
Motivation

To improve weather forecasts and climate projections, the Destination Earth programme 

is developing a data-driven Earth system model. A critical component of this effort is the 

land surface, which governs energy, water, and carbon exchanges with the atmosphere, 

and influences both short-term weather and long-term climate impacts. Here we present 

aiLand, the stand-alone emulator of ecLand, ECMWF's land surface scheme.
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Model transferability
As a point model, aiLand is spatial resolution agnostic;

This also means aiLand can be evaluated spatially on domains not included in the 

training.

Architecture

Improving the physical model
Developing an ML model is not done in isolation—an important question is how it can 

provide feedback to improve the physical model. For example,

➢ By fine tuning against observations, can we learn biases in the physical model?

➢ Can we exploit the differentiability of aiLand for land model data assimilation?

➢ With more information on parameter sensitivities, can we use the emulator for 

parameter estimation?

Fig: Multi-layered perceptron architecture used in aiLand
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Why apply machine learning to land surface models?

• Highly parameterised, with many uncertain or empirically tuned parameters

➢ ML can help calibrate parameters 

• Missing or simplified processes

➢ ML can capture unresolved dynamics via data-driven hybrid modeling

• Computational cost 

➢ ML-based emulators reduce runtime for ensemble and long-term simulations

• Underuse of the increasing amount of observational datasets

➢ ML can integrate large-scale satellite and in-situ datasets

• Uncertainty in predictions

➢ Probabilistic ML approaches enhance uncertainty quantification

Fig: Schematic of ecLand, ECMWF's land surface scheme part of the Integrated Forecasting System

We tested various machine learning methods (MLP, LSTM, XGBoost, Graph NN). We 

chose the MLP because it offers a good balance between model complexity and 

performance, is easily differentiable for integration into data assimilation and parameter 

estimation systems, and exploits the independent, column-based structure of ecLand.

Overall emulator 

performance

Coupling to the other components
ML model coupling: as part of a broader effort to evaluate 

coupling strategies at ECMWF, we are comparing:

• Joint Model: All components trained together. Land variables like 

soil moisture and soil temperature are already included in AIFS; 

snow depth and cover are currently being added.

• Multi-Model: Components trained separately. We are exploring 

direct coupling of aiLand to a version of the AIFS with surface 

variables.

Physical model coupling: we are exploring how to interface 

aiLand with the IFS as part of ongoing work with the new GT4Py 

dynamical core—a modern, Python-based framework optimized for 

GPU computing.

Trained at ~25 km Evaluated over ~50 km Evaluated  over ~100 km

Fig: aiLand is trained at over different 

regions and evaluated over Europe.

Global model 1-month at ~30km resolution 
runtime:​
• Full Fortran model = 2 minutes (16 CPU)
• Emulator on CPU = 1 minute (1 CPU)
• Emulator on GPU = 500 milliseconds (1 GPU)
                                                                       

Fig: ecLand vs aiLand (48.01 N, 5.18 E)

Fig: Anomaly correlation coefficient of 

global soil moisture using aiLand

Learning from observations

We aim to leverage both in situ and satellite 
observations. 
- For example, can latent and sensible heat, 

learned as diagnostic variables, be fine-tuned 
using FLUXNET data?

- What is the impact on predicted soil moisture 
when Level 1 brightness temperatures are 
included in the training?

aiLand already captures the expected soil moisture 
response to changes in field capacity.
- If we train aiLand using a large parameter 

perturbation experiment,
 can we reduce the model's parametric uncertainty?

- Can the trained model generalise to unseen 
parameter combinations or extreme climate 
conditions?

aiLand’s Jacobian shows plausible sensitivities 
between different variables
- Can these sensitivities enhance the accuracy of 

state updates during data assimilation?
- How do these sensitivities affect the 

propagation of uncertainty  through the 
system?
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