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Abstract. Satellite sea surface temperature (SST) observations are frequently obscured by cloud cover, creating large gaps that

must be reconstructed for many oceanographic and climate applications. Because multiple high-resolution SST fields may be

consistent with the same sparse observations, this reconstruction problem is inherently ambiguous. Nevertheless, most existing

approaches remain deterministic, producing a single estimate that is often overly smooth, may contain unrealistic artifacts,

and provides limited or unreliable uncertainty estimates. To address these limitations, we introduce DIRECT, a conditional5

generative framework for dense SST reconstruction that models the full distribution of plausible solutions rather than a single

deterministic estimate. DIRECT is based on a rectified flow-matching formulation, conditioned on temporal context and day-

of-year seasonality, and presents an observation-guided rectification that anchors the generative trajectory to measured pixels

at every integration step. By sampling multiple reconstructions, DIRECT produces an ensemble of physically plausible SST

fields, enabling both an accurate mean reconstruction and spatially resolved uncertainty estimates. The latter is adjusted with10

a simple post-hoc variance term to avoid under-dispersed uncertainty estimates. Experiments on three Level-3 SST datasets

(Mediterranean, Adriatic, and Atlantic) show that DIRECT sets a new state-of-the-art, reducing Root Mean Square Error

(RMSE, in °C) by 6–14 % compared with the strongest published method, while better preserving mesoscale structure. Further

analysis of spatial scale correlations indicates that DIRECT maintains physically consistent textures even when reconstruct-

ing large, completely unobserved regions. Performance improvements remain robust across a wide range of cloud-coverage15

conditions, enabling reliable SST reconstruction from sparse satellite observations over much of the global ocean.

1 Introduction

Sea surface temperature (SST) is a key variable at the ocean–atmosphere interface, regulating exchanges of heat, moisture, and

momentum and influencing atmospheric convection, storm development, and large-scale climate variability such as ENSO and

monsoon systems (Rahman and Rahaman, 2024; Li et al., 2024; Garcia-Soto et al., 2021; Ricchi et al., 2023). SST is therefore20
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recognized as an essential climate variable (Bojinski et al., 2014) and is widely used in climate monitoring, numerical weather

prediction, ocean reanalysis, and marine ecosystem studies (Senatore et al., 2020; Donlon et al., 2007).

Global SST observations are primarily obtained from satellite-based infrared (IR) and microwave radiometers on low-Earth-

orbit and geostationary platforms (O’Carroll et al., 2019). IR instruments provide fine spatial detail, but their usable coverage

is strongly limited by clouds. At a given time, cloud systems can hide large coherent areas of the ocean surface, resulting in25

structured gaps that persist across space and time. These gaps present a challenge for downstream applications that require

spatially complete SST fields (climatological datasets, surface boundary conditions for atmospheric models, etc.).

Early SST reconstruction methods based on statistical interpolation and low-rank decompositions (e.g., Optimal Interpola-

tion, EOFs (Taburet et al., 2019; Alvera-Azcárate et al., 2005)) recover large-scale variability but are limited in representing

fine-scale and nonlinear ocean dynamics, due to linearity and stationarity assumptions. Recent learning-based methods have30

substantially improved reconstruction quality by exploiting spatial and temporal correlations in the data. Convolutional autoen-

coders such as DINCAE/DINCAE2 (Barth et al., 2020, 2022) provide uncertainty surrogates but often produce overly smooth

fields and underestimate mesoscale variability. Transformer-based architectures, including MAESSTRO (Goh et al., 2024) and

CRITER (Zupančič Muc et al., 2025), improve the modeling of long-range dependencies but remain fundamentally determin-

istic, producing a single best-guess reconstruction that struggles to capture ambiguity under heavy cloud cover, complicates35

uncertainty estimation, and may introduce unrealistic structured artifacts (Figure1, bottom-right).

In machine learning, particularly in computer vision, diffusion-style generative models have achieved state-of-the-art perfor-

mance in image restoration by learning full conditional distributions rather than point estimates (Croitoru et al., 2023; Li et al.,

2023; Xing et al., 2024). Pixel re-injection as in RePaint (Lugmayr et al., 2022) and subsequent refinements (Liu et al., 2024)

has been successfully exploited to enforce observation consistency during sampling for inpainting. However, these methods40

typically operate on single images and do not address spatiotemporally structured gaps, physical masks (e.g., land), or calibrated

uncertainty in geophysical fields. A growing body of work applies diffusion-style generative models to Earth-science recon-

struction tasks. Barth et al. (Barth et al., 2024) demonstrate diffusion-based gap-filling for satellite ocean color (chlorophyll-a),

producing ensembles and evaluating uncertainty reliability. For SST specifically, CARE-SST (Choo et al., 2025) applies a

denoising diffusion probabilistic model (DDPM (Ho et al., 2020)) style approach with historical context to reconstruct cloud-45

contaminated SST. Related efforts also extend diffusion-based reconstruction to broader ocean-temperature settings using

observation-guided sampling and simulation pretraining (Song et al., 2025). In atmospheric data assimilation, physics-guided

diffusion frameworks incorporate physical regularization to improve coherence under sparse observations (Wang et al., 2025).

These works establish the promise of generative modeling for geosciences, but commonly differ from the SST gap-filling set-

ting considered here in one or more aspects: operating on single snapshots or coarse temporal context, relying on guidance50

schemes without explicit temporal-offset encoding, and/or not targeting calibrated per-pixel uncertainty for dense spatiotem-

poral reconstruction.

In this study we propose DIRECT, a diffusion-inspired generative model for dense SST reconstruction from partially ob-

served sparse satellite measurements. DIRECT formulates SST gap-filling as a conditional flow-matching task, where a de-

terministic probability flow transforms noise realizations into physically consistent SST fields conditioned on sparse measure-55
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Figure 1. DIRECT reconstructs spatially coherent temperature fields from sparse observation inputs and preserves smooth mesoscale struc-

ture in reconstructed regions. DIRECT further addresses the problem of physically inconsistent reconstructions – notice that the blocky

high-frequency gradients emerging in CRITER ((Zupančič Muc et al., 2025), bottom right), which are absent in DIRECT reconstructions

(bottom left).

ments, temporal context, and seasonal information. The model integrates (i) a U-Net backbone equipped with SST-specific

global conditioning, (ii) a spatio-temporal context representation that preserves the temporal origin of auxiliary information,

and (iii) an observation-guided rectification mechanism that maintains consistency with measured pixels throughout the re-

construction process. By sampling multiple reconstructions, DIRECT produces both an accurate mean estimate and spatially

resolved uncertainty, which is further automatically calibrated to avoid ensemble collapse. The main contributions of this work60

are:

– We formulate dense SST reconstruction as a conditional flow-matching problem, integrating spatiotemporal context,

seasonal conditioning, and hard observation consistency within a unified end-to-end generative model.

– We develop a temporal offset encoding strategy for auxiliary context frames.

– We design a lightweight post-hoc uncertainty calibration procedure that compensates for ensemble under-dispersion and65

improves the reliability of per-pixel uncertainty estimates without altering the training objective.

A preliminary version of this work was presented in (Rovšček et al., 2026). The present manuscript extends the preliminary

work in several ways. The reconstruction method has been revised following extended evaluation under operationally real-

istic conditions, resulting in a simpler and more robust formulation. The experimental evaluation is broadened to include an

additional state-of-the-art baseline (CARE-SST; (Choo et al., 2025)), a stratified performance analysis across low, moderate,70

and high cloud-coverage regimes, and a probabilistic assessment of the reconstructed ensemble via the Continuous Ranked

Probability Score. Additionally, six new ablation studies examine the individual contributions of seasonal context, mask-aware

conditioning, temporal encoding design, and future context availability for near-real-time operational applications.
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2 DIRECT architecture and implementation

We begin by introducing key notations and definitions. Let X= {x1,x2, ...xT }= {xt}Tt=1 denote a sequence of SST mea-75

surements xt ∈ RW×H , and M= {mt}Tt=1 a sequence of corresponding binary masks mt ∈ {0,1}W×H , with ones indicating

valid observations, and let ml be a constant binary mask, with zeros indicating land. Our task is to recover a sequence of dense

(gap-free) reconstructed fields {µt}Tt=1 along with per-pixel uncertainty estimates Σ= {σt}Tt=1. Here, W denotes the width

and H the height, in pixels, of the SST frame.

Reconstructing SST fields is fundamentally a spatio-temporal inference task because ocean surface temperatures evolve80

continuously under physical constraints. Consequently, measurements acquired close in time to day t are typically informative

for recovering missing values, whereas observations from more distant times tend to contribute less. Previous work (Barth

et al., 2022; Zupančič Muc et al., 2025) showed that most relevant temporal information is contained within a three-day window

centered at the target frame. Following these findings, we use observations from days t− 1, t, and t+1 when reconstructing

missing regions at time t.85

Because adjacent context frames may themselves be partially observed, we densify the temporal context by opportunistically

replacing missing pixels with observations from nearby days. For a pixel that is missing at time t−1, we use the closest available

observation from t− 2 or t− 3. Analogously, missing pixels at t+1 are filled from t+2 or t+3. The resulting filled context

frames are denoted as x
′
t−1 and x

′
t+1. To retain the temporal origin of each filled value, we associate every context frame with

a one-hot encoded mask. For the past context, Mt−1 ∈ {0,1}3×W×H encodes whether a pixel originates from day t−1, t−2,90

or t−3. For the future context, Mt+1 ∈ {0,1}3×W×H similarly encodes offsets t+1, t+2, or t+3. In both cases, a null vector

[0,0,0] denotes a pixel that remains invalid (land or persistent cloud cover) after the ∆filled = 3 day search. The central frame

is represented by a two-channel mask Mt ∈ {0,1}2×W×H , which distinguishes observed from missing (or land) pixels at time

t. We define the temporal context fields as C1t = [x
′
t−1,xt,x

′
t+1] and the corresponding masks as C2t = [Mt−1,Mt,Mt+1].

Together, these form the complete spatio-temporal context Ct = (C1t,C2t). Following good practices of prior work (Barth95

et al., 2022; Zupančič Muc et al., 2025), we additionally include the day-of-year (DoY) dt as seasonal context information.

Figure 2 shows an example of context information.

2.1 A flow-matching architecture

We frame the SST reconstruction as a conditional flow matching problem (Lipman et al., 2023), where the reconstruction

trajectory is represented as a deterministic transport from an initial simple noise distribution toward the target data distribution.100

The process involves simulating a stochastic differential equation, for which the Euler integration at iteration step k ∈ [0,1] is

x̂
(k+∆)
t = x̃

(k)
t +∆ ·vθ(x̃

(k)
t |Ct,k,dt), (1)

where ∆ is the integration step, vθ(x̃
(k)
t |Ct,k,dt) is the rectified flow network, with Ct representing the aggregated spatio-

temporal context, dt the day-of-the-year variable, and x̃
(k)
t the previous iteration reconstruction x̂

(k)
t with observed values
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Figure 2. Context information fields provided to DIRECT at input. DIRECT uses a three-day SST window C1t = [x
′
t−1,xt,x

′
t+1], with

corresponding one-hot encoded masks Mt−1 and Mt+1 indicating the temporal origin of filled pixels, and Mt marking observed versus

missing values in the central frame. Additional conditioning is provided by the day-of-year (dt) and the flow timestep k.

FUSE

Figure 3. The FUSE operation. At each integration step k, the current estimate x̂(k)
t is merged with the original observations xt. This ensures

that measured pixels remain preserved (non-corrupted) while the model updates the missing regions.

re-injected via the FUSE operation (Fig. 3), i.e.,105

x̃
(k)
t = FUSE(x̂(k)

t ) = (x̂
(k)
t ⊙ (1−mt)+xt ⊙mt)⊙ml, (2)

where ⊙ is the Hadamard (element-wise) product. By re-injecting the clean observations at every step, the learned updates of

the network vθ are restricted only to regions with missing SST values.

Figure 4 illustrates the architecture of the rectified flow networ vθ(x̃
(k)
t |Ct,k,dt). The current reconstruction state x̃

(k)
t

and the temporal SST context C1t are concatenated and projected into a feature representation through a 1× 1 convolution.110

In parallel, the temporal-origin masks C2t are independently embedded using a separate 1× 1 convolution and subsequently

added to the feature tensor. The resulting representation defines the network input y(k)
t ∈ R128×W×H . The backbone follows

the U-Net design of (Lipman et al., 2024), where the encoder progressively increases the feature dimensionality across four
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FUSE

MLP

MLP

conv

conv

Figure 4. Overview of the DIRECT architecture. The SST field x̂
(k)
t estimated at k-th iteration is accompanied by the temporal context

C1t and the time-stamp masks C2t, seasonal context dt, and the current flow iteration value k. The FUSE rectified reconstruction x̃
(k)
t is

concatenated with context frames C1t and summed with the embedded origin masks C2t to form the network input. Token e modulates the

U-Net via FiLM (Perez et al., 2018). The network output updated the initial SST estimate into x̂
(k+∆)
t by Euler integration.

resolution levels with channel widths (128, 256, 384, 512). The highest-resolution stage uses five residual blocks, while the

remaining stages use three residual blocks each. Self-attention is applied only at the lowest spatial resolution.115

Feature modulation is performed using FiLM conditioning (Perez et al., 2018). A global conditioning vector e ∈ R512 is

constructed by summing two embeddings: (i) Seasonal information is encoded from the day-of-year variable dt using its

sine-cosine representation [sin(dt
2π

365.25 ),cos(dt
2π

365.25 )], mapped through a two-layer MLP; and (ii) The current flow iteration

variable k is encoded separately using sinusoidal embeddings and an additional two-layer MLP. The resulting conditioning

token modulates feature maps throughout all residual blocks of the U-Net.120

2.2 Probabilistic reconstruction

To obtain probabilistic SST estimates, the reconstruction process is repeated N = 16 times using different Gaussian initializa-

tions in the missing regions, producing an ensemble of reconstructions S= {x̂t,n}Nn=1. Ideally, the ensemble spread should

approximate the posterior uncertainty at each pixel. However, we observed that the ensemble variance occasionally becomes

under-dispersed at isolated spatial locations. To address this effect, we model the ensemble as a mixture of Gaussians, each125

centered at ensemble member with a small constant variance σ2
0 across all pixels. The final reconstruction is thus obtained by

moment-matching the mixture with a single Gaussian, i.e.,

µt =< S> ; σ2
t = var(S)+σ2

0 , (3)

where the constant σ2
0 is estimated on the validation set (explained in the next section).
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Figure 5. First row: ground truth incomplete central day observation (xt), simulated central day observation (x′′
t ), noised initialized simulated

central day observation (x̃′′(0)
t ). Second row: mask denoting valid observations in ground truth observation (mt), sampled mask from a

different day (mm), mask denoting observed regions in the simulated central day observation (mt ⊙mm).

2.3 Training procedure130

To enable training with incomplete data, DIRECT is trained by a modified self-supervised flow-matching objective. The

training samples are created by sampling cloud masks mm from other days and applying them to the central day, yielding

x′′
t = xt ⊙mm (Fig. 5). Thus, a ground truth direction vector ut = xt − x̃

′′(0)
t is constructed from the original observed field

(xt) and the simulated observed field with missing values initialized by noise (x̃′′(0)
t ). The flow iteration variable k is sampled

at uniform from interval [0,1], leading to the following loss at field indexed by time-step t:135

Lt =
1

Nt

Nt∑

i=1

[(
vθ(x̃

(k)
t |Ct,k,dt)(i) −ut,i

)2

mt(i)

]
, (4)

where Nt = |mt| is the number of observed pixels in the ground truth SST field. Note that because complete cloud-free data is

unavailable, we cannot supervise in the originally clouded regions. As such, this simulation-based approach allows the model

to learn the underlying spatial correlations from the available data.

After training the model, the training set (or validation if available) can be reconstructed and the regularization variance σ2
0140

estimated as follows. Following (Zupančič Muc et al., 2025) we define per-pixel scaled reconstruction error as

ϵ=
xt −µt

σt
. (5)

For a well-calibrated estimator, this error should follow a unit-variance, zero-centered Gaussian, i.e., µϵ → 0 and σϵ → 1, where

µϵ and σϵ are the empirical mean and standard deviation of ϵ, calculated over the training (or validation) set. The regularization

variance σ2
0 can thus be estimated by minimizing the KL divergence (Kullback and Leibler, 1951) between the zero-mean, unit145
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Gaussian and the empirical Gaussian obtained from (5), which yields the following loss

Lσ2
0
= µ2

ϵ +σ2
ϵ − logσ2

ϵ . (6)

3 Training, Validation and Testing Data

To assess DIRECT, we adopt three datasets corresponding to Mediterranean, Adriatic and Atlantic regions. These regions were

chosen because they exhibit very diverse oceanographic regimes. Mediterranean basin contains several characteristic sub-150

basins, including regions of freshwater influence, frontal systems and regions with submesoscale and mesoscale eddy activity.

Adriatic has a shallow shelf in the north, highly influenced by local freshwater discharges, while its southern part is deeper

and exposed to Atlantic and Levantine medium waters entering through Otranto strait from the Ionian sea. Finally, the Atlantic

region is essentially an open ocean, marked by intense cyclonic activity and cloudiness. All datasets are based on level-3 (L3)

multi-sensor SST products and are provided as daily fields remapped onto uniform regular grids. For each dataset, we employ155

chronological splits to prevent temporal leakage: first 90 % of the samples are used for training, further 5 % are used for

validation (to monitor model performance and guide design choices), and final 5 % are used for testing.

1. The Mediterranean SST_MED_SST_L3S_NRT_OBSERVATIONS_010_012 (E.U. Copernicus Marine Service Infor-

mation, 2024c) dataset consists of daily SST observations over the Central Mediterranean from January 1, 2008, to

December 31, 2021, remapped to a 0.0625°× 0.0625° grid.160

2. The Adriatic SST_MED_PHY_L3S_MY_010_042 (E.U. Copernicus Marine Service Information, 2024a) dataset con-

tains daily SST fields over the Adriatic Sea from August 25, 1981, to December 31, 2022, remapped to a 0.05°× 0.05°

grid.

3. The Atlantic SST_ATL_PHY_L3S_MY_010_038 (E.U. Copernicus Marine Service Information, 2024b) dataset spans

an open-ocean region in the North Atlantic from January 1, 1982, to January 1, 2022, remapped to a 0.05°× 0.05° grid.165

Following Zupančič Muc et al. (2025), we apply a coverage threshold to the central observation in each input triplet to filter

out samples with excessive cloud cover. A sample is discarded if more than a dataset-specific percentage of the central frame

is missing: 100 % for the Mediterranean, 60 % for the Adriatic, and 75 % for the Atlantic dataset. After filtering, we obtain

5114 valid samples for the Mediterranean, 7800 for the Adriatic, and 3454 for the Atlantic dataset.

4 Results170

4.1 Performance measures

We report the Root Mean Squared Error (RMSE) calculated over three specific regions: the region with observed data (RMSEobs),

the region in which we occluded the data (RMSEmis), and the two regions combined for overall evaluation (RMSEall). While
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RMSEobs is included for completeness, it is not particularly informative: due to the FUSE rectification step (Eq. (2)), observed

pixels are replaced with their measured values at every flow integration step, leading to near-zero error. Nevertheless, note that175

many competing methods do reconstruct also this part of the data, necessarily increasing the errors also in the observed regions.

The metric of primary interest is therefore RMSEmis, which reflects the quality of reconstruction in the occluded regions.

4.2 Comparison with state-of-the-art

DIRECT is evaluated against four recent SST reconstruction approaches: DINCAE2 (Barth et al., 2022), CARE-SST (Choo

et al., 2025), MAESSTRO (Goh et al., 2024), and CRITER (Zupančič Muc et al., 2025). We follow the evaluation procedure180

introduced by Zupančič Muc et al. (2025), in which each test sample is evaluated under 10 independently sampled cloud-mask

realizations applied to the central frame. Final performance scores are obtained by averaging the reconstruction errors across

all repetitions and all samples in the test dataset.

Results in Table 1 show that across all three datasets, DIRECT achieves the lowest reconstruction error among all considered

methods. Relative to DINCAE2, DIRECT reduces RMSEmis by 52 % on the Adriatic dataset, 27 % on the Mediterranean,185

and 7 % on the Atlantic dataset. Improvements over MAESSTRO are even greater, ranging from 41 % on the Atlantic to

more than 62 % on both the Mediterranean and Adriatic datasets. Notably, because CARE-SST was originally designed for

fully-observed ground truth, we adapted its training objective to our self-supervised formulation (Sec. 2.3) to enable learning

from incomplete data. Even with this adaptation, DIRECT achieves RMSEmis by 55 % lower on the Mediterranean, 51 %

on the Adriatic, and 36 % on the Atlantic. Compared to CRITER, the strongest published baseline, DIRECT further reduces190

reconstruction error in occluded regions by 14 % on the Adriatic, 8 % on the Mediterranean, and 6 % on the Atlantic. The

quantitative improvements are also reflected in the spatial consistency of the reconstructed SST fields. Figures 6, 7, and 8 show

DIRECT and CRITER reconstruction examples from the Mediterranean, Adriatic, and Atlantic datasets, respectively. Across

the Mediterranean and Adriatic examples, DIRECT better recovers the underlying SST structure under a wide variety of cloud

shapes and coverage levels. For the Atlantic domain, where cloud cover is typically more extensive and ocean variability more195

energetic, CRITER reconstructions often exhibit visible patch artifacts, a byproduct of its patch-based processing. DIRECT

avoids such artifacts due to its fully convolutional diffusion backbone and produces more spatially consistent fields even under

extreme occlusions. For subsequent experiments, we retain CRITER as the sole baseline, since it consistently outperforms

DINCAE2 and MAESSTRO.

4.2.1 Comparison under varying cloud coverage200

To assess the robustness of DIRECT to varying levels of missing data, we evaluate reconstruction performance across three

cloud-coverage regimes, defined by the fraction of missing pixels in the central observation xt relative to all sea pixels. We

define low coverage in the interval [0 %, 60 %], moderate coverage in the interval (60 %, 75 %], and high coverage in the

interval (75 %, 100 %]. The test sets span a wide range of coverage: 8.3–99 % for the Mediterranean, 3.3–95 % for the

Adriatic, and 39–99 % for the Atlantic.205
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Table 1. Comparison of DIRECT to current state-of-the-art methods. All of the reported reconstruction errors are in °C, where the two

numbers in parentheses correspond to the 10 % and 90 % percentiles.

Dataset Model RMSEall [°C] RMSEmis [°C] RMSEobs [°C]

Mediterranean MAESSTRO (Goh et al., 2024) 0.487 (0.320, 0.657) 0.607 (0.394, 0.856) 0.434 (0.299, 0.564)

CARE-SST (Choo et al., 2025) 0.268 (0.064, 0.500) 0.518 (0.316, 0.716) 0.036 (0.034, 0.038)

DINCAE2 (Barth et al., 2022) 0.209 (0.140, 0.300) 0.319 (0.226, 0.418) 0.148 (0.112, 0.184)

CRITER (Zupančič Muc et al., 2025) 0.127 (0.037, 0.235) 0.255 (0.168, 0.352) 0.017 (0.013, 0.021)

DIRECT (ours) 0.113 (0.027, 0.211) 0.234 (0.150, 0.320) 0.000 (0.000, 0.001)

Adriatic MAESSTRO (Goh et al., 2024) 0.456 (0.296, 0.635) 0.583 (0.362, 0.844) 0.392 (0.261, 0.539)

CARE-SST (Choo et al., 2025) 0.243 (0.070, 0.404) 0.428 (0.241, 0.620) 0.036 (0.034, 0.039)

DINCAE2 (Barth et al., 2022) 0.270 (0.111, 0.522) 0.433 (0.203, 0.769) 0.106 (0.087, 0.129)

CRITER (Zupančič Muc et al., 2025) 0.130 (0.045, 0.222) 0.243 (0.140, 0.358) 0.021 (0.014, 0.030)

DIRECT (ours) 0.113 (0.029, 0.200) 0.208 (0.116, 0.312) 0.001 (0.001, 0.002)

Atlantic MAESSTRO (Goh et al., 2024) 0.802 (0.508, 1.239) 0.832 (0.514, 1.301) 0.764 (0.479, 1.137)

CARE-SST (Choo et al., 2025) 0.575 (0.336, 0.818) 0.767 (0.544, 1.009) 0.029 (0.026, 0.032)

DINCAE2 (Barth et al., 2022) 0.444 (0.332, 0.581) 0.525 (0.396, 0.692) 0.302 (0.236, 0.364)

CRITER (Zupančič Muc et al., 2025) 0.391 (0.249, 0.542) 0.518 (0.386, 0.692) 0.036 (0.019, 0.046)

DIRECT (ours) 0.363 (0.236, 0.493) 0.489 (0.370, 0.629) 0.001 (0.000, 0.002)

Figure 9 shows the reconstruction errors (RMSEall, RMSEmis, RMSEobs) for DIRECT and CRITER across the three regimes,

where, as before, RMSEobs is reported for completeness, but provides little insight due to the injection of ground truth values at

observed locations. Across all cloud-coverage levels and for all three regions, DIRECT consistently outperforms CRITER. On

the Mediterranean, RMSEmis is reduced by 8 %, 6 %, and 10 % in the low-, medium-, and high-coverage regimes, respectively.

Improvements are even greater on the Adriatic, with reductions of 16 %, 12 %, and 9 %. On the Atlantic, where occlusions are210

more extreme and the problem is inherently more challenging, smaller yet meaningful improvements of 2 %, 4 %, and 6 % are

achieved.

4.2.2 Uncertainty estimation and bias analysis

We evaluate the reliability of ensemble-based uncertainty estimates using the scaled error metric (Eq. (5)), which measures

how well the predicted uncertainties explain the actual reconstruction error. Table 2 shows that the raw ensemble without215

the per-sample uncertainty σ0 (DIRECTw.o.σ0
), underestimates uncertainty (σϵ > 1.7). This behavior reflects ensemble col-

lapse at a sparse set of pixels, where the reconstructions become overly similar and the predicted variance is therefore too

small.Incorporating the dataset-specific learned regularization constant σ0 (0.135 for Mediterranean, 0.101 for Adriatic, 0.298
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Figure 6. Comparison of DIRECT and CRITER reconstructions on the Mediterranean region. The columns show (from left to right): the

partially observed input (xt⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction

error (RMSEall). All values are in ˚C.
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Figure 7. Comparison of DIRECT and CRITER reconstructions on the Adriatic region. The columns show (from left to right): the partially

observed input (xt ⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction error

(RMSEall). All values are in ˚C.

for Atlantic) in Eq. (3) removes this underestimation, bringing σϵ close to 1.0. DIRECT therefore achieves near-ideal estima-

tion of standard deviation and bias on all three datasets. For further insights, we computed the ratio between the estimated220
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Figure 8. Comparison of DIRECT and CRITER reconstructions on the Atlantic region. The columns show (from left to right): the partially

observed input (xt ⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction error

(RMSEall). All values are in ˚C.

constant σ0 and the average total per-dataset standard deviations. Overall, σ0 accounts for 34%, 25%, and 36% of the total

variance across the Mediterranean, Adriatic, and Atlantic datasets, respectively.
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Figure 9. Reconstruction error comparison of DIRECT and CRITER under varying levels of cloud coverage (low, moderate, and high) on

the Mediterranean, Adriatic, and Atlantic datasets. The error bars indicate the 10 % percentile, mean, and the 90 % percentile of the error.

Table 2. Uncertainty estimation analysis of DINCAE2, CRITER, and DIRECT. Mean standardized error (µϵ), standard deviation (σϵ), and

bias are reported for each dataset.

Dataset Model µϵ σϵ Bias

Mediterranean DINCAE2 -0.060 0.334 -0.060

CRITER -0.022 1.116 -0.007

DIRECTw.o.σ0 -0.036 1.728 -0.003

DIRECT -0.018 1.059 -0.003

Adriatic DINCAE2 0.198 0.996 0.128

CRITER 0.041 1.082 0.007

DIRECTw.o.σ0 0.029 1.733 -0.004

DIRECT 0.018 1.018 -0.004

Atlantic DINCAE2 -0.017 0.801 -0.006

CRITER 0.118 1.156 0.047

DIRECTw.o.σ0 -0.080 1.792 -0.008

DIRECT -0.035 1.087 -0.008
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4.2.3 Power spectrum density analysis

To evaluate how well DIRECT preserves spatial variability across scales, we perform a power spectral density (PSD) analy-

sis (Stoica et al., 2005) on a region of interest (ROI) in the central Mediterranean and compare it with CRITER (Zupančič Muc225

et al., 2025). Time frames for which the ROI is fully observed are first identified, after which cloud masks are sampled, ob-

scuring between 51 % and 100 % of the ROI. Both models reconstruct the full SST field from these masked inputs. For each

reconstruction, we compute the 2D gradient magnitude ||∇µROI
t ||2 and the isotropic PSD using a FFT with a Blackman–Harris

window (Harris, 1978).

Figures 10 and 11 show that both models successfully reproduce the large-scale spectral structure of the SST field and230

interestingly exhibit nearly identical spectral energy profiles at high wavenumbers. However, care is required in interpreting

the spectral density. Notably, while CRITER appears to recover the high-frequency parts equally well as DIRECT, note that

the gradient magnitudes (Fig. 10, row 3) reveal that this is partly driven by non-physical block artifacts, a byproduct of patch-

based processing. In contrast, DIRECT’s energy profile reflects coherent, albeit slightly smoothed, oceanic structures. DIRECT

therefore provides a more physically faithful representation of the continuum, avoiding the spurious grid-like artefacts that235

inflate the PSD of patch-based baselines.

4.2.4 Analysis of spatial scale correlation

To assess the preservation of spatial structure and mesoscale variability beyond pixel-wise error, we analyze the spatial corre-

lation properties using empirical semivariograms (Georges, 1963). Semivariance is computed as

γ(d) =
1

2N(d)

∑

i,j∈P(d)

(pi − pj)
2, (7)240

where P(d) denotes the set of N(d) pixel pairs seperated by distance d, and pi is the observation value of xt at i-th pixel. For

statistical robustness, the analysis is averaged over 10 independent mask realizations sampled from the Mediterranean dataset.

As shown in Figs. 12 and 13, both models effectively capture local correlations (short lags). At intermediate to larger spatial

lags, however, clearer differences appear. In the hidden region variograms, DIRECT consistently reproduces the growth of

semivariance with distance more faithfully, while CRITER exhibits less stable long-range behavior, suggesting a struggle245

to maintain spatial coherence over large obscured gaps. When considering the full valid SST domain, the performance gap

narrows significantly. In this setting, both DIRECT and CRITER follow the ground truth semivariance almost perfectly, with

virtually no observable difference between the two models. This convergence is expected, as the calculation includes observed

pixels. The results highlight that while both models are highly reliable when observations are present, DIRECT provides a

more physically consistent spatial texture when reconstructing larger completely unobserved areas.250

4.2.5 Continuous Ranked Probability Score (CRPS)

The Continuous Ranked Probability Score (CRPS) (Matheson and Winkler, 1976) was evaluated over all, missing, and observed

pixel datasets in all three regions, and results are shown in Table 3. This provides a measure for evaluating probabilistic
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Figure 10. Power spectral density (PSD) analysis for a selected region of interest (ROI). Row 1: masked SST input, ground truth field,

and reconstructions from DIRECT and CRITER. Row 2: zoomed views of the ROI. Row 3: Gradient magnitudes ||∇µROI
t ||2 highlighting

structural differences. Row 4: Isotropic PSD computed from ROI fields using FFT with Blackman-Harris window. The displayed curves

represent the average spectral density across 10 independent mask realizations.

predictions by comparing the entire forecast distribution against the observed value. Unlike pointwise error metrics, which

assess only the mean reconstruction, the CRPS quantifies both accuracy and sharpness of the predictive distribution, making it255

well-suited for generative models such as DIRECT. All three regions in Table 3 show very low CRPSobs values (0.013–0.023),

indicating that DIRECT accurately preserves the observed pixels. Performance over the missing pixels is however the poorest

in the Atlantic region as can expected already from reconstruction errors.
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Figure 11. Power spectral density (PSD) analysis for a selected region of interest (ROI). Row 1: masked SST input, ground truth field,

and reconstructions from DIRECT and CRITER. Row 2: zoomed views of the ROI. Row 3: Gradient magnitudes ||∇µROI
t ||2 highlighting

structural differences. Row 4: Isotropic PSD computed from ROI fields using FFT with Blackman-Harris window. The displayed curves

represent the average spectral density across 10 independent mask realizations.

Table 3. Continuous Ranked Probability Score of DIRECT over the whole region, the missing region, and the observed region

Dataset CRPSall CRPSmis CRPSobs

Mediterranean 0.160 0.335 0.013

Adriatic 0.163 0.303 0.017

Atlantic 0.372 0.501 0.023
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Full region variogram

Hidden region variogram

Figure 12. Visualization of the spatial scales and correlation properties analysis. Top plot: empirical semivariograms computed exclusively

over hidden regions. Bottom plot: semivariograms computed over the full SST domain. Each curve represents the mean semivariance across

10 different mask realizations.

4.3 Ablation study

Ablation studies were performed on the Mediterranean dataset, unless stated otherwise, to observe the influences of individual260

parts.

4.3.1 Importance of input rectification (FUSE)

We study the effect of the FUSE procedure (Eq. 2) by comparing DIRECT with three ablated variants: one without inject-

ing observed SST values (DIRECTOBS), one without zeroing land pixels (DIRECTML), and one without any rectification

(DIRECTFUSE). Results in Table 4 show that completely disabling FUSE causes a large drop in reconstruction accuracy, with265

RMSEmis increased by more than 20 %. Restoring only the injection of SST values (DIRECTML) or only the masking of land

pixels (DIRECTOBS) recovers much of this loss (only a 2 % increase for both), indicating that both corrections help anchor

the generative process and prevent errors from accumulating across integration steps. The best results are obtained when both

corrections are applied, confirming that the full FUSE procedure provides complementary benefits and stabilizes the flow

integration process.270
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Full region variogram

Hidden region variogram

Figure 13. Visualization of the spatial scales and correlation properties analysis. Top plot: empirical semivariograms computed exclusively

over hidden regions. Bottom plot: semivariograms computed over the full SST domain. Each curve represents the mean semivariance across

10 different mask realizations.

Table 4. Performance of DIRECT variants. All of the reported reconstruction errors are in °C.

Variant RMSEall RMSEmis RMSEobs

DIRECTOBS 0.115 0.237 0.011

DIRECTML 0.115 0.239 0.000

DIRECTFUSE 0.222 0.295 0.181

DIRECT 0.113 0.234 0.000

4.3.2 Importance of seasonal context

Like DINCAE2 (Barth et al., 2022) and CRITER (Zupančič Muc et al., 2025), DIRECT incorporates seasonal context through

the sine and cosine of the day-of-year dt, which encode the annual cycle. To evaluate the contribution of this information,

we trained a variant DIRECTDoY that excludes DoY embeddings. As shown in Table 5, removing seasonal context increases
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Table 5. Performance of DIRECT and DIRECTDoY, which is without the day-of-year information. All of the reported reconstruction errors

are in °C.

Variant RMSEall RMSEmis RMSEobs

DIRECTDoY 0.121 0.242 0.000

DIRECT 0.113 0.234 0.000

Table 6. Performance of DIRECT and DIRECTMASK, which does not utilize one hot encoded masks. All of the reported reconstruction errors

are in °C.

Variant RMSEall RMSEmis RMSEobs

DIRECTMASKS 0.120 0.240 0.001

DIRECT 0.113 0.234 0.000

RMSEmis from 0.234 to 0.242, corresponding to a relative degradation of about 3 %. Although the effect is modest, this275

indicates that DoY features provide some useful information.

4.3.3 Influence of mask-aware conditioning

DIRECT incorporates one-hot encoded masks that distinguish between observed pixels, filled pixels originating from tempo-

rally shifted frames, and missing or land pixels. To evaluate the importance of these masks, we trained a variant DIRECTMASK

that excludes all mask information. As shown in Table 6, removing mask-aware conditioning increases RMSEmis from 0.234280

to 0.240, a relative degradation of about 3 %. Although the effect is modest, the masks provide a consistent benefit by guiding

the model to focus on reliable inputs.

4.3.4 One-hot encoding vs. offset masks

In the default DIRECT formulation, temporal origins of filled pixels are encoded using one-hot masks with three channels per

auxiliary frame. As an alternative, we evaluate DIRECTOFFSETS, which replaces the one-hot representation with a single binary285

mask and an integer offset map that encodes the temporal origin directly: −1, −2, and −3 indicate pixels sourced from t− 1,

t− 2, and t− 3, respectively, while a value of 0 marks missing or invalid pixels. The offset map for the future frame (t+1) is

constructed in the same way, with values +1, +2, and +3. Table 7 confirms that both approaches perform similarly, with the

one-hot representation giving a slight edge (less than 1 %). This suggests that compressed offset maps are a viable alternative

when reducing input channels is desirable.290
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Table 7. Performance of DIRECT and DIRECTOFFSETS. All of the reported reconstruction errors are in °C.

Variant RMSEall RMSEmis RMSEobs

DIRECTOFFSETS 0.115 0.236 0.000

DIRECT 0.113 0.234 0.000

Table 8. Performance impact of ensemble size N on reconstruction accuracy. All of the reported reconstruction errors are in °C.

Ensemble size N RMSEall RMSEmis RMSEobs

N = 1 0.148 0.307 0.000

N = 4 0.125 0.251 0.000

N = 8 0.118 0.241 0.000

N = 16 0.113 0.234 0.000

N = 32 0.113 0.234 0.000

CRITER 0.127 0.255 0.017

4.3.5 Influence of reconstruction ensemble size

Because DIRECT is a generative model, multiple reconstructions can be sampled for a single input by varying the initial noise

seed. As per Section 2.2, these samples are averaged to produce the final reconstruction. Table 8 shows that averaging just

N = 4 reconstructions already reduces RMSEmis by 18 % compared to N = 1, and crucially, this already outperforms the

deterministic state-of-the-art CRITER. Our default N = 16 yields a 23 % improvement compared to N = 1. Although larger295

ensembles (e.g. N = 32) are comparable with our default, they also increase inference time, making 16 samples practical and

effective.

Figure 14 illustrates the ensemble characteristics. The mean field provides a stable and accurate reconstruction, while the

per-pixel standard deviation captures uncertainty in obscured regions. The residuals ∆n = µt− x̂t,n (Rows 2–4) highlight the

diverse high-frequency fluctuations present in individual samples.300

4.3.6 Influence of multi-pass reconstruction

We evaluated a multi-pass inference strategy to test whether iteratively refining the temporal context improves the final re-

construction. In the default single-pass formulation (DIRECT1), missing measurements in the temporal context (days t− 1

and t+1) are opportunistically filled using the closest available observations. In the multi-pass formulation (DIRECTNp
),

we attempt to improve the central day’s estimate by running the reconstruction of the entire time-series in multiple passes,305

substituting the missing values in the context days with the model’s own predictions from the previous pass.
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Figure 14. A visualization of a reconstruction ensemble. The first row shows the masked input, the ensemble mean (µt) and the per-pixel

uncertainty (σt). Rows 2–4 visualize the residual fields µt − x̂t,n for nine independent samples, illustrating the high-frequency structural

diversity.

However, as summarized in Table 9, the two-pass strategy (DIRECT2) yields performance comparable to, or slightly worse

than, the single-pass baseline (DIRECT1) across all datasets. In the Mediterranean and Adriatic regions, the reconstruction error

in missing regions (RMSEmis) increases slightly from 0.234 to 0.235 and from 0.208 to 0.211, respectively. On the Atlantic

dataset—which is characterized by persistent, large-scale cloud cover—the error increases from 0.489 to 0.498.310

These results indicate that substituting the initial fallback context with the model’s own first-pass estimates propagates

reconstruction uncertainties and errors rather than providing a cleaner conditioning signal.

4.3.7 Influence of future temporal context

In our default formulation, DIRECT utilizes a temporal context spanning both past and future observations (t− 1 and t+

1) to reconstruct the central day t. This bidirectional approach is standard for historical gap-filling tasks, as it allows the315

model to smoothly interpolate the evolution of ocean dynamics. However, for Near Real-Time (NRT) operational settings,
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Table 9. Influence of the multi-pass strategy (DIRECT2), compared to the single-pass (DIRECT1) and CRITER. All reported reconstruction

errors are in ◦C.

Dataset Model RMSEall RMSEmis RMSEobs

Medite- DIRECT1 0.113 0.234 0.000

rranean DIRECT2 0.113 0.235 0.001

CRITER 0.127 0.255 0.017

Adriatic DIRECT1 0.113 0.208 0.001

DIRECT2 0.113 0.211 0.001

CRITER 0.130 0.243 0.021

Atlantic DIRECT1 0.363 0.489 0.001

DIRECT2 0.375 0.498 0.001

CRITER 0.391 0.518 0.036

future observations are strictly unavailable. To evaluate DIRECT’s viability in such scenarios, we trained a past-only variant

(DIRECTpast) that conditions the network solely on the preceding frame (t− 1) and the central frame (t).

Table 10 compares DIRECTpast against the default DIRECT. As expected, removing the future context leads to a slight

degradation in performance compared to the default model. In the Mediterranean and Adriatic regions, the reconstruction error320

in missing regions (RMSEmis) increases from 0.234 to 0.241, and from 0.208 to 0.227, respectively. On the Atlantic dataset,

performance remains unchanged. This confirms that future information naturally aids the model in accurately resolving the

temporal evolution of highly dynamic ocean events.

Crucially, despite lacking future temporal anchoring, DIRECTpast still consistently outperforms the state-of-the-art CRITER

across all three regions. This demonstrates that DIRECT’s generative prior and observation-guided rectification remain highly325

effective even under strict constraints, making the architecture highly suitable for daily operational NRT applications.

5 Conclusion

We presented DIRECT, a diffusion-inspired generative model for reconstructing dense SST fields from partially observed satel-

lite measurements. By formulating SST gap-filling as a conditional flow-matching task, DIRECT departs from deterministic

reconstruction and instead produces an ensemble of physically plausible realizations, enabling both accurate reconstructions330

and spatially resolved uncertainty estimation. The model combines temporal context, seasonal conditioning, and observation-

guided rectification within a single end-to-end framework. Experimental results across Mediterranean, Adriatic, and Atlantic

datasets show that DIRECT consistently outperforms current state-of-the-art methods, reducing reconstruction error in oc-

cluded regions by 6–14 % relative to the strongest existing method (CRITER (Zupančič Muc et al., 2025)) and by up to
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Table 10. Influence of future temporal context. The past-only variant (DIRECTpast) is compared to the default model (DIRECT) and the

CRITER baseline. All reported reconstruction errors are in ◦C.

Dataset Model RMSEall RMSEmis RMSEobs

Medite- DIRECT 0.113 0.234 0.000

rranean DIRECTpast 0.117 0.241 0.001

CRITER 0.127 0.255 0.017

Adriatic DIRECT 0.113 0.208 0.001

DIRECTpast 0.120 0.227 0.002

CRITER 0.130 0.243 0.021

Atlantic DIRECT 0.363 0.489 0.001

DIRECTpast 0.369 0.489 0.002

CRITER 0.391 0.518 0.036

62 % compared to other recent methods, while better preserving mesoscale spatial structure and producing well-calibrated335

uncertainty estimates.

However, while the ensemble mean provides a stable and accurate estimate, the averaging process inherently acts as a low-

pass filter and attenuates some of the high-frequency details present in individual generative samples. Future work could focus

on improving the fidelity of single-sample reconstructions. In addition, although the current post-hoc uncertainty calibration

effectively corrects under-dispersion, incorporating this objective directly into training through a proper scoring-rule loss may340

produce sharper uncertainty estimates. Finally, extending the DIRECT architecture to multivariate oceanographic data repre-

sents a promising direction toward a more holistic, physically-constrained generative model.

Code and data availability. Implementation of DIRECT and the code to train and evaluate the model are available in the GitHub repos-

itory: https://github.com/G-Rovscek/DIRECT. We also include DIRECT weights pretrained on the Mediterranean, Adriatic and Atlantic

datasets. The persistent version of our GitHub repository containing code under the MIT licence is available at https://doi.org/10.5281/345

zenodo.18875310 (Rovscek, 2026). All three used datasets can be found at https://doi.org/10.5281/zenodo.13923189 (Zupancic Muc et al.,

2024).

Appendix A: Additional qualitative comparison figures

This section presents additional reconstruction figures obtained with DIRECT and CRITER (Zupančič Muc et al., 2025). A

more detailed discussion can be found in Section 4.2.350
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Figure A1. Comparison of DIRECT and CRITER reconstructions on the Mediterranean region. The columns show (from left to right): the

partially observed input (xt⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction

error (RMSEall). All values are in ˚C.
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Figure A2. Comparison of DIRECT and CRITER reconstructions on the Adriatic region. The columns show (from left to right): the partially

observed input (xt ⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction error

(RMSEall). All values are in ˚C.
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Figure A3. Comparison of DIRECT and CRITER reconstructions on the Atlantic region. The columns show (from left to right): the partially

observed input (xt ⊙mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute reconstruction error

(RMSEall). All values are in ˚C.
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