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ntegrating remote sensing with process-based ecosystem models enables robust, spatially 

explicit estimation of forest carbon fluxes (GPP, Respiration, NEE, and biomass change) 

across scales and through time. This integration leverages the synoptic, repeated coverage of 

satellite sensors (canopy structure, phenology, disturbance) and the mechanistic 

representation of carbon–water–energy processes in biosphere models. Here we synthesize 

common approaches for coupling remote sensing with process models, describe data-

assimilation and machine-learning hybrid strategies, outline validation and uncertainty 

frameworks, and provide a recommended workflow for operational spatiotemporal carbon 

flux modeling. 

Key concepts and quantities 
 GPP = Gross Primary Productivity (photosynthetic carbon uptake) 

 Ra, Rh = Autotrophic and heterotrophic respiration 

 NEP / NEE = Net Ecosystem Production / Net Ecosystem Exchange (NEE = GPP − 

Reco) 

 AGB = Above-ground biomass; BGB = Below-ground biomass 

 Carbon fluxes vary across time (hourly → interannual) and space (plot → landscape → 

regional/global) driven by climate, phenology, structure, and disturbance. 

Remote sensing inputs (what to use and why) 
 Optical multispectral (Landsat, Sentinel-2, MODIS) — phenology, LAI/FPAR, 

vegetation indices (NDVI, EVI). Useful for temporal dynamics and landcover change. 

 LiDAR (GEDI, ICESat-2, airborne LiDAR) — canopy height, canopy vertical 

structure → biomass and height-linked allometry. 

 SAR (Sentinel-1, ALOS PALSAR) — structure and moisture; P-/L-band (future 

missions/airborne) for dense forest biomass. 

 Thermal (MODIS, Landsat TIRS) — land surface temperature for stress and respiration 

drivers. 

 Flux towers (FLUXNET) — in-situ half-hourly GPP/NEE for calibration/validation and 

model benchmarking. 

 Gridded climate (ERA5, PRISM, CRU, local meteorological networks) — drivers for 

process models (radiation, T, precipitation, VPD). 

 Disturbance products / landcover maps — logging, fire, harvest, land-use change for 

dynamic carbon accounting. 
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Process-based models commonly used 
 Biome-BGC / 3D-CASA / CENTURY / DAYCENT — carbon and nutrient cycling, 

soil pools. 

 LPJ-GUESS, ORCHIDEE, ED2 — demographic/size-structured models that represent 

competition and patch dynamics. 

 SiB, CLM, JULES — land surface models with coupled biophysical fluxes suited for 

Earth-system contexts. 

Choose model complexity to match data: simple bucket-type models for large regional runs; 

demographic models where successional dynamics and disturbance matter. 

Integration strategies (overview) 
A. Parameter-constraint (static) 

Use remote sensing to derive or update model parameters (e.g., PFT-specific LAImax, 

canopy height → allometry → wood density) before running the model. 

B. Forcing (dynamic) 

Drive the model with remotely sensed time-series variables (LAI, FPAR, albedo, landcover 

change) replacing or augmenting model prognostic variables. 

C. Hybrid/Emulator 

Train machine-learning emulators of process models (or ML models that ingest RS + climate 

to predict fluxes) to upscale tower flux observations guided by model priors. 

D. Data Assimilation (dynamic constraint) 

Use sequential or variational data-assimilation to update state variables and/or parameters in 

near-real time (e.g., LAI, soil moisture, carbon pools) by assimilating RS products (LAI, SIF, 

AGB, brightness temperature). 

Data-assimilation approaches (best practices) 
 Ensemble Kalman Filter (EnKF) — popular for nonlinear process models; updates 

states/parameters with ensemble spread. 

 Particle Filter — better for highly nonlinear, non-Gaussian problems (more 

computationally expensive). 

 4D-Var / variational methods — require adjoint; good for high-dimensional systems if 

adjoint available. 

 Hybrid EnKF/Var — combines strengths. 

Which observations to assimilate? 
 LAI / FPAR / Vegetation Indices: frequent, broad coverage → constrain GPP 

seasonality. 

 SIF (Solar-Induced Fluorescence): direct proxy of photosynthetic activity; strong 

constraint on GPP. 

 AGB / canopy height (LiDAR): constrain biomass pools and long-term carbon stocks. 

 Soil moisture / land surface temperature: improve respiration and drought stress 

response. 

Practical note: Account for observation errors, representativeness errors (pixel vs model 

grid), and temporal mismatch. 

Hybrid ML + process modeling 
 Use ML to correct model biases: e.g., residual learning where ML models predict 

(observed − modelled) flux based on RS/climate inputs. 

 Train ML upscalers to translate point (tower) to pixel scale using multi-source RS 

predictors with model physics as a prior feature set. 

 Use physics-informed neural networks to embed carbon cycle rules. 

Model calibration and validation 
 Calibration: Bayesian parameter estimation (e.g., MCMC) or ensemble calibration using 

flux tower observations and plot biomass. Calibrate for representative climate/veg types. 
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 Validation metrics: RMSE, bias, R², Kling-Gupta Efficiency (KGE), seasonal cycle 

metrics, timing of phenology (SOS/EOS), and energy-balance consistency. 

 Cross-validation: spatial (leave-one-site-out) and temporal splits to test generalizability. 

 Independent checks: compare modeled AGB change to LiDAR/airborne estimates and 

eddy covariance tower fluxes. 

Uncertainty quantification 
 Sources: input data (climate, RS retrieval errors), model structural uncertainty, parameter 

uncertainty, scaling/aggregation errors. 

 Approaches: ensemble modeling (multiple models and parameter sets), Bayesian 

posterior distributions, Monte Carlo simulation, and formal propagation of observation 

errors in DA. 

 Reporting: provide pixel-level uncertainty maps (e.g., 5–95% CI), not only single best 

estimate layers. 

Recommended operational workflow (stepwise) 
1. Define objectives & scale: flux (GPP/NEE) vs stock (AGB), temporal resolution 

(daily/monthly/annual), spatial extent/resolution. 

2. Collect inputs: select RS datasets (e.g., Sentinel-2/Landsat for LAI; GEDI for canopy 

height; MODIS SIF if available), climate forcings, field data. 

3. Preprocess data: gapfill, cloud masking, harmonize projections, resample to model grid, 

derive indices (LAI, FPAR, SIF, VOD). 

4. Choose model/framework: balance complexity and computational resources (e.g., ED2 

for demography; CASA for GPP at high throughput). 

5. Initialize model: use RS-derived biomass/height to set initial carbon pools; set PFT 

distribution from landcover maps. 

6. Assimilate observations: run DA to update state variables (LAI, soil C pools) and/or 

parameters (Vcmax, turnover rates). Use EnKF for near-real-time updates or variational 

for reanalysis. 

7. Run forward simulations: produce spatiotemporal fluxes and biomass change. 

8. Validate & quantify uncertainty: using FLUXNET, LiDAR change detection, forest 

inventories. 

9. Produce products: maps of GPP, Reco, NEE, AGB change, uncertainty layers, and time-

series. 

10. Iterate & refine: adjust model structure, assimilate new data, publish datasets with 

metadata. 

Technical tips & pitfalls 
 Temporal mismatch is key: satellite overpass vs model timesteps — aggregate 

appropriately. 

 Representation error: a flux tower integrates heterogeneous landscape; use footprint 

modeling or select homogeneous tower sites for calibration. 

 Saturation of optical indices: optical VIs saturate at high LAI; complement with 

LiDAR/SAR. 

 SIF is powerful but sparse: SIF strongly constrains GPP but spatial 

resolution/coherence varies—combine with high-res LAI products. 

 Disturbances: abrupt events (fire, harvest) must be explicitly represented—use change 

detection from RS to update landcover and carbon pools quickly. 

Example schematic (textual) 
1. RS ingestion → LAI, FPAR, SIF, canopy height maps 

2. Preprocess + regrid → model grid 

3. Process model (e.g., ED2) run with meteorological forcings 

4. Data assimilation module (EnKF) sequentially updates LAI and Vcmax using RS and SIF 

5. Output: gridded GPP, Reco, NEE, AGB change + uncertainty 
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6. Validation: compare modeled fluxes to FLUXNET; AGB to GEDI & inventories 

Evaluation metrics (practical) 
 Time-series: trend slopes, seasonal amplitude, peak timing (SOS/EOS) 

 Flux match: RMSE, bias, KGE, Pearson r 

 Spatial patterns: spatial correlation, RMSE across grid cells 

 Stock change: mean absolute error of AGB change compared to LiDAR differencing 

Example computational stack (suggested) 
 Data handling: Google Earth Engine (preprocessing), xarray, rasterio, GDAL 

 Modeling: Fortran/C++ model binaries (ED2, LPJ-GUESS) or Python wrappers 

(pyED2), R packages for simpler models (PEcAn framework) 

 DA: DART (NCAR), PDAF, custom EnKF implementations in Python (filterpy) or R 

 Machine learning: scikit-learn, XGBoost, TensorFlow/PyTorch for emulators 

 Visualization: QGIS, matplotlib, deck.gl for web dashboards 

Research frontiers & opportunities 
 Assimilating SIF & thermal imagery together to simultaneously constrain GPP and 

canopy stress. 

 Using P-band SAR (future missions) to resolve aboveground biomass in dense tropical 

forests. 

 Process-guided deep learning that respects mass balance constraints. 

 Coupling disturbance regimes (pests, fire, harvest) with demographic models to capture 

abrupt carbon losses. 

 Operational near-real-time carbon flux reanalysis for MRV (REDD+, carbon 

markets). 

Conclusion & recommendations 
Combining remote sensing and process-based models with appropriate data-assimilation 

yields the most defensible estimates of spatiotemporal forest carbon fluxes. Practical success 

depends on matching model complexity to data availability, explicitly treating uncertainties, 

and integrating high-value RS products (SIF, LiDAR) to constrain both fast (flux) and slow 

(stock) dynamics. Start with a pilot region with good tower coverage and LiDAR data, 

validate thoroughly, then scale up using ensembles and cloud computing. 


