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 a b s t r a c t

The wake dynamics downstream of offshore wind turbine foundations exhibit strong nonlinearity, temporal 
variability, and three-dimensional disturbances. Accurately and efficiently modeling these unsteady flows has 
long been a challenge. Traditional recurrent neural network (RNN) methods often struggle to capture localized, 
nonstationary wake structures due to limited spatial awareness and sensitivity to variations in input dimension-
ality. This study presents a region-aware hybrid modeling framework to address these limitations. The approach 
integrates three key components: automatic wake-region detection, Proper Orthogonal Decomposition (POD) 
for dimensionality reduction, and a hybrid LSTM-GRU network for temporal sequence modeling. A CNN en-
hanced with Grad-CAM identifies dynamically active wake regions. POD is applied separately to both the global 
domain and the extracted wake subdomain to derive dominant modal coefficients. A dual-branch temporal pre-
diction model then forecasts future low-dimensional flow representations for both domains. The training process 
employs a composite loss function combining time-domain mean squared error (MSE) with frequency-domain 
Fourier loss. To prioritize key unsteady features, higher weighting is applied to wake-region predictions. Re-
sults show that the proposed model effectively captures key wake dynamics, including vortex shedding patterns, 
streamwise wake decay, and localized disturbances. For full-field predictions, the mean absolute relative error 
(MARE) is reduced from 15.6% for the conventional global POD with a standard LSTM baseline to 12.2% for the 
final blended prediction of the proposed region-aware hybrid framework, indicating a substantial improvement 
in predictive accuracy. The applicability of the proposed approach to different Reynolds numbers, alternative 
foundation geometries, and unsteady tidal inflow conditions remains to be investigated.

1.  Introduction

The rapid expansion of offshore wind turbines has raised increas-
ing concerns regarding the environmental impacts of their foundation 
structures, which can significantly modify local hydrodynamic con-
ditions [1,2]. In seasonally stratified waters, submerged foundations 
generate underwater wakes characterized by vortex shedding and lo-
calized shear layers. Such disturbances influence sediment transport, 
nutrient redistribution, and near-bottom mixing processes, potentially 
affecting benthic ecosystems and broader marine ecological dynam-
ics [1,3]. Although extensive research has focused on atmospheric 
wakes induced by rotor-atmosphere interactions [4–6], hydrodynamic 
wakes generated by submerged wind turbine foundations remain com-
paratively underexplored. Addressing this gap is essential for the en-
vironmentally sustainable development of offshore wind energy sys-
tems.

∗ Corresponding author.
 E-mail addresses: yifanma_aero@outlook.com (Y. Ma), zhaoyue@chalmers.se (Z. Xu), huadong.yao@chalmers.se (H.-D. Yao).

High-fidelity computational fluid dynamics (CFD) provides detailed 
insight into wake dynamics but entails substantial computational cost, 
particularly for resolving unsteady three-dimensional flows around off-
shore foundations [4,7]. To alleviate this burden, reduced-order mod-
eling (ROM) techniques have been developed to capture dominant flow 
structures at significantly lower cost [8,9]. Among these approaches, 
Proper Orthogonal Decomposition (POD) is widely used to extract 
energy-dominant spatial modes from high-fidelity simulations [10]. Ver-
Hulst et al. [11] demonstrated that a limited number of POD modes ef-
fectively capture vertical kinetic energy transport in wind farms. Bastin 
et al. [12] showed that low-order POD modes reconstruct thrust and 
power with reasonable accuracy, though energy-ranked modes are not 
always optimal for dynamic load prediction. Hamilton et al. [13] further 
developed a data-driven POD-based ROM in which modal coefficients 
were evolved using polynomial ODE systems with regularization and 
inflow reinitialization. Collectively, these studies establish POD-based 
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ROM as a versatile and computationally efficient framework for wake 
analysis and wind-energy applications.

Recent advances in machine learning have further enhanced 
reduced-order and surrogate modeling in fluid dynamics [14,15]. Long 
Short-Term Memory (LSTM) networks have shown particular promise 
in learning nonlinear temporal evolution from reduced-order represen-
tations [16]. Nazvanova et al. [17] employed a one-LSTM-per-mode 
strategy for vortex-induced vibration modeling, achieving high accu-
racy and significant computational savings. Raj et al. [18] demonstrated 
that LSTM-based ROMs outperform linear approaches such as DMD for 
chaotic flow prediction. Mashhadi et al. [19] introduced a mode-pairing 
LSTM training strategy to mitigate high-frequency interference in com-
plex 3D wake fields. Yousif et al. [20] compared LSTM and BiLSTM 
architectures for POD-coefficient prediction, highlighting architectural 
sensitivity in wake modeling. Li et al. [21] and Hasegawa et al. [22] in-
corporated CNN encoders and attention mechanisms into LSTM-based 
ROMs, demonstrating improved spatiotemporal prediction accuracy and 
robustness across varying Reynolds numbers. These developments indi-
cate a clear progression toward more expressive hybrid architectures 
while maintaining computational efficiency.

Despite these advances, most LSTM-based reduced-order models op-
erate on global flow domains or predefined spatial supports, lacking ex-
plicit spatial adaptivity. Consequently, localized wake structures, par-
ticularly those generated near turbine foundations, may be underrep-
resented. Even when CNN encoders or attention mechanisms are em-
ployed, the absence of explicit region awareness allows dynamically in-
active far-field regions to dominate the representation, limiting model-
ing efficiency and physical interpretability.

To enhance spatial adaptivity, gradient-based saliency techniques 
have recently been explored in CFD. Grad-CAM, originally devel-
oped for computer vision [23], generates gradient-weighted activation 
maps from convolutional layers to highlight regions most influential to 
model predictions without altering network architecture. Morimoto et 
al. [24] and Xu et al. [25] applied Grad-CAM to sensor placement and 
flow reconstruction in complex geometries, including periodic-hill and 
axisymmetric-body flows. Jagodinski et al. [26] and Ajaya et al. [27] 
further demonstrated that Grad-CAM can improve wake-region model-
ing through multi-layer saliency fusion and data rebalancing strategies. 
These studies confirm Grad-CAM’s potential for physics-informed region 
identification in fluid flows.

Grad-CAM has also been coupled with recurrent networks; however, 
existing applications primarily focus on flow-regime classification rather 
than state prediction. For example, Wen et al. [28] integrated Grad-CAM 
with LSTM networks to localize salient buffet structures and classify sub-
sonic buffet regimes over high-angle-of-attack airfoils. While demon-
strating interpretability benefits, systematic integration of Grad-CAM 
into reduced-order state prediction frameworks remains limited.

Motivated by these limitations, this study proposes a region-aware 
hybrid LSTM framework that integrates wake-region identification, 
reduced-order modeling, and hybrid temporal learning to improve the 
accuracy and efficiency of unsteady wake prediction. By explicitly sep-
arating dynamically significant wake regions from the global flow field 
and modeling them in parallel, the framework enhances localized rep-
resentation while preserving full-field coherence.

The overall framework, illustrated in Fig. 1, consists of four main 
stages:

Step 1: Wake Region Identification: A Grad-CAM-based mechanism 
extracts a statistically dominant wake subdomain from the full 
computational domain.

Step 2: Flow Decomposition: The global domain and wake subdo-
main are independently standardized and decomposed using 
POD to obtain compact reduced-order representations.

Step 3: Temporal Prediction: The evolution of the POD coefficients is 
modeled using a hybrid LSTM-GRU architecture to capture both 
long-term periodic behavior and short-term residual dynamics.

Step 4: Flow Reconstruction and Blending: Predicted coefficients 
are projected back to physical space via inverse POD, and the 
reconstructed global and wake fields are combined using a wake-
global blending strategy to ensure smooth and physically consis-
tent full-field predictions.

The research ultimately aims to support wind farm siting optimization, 
foundation design, and environmental impact evaluations.

2.  Method

2.1.  CFD simulation setup and data acquisition

The flow configuration consists of a circular cylinder representing a 
monopile foundation submerged in water. The cylinder diameter is 𝐷 =
8 m. The incoming freestream velocity is (𝑢∞, 𝑣∞, 𝑤∞) = (0.5, 0, 0) m/s. 
The fluid is assumed incompressible with density 𝜌 = 997.561 kg∕m3. 
The corresponding Reynolds number based on cylinder diameter is ap-
proximately 𝑅𝑒 = 4 × 106, indicating a fully turbulent separated wake 
regime.

The computational domain is shown in Fig. 2. Its dimensions are 
(63.5𝐷 × 53𝐷 × 6.25𝐷) in the streamwise (𝑥), spanwise (𝑦), and vertical 
(𝑧) directions. The dimensions of the computational domain have been 
validated in preliminary studies. The cylinder is positioned at the mid-
span of the domain and centered at (𝑥, 𝑦) = (0, 0) m, with 7.25𝐷 upstream 
to the inlet and 56.25𝐷 downstream to the outlet.

The boundary condition at the inlet is the velocity inlet condition 
that has a uniform distribution of the freestream velocity. The outlet is 
set with the pressure-outlet condition. The lateral and top boundaries 
are modeled as symmetry planes, and the cylinder surface is imposed 
with a no-slip wall condition.

The flow is solved using STAR-CCM+ based on the finite vol-
ume method. The improved delayed detached eddy simulation (IDDES) 
model is employed for turbulence closure [29]. The IDDES formulation 
is based on the Spalart-Allmaras (SA) RANS model in the near-wall re-
gion, coupled with LES treatment in separated wake regions. Standard 
wall functions are used to model the near-wall behavior. This hybrid 
RANS-LES approach enables efficient resolution of large-scale turbulent 
structures in the separated wake while maintaining computational fea-
sibility.

A segregated pressure-velocity coupling scheme using the SIMPLE al-
gorithm is adopted. Spatial discretization is second-order accurate, and 
temporal integration employs a second-order implicit scheme. The time 
step is set to Δ𝑡 = 0.5 s, ensuring that the average Courant number re-
mains below one throughout the domain. The simulation is run for a 
total physical time of 4000 s, providing sufficiently long time histories 
to capture the development and statistical characteristics of the turbu-
lent wake.

The unstructured mesh generation employs hybrid trimmed meshing 
and near-wall prism layers. The mesh refinement follows a multi-region 
strategy focused on capturing the near-field and wake flow. A mesh sen-
sitivity study had been conducted in previous work. A cut plane of the 
mesh chosen for the simulation is shown in Fig. 3, where the plane is 
located in the middle of the domain height. The total number of nodes 
in the mesh is approximately 10.3 × 106. Further details regarding mesh 
validation, near-wall resolution, and data fidelity are provided in  A.

The solver outputs were post-processed to extract the instantaneous 
three-dimensional velocity fields recorded at regular time intervals to 
capture the unsteady wake dynamics. A horizontal cross-section at 𝑧 =
4.7𝐷 was selected for further analysis. The simulation produces 8000 
snapshots. Each snapshot was saved on a fixed spatial grid, enabling 
time-resolved modeling of wake evolution. To balance computational 
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Fig. 1. Overall framework of the region-aware hybrid LSTM-GRU modeling for wake flow prediction.

efficiency with learning accuracy, the dataset was temporally subsam-
pled by selecting every eighth snapshot, resulting in a temporal resolu-
tion of 4 s per frame. This procedure yields 1000 effective snapshots. To 
eliminate initial transient effects, the first 25 snapshots were discarded, 
leaving 975 samples for subsequent reduced-order modeling and train-
ing. Given that the estimated vortex shedding period is approximately 
80 s, this sampling strategy provides roughly 20 data points per shedding 
cycle, which is sufficient to resolve the dominant temporal dynamics of 
the unsteady wake.

2.2.  Wake region identification

To identify spatial regions that contribute most strongly to the over-
all unsteady wake dynamics, a data-driven wake localization strategy 
based on convolutional neural networks (CNNs) and gradient-weighted 
activation mapping (Grad-CAM) is employed. The objective is to extract 
a statistically dominant wake region that is most relevant to the global 
unsteadiness of the flow, thereby enabling region-focused ROM in sub-
sequent stages.
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Fig. 2. Setup of the computational domain in the CFD simulation.

The raw CFD output consists of unstructured velocity vectors (𝑢, 𝑣,𝑤)
defined on a spatial mesh. To enable CNN-based feature extraction, the 
three velocity components from a horizontal two-dimensional slice are 
interpolated onto a regular Cartesian grid. The grid resolution is auto-
matically determined according to the physical aspect ratio of the com-
putational domain to preserve spatial consistency. Each instantaneous 
snapshot is represented as a multi-channel image of size (𝐻,𝑊 , 3). Here, 
𝐻 and 𝑊  denote the spatial resolution of the interpolated Cartesian grid 
in the two in-plane directions, and each channel corresponds to one ve-
locity component, yielding a dataset of 𝑇  time-resolved input images.

To characterize the overall level of flow unsteadiness, a fluctuation-
intensity field is first computed at each spatial location as

𝜎(𝑥, 𝑦) =

√

√

√

√
1
𝑁𝑡

𝑁𝑡
∑

𝑡=1

(

|𝐮(𝑥, 𝑦, 𝑡)| − |𝐮(𝑥, 𝑦)|
)2

, (1)

where |𝐮(𝑥, 𝑦, 𝑡)| denotes the instantaneous velocity magnitude and the 
overbar indicates temporal averaging. Rather than performing pixel-
wise regression, this spatial field is aggregated into a single scalar quan-
tity,

𝜎global =
∑𝑁

𝑖=1 𝑤𝑖 𝜎(𝑥𝑖, 𝑦𝑖)
∑𝑁

𝑖=1 𝑤𝑖
, (2)

which represents a global indicator of flow unsteadiness for each snap-
shot. Here, 𝑤𝑖 denotes the area weight associated with spatial point 𝑖; for 
a uniform Cartesian grid, this expression reduces to a simple arithmetic 
mean. This scalar quantity, denoted as 𝜎global, serves as the regression 
target for training the CNN.

For numerical stability and improved training efficiency, the re-
gression target is linearly rescaled by a constant factor (600 in the 
present study), such that its numerical magnitude is comparable to typ-
ical image-based learning targets. This rescaling improves optimization 
stability and does not alter the relative gradients that underpin the sub-
sequent Grad-CAM analysis.

The CNN architecture is tailored to the anisotropic characteristics of 
wake-dominated flows. Specifically, the network consists of a sequence 
of convolutional layers with elongated kernels of size (3 × 1), designed to 
enhance sensitivity to cross-stream variations while preserving stream-
wise resolution. Unidirectional max-pooling layers with a pooling size 
of (1 × 2) and a corresponding stride of (1 × 2) are applied after selected 
convolutional blocks, reducing resolution only in the streamwise direc-
tion while fully preserving cross-stream spatial information. Three con-
volutional blocks with 32, 64, and 128 filters are employed, interleaved 
with unidirectional max-pooling layers applied only in the streamwise 
direction. The convolutional backbone is followed by a fully connected 
layer with 128 neurons and a linear output layer. The network is trained 
using a mean squared error loss function and the Adam optimizer.

After training, Grad-CAM is applied by computing the gradients of 
the scalar regression output 𝜎global with respect to the feature maps of the 
final convolutional layer. Although the Grad-CAM heatmap is computed 

for an individual instantaneous snapshot, the CNN itself is trained to 
infer a time-aggregated unsteadiness indicator from a large ensemble 
of snapshots. As a result, the Grad-CAM highlights spatial regions that 
are consistently informative for predicting the same global statistical 
measure of wake unsteadiness, rather than instantaneous flow features.

To define a compact wake subdomain, the Grad-CAM heatmaps are 
thresholded using a fixed value of 0.2 and post-processed to extract the 
largest connected region.

In the present study, the resulting wake mask is treated as static 
and is not updated at each time step. Accordingly, the term “automatic 
wake-region detection” refers to a data-driven identification of a statisti-
cally dominant wake region based on learned flow features, rather than 
instantaneous, frame-by-frame segmentation of the flow field.

2.3.  Flow decomposition and subdomain extraction

To extract dominant coherent structures and enable efficient learn-
ing of temporal dynamics, POD is applied to the simulated velocity 
fields. Prior to POD, each velocity component (𝑢, 𝑣,𝑤) is standardized 
by removing the temporal mean per spatial location. Then, a snapshot 
matrix 𝐔̃ ∈ ℝ𝑁𝑡×3𝑁  is assembled by stacking the three components from 
a horizontal slice with 𝑁 spatial points over several time steps. A trun-
cated singular value decomposition (SVD) yields: 
𝐔̃ ≈ 𝐕𝚽. (3)

Here 𝐕 ∈ ℝ𝑁𝑡×𝑟 contains the temporal POD coefficients, and 𝚽 ∈ ℝ𝑟×3𝑁

holds the leading 𝑟 spatial POD modes chosen based on an energy cri-
terion. The POD is performed in two spatial contexts: the global full 
domain and the local subdomain of the wake identified with Grad-CAM.

2.4.  Hybrid LSTM-GRU for temporal prediction

The temporal evolution of flow structures, which are captured by the 
reduced-order POD representation, is modeled with a hybrid recurrent 
network built from LSTM-GRU blocks. The model learns the temporal 
dynamics of POD coefficients from both global domain and wake subdo-
main. A fusion stage integrates these streams to improve accuracy and 
interpretability.

2.4.1.  Input construction
The temporal predictor ingests two synchronized streams of POD 

coefficients: one from the global domain and one from the wake subdo-
main. To capture temporal dependencies, a sliding window approach is 
utilized, with a lookback horizon of 30 frames (120 s), covering approx-
imately one vortex-shedding period. After subsampling and discarding 
the initial transient segment, a total of 975 frames are retained for mod-
eling. The dataset is then split chronologically into training and valida-
tion sets at an 80%–20% ratio, corresponding to 780 frames for training 
and 195 frames for validation. By applying the same lookback across 
both streams, the model is trained to exploit temporal dependencies at 
two spatial scales. This dual-resolution input strategy, followed by a 
dedicated fusion stage, improves the prediction of multi-scale dynamics 
in wake evolution.

2.4.2.  Network architecture
As illustrated in Fig. 1(c), the proposed fusion network processes 

two sequences of POD coefficients corresponding to the global domain 
and the wake subdomain using two independent three-layer LSTM en-
coders. Both encoders share the same architecture and hidden dimension 
𝐻 = 64. Given an input sequence of length 𝐿, each encoder produces a 
hidden-state tensor of size (𝐵,𝐿,𝐻), where the batch size is fixed to 
𝐵 = 256, 𝐿 denotes the sequence length, and 𝐻 the LSTM hidden di-
mension.

From each branch, two complementary temporal descriptors are ex-
tracted. The final hidden state 𝐡last ∈ ℝ256×64 captures short-term tempo-
ral information, while the mean hidden state over the sequence 𝐡mean ∈
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Fig. 3. The mesh for the CFD simulation.

ℝ256×64 captures long-term temporal trends. Each descriptor is passed 
through a fully connected layer followed by a LeakyReLU activation 
(negative slope 0.1), yielding four feature vectors in total: two from the 
global branch and two from the wake branch. All four feature vectors 
have dimension (256, 64).

The four feature vectors are concatenated along the feature dimen-
sion to form a combined latent representation of size (256, 256). This 
representation is processed by a two-layer fusion block. The first fusion 
layer maps (256, 256) to (256, 128), followed by a LeakyReLU activation 
and a dropout layer with rate 0.3. The second fusion layer reduces the 
dimensionality from (256, 128) to (256, 64), producing a compact fused 
latent representation that integrates information from both spatial do-
mains and temporal scales.

To enhance stability and preserve branch-specific temporal informa-
tion, residual connections are introduced from the final hidden state of 
each LSTM branch. Specifically, the last hidden state from the global 
branch and the wake branch is projected through separate linear lay-
ers of size (256, 64) → (256, 64) and added element-wise to the fused la-
tent representation. The resulting residual-enhanced features are then 
passed through two separate output heads. The global output head maps 
(256, 64) to (256, 40) to predict the next-step POD coefficients for the 
global domain, while the wake output head maps (256, 64) to (256, 40) to 
predict the corresponding coefficients for the wake subdomain, where 
𝑟𝑔 = 𝑟𝑤 = 40 denote the retained numbers of POD modes in both do-
mains.

Finally, the raw predictions are refined using a GRU-based residual 
correction module with hidden dimension 64. This module learns from 
the temporal discrepancy between the raw predictions and the reference 
POD coefficients and outputs corrected POD coefficient sequences for 
both branches. This modular design enables the model to exploit both 
global dynamics and localized wake features while providing additional 
temporal refinement and error correction.

2.4.3.  Learning strategy
To guide training, a composite loss function is formulated to jointly 

capture the temporal accuracy and spectral fidelity of the predicted 
POD coefficients. The total loss 𝐿total consists of two components: time-
domain loss, measured by mean squared error (MSE), and frequency-
domain loss, computed on the discrete Fourier transform to preserve 
temporal dynamics of magnitude and phase. These two components are 
linearly combined to form the final objective:
𝐿total = 𝛼𝐿MSE + (1 − 𝛼)𝐿Fourier . (4)

The weighting factor 𝛼 is set to 0.9, to prioritize time-domain accuracy 
while still preserving the dominant spectral content.

To account for spatially distinct learning objectives, the total loss 
of the region-aware hybrid model is computed by combining the losses 
from the global global domain and local wake subdomain. Specifically, 
the final training objective is defined as:
𝐿f inal = (1 − 𝛽) ⋅ 𝐿global + 𝛽 ⋅ 𝐿wake, (5)

where 𝐿global and 𝐿wake are the total losses (each computed using the 
hybrid formulation of MSE and Fourier loss) for the global and wake-

region POD coefficients, respectively. The weighting parameter 𝛽 = 0.6
emphasizes the wake-region loss, placing greater focus on learning the 
dynamically rich and structurally complex wake features, while still re-
taining contributions from the global flow field.

All models are implemented in PyTorch 2.4.1 with CUDA 12.4 
(cu124). The network is trained for a maximum of 300 epochs using the 
Adam optimizer, with an initial learning rate of 1 × 10−3 for the fusion 
network (𝑙𝑟fusion = 1 × 10−3) and a smaller learning rate for the residual-
correction module (𝑙𝑟residual = 5 × 10−4). To reduce training stochasticity 
and improve reproducibility, the random seed is fixed to 42. Gradient 
clipping is applied with a maximum norm of 1 to stabilize optimization 
and prevent exploding gradients. Early stopping is employed based on 
the validation loss with a minimum improvement threshold of 1 × 10−5, 
and training is terminated when no further reduction in validation loss 
is observed. Throughout training, the validation loss is monitored to as-
sess generalization performance. The final model checkpoint retains the 
best-performing LSTM and GRU weights corresponding to the lowest 
validation loss, which are subsequently used for flow-field prediction 
and reconstruction.

2.5.  Flow-field reconstruction and blending

2.5.1.  Velocity-field recovery from POD coefficients
After forecasting the final temporal POD coefficients ̃𝒗𝑡 ∈ ℝ𝑟 for both 

the global domain and wake subdomain representations, the original 
high-dimensional velocity field can be approximately reconstructed us-
ing the previously obtained spatial POD modes. Let 𝚽 ∈ ℝ𝑟×3𝑁  denote 
the truncated POD basis, consisting of the top 𝑟 energy-ranked spatial 
modes. The reconstructed (normalized) velocity field 𝑼̃ 𝑡 ∈ ℝ3𝑁  at time 
𝑡 is given by: 

𝑼̃ 𝑡 =
𝑟
∑

𝑖=1
𝑣𝑡,𝑖𝝓𝑖 = 𝒗̃𝑡𝚽 . (6)

Here, ̃𝒗𝑡 = [𝑣𝑡,1, 𝑣𝑡,2,… , 𝑣𝑡,𝑟] is the POD coefficient vector at time 𝑡, and 
𝝓𝑖 ∈ ℝ3𝑁  is the 𝑖th spatial mode vector. The resulting vector 𝐔̃𝑡 contains 
the concatenated, normalized values of the three velocity components 
𝑢, 𝑣, and 𝑤 across all 𝑁 spatial locations.

The actual physical velocity values are recovered by inverting the 
standardization using the StandardScaler parameters (means and stan-
dard deviations) stored during the training phase:

𝐔𝑡 = 𝝈 ⊙ 𝐔̃𝑡 + 𝝁 . (7)

Here, 𝝁,𝝈 ∈ ℝ3𝑁  denote the concatenated temporal means and stan-
dard deviations of all three velocity components (𝑢, 𝑣,𝑤) at each spatial 
point, respectively. The operator ⊙ denotes the Hadamard (element-
wise) product.

This reconstruction process involves first projecting the predicted co-
efficients onto the POD basis. It is followed by component-wise inverse 
normalization, resulting in the recovered velocity field in its original 
physical scale and units.
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2.5.2.  Region-aware flow-field blending
To balance the subdomain prediction accuracy and the full-domain 

coverage, a spatial fusion procedure is applied. This method selectively 
blends the wake-region reconstruction 𝑈𝑤 with the global reconstruc-
tion 𝑈𝑔 , based on geometric proximity and spatial context.

Let 𝑈𝑔
𝑡 (𝑖) ∈ ℝ3 be the velocity vector at global point 𝑖 at time 𝑡, and 

𝑈𝑤
𝑡 (𝑗) ∈ ℝ3 be the velocity at wake-region point 𝑗. Denote 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖)

as the spatial coordinate of point 𝑖 in the global domain and 𝑞𝑗 as its 
nearest neighbor in the wake region, determined via KD-tree matching. 
The spatial fusion procedure is as follows.

1. Spatial Matching: For each global point 𝑝𝑖 located within the bound-
ing box of the identified wake subdomain, find its nearest neighbor 
𝑞𝑗 .

𝑗 = argmin
𝑘

‖

‖

𝐩𝑖 − 𝐪𝑘‖‖. (8)

2. Compute Bledding Weights: A blending factor 𝜆𝑖 ∈ [0, 1] is calculated 
based on the spatial distance between 𝑝𝑖 and 𝑞𝑗 and proximity to the 
boundaries of the wake subdomain.

𝜆𝑖 = max
(

0, 1 −
𝑑𝑖𝑗
𝑑max

)

max
(

0, 1 −
𝑑border (𝑖)
𝑤blend

)

, (9)

where 𝑑𝑖𝑗 = ‖𝐩𝑖 − 𝐪𝑗‖ denotes the Euclidean distance between the 
global point 𝐩𝑖 and its nearest wake-region point 𝐪𝑗 , 𝑑border (𝑖) is the 
minimum distance from 𝐩𝑖 to the extracted wake boundary, 𝑑max is 
the maximum influence radius for blending (e.g., 2.0 m), and 𝑤blend
specifies the width of the transition zone near the boundary.

3. Apply Blended Reconstruction: The final reconstructed velocity at 
point 𝑖 is defined as:
𝐔mre
𝑡 (𝑖) = 𝜆𝑖 ⋅ 𝐔𝑤

𝑡 (𝑗) + (1 − 𝜆𝑖) ⋅ 𝐔
𝑔
𝑡 (𝑖). (10)

This region-aware fusion enables the model to retain high-resolution 
predictions in critical subdomains but ensuring full-domain coverage 
smooth transitions across the boundaries between subdomains.

3.  Results

3.1.  Wake region detection performance

Flow passing through a circular cylinder is at a Reynolds number 
of approximately 4 × 106. This is deduced from a representative sce-
nario where the monopile foundation of an offshore wind turbine is 
submerged in water. At the Reynolds number, the wake is fully turbu-
lent, characterized by unsteady large-scale structures, broadband fluctu-
ations, and shear layer instabilities. These features highlight the strongly 
nonlinear and unstable behavior of the wake, making it particularly 
challenging for ROM due to the nonlinear and time-varying nature.

The analysis is focused on the flow data in the cut plane across the 
middle span of the cylinder, which was obtained from three-dimensional 
CFD simulations. Fig. 4(a) shows a snapshot of the transient streamwise 
velocity 𝑢 in the middle cut plane. All velocity fields are normalized 
by the freestream velocity 𝑈∞. A long wake extending more than 50𝐷
meters presents downstream of the cylinder. This observation confirms 
that in real-world offshore wind farms, foundation-induced underwa-
ter turbulent wakes persist over long downstream distances and conse-
quently affect marine environments, although relevant research quan-
tifying this effect remains limited in the literature. On the other hand, 
turbine-induced wakes in the atmosphere are known to propagate long 
distances [30]. The wake exhibits a clear velocity deficit along the cen-
terline, which gradually weakens as the flow recovers downstream. The 
POD of the CFD data provides modal coefficients for training and assess-
ing the predictive model.

To extract transient wake regions for ROM, Grad-CAM heatmaps 
are utilized. A snapshot of a transient heatmap is shown in Fig. 4(b). 
A threshold value of 0.2 is set to discern boundaries for the extrac-
tion. The regions that contribute most to the network’s prediction of 

velocity fluctuations are highlighted. Notably, the regions encircled by 
the boundaries closely match the distribution of vortices in both shape 
and location, particularly around the near-wake where vortex shedding 
is strongest. The activation intensity progressively diminishes down-
stream, consistent with the physical decay of coherent wake structures 
over distance. This spatial alignment validates the effectiveness of Grad-
CAM in identifying regions of dynamic importance.

To enhance interpretability and avoid jagged outlines, the mask is 
constructed by extracting the largest connected region from the Grad-
CAM heatmap and simplifying it using a smoothed polygonal contour. 
Fig. 4(c) overlays the final extracted wake region mask on a represen-
tative u-velocity field from the simulation, with the extracted bound-
ary shown in blue. The resulting region extends downstream from the 
bluff body, maintaining symmetry and alignment with the core wake 
path. Spatially, the mask covers approximately 12% of the total mesh 
area, providing a compact yet dynamically representative subset of the 
flow field. This demonstrates a substantial reduction in computational 
scope while preserving essential flow features. The smooth and cohe-
sive boundary avoids fragmented or noisy edges, indicating robust and 
physically meaningful region segmentation.

3.2.  Field decomposition and reconstruction

The decomposition of the flow field using POD yields a ranked set of 
orthogonal modes, each associated with a corresponding energy level. 
Fig. 5 compares the POD energy spectra and cumulative energy distri-
butions obtained from the global domain and from the wake-restricted 
subdomain identified via Grad-CAM.

In the global domain, the cumulative energy increases rapidly, and 
the first 39 modes already preserve more than 65% of the total fluctu-
ation energy. In contrast, when POD is applied only to the extracted 
wake region, the energy decay is noticeably slower, and approximately 
65 modes are required to reach the same 65% energy threshold. This 
behavior is expected, as the wake region is dominated by spatially lo-
calized and dynamically rich structures, such as vortex shedding and 
shear-layer instabilities, which exhibit higher effective dimensionality 
and therefore require more modes to be represented accurately.

When a fixed number of 40 POD modes is retained, an inherent 
trade-off arises between representing globally smooth background re-
gions and resolving localized unsteady dynamics. Under this constraint, 
the wake-restricted POD remains effective because the decomposition 
is performed over a spatial domain that is explicitly focused on the dy-
namically active wake. As a result, approximately 55% of the total fluc-
tuation energy within the wake region is preserved, which is sufficient 
to resolve the dominant coherent structures while maintaining compu-
tational efficiency. By contrast, the global POD basis spans the entire 
computational domain and allocates a substantial fraction of its modal 
energy to background regions with weak unsteadiness. When the modal 
budget is limited, this leads to a dilution of modal efficiency in the wake. 
Although the wake-restricted POD captures a smaller fraction of the to-
tal global energy under the same number of modes, it provides superior 
local representativeness within the region of interest, which is critical 
for accurate downstream modeling of dominant wake dynamics.

The first two POD modes of the streamwise (u) and cross-stream (v) 
velocity components are shown in Fig. 6. In both components, modes 
contribute to the total kinetic energy and reflect coherent wake dynam-
ics. In the u component, the leading modes exhibit an anti-symmetric 
distribution along the spanwise direction, while the v component shows 
a symmetric pattern. Moreover, the first and second modes are highly 
similar, differing mainly by a streamwise phase shift. This pairing struc-
ture is characteristic of periodic vortex shedding and suggests strong 
modal coupling in the near-wake region. These two mode pairs domi-
nate the coherent dynamics of the near-wake, collectively accounting 
for over 27% of the total flow energy. The remaining higher modes
contribute to finer-scale structures and asymmetric perturbations fur-
ther downstream.
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Fig. 4. Identification of the wake region using Grad-CAM.

Fig. 7 illustrates contours of the streamwise velocity component that 
are reconstructed from the modes of the global and local wake-restricted 
domains. Both reconstructions successfully reproduce the primary wake 
features, including the alternating vortex shedding and shear layers 
downstream of the cylindrical foundation. These dominant structures 
are well preserved due to their strong energy content being captured 
in the leading POD modes. However, when compared with the origi-
nal flow field shown in Fig. 4, it becomes evident that some fine-scale 
details such as local eddy deformation and subtle shear gradients are 
smoothed out during reconstruction. This is a known limitation of POD, 
as high-frequency modes associated with localized turbulence are often 
truncated for efficiency.

The accuracy of the POD reconstructions is quantified using three 
error metrics: the root-mean-square error (RMSE), the relative recon-
struction error (RRE), and the mean absolute relative error (MARE). All 
metrics are evaluated by comparing the reconstructed velocity fields 
against reference snapshots reconstructed using the same number of re-
tained POD modes, with 40 modes used consistently in all cases.

The RMSE is defined as

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

𝑢rec𝑖 − 𝑢ref𝑖
)2, (11)

where 𝑢rec𝑖  and 𝑢ref𝑖  denote the reconstructed and reference velocities at 
spatial location 𝑖, respectively.

The relative reconstruction error (RRE) is defined in an energy-norm 
sense as

RRE =
‖

‖

‖

𝐮rec − 𝐮ref‖‖
‖2

‖

‖

𝐮ref‖
‖2

, (12)

where 𝐮 denotes the velocity vector assembled over all spatial locations.

Table 1 
POD reconstruction errors relative to the high-fidelity 
CFD flow field using global and wake-restricted bases.

 Criteria  Unit  Global domain  Wake subdomain
 RMSE  [m/s]  0.015  0.022
 RRE  [%]  3.13  4.52
 MARE  [%]  15.56  32.88

To better assess prediction accuracy in low-velocity wake regions, 
the mean absolute relative error (MARE) is additionally introduced and 
defined as

MARE = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

𝑢rec𝑖 − 𝑢ref𝑖
|

|

|

|

|

|

𝑢ref𝑖
|

|

|

+ 𝜀
, (13)

where 𝜀 is a small constant introduced to avoid numerical singularities.
Table 1 summarizes the POD reconstruction errors relative to 

the high-fidelity CFD reference, comparing global-domain and wake-
subdomain bases in terms of RMSE, RRE, and MARE.

3.3.  Prediction performance

3.3.1.  Overall prediction quality assessment
Contours of the streamwise velocity predicted by the proposed hy-

brid LSTM–GRU model, together with the corresponding absolute pre-
diction errors relative to a reference field reconstructed from the first 40
POD modes, are shown in Fig. 8. The predicted field recovers the key 
unsteady structures such as the location of the velocity deficit zone, the 
alternating vortex street pattern, and the gradual streamwise decay of 
the flow. It indicates that the model has learned the dominant temporal 
evolution of the POD modes, with high spatiotemporal coherence and 
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Fig. 5. POD modal energy distributions for the global domain and the Grad-CAM-identified wake subdomain. Blue bars denote the normalized energy contribution 
of individual modes, while the red curves indicate the cumulative energy. The dashed line marks the 65% cumulative energy threshold. (a) Global-domain POD 
energy spectrum and cumulative energy. (b) Wake-restricted POD energy spectrum and cumulative energy. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

Fig. 6. First and second POD modes of the streamwise (Φ𝑢
1, Φ𝑢

2) and cross-stream (Φ𝑣
1, Φ𝑣

2) velocity fields.

Fig. 7. Snapshot of the reconstructed streamwise velocity, 𝑢, from the POD modes of (top) the global and (bottom) the local wake regions.
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Fig. 8. Hybrid LSTM–GRU prediction of the streamwise velocity field. Top: predicted velocity contour. Bottom: absolute error relative to the reference field recon-
structed from the first 40 POD modes.

physical fidelity. Errors primarily localize the vortex street downstream 
of the cylinder and the adjacent shear layers, where high-frequency un-
steadiness and steep velocity gradients challenge the prediction. In con-
trast, the background and far-wake regions exhibit significantly lower 
errors due to their quasi-steady behavior. Thus, the major prediction 
difficulty lies in the dynamically active wake, where unsteady features 
are more pronounced and physically important.

Fig. 9 illustrates the phase portrait of the first two POD coefficients 
(𝑎1(𝑡), 𝑎2(𝑡)) extracted from the tail wake region. The black dots represent 
the true POD coefficients, while the blue dots indicate those predicted 
by the surrogate model. Two concentric circles visualize the average am-
plitude (Euclidean norm) of the POD coefficient vectors: the solid red 
circle (radius ≈ 15) corresponds to the true trajectory, and the dashed 
red circle (radius ≈ 12) corresponds to the predicted one. The predicted 
trajectory captures the general periodic behavior of the true dynamics, 
forming a closed-loop structure that reflects vortex-shedding-induced 
cycling between the modes. However, the predicted average amplitude 
is underestimated by approximately 20%, as indicated by the smaller 
radius of the dashed circle. This discrepancy suggests a mild underesti-
mation of energy in the predicted near-wake region.

3.3.2.  Ablation study on model components
To quantify the contribution of different model components, an ab-

lation study is conducted considering the following five model variants:

1. a baseline model combining global POD with a standard LSTM (BL);
2. region-aware POD coupled with a standard LSTM (RA-POD + 
LSTM);

3. region-aware POD with a bidirectional LSTM (RA-POD + BiLSTM);
4. region-aware POD with a gated recurrent unit (RA-POD + GRU);
5. the proposed model integrating region-aware POD with a hybrid 
LSTM–GRU architecture (RA-POD + HLG).

All model variants are trained and evaluated under identical settings to 
ensure a fair comparison. Specifically, the same dataset, POD trunca-
tion levels, input sequence length, hidden dimension, optimizer, learn-
ing rate, batch size, and training protocol are used for all cases. The only 
differences among the variants lie in the spatial decomposition strat-
egy (global vs. region-aware) and the recurrent network architecture, 
so that the impact of each modeling component can be isolated. All im-
plementation and training details follow the configuration described in 
Section 2.4.
Table 2 reports the error metrics RMSE, RRE, and MARE evaluated over 

Fig. 9. Phase-space comparison of the first two POD coefficients from the true 
and predicted wake fields.

the global domain, the identified wake subdomain, and the blended field 
obtained by merging the global and wake-restricted predictions. All er-
ror metrics are computed by comparing the predicted and reference POD 
coefficient vectors, with 40 retained POD modes used consistently in all 
cases.

As expected, all models exhibit larger errors in the wake subdomain, 
where small-scale turbulent structures and low-velocity magnitudes 
pose significant challenges for data-driven prediction. Compared with 
the global baseline, all region-aware models consistently achieve lower 
errors in the wake region, demonstrating the effectiveness of explicitly 
incorporating wake-focused representations. Furthermore, the region-
aware formulation produces a merged field by blending the global and 
wake-restricted predictions, allowing the wake-focused improvements 
to be reflected in the final full-field reconstruction while maintaining 
smooth transitions across the wake boundary. Among all model vari-
ants, the proposed model attains the lowest area-averaged errors across 
all metrics, confirming that the hybrid architecture most effectively ex-
ploits the complementary strengths of the global and wake-restricted 
predictions, leading to improved accuracy both within the wake region 
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Table 2 
Ablation study of area-averaged prediction errors evaluated over different spa-
tial domains, computed by comparing predicted and reference velocity fields 
reconstructed from the same set of 40 retained POD modes.

 Model  Domain  RMSE [m/s]  RRE [%]  MARE [%]

BL (G-POD + LSTM)  Global  1.75e-2  3.59  15.6
 Wake  2.69e-2  6.28  47.0

RA-POD + LSTM
 Global  1.75e-2  3.59  15.6
 Wake  2.53e-2  5.28  36.0
 Blended  1.75e-2  3.60  14.2

RA-POD + BiLSTM
 Global  1.73e-2  3.57  17.4
 Wake  2.51e-2  5.24  41.3
 Blended  1.74e-2  3.57  16.5

RA-POD + GRU
 Global  1.75e-2  3.59  19.8
 Wake  2.52e-2  5.27  46.4
 Blended  1.74e-2  3.59  18.0

RA-POD + HLG (Proposed)
 Global  1.80e-2  3.69  14.6
 Wake  2.43e-2  5.07  27.7
 Blended  1.68e-2  3.46  12.2

Table 3 
Dominant frequencies and band-averaged spectral coher-
ence between predicted and reference POD coefficients.

 Model  Mode 𝑓peak  Coherence
 BL (G-POD + LSTM)  1  0.99  0.83

 2  0.98  0.77
 3  0.98  0.26
 4  0.98  0.37

 RA-POD + LSTM  1  0.99  0.89
 2  0.98  0.50
 3  0.98  0.32
 4  0.98  0.44

 RA-POD + BiLSTM  1  0.99  0.94
 2  0.98  0.97
 3  0.98  0.31
 4  0.98  0.55

 RA-POD + GRU  1  0.99  0.36
 2  0.98  0.98
 3  0.98  0.30
 4  0.98  0.55

 RA-POD + HLG (Proposed)  1  0.99  0.74
 2  0.98  0.75
 3  0.98  0.25
 4  0.98  0.31

and over the entire computational domain.
To further assess the temporal consistency of the predicted dynamics, 
spectral coherence between predicted and reference POD coefficients 
is evaluated for the dominant wake modes. Table 3 summarizes the 
non-dimensional dominant frequencies and the corresponding band-
averaged coherence values.

All models exhibit non-dimensional dominant frequencies close to 
unity, indicating consistent alignment with the reference temporal scale 
defined by the ground-truth POD coefficients. Differences between 
model variants are therefore primarily reflected in the band-averaged 
coherence, which measures phase consistency and spectral concentra-
tion rather than frequency location. BiLSTM-based models achieve the 
highest coherence for the dominant oscillatory modes due to their en-
hanced phase alignment, whereas GRU-based models tend to concen-
trate spectral energy on a single phase mode. In contrast, the proposed 
hybrid model yields slightly lower coherence for the leading modes but 
maintains a more balanced representation across higher-order and low-
frequency modes, indicating improved robustness to multi-scale wake 
dynamics.

Fig. 10 presents the frequency-domain comparison of the first two 
POD coefficients extracted from the wake region. The black lines rep-
resent the true values of 𝑎1 and 𝑎2, while the blue lines denote the pre-
dicted values 𝑎̂1 and 𝑎̂2. In both modes, the model clearly captures the 
dominant frequency components. As shown in panel (a), the true coef-

ficient 𝑎1 exhibits a sharp peak at the normalized frequency 𝑓 = 0.0015, 
which is accurately reproduced by 𝑎̂1 with a frequency shift of less than 
1%. Similarly, panel (b) shows good agreement for the second mode, 
with both 𝑎2 and 𝑎̂2 peaking at approximately the same 𝑓 = 0.0015. The 
vertical dashed lines mark this dominant frequency for the true and pre-
dicted signals. These results validate the model’s ability to preserve key 
periodic structures in the wake flow, particularly the vortex shedding 
frequency, for the temporal dynamics of both spatial modes.

3.3.3.  Pointwise velocity analysis
To further evaluate the spatiotemporal accuracy of the hybrid model, 

the pointwise comparison reveals that it effectively captures the dom-
inant temporal dynamics across both velocity components and vary-
ing wake regions, while highlighting limitations in reproducing high-
frequency content and exact amplitudes (Fig. 11). Here, locations are: 
Point 1 (𝑥 = 5𝐷, 𝑦 = 0; centerline), Point 2 (𝑥 = 5𝐷, 𝑦 = 0.75𝐷; shear 
layer), and Point 3 (𝑥 = 15𝐷, 𝑦 = 0; downstream recovery), with 𝐷 as 
the reference cylindar diameter.

The model demonstrates strong capabilities in reproducing primary 
periodic structures. For the 𝑣-velocity component, which exhibits promi-
nent sinusoidal oscillations due to vortex shedding, both the POD re-
construction and hybrid LSTM-GRU prediction closely match the phase 
and frequency of the ground truth at all three points. At Point 1, the 
model maintains good tracking over multiple cycles. At Point 2, it re-
solves the main oscillatory behavior, though fine details like spikes are 
attenuated. Even at Point 3, where oscillation energy has decayed to 
low-amplitude waves, the dominant frequency and phase are effectively 
replicated. Similarly, for the 𝑢-velocity component, clear periodicity at 
Point 2 is successfully captured by both reconstructions, aligning well 
with CFD. At Point 3 with non-periodic fluctuations, all three curves 
show close agreement in overall trend.

Despite this accurate periodicity, a consistent observation across 
locations and components is the model’s tendency to smooth high-
frequency fluctuations and underestimate amplitudes. For the 𝑢-
component at Point 1, where CFD shows low-amplitude, irregular fluc-
tuations lacking dominant periodicity, the POD captures the general 
trend but underestimates local peaks due to mode truncation. For the 
𝑢-velocity component at Point 2, high-frequency details are attenuated 
in both reconstructions. For the 𝑣-component at Point 2, both recon-
structions significantly smooth sharp spikes, contributing to amplitude 
underestimation.

This analysis confirms the hybrid LSTM-GRU model’s robustness in 
preserving key periodic structures in the wake flow, particularly the 
vortex shedding frequency, across both velocity components. However, 
the amplitude discrepancies and smoothing of sharp features align with 
POD’s low-pass filtering via mode truncation and the LSTM-GRU’s pref-
erence for dominant, smooth trends.

3.4.  Computational efficiency

The computational efficiency of the proposed framework is evalu-
ated by comparing the wall-clock cost of data-driven prediction with 
that of high-fidelity CFD simulations over the same physical time inter-
val, and by benchmarking against a simpler global-only baseline model.

The CFD simulations advance the flow using a physical time step of 
Δ𝑡CFD = 0.5 s. Based on the measured runtime, extrapolation to a phys-
ical duration of 660 s yields a total CFD computational cost of 𝑡CFD on 
the order of 3.2 × 105 s.

In contrast, the trained region-aware hybrid LSTM–GRU model pre-
dicts 165 snapshots at a sampling interval of Δ𝑡ML = 4 s, corresponding 
to the same physical duration of 660 s, in approximately 𝑡ML = 10 s of 
wall-clock time. This inference cost is incurred after a one-time offline 
training stage, which requires approximately 65 s in total.

For comparison, the global-only POD–LSTM baseline requires ap-
proximately 34 s for training and 7 s for predicting the same 660 s phys-
ical duration. This indicates that the additional computational cost in-

Results in Engineering 29 (2026) 109518 

10 



Y. Ma et al.

Fig. 10. Frequency-domain comparison of the first two POD coefficients in the wake region. (a) shows the FFT spectrum of mode 1 (𝑎1) and its prediction (𝑎̂1); (b) 
shows the same for mode 2 (𝑎2 and 𝑎̂2). Vertical dashed lines indicate the dominant frequencies 𝑓1, 𝑓1 in (a) and 𝑓2, 𝑓2 in (b). (a) Mode 1 FFT comparison (b) Mode 
2 FFT comparison.

troduced by region-aware modeling and hybrid temporal prediction re-
mains modest, while providing substantial gains in predictive accuracy.

Based on these measurements, the ratio between CFD and data-
driven prediction time for the same physical duration is approximately
𝑡CFD
𝑡ML

≈ 3.2 × 104,

demonstrating several orders-of-magnitude reduction in computational 
cost during the prediction phase. All machine-learning models are ex-
ecuted with GPU acceleration. While high-fidelity CFD remains indis-
pensable for generating training data, the proposed framework enables 
rapid wake prediction over long time horizons at negligible computa-
tional expense once trained.

4.  Discussion

4.1.  Mechanistic interpretation of region-aware modeling

This study presents a region-aware reduced-order modeling frame-
work that integrates Grad-CAM-based wake localization with POD di-
mensionality reduction and a hybrid LSTM–GRU temporal predictor to 
forecast unsteady hydrodynamic wakes behind an offshore wind tur-
bine foundation. The results demonstrate clear gains in predictive fi-
delity, with the proposed hybrid fusion strategy achieving area-averaged 
RMSE values as low as 0.0168 m/s and a MARE of 12.2% over the 
merged field. Compared with all other model variants considered in 
the ablation study, including global POD with a standard LSTM and 
region-aware POD combined with LSTM, BiLSTM, and GRU architec-
tures, the proposed framework consistently yields lower prediction er-
rors in the merged-field evaluation, underscoring the advantage of com-
bining region-aware flow representations with a hybrid recurrent archi-
tecture that captures both long-term and short-term temporal dynamics.

A central contribution of the proposed framework lies in its use 
of Grad-CAM as an integral component of the reduced-order modeling 
pipeline, rather than as a post hoc interpretability tool. Unlike conven-
tional ROM approaches that operate on the entire computational do-
main and dilute modeling capacity in dynamically inactive regions, the 
Grad-CAM activation maps consistently isolate physically meaningful 

wake regions associated with vortex shedding and shear-layer dynam-
ics. By identifying statistically dominant regions that govern the global 
unsteadiness, the proposed approach enables region-focused modeling 
by concentrating predictive capacity on approximately 12% of the mesh 
that contains the majority of the unsteady energy, thereby reducing re-
dundancy in far-field regions and facilitating subsequent regionalized 
modeling. While prior CFD studies have employed Grad-CAM primarily 
for interpretability, sensor placement, or regime classification [24–28], 
its systematic integration into reduced-order state prediction frame-
works remains limited. The present work advances beyond these ef-
forts by embedding Grad-CAM directly into the spatial definition of the 
reduced-order state space used for temporal forecasting.

The POD analysis further highlights the benefits of this spatial sepa-
ration. In the wake-restricted domain, the slower convergence of modal 
energy reflects the increased complexity of local instabilities, while en-
abling superior reconstruction of coherent structures, including paired 
anti-symmetric modes associated with vortex shedding. In contrast, 
global POD exhibits faster energy convergence but suffers from modal 
dilution, leading to reduced fidelity in the near-wake. The hybrid LSTM-
GRU architecture effectively exploits these complementary characteris-
tics: the LSTM component captures long-term temporal dependencies 
linked to periodic shedding, while the GRU-based residual correction 
refines short-term discrepancies. As a result, the model preserves phase 
and dominant frequency content across key monitoring locations, while 
improving local reconstruction quality in dynamically active regions. 
Similar modal energy distributions in turbulent wake flows have been 
reported in [20].

Through distance-weighted blending of global and wake predictions, 
the proposed hybrid fusion strategy achieves spatially coherent recon-
structions with minimal boundary artifacts. This approach yields the 
lowest overall errors among the tested configurations, reducing the rel-
ative reconstruction error from 15.6% in the global-only baseline to 
12.2% in the fused solution. In the wake subdomain, MARE is further 
reduced from 47.0% to 27.7%, indicating a substantial improvement in 
wake-region prediction accuracy.

At the same time, the reduced-order framework achieves an approx-
imate 90% reduction in computational cost relative to full CFD simula-
tions, while maintaining accurate representation of dominant unsteady 
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Fig. 11. Time-series comparison of 𝑢- and 𝑣-velocity components at three representative wake locations: Point 1 (𝑥 = 5𝐷, 𝑦 = 0), Point 2 (𝑥 = 5𝐷, 𝑦 = 0.75𝐷), and 
Point 3 (𝑥 = 15𝐷, 𝑦 = 0). Each subplot shows the ground-truth velocity (black), POD reconstruction (blue), and model prediction (orange). (a) u-velocity component
(b) v-velocity component. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

dynamics and outperforming linear DMD and baseline LSTM models in 
the present nonlinear turbulent regime.

4.2.  Error characteristics and amplitude attenuation

In addition to these accuracy improvements, the results reveal a 
systematic underestimation of fluctuation amplitudes, most evident in 
phase portraits and pointwise velocity analyses. This behavior is a 
known limitation of reduced-order recurrent frameworks and arises 
from a combination of three factors.

First, POD modal truncation constrains the representational band-
width of the reduced-order space. Although the temporal prediction is 
performed on truncated POD coefficients, retaining a finite number of 
modes limits the expressiveness of intermittent, high-energy fluctua-

tions, which can amplify the smoothing tendency of recurrent regres-
sion models operating in the reduced space. This smoothing effect due 
to modal truncation has been widely discussed in POD-based reduced-
order modeling literature [31].

Second, the use of a mean-squared-error (MSE) loss emphasizes 
energy-dominant dynamics in an averaged sense, inherently penalizing 
large deviations and thereby attenuating peak amplitudes. Similar am-
plitude attenuation under MSE-based regression has been observed in 
literature [18,20,32].

Third, the gated recurrent architecture itself (LSTM/GRU) introduces 
an inductive bias toward smooth temporal evolution, which favors sta-
ble, low-frequency trajectories and further suppresses sharp transient 
features. Recurrent neural networks are known to favor smooth tempo-
ral trajectories in chaotic systems, as reported in [14].
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Together, these effects lead to amplitude smoothing while largely 
preserving phase and dominant frequency content. Future work may 
mitigate this limitation through energy-weighted or mode-adaptive loss 
formulations, as well as architectural modifications designed to bet-
ter retain intermittent high-amplitude dynamics, without compromising 
numerical stability.

4.3.  Limitations and practical implications

From a broader application perspective, several modeling assump-
tions constrain the generalizability of the present framework. First, the 
analysis is based on two-dimensional horizontal slices extracted from 
an inherently three-dimensional flow field. While this simplification is 
motivated by computational efficiency and the dominance of horizon-
tally coherent wake structures in the current configuration, it neglects 
vertical flow features such as three-dimensional vortex stretching and 
cross-plane momentum exchange. These effects may become significant 
in stratified flows or in the presence of surface-wave interactions, poten-
tially altering wake dynamics. Second, the model is validated for a single 
high-Reynolds-number case (𝑅𝑒 ≈ 4 × 106) and a single monopile geom-
etry. Its performance for other Reynolds numbers, alternative founda-
tion designs (e.g., jacket or tripod structures), or tidally varying inflow 
conditions remains untested and cannot be assumed.

Despite these limitations, the proposed framework shows strong po-
tential for offshore wind engineering applications under conditions con-
sistent with the present assumptions. Accurate wake prediction can sup-
port foundation siting analyses, improve array-level layout design by 
better capturing hydrodynamic interactions, and contribute to environ-
mental impact assessments aligned with regulatory frameworks such as 
the EU Marine Strategy Framework Directive. Extending the method-
ology to fully three-dimensional formulations and validating it across 
a broader range of Reynolds numbers and foundation geometries con-
stitute important directions for future research. Incorporating attention-
based mechanisms or physics-informed constraints may further enhance 
robustness and pave the way toward operational reduced-order model-
ing tools for marine renewable energy applications.

5.  Conclusion

This study proposed a region-aware reduced-order modeling frame-
work for predicting unsteady wakes behind offshore wind turbine foun-
dations. By integrating Grad-CAM-based wake localization, spatially 
separated POD decomposition, and a hybrid LSTM-GRU temporal pre-
dictor, the framework enables targeted modeling of a fixed wake sub-
domain that captures the dominant unsteady dynamics.

Quantitative results demonstrate clear accuracy improvements. 
Compared with a conventional global POD-LSTM baseline, the fused 
region-aware hybrid model reduces the full-field mean absolute rela-
tive error (MARE) from 15.6% to 12.2%. Within the wake subdomain, 
MARE decreases from 47.0% to 27.7%, highlighting the effectiveness 
of explicitly concentrating modeling capacity on dynamically active re-
gions. In addition, the proposed approach achieves orders-of-magnitude 
computational savings relative to high-fidelity CFD, while maintaining 
accurate representation of dominant unsteady dynamics.

A key contribution of this work lies in embedding Grad-CAM directly 
into the reduced-order modeling pipeline. Rather than using activation 
maps solely for interpretability or classification, the extracted wake 
region is incorporated into the predictive workflow, enabling region-
focused decomposition and temporal modeling. The hybrid LSTM–GRU 
architecture further improves temporal consistency by combining long-
term dependency capture with residual refinement.

The present study is restricted to two-dimensional slices of a sin-
gle high-Reynolds-number monopile configuration. Extension to other 
Reynolds numbers, alternative foundation geometries (e.g., jacket or 
tripod structures), and tidally varying inflow conditions remains to be 

investigated. Future work will focus on fully three-dimensional formu-
lations and broader validation to enhance generalizability.

Overall, the proposed framework provides an efficient and physi-
cally interpretable strategy for wake prediction, with potential applica-
tions in offshore wind foundation design, wake interaction analysis, and 
reduced-order modeling of marine renewable energy systems.
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Appendix A.  Numerical setup and data fidelity

This appendix summarizes the numerical setup of the CFD simula-
tions and the temporal sampling strategy adopted for the reduced-order 
and data-driven modeling in the present study. The objective is to clarify 
the fidelity level of the training data and to ensure consistency between 
the underlying CFD resolution and the subsequent machine-learning 
framework.

A.1.  Computational mesh and turbulence modeling

The flow database employed in this study is generated using the im-
proved delayed detached eddy simulation (IDDES) approach. The com-
putational mesh is inherited from a previously validated large-eddy sim-
ulation (LES) study conducted within the same research group, in which 
the mesh resolution and near-wall treatment were systematically exam-
ined through a grid-independence analysis.

In the original study, three progressively refined meshes were con-
sidered, namely a base mesh, a 1.25-times finer mesh, and a 1.5-times 
finer mesh. These meshes share identical domain extents and refinement 
layouts, while differing primarily in the cell sizes within the near-wall 
region and the wake refinement zones. The detailed grid parameters and 
total cell counts are reported in [33] and are summarized in Table 3.1 
of the present manuscript for reference.

The grid-independence assessment demonstrated that the base mesh 
provides a satisfactory balance between numerical accuracy and com-
putational cost for capturing the dominant wake dynamics. Since the 
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primary objective of the present work is reduced-order modeling and 
data-driven prediction rather than further turbulence-model or mesh-
development studies, this validated base mesh is directly adopted in 
combination with the IDDES formulation.

The adopted mesh consists of approximately 10.3 × 106 control vol-
umes and covers a computational domain of 63𝐷 × 53𝐷 × 6𝐷, where 𝐷
denotes the cylinder diameter. The mesh is partitioned into several re-
gions, including a near-wall region, two wake refinement regions, and 
an anisotropic far-field region. The near-wall resolution is designed to 
ensure that the dimensionless wall distance remains below unity over 
the entire cylinder surface, enabling the IDDES model to operate in a 
wall-resolved mode in the vicinity of the solid boundary. A statistical 
distribution of the resulting 𝑦+ values is provided in Fig. A.12 to further 
document the near-wall mesh quality.

A.2.  Time integration and data sampling

The CFD simulations are advanced using a physical solver time step 
of Δ𝑡CFD = 0.5 s, which is selected to maintain an average Courant–
Friedrichs–Lewy (CFL) number below unity throughout the computa-
tional domain. This choice is consistent with the spatial resolution of 
the base mesh and the stability requirements of the IDDES formulation, 
ensuring stable time integration while resolving the dominant unsteady 
flow features associated with wake development and vortex shedding.

For reduced-order analysis and data-driven modeling, the velocity 
fields are stored at a larger sampling interval of Δ𝑡ML = 4 s. This interval 
is determined based on the characteristic vortex shedding period of the 
flow, 𝑇𝑠 ≈ 80 s, corresponding to a shedding frequency of 𝑓𝑠 ≈ 0.0125 Hz. 
The resulting sampling frequency 𝑓ML = 0.25 Hz yields a Nyquist fre-
quency of 𝑓𝑁 = 0.125 Hz, providing nearly an order-of-magnitude mar-
gin relative to the dominant shedding frequency.

Consequently, each shedding cycle is represented by approximately 
twenty snapshots, which is sufficient to resolve the low-frequency 
wake dynamics targeted by the POD-based reduced-order and machine-
learning models.

It is emphasized that this reduced sampling interval applies only to 
the stored flow snapshots used for POD decomposition and machine-
learning training. The CFD solver itself resolves the flow evolution at 
a significantly finer temporal scale, and therefore no temporal under-
resolution or aliasing is introduced at the level of the governing-
equation integration. The adopted sampling strategy is thus consistent 
with the spectral bandwidth of the retained POD modes and the objec-
tive of predicting large-scale, energetically dominant wake structures 
rather than small-scale turbulent fluctuations.

A.3.  Implications for reduced-order and data-driven modeling

The data-driven framework developed in this study operates on trun-
cated POD coefficients, which predominantly represent large-scale, en-
ergetic, and low-frequency flow structures in the wake. As a result, the 
adopted temporal sampling strategy is consistent with the spectral band-
width of the retained POD modes and the modeling objective of predict-
ing dominant wake dynamics rather than small-scale turbulent fluctua-
tions.

While grid coarsening in the far wake and POD truncation inevitably 
attenuate high-frequency content, these effects primarily impact small-
scale turbulence that lies outside the intended scope of the reduced-
order model. The retained dataset preserves the essential coherent struc-
tures governing wake evolution, rendering the numerical fidelity of the 
training data sufficient for the proposed region-aware reduced-order and 
machine-learning framework.

Fig. A.12. Histogram of the wall-normal resolution parameter 𝑦+ over the cylinder surface for the base mesh. The distribution confirms that the majority of wall-
adjacent cells satisfy 𝑦+ < 1, ensuring adequate near-wall resolution for IDDES simulations.
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