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Abstract

Autonomous vessels driven by renewable energy are increasingly envisioned as vital for sustainable ocean operations such as
environmental monitoring, offshore power generation, and long-haul unmanned surface vehicles. Implementing fine-scale control of
these systems has proven challenging however, due to time-varying sea-state dynamics, sporadic energy inputs, the possibility of failure
at the component level, and the requirement for coordination between multiple agents. In the article, an end-to-end deep reinforcement
learning-based hierarchical control solution with real-time navigation and its synthesis for energy optimization is proposed. It combines
high-level energy regulation with low-level actuator scheduling so as to react to the variations of the environment and internal
perturbations. Simulations using actual wave realizations, sensor failures, actuator outages, and network communication variation were
used to demonstrate the performance of the control system in the following 5 performance aspects: energy saving, navigation accuracy,
communication reliability, fault tolerant and multi-agent coordination. Results indicate that the architecture sustained over 80% of the
performance and achieved energy efficiencies up to 54.5% in the best case under failure scenarios. Performance-measures demonstrated
reasonable scalability up to 5—7 agents without significant communication overhead. The findings support the applicability of deep
reinforcement learning for real-time maritime control under uncertainty, offering a viable alternative to conventional rule-based or
predictive control strategies. The framework’s modular design allows for future integration with federated learning, hybrid control
models, or autonomous deployment. The article contributes to the growing field of intelligent marine systems by providing a robust and
adaptable control strategy for sustainable and scalable operations in autonomous maritime environments.

Keywords: Deep Reinforcement Learning, Maritime Autonomy, Energy-Efficient Control, Autonomous Surface Vehicles, Hierarchical
Control.

1. Introduction

The global push toward sustainable energy has significantly intensified interest in autonomous maritime renewable energy platforms.
These systems, which integrate technologies like wave energy converters, offshore wind turbines, and floating solar arrays, offer
promising solutions for decentralized power generation but face immense control challenges in the highly adaptive and unpredictable
ocean environment. The constant variation in sea states, uncertain energy inputs, communication latency, and the risk of component
failure necessitate intelligent control systems that surpass the capabilities of traditional rule-based or model-predictive methods.

Deep Reinforcement Learning (DRL) has emerged as a powerful paradigm for solving such nonlinear, dynamic control problems. By
combining the perceptual abilities of deep learning with the decision-making framework of reinforcement learning, DRL enables agents
to learn optimal policies through direct interaction with their environment. Its effectiveness has been demonstrated in specific maritime
tasks like underwater depth tracking [1], autonomous navigation [3], and target tracking [4], as well as in terrestrial energy applications
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such as autonomous voltage control [4], virtual power plant coordination [5], and active power dispatch [6]. These studies affirm DRL's
capacity to manage control precision and energy efficiency under uncertainty.

However, a significant research gap exists. While DRL has been successfully applied to isolated maritime and energy tasks, its
integration into complex platforms that must simultaneously manage navigation, energy optimization, and multi-agent coordination
remains insufficiently explored. Most existing DRL-based maritime control models focus on either motion planning [2][7] or guidance
under specific disturbances [3][8], without addressing the holistic energy efficiency of the platform. Furthermore, many implementations
adopt single-agent frameworks, overlooking the hierarchical and cooperative strategies essential for coordinating large-scale maritime
infrastructures. Hierarchical DRL has shown significant promise for improving modularity and efficiency in other complex domains [9],
yet it has not been systematically adapted for integrated maritime energy-autonomy systems.

To address these gaps, this paper proposes and evaluates a novel, hierarchical DRL control architecture designed specifically for
autonomous maritime renewable energy platforms. The primary aim is to develop a unified control framework that enhances operational
autonomy, energy efficiency, and system robustness by intelligently balancing navigational control with real-time energy management.
By formulating an integrated architecture that collaboratively optimizes energy harvesting, consumption, and route accuracy, this work
seeks to demonstrate the practicality, scalability, and fault-tolerance of DRL in realistic maritime scenarios, thereby providing a viable
blueprint for the next generation of sustainable and intelligent marine systems.

2. Literature Review

DRL has experienced a recent surge in use across autonomy and energy applications, emerging as a powerful technique for decision-
making under uncertainty. In renewable energy systems, DRL offers a flexible approach to optimize power dispatch and grid stability
[10]. However, its application to complex, multi-domain systems like autonomous maritime renewable platforms remains comparatively
immature and fragmented.

2.1. DRL in Terrestrial Energy Systems

In the power systems domain, DRL has shown significant promise for optimizing grid operations. For instance, Duan et al [11] proposed
a novel DRL-based voltage regulation method that outperformed classical approaches in power flow applications, demonstrating DRL's
ability to handle complex, high-dimensional control problems in real time. Following this, Tu et al [12] further advanced the field by
developing co-simulation platforms for DRL-based power system control, enabling more robust testing and validation of learning-based
agents before deployment. These studies highlight DRL's potential to enhance the stability and efficiency of terrestrial energy grids.
Despite these successes, such applications are typically restricted to terrestrial grids and rely on fixed, low-latency communication links,
which are rarely available in dynamic marine settings. The challenges of unpredictable weather, wave-induced disturbances, and
potential sensor failures at sea present a fundamentally different operational environment. Furthermore, these efforts in terrestrial systems
have often not been extended to include the real-time adaptation or multi-agent scenarios that are crucial for coordinating a fleet of
autonomous maritime platforms, leaving a gap in applying these powerful techniques to the unique challenges of the maritime domain.

2.2. DRL for Maritime Navigation and Control

In the maritime autonomy field, DRL has been successfully applied to specific control tasks, primarily focusing on navigation and
motion control. Waltz and Okhrin [13] used spatial-temporal recurrent reinforcement learning for autonomous ship navigation, achieving
high accuracy in trajectory prediction and collision avoidance, while Wang et al [14] emphasized the need for networked DRL
frameworks to enable communication-aware decision-making among marine vehicles. These works establish a strong foundation for
using DRL in single-objective navigational contexts.

Building on this, several researchers have explored DRL for more specialized underwater and surface vehicle control. Liu et al [15]
proposed a model for vectored thruster control of autonomous underwater vehicles (AUVs), and Huang et al [16] developed a general
motion control scheme robust to actuator faults. Meanwhile, adaptive DRL strategies have improved pathfinding under environmental
uncertainties [20] and docking control in constrained environments [21]. Despite these advancements, existing models often focus on
navigation or motion accuracy in isolation, with limited attention to energy efficiency, fault-tolerant energy dispatch, or the long-term
autonomy concerns that are critical for renewable energy platforms [17][18][19][22][23][24].

2.3. Hierarchical and Multi-Agent DRL Approaches

More advanced DRL architectures are being explored to manage greater complexity by integrating multiple learning layers or
coordinating multiple agents. Recent efforts toward hybrid DRL and optimal control architectures have shown potential. Albarella et al
[25] proposed a combined framework for autonomous highway driving, integrating the robustness of classical control with the learning
adaptability of DRL. This hybrid approach is appealing for safety-critical systems, but its adaptation to maritime renewable
environments, with unique constraints like ocean-induced instability and energy volatility, has not been explored.

Similarly, advanced multi-agent and federated learning frameworks have been introduced to enhance scalability and privacy in
distributed systems. Feng et al [5] presented a robust federated DRL model for virtual power plants that enforces scalability and allows
agents to learn collaboratively without sharing raw data. Yet, these sophisticated federated and multi-agent models have not been applied
to mobile systems operating in dynamically changing marine conditions. This leaves a major gap in developing cooperative decision-
sharing protocols that can function effectively under the communication constraints and dynamic nature of the open sea.

2.4. Identified Research Gap

The literature reveals considerable progress in applying DRL to control systems across isolated maritime and energy domains. However,
a noticeable gap exists in unified, scalable control architectures that can jointly optimize autonomy, energy efficiency, and real-time
adaptability for maritime renewable energy platforms. Existing models are often single-domain and mono-objective, failing to address
the integrated challenges that arise when navigation, energy management, and multi-agent coordination must be handled concurrently
under the harsh and unpredictable conditions of the marine environment.
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This fragmentation highlights the need for a holistic approach. There is a lack of integrated learning-based control solutions that can
simultaneously manage energy flow, achieve navigational precision, and tolerate system failures, all while scaling effectively to multi-
agent scenarios. This study aims to bridge this gap by proposing and validating hierarchical DRL-based architecture specifically tailored
for integrated maritime energy-autonomous control, directly addressing the limitations of prior single-domain and mono-objective
models.

3. Methods

This section details the experimental framework and analytical formulation used to develop and validate a DRL-based hierarchical
control system for autonomous maritime renewable energy platforms. The approach integrates real-time energy regulation and
autonomous trajectory control under environmental uncertainty, using a multi-agent PPO enhanced with dynamic constraint modeling,
hybrid learning coordination, and marine-specific environmental dynamics.

3.1. System Description and Agent Architecture

Each autonomous maritime unit is equipped with a hybrid energy harvesting system (wave energy converter and photovoltaic array), dual
vectored thruster control, environmental sensors, an IMU-based navigation unit, and a low-latency communication module. The overall
architecture implements a hierarchical control system consisting of a High-Level Policy Layer that controls energy dispatch and route
planning, and a Low-Level Execution Layer that controls actuator dynamics and real-time obstacle avoidance. This architectural split
mirrors frameworks proposed in hierarchical DRL models for vehicle platoons and cloud-integrated agents [9].

3.2. Experimental Inputs and Data Acquisition

To construct realistic training environments and domain constraints, 18 expert interviews (marine energy engineers, roboticists, and naval
Al developers) were conducted across institutions in Sweden, China, and the UAE. Additionally, 5 deployment logs were collected from
real maritime energy platforms in the Baltic and South China Sea between 2021 and 2023, and 17 technical reports covering failure rates,
actuator degradation, solar irradiance, and wave energy index were analyzed. These inputs were integrated into the simulation design via
adaptive environmental modules and stochastic event generators, in line with dynamic simulation protocols outlined by Wang et al [1].

3.3. State and Action Space Design
The state vector 5, ¢ R32 at each time step ¢ includes: Position: x,, y,; Velocity: y,, heading g,; Energy metrics: Estored pharvested;

Environmental inputs: wave direction ¢,, irradiance j,; Communication QoS: packet loss rate j,, latency r,. The action vector 5, e R*
includes thrust direction, thrust magnitude, energy allocation, and data transmission rate.

3.4. Reward Formulation with Constraint Penalties
The cumulative reward g, is formulated using weighted components of energy efficiency, trajectory accuracy, and system robustness:
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Where F.(t) energy efficiency; p,, ., (¢t) is Euclidean deviation; £ (¢)communication latency penalty; & (t) actuator wear index
(normalized across 0—1). Weights ,, were set empirically via grid search to prioritize navigational accuracy while penalizing excessive
energy consumption and communication failures, reflecting operational priorities identified during stakeholder interviews.

3.5. DRL Optimization and Policy Gradient Estimation
The PPO-based policy update is computed using clipped surrogate loss:
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Where 4, (p) probability ratio; j, advantage function estimated using Generalized Advantage Estimation (GAE); ¢ clipping constant
(0.2). The policy is optimized using the Proximal Policy Optimization (PPO) algorithm, whose objective function (Equation 5) constrains
the size of policy updates at each step. This clipping mechanism prevents destructively large updates, ensuring more stable and reliable
learning. The policy network has 3 hidden layers with [128, 64, 32] neurons and ReLLU activations; value estimation uses a separate critic
network.
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3.6. Multi-Agent Simulation and Co-Simulation Platform

The environment was constructed using a hybrid co-simulation between OceanWave3D for sea-state emulation and a custom ROS-
Python environment linked to Stable-Baselines3. The training schedule included 50,000 episodes, each lasting 1,200-time steps, with a
12% sensor failure rate and randomized fault injections for thruster delays and photovoltaic panel failure. The multi-agent setup follows a

leader-follower topology for energy load balancing and coordinated navigation [6], using dynamic communication graphs described by
Waltz and Okhrin [13].

3.7 Real-Time Power Control Model

A nonlinear energy control equation was implemented to allocate harvested energy optimally across propulsion and communication
systems:
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Where p dispatcn () dispatchable power at time ¢; y control conversion efficiency (0.87 from system logs); greserve system-defined
energy floor (30% capacity); gyind wind direction at time ¢. This equation integrates actuator alignment loss with energy gradient

sensitivity, improving resilience during unpredictable power inflow [16].

3.8 Constraint-Aware Navigation Model
Motion planning used a modified Bellman operator with fault tolerance:
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Where y discount factor (0.99); § penalty scalar for actuator or sensor fault; 1, .. binary indicator of system abnormality. This ensures
stability in the decision space even under partial observability, aligned with frameworks used in underwater autonomous navigation [15],
[17]. The methodology outlines a rigorously tested, multi-layered DRL control framework specifically designed for the operational
demands of autonomous maritime renewable energy systems. The integration of multi-agent learning, robust real-time power allocation,

and fault-resilient motion planning represents a novel step beyond current DRL implementations in either energy or maritime autonomy
domains.

4. Result and Discussion

4.1. Energy Efficiency Performance

Autonomous maritime platforms depend on efficient energy use for long-term operation and reliability. This section investigates energy
harvesting and consumption under varying sea conditions and fault scenarios. Evaluations cover the contributions from solar and wave
sources, energy consumption patterns, and system efficiency in allocating harvested energy. Metrics also quantify the wasted energy that
could not be utilized or stored due to system limitations. Each scenario was simulated across 50 episodes using dynamic input streams of

irradiance and wave energy profiles calibrated with real-world marine energy logs. The energy management system was tested for
adaptive control, fault tolerance, and resource optimization.
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Fig 1. Breakdown of Energy Harvesting, Consumption, and Waste Under Various Operational Conditions.

In calm sea conditions, high solar irradiance and wave predictability resulted in an optimal 54.5% energy utilization with minimal waste
(2.1 kWh). As environmental complexity increased, efficiency declined. During moderate wave conditions, wave contributions
increased, but the higher control effort raised energy consumption, reducing efficiency to 50.2%. Under high wave impact, system
efficiency dropped to 42.9%, and energy waste rose to 5.6 kWh due to thruster overcompensation and nonlinear wave dynamics. Sensor
failure reduced the controller’s predictive accuracy, increasing waste to 6.2 kWh. The most energy-intensive condition was thruster fault,
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where excessive actuator compensation reduced efficiency to 38.7% with 7.4 kWh of waste. These patterns suggest that adaptive energy
allocation policies improve performance under predictable scenarios but degrade sharply under mechanical or sensory failure conditions.

4.2. Route Deviation and Navigational Accuracy

This subsection evaluates the path-tracking capability of the control system under variable environmental and mechanical disturbances.
Each scenario tested the difference between planned and actual travel distance over a 15 km course, while recording navigational
response metrics such as lateral drift, heading correction frequency, and average directional error. The objective is to assess how
accurately and efficiently the DRL controller maintains trajectory in the presence of currents, wind shear, and system-level anomalies.
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Fig 2. Positional deviation under environmental and control disturbances

Under optimal conditions, deviation from the planned course was minimal (0.2 km) with just four correction commands and minimal
lateral drift (3.1 meters). In moderate wave and drift conditions, deviation increased to 1.5 km, and lateral drift exceeded 27 meters,
indicating more frequent intervention. Sensor deviation scenarios resulted in 1.0 km deviation and increased heading errors due to
incomplete state information. Wind interference further destabilized heading accuracy, requiring 18 corrections and inducing drift over
34 meters. In combined disturbance tests, deviation reached 3.3 km, lateral drift peaked at 45.7 meters, and average heading error rose to
3.1°. The results affirm that while DRL controllers can adapt to single-modality disturbances, multi-modal scenarios challenge the
corrective logic, demanding more frequent interventions and leading to cumulative trajectory errors.

4.3. Communication Reliability and Network Constraints

The following results focus on the communication subsystem’s performance under constrained conditions. Parameters include message
latency, transmission success rate, retransmission rate due to packet failure, and overall bandwidth usage. These values provide insight
into how well distributed agents maintain synchronization and responsiveness when subjected to variable network congestion, delays,
and packet loss. Testing was conducted with a standardized 1,000-message exchange protocol per condition to ensure statistical
consistency.
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Fig 3. Communication metrics across network stress scenarios

The DRL system exhibited strong communication efficiency under low and moderate network traffic, with over 97% success rates and
minimal retransmission (0.3-1.5%). High traffic conditions increased latency to 78 ms and reduced success to 94.1%, with a
retransmission rate of 4.2%. In high-latency conditions, bandwidth peaked at 390 kbps, and the success rate declined to 90.3%, while
retransmissions rose to 6.8%. The worst-case scenario with 10% packet loss saw performance dip to 85.7%, with nearly 10% of
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messages requiring retransmission. These values demonstrate that the communication module is resistant under moderate pressure and
accumulatively deteriorates when the intersection of congestion factors becomes multiple, so that the local fallback control must be
introduced to avoid the collapse of cooperation.

4.4. System Robustness and Fault Tolerance

This task considers whether the system can maintain steady performance when subjected to internal and external disruptions and how
well it can restore operation. The simulated faults are actuator lag, sensor dropout, power overload, and communication loss, which
represent common faults in the actual implementation of autonomous marine work. Performance is assessed using three critical
indicators: the time needed for the DRL policy to recover to a stable operational state, the percentage of system output retained during the
fault, and stabilization duration (post-recovery). Interruption time captures how long operational parameters fell outside acceptable
bounds. These values demonstrate how well the controller absorbs shocks and restores mission capability, a key requirement for real-
time autonomous decision-making in open-sea deployments.
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Fig 4. Resilience Metrics Under Simulated Fault Events

Under normal operation, system behavior remained stable with minimal recovery time (1.2 s) and 100% performance retention. When
thruster delays were injected, the system required 3.8 s to recover, with a retention rate of 92.4%, and stabilization occurred within 3.5 s.
Sensor dropout introduced more disruption, increasing recovery to 4.6 s and reducing retention to 89.7%. Energy overload yielded
similar impact but extended the total interruption to 2.7 s. Communication failure posed the greatest challenge; recovery took 6.3 s, and
only 81.5% of system performance was retained during the event. Stabilization required nearly 6 seconds post-recovery. These outcomes
confirm the DRL model's resilience to internal faults and highlight the importance of enhanced fault prediction, decentralized autonomy,
and adaptive thresholds in control policy reinforcement to minimize extended downtime.

4.5. Multi-Agent Coordination Performance

This section analyzes how well distributed agents synchronize tasks and balance energy loads across the system. The performance of
coordinated control is observed under incremental scaling from 1 to 10 autonomous vessels. Key metrics include coordination time (time
required for consensus formation), energy load balance (equality of energy harvesting and distribution across agents), message overhead
(communication burden from consensus exchanges), command agreement (consistency in control decisions), and number of conflict
resolution events. These indicators measure the capacity of the multi-agent system to operate cohesively as it scales, ensuring mission
stability and decentralized resource use under collective objectives.
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With a single agent, coordination metrics were inapplicable due to system independence. Adding two additional agents introduced slight
overhead (4.2%) and required 0.8 s for full task agreement, with 93.2% energy balance achieved. At five agents, coordination time
doubled, message overhead reached 6.5%, and agreement slightly dropped to 96.5%. At seven agents, consensus delays increased, and
load balancing declined to 85.6%. The largest fleet (10 agents) experienced the most degradation: energy load balance dropped to 81.8%,
command agreement fell to 91.2%, and conflict resolution events reached nine. These results demonstrate that while DRL-based
coordination mechanisms scale adequately up to mid-size fleets, further increases introduce nonlinear complexity. Message overhead and
behavioral divergence become more prominent, necessitating optimization strategies such as dynamic task delegation, group clustering,
or decentralized consensus algorithms to preserve scalability and operational integrity.

4.6. Discussion

The results of this study demonstrate the practical viability and operational advantages of a deep reinforcement learning (DRL)-based
control architecture specifically designed for autonomous maritime renewable energy platforms. The approach offers robust performance
across key metrics including energy efficiency, fault resilience, communication reliability, navigational precision, and multi-agent
coordination. When interpreted within the broader context of existing literature, these outcomes not only reinforce the growing relevance
of DRL in complex autonomous systems but also highlight several novel advancements introduced by this framework.

4.6.1. A Unified Framework for Energy and Navigation Control

One of the central contributions of this work lies in the integration of energy optimization and navigational control under a unified DRL-
based policy. Previous studies have generally addressed either energy dispatch [6], [10] or navigation [2], [4] in isolation. For instance,
Guo et al [2] proposed a DRL-based path planning model for unmanned ships that showed promising accuracy, but energy dynamics
were not considered. Similarly, Song et al [3] applied DRL for underwater vehicle guidance, focusing on target tracking rather than
continuous route efficiency or power management. In contrast, the current study demonstrates that by embedding energy metrics directly
into the reward function, substantial improvements in energy utilization (up to 54.5%) can be achieved without sacrificing trajectory
control.

This integrated approach represents a significant step toward achieving true long-term autonomy. By learning the complex interplay
between propulsion commands and energy availability, the DRL agent can make more intelligent trade-offs. For example, it can choose a
slightly less direct route that allows for better solar or wave energy harvesting, thereby extending mission duration. This capability is
largely absent in models that treat navigation and energy management as separate problems. The results extend the work of Rehman et al
[30], [31], [32], whose edge-based energy management protocols lacked integrated control safeguards, by demonstrating a system that
inherently links physical action with energy-state awareness.

4.6.2. Robustness and Resilience in Realistic Maritime Conditions

The hierarchical control design used here adds a critical layer of scalability and responsiveness, aligning with findings by Guo et al [9] in
the context of hybrid electric vehicle platoons. The segmentation between low-level actuators and high-level energy decision-making
proved particularly effective in managing system degradation. From a system reliability perspective, comparisons with fault-resilient
architectures such as those in Wang et al [1] and Huang et al [16] reveal that including degradation models during training improves
recovery dynamics. The recovery times from thruster delay and sensor dropout in this study (3.8s and 4.6s, respectively) were
comparable to or better than those in similar underwater navigation tasks [15], showcasing the system's ability to absorb and recover
from internal faults.

Furthermore, communication resilience, a less frequently addressed domain in maritime DRL literature, was explicitly tested. This
research fills a gap left by works like Waltz and Okhrin [13], which did not incorporate message failure or latency metrics, by
demonstrating that coordination can be maintained above 85% even with 10% packet loss. This finding is crucial, as it validates the
architecture's potential for real-world deployment where perfect communication is not guaranteed. The ability to preserve over 80%
performance even under communication failure highlights the robustness endowed by the hierarchical design and suggests that future
DRL implementations should embed lightweight local fallback policies to compensate for intermittent connectivity [26], [27], [28].

4.6.3. Scalability and Challenges in Multi-Agent Coordination

The results from the multi-agent coordination analysis resonate with observations in terrestrial or grid-based settings [4], [5], but this
study extends the paradigm into distributed maritime fleets, providing valuable benchmarks for this unique environment. A critical
finding is that fleets of three to five agents can be managed efficiently with low message overhead (below 7%) and high command
agreement. This demonstrates that for small- to medium-sized fleets, the proposed DRL framework can successfully achieve stable,
coordinated behavior without a centralized controller, which is a key requirement for scalable autonomous operations.

However, the analysis also clearly delineates the threshold at which this scalability begins to break down. Beyond seven agents,
performance metrics like energy load balance and command agreement degrade, while communication overhead and conflict events
increase non-linearly. These limitations are especially critical for long-duration missions where sustained operational autonomy is
desired, and they highlight a key challenge for scaling DRL to large, decentralized systems in communication-constrained environments.
This suggests that for larger fleets, the current architecture would need to be augmented with more advanced strategies, such as dynamic
agent clustering, hierarchical role assignment, or decentralized consensus algorithms, to manage the escalating complexity.

4.6.4. Limitations and Future Research Avenues

Despite the promising results, several limitations must be acknowledged. While realistic oceanographic and energy data were used, field
deployment will introduce noise and variability that are difficult to simulate, such as marine life interference or sensor aging. The DRL
training was conducted offline, precluding online adaptation after deployment, in contrast to the federated learning models explored by
Feng et al [5]. Additionally, while fault tolerance was analyzed for single and compound events, extreme edge cases, such as
simultaneous communication loss and actuator failure during an energy deficit, were not exhaustively tested. Addressing such conditions
would require more sophisticated hybrid models, potentially combining DRL with traditional robust control theory, as suggested by
Albarella et al [25].
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Future research should focus on validating this framework through real-world testing and integrating online or federated learning
mechanisms to allow for continuous policy adaptation. Further development of hybrid architectures and resilience against simultaneous
systemic failures will be essential for scaling intelligent maritime infrastructure. This work builds upon and extends findings in
autonomous vehicle control [3], [29], [30], energy dispatch [6], and fleet coordination [9], providing a significant advancement toward
creating robust, efficient, and truly autonomous maritime energy systems.

5. Conclusion

This investigation proposed and validated a deep reinforcement learning-based control architecture designed for autonomous maritime
platforms powered by renewable energy. The study successfully addressed core challenges related to intelligent energy regulation,
adaptive trajectory management, system robustness, and coordination scalability under uncertain oceanic conditions. By unifying control
over energy and navigation through a hierarchical learning model, the developed framework enables platforms to function autonomously
and efficiently in dynamically changing marine environments. The results confirm that a properly trained, fault-aware DRL agent can
achieve reliable autonomy, high energy efficiency, and navigational accuracy, effectively substituting traditional control approaches in
complex, multi-objective maritime systems. The hierarchical architecture proved essential for decoupling low-level actuator control from
high-level energy management, allowing the system to respond to transient disturbances while preserving long-term strategic goals. This
modularity, combined with robust performance against hardware degradation and communication loss, underscores the system's potential
for long-term offshore deployment. This paper contributes to the growing domain of autonomous marine systems by demonstrating that a
well-structured, learning-based approach offers a viable alternative to classical control paradigms. It bridges a critical gap by integrating
the distinct domains of terrestrial energy systems and autonomous navigation into a single, comprehensive maritime context, providing a
data-driven path toward increasing the resilience and performance of these platforms. Moving forward, future work should prioritize
open-water validation and the integration of online learning capabilities, such as federated learning, to allow for continuous adaptation.
Further development of hybrid models that combine DRL with traditional controllers could enhance resilience against extreme,
simultaneous system failures. By addressing these areas, the framework presented here can be advanced toward operational readiness,
paving the way for the next generation of intelligent, efficient, and truly autonomous maritime systems.
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