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MODIS’ retirement threatens a 25-year climate record VIIRS is the successor, but not a plug-and-play replacement

METHOD

Fig. 2. MODIS vs VIIRS Blue/Green time-series showing location-dependent bias

Fig. 1. multi-mission timeline of MODIS and VIIRS satellites

The MODIS science data collection is scheduled to cease by 20261

Maintains continuity across satellite missions Direct Downstream CompatibilityEliminates Gap-Filling processing steps

Our model performs time-aware bidirectional 
translation between MODIS and VIIRS to maintain 
time-series continuity.

Imputes missing sensor data at comparable 
performance with standard gap-filling 
methods

Allows models trained on long-term 
MODIS data to be used after transition 
to VIIRS, without retraining.

We sample from daily paired MODIS and VIIRS reflectances 
and create a dataset of 40,000 globally stratified pixels from 
2012 to 2023.
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The CRPS loss is evaluated only at time steps with good quality 
observations.

Training Objective

Fig. 3. Overview of SatFuseNet’s architecture

Model Architecture

Fig. 4. Scatter plot of Predicted vs Observed MODIS reflectances.

Predictions closely match MODIS observations, and ΔNSE 
is consistently positive across all bands, indicating clear 
improvement over the MLP baseline.

Fig. 5. Distribution of ΔNSE (ours − MLP) across MODIS bands; 
positive values indicate improved performance over the baseline.

Fig. 6. Distribution of ΔRMSE (ours - standard) for reconstructed MODIS 
bands. 

Reconstructs missing observations at performance 
levels comparable to standard gapfilling methods across 
MODIS bands.

Fig. 7. CDF of RMSE for reconstructed MODIS observations.

A GPP model trained on MODIS inputs was evaluated under three test-time 
scenarios: 
● using MODIS inputs (reference), 
● replacing MODIS with VIIRS directly, 
● replacing MODIS with synthetic MODIS generated from VIIRS. 

This tests whether MODIS-trained models remain usable after transition to 
VIIRS without retraining/fine-tuning. 

Fig. 8. Difference in downstream GPP prediction RMSD relative to the reference 
model’s

Our model’s outputs allows models and downstream workflows 
trained on the long MODIS record to remain usable after 
transition to VIIRS as plug-and-play, with performance 
remaining substantially close to the original MODIS reference.
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