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Abstract. High-resolution reconstruction of ocean dynamics is challenging because spectral bias and the neglect of cross-

variable couplings in existing super-resolution (SR) methods often lead to over-smoothed, physically inconsistent outputs,

limiting their utility for eddy parameterizations. To overcome these limitations, we present a Multiphysics Super-Resolution

version 1.0 (MSR v1.0) framework that jointly reconstructs eight closure-relevant diagnostics—vorticity, deformation mea-

sures, stress tensor components, and subgrid momentum forcing terms—directly from low-resolution (LR) velocity fields,5

consistency is maintained under a filtering scale that aligns with the definition of subgrid tendencies. Our approach integrates

three key components: (1) a Dynamic Enhancement Feature (DEF) module to prioritize dynamically active regions; (2) a

High-Frequency Enhancement (HFE) module that fuses spatial and spectral operators via learned gating to restore suppressed

fine-scale structures such as fronts and eddy rims; and (3) a Physical Consistency Loss that aligns derivative-level structures

and algebraic couplings across diagnostics. Experiments on an eddy-resolving simulation dataset across multiple ocean basins10

and downscaling factors show that MSR consistently outperforms strong SR baselines, yielding sharper reconstructions with

improved high-wavenumber spectra and cross-variable consistency. The MSR-reconstructed diagnostics are closure-ready for

low-resolution ocean models and can inform or constrain eddy parameterizations, providing a practical, spectrally selective,

scale-aware surrogate for high-fidelity multiphysics diagnostics.

1 Introduction15

The ocean plays a crucial role in regulating the Earth’s climate, carbon cycling, and weather patterns. It acts as a vast reservoir

for heat and carbon, mediates air–sea exchanges, modulates storm tracks, and influences biogeochemical pathways (Mak et al.,

2022). These ocean-mediated processes significantly affect global weather patterns, sea level rise, and the distribution of marine

resources, making the accurate representation of ocean dynamics vital for climate science. Accurately resolving these features

is crucial for improving climate reconstructions (Fox-Kemper et al., 2019), yet their impacts must, in practice, be conveyed by20

ocean parameterizations whenever eddies, fronts, and shear layers are under-resolved. Contemporary eddy parameterizations

have advanced beyond purely diffusive mixing to include energy backscatter and flow-dependent terms, and data-driven or

discovery-based approaches have begun to infer closures directly from high-resolution simulations (Bolton and Zanna, 2019).
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Nevertheless, the community recognizes persistent shortcomings: parameterizations remain a source of error and uncertainty

in simulations and projections, many are not robustly scale-aware across resolutions, and some struggle to represent up-25

gradient momentum transfer and realistic spectra without over-diffusion or ad hoc tuning (Zhang et al., 2023). These issues

motivate work that treats parameterization not merely as smoothing, but as a structured, interpretable representation of inter-

scale transfers that adapts across resolutions and stays consistent with dynamical constraints.

Due to computational constraints, many ocean and climate models are run at low resolution (Chassignet and Xu, 2021),

which leaves fine scales under-resolved and makes parameterizations central to model fidelity. Implementations reveal im-30

portant limitations: sensitivity to the choice of spatial filtering or spectral selectivity used to define targets and tendencies;

dependence on grid spacing that necessitates explicit scale awareness; uneven skill across depths and near boundaries that

invites case-specific tuning; and an offline–online mismatch whereby schemes that score well in a posteriori tests may face sta-

bility or realism challenges in long integrations (Perezhogin et al., 2023; Kitsios et al., 2023). Even gradient-informed designs

can experience local energization and require safeguards, while stochastic formulations are sensitive to the spatial/temporal35

structure of the injected variability and to computational cost when coupled to production codes (Khani and Dawson, 2023).

These realities underscore the need for parameterizations that combine physical structure with spectral selectivity and resolu-

tion awareness—capabilities our work targets explicitly.

Complementary to classical eddy parameterizations, learning-based super-resolution has emerged as a promising surrogate

pathway to bridge the gap between LR and HR simulations Anwar et al. (2020); Fukami et al. (2023). These methods aim to40

reconstruct high-resolution fields from low-resolution inputs by learning complex mappings between the two. By leveraging

the power of deep learning, SR methods can recover fine-scale ocean features and simulate small-scale processes at a lower

computational cost than conventional HR simulations. While some success has been achieved in improving model accuracy,

existing SR methods have limitations that hinder their ability to fully capture the ocean’s dynamic features. Many of these

methods focus on improving the resolution of single variables or two-dimensional (2D) slices, often neglecting the interde-45

pendencies between different physical quantities, such as vorticity, deformation, and stress. Moreover, these approaches often

suffer from spectral bias, leading to the over-smoothing of important small-scale features that are critical for ocean dynamics.

Another limitation is that most SR methods lack physical consistency, particularly in preserving derivative-level structures like

vorticity and strain, as well as the algebraic relationships between multiphysics diagnostics. These limitations make it difficult

to generate high-fidelity reconstructions of complex ocean dynamics, particularly in regions with large and spatially varying50

resolution gaps.

In this paper, we propose the MSR v1.0 framework to address these challenges. Our approach aims to improve the accuracy

of high-resolution ocean diagnostics by reconstructing eight critical diagnostic fields (vorticity (ζ), shearing deformation (D),

stretching deformation (D̃), stress tensor components (T11, T22, T12), and subgrid forcing terms (Su, Sv)) directly from low-

resolution velocity fields. These fields are essential for capturing the fine-scale dynamics of ocean processes, such as eddy55

formation, turbulence, and shear, which are crucial for accurate climate modeling. By incorporating ocean physics directly

into the model, we mitigate spectral bias and ensure that the model maintains robust performance across regions with varying

downscaling factors, such as areas of strong mesoscale eddies and dynamic coastal zones. Our model improves upon existing
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methods by restoring key small-scale features that are suppressed in low-resolution inputs, ensuring that the reconstructed

high-resolution fields retain their physical integrity.60

The key contributions of this work are summarized as follows:

– To improve the model’s ability to generalize across ocean basins and dynamically active regions, we propose a Dy-

namic Enhancement Feature (DEF) module that provides more physical features and a strain-attention map derived from

velocity gradients, prioritizing key areas like shear layers and frontal zones.

– To enable the effective capture of fine-scale ocean features, we propose a High-Frequency Enhancement (HFE) module65

that includes Sobel (edges), Laplacian (curvature), Haar wavelets (scale-localized bands), and frequency domain en-

hancement (FDE). These features are fused via learned gating to restore critical features like fronts and eddy rims that

are suppressed in low-resolution inputs.

– To ensure the physical consistency of the model, we incorporate a physical consistency loss that aligns derivative-level

structures, such as strain and vorticity, between the model’s output and the true high-resolution values. This loss function70

leverages the relationships between the diagnostic variables and enforces the preservation of key physical dynamics

during reconstruction. By aligning these structures, we ensure that fine-scale variations are accurately captured, thus

maintaining the integrity of critical oceanic features across different spatial resolutions.

2 Related Work

In this section, we review two primary lines of research that are most relevant to our work: (i) data-driven super-resolution75

methods for geophysical fields and (ii) data-driven ocean parameterization approaches.

2.1 Super-Resolution of Geophysical Fields

Super-resolution methods have gained significant attention in the geophysical community, particularly in enhancing the res-

olution of oceanographic fields like sea surface temperature (SST) and sea surface height (SSH) (Meng et al., 2021). These

methods, adapted from computer vision techniques, typically involve deep neural networks, such as residual and attention-80

based U-Nets, as well as advanced architectures like EDSR (Enhanced Deep Super-Resolution Network) and RCAN (Residual

Channel Attention Network)(Buongiorno Nardelli et al., 2022; Buza and Akagic, 2025). Such models have demonstrated im-

pressive performance in recovering small-scale features from low-resolution data, often outperforming interpolation or other

baseline methods (Li et al., 2021; Sun et al., 2022; Lu et al., 2022).

However, most existing SR methods in oceanography suffer from several limitations. First, many of these approaches focus85

on enhancing single variables or 2D slices of data, neglecting the interdependencies between multiple ocean variables, such

as vorticity, deformation, and subgrid forcings. Second, most methods rely on pixel-based losses, which fail to preserve the

derivative-level structures (e.g., strain, vorticity) that govern ocean dynamics. This limitation restricts the ability of these models
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to capture fine-scale features, such as ocean fronts and eddy rims, and hinders their portability across different regions or scale

factors.90

2.2 Ocean Parameterization Using Data-Driven Approaches

Ocean parameterization plays a vital role in simulating unresolved small-scale ocean processes in large-scale models (Perezhogin

et al., 2025). Traditional parameterization methods rely on empirical relationships or predefined rules, which are computa-

tionally efficient but often fail to capture the full complexity of subgrid-scale dynamics. With the advent of deep learning,

data-driven parameterization methods have emerged as a promising alternative, enabling more accurate representations of95

unresolved ocean processes, such as subgrid fluxes and stresses, without the need for high-resolution simulations.

Recent advances in data-driven ocean parameterization focus on using deep neural networks to estimate subgrid-scale

stresses and fluxes directly from resolved velocity fields and gradients. Techniques like physics-informed neural networks

(PINNs) have been introduced to ensure that the model estimations adhere to fundamental oceanic principles (Lawal et al.,

2022; de Wolff et al., 2021; Yoon et al., 2024). Despite these advancements, a key challenge remains: most methods still fo-100

cus on single, isolated variables, and they often fail to jointly reconstruct multiple coupled diagnostics, which is crucial for

accurately modeling the complex interactions within the ocean.

In this paper, our MSR framework represents a significant step forward by jointly reconstructing multiple coupled diag-

nostics—such as vorticity, deformation, and subgrid forcings—directly from low-resolution inputs. By integrating physical

knowledge with data-driven learning, our approach enhances the representation of ocean dynamics, improving both the accu-105

racy and consistency of parameterizations in resource-constrained environments.

3 Data Preparation and Preprocessing

The parameterization dataset is constructed from Institute of Atmospheric Physics (LASG/IAP) Climate System Ocean

Model version 3 (LICOM3) with eddy-resolving simulations at 1/10◦ horizontal resolution and 55 vertical layers, covering

the period 1901-–2010. The data files are provided in netCDF-4 classic format and is publicly archived as a curated dataset110

described in (Ding et al., 2022) (https://doi.org/10.1038/s41597-022-01766-9). These variables (sea water X-velocity (u) and

Y-velocity (v) fields) from LICOM3 encapsulate mesoscale processes that are central to climate modeling (Zanna and Bolton,

2021), serving as the basis for deriving eddy kinetic energy and subgrid-scale stresses.
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Figure 1. Calculation workflow for generating high-resolution ocean diagnostics.

To generate physically consistent high-resolution data, we implement a parameterization script similar to (Perezhogin et al.,

2024) that processes multi-layer velocity fields (u,v) from numerical simulations to compute key diagnostic variables across115

vertical levels. This approach ensures that the generated HR data accurately reflect the physical dynamics of the system,

while capturing small-scale features that are crucial for mesoscale eddy dynamics. As shown in Figure 1, these diagnostic
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variables (e.g., ζ,D̃,D), generated through physical numerical calculations, serve as the labels for training the data-driven

neural network.

Physics-consistent parameterization for label generation: Given latitude ϕ and longitude λ and Earth’s radius R=120

6.371× 106 m (Pacanowski and Gnanadesikan, 1998), we compute physical grid spacings ∆x and ∆y by Eq. (1):

∆x=Rcos(ϕ)∆λ, ∆y =R∆ϕ, (1)

where ∆λ and ∆ϕ are the increments in longitude and latitude (in radians), respectively. This step ensures that the grid

spacing reflects Earth’s curvature, a fundamental aspect of mesoscale dynamics. The increments (∆x, ∆y) directly influence

the subgrid-scale interactions and energy transfer mechanisms in ocean models.125

Based on the increments (∆x,∆y), spatial derivatives are obtained via the hybrid differencing scheme, which is used in

mesoscale ocean simulations for reducing numerical noise and improving stability (Batteen and Han, 1981). For example, the

meridional derivative of the velocity component u is calculated as

∂u

∂y

∣∣∣∣
j

=





−3uj +4uj+1 −uj+2

2∆y
, j at lower boundary,

uj+1 −uj−1

2∆y
, j interior,

3uj − 4uj−1 +uj−2

2∆y
, j at upper boundary.

(2)

This same approach is applied to compute all other velocity derivatives (∂u/∂x, ∂v/∂x, ∂v/∂y), ensuring both boundary130

accuracy and interior robustness. They are critical for accurately resolving mesoscale eddies, which are pivotal for simulating

oceanic energy exchanges.

Building on the robust gradient estimates, to accurately capture both large and small-scale ocean processes, we compute

the key kinematic diagnostics of ocean dynamics (Bagaeva et al., 2024)(vorticity ζ, stretching deformation D̃, shearing

deformation D):135

ζ =
∂v

∂x
− ∂u

∂y
, D̃ =

∂u

∂x
− ∂v

∂y
, D =

∂u

∂y
+

∂v

∂x
. (3)

These kinematic invariants govern the interactions between eddies and large-scale currents, and are fundamental to improving

the energy transfer modeling in ocean models.

Given ∆x, ∆y, ζ, D̃, D, we compute T, S by Eq.(5)-Eq.(6). First, we adopt formulation from Bolton and Zanna (2019), the

ZB20 coefficient is defined as140

κBC = −γ∆x∆y ≤ 0, (4)

where γ is a dimensionless scale factor controlling backscatter strength, typically within the range of [0.5,2]. This coefficient

plays a critical role in controlling the strength of eddy-driven energy transfer and backscatter.
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The subgrid stress tensor incorporates nonlinear interactions among the kinematic invariants of ocean dynamics, which are

essential for accurately capturing mesoscale eddy interactions. The stress tensor is formulated as:145

T(ζ,D̃,D) = κBC


−ζD ζD̃

ζD̃ ζD


 +

κBC

2
(ζ2 + D̃2 +D2)I, (5)

whose components define (T11,T22,T12). The subgrid momentum forcing is the divergence of T:

S=


 Su

Sv


=∇ ·T=∇ ·


T11 T12

T12 T22


=


 ∂xT11 + ∂yT12

∂xT12 + ∂yT22


 (6)

Eq.(5)-Eq.(6) ensure consistent units and energy transfer signatures and are used to build HR data from HR velocity fields

(u,v).150

Data storage and parallelization: All computed diagnostics are stored in netCDF4 format, facilitating efficient access

across multiple vertical levels. Visualization routines are used to inspect multi-layer fields. The parameterization script is

executed in parallel across dates using Python multiprocessing.

4 Method

Figure 2 provides our framework of multiphysics super-resolution version 1.0 (MSR v1.0). It primarily includes a Dynamic155

Enhancement Feature (DEF), a High-Frequency Enhancement (HFE), a Coarse module and a Multi-Branch component. The

DEF module extracts low-resolution physics features from XLR, and focuses on key areas like shear layers and frontal zones,

laying a physics-informed foundation for accurate reconstruction. The HFE effectively extracts high-frequency information and

spatial information to restore fine structures and edge features, improving sharpness and generalization. The Coarse module

provides the original low-resolution information to prevent the loss of essential contextual details that high-frequency enhance-160

ments might overshadow. The Multi-Branch module enhances the feature representation for each variable, thereby ensuring

tailored optimization for different diagnostics and improving consistency across variables.
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Figure 2. MSR architecture. We denote XLR and YHR as the low-resolution input and high-resolution output. It includes four stages: (i) a

Dynamic Enhancement Feature (DEF) stage, (ii) a High-Frequency Enhancement (HFE) stage, (iii) an encoder–decoder backbone, and (iv)

a Coarse and Multi-Branch refinement stage.
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4.1 Dynamic Enhancement Feature (DEF)

Figure 3. Dynamic Enhancement Feature (DEF) module. It extracts the physical information from XLR and enhances it with SFE.

Given that the low-resolution velocity fields XLR = (u,v) ∈ R2×H
2 ×W

2 lack sufficient information to reconstruct a high-

resolution result, we design a DEF module to extract more detailed information while preserving the underlying flow structure.165

This module consists of two key components: the Physical Feature Extractor (PFE) and the Strain Feature Enhancement (SFE).

Physical Feature Extractor (PFE): Like Gangopadhyay (2022), Hong et al. (2025), and Zhu et al. (2022), we compute

internal descriptors (∂xu, ∂yu, ∂xv, ∂yv) from velocity fields (u,v). These descriptors capture important local variations in

the velocity fields, which are critical for identifying fine-scale features such as fronts and eddy rims in ocean dynamics. They

make the local Jacobian explicit, exposing shear, convergence/divergence, and rotational cues. Many ocean diagnostics (e.g.,170

vorticity, divergence) are algebraic combinations of velocity gradients. Therefore, we explicitly provide the derivative fields

(∂xu, ∂yu, ∂xv, ∂yv) to align the representation with the governing physics and to preserve small-scale gradients that low-

resolution inputs tend to smooth out. This derivative stack reduces the need for the network to relearn finite-difference operators,

improves sample efficiency and numerical stability, and yields sharper, more coherent reconstructions in dynamically active

regions.175

As shown in Figure 3, given low-resolution velocity fields XLR = (u,v) ∈ R2×H
2 ×W

2 , we deterministically generate an

auxiliary stack ΦLR, it could help enrich the feature set by including additional information for the subsequent enhancement
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process.

ΦLR(u,v) =
[
σlow, ∂xu, ∂yu, ∂xv, ∂yv

]
, σlow = ∂xu+ ∂yv, (7)

where σlow is used for establishing convenient relationships with the target variable D. We then upsample the low-resolution180

features XLR to a high-resolution grid along with an auxiliary feature stack ΦLR(XLR). Specifically, we perform an upsampling

operation on the low-resolution data to boost it to the high-resolution space, generating a new feature map X↑:

X↑ = Up2

(
ϕlift

(
[XLR, ΦLR(XLR)]

))
∈ RC0×H×W , (8)

where Up2(·) means that the input feature will be upsampled by a factor of 2, and ϕlift(·) is the convolution operation on the

input feature. This process transforms low-resolution data into features suitable for high-resolution result, ensuring enhanced185

model representation without introducing new input data. We inject normalized positional encodings to provide the model with

the absolute position of each pixel in the spatial domain, thereby enhancing the model’s ability to perceive spatial structures:

F0 = X↑ + ϕ1×1

(
P (ξ,η)

)
, (9)

where P (ξ,η) is a fixed coordinate mapping, ξ, η represent the height and width, and ϕ1×1(·) denotes the projection operation

performed by the 1× 1 convolution. This allows the model to process spatial patterns in the image more accurately, especially190

with regard to specific regions such as the edges, center, and other critical areas of the image.

Strain Feature Enhancement (SFE): With this positional encoding providing spatial context, the next crucial step is to

capture sharp-gradient features of the input data, which are essential for accurately modeling dynamic ocean features such as

fronts and eddy rims (Sun et al., 2024; Liu and Liao, 2023). To achieve this, we design a Strain Feature Enhancement (SFE),

which uses strain-based proxies to highlight regions of high spatial variation in the velocity fields.195

Because strain measures rapid spatial changes in the velocity fields, it is a natural proxy for high-frequency detail. By

calculating a strain proxy from the velocity gradients, we weight the input features based on the intensity of strain, allowing

the model to focus on regions of the flow with significant dynamic variation. The strain characteristic S(u,v) captures the

magnitude of changes in the velocity fields through spatial gradients, highlighting regions with rapid variations. It is calculated

as follows:200

S(u,v) =
∣∣∂xu

∣∣ +
∣∣∂yu

∣∣ +
∣∣∂xv

∣∣ +
∣∣∂yv

∣∣, (10)

where S quantifies the flow’s deformation in both the u and v components. Based on the Eq. (10), we generate a weighted

attention map Astr as follows:

Astr = σ
(
ϕstr(S)

)
, (11)

where σ(·) is the sigmoid activation function, ϕstr(·) is a convolution operation. Astr represents the intensity of attention.205

Finally, to amplify features in regions of higher strain, we apply the following weight adjustment to the input feature F0:
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F ′
0 = F0 ⊙Astr + F0, (12)

where ⊙ denotes element-wise multiplication, the value of each position is multiplied by the attention weight of the cor-

responding position. This approach emphasizes the importance of high-frequency regions by giving them higher attention

weights.210

4.2 High-Frequency Enhancement (HFE)

Figure 4. High-Frequency Enhancement (HFE) module. It enhances the features from spatial domain and frequency domain.

We design a HFE module to capture high-frequency information that is essential for accurately modeling dynamic ocean

features such as fronts and eddy rims. It incorporates three key components: Spatial Domain Enhancement (SDE), Frequency

Domain Enhancement (FDE), and Adaptive Fusion Mechanism (AFM).

Spatial Domain Enhancement (SDE): To effectively capture high-frequency details in the spatial domain, we apply three215

enhancement techniques: Sobel (spatial gradients), Laplacian (curvature), and Haar wavelet (multi-scale details). These tech-

niques preserve important spatial features like edges and curvature, which are critical for identifying fine-scale structures

(Huang et al., 2021).

(1) Spatial gradients and curvature (SGC): Given input F0, we employ first-order (Sobel) and second-order (Laplacian)

operators to extract edges and curvature (Wu et al., 2021; Ren et al., 2022):220

Gx = F ′
0 ∗ GSx, Gy = F ′

0 ∗ GSy, L = F ′
0 ∗L∆, (13)
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where GSx and GSy are the convolution kernels of the Sobel operator in the x and y directions, the L∆ is the convolutional

kernel of the Laplacian operator. Then we inject this spatial information into the network via a learnable mixer ϕ1(·),

Fsp = F ′
0 + ϕ1

(
[Gx,Gy,L]

)
, (14)

in this way, the gradient and curvature information are injected into the base feature map. While edge and curvature operators225

capture local gradients, we employ wavelet decomposition further to provide multi-scale details that complement these spatial

cues.

(2) Haar wavelet (HW): It provides a way to capture local details at different scales and orientations by decomposing the

image (Guo et al., 2022; Batziou et al., 2023). We first perform downsampling to decompose the features, then keep only sub-

bands of details and recover them via upsampling. Haar wavelet sub-band decomposition: Using separable 1-D Haar low/high-230

pass filters along rows (first letter) and columns (second) with 2× decimation, the image is decomposed by downsampling to

extract four sub-bands: FLL (Low-Frequency sub-band), FLH (Horizontal Detail sub-band), FHL (Vertical Detail sub-band),

FHH (Diagonal Detail sub-band):

{FLL, FLH, FHL, FHH} = Down2
(
F ′
0 ∗ {LL,LH,HL,HH}

)
, (15)

where Down2(·) indicates a downsampling operation that reduces the image size by half. {LL,LH,HL,HH} denote the four235

sub-bands of Haar wavelet analysis. Haar Wavelet Sub-band Fusion: We retain the detail sub-bands, restore the details through

upsampling, and fuse them using a learnable fusion function ϕ2(·):

Fwv = ϕ2

(
Up2(FLH),Up2(FHL),Up2(FHH)

)
, (16)

where Up2(·) represents an upsampling operation that restores low-resolution detail sub-bands to the size of the original image.

This spatial pathway effectively recovers localized edges and textures, yet it provides only indirect control over the image240

spectrum and may leave residual blur or aliasing. To complement it, we introduce a frequency-domain branch: operating on

Fourier coefficients enables direct manipulation of spectral amplitudes, so we can selectively boost high-frequency components

while preserving low-frequency consistency.

Frequency Domain Enhancement (FDE): In the frequency domain, we explicitly amplify the high-frequency amplitude

while keeping the phase of the image constant (Liu et al., 2025). This is achieved by Fourier transform and high-pass mask.245

First, perform the Fourier transform on the image (F ′
0), then adjust the amplitude of the high-frequency section by high-pass

mask M(ωx,ωy) and keep the phase constant. Finally, the image is recovered by the inverse Fourier transform.

FF = F(F ′
0), F̃F =

(
1 + gM(ωx,ωy)

)
⊙FF , Ffq = F−1(F̃F ), (17)

where F(·) represents the Fourier transform, and FF is the frequency domain representation, M(ωx,ωy) is the high-pass

mask, ωx, ωy denote the spatial frequency components in the horizontal (x) and vertical (y) directions, x, y represent the spatial250

coordinates in the image domain. g is the gain factor, and ⊙ represents element-by-element multiplication. F−1 represents the

inverse Fourier transform, and Ffq is the gain-adjusted frequency domain image.
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Since each branch (Fsp,Fwv,Ffq) emphasizes different aspects of high-frequency information, we employ an adaptive fusion

mechanism to integrate them into a unified representation. As shown in Figure 5, we show feature maps with and without the

Sobel, Laplacian, Haar, and FDE models. Each column corresponds to one operator, while the top row displays the initial255

feature maps, the middle row shows the enhanced feature maps, and the bottom row highlights the differences between the

two. These comparisons illustrate the distinct contributions of each operator in enhancing fine-scale features such as edges,

curvature, and high-frequency details, all of which are crucial for accurately capturing dynamic ocean features like fronts and

eddy rims.

Figure 5. Feature maps with and without the Sobel, Haar, Laplacian, and FDE operators. Rows represent initial maps, processed maps, and

their differences respectively. It illustrates how each operator enhances fine-scale features to support the capture of ocean fronts and eddy

rims.

Adaptive Fusion Mechanism (AFM): To effectively fuse this high-frequency enhancement information, we employ a260

channel-level squeeze-excitation (SE) module to adaptively reweight different feature branches based on the global context

(Hu et al., 2018). In each SE module: we apply global average pooling (GAP) to each branch (spatial branch (Fsp), waveform

branch (Fwv), frequency branch (Ffq)) and compute branch weights by a two-layer fully connected network:

ab = σ
(
W

(2)
b δ

(
W

(1)
b GAP(Fb)

))
, b ∈ {sp,wv, fq}, (18)
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where σ(·) is the sigmoid activation function, δ(·) is the ReLU activation, and W
(1)
b and W

(2)
b are the learnable weight matrices.265

To adaptively fuse the reweighted branches, we perform a gated residual aggregation:

Fhfe = F ′
0 + aspFsp + awvFwv + afqFfq. (19)

where asp, awv, and afq are the weighting coefficients learned through the SE module.

As shown in Figure 6, we present a comparison between the features before and after the HFE process. The top-left, top-

right and bottom-left panels show the magnitude of the input features ("F ′
0"), the enhanced output features ("Fhfe"), and their270

difference ("Fhfe−F ′
0"), respectively. This highlights the changes made during the enhancement process. On the bottom-right,

the radial power spectrum illustrates the boost in medium to high spatial frequencies in the enhanced features (orange curve)

compared to the original features (blue curve). hp_gain (here 2.49) indicates a 2.49× increase in average high-frequency power,

demonstrating the significant enhancement in fine-scale details. To produce the right-hand curve and quantify the boost, we

compute a radial power spectrum from the features before and after HFE. Specifically, each multi-channel feature Z is first275

L2-aggregated into a single map X(i, j) =
√∑

cZc(i, j)2. We then take its 2-D DFT F = F{X} and define the spectral power

as Φ(u,v) = |F (u,v)|2 (using Φ to avoid symbol clashes). After shifting the zero frequency to the center, we form radial bins

by the distance

r(u,v) =
√
(u−u0)2 +(v− v0)2, (20)

and perform azimuthal averaging over N = 40 concentric annuli Ωb = {(u,v) : rb ≤ r(u,v)< rb+1} to obtain280

Φ̄(r∗b ) =
1

|Ωb|
∑

(u,v)∈Ωb

Φ(u,v), r∗b =
1
2 (rb + rb+1). (21)

We plot the radial spatial frequency r∗b (pixel units) on the abscissa and Φ̄(r∗b ) on a logarithmic ordinate (adding a small

ε= 10−12 for numerical stability). A dashed line marks the cutoff r0 = 0.25rmax that separates low and high bands, and we

report

hp_gain =
⟨Φ̄after(r)⟩r>r0

⟨Φ̄before(r)⟩r>r0

. (22)285

so that the orange curve’s uplift at medium–high r directly translates into the reported gain values.

This frequency spectrum analysis provides a deeper understanding of the enhancement process. The low-frequency segment

(left side) of the spectrum shows the typical smoothness of natural ocean features, where the power decreases as frequency

increases. However, the enhanced spectrum (orange curve) clearly exhibits increased power in the higher-frequency range

(right side), corresponding to more detailed, sharp features like edges and textures. The After curve in the high-frequency290

region shows a noticeable increase compared to the Before curve, which signifies that the enhancement process has indeed

successfully emphasized these fine-scale details. The hp_gain metric quantifies this enhancement and validates that the network

has effectively boosted high-frequency components, as intended. This aligns with the goal of improving fine details such as

eddy rims and fronts while maintaining overall structural stability in the output.
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Figure 6. Fused feature Fhfe with enhancement, F ′
0 without enhancement and their radial power spectrum hp_gain. Fhfe −F ′

0 is their

difference. It shows that the orange curve has greater power at medium–high spatial frequencies than the blue curve. The vertical dashed line

marks the cutoff separating low and high frequencies used to compute hp_gain.

4.3 Encoder-Decoder Backbone295

High-resolution ocean diagnostics require the ability to capture both large-scale dynamics, such as mesoscale coherence, and

fine-scale features, such as fronts and filaments. To achieve this, we design an encoder-decoder module that is specifically

tailored to preserve important spatial details while handling multi-scale ocean processes. As shown in Figure 2, MSR is further

enhanced with attention mechanisms and residual-dense blocks, which improve the model’s stability and the quality of feature

aggregation during both encoding and decoding stages.300

A succinct representation of the encoder-decoder process is as follows:

E = Enc(Fhfe), (23)

Fdec =Dec(E), (24)

where Fhfe refers to the high-frequency enhanced features. In the encoder, the ASPP module expands the receptive fields, the305

channel attention module selectively focuses on important features, and the RRDB stabilizes the residual aggregation process.
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The encoder (Enc) consists of stacked residual convolution blocks, followed by an Atrous Spatial Pyramid Pooling (ASPP)

module with dilations {1,3,6} (Liu et al., 2022). This allows the network to capture a broad range of spatial dependencies,

effectively expanding the receptive fields without losing resolution. The ASPP module is crucial for resolving large-scale dy-

namics in ocean fields, such as mesoscale eddies or currents, where different spatial scales need to be captured simultaneously.310

In addition, channel attention is applied to highlight the most relevant features across different spatial scales, allowing the

model to focus on dynamic regions and avoid unnecessary computational overhead in less informative areas.

In the decoder (Dec), the encoded feature maps are upsampled and refined through DetailEnhanced blocks and Residual in

Residual Dense Blocks (RRDB) (Ibrahim et al., 2022). The DetailEnhanced blocks are particularly effective for reconstructing

sharp boundaries and fine-scale gradients, which are important in oceanographic applications such as front detection or eddy315

analysis. The RRDBs help to stabilize the aggregation of residual features, ensuring that fine-scale structures are preserved

while mitigating potential issues like gradient explosion or overfitting. Finally, spatial attention is applied at the high-resolution

stage to ensure that the network focuses on key spatial regions that are most critical for the diagnostic task, such as regions of

high vorticity or significant deformation.

This encoder-decoder design is carefully crafted to capture both global dynamics and local features in high-resolution ocean320

diagnostics, offering a robust solution for reconstructing complex ocean processes from low-resolution inputs.

4.4 Multi-branch

Ocean variables inherently exhibit varying spectral characteristics, which poses a challenge when reconstructing high-resolution

ocean diagnostics (Tian et al., 2024; Gao et al., 2024). For smooth-spectrum variables, which feature gradual transitions and

lower-frequency components (such as vorticity, deformation, and stretching deformation), shared spatial representations are325

highly effective. These variables can be processed efficiently using a common spatial head, which preserves low-frequency

components without sacrificing the detail necessary for accurate reconstruction. However, high-frequency features—such as

stress divergences, which involve rapid spatial variations—are more challenging. For these, standard spatial domain convo-

lution operations fail to capture the fine-grained details adequately. These high-frequency regions require frequency-domain

enhancements, which allow for the preservation of critical features without introducing artifacts like over-smoothing. To ad-330

dress these challenges, we design a Multi-Branch module, it separates the processing of smooth-spectrum and high-frequency

variables. This design efficiently handles the diverse nature of the target variables, improving model accuracy across scales.

The module comprises two main components: the Main for smooth-spectrum variables and the Branches for high-frequency

variables.

Main for Smooth-Spectrum Variables: To handle smooth-spectrum variables like vorticity (ζ), deformation (D̃,D), and335

stress tensor (T), which benefit from shared spatial features, we design a main head. This component applies a spatial con-

volution operation to synthesize these variables while ensuring that the high-frequency details are not overmodulated and

low-frequency structures are effectively preserved. Specifically, the Main head outputs six key diagnostic variables, which are

mapped directly from the decoder’s feature map. The purpose is to reconstruct the variables accurately in the low-frequency

spectrum, where shared spatial representations excel. Importantly, this approach maintains the spectral integrity of smooth-340
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spectrum variables, preventing any significant loss of detail while emphasizing both global coherence and local accuracy.

Ŷmain = {Yζ ,YD̃,YD,YT11
,YT22

,YT12
} (25)

Ŷmain = ϕΩmain(Fdec) ∈ R6×H×W , Ωmain = {ζ,D̃,D,T11,T22,T12}, (26)

where ϕΩmain(·) is a spatial convolution operation, and Fdec is the feature map output by the decoder. The head generates345

mapping results for six target variables through processing of decoder outputs. The main goal of the head is to synthesize the

smooth-spectral variables, ensuring that the high frequencies are not overmodulated and that the low frequencies are properly

preserved.

Although the main head works well for smooth-spectrum variables, Su and Sv involve high-frequency details, we need to

better capture using frequency-based enhancements.350

Branches: For subgrid forcing terms Su and Sv , predominantly containing high-frequency details, conventional spatial-

domain convolutions are insufficient to recover these small-scale variations. These features require frequency-domain process-

ing for accurate reconstruction. To address this, we design a dedicated head in the Branches that performs high-frequency en-

hancement directly in the frequency domain. This operation involves computing the pre-activation value (Qk) via a frequency-

specific convolution, followed by high-frequency gain in the Fourier domain, denoted by F (the Fourier transform operator).355

The high-frequency section is amplified using a gain factor (gk) and a thresholding mechanism based on the frequency ra-

dius (ρ), which ensures that only the relevant high-frequency components are enhanced. Finally, the inverse Fourier transform

(F−1) is applied to recover the final output Ŷk (ŶSu
, ŶSv

) in the spatial domain, maintaining both the structure and integrity of

the high-frequency details.

Qk = φk(Fdec), k ∈ {Su,Sv}, (27)360

Ŷk = F−1
((

1+ gk 1{ρ≥τk}
)
⊙F(Qk)

)
, ρ=

√
ω2
x +ω2

y, (28)

where φk denotes the convolution operation of the frequency-specific header, gk is the gain factor, ρ=
√

ω2
x +ω2

y is the radial

distance of the frequency space, τk is the frequency threshold, and 1(·) is the indicator function which has a value of 1 when

ρ≥τk and 0 otherwise. This operation enhances the high-frequency section within the frequency domain and ensures that no365

additional phase changes are introduced, maintaining the structural integrity of the image. In this way, the high-frequency parts

of Su and Sv are effectively enhanced to better reconstruct strain information.

4.5 Coarse Module

To preserve the essential low-frequency information from XLR and to make sure it is faithfully expressed in the outputs (YHR),

we introduce a Coarse module. In order to maintain spatially accurate large-scale structure, a low-pass, spatially aligned copy370
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of the input is combined with the decoded result at the last stage. Concretely, we downsample the input and then upsample it

back to its original resolution to obtain a coarse surrogate; this upsampled surrogate is added to the network output as a residual.

In this way, the coarse path acts as a shallow, structure-preserving skip: it conveys basin-scale and scene-scale patterns that are

often under-represented by purely high-frequency enhancement, while keeping the alignment with the original input.

This approach serves as a safeguard against the loss of low-frequency dynamics that might otherwise be overshadowed by375

high-frequency processing. By anchoring the reconstruction with a filtered, spatially consistent coarse component, the model

preserves global context and prevents structural drift, while leaving the specialized enhancement branches free to recover

edges, fronts, and other fine-scale details. As a result, the final maps retain the broad spatial organization of the scene, and the

high-frequency modules can focus on sharpening without distorting large-scale features.

Ycoarse = Up
(
ϕcoarse(Pool(XLR))

)
∈ R8×H×W , (29)380

where Pool(·) represents the pooling operation, Up(·) represents the upsampling operation, and ϕcoarse(·) is the convolution

that processes of low-frequency features. The final result concatenates the six main variables with (Ŝu, Ŝv) and adds the coarse

scaffold:

YHR = Π
(
Ŷmain, YŜu

, YŜv

)
+ Ycoarse ∈ R8×H×W , (30)

where Π(·) represents the concatenation of the six main variables with the high-resolution versions of Su and Sv , followed385

by the addition of the coarse Ycoarse. This ensures that the large-scale low-frequency structures from the original input are

preserved and effectively integrated into the final high-resolution output, offering a solid foundation for the high-frequency

features to build upon. By including this coarse scaffold, we prevent the loss of crucial contextual information while still

enhancing fine details.

4.6 Training losses and optimization390

Denote Ŷ = {Ŷmain, ŶŜu
, ŶŜv

}= {ζ̂, ̂̃D,D̂, T̂11, T̂22, T̂12, Ŝu, Ŝv} as outputs and Y represents HR labels.

Pixel loss (multi-target)

To achieve accurate inversion of multiple physical quantities (Cai et al., 2022), we combine ℓ1 and ℓ2 losses to calculate the

error between Ŷ and Y . For all eight physical quantities:

Lpix =
∑

c∈Ω

(
α1∥Ŷc −Yc∥1 +α2∥Ŷc −Yc∥22

)
, Ω= {ζ,D̃,D,T11,T22,T12,Su,Sv}, (31)395

where α1 and α2 are hyperparameters that regulate the loss weights of ℓ1 and ℓ2.

Spectral amplitude loss

Standard pixel-wise losses (e.g., L1 or L2) often lead to overly smooth results, suffering from spectral bias—specifically,

a deficit in high-frequency energy. To mitigate this, we introduce a spectral amplitude loss that constrains the model in the

frequency domain. This loss forces the reconstructed output to match the spectral statistics of the ground truth, thereby ensuring400
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realistic energy distribution across scales:

Lspec =
∥∥∥
∣∣F(Ŷ )

∣∣−
∣∣F(Y )

∣∣
∥∥∥
2

2
, (32)

where F(·) denotes the Fast Fourier Transform (FFT), and | · | represents the magnitude (amplitude) of the complex spectrum.

By minimizing the discrepancy in spectral amplitudes, the model is encouraged to generate finer details that are often lost in

the spatial domain.405

Gradient Loss

Since high-frequency information (such as fronts and eddies) is primarily encoded in the rapid spatial variations of the

velocity fields, pixel-level losses alone may fail to capture sharp transitions. To address this, we incorporate a gradient loss that

explicitly penalizes the discrepancies in first- and second-order spatial derivatives:

Lgrad = ∥∇xŶ −∇xY ∥1 + ∥∇yŶ −∇yY ∥1 + ∥∆Ŷ −∆Y ∥1, (33)410

where ∇x and ∇y denote the horizontal and vertical gradients, respectively, and ∆ denotes the Laplacian operator (second-

order derivative). We utilize the L1 norm here to promote sharpness in the reconstructed edges and to reduce the smoothing

effect typically associated with L2 minimization.

Physical Consistency Loss

In order to ensure the physical consistency of the model output, we construct the stress tensor based on the inverted strain415

invariants (ζ̂, ̂̃D and D̂) and compare them with the inverted stress tensor. By calculating the difference in stress tensor, we can

guarantee that the inversion results are physically consistent. The formula for calculating the stress tensor T is as follows:

T(ζ̂, ̂̃D,D̂) = κBC


−ζ̂ D̂ ζ̂ ̂̃D

ζ̂ ̂̃D ζ̂ D̂


+

κBC

2

(
ζ̂2 + ̂̃D

2

+ D̂2

)
I,

where κBC is a physical constant, and I is an identity matrix. The physical consistency loss function is:

Lphy = βT

∥∥∥T̂−T(ζ̂, ̂̃D,D̂)
∥∥∥
1
+βS

∥∥∥Ŝ−S
∥∥∥
1
,420

where T̂=


T̂11 T̂12

T̂12 T̂22


 is the mapping stress tensor, Ŝ= (Ŝu, Ŝv) is the mapping subgrid momentum forcing. βT and βS

are hyperparameters that adjust the loss weights of stress tensor. These loss terms ensure that the model’s outputs are consistent

with the theoretical stress relationships, which are essential for maintaining the physical validity of the reconstructed variables.

Total loss and optimization

The final objective is425

L= Lpix +λspecLspec +λgradLgrad +λphyLphy (34)

where λ terms are the weight hyperparameters of each loss term, they are obtained by tuning on the validation set.
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5 Experiments

To rigorously validate the proposed multi-physical super-resolution framework, we conducted a series of seven targeted ex-

periments based on the LICOM3 eddy-resolving dataset. These experiments systematically assess the model’s performance in430

terms of accuracy, generalization, physical consistency, and sensitivity to architectural components and downscaling factors.

The experimental setup utilized two NVIDIA GeForce GTX 1080Ti GPUs. We evaluated the effectiveness of our method using

Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared (R2) scores as evaluation metrics.

5.1 Experiment 1: Baseline Model Comparisons in a Single Region

The purpose of this experiment is to compare the performance of the proposed MSR with four strong baselines—LowResUNet435

(Low), HighResUNet (trained on HR inputs), Enhanced Deep Residual Networks (EDSR) (Abidin et al., 2025), and Fourier

Neural Operator (FNO) (Li et al., 2020) on a fixed North Pacific subdomain. This comparison helps assess if MSR can out-

perform these models in reconstructing high-resolution ocean diagnostics from low-resolution inputs. The models (Low, EDSR,

FNO) use low-resolution velocities as input to reconstruct eight high-resolution (HR) diagnostics: {ζ,D,D̃,T11,T22,T12,Su,Sv}.

Metrics (RMSE, R2) are reported on normalized fields over valid ocean points.440

The results, shown in Table 1 and Table 2, demonstrate that our method significantly outperforms the best baseline, High-

ResUNet, reducing the average RMSE from 0.126 to 0.113 (−10.5%) and achieving the highest mean R2 of 0.947. The most

notable improvements in RMSE occur for the variables T22 (−20.3%), T12 (−13.3%), ζ (−13.2%), and D (−12.3%). While

improvements for Su (−4.7%) and Sv (−1.5%) are more modest, they remain consistent across all tests. For D̃, the results are

nearly identical to HighResUNet (−0.5%). In terms of R2 scores, our method excels for rotation and tensor diagnostics (ζ, T11,445

T22, T12), with values ranging from 0.960 to 0.994, and it remains competitive for subgrid forcings (Su = 0.847, Sv = 0.887).

Table 1. RMSE of the diagnostic variables obtained from the different models in Experiment 1. Lower RMSE values indicate better perfor-

mance. Boldface indicates the best value in each row.

Variable LowResUNet HighResUNet EDSR FNO Ours

ζ 0.259 0.096 0.091 0.270 0.079

D 0.625 0.183 0.351 0.736 0.179

D̃ 0.274 0.111 0.123 0.308 0.110

T11 0.253 0.123 0.120 0.264 0.109

T22 0.235 0.109 0.107 0.237 0.085

T12 0.224 0.113 0.107 0.237 0.093

Su 0.268 0.157 0.160 0.278 0.150

Sv 0.243 0.116 0.143 0.247 0.114

Mean 0.297 0.126 0.150 0.322 0.113
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Table 2. R2 of the diagnostic variables obtained from the different models in Experiment 1. Higher R2 values indicate better performance.

Boldface indicates the best value in each row.

Variable LowResUNet HighResUNet EDSR FNO Ours

ζ 0.934 0.991 0.992 0.928 0.994

D 0.506 0.958 0.844 0.314 0.958

D̃ 0.913 0.986 0.982 0.890 0.986

T11 0.787 0.950 0.952 0.768 0.960

T22 0.808 0.959 0.960 0.804 0.975

T12 0.822 0.955 0.959 0.799 0.969

Su 0.513 0.832 0.825 0.476 0.847

Sv 0.488 0.883 0.822 0.469 0.887

Mean 0.721 0.939 0.917 0.681 0.947

In qualitative comparisons, shown in Figure 7, the proposed model preserves sharper eddy rims and frontal filaments com-

pared to LowResUNet and FNO, and avoids the mild blurring observed in EDSR for tensor components. The error maps in

Figure 8 further highlight that the residuals produced by our model are weaker and less spatially coherent along shear bands,

especially for T11 and ζ. The improvements for Sv are subtle but consistent with the small RMSE/R2 gains observed in the450

quantitative results (Table 1–Table 2).

21

https://doi.org/10.5194/egusphere-2026-691
Preprint. Discussion started: 6 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 7. Qualitative comparison. U_low and V_low represent the low-resolution inputs, the other columns represent the labels and

models’ outputs. The rows represent the ocean diagnostics.

Figure 8. Absolute error maps corresponding to the snapshot in Fig. 7. This figure visualizes the reconstruction error magnitude by

calculating the absolute deviation between the truth and the output of each model.
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The key takeaways from this experiment are as follows: (1) The HFE and DEF of our model lead to consistent improvements,

particularly for tensor and rotational diagnostics such as T22, T12, ζ, and D. (2) While subgrid forcings like Su and Sv are more

challenging to map, our model still offers systematic improvements in these areas. (3) The high R2 values and decorrelated error

patterns along fronts suggest that our method recovers derivative-level structures better than models using only low-resolution455

inputs, where such structures are typically suppressed.

5.2 Experiment 2: Multi-Region Generalization

The purpose of this experiment is to evaluate the generalization ability of MSR across different ocean basins, assessing if

it maintains performance despite geographical and dynamical variability. By repeating Experiment 1 in three dynamically

distinct basins—Region 1 (North Pacific, 35◦–40◦N, 150◦–160◦E), Region 2 (South Pacific, 40◦–35◦S, 160◦–150◦W), and460

Region 3 (North Atlantic, 35◦–40◦N, 40◦–30◦W)—we test whether MSR can consistently outperform baseline models across

regions with different oceanic characteristics. All methods operate on the same low-resolution velocity inputs (the proposed

MSR additionally uses gradient features) to reconstruct the eight high-resolution diagnostics {ζ,D,D̃,T11,T22,T12,Su,Sv};

evaluation metrics (MSE, RMSE, R2) are computed on normalized fields restricted to valid ocean points via land masks.

Figures 9–11 report per-variable MSE, RMSE, and R2 for each basin. Across all three regions, MSR consistently achieves the465

lowest errors and the highest R2 for most variables, with the clearest margins for deformation/forcing terms (D, Su, Sv) where

high-wavenumber content is critical; tensor/rotational diagnostics (ζ, T11, T22, T12) maintain high R2 with only modest basin-

to-basin spread, indicating that the physics-guided attention and dual spatial–frequency branches transfer effectively across

regimes. The North Atlantic (Region 3) is the most energetic among the three, with sharper fronts and stronger shear that

amplify baseline errors—especially for D and Su—yet our model preserves a clear lead in both RMSE and R2, evidencing470

improved resilience to mesoscale variability. Overall, the method ranking is stable across basins (Ours > EDSR > FNO on

average), and the inter-basin variability of our scores is modest, suggesting robust generalization without region-specific tuning.

Figure 9. Region 1 (North Pacific). Per-variable MSE (left), RMSE (middle), and R2 (right) for Low (baseline), EDSR, FNO, and the

proposed method (MSR). Our method consistently obtains the lowest errors, the highest R2 with the clearest gains on D, Su, and Sv .
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Figure 10. Region 2 (South Pacific). Performance remains strong across variables; note the robust R2 for tensor components (T11,T22,T12)

and improved RMSE on D, Su, Sv relative to baselines.

Figure 11. Region 3 (North Atlantic). In this energetic region, baseline errors increase notably for D and Su. The proposed model consis-

tently preserves the performance lead, demonstrating robust handling of sharp fronts and strong shear.

5.3 Experiment 3: Sensitivity to Downscaling Factors

The purpose of this experiment is to assess MSR’s robustness to various downscaling factors, where ×2, ×4, and ×8 repre-

sent reductions in input resolution. By evaluating the model’s performance at these different scales, we can determine if MSR475

remains effective as input resolution decreases, thereby testing its capacity to recover fine-scale ocean features despite losing

high-frequency details in the low-resolution inputs. The data split, preprocessing, and masking strategy are identical to Exper-

iments 1–2. Metrics are computed over the eight target diagnostics {ζ,D,D̃,T11,T22,T12,Su,Sv} and then averaged to report

mean MSE, RMSE, and R2. Figure 12 summarizes the results.
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Figure 12. Performance across scale factors. Mean MSE (left), RMSE (middle), and R2 (right) averaged over the eight diagnostics for

Interpolation, EDSR, FNO, and Ours at ×2, ×4, and ×8. Our method achieves the lowest errors and highest R2 at all scales, with the

performance gap widening as the scale factor increases.

The key findings from this experiment are as follows: First, as the downscaling factor increases from ×2 to ×8, MSE and480

RMSE increase, and R2 decreases for all models, reflecting the growing information gap introduced by coarser inputs. This

demonstrates the difficulty in maintaining mapping accuracy as the resolution decreases.

Second, at all scales, ours consistently achieves the best performance in terms of MSE/RMSE and the highest R2, indicating

that DEF and HFE provide reliable gains across different resolution levels. This consistent superior performance of our method

demonstrates the robustness of the proposed model.485

Finally, as the downscaling factor increases, the performance gap between our method and the baselines widens, indicating

that our method is more robust to lower resolution inputs. The error bars for the baseline methods grow more steeply with

higher downscaling factors, while ours exhibits a more gradual degradation, resulting in the largest margins in both error

and R2. This indicates that ours is more scalable, especially when high-wavenumber content is severely diminished at higher

downscaling factors.490

The observed robustness can be attributed to three key design choices in our model. First, the HFE (Sobel, Laplacian,

Haar wavelets, FDE) restores important features such as fronts, eddy rims, and filaments that are suppressed in low-resolution

inputs, thereby reducing spectral bias as the downscaling factor increases. Second, the DEF and physical consistency loss

align derivative-level structures (e.g., strain, vorticity, tensor relations), stabilizing the mapping of derivative-dominated targets

across scales. Third, the targeted HF heads for (Su,Sv) mitigate the loss of fine-scale gradients, which would otherwise495

dominate the error at large downscaling factors.

In conclusion, across the range from ×2 to ×8, our method consistently outperforms the baselines and exhibits the slow-

est performance decay, confirming its cross-scale generalization and making it highly practical for mapping low-resolution

velocities to near-eddy-resolving multi-physics diagnostics in resource-constrained environments.
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5.4 Experiment 4: Ablation Study500

The purpose of this experiment is to analyze the impact of different architectural components on MSR’s performance. By

conducting an ablation study using a baseline model—without any enhancement or attention modules—we can isolate and

evaluate the specific contributions of components like DEF, Sobel enhancement, etc., and understand which parts of the

module lead to performance improvements. The baseline model contains only basic convolutional layers without any addi-

tional enhancement or attention modules. On this basis, we successively incorporate or remove individual modules to examine505

their influence on model performance. The modules considered include DEF, Sobel Enhancement, Laplacian Enhancement,

Wavelet Enhancement, FDE, and the Coarse Branch. We report results in terms of R2 across the eight diagnostic variables

(ζ,D,D̃,T11,T22,T12,Su,Sv).

To complement the analysis, we additionally report per-variable normalized RMSE across ablation configurations (Fig. 13).

Each panel corresponds to one diagnostic, and bars within each panel are sorted in ascending order (lower is better). The Full510

Model ranks best or near-best across all variables. The largest reductions appear for deformation/forcing-related quantities—D,

T12, T22, Su, and Sv—indicating that DEF and HFE effectively mitigate spectral bias and better preserve derivative-level

structures that are typically suppressed in low-resolution inputs. These RMSE results are consistent with the R2 findings and

provide a complementary error-magnitude perspective.

Overall, the ablation results demonstrate that the combination of multiple complementary modules is crucial for achieving515

the best performance. While the baseline model alone already provides reasonable reconstructions, integrating targeted modules

markedly boosts accuracy, and the full model achieves the most balanced and consistent improvements across all diagnostics.
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Figure 13. Per-variable normalized RMSE (lower is better) across ablation configurations. Each panel corresponds to one diagnostic—ζ,

D, D̃, T11, T22, T12, Su, Sv—with bars sorted in ascending order within each panel. Configurations: Basic Model (baseline), DEF, Sobel,

Laplacian, Haar (wavelet), FDE, Coarse Module, Full Model. The Full Model is consistently best or near-best; the largest RMSE gains are

observed for D, T12, T22, Su, and Sv .

5.5 Experiment 5: Loss Component Ablation

The purpose of this experiment is to evaluate the contribution of each loss component: pixel loss (Pix), spectral amplitude loss

(Spec), gradient loss (Grad), and physical consistency loss (Phy) to the performance of MSR. By conducting a loss component520

ablation, we can identify which terms are most crucial for achieving accurate high-resolution diagnostics in ocean modeling.

All splits, inputs, masks, and training schedules match previous experiments. We compare five variants: Full (pixel loss +

spectral amplitude loss + gradient loss + physical consistency loss), no_Grad (remove gradient loss terms), no_Spec (remove

Spectral amplitude loss terms), no_Phy (remove physical consistency loss), and No_Pix (remove pixel loss).
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Figure 14. Loss ablation across eight diagnostics. Bars compare Full, No_Grad, No_Spec, and No_Phy, No_Pix. The full composite

loss consistently attains the best trade-off: lowest MSE/RMSE and highest R2, with the largest margin on high-wavenumber targets (D, Su,

Sv).

The results are summarized in Figure 14, which presents the MSE, RMSE, and R2 scores for each of the variants. The Full525

model consistently achieves the best balance between error reduction and model performance, showing the lowest MSE/RMSE

and the highest R2, with the most significant improvements seen on high-wavenumber targets like D, Su, and Sv .

Three key findings emerge from this ablation study: First, the Full loss function is consistently superior, achieving uniformly

lower errors and higher R2 for all target variables. This suggests that the pixel loss, spectral amplitude loss, gradient loss and

physical consistency loss in the loss function are complementary, rather than redundant. Second, the Phy terms are crucial530

for small-scale feature recovery. When Phy constraints are removed (No_Phy), performance degrades significantly for vari-

ables dominated by sharp gradients and filaments, such as ζ, D, Su, and Sv . This demonstrates that explicit high-frequency

guidance helps mitigate spectral bias. Third, the inclusion of the physics-relation term improves mechanical coherence in

the model. Dropping this term (No_Phy) consistently reduces performance, particularly for the stress components (T11, T22,

T12) and deformation (D), indicating that aligning cross-variable derivative relations helps stabilize the model and improves535

generalization.

5.6 Experiment 6: Hyperparameter Sensitivity

The purpose of this experiment is to quantify how MSR responds to frequency-domain controls and loss weights in order

to recover band-limited small-scale dynamics in the presence of spectral attenuation. Because low-resolution inputs suppress

shear- and divergence-related (high-wavenumber) content, we hypothesize that explicitly strengthening the high-pass pathway540

via a cutoff–gain pair (τ,g) reduces the high-frequency spectral mismatch and, in turn, improves RMSE and R2 for derivative-

dominated diagnostics.

To test this, we perform a coarse-to-fine grid search over (τ,g) for the branch-specific Fourier heads of Su and Sv , and tune

a global HFE mask for D; in parallel, we vary the loss weights λspec (spectral amplitude), λgrad (spatial gradients), and λphy

(physical consistency) by ±50% around the baseline. Each configuration is trained with three random seeds under the same545

split and schedule as Sec. 4.6 and evaluated on held-out days across all levels.
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We report per-sample (date×level) RMSE and R2 for

{ζ,D,D̃,T11,T22,T12,Su,Sv},

together with a high-frequency spectral-amplitude error

EHF =
∥∥∥Mτ ⊙

(
|F(ŷ)| − |F(y)|

)∥∥∥
2

2
, Mτ (u,v) = 1{r(u,v)≥ τ } , (35)550

where F denotes the 2-D discrete Fourier transform (DFT), r(u,v) is the normalized radial spatial frequency, and ⊙ is element-

wise multiplication. Influence is summarized by a normalized finite-difference sensitivity

Sθ =

∣∣RMSE(θ+ δ)−RMSE(θ− δ)
∣∣

2δRMSEbase
, (36)

with δ equal to the local sweep step.

The sweeps show that increasing g within a moderate τ window consistently decreases EHF and yields concomitant gains in555

RMSE/R2 for Su and Sv; applying a comparable mask globally in HFE benefits D. Among loss weights, λgrad is most influ-

ential for Su/Sv , whereas λspec has the largest impact on D. The selected settings and test-set improvements are summarized

in Table 3; they provide stable defaults that deliver modest but consistent gains across seeds without degrading large-scale

agreement.

Table 3. Best hyperparameter settings and corresponding performance gains in Experiment 6. For each target diagnostic, the selected cut-

off–gain pair (τ,g) and the most influential loss weight are reported, together with improvements on the test set. For D, (τ,g) refers to the

global HFE mask; for Su and Sv they refer to the branch-specific Fourier heads.

Variable Best (τ,g)/ key λ ∆RMSE 95% CI ∆R2

Su (0.15, 2.5) / λgrad = 0.10 −0.007 [−0.008,−0.006] +0.01

Sv (0.12, 2.6) / λgrad = 0.10 −0.006 [−0.007,−0.005] +0.01

D† (0.10, 2.5) / λspec = 0.50 −0.003 [−0.004,−0.002] +0.02

† For D, (τ,g) are applied in the global HFE module (not a diagnostic-specific branch).

5.7 Experiment 7: Statistical Significance560

The purpose of this experiment is to verify that the observed improvements are not due to sampling noise, we perform paired

hypothesis tests on the same per-sample RMSEs (date×level), comparing MSR against strong baselines and against the untuned

MSR configuration. For each diagnostic, we compute the paired difference ∆RMSE = RMSE (MSR) − RMSE (HighResUnet)

and report a paired t-test with Cohen’s d as effect size; Wilcoxon signed-rank is provided as a non-parametric corroboration.

Because multiple variables and comparisons are assessed, we adjust p-values using Holm–Bonferroni (we also report BH–FDR,565

which yields consistent conclusions), and we quantify uncertainty with a bootstrap 95% confidence interval for ∆RMSE (2,000

resamples). The statistical significance results are summarized in the table below, where we observe statistically significant

reductions in RMSE for Su, Sv , and D, with corresponding effect sizes and confidence intervals.
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Across the eight diagnostics, MSR achieves statistically significant reductions on each variable versus the primary baseline

after Holm correction (Table 4). For example, Su improves by ∆= -0.0031 (95% CI [-0.0034, -0.0028]), t= 19.97, p <0.001,570

d=-1.26, Sv by ∆=-0.0014, and D by ∆=-0.0028. Effect sizes lie in the moderate-to-large regime, indicating practical as

well as statistical relevance.

Table 4. Paired t-test results in Experiment 7. Paired RMSE difference (∆RMSE = RMSE(MSR) − RMSE(HighResUnet)) for all eight

diagnostics based on N = 252 paired samples per variable. Reported are the mean ∆RMSE, 95% confidence interval, effect size (Cohen’s

d), and Holm–Bonferroni corrected p-values.

Variable ∆RMSE mean 95% CI Cohen’s d Holm p

Su −0.0031 [−0.0034,−0.0028] −1.26 < 0.001

Sv −0.0014 [−0.0017,−0.0011] −0.63 < 0.001

T22 −0.0033 [−0.0041,−0.0026] −0.54 < 0.001

D −0.0028 [−0.0035,−0.0021] −0.52 < 0.001

T11 −0.0028 [−0.0035,−0.0021] −0.52 < 0.001

D̃ −0.0025 [−0.0032,−0.0018] −0.49 < 0.01

T12 −0.0022 [−0.0028,−0.0016] −0.45 < 0.01

ζ −0.0018 [−0.0024,−0.0012] −0.41 < 0.01

6 Conclusions

This work introduces a multiphysics super-resolution (MSR) framework that reconstructs eight dynamically coupled diag-

nostics (ζ,D,D̃,T11,T22,T12,Su,Sv) directly from low-resolution velocity fields. The framework combines (i) Dynamic En-575

hancement Feature, (ii) High-Frequency Enhancement, (iii) a Multi-Branch module with a shared encoder and dedicated heads

for each diagnostic, and (iv) a Physical Consistency Loss that aligns derivative-level structures across variables. These elements

aim to mitigate spectral bias while ensuring physical consistency across the reconstructed fields.

Comprehensive experiments validate the effectiveness and robustness of the approach. In single-region comparisons against

strong baselines (U-Net variants, EDSR, and FNO), the proposed model consistently achieves the lowest errors and the highest580

R2 for most diagnostics, producing notably sharper fronts, eddy rims, and filaments. Cross-basin tests demonstrate consistent

performance across regions with modest inter-region variance, indicating excellent portability without region-specific tuning.

Sensitivity to downscaling factors demonstrates graceful degradation from ×2 to ×8, with the performance gap widening

at larger downscaling factors, underscoring the advantage of explicit high-frequency control when information loss is most

severe. Ablation studies isolate the contributions of key components: removing the high-frequency pathway primarily impacts585

ζ, D, Su, and Sv , while omitting the physics-relation term degrades the stress components and deformation. These findings

demonstrate that spectral recovery and cross-variable alignment are complementary and essential.
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The practical implication is that this data-driven surrogate can generate near-eddy-resolving multi-physics diagnostics from

inexpensive low-resolution inputs. Such a capability can accelerate climate diagnostics, facilitate closure of energy and momen-

tum budgets, and provide high-fidelity targets for parameterization development and data assimilation in operational settings590

where high-resolution simulations are computationally prohibitive.

Limitations and Future Work: Our models were trained on LICOM3 outputs and thus inherit biases from the simulation;

evaluating transferability to other models and to observation-constrained products remains important. Currently, we enforce

physics via soft constraints; integrating hard conservation (e.g., mass/energy) through differentiable partial differential equation

(PDE) solvers or constrained decoding is a natural extension. Temporal consistency and true 3-D volumetric coupling were not595

the focus of this work, but future neural-operator variants that learn spatio-temporal mappings could further stabilize derivative-

dominated quantities. Additionally, uncertainty quantification (using ensembles or Bayesian objectives) and domain adaptation

across regimes and resolutions would further enhance the reliability of the framework for decision support.

In summary, the proposed framework delivers cross-scale, cross-region gains for multi-physics ocean diagnostics by com-

bining frequency-aware design with physics-guided learning. We view it as a significant step toward fast, physically consistent600

surrogates that bridge low-cost low-resolution inputs and the information needed for climate science and operational modeling.
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