
Hybrid Transformer AI enables operational forecasting of turbine-scale 
Kuroshio power generation at optimal sites

Chau-Ron Wu a,b,* , Yu-Chia Chang a

a Research Center for Critical Issues, Academia Sinica, Taiwan
b Department of Earth Sciences, National Taiwan Normal University, Taiwan

A R T I C L E  I N F O

Keywords:
Ocean current energy
Energy conversion
Site-scale forecasting
Observation-constrained machine learning
Transformer-based deep learning
Power system integration

A B S T R A C T

Western boundary currents offer a persistent source of marine renewable energy, yet their deployment remains 
limited by the lack of accurate, site-scale forecasts that can be translated into electricity. Transformer-based 
artificial intelligence has transformed prediction, but its translation into site-specific ocean-current power 
forecasting for real-world energy applications remains strikingly limited. Here we develop an observation- 
constrained hybrid deep-learning (HyDL) framework that advances Kuroshio prediction toward grid-relevant, 
ocean-current energy applications. This study delivers four key contributions. First, we develop a hybrid 
Transformer-based AI framework that improves site-scale Kuroshio current prediction across multiple spatio
temporal scales. Second, by synergistically integrating global self-attention, statistical correction, and 
observation-driven real-time learning, HyDL achieves an average ~ 30% reduction in RMSE relative to a state-of- 
the-art operational system. Third, predicted currents are translated into turbine-scale power output under 
realistic operational constraints, and providing a direct pathway to reduce generation uncertainty and system- 
level cost. Finally, this work provides a scalable blueprint that integrates Kuroshio power generation, 
Transformer-based AI forecasting, and Taiwan’s energy management system, accelerating the operational 
deployment of ocean-current energy in Taiwan and across major western boundary current regions worldwide.

1. Introduction

The Kuroshio, originating from the North Equatorial Current, flows 
northward along Luzon and Taiwan before entering the East China Sea 
and extending eastward south of Japan (see Fig. 1a). As one of the 
world’s major western boundary currents, it transports large volumes of 
tropical heat toward mid-latitudes and plays a central role in regional 
climate and ocean–atmosphere coupling. Its velocity, however, exhibits 
pronounced variability across synoptic to multidecadal timescales, 
driven by tides, storms [1–4], mesoscale eddies [5–8], monsoonal 
forcing [9–12], climate modes [13,14], and long-term climate change 
[15,16]. This multiscale forcing fundamentally limits the predictability 
of Kuroshio currents.

A recent study [17] shows that the state-of-the-art US Navy HYCOM 
+ NCODA system systematically underestimates Kuroshio veloc
ities—and thus kinetic energy—by ~ 30% (~70% in power) at optimal 
sites off southeast Taiwan. This bias is consistent with independent 
observational assessments [18], which demonstrate that HYCOM- 
derived current fields systematically underestimate ocean-current 

energy densities across other major western boundary current systems, 
including regions off South Africa and Florida, when benchmarked 
against Acoustic Doppler Current Profiler (ADCP) measurements. Such 
persistent underestimation obscures the true magnitude of the resource 
and introduces a structural bias in resource assessment, thereby con
straining the reliability of energy estimates and undermining the eco
nomic viability of ocean-current power. Beyond the inability of existing 
models to accurately assess ocean-current power potential, several 
fundamental obstacles continue to hinder the transition of ocean-current 
energy from resource evaluation to practical operational deployment. In 
particular, a persistent disconnect remains between ocean-dynamics 
forecasting and dispatch-oriented power-system applications, limiting 
the ability to convert ocean predictability into actionable energy value.

Motivated by recent advances in Transformer-based algorithms 
[19–24] and site-scale feasibility-driven Kuroshio resource screening 
[17,25], this study is guided by three key research questions. First, to 
what extent can an AI-driven framework improve the predictive skill of 
Kuroshio current dynamics relative to state-of-the-art operational 
models? Second, can Transformer-based learning systematically 
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Fig. 1. Study region, site prioritization, and Transformer-based forecasting framework for Kuroshio power. (a) Basin-scale circulation of the western North Pacific, 
highlighting the Kuroshio as a persistent western boundary current linking the Pacific interior to marginal seas. The red box marks the Taiwan domain analyzed in 
this study. (b) Spatial distribution of a multi-criteria feasibility index around Taiwan, integrating oceanographic, bathymetric, and engineering constraints. Elevated 
index values delineate narrow, site-resolved Kuroshio energy corridors along the southeast and northeast coasts, identifying candidate power-plant sites including 
CG1 (near Chenggong) and SA2 (near Suao). (c) Schematic diagram of the Transformer-based hybrid deep learning (HyDL) framework for ocean-current power 
generation. The HyDL framework employs a Transformer architecture to assimilate continuous satellite-derived current fields within the black dashed domain, 
together with long-term drifter measurements, and supervised machine learning, to resolve the spatiotemporal structure of the Kuroshio Current. The trained model 
enables forward prediction of flow fields and site-scale power generation. Independent validation against moored ADCP observations at the CG1 and SA2 sites links 
basin-scale circulation dynamics with site-specific energy assessment.
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outperform state-of-the-art operational models under realistic ocean 
conditions? If so, how much can prediction skill surpass operational 
models? Third, can forecast currents be translated into turbine-scale 
power generation and operationally predicted at optimally selected 
deployment sites?

To address these questions, we develop a hybrid Transformer 
framework that forecasts Kuroshio velocities and converts them into 
turbine-scale power output at Taiwan’s highest-value extraction sites 
(Fig. 1b), identified using a multi-criteria feasibility index [17,26]. 
Model skill was further benchmarked against state-of-the-art opera
tional forecasting systems, establishing a robust performance baseline 
under real-world ocean conditions. The remainder of this paper is 
organized as follows. Section 2 describes the methodology and data 
sources. Section 3 presents forecasting performance and power predic
tion results. Section 4 discusses limitations and future research di
rections. Section 5 concludes the paper.

2. Methodology

Typical turbine operating depths east of Taiwan are concentrated 

within ~ 30–50 m [17], coinciding with the oceanic mixed layer (OML). 
Climatological analyses across the northwestern Pacific constrain OML 
depths to ~ 20–60 m, with a representative mean of ~ 30–50 m [27], 
placing turbine-relevant layers firmly within a dynamically coherent 
upper-ocean regime. Within the OML, wind-driven turbulence and 
buoyancy forcing act to vertically redistribute momentum, suppress 
shear, and produce a quasi-depth-uniform velocity structure [28]. This 
physical expectation is borne out by extensive shipboard ADCP obser
vations in the Kuroshio east of Taiwan [17], which show closely com
parable velocity magnitude and variability between 0–30 m (1.13 ±
0.36 m s− 1; >4,000 observations) and 30–60 m (1.05 ± 0.35 m s− 1; 
>7,000 observations) within the current core. When evaluated relative 
to intrinsic variability, both layers converge to ~ 1.1 ± 0.4 m s− 1, 
indicating no statistically significant vertical differentiation across 
turbine-operating depths. The convergence of independent climatolog
ical constraints and in situ observations demonstrates that upper-ocean 
currents exhibit strong vertical coherence within the OML. This provides 
a robust, observation-constrained basis for treating near-surface cur
rents as a physically consistent proxy for flow conditions at turbine 
depth, thereby enabling reliable translation of ocean-current predictions 
into energy-relevant metrics.

We developed a Transformer-based hybrid deep-learning (HyDL) 
framework to predict ocean current dynamics within the core Kuroshio 
power corridor east of Taiwan (120◦–124◦E, 21.5◦–25.5◦N). The 
framework couples Transformer-based deep learning with supervised 
machine learning to fuse satellite-derived geostrophic currents and near- 
surface drifter observations, enabling site-specific current velocity and 
turbine-scale power output forecasts at 1–7 day lead times. Model 
generalization is rigorously assessed using independent in situ obser
vations from two Acoustic Doppler Current Profiler (ADCP) moorings 
deployed at the highest-value energy sites, CG1 and SA2 (Fig. 1b). The 
overall architecture and end-to-end workflow are illustrated in Fig. 1c, 
with methodological details and the operational implementation 
described in the subsections below.

2.1. Data

Geostrophic velocity fields were obtained from the Copernicus Ma
rine Environment Monitoring Service (CMEMS), derived from multi- 
mission satellite altimetry using optimal interpolation of sea-level 
anomalies relative to a 1993–2012 climatology [29]. These products 
provide dynamically consistent estimates of large-scale circulation 
suitable for forecasting applications.

Near-surface absolute velocities were obtained from the NOAA 
Global Drifter Program (GDP), which forms a core component of the 
Global Ocean Observing System [30]. Drifter trajectories provide direct 
observations of ageostrophic and mesoscale flow components unre
solved by satellite altimetry.

To ensure consistency across heterogeneous datasets, satellite and 
drifter observations were harmonized through ensemble averaging onto 
a common spatial grid [31–35]. This preprocessing step preserves 
dominant current structures while enabling direct co-location of 
geostrophic and in situ velocity fields for model training and validation.

2.2. Transformer-based HyDL

The HyDL framework couples a Transformer forecaster [19–24] with 
an observation-constrained supervised learning stage to reconstruct 
absolute surface velocities.

Stage 1: Transformer geostrophic forecasting.
Daily near–real-time geostrophic velocity snapshots at times t1 … tn 

are encoded using a sequence-input layer with positional embeddings 
and processed through two stacked multi-head self-attention blocks 
followed by a regression head. This stage produces 1–7-day forecasts of 
geostrophic velocity fields, capturing large-scale and mesoscale circu
lation patterns. In this formulation, bathymetric effects are not included 

Fig. 2. Transformer-based hybrid deep learning (HyDL) development pipeline 
for ocean-current energy forecasting. The workflow illustrates the stepwise 
construction of the HyDL framework. A baseline Transformer–hybrid model is 
first established using minimal features and default hyperparameters to provide 
a reference benchmark. Model skill is subsequently enhanced through system
atic hyperparameter optimization, followed by a spatiotemporal domain search 
to identify optimal spatial coverage and temporal windows that balance pre
dictive accuracy and computational efficiency. Feature engineering is then 
applied to isolate the most informative predictors from multi-source observa
tions. These elements are integrated during advanced fine-tuning to train high- 
resolution HyDL models. The final model enables time-resolved current pre
dictions suitable for turbine-scale power estimation.
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as input variables in our framework. Bathymetric effects are assumed to 
be implicitly captured through the observational velocity datasets used 
for training, which inherently reflect the integrated response of ocean 
circulation to underlying topographic constraints.

Stage 2: Observation-constrained reconstruction of absolute velocity.
Observed drifter velocity U is decomposed into geostrophic and 

ageostrophic components [32,33], 

U = Ug +Ua (2) 

where Ug is derived from altimetric sea-surface height gradients and Ua 
represents wind-driven and other non-geostrophic contributions. Ve
locities are expressed in complex form, 

U = u+ iv,Ug = ug + ivg,Ua = ua + iva, i =
̅̅̅̅̅̅̅
− 1

√
(3) 

The ageostrophic component is defined as the residual between 
altimetry-derived geostrophic velocity and drifter-observed absolute 
flow, representing unresolved processes that cannot be captured by 
geostrophic balance alone, including wind-driven and submesoscale, 
and other non-geostrophic contributions [32,33]. To restore this missing 
signal, we trained a lightweight supervised machine-learning (ML) 
model using co-located CMEMS geostrophic currents and NOAA GDP 
drifter observations, enabling predicted geostrophic velocity fields to be 
mapped into full-field absolute currents. The ML model adopts an 
observation-constrained reconstruction framework based on the moti
vated decomposition of ocean velocity into geostrophic and ageo
strophic components. The model can be expressed in the unified form U 
= aUg + b, yielding an annual scaling of a = 1.3 and b = 0.07. Impor
tantly, the fitted parameters exhibit a physically consistent seasonal 
modulation, with a = 1.2 and b = 0.06 in spring, a = 1.0 and b = 0.14 in 
summer, a = 0.9 and b = 0.12 in fall, and a = 0.8 and b = 0.17 in winter. 
Across all cases, the regressions achieve high explanatory power (R2 =

0.876–0.984), indicating that geostrophic variability explains most of 
the seasonal current signal, whereas the supervised ML model system
atically recovers the unresolved ageostrophic contribution. This repre
sentation captures the dominant first-order relationship between 
geostrophic and absolute flow. This hybrid design enhances the fidelity 
of absolute current reconstruction and improves forecast skill, effec
tively integrating observation-constrained statistical correction with 
data-driven flexibility.

2.3. Validation with moored ADCP observations

Independent validation is provided by two moored ADCP moorings 

located at CG1 (southeast Taiwan) and SA2 (northeast Taiwan). Each 
mooring consists of an anchored ADCP with subsurface flotation and 
acoustic release (see Fig. 1c), recording continuous velocity profiles 
through the water column. ADCP time series underwent standard 
quality control, including removal of outliers and application of a 
moving-average filter to suppress high-frequency noise while preserving 
dominant flow variability. Model forecasts were evaluated against these 
in situ observations using root mean squared error (RMSE), mean ab
solute error (MAE), mean absolute percentage error (MAPE), and mean 
squared error (MSE). Validation against previously unseen ADCP ob
servations provides a stringent test of generalization under real ocean 
conditions.

To ensure data independence, strict temporal separation is enforced 
between training and validation. For each forecast cycle, the model is 
trained using only historical data prior to the forecast initialization time 
and evaluated on future periods, preventing information leakage. The 
validation dataset consists of moored ADCP observations, which are not 
used during model training. These measurements therefore provide an 
independent in situ benchmark for assessing predictive performance. 
Drifter and ADCP observations differ fundamentally in sampling strat
egy (Lagrangian vs. Eulerian). As such, model evaluation reflects 
generalization across observational modalities rather than implicit data 
overlap.

2.4. HyDL optimization pipeline

The Transformer-based HyDL framework was developed through a 
structured, multi-stage pipeline designed to progressively enhance pre
dictive skill while maintaining computational tractability (Fig. 2). We 
first established a baseline Transformer–hybrid architecture using a 
minimal feature set and default hyperparameters, providing a trans
parent benchmark against which all subsequent refinements could be 
objectively quantified. Model performance was then systematically 
improved via targeted hyperparameter optimization.

To explicitly resolve the scale dependence of ocean-current dy
namics, we performed a spatiotemporal domain search in which both 
spatial coverage and temporal window length were varied, identifying 
configurations that optimally balance forecast accuracy against 
computational cost. Feature engineering was subsequently conducted to 
evaluate the predictive contribution of candidate variables drawn from 
multi-source observations and to isolate the most informative feature 
subset. The resulting optimized architecture, spatiotemporal configu
ration, and feature set were integrated during advanced fine-tuning to 
train the final HyDL models. This end-to-end workflow ultimately 

Table 1 
Training configuration of the Transformer-based HyDL framework.

Category Component Setting Description

Model architecture Backbone Transformer HyDL Hybrid framework combining attention-based forecasting and supervised correction
​ Attention heads (H) 8 Optimized to balance accuracy and computational efficiency
​ Embedding dimension (dmodel) 512 Ensures stable representation (dmodel / H ≈ 64)
​ Key/query dimension (dk) 128 Selected based on hyperparameter optimization
​ Number of layers 2 Stacked multi-head self-attention blocks
​ Output layer Regression head Predicts continuous current velocity
Loss & optimization Loss function Mean Squared Error (MSE) Consistent with RMSE evaluation
​ Optimizer Adam Adaptive gradient optimization
​ Learning rate 1 × 10− 3 Tuned for stable convergence
​ Batch size 32 Mini-batch training
Data preprocessing Normalization Z-score standardization Mean = 0, Std = 1 (training set statistics)
​ Input data CMEMS & NOAA GDP Geostrophic & drifter velocities
​ Feature alignment Spatial-temporal co-location Ensures consistency across datasets
Scalability Spatial domain 96 sites Kuroshio corridor east of Taiwan
Training strategy Framework Rolling forecast training Sequential training windows
​ Forecast horizon 1–7 days Operationally relevant timescale
​ Number of forecasts 1,008 Independent rolling forecasts
Validation Ground truth Moored ADCP Independent in situ observations
​ Validation sites CG1, SA2 High-value energy sites
​ Metrics RMSE, MAE, MAPE, MSE Multi-metric evaluation
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delivers time-resolved ocean-current forecasts that can be directly 
translated into turbine-scale power output and energy production 
estimates.

To ensure reproducibility, the training configuration of the 
Transformer-based HyDL framework is explicitly defined as follows. 
Model optimization is performed using the mean squared error (MSE) 
loss function, consistent with RMSE-based evaluation metrics. All input 
features are standardized using z-score normalization computed from 
the training dataset, and the same scaling is applied to validation and 
test data. Training is conducted using the Adam optimizer with a 
learning rate of 1 × 10− 3 and a mini-batch size of 32. The model is 
trained under a rolling forecast framework, in which each training cycle 
uses only historical data prior to the forecast initialization time, 
ensuring strict temporal causality and preventing information leakage. 
Hyperparameters, including attention head number and embedding 
dimension, are selected through systematic optimization as described in 
Section 3.1. A summary of all training parameters is provided in Table 1.

3. Results and discussion

3.1. Skill–cost frontier design

To determine an attention configuration that maximizes predictive 
skill without unnecessary complexity, we conducted systematic hyper
parameter optimization across combinations of head count (H) and key/ 
query dimension (dk). The results identify a clear optimum at H = 8 and 
dk = 128, which consistently yields the lowest RMSE. This configuration 
achieves the best balance between expressive capacity and computa
tional efficiency, indicating that predictive improvements arise from 
resolving the essential dynamical degrees of freedom of the Kuroshio 
system rather than from indiscriminate architectural scaling.

This optimal regime is consistent with established insights from 
Transformer scaling studies. Multi-head self-attention enhances repre
sentational capacity by enabling parallel learning of heterogeneous de
pendencies [19], but systematic pruning experiments demonstrate that 
performance gains saturate beyond moderate head counts [36]. 
Although increasing both embedding dimension and head multiplicity 

Fig. 3. Field validation of operational ocean models against moored ADCP observations in the Kuroshio east of Taiwan. Upper panels show near-surface current 
speed (color shading; m s− 1) and velocity vectors from HYCOM + NCODA (left) and GOPAF (right), illustrating the structure of the Kuroshio jet, its interaction with 
Green Island, and its downstream evolution along the shelf break from CG1 toward SA2. Lower panels compare time series of current speed at CG1 (upper) and SA2 
(lower) from June to September 2023, derived from HYCOM + NCODA (blue), GOPAF (orange), and moored ADCP observations (black).
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can improve accuracy in large-language and vision models [20,37], such 
gains come at sharply increasing computational and memory costs, and 
stable performance typically emerges when the ratio dmodel/H remains 
near ~ 64. Together, these results suggest that Transformer performance 
is governed by an optimal balance between head multiplicity and per- 
head dimensionality rather than by scale alone.

Beyond the identified optimum, our results reveal a clear saturation 

regime in which forecast accuracy converges once the dominant 
spatiotemporal modes of the current are sufficiently represented. 
Additional model capacity yields diminishing returns, indicating an 
upper bound on achievable skill. This behaviour reflects a fundamental 
distinction between oceanic and atmospheric prediction: unlike atmo
spheric systems, where dense observations and strong external forcing 
can sustain continued gains from model scaling, ocean-current 

Fig. 4. Lead-time-dependent forecast skill and inter-model comparison for Kuroshio current prediction. (a) Forecast errors of the Transformer-based HyDL model as a 
function of lead time (1–7 days) at the CG1 and SA2 moorings, evaluated against ADCP observations. Panels show root mean squared error (RMSE), mean absolute 
error (MAE), mean absolute percentage error (MAPE), and mean squared error (MSE), demonstrating stable error growth with lead time and consistently lower errors 
at SA2 than at the more energetic CG1 site. (b) Comparison of RMSE, MAE, MAPE, and MSE among GOPAF, HYCOM + NCODA, LSTM-based HyDL, and Transformer- 
based HyDL at CG1 and SA2.
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forecasting is intrinsically constrained by unresolved mesoscale dy
namics, sparse in situ measurements, and limited observational band
width to constrain ageostrophic variability. As a result, model 
performance is ultimately limited by the intrinsic information content of 
the ocean system rather than by network expressiveness.

Feature-ablation experiments further corroborate this interpretation. 
Satellite-derived geostrophic currents capture the majority of the Kur
oshio’s kinetic energy and large-scale structure, while drifter-derived 
velocities provide the ageostrophic and mesoscale corrections essential 
for site-scale prediction. Together, these two inputs explain nearly all 
physically learnable variance in the target signal. In contrast, adding 
wind forcing or sea surface height yields only marginal improvement 
owing to strong collinearity with existing predictors, indicating a 
feature-saturation regime in which additional inputs increase redun
dancy rather than predictive insight.

Taken together, these results demonstrate that information effi
ciency, rather than feature proliferation or aggressive architectural 
scaling, defines the practical upper bound of robust ocean-current pre
diction. This principle has direct implications for AI-enabled marine 
energy systems, where optimal forecasting performance depends on 
aligning model complexity with the informational constraints imposed 
by multiscale ocean dynamics and sparse in situ validation, rather than 
pursuing scale for its own sake.

3.2. Field-validated hybrid transformer forecasts

Although data-assimilative numerical models capture the basin-scale 
Kuroshio pathway, they exhibit systematic and station-dependent biases 
in the energetically active region near Green Island (see Fig. 3). Previous 
studies [13,38] have shown that coarse-resolution bathymetry and is
land topography impose a fundamental bottleneck on predictive skill in 
operational numerical modeling frameworks. As a result, HYCOM and 
GOPAF show pronounced discrepancies relative to moored ADCP mea
surements at both CG1 and SA2, with RMSE reaching 0.32 m s− 1 and 
0.23 m s− 1 for HYCOM, and 0.43 m s− 1 and 0.30 m s− 1 for GOPAF, 
respectively. By contrast, the Transformer-based HyDL maintained 
robust skill across more than one thousand rolling forecasts (Fig. 4a). A 
total of 1,008 independent 7-day forecasts were generated at two sta
tions using 72 progressively extended training windows spanning 10 
June to 20 August 2023, with each model trained on observations from 1 
January 2022 up to the forecast initialization date. For each forecast 
cycle, predicted velocities were directly compared against observed 
moored ADCP velocities. At CG1, where the Kuroshio jet reaches its 
maximum intensity, the Transformer-based HyDL reduced RMSE from 
0.32 m s− 1 (HYCOM + NCODA) to 0.18 m s− 1, corresponding to a 44% 
improvement, and lowered MAE by 42%. Even at SA2, where currents 
are weaker and more variable, RMSE decreased by 26% relative to 
HYCOM, accompanied by a 22% reduction in MAE (Table 2). Across all 
sites and evaluation metrics, the Transformer-based HyDL framework 
consistently achieved the lowest prediction errors among all models 
considered, demonstrating the advantage of attention-based learning for 

resolving the Kuroshio’s intrinsically multiscale and nonlinear 
dynamics.

Beyond operational comparisons, we further implemented an LSTM- 
based HyDL benchmark to evaluate whether these gains primarily arise 
from hybrid learning design or from the Transformer architecture itself. 
Building on the early demonstration by Bayindir [39] that LSTM net
works can capture temporal variability in ocean currents, our LSTM- 
based HyDL provides a rigorous recurrent baseline for modern deep- 
learning ocean forecasting. Across all sites and metrics, the 
Transformer-based HyDL consistently outperformed the LSTM bench
mark (Fig. 4b), indicating that attention-based learning substantially 
enhances generalization beyond what is achievable with conventional 
recurrent architectures.

To assess seasonal transferability, we conducted 73 rolling 7-day 
forecasts during the weakened winter Kuroshio at CG1, training on 
data windows spanning January 1, 2022 to end dates between December 
10, 2023 and February 20, 2024. Wintertime observations at SA2 were 
unavailable, precluding parallel validation. Across all winter windows, 
the Transformer-based HyDL maintained stable performance and ach
ieved an average 25% reduction in RMSE relative to HYCOM + NCODA. 
In contrast, during the summer regime—characterized by a strong, 
coherent jet and larger-amplitude mesoscale anomalies—the same 
framework reduced RMSE by 44%, revealing that AI-driven gains are 
strongly regime dependent. In winter, reduced signal amplitudes and 
elevated relative noise in both altimetric and in situ measurements 
constrain baseline errors, leaving less margin for improvement, whereas 
in summer intensified jets and enhanced eddy activity amplify 
resolution-driven deficiencies in numerical models.

Importantly, HyDL retained pronounced skill under event-scale dis
turbances, including cyclonic-eddy-induced weakening of the Kuroshio 
near Green Island (Fig. 5), conditions under which operational models 
frequently fail to reproduce localized jet attenuation and splitting. 
Mechanistically, the Transformer framework leverages global self- 
attention to learn long-range spatiotemporal dependencies that con
nect upstream eddy evolution to downstream velocity anomalies, 
thereby capturing nonlinear modulation pathways that are difficult to 
resolve in coarse-grid dynamical models. In dynamically complex re
gimes, forecast errors can approach the combined magnitude of obser
vational uncertainty and unresolved variability, implying that residual 
discrepancies may partly reflect limitations in the observations rather 
than solely deficiencies in the model. Moored ADCP velocity measure
ments typically exhibit uncertainties on the order of ~ 0.01–0.05 m s− 1, 
with a nominal accuracy of ~ 0.3–0.5% of water velocity, depending on 
instrument configuration and environmental conditions [40,41]. 
Against this benchmark, the Transformer-based HyDL framework 
consistently achieves the lowest prediction errors across all metrics and 
both validation sites (Table 2). At CG1, RMSE is reduced from 0.32 to 
0.18 m s− 1 (− 42%), with comparable reductions in MAE and MSE. At 
SA2, RMSE decreases from 0.23 to 0.17 m s− 1 (− 26%), again with 
consistent improvements across all error metrics. These gains are robust 
across more than 1,000 independent rolling forecasts, indicating 

Table 2 
Performance comparison of operational and AI-based models for site-scale Kuroshio current forecasting. Model skill is evaluated using 1,008 independent 7-day 
forecasts against moored ADCP observations at CG1 and SA2, quantified by RMSE, MAE, MAPE and MSE. Operational prediction systems (HYCOM + NCODA and 
GOPAF) are benchmarked against LSTM-based and Transformer-based hybrid deep-learning (HyDL) frameworks. The Transformer-based HyDL consistently delivers 
the lowest errors (bold) across all metrics and both sites, approaching the observational uncertainty floor.

Station System RMSE Imp. MAE Imp. MAPE Imp. MSE Imp.

CG1 GOPAF 0.43 m/s − 34% 0.36 m/s − 38% 34% − 3% 0.185 m2/s2 − 81%
HYCOM + NCODA 0.32 m/s 0% 0.26 m/s 0% 33% 0% 0.102 m2/s2 0%
LSTM-based HyDL 0.24 m/s +25% 0.21 m/s +19% 30% +9% 0.057 m2/s2 +44%
Transformer-based HyDL 0.18 m/s +42% 0.15 m/s +42% 22% +33% 0.035 m2/s2 +64%

SA2 GOPAF 0.30 m/s − 30% 0.23 m/s − 28% 29% − 71% 0.090 m2/s2 − 70%
HYCOM + NCODA 0.23 m/s 0% 0.18 m/s 0% 17% 0% 0.053 m2/s2 0%
LSTM-based HyDL 0.22 m/s +4% 0.19 m/s − 5% 18% − 6% 0.048 m2/s2 +9%
Transformer-based HyDL 0.17 m/s +26% 0.14 m/s +22% 13% +23% 0.028 m2/s2 +47%
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Fig. 5. Mesoscale eddy modulation of the Kuroshio and impacts on site-scale predictability. (a)–(d) Sea level anomaly (SLA; m) on 28 June, 12 July, 26 July and 9 
August 2023, showing the evolution of a mesoscale eddy (E) interacting with the Kuroshio jet and modulating conditions near the CG1 mooring (triangle). (e) 
Current-speed time series at CG1 in August 2023 from HYCOM + NCODA and GOPAF (dashed), Transformer-based HyDL forecasts (1-, 4- and 7-day lead times; 
solid), and moored ADCP observations (black), highlighting skill under eddy-perturbed regimes.

Table 3 
Velocity-dependent capacity factor and turbine-scale energy output for Kuroshio ocean-current power. Instantaneous capacity factor (CF) and corresponding hourly 
energy production (EP) are estimated for representative installed capacities (IC = 100 MW, 1 GW, and 4 GW) using the semi-empirical velocity–capacity-factor (U–CF) 
relationship of Chang et al. [17]. Values illustrate the nonlinear amplification of power output with increasing current speed. EP is an idealized estimate, as actual 
turbine-specific characteristics (e.g., cut-in/out velocities, efficiency, losses, and flow interactions) are not explicitly resolved.

Current speed, U 0.7 m/s 0.9 m/s 1.1 m/s 1.3 m/s 1.5 m/s

Capacity factor, CF 8% 19% 34% 52% 100%
EP (IC = 100 MW) 8 MWh 19 MWh 34 MWh 52 MWh 100 MWh
EP (IC = 1 GW) 80 MWh 190 MWh 340 MWh 520 MWh 1 GWh
EP (IC = 4 GW) 320 MWh 760 MWh 1.36 GWh 2.08 GWh 4 GWh
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systematic enhancement in predictive skill rather than case-specific 
performance. Crucially, the magnitude of RMSE reduction 
(~0.06–0.14 m s− 1) substantially exceeds the typical observational 
uncertainty (~0.01–0.05 m s− 1), demonstrating that the improvements 
cannot be attributed to measurement noise. Instead, they reflect genuine 
gains in resolving physically relevant flow variability.

The comparison between HyDL and basin-scale operational models 
(e.g., HYCOM, GOPAF) should be interpreted in the context of differing 
model objectives. Operational systems are designed to maintain large- 
scale dynamical consistency and basin-wide continuity, whereas HyDL 
is optimized for site-specific prediction at energy-relevant locations. 
Accordingly, the reported performance improvements reflect enhanced 
local predictive skill under site-specific constraints, rather than a general 

replacement of basin-scale models. HyDL is therefore best viewed as a 
complementary, site-focused forecasting layer that can be integrated 
with existing operational systems to improve prediction accuracy at 
targeted locations. While the present evaluation focuses on two ADCP- 
validated sites, these locations provide stringent independent valida
tion in energetically critical regions. In energy-critical regions, model 
predictions exhibit improved agreement with independent moored 
ADCP observations, indicating that the learned mapping effectively 
captures topographic controls on the flow. Nevertheless, broader spatial 
validation is required to assess transferability beyond the Kuroshio 
corridor.

Fig. 6. Forecast evolution of Kuroshio current speed and energy metrics east of Taiwan. Spatial distributions of predicted absolute current speed (UF; m s− 1), 
theoretically available power (TAP; W m− 2, per unit cross-sectional area), and corresponding daily energy production (EP; MWh day− 1) for a notional 1-GW installed 
capacity in the Kuroshio region east of Taiwan are shown for lead times of 1, 4, and 7 days, corresponding to 16, 19, and 22 July 2023 (panels a–i). Maps highlight the 
persistence and downstream evolution of the Kuroshio jet relative to the Taiwanese coastline, with markers indicating the CG and SA sites. Panels j–l summarize the 
associated time series of area-averaged UF, TAP, and EP as a function of forecast lead time (1–7 days) at both sites.
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3.3. Bridging ocean and grid

The significance of Transformer-based HyDL extends beyond 
improved hydrodynamic prediction to the operational core of energy 
systems. The speed–capacity factor (U–CF) relationship validated in 
previous studies [17,42–44] directly maps forecast currents to turbine- 
scale energy output, yielding time-resolved and generation estimates 
that can be readily integrated into grid operations (Table 3). By 
resolving synoptic-to-mesoscale variability, the proposed framework 
enables more accurate reserve allocation, generation scheduling, and 
system cost optimization—realizing, for the first time, operationally 
predictive Kuroshio power generation (see Fig. 6). Power generation is 
presented as an idealized estimate. In practice, output depends on actual 
turbine-specific characteristics, including cut-in and cut-out velocities, 
efficiency curves, system-level losses, and device-scale flow interactions 
[45,46], which are not explicitly resolved in the present framework.

The theoretical available power (TAP) defines the upper bound of 
kinetic energy incident on a marine current turbine and scales with the 
cube of current speed [17,38], 

TAP =
1
2

ρAU3 (1) 

where ρ is the seawater density (kg/m3), A is the turbine’s swept area 
(m2), and U is the current speed (m/s). The TAP represents an upper 
bound on the kinetic energy available in the flow and does not account 
for turbine-specific conversion efficiency or operational constraints. In 
this study, TAP is therefore used as an idealized upper bound rather than 
an operationally realistic estimate. Representative forecasts (Fig. 6) 
demonstrate that HyDL resolves both synoptic and mesoscale structures 
during seasonal transitions, yielding spatially and temporally coherent 
estimates of TAP density and energy output. When embedded within 
Taiwan’s advanced distribution management system (see Fig. 7), such 
forecasts support dynamic reallocation of generation resources, adaptive 

voltage control, and demand-response coordination, thereby enhancing 
grid resilience. The previous study [47] has shown that accurate 
renewable-generation forecasting can reduce curtailment and redis
patch losses while lowering reserve requirements, thereby translating 
predictive skill directly into economic value. In this context, forecasting 
evolves from a passive diagnostic tool into an active instrument of sys
tem optimization. Renewable energy systems are typically integrated 
with energy storage and conventional generation within grid-based 
energy systems. Here, we address this gap by introducing an AI fore
casting framework, enabling dispatch-oriented predictability and dy
namic coordination between future variable renewables, energy storage, 
and conventional power systems.

More broadly, our study delivers a timely advance at the intersection 
of artificial intelligence, ocean dynamics, and power-system operation, 
addressing a long-standing barrier in marine renewable energy. By 
rendering the Kuroshio predictable at turbine and grid timescales, HyDL 
elevates ocean-current energy from a persistent but uncertain resource 
to a system-relevant component of renewable portfolios, offering a 
scalable blueprint for integrating western boundary currents into future 
low-carbon energy systems worldwide.

4. Limitations and future work

The improved predictive capability of the proposed Transformer- 
based HyDL framework stems from the combined strengths of global 
self-attention, observation-constrained statistical correction, and real- 
time learning data. By exploiting long-range spatiotemporal de
pendencies, the Transformer learns dynamically coherent patterns 
across the Kuroshio system, enabling it to capture variability spanning 
mesoscale eddy interactions, current-path shifts, and synoptic-scale 
forcing—processes that are typically under-resolved by local or recur
rent architectures. In parallel, the hybrid design integrates supervised 
learning components trained on drifter observations to capture 

Fig. 7. Integrated AI forecasting and power engineering framework for a sustainable, net-zero energy system. The schematic illustrates a unified architecture in 
which Kuroshio ocean-current generation and the proposed AI framework are embedded within Taiwan’s existing Energy Management System (EMS). Distributed 
renewable resources—including Kuroshio ocean-current, solar, and offshore wind power—are coordinated through the Distributed Renewable Energy Advanced 
Management System (DREAMS) and the Green Energy Estimate and Monitoring System (GEMS), and interfaced with the Regional Dispatch Center (RDC) and 
Distribution Dispatch Center (DDC) via SCADA-based supervisory control. In high-renewable power systems, such forecasting capability is critical, translating 
predictive skill into tangible system-level value through reduced reserve requirements, lower operating costs, and enhanced operational reliability—thereby 
accelerating Taiwan’s transition toward a resilient net-zero energy future.
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observation-constrained ageostrophic variability, supporting improved 
generalization relative to purely data-driven approaches.

Despite these advances, several limitations remain. First, this 
constraint is particularly evident in coastal and shallow-water regions, 
where satellite altimetry suffers from reduced accuracy. Second, the 
daily sampling frequency and coarse effective resolution of satellite- 
derived currents impose an intrinsic ceiling on the model’s ability to 
resolve sub-daily and submesoscale processes, including near-inertial 
oscillations, internal-wave-driven variability, and rapid accelerations 
induced by typhoons. These unresolved dynamics may lead to under
estimation of short-lived extremes that are critical for both turbine 
loading assessment and operational forecasting.

Future work will advance HyDL along two key directions. First, 
extending the framework to other major western boundary current 
systems—including the Gulf Stream and Agulhas Current—will rigor
ously assess cross-basin generalizability and establish a scalable global 
platform for site-specific ocean-current energy forecasting. Second, 
enhancing computational efficiency through model pruning, quantiza
tion, and reduced-order learning will enable real-time, large-scale 
deployment and accelerate integration into global decision-support and 
dispatch frameworks.

5. Conclusions

1. Our work establishes a hybrid Transformer AI framework that im
proves site-scale Kuroshio current prediction, enabling high-fidelity 
forecasting of multi-scale current variability that has long 
remained challenging for conventional approaches. This provides a 
new technical foundation for translating ocean observations into 
actionable energy intelligence.

2. The proposed Transformer-based HyDL framework attains its pre
dictive advantage through a synergistic coupling of global self- 
attention, statistical correction, and observation-driven real-time 
learning, yielding an ~ 30% reduction in RMSE relative to the 
leading operational model. This performance gain underscores how 
observation-constrained AI can systematically overcome persistent 
model biases

3. Our framework bridges the long-standing divide between oceano
graphic prediction and engineering-scale energy conversion. By 
enabling site-scale forecasts of ocean-current power and energy 
production, the proposed AI framework directly reduces system-level 
uncertainty and operational costs

4. Ultimately, this study provides a scalable and operational blueprint 
to accelerate the deployment of ocean-current energy across major 
western boundary current regions worldwide, supporting the tran
sition toward low-carbon power systems
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