Neural Spatiotemporal Interpolation:

A Scalable Deep Learning Framework for Filling
Gaps in GNSS-R Soil Moisture Data
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Figure 1: Neural Spatiotemporal Interpolation (NSTI) uses deep learning to fill spatiotemporal gaps in daily CyGNSS soil moisture data. The left panel shows the original datacube of CyGNSS-derived observations, binned daily at 9 km
resolution. The right panel shows the same datacube after gap-filling with NSTI. The bottom plots display the soil moisture time series at an arbitrarily chosen pixel, illustrating the improved temporal continuity provided by NSTI.

Introduction Results
e Global Navigation Satellite System Reflectometry (GNSS-R) satellite missions, such as e We evaluated NSTI using CyGNSS SM data binned at daily intervals and 9 km pixels,
NASA’s CyGNSS and ESA’s upcoming HydroGNSS, provide a cost-effective fallback as measuring the RMSE on holdout test data and benchmarking i1t against the state-of-the-art
flagship soi1l moisture missions like SMAP and SMOS near decomissioning. POBI method. NSTI achieved comparable interpolation performance to that of POBI

while requiring two orders of magnitude fewer parameters due to its unified,
pixel-agnostic model architecture (Figure 3). A visual inspection further illustrates NSTI’s
ability to reconstruct coherent soil moisture fields from sparse input data (Figure 1).

e GNSS-R SM datas suffer from significant spatiotemporal data gaps (Figure 1). With
spatiotemporal interpolation methods, those gaps can be filled by leveraging historical
patterns 1in nearby observations across both space and time.

, , | | e Notably, NSTI’s location-agnostic design enables generalization to regions without long
¢ The state-of-the-art method, POBI [1], uses a large collection of pixel-specific linear pre-existing data records. Once HydroGNSS launches, a NSTI model trained on CyGNSS

regression models. While effective, it requires a long data record at each pixel and could be rapidly adapted to the HydroGNSS data domain via transfer learning,
demands substantial storage space. including extra-tropical regions which will be covered by HydroGNSS but for which there 1s

e To address these limitations, we introduce Neural Spatiotemporal Interpolation (NSTI) [2], no existing CyGNSS data record.

a deep learning approach that simultaneously captures the overall physical dynamics of SM

and regional variability, enabling accurate and transferable interpolation across the full Pixelwise RMSE on Test Model Size to scale
spatiotemporal domain with a compact and unified model. B P NP
i - 0.05
Methods
-0.04
Input DC (2 satellites) Output DC (8 satellites)
=0.03
Input Vector
Ancillary Data -0.02
: :
Spatiotemporal Data Volume Query cells of interest
- 0.01
§ OUtpUt veeler Extract input Extract
m =~ Data volumes output values
) S = = ,, [ 0.00
E > é _»‘%'_» O L L value Build input Build output (b)
G E (M3m?) vectors vectors
o) 2
3 _ Train/Test/Val Solit Method | RMSE | Number of Model | Number of Model Parameters,
L
| Parameters, Total Order of Magnitude
Model Training/Testing y T
" POBI | 0.018894 226,498,320 10%
Validation agaEnstexternaISM NSTI 0 018156 2 581 15‘} 106
products L : 't 7 .
(C)
(a) (b)

Figure 3: Comparison between interpolation performances of NSTI and POBI on 9 km daily CyGNSS SM
data. (a) RMSE on the test set, with NSTI achieving slightly lower interpolation error. (b) Relative model size by
number of trainable parameters. NSTI 1s around 100x more compact. (¢) Numerical summary of accuracy and
model complexity for both methods.

Figure 2: (a) To predict missing soil moisture values, NSTI uses artificial neural networks that take as input a

sparse spatiotemporal data volume, along with optional ancillary data. (b) To create training samples with known
target values, we simulate spatiotemporal gaps by masking observations from a subset of the CyGNSS constellation.

e We frame GNSS-R soil moisture gap-filling as a supervised regression task, where the soil Conclusion
moisture each empty datacube cell can be predicted from its surrounding spatiotemporal
neighborhood. NSTI tackles this problem with a single deep learning model applicable NSTI provides a compact, generalizable solution for interpolating GNSS-R soil
across all pixels, leveraging both global and local SM patterns (Figure 2). moisture data, achieving performance on par with the state-of-the-art while

dramatically reducing model size. Its unified architecture enables application in

e Training data was derived from CyGNSS SM retrievals described in [3]. Input/output pairs data-sparse regions and rapid adaptation to new missions like HydroGNSS, making
were created by temporarily masking data collected by some satellites of the CyGNSS it a promising tool for future global soil moisture monitoring efforts.
constellation, thus simulating missing data with known ground truth values.
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