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1. Summary
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What does this study proposes? : Jo S B S ]
A probabilistic, physics-aware denoising diffusion model to estimate soil moisture Belefoungou-Mid % ?ﬁ“:llg;ﬂ;?i;fﬁgg transport behaviour
at subsurface depths using only surface moisture measurements. - T
Core of the study: Integrates smoothness and curvature regularization terms
: : . 4 : : : : :  Predict subsurface soil moisture (10-40 cm) * Multi-depth soil moisture time series
1nsp1red by Fickian diffusion the()ry as weak thSlCS to gU.ldG the learnmg PToOCEss, i_ | = * Conditioned on surface moisture (5 cm) * Chronological split (70% train, 30% test)
without reqUiring eXpliCit or Site-SPCCiﬁC physical parameters. N ;  Multi-output conditional generative framework * Prevent seasonal leakage
Study sites: 20 global ISMN (International Soi1l Moisture Network) sites spanning .
six distinct Koppen-Geiger climate classes. e | | o« @: 3

. . ) w o) : * o Add Gaussian noise progressively 0 * Minimize MSE b/w predicted & true noise * Adam optimizer with adaptive learning
Dataset: Model 1s trained and evaluated at 10, 20 and 40 cm depths using 5 cm , « Convert data — 1sotropic Gaussian  Learns to denoise a noisy input « Backpropagation of combined gradients
data with hourly observations. S ) 2" | | 2 f e - » Model learns from single-step noise corruption at each timestep e Stabilize training
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Highlight: Model validation at high-resolution African stations with 10-min data. 2im a8 .
1 AM'I\\'/IT‘Z%E; & N s , e |_>¢ =% ) Physics-Informed Regularization @
ResearCh Que Sti()nSZ g I(\:/lTAZSMTD'\‘:'v'\L . h i V(—l . Ad(?pt DDPM — « Smoothness: first order penalty difference \_/ * Multiple stocha§tic realizat.ions
4. NAQU: Dwc * Train a Neural Network * Curvature: second order penalty difference  Capture prediction uncertainty
* Can a purely data-driven model, augmented with physics-inspired regularization, O| > NGARI: ) i * Denoise corrupted true signal based on Fick's second law - Compute mean and spread
OF-6. . z

generalize across diverse hydro-climatic conditions? L: T:Vfo':TE' l | E Denoising Network Both terms fixed globally to 0.1
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Noisy input + timestep + SM (5cm)
to predict original noise

v

Reconstruction of clean data
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* How does the ensemble size affect the stability and reliability of predictions?

* What 1s the sensitivity of the model to input uncertainty?

» Can the model maintain predictive performance when applied to high-frequency
input data?

Avoids site-specific tuning & g_l‘|£0 (® Model Evaluation
<
n

maintains the domain-agnostic .
L & N BiJ Lg « RMSE, nRMSE, R, Bias
character of the framewor .
W * Depth-wise performance assessment

* Evaluate accuracy and consistency
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4. Results 5. Conclusions

4.1. Model performance 4.4. Performance at different N at 10 cm

4.3. Stochastic Robustness Analysis ® Model performance: R? ranges from 0.91 to 0.99
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4.2. Comparison with Benchmark | e 16 e selm ste1n e 2 perturbations, while deeper layer remain comparatively resilient.
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