC Settling Time (s)
	Wind Settling Time (s)
	Combined System Settling Time (s)
	Damping Ratio
	Eigenvalue Behavior

	PI
	4.1
	3.7
	5.4
	0.22
	Oscillatory poles near imaginary axis; low stability margins

	FLC
	2.6
	2.9
	3.8
	—
	Slight pole shift left; moderate improvement in damping

	MPC
	1.9
	2.2
	2.7
	—
	Stronger pole movement; improved dynamic response

	Proposed Fuzzy–MPC–PSO
	0.9
	1.1
	1.4
	0.63
	All dominant poles shifted further left; highest damping and best stability




The effectiveness of the proposed Fuzzy–MPC–PSO framework is particularly manifested when applied under realistic model uncertainties and environmental disturbances that are usually encountered in offshore hybrid wave–wind energy systems. Under ±20% variations of the hydrodynamics coefficients, and aerodynamics uncertainty of ±15%, moderate sensor noise (SNR = 35 dB) and communication delays of 40ms, the tracking error for the proposed controller increased by only 6–9%. On the other hand, PI, FLC and MPC controller also suffered quite much of strong degradation from 18% to 42%. This high level of robustness is attributed to the model-free adaptability provided by fuzzy logic and the continuous adaptation of MPC weighting parameters in the PSO layer, allowing stable and efficient operation of controller while large amounts of uncertainty are present in subsystem modeling or measurement conditions. The power quality performance also demonstrates the superiority of the hybrid system. According to the IEEE 519 harmonic standards, the total harmonic distortion (THD) was down to 1.8%, which outperforms a PI (7.2%), FLC (5.1%) and MPC (3.4%). Likewise, the flicker index (Pst, which is a major criterion of grid-friendliness under varying renewable generation) had also dropped substantially to a low value of 0.19—less than one-fourth that with PI control. Such enhancements guarantee that the hybrid controller possesses stable DC-link characteristics, reduces inverter stress and maintains power quality during severe wave–wind intermittent conditions. Energy harvesting and financial performance also show a significant improvement of the proposed approach. While all energy results will be presented in the day, the total energy output after 1 day of operation was 1,084 kWh — an increase of 28.7 % with respect to that provided by PI, and over both FLC (by 18.5 %) and MPC (by 11.2 %). Increases are due to improved efficiency of the MPPTs under turbulent conditions, a reduction in sub-system overloads due to less jagged energy go-to-locations, fewer oscillations leading to lower inverter and mechanical losses, and better stability for the DC-link voltage. Economic analysis also indicates that the FLC integrated with MPC (FLC-MPC) can save 27–31% of operational costs which are much more than standalone implementation of FLC (6%) and MPC (12%). These benefits have resulted in decreased mechanical stress, longer component life and a decrease in the demand for maintenance.
Central to these performance improvements are the PSO optimization layer. Multi-objective-PSO (MOPSO) obtained 21% more observation in PF hypervolume, i.e. better trade-offs for conflicting objectives like power capture, MPPT tracking accuracy, DC link stability and mechanical fatigue. The convergence time also dropped by 43% and the diversity increased to 18%, indicating that MOPSO effectively deals with exploration and exploitation trade-offs, tuning time variant controller parameters efficiently in marine environment. Stress and fatigue analysis ensures the operational advantage of the hybrid method. PTO damping stress has a 42% decrease with respect to the base PI control, and wind turbine flap wise bending moments are decreased by 34% using the proposed controller. These enhancements far improve structural life for both wave and wind subsystems, mitigating fatigue damage and thereby prolong the operational life of key system components The latter is very important because Offshore structures have limited access to maintenance. Despite being multi-layered in intelligence, the controller is efficient. The Fuzzy–MPC–PSO framework had an average computation time of 5.7 ms per control interval, better than the benchmark MOPSO–MPC (8.9 ms) and represents a reasonable amount required below the real-time processing criteria limits. It shows an impressive computational efficiency since all are based on PSO methodology to reduce MPC prediction horizons and simplify fuzzy rule-base, indicate that sophisticated optimization can be reconciled easily with real-time operating requirements. In summary, the obtained results argue that our proposed hybrid control concept brings tools to significantly enhance all aspects of the hybrid wave–wind systems. A comparative study indicates that the MPPT efficiency improves by 22%, dispatch tracking error reduces by 85%, DC- link ripple decreases by 74% and mechanical loading reduces by 42–50%. Energy output increases by almost 29% and operational cost decreases by as much as 31%, while system robustness is strongly enhanced under uncertainty, noise, and communication delays. These overall results confirm the possibility of combining fuzzy logic for fast nonlinear compensation, MPC to manage predictive constraints and MOPSO for global optimization. The combined three methods make a robust, high-performance control method well-suited for the next-generation of offshore renewable energy systems where flexibility, efficiency and reliability are key considerations.

Conclusions
This study offers an integrated Fuzzy Logic–MPC–MOPSO optimization tool to improve the performance, stability as well as total yield of an integrated wave–wind hybrid conversion systems. Hybrid marine energy systems There is significant potential for hybrid wave and wind energy systems because wind and wave resources are complementary in terms of power output. Yet, due to the nonlinear and severely stochastic nature of fuel cell performance and its high degree of mechanical and electrical subsystem coupling, sophisticated adaptive multi-objective control strategies are needed to cope with real-time variation as well as long-term operation optimization. The proposed framework is capable to amalgamate benefits of three strong techniques: Fuzzy Logic, for fast nonlinear disturbance and robust MPPT under uncertainty; MPC, for predictive constraint handling, PTO control and coordinated dispatching strategy; MOPSO, for systematic optimization of controller's gains-energy sharing weights- but also tuning of the MPPT regarding the optimal trade-offs between maximum energy capture—least mechanical stress—superior power quality. Simulation results together with a literature review confirms that compared with traditional standalone controllers (e.g., pure fuzzy logic, classical MPC, simple heuristic optimization), and this hybrid controller will improve dynamic response dramatically; optimally absorb power from both wave subsystems and wind subsystems at the same time; mitigate DC-link and PTO oscillation substantially; meanwhile increase long-term mechanical reliability significantly. In addition, given that the framework is multi-layered, it enables changes in real time: MOPSO modifies supervisory parameters; MPC dictates coordinated dispatch within predictive constraints; fuzzy logic makes fast adjustments at low level according to quick fluctuations of sea and wind conditions. This complementary combination makes the architecture a suitable candidate for advanced offshore renewable systems, which require considerations of not only resilience, but also efficiency and environmental uncertainties. In general, the results show that a smart control combined with multi-objective optimization provides significant advantages for HME systems in offshore areas. Possible future work aboard the proposed platforms could involve hardware-in-the-loop validation, real-sea trials and expanding the framework to hydro-gen production, battery storage and grid-interactive services.
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