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ABSTRACT

Coastal ecosystems are critical zones in the global carbon
cycle. In the East China Sea (ECS), the sea-air CO2 flux
(FCO2 ) is driven by complex biogeochemical and oceanic
processes. Its forecasting faces two challenges: the spatio-
temporal discontinuity of remote sensing and reanalysis
data, and the difficulty for models to capture both macro-
scale transport and micro-scale structural evolution. To
address this, we construct Carbon-ECS, a 17-year, high-
resolution, spatio-temporally complete benchmark for FCO2

forecasting. We further propose a novel forecasting model,
the Transport and Iterative Detail Enhancement Network
(TIDE-Net). The model features a physics-inspired de-
coupled architecture. It captures large-scale, ocean-current-
driven carbon transport processes while simultaneously mod-
eling the evolution and diffusion of fine-grained carbon sink
structures. Our contributions enable a more physically con-
sistent forecast of the spatio-temporal dynamics of FCO2

,
significantly enhancing the simulation capability for the com-
plex ocean carbon cycle. The code and dataset are publicly
available.

Index Terms— Marine Carbon Sink, Flux Forecasting,
Fourier Transform, Diffusion Model, Benchmark Dataset.

1. INTRODUCTION

Coastal ecosystems are critical global carbon sinks, yet ac-
curately forecasting their sea-air CO2 flux (FCO2

) remains a
significant challenge [1, 2, 3]. In the ECS, a typical marginal
sea system shown in Fig. 1a, FCO2 dynamics are driven by
complex land-ocean interactions and ocean currents, exhibit-
ing highly non-linear and multi-scale spatio-temporal charac-
teristics [4, 5].

Accurately forecasting such complex dynamics essen-
tially requires a model to decouple and capture two physical
processes with significant scale differences: first, macro-scale
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Fig. 1. Overview. (a) Study area & benchmark specifications. (b)
Data completion pipeline. (c) TIDE-Net architecture.

transport dominated by large-scale advection, which deter-
mines the overall distribution and migration paths of carbon
sink; and second, micro-scale structural evolution driven by
local processes, which is responsible for the generation and
dissipation of fine-grained structures.

Against this backdrop, existing forecasting paradigms
suffer from inherent limitations. Traditional statistical and
semi-mechanistic models struggle to capture non-linear dy-
namics [6, 7].While general-purpose machine learning meth-
ods improve fitting accuracy, their ”black-box” nature and
static regression formulation result in poor physical inter-

https://github.com/Son4ta/TIDE-Net


pretability and an inability to explicitly model temporal evo-
lution [8, 9]. Emerging spatio-temporal dynamic models face
a dilemma: deterministic models (e.g., ConvLSTM [10])
often yield blurry forecasts with intensity decay, whereas
probabilistic models (e.g., GANs [11]) suffer from structural
drift despite generating high-fidelity details.

Furthermore, a more fundamental bottleneck stems from
the data itself: due to cloud cover in satellite remote sensing,
existing datasets widely suffer from spatio-temporal disconti-
nuity [12, 13]. This fundamentally constrains the upper limit
of forecasting accuracy, hinders the development and train-
ing of advanced models, and makes fair comparisons between
different methods exceptionally difficult.

To address these challenges, we propose a novel solution
from both data and model perspectives. First, we construct
Carbon-ECS, the first long-term (17-year), high-resolution,
and spatio-temporally complete benchmark dataset (Fig. 1b),
to resolve the data bottleneck. Second, building on this
dataset, we propose a physics-decoupled predictive model,
TIDE-Net (Fig. 1c). The model’s core innovation lies in its
decoupled architecture: one branch models the large-scale,
ocean-current-driven advection-transport in the frequency
domain to accurately predict the macro-scale position and
intensity of carbon sink, while the other branch iteratively
refines local detail structures. Finally, a fusion module com-
bines their strengths to generate more physically consistent
predictions. Our contributions are as follows:

• Dataset: We construct and release Carbon-ECS, the first
spatio-temporally complete, high-resolution benchmark
for FCO2

forecasting in the ECS region.

• Model: The proposal of TIDE-Net, a novel physics-
inspired decoupled framework that explicitly models
advection-transport and local evolution.

• Performance: Experiments demonstrate that TIDE-Net
outperforms state-of-the-art models in the complex task of
ocean carbon flux forecasting.

2. METHODOLOGY

2.1. Benchmark Dataset: Carbon-ECS

A primary bottleneck for training deep learning models in
oceanography is the significant data loss in satellite remote
sensing products due to cloud occlusion [12]. To overcome
this, we constructed Carbon-ECS (Table 1), the first long-
term, high-resolution, and spatio-temporally complete bench-
mark dataset for FCO2 forecasting in the East China Sea.
Based on the work of MeSAA-ML1, our dataset was sys-
tematically repaired through a rigorous multi-stage process—
integrating regional anomaly removal, wavelet denoising, and
K-nearest neighbors interpolation—to fix noise, biases, and
missing values. Carbon-ECS establishes a solid foundation
and fair benchmark for future research.

1https://zenodo.org/records/8042265

Table 1. Core specifications of Carbon-ECS.

SPECIFICATION VALUE

TEMPORAL COVERAGE 2003–2019 (204 MONTHS)
TEMPORAL RESOLUTION MONTHLY

SPATIAL COVERAGE YANGTZE RIVER ESTUARY & ECS SHELF

SPATIAL RESOLUTION ∼1 KM (0.01◦)
AREA ∼8.5 × 105 KM2

DATA QUALITY COMPLETE, DENOISED, BIAS-CORRECTED

2.2. TIDE-Net Architecture

The spatio-temporal evolution of FCO2
is driven by two key

physical processes: large-scale advection-transport and lo-
cal evolution-diffusion. Existing models that attempt to ad-
dress these in a coupled manner often struggle to capture both
effectively.

We propose TIDE-Net (Fig. 2), a dual-branch architec-
ture that explicitly decouples these two processes. Given his-
torical inputs X ∈ RTin×C×H×W , TIDE-Net forecasts future
states Y ∈ RTout×C×H×W through three core modules:

• Frequency Global Module (FGM): Predicts large-scale
dynamics in the frequency domain by decoupling the sig-
nal’s amplitude and phase.

• Diffusion Local Refiner (DLR): Generates high-fidelity
local details through an iterative refinement process that
enhances fine-grained spatial structures.

• Synergistic Fusion Head (SFH): Adaptively fuses the
complementary global forecast from FGM and local de-
tails from DLR to generate the final prediction.

2.3. Frequency Global Module (FGM)

The Frequency Global Module (FGM) models large-scale
structures by operating in the frequency domain. It trans-
forms the input sequence Xk using a 2D Discrete Fourier
Transform (DFT), decomposes the spectrum into amplitude
and phase, extrapolates these components, reconstructs the
future spectrum, and applies an inverse DFT to obtain the
forecast.

The input map Xk is first transformed into its complex
spectrum X̂k(u, v), where (h,w) and (u, v) are spatial and
frequency coordinates, respectively:

X̂k(u, v) = F(Xk)(u, v)

=

H−1∑
h=0

W−1∑
w=0

Xk(h,w) e
−i2π(uh

H + vw
W ). (1)

The spectrum is then decomposed into amplitude A(Xk)
and phase P(Xk):

A(Xk)(u, v) =

√
R2(X̂k(u, v)) + I2(X̂k(u, v)),

P(Xk)(u, v) = arctan

(
I(X̂k(u, v))

R(X̂k(u, v))

)
.

(2)
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Fig. 2. The architecture of TIDE-Net. The model first decouples the input into two parallel streams: the Frequency Global Module (FGM)
predicts large-scale dynamics via spectral analysis, while the Diffusion Local Refiner (DLR) iteratively enhances fine-grained spatial details.
Finally, the Synergistic Fusion Head (SFH) intelligently fuses the outputs from both modules to generate the final refined prediction.

where R(·) and I(·) are the real and imaginary parts. We
forecast the future amplitude A′ and phase P ′ by modulat-
ing the amplitude with the last frame Xt and modeling phase
evolution with a learnable kernel Convpm:

A′(Xk)(u, v) = A(Xk)(u, v)⊗Xt,

P ′(Xk)(u, v) = P(Xk)(u, v)⊗ Convpm,
(3)

The forecast spectrum is reconstructed by combining the
forecasted components:

X̂k(u, v) = A′(Xk)(u, v) · eiP
′(Xk)(u,v). (4)

Finally, the inverse DFT (F−1) transforms the spectrum
back to the spatial domain, yielding the forecast X̂f

k for future
frames k = t+ 1, . . . , 2t:

X̂f
k (h,w) = F−1(X̂k)

=
1

HW

H−1∑
u=0

W−1∑
v=0

X̂k(u, v) e
i2π(uh

H + vw
W ). (5)

2.4. Diffusion Local Refiner (DLR)

To restore fine details to the FGM predictions, the Diffusion
Local Refiner (DLR) iteratively refines an initial forecast.
First, an encoder fθ generates an initial estimate X̂d

k from the
input sequence Xk:

X̂d
k = fθ(Xk). (6)

Then, the prediction is updated over T refinement steps
by adding residual corrections from a UNet, where αt is a
time-dependent scaling factor that stabilizes the refinement
and balances the contribution of the residual:

Xk+t =
1

√
αt

(Xk + UNetϕ (Xk, t)) . (7)

The final output X̂d
k provides the detailed component for

the fusion stage.

2.5. Synergistic Fusion Head (SFH)

The Synergistic Fusion Head (SFH) combines the outputs
from FGM and DLR. It first constructs a synergistic spectrum
Xs

k(u, v) using the phase from FGM’s prediction (P ′) and
the amplitude from DLR’s output (A′

D):

Xs
k(u, v) = A′

D(Xk)(u, v) · eiP
′(Xk)(u,v), (8)

This spectrum is transformed back to the spatial domain
through the same inverse DFT process as in Eq. (5), yielding
a synergistic field X̂s

k . This field is then concatenated with the
FGM output X̂f

k and the DLR output X̂d
k , and processed by

a U-Net mixer to learn multi-scale features and produce the
final prediction Xrefined:

Xrefined = UNetmixer(X̂
f
k ⊕ X̂s

k ⊕ X̂d
k ). (9)

where ⊕ denotes channel-wise concatenation. The model
is trained end-to-end with mean squared error (MSE) loss
against ground truth X̂

(gt)
k :

L(θ) = 1

n

n∑
i=1

∥∥∥Xrefined − X̂
(gt)
k

∥∥∥2
2
. (10)

3. EXPERIMENTS

3.1. Experimental Setup

We evaluate on Carbon-ECS under two forecasting set-
tings: short-term (Tin = 3, Tout = 3) and medium-term
(Tin = 6, Tout = 6). Performance is assessed using MSE,
MAE, RMSE, PSNR, SSIM, CRPS, and LPIPS. All models
are implemented in PyTorch and trained with AdamW on two
NVIDIA A100 GPUs.



Table 2. Comparison on two forecasting tasks. Metrics with arrows indicate improvement direction (↓: lower is better, ↑: higher is better).
The best results are in bold and the second-best are underlined. Note that MSE, MAE, RMSE, and CRPS are scaled by 102 for readability.

MODEL
MEDIUM-TERM FORECASTING (TIN=6, TOUT=6) SHORT-TERM FORECASTING (TIN=3, TOUT=3)

MSE↓ MAE↓ RMSE↓ PSNR↑ SSIM↑ CRPS↓ LPIPS↓ MSE↓ MAE↓ RMSE↓ PSNR↑ SSIM↑ CRPS↓ LPIPS↓

SIMVP (CVPR’22) [14] 0.2564 3.4999 4.8492 26.708 0.8182 3.4999 0.3044 0.2756 3.6412 4.9398 26.738 0.8161 3.6412 0.2700
TAU (CVPR’23) [15] 0.2489 3.4198 4.7729 26.824 0.8153 3.4198 0.2815 0.2370 3.4080 4.6608 27.071 0.8185 3.4080 0.2809
WAST (AAAI’24) [16] 0.2768 3.5524 5.0355 26.396 0.8202 3.5524 0.2158 0.2494 3.5117 4.7867 26.819 0.8223 3.5117 0.2219
SMAATUNET (PRL’21) [17] 0.2815 3.6429 5.0679 26.362 0.8122 3.6429 0.2274 0.2911 3.6917 5.1210 26.406 0.8142 3.6917 0.2219
PHYDNET (CVPR’20) [18] 0.2550 3.3489 4.7565 27.006 0.8138 3.3489 0.3274 0.2387 3.2958 4.5930 27.380 0.8176 3.2958 0.3373
MOTIONRNN (CVPR’21) [19] 0.5459 5.4703 6.8396 24.145 0.7096 5.4703 0.4560 0.4449 4.7460 6.1847 24.978 0.7109 4.7460 0.4802
EARTHFORMER (NIPS’22) [20] 0.3253 3.8520 5.3804 25.995 0.8205 3.8520 0.3728 0.4514 4.9365 6.3003 24.661 0.7998 4.9365 0.4170
ALPHAPRE (CVPR’25) [21] 0.3285 3.8863 5.4281 25.799 0.8336 3.8863 0.2505 0.3584 3.9900 5.6479 25.506 0.8388 3.9900 0.2414

+FGM 0.3263 3.9326 5.4447 25.716 0.8310 3.9326 0.2493 0.3610 4.0307 5.6882 25.403 0.8377 4.0307 0.2476
W/O SFH 0.3102 3.7568 5.2606 26.113 0.8377 3.7568 0.2714 0.3382 3.8345 5.4693 25.811 0.8395 3.8345 0.2364
W/O DLR 0.2637 3.3645 4.8602 26.756 0.8691 3.3645 0.1728 0.2673 3.3331 4.8387 26.935 0.8715 3.3331 0.2218
TIDE-NET (FULL, OURS) 0.2433 3.1800 4.6176 27.285 0.8796 3.1800 0.1746 0.2419 3.1051 4.6587 27.395 0.8723 3.1051 0.2075

Table 3. Pearson Correlation Coefficient (PCC) for medium-term
(6→6) and short-term (3→3) forecasting. All reported correlations
are statistically significant (p < 0.001).

MODEL 6→6 3→3 MODEL 6→6 3→3

SIMVP 0.8266 0.8479 TAU 0.8284 0.8685
SMAATUNET 0.8102 0.8673 PHYDNET 0.8229 0.8744
MOTIONRNN 0.4629 0.7958 EARTHFORMER 0.7839 0.6736
ALPHAPRE 0.5922 0.8418 TIDE-NET 0.8330 0.8828

3.2. Comparison & Ablation Experiment

The primary comparative and ablation results are presented in
Table 2 and Fig 3. Our model outperforms eight mainstream
baselines, achieving state-of-the-art results in both forecast-
ing settings and generating predictions with clearer, more
physically reasonable structures. The ablation study confirms
the necessity of each component. As shown in Table 2, the
full model outperforms its variants: FGM alone (+FGM), w/o
DLR, and w/o SFH. Removing DLR or SFH, or relying solely
on FGM, leads to notable performance drops, underscoring
their synergistic roles in capturing global trends, refining
local details, and integrating multi-scale information.

3.3. Quantitative Analysis

PCC Analysis. We use the Pearson Correlation Coefficient
(PCC) to evaluate forecast accuracy. As detailed in Table 3,
our model achieves the highest PCC among all baselines in
both forecasting settings, indicating a stronger ability to cap-
ture spatio-temporal dynamics.
Convergence Analysis. The training curves in Fig 4 con-
firm the DLR module’s role in enhancing training stability
and accelerating convergence. The full model reaches a lower
and more stable amplitude loss, whereas the variant without
DLR exhibits significant oscillations, underscoring DLR’s ef-
fectiveness in the training process.

Input GT SimVP TAU WaST SmaAtUnet PhyDNet MotionRNN Earthformer AlphaPre w/o SFH w/o DLR Ours
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Fig. 3. Qualitative comparison of 6-month-ahead FCO2 fore-
casts. Our model’s predictions are visually most consistent with the
Ground Truth (GT), exhibiting clearer physical structures and fewer
artifacts.
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Fig. 4. Amplitude loss curves for the full model and its variants.
Models equipped with the DLR module exhibit more stable conver-
gence, highlighting its role in stabilizing amplitude learning.

4. CONCLUSION

Our work introduced Carbon-ECS, a spatio-temporally com-
plete benchmark, and TIDE-Net, a novel physics-decoupled
model, to advance the forecasting of FCO2

.
Looking ahead, future efforts will focus on three key

directions: first, incorporating multi-modal variables to
strengthen the model’s physical constraints; second, extend-
ing the TIDE-Net framework to other critical ocean regions;
and third, integrating uncertainty quantification to enhance its
reliability for scientific and policy-making applications.
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