
Data Assimilation with the 
JULES Land Surface Model

Ewan Pinnington1, Tristan Quaife1, Amos Lawless1, 
Karina Williams2

1NCEO, Department of Meteorology, University of Reading, Reading UK
2Met Office Hadley Centre, Exeter, UK

Ewan Pinnington       |    e.pinnington@reading.ac.uk



ÅThe Joint UK Land Environment Simulator (JULES) 
community land model is used by UK Met Office 
in production of forecasts and in the UK Earth 
System Model (UKESM).

ÅDifferent tiles and soil layers, now including crops.

ÅDifficult to implement with variational Data 
Assimilation (DA) techniques which require 
derivative of the model due to high model 
complexity and many new releases.

JULES land surface model

JULES model schematic
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ÅCombine all sources of 
information to find best 
estimate to the state of a 
system.

ÅDo this by minimisinga cost 
function.

ÅTypically requires the 
derivative of the model. 
This is an issue for JULES!

Four-Dimensional Variational (4DVar) DA
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4DVar cost function:
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Improving soil moisture estimates for Ghana

JULES modelled soil 
moisture over Ghana
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ÅAssimilated ESA CCI satellite 
observations of soil 
moisture to optimisesoil 
parameters of JULES.

ÅFound a 20% reduction in 
unbiased-RMSE for 5-year 
hindcast.

ÅDA method was slow!

ÅIn order to consider larger 
scales different approach 
to DA is required.



ÅApproximates 4D-Var Using an 
ensemble of model trajectories.

ÅDoes not require the derivative of 
the model.

ÅMuch faster than technique used in 
soil moisture work.

ÅRequires no code modification.

ÅEasily parallelisable.

Four-Dimensional Ensemble Variational(4DEnVar) DA

Ewan Pinnington       |    e.pinnington@reading.ac.uk

(1)

(2)

(3)

(4)



ÅThe Land Ensemble Variational Data Assimilation 
fRamework(LaVEnDAR) implements 4DEnVar for 
land surface models.
Åhttps://github.com/pyearthsci/lavendar
ÅPinnington, E., Quaife, T., Lawless, A., Williams, K., 

Arkebauer, T., and Scoby, D.: The Land Variational
Ensemble Data Assimilation fRamework: LaVEnDAR, 
Geosci. Model Dev. Discuss., https://doi.org/10.5194/gmd-
2019-60, in review, 2019.

ÅWritten Python wrappers for JULES controlling 
functionality and running model. 

ÅWrappers allow us to easily run ensemble of models 
with different parameters in parallel and perform 
DA.

LaVEnDAR
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https://github.com/pyearthsci/lavendar


ÅTested technique for JULES at maize 
crop in Nebraska, USA. Assimilating 
leaf area index, canopy height and 
flux tower observations.
Å Pinnington, E., Quaife, T., Lawless, A., Williams, K., Arkebauer, T., and 

Scoby, D.: The Land Variational Ensemble Data Assimilation 
fRamework: LaVEnDAR, Geosci. Model Dev. Discuss., 
https:// doi.org/10.5194/gmd-2019-60, in review, 2019.

ÅOptimised 7 model parameters 
controlling crop behaviour.

ÅImproved model estimate of crop 
yield by 74% compared to 
independent observations.

LaVEnDAR
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ÅFurther developing technique for soil 
moisture work over the UK on Hydro-
JULES project.

ÅRunning JULES at 1 km resolution over 
the UK.

ÅAssimilating satellite observations 
from the NASA SMAP mission.

ÅValidate results using the cosmic-ray 
soil moisture monitoring network 
(COSMOS-UK) established by CEH.

Continuing soil moisture work

Ewan Pinnington       |    e.pinnington@reading.ac.uk



ÅOptimising 8 soil 
parameters for JULES.

ÅRunning 50 JULES 
ensemble members with 
varied parameter values.

ÅShowing mean and 
spread (+/- 1 ʎ) for prior 
and posterior (after DA) 
JULES ensemble.

Assimilating SMAP at COSMOS site
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