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Abstract 

The growing demand for renewable energy has 

intensified interest in harnessing the kinetic energy 

of ocean currents. However, the successful 

deployment and operation of marine energy 

converters (MECs) are critically dependent on 

accurate and high-resolution forecasts of ocean 

current velocities. Traditional forecasting methods, 

primarily reliant on numerical ocean models 

(NOMs), are computationally expensive and often 

lack the spatial and temporal resolution required for 

optimal energy extraction and infrastructure safety. 

This paper proposes a novel forecasting system that 

integrates physics-based NOMs with advanced 

Artificial Intelligence (AI) and Machine Learning 

(ML) models. The hybrid system leverages AI to 

correct biases in NOM outputs, perform super-

resolution of velocity fields, and provide 

probabilistic, short-term forecasts. We discuss the 

architecture of this AI-enhanced system, 

highlighting its application in optimizing energy 

yield, reducing operational and maintenance costs, 

and ensuring the structural integrity of MECs. The 

integration of AI presents a paradigm shift, enabling 

more reliable, efficient, and economically viable 

ocean current energy projects. 
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Machine Learning, Ocean Current Forecasting, 

Renewable Energy, Marine Energy Converters, 

Numerical Modeling. 

1. Introduction 

The global transition to sustainable energy sources is 

imperative to mitigate climate change. Among the 

vast potential of renewables, ocean energy remains 

a significantly untapped resource. Ocean currents, 

such as the Gulf Stream and the Kuroshio Current, 

represent powerful, predictable, and dense energy 

sources. Unlike solar and wind, ocean currents are 

relatively stable and continuous, offering a high 

capacity factor for energy generation [1]. 

The primary technology for harnessing this energy is 

the Marine Energy Converter (MEC), including 

underwater turbines similar in principle to wind 

turbines. The power output of a MEC is proportional 

to the cube of the current velocity (P ∝ ρAv³), 

meaning that small errors in velocity prediction can 

lead to large errors in energy yield forecasts. 
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Accurate forecasting is therefore not merely 

beneficial but essential for: 

 Grid Integration: Informing grid operators of 

expected power generation for stable grid 

management. 

 Operational Planning: Scheduling maintenance 

and operations during periods of low current to 

minimize downtime and risk. 

 Structural Design and Safety: Providing data on 

extreme current conditions and turbulence for the 

robust design of MECs and their moorings. 

Currently, the gold standard for ocean forecasting is 

Numerical Ocean Modeling (NOM). Models like 

the Regional Ocean Modeling System (ROMS) and 

the Hybrid Coordinate Ocean Model (HYCOM) 

solve complex fluid dynamics equations. While 

effective at large scales, they suffer from high 

computational costs, biases due to imperfect initial 

conditions and parameterizations, and coarser 

resolutions that may miss critical local dynamics 

[2]. 

The recent explosion in Artificial Intelligence (AI), 

particularly Deep Learning (DL), offers a 

transformative opportunity. AI models can learn 

complex, non-linear patterns from vast datasets. 

This paper explores the development of an AI-

enhanced ocean current forecasting system that 

synergistically combines the physical principles of 

NOMs with the pattern-recognition prowess of AI 

to create a superior tool for the ocean energy 

industry. 

2. Proposed AI-Enhanced Forecasting 

System 

The proposed system is a hybrid framework where 

AI components augment and refine the outputs of a 

traditional NOM. The architecture consists of three 

key AI-driven modules, as illustrated in Figure 1. 

Figure 1: Architecture of the AI-Enhanced Ocean 

Current Forecasting System 

 

2.1 AI Bias Correction Module 
NOMs often exhibit systematic biases due to 

approximations in their physical equations. This 

module employs a supervised ML model, such as a 

Gradient Boosting Regressor (GBR) or a simple 

Neural Network (NN), trained on historical pairs of 

NOM forecasts and corresponding in-situ 

measurements (e.g., from Acoustic Doppler Current 

Profilers - ADCPs). The model learns the 

relationship V_corrected = f(V_forecast, 

other_features) and applies this correction to new 

NOM forecasts, significantly improving their 

accuracy before further processing. 

2.2 AI Super-Resolution Module 
For energy applications, understanding micro-scale 

flow patterns around a turbine array is crucial. 

NOMs typically operate at resolutions of kilometers, 

which is insufficient. This module uses a Deep 

Learning technique called a Convolutional Neural 

Network (CNN) or a Generative Adversarial 

Network (GAN) to perform image super-resolution 

on ocean current velocity maps [3]. The CNN is 

trained on pairs of low-resolution (NOM output) and 

high-resolution (e.g., from high-fidelity models or 

dense sensor arrays) data. It learns to "hallucinate" 

realistic, high-resolution details, effectively 

downscaling the forecast to the meter-scale needed 

for turbine siting and array optimization. 

2.3 AI Short-Term Forecasting Module 
For very short-term (now casting) and short-term 

forecasting (up to 72 hours), a pure AI approach can 

be highly effective and computationally cheap. This 

module utilizes sequence-based models like Long 

Short-Term Memory (LSTM) networks or 

Transformers. These models are trained directly on 

long time-series of historical observed current 

velocity data. They learn the temporal dynamics, 

tides, and inertial oscillations, allowing them to 

predict future states based purely on past 

observations. This provides a rapid, complementary 

forecast to the physics-based NOM, and can be used 

to generate probabilistic forecasts (predicting a 

range of possible outcomes with confidence 

intervals), which is invaluable for risk assessment. 

 

3. Methodology 
3.1 Dataset Generation 

A synthetic dataset was generated covering January 

2022 to January 2024 with hourly resolution. 

Features include actual current velocity, NOM 

forecast, current direction, water temperature, 

salinity, and wind speed. This dataset simulates Gulf 

Stream-like behavior with seasonal, tidal, and 
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stochastic components. 

 

Feature Min Max Mean Std Dev 

Current 

Velocity 

(m/s) 

0.12 2.98 1.55 0.43 

NOM Forecast 

(m/s) 

0.15 3.15 1.72 0.46 

Water 

Temperature 

(°C) 

5.10 34.89 19.99 5.11 

Salinity (PSU) 30.1 37.8 35.0 1.11 

Wind Speed 

(m/s) 

0.2 14.7 5.01 2.1 

3.2 System Architecture 

The system integrates NOM forecasts with AI 

models. It includes three modules: (1) Bias 

Correction using Gradient Boosting, (2) Super-

Resolution using CNN/GAN (future work), and (3) 

Short-Term Forecasting using LSTM networks. 

3.3 AI Bias Correction 

A Gradient Boosting Regressor was trained using 

NOM forecasts, water temperature, salinity, and 

wind speed. Results show significant improvements 

compared to NOM outputs. 

NOM RMSE: 0.312 m/s | AI-Corrected RMSE: 0.201 

m/s (35% improvement) 

NOM MAE: 0.250 m/s | AI-Corrected MAE: 0.163 

m/s (34% improvement) 

3.4 LSTM Short-Term Forecasting 

A two-layer LSTM network was trained with 24-hour 

sequences to predict the next hour's velocity. The 

model outperformed both NOM and bias-corrected 

models in short-term forecasting. 

LSTM RMSE: 0.188 m/s | LSTM MAE: 0.157 m/s 

 

4.Results  

4.1 Performance of the AI Bias Correction Module 

The Gradient Boosting Regressor (GBR) was 

highly effective at correcting systematic biases in 

the NOM forecasts. As shown in Table 2, the AI-

corrected forecasts demonstrated a significant 

reduction in error across both Root Mean Square 

Error (RMSE) and Mean Absolute Error (MAE) 

metrics compared to the raw NOM output. A 35% 

improvement in RMSE underscores the model's 

ability to learn and compensate for the NOM's 

inherent inaccuracies. 

Table 2: Bias Correction Model Performance 

Model 
RMSE 

(m/s) 
MAE (m/s) 

Baseline NOM 0.310 0.250 

AI-Corrected 

(GBR) 
0.201 0.163 

4.2 Performance of the LSTM Short-Term 

Forecasting Module 
For short-term forecasting (a 1-hour ahead 

prediction), the pure data-driven LSTM model 

outperformed both the baseline NOM and the bias-

corrected GBR model. Achieving an RMSE of 0.188 

m/s and an MAE of 0.157 m/s, the LSTM proved to 

be the most accurate model for this task. This 

superior performance is attributed to the LSTM's 

capacity to learn complex temporal dynamics 

directly from the historical observation data, 

independent of the NOM's physical assumptions. 

Table 3: Short-Term Forecasting Model 

Performance (1-hour forecast) 

Model 
RMSE 

(m/s) 
MAE (m/s) 

Baseline NOM 0.310 0.250 

http://www.ijnrd.org/
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Model 
RMSE 

(m/s) 
MAE (m/s) 

AI-Corrected 

(GBR) 
0.201 0.163 

LSTM Forecast 0.188 0.157 

4.3 Comparative Analysis 
The results clearly demonstrate the value of a 

hybrid AI-NOM system. The GBR model 

effectively provides a superior, bias-corrected "now 

cast," while the LSTM model excels at very short-

term "forecasting." Figure 2 illustrates a 72-hour 

timeline comparing the different model outputs 

against the actual (synthetic) current velocity. The 

LSTM predictions closely track the actual data, 

including the tidal oscillations, while the NOM 

forecast shows a consistent positive bias that is 

successfully mitigated by the GBR model. 

 

Figure 2: Comparative forecast performance of 

NOM, AI-corrected, and LSTM models over a 

72-hour 

 

 

 

 

 

 

5. Applications in Ocean Energy 

The enhanced forecasts generated by this system 

directly address critical challenges in the ocean 

energy sector. 

5.1 Power Output and Revenue Forecasting 
With a more accurate and high-resolution forecast 

of current velocity, developers can predict the 

power output of a single turbine or an entire farm 

with much greater precision. This improves 

financial modeling, power purchase agreements 

(PPAs), and integration with the electrical grid, 

enhancing the bankability of projects. 

5.2 Operation and Maintenance (O&M) 

Optimization 
O&M in the harsh marine environment is the largest 

cost component for ocean energy projects. The AI 

system can predict "energy windows" – periods of 

low current velocity – ideal for conducting safe and 

cost-effective maintenance. Furthermore, by 

forecasting extreme events and high-turbulence 

conditions, the system can trigger pre-emptive 

shutdowns to prevent damage, thereby increasing 

the lifespan of the equipment. 

5.3 Site Selection and Array Layout Optimization 
During the planning phase, the super-resolution 

module can analyze historical NOM data to create 

high-resolution hindcasts of a potential site. This 

allows developers to identify "sweet spots" with the 

strongest and most consistent currents and to 

optimize the spatial arrangement of turbines to 

minimize wake effects between them, maximizing 

the overall energy capture of the farm. 

 

 

 

6. Conclusion 

The integration of Artificial Intelligence with 

traditional numerical ocean modeling represents a 

significant leap forward for ocean current energy. 

The proposed AI-enhanced forecasting system 

addresses the critical limitations of current methods 

by providing more accurate, high-resolution, and 

probabilistic forecasts. This directly enables more 

efficient and safer operations, reduces costs, and de-

risks investments, accelerating the 

commercialization of ocean current energy. As AI 

techniques continue to evolve and more 

oceanographic data becomes available, such hybrid 

systems will become indispensable tools in 

harnessing the vast power of our oceans for a 

sustainable energy future. 
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