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ABSTRACT : CLOUD COVER REMAINS A PRIMARY OBSTACLE FOR OPERATIONAL SENTINEL-2 MONITORING, PARTICULARLY IN MULTI-SEASONAL AGRICULTURAL
APPLICATIONS. THIS STUDY PROPOSES A MULTIMODAL CLOUD REMOVAL FRAMEWORK LEVERAGING SENTINEL-1 SYNTHETIC APERTURE RADAR (SAR) DATA THROUGH
A MODIFIED 5-CHANNEL Pix2Pix ARcHITECTURE. WE INTRODUCE AN AUTOMATED DATA CURATION PIPELINE THAT ADAPTIVELY FILTERS TRIPLETS BASED ON SEASONAL
CONTRAST THRESHOLDS, RESULTING IN A HIGH-QUALITY DATASET OF 4,464 sampLes. OUR RESULTS DEMONSTRATE THAT EARLY FUSION OF SAR VV/VH anp
cLouny RGB CHANNELS ALLOWS THE MODEL TO RECONSTRUCT FINE-SCALE STRUCTURAL FEATURES, SUCH AS URBAN GRIDS AND AGRICULTURAL FIELD LAYOUTS, WITH
A PSNR orF 27.18 pB anp AN SSIM oF 0.791. QUALITATIVE ANALYSIS CONFIRMS THE MODEL'S ROBUSTNESS IN TRANSLATING SAR GEOMETRIES INTO REALISTIC
OPTICAL TEXTURES ACROSS BOTH SUMMER AND WINTER LANDSCAPES. THIS RESEARCH PROVIDES A SCALABLE SOLUTION FOR CONTINUOUS EARTH OBSERVATION,
ENSURING THAT DATA GAPS CAUSED BY ATMOSPHERIC INTERFERENCE NO LONGER HINDER OPERATIONAL MONITORING.
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1. Introduction

Optical satellite imagery, particularly from the ESA Sentinel-2 mission, has revolutionized global Earth
observation. However, its operational use is severely hindered by cloud cover, which affects
approximately 60% of the Earth’s surface at any given time. This atmospheric interference creates
significant data gaps, making continuous time-series analysis challenging for applications such as
precision agriculture or disaster management.

To overcome this limitation, Synthetic Aperture Radar (SAR) data from Sentinel-1 offers a viable
alternative. SAR sensors operate in the microwave spectrum, allowing them to penetrate clouds and
acquire data regardless of illumination or weather conditions. Despite this advantage, SAR imagery is
difficult to interpret due to speckle noise and its fundamentally different physical interaction with the
terrain compared to optical reflectance.

Recent advances in Conditional Generative Adversarial Networks (cGANs), specifically the Pix2Pix
architecture (lsola et al., 2017), have shown great promise in “translating” images between domains.
By treating cloud removal as an image-to-image translation problem, we can train a model to
synthesize cloud-free optical patches from SAR inputs.

In this study, we implement an early fusion approach using 5-channel inputs (SAR VV/VH
polarizations combined with cloudy RGB channels). Unlike single-season models, our work utilizes a
multi-seasonal dataset from SEN12MS (Schmitt et al., 2019), including both summer and winter
acquisitions. This integration aims to improve the model’s robustness against seasonal phenological
changes, such as vegetation cycles and snow cover.

The objective of this paper is to demonstrate that a rigorous automated data cleaning pipeline
combined with a multimodal GAN can effectively reconstruct fine-scale ground features (urban and
agricultural) even under dense cloud layers.
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2. Materials and Methods
2.1. Dataset and seasonal variability

The dataset used in this study is derived from SEN12MS (Schmitt et al., 2019), a large-scale collection
of synchronized Sentinel-1 (SAR) and Sentinel-2 (optical) patches. To enhance the model’s ability to
generalize across different environmental conditions, we curated a muti-seasonal subset comprising
both summer and winter acquisitions. The inclusion of winter data is particularly significant as it
introduces diverse phenological states, such as senescent vegetation, bare soils, and occasional snow
cover, which differ drastically from the dense green canopies of summer. By training on this
combined dataset, the model is forced to decouple structural information (from SAR) from seasonal
spectral signatures (from optical).

2.2.  Dataset and seasonal variability

A critical contribution of this work lies in the development of a custom automated quality control
pipeline (clean_dataset.py). Raw satellite datasets often contain corrupted tiles, sensor artefacts, or
non-informative samples (e.g., open ocean or cloud-saturated pixels) that can destabilize GAN
training.

We implemented a two-stage filtering process based on statistical properties :

1. SAR validation : Samples were rejected if the standard deviation (0) was below 0.0001 or the
maximum pixel value was below 0.001. This effectively removed “dead” pixels and areas with
no backscatter variance.

2. Optical validation : To ensure the presence of reconstructible features, we enforced a
threshold on the mean RGB standard deviation. While a strict threshold (o > 10) was used for
summer data, it was adjusted to 0 > 3 for winter data to account for the naturally lower
contrast of snow-covered or dormant landscapes without including corrupted “flat” images.

The final curated dataset consists of 4,069 summer triplets and 395 winter triplets, totaling 4,464
high-quality samples. The dual-stage filtering logic, illustrated in Figure 1, ensures that the GAN
learns from geophysically meaningful textures rather than sensor noise or uninformative 'flat'
imagery.
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Automated data curation pipeline
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Figure 1 : Automated data curation and quality control pipeline. The flowchart illustrates the statistical filtering logic used
to refine the dataset. Triplets are evaluated based on their standard deviation (G); samples failing the SAR threshold (o <
0.0001) or the seasonally-adjusted optical contrast test (0 < 10 for summer, 0 < 3 for winter) are discarded to ensure
training stability.

2.3. Model architecture : 5-channel multimodal Pix2Pix

The core of our translation framework is based on the Conditional Adversarial Network (cGAN)
architecture, specifically the Pix2Pix model (Isola et al., 2017). However, we modified the standard
3-channel input to a 5-channel early fusion configuration.

® Generator (U-Net) : The generator uses a U-Net based architecture consisting of an
encoder-decoder structure with skip connections. These connections are vital in remote
sensing as they shuttle low-level structural information (such as urban geometrics and field
boundaries from the SAR signal) directly to the decoding layers, bypassing the bottleneck.
The input tensor [256 x 256 x 5] concatenates Sentinel-1 VV/VH polarizations with the cloudy
Sentinel-2 RGB channels.

e Discriminator (PatchGAN) : We employed a 70 x 70 PatchGAN discriminator. Instead of
classifying the entire image as real or fake, the discriminator looks at local patches. This
encourages the generator to produce high-frequency textures, effectively reducing the
"blurring" effect common in L1-only optimization. The discriminator receives an 8-channel
input : the 5-channel source (S1 + S2 cloudy) concatenated with the 3-channel output (either
the real clear S2 or the synthesized fake S2).

Our architecture leverages an early fusion strategy by concatenating SAR and optical channels into a

single 5-channel input tensor, as shown in Figure 2. This structure allows the model to utilize SAR
structural information as a geometric guide for the optical reconstruction.
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Neural network architecture for satellite image translation : SAR/Cloudy optical to clear optical
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Figure 2 : Proposed 5-channel multimodal Pix2Pix architecture. Overview of the modified GAN framework. The generator
uses a 5-channel early fusion input (VV, VH, R, G, B) to preserve structural geometries via skip connections. The
discriminator is a 70 x 70 PatchGAN that outputs a 30 x 30 prediction grid, enforcing local texture realism.

2.4. Training protocol and Loss function

The objective function of the network follows the cGAN formulation combined with an L1
regularization term to ensure spatial consistency :

G* = arg mCi;n max L.aan(G, D)+AL11(G)

Training was conducted on an NVIDIA RTX 3080 GPU using Automatic Mixed Precision (AMP) to
optimize VRAM usage and accelerate computation. We used the Adam optimizer with a learning rate
of 2 x 10 and momentum parameters B = 0.5, B, = 0.999. The model was trained for 200 epochs
with a batch size of 16. Data augmentation, including random horizontal and vertical flips, was
applied to the training set to prevent overfitting. This was particularly critical given the smaller size of
the winter subset (395 samples compared to 4,069 for summer), as it allowed the model to see a
greater variety of orientations for the same dormant landscapes, thereby improving its generalization
capabilities.
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3. Results and discussion
3.1. Training convergence and quantitative evaluation

The proposed model was trained for 200 epochs, reaching a stable equilibrium between the
generator and discriminator losses. The integration of the L1 regularization term (A = 100) proved
critical in maintaining spatial consistency throughout the translation process.

To assess the reconstruction quality, we utilized two standard computer vision metrics : Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM). The quantitative results are

summarized below :

® PSNR : The model achieved an average score of 27.18 dB on the validation set. This relatively
high value indicates that the synthesized images maintain a low pixel-wise error compared to
the ground truth Sentinel-2 clear imagery.

e SSIM : A score of 0.791 was obtained, demonstrating that the structural information
specifically urban boundaries and agricultural field layouts is successfully preserved. This
confirms the effectiveness of the U-Net skip connections in transferring SAR-derived
geometries to the optical output.
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Figure 3 : Quantitative training and validation performances. (A) Adversarial Loss evolution showing the competitive
equilibrium between Generator and Discriminator. (B) Generator L1 Loss (MAE) highlighting the convergence of pixel-wise
geographical reconstruction. (C) Validation metrics (PSNR and SSIM) computed every 2 epochs, illustrating the steady
improvement in image fidelity and structural consistency.

The quantitative evolution of the training process is detailed in Figure 3. As observed in the loss
curves (Fig. 3A and 3B), the model exhibits a rapid initial convergence of the L1 term, followed by a
stabilization of the adversarial loss, confirming a healthy GAN training dynamic without mode
collapse.

The validation metrics (Fig. 3C) corroborate this progress: the PSNR gradually increases to reach
27.18 dB, while the SSIM stabilizes around 0.791. The synchronization between the decrease in L1
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loss and the increase in SSIM demonstrates that the model effectively learns to use SAR geometries
to reconstruct valid optical structures, rather than merely producing 'hallucinated' textures.

3.2.  Training convergence and quantitative evaluation

The visual inspection of the synthesized patches (Figure 4) reveals the model's ability to "see
through" dense cloud cover. While the original Sentinel-2 cloudy inputs are completely opaque in the
visible spectrum, the 5-channel early fusion approach allows the network to use SAR backscatter as a
structural guide. In urban areas, the 70 x 70 PatchGAN discriminator effectively enforces local
realism, preventing the "blurring" typically associated with pure L1 optimization. Even in winter
samples, where the spectral contrast is naturally lower, the model successfully reconstructs the
ground features by decoupling the seasonal signatures from the permanent topographic structures.
The qualitative performance of the model is illustrated in Figure 4. By comparing the synthesized
outputs with the ground truth clear imagery, it is evident that the early fusion of SAR data provides a
reliable geometric backbone, allowing the generator to reconstruct missing optical information with
high spatial precision.
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Figure 4 : Qualitative cloud removal results on the validation set (Epoch 200). From left to right: (a) Sentinel-1 SAR input
(WV), (b) Sentinel-2 cloudy input, (c) Synthesized cloud-free output (Al prediction), and (d) Sentinel-2 ground truth. The
model effectively reconstructs urban geometries (line 2) and complex topography (line 3) by using SAR as a structural guide.
The bottom row (winter sample) demonstrates the model's robustness to seasonal spectral variations.

As shown in Figure 4, the model demonstrates high fidelity in reconstructing various landscapes. The
second row highlights the preservation of linear features (roads and urban grids) even when the
optical input is obscured by haze. Most importantly, the fourth row (winter sample) confirms that the
model successfully decouples the permanent land structure from the seasonal phenology. Although
extreme snow cover is not present in this specific set, the accurate reconstruction of the dormant
vegetation's brown tones proves that the seasonally-adjusted thresholds in our curation pipeline
(Section 2.2) effectively preserved the necessary spectral diversity for robust multi-seasonal learning.
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4, Conclusion

This study demonstrates the effectiveness of multimodal SAR-optical fusion for cloud removal in
Sentinel-2 imagery using a conditional GAN framework. By implementing a 5-channel early fusion
architecture and an adaptive multi-seasonal data curation pipeline, we successfully reconstructed
cloud-covered regions with high structural fidelity (SSIM: 0.791) and spectral accuracy (PSNR: 27.18
dB).

Our findings highlight that while SAR backscatter provides a robust geometric backbone, the
integration of seasonal contrast thresholds is essential for training stability in varied environments.
This research provides a scalable solution for continuous Earth observation, ensuring that data gaps
caused by atmospheric interference no longer hinder operational monitoring in critical fields such as
precision agriculture and environmental management.
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