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Motivations

• Satellite observations are an essential part of 
any data assimilation system;

• There is an ongoing effort to expand their use 
by assimilating more data (i.e. clouds, all-sky 
approach);

• With more data to assimilate, it is also 
important to understand what is more efficient 
and beneficial;

• If well-constructed, idealised models are useful 
tools that can increase knowledge by saving 
time and resources.



Objectives

Project outline: investigating the impact of assimilating 
satellite observations at different spatial scales: is there 
benefit in focussing on large or small scales?

We study this problem by using an idealised model. 

The key task is mimicking satellite observations properly 
within an idealised framework.



Starting point: the idealised modified shallow water 
model developed by Kent et al. (2017). 

This has two limitations for satellite DA:

● It is a single-layer model;
● It has no diagnostic equation for temperature.

This led to a model revision.

Objectives



Model revision

Kent et al. (2017) model New revised model

1D shallow water + topography 1D shallow water, no topography

Single-layer 1.5-layer

Isopycnal (constant density) Isentropic (constant pot. temperature)

Mimics convection and rain Mimics convection and rain



Before we add convection and rain, we have an 
isentropic 1.5-layer shallow water model with rotation.

The revised idealised model
(WITHOUT CONVECTION AND RAIN)

N.B. This model has a built-in diagnostic equation for temperature.



The revised idealised model
(WITH CONVECTION AND RAIN)

N.B. Later on, we will 
make the assumption
convection = clouds

To include convection and precipitation, a system of 
thresholds is defined:
● A convection threshold: σc;
● A rain threshold σr (σr>σc).

❏ If σ<σc: classic shallow water (previous slide);
❏ If σc<σ<σr: convection. Modifications to pressure term 
M;

❏ If σ>σr: rain; a rain equation is activated and momentum 
equation is modified.



Twin-setting configuration

Idealised model

Nature run, xt 
(truth trajectory)

Pseudo-
observations, yo

Forecasts, xf 
(ensemble)

Deterministic Ensemble 
Kalman Filter

High
resolution

Low
resolution



Twin-setting configuration

We exploit the 
resolution mismatch to 
create a forecast unable 
to resolve certain 
features of the nature 
run.

Blue = high resolution
Orange = low resolution



We can think of an ‘observation generator’ 
function G acting on the truth trajectory plus 
some noise:

The observing system

Nature run, xt 
(truth trajectory)

Pseudo-
Observations, yo

Our idealised observing system is made of:

❏ Ground-based ‘direct’ observations of fluid velocities 
(u,v) and rain (r);

❏ Pseudo observations imitating microwave radiation 
measured by polar-orbiting satellites.



Observations of fluid velocities and rain are generated 
at fixed locations within the domain.

So in this case G is linear, i.e. a sparse matrix acting 
on the state vector containing the ground variables u,v 
and r:

The observing system
GROUND OBSERVATIONS



The observing system

For the satellite observations, we focus on passive 
microwave radiation. The function G will include:

● A radiative scheme, converting temperature into 
radiance (or brightness temperature);

● A way to recreate the spatially varying character of 
polar-orbiting satellites;

● A way to take into account the fact that satellite 
observations are not point-like (i.e. Field of View).



Radiative scheme: Rayleigh-Jeans law.

This is an acceptable simplification for microwave 
radiation.

The radiance in each layer is defined by:

You can think of this as the ‘clear-sky’ radiation.

The observing system



The observing system

In order to create spatially-moving observations, the 
satellite travels along the domain (of length L) at velocity vsat 
and re-enters the domain periodically:

The Field Of View is taken into account as follows:

in which w(x) is a weighting function which has the shape of 
a Gaussian function.



There is an increasing interest in assimilating clouds 
(all-sky assimilation).

Many studies have used passive microwave 
radiation to retrieve liquid water content (as a proxy 
for clouds) and rain rates.

We can model Bsat so that it mimics the behaviour of 
microwave radiation in the presence of clouds 
and/or precipitation in our idealised model.

Modelling clouds



Modelling clouds

Non-precipitating clouds Precipitating clouds

Surface with low emissivity Surface

Decrease in brightness 
temperature of precipitating 
clouds

Increase in brightness 
temperature of non-precipitating 
clouds (w.r.t. cold background)

Absorption Scattering



From the literature...

Modelling clouds

Credits: Takeda et al. (1987)
Credits: Spencer et al. (1988)

A,B,C indicating 
different drop 
size distributions



Modelling clouds

We define Bsat as:

α1, α2, α3, α4 are analytical functions that account for 
various processes (absorption, scattering, etc) in the two 
layers such that:

- The brightness temperature increases in the presence 
of non-precipitating clouds (σc<σ<σr);

- The brightness temperature drops in the presence of 
rain (σ>σr).



Modelling clouds

Blue = σc = clouds, no rain

Red = σr = clouds and rain



Forecast 
T+1h valid at t=29T

Analysis 
valid at t=29T

T = duration of one cycle, i.e. one forecast step



Forecast 
T+1h valid at t=30T

Analysis 
valid at t=30T

T = duration of one cycle, i.e. one forecast step



Due to the small number of observations (and to avoid 
risk of perturbing them twice) we used a 
Deterministic Ensemble Kalman Filter (Sakov & 
Oke, 2008).

So for each j-th ensemble member we compute:

in which Kj is calculated as per Houtekamer & Mitchell 
(2001). Then...

The data assimilation scheme



The data assimilation scheme

Then the analysis perturbation matrix Xa and the analysis 
ensemble xa are recomputed as:

Inflation: We use Relaxation-To-Prior-Spread (RTPS, 
Whitaker & Hamill, 2012).

Localisation: We adopt ensemble space covariance 
localisation (based on Gaspari & Cohn, 1999) and a 
‘modulated ensemble’ as per Bishop et al. (2017) to avoid 
linearising the observation operator.



In order to assess the impact of satellite observations 
at different spatial scales we plan to run a series of 
data denial experiments.

Given a set of satellite observations with different 
resolutions, we can selectively exclude some of them 
from the system and compare the results against a 
reference experiment in which all are assimilated.

We will use the Field of View as a proxy for satellite 
resolution.

Next step: data denial experiments



• We want to investigate the impact of satellite observations at different 
spatial scales using an idealised model.

• We have developed an isentropic 1.5-layer model able to mimic 
convection and precipitation that is a revised version of the model 
developed by Kent et al. (2017);

• We have recreated a complex observing system that includes both 
ground and satellite observations. The latter mimic measurements of 
microwave radiation from polar-orbiting satellites;

• We model clouds (both non-precipitating and precipitating) by including 
their effect on the way the radiance observations are generated and 
assimilated;

• We use a Deterministic Ensemble Kalman Filter as the data 
assimilation scheme;

• We plan to perform a series of data denial experiments in order to 
assess the impact of satellite observations at different spatial scales.

Summary and conclusions



Additional 
slides



Given the ensemble covariance:

the localised ensemble covariance matrix is given by:

First we compute the square-root matrix W of the 
localisation matrix:

And then we build:

with K being the number of ensemble members and L 
the rank of W.

The modulated ensemble
(BISHOP ET AL., 2017)



We then calculate a new modulated ensemble of 
M=L*K members by using:

Which has mean and covariance satisfying:

The modulated ensemble
(BISHOP ET AL., 2017)
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