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Problem description
The predictions of ocean currents in a short time range are
typically dominated by location of ocean eddies, which are
rotating high and low pressure systems. Compared to their
atmospheric counterparts, there are few direct measurements of these eddies, and because of their relative small
sizes, a small misplacement of the eddies leads to large
errors in predicted currents (see Figure 1). Because of the
large complexity of traditional ocean models, it is not

feasible to cover the substantial uncertainties through large
ensemble simulations.
Our approach is to study the uncertainty in the ocean
through large ensembles of simplified ocean models, which
can be efficiently simulated using Graphical Processing Units
(GPUs). We aim on assimilating available observations of
the ocean into the ensemble through non-linear data
assimilation methods such as particle filters.

Figure 1: Small misplacements of ocean eddies can lead to a large
error in predicted current

Perturbing ensembles of ocean models

Non-linear data assimilation on the GPU

As a simplified ocean model we consider the rotating shallow water equations

The drifter observations 𝑦𝑦 𝑛𝑛 are assimilated according to the implicit equal-weight particle
filter (IEWPF) [2,3], in which we have designed all terms to consist of local operation
suitable for GPU implementation. Each ensemble member 𝑗𝑗 is at observation time updated
according to

Ocean depth, and volume transport in 𝑥𝑥- and 𝑦𝑦-direction are the conserved ocean state
𝜓𝜓 = ℎ, ℎ𝑢𝑢, ℎ𝑣𝑣 𝑇𝑇 . Further, 𝑔𝑔 is the gravitational force, 𝑓𝑓 is the Coriolis parameter, and
𝐻𝐻(𝑥𝑥, 𝑦𝑦) describes equilibrium depth. Surface elevation is 𝜂𝜂 = ℎ − 𝐻𝐻. These equations are
solved with a suitable explicit numerical scheme [1], here denoted by the function 𝑀𝑀(𝜓𝜓).
At each time step, random additive model error 𝛽𝛽 ∼ 𝑁𝑁 0, 𝑄𝑄 is applied to the model,
representing realizations of the error related to missing physics and discretization errors.
The model evolution from time 𝑡𝑡𝑛𝑛 to 𝑡𝑡𝑛𝑛+1 is then given by
𝜓𝜓𝑗𝑗𝑛𝑛+1 = 𝑀𝑀 𝜓𝜓𝑗𝑗𝑛𝑛 + 𝛽𝛽𝑗𝑗𝑛𝑛 .
The covariance structure 𝑄𝑄 is based on local small scale perturbations applied in two steps,
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𝑄𝑄1/2 = 𝑄𝑄𝐺𝐺𝐺𝐺 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 . The SOAR operator ensures a smooth surface elevation, before 𝑄𝑄𝐺𝐺𝐺𝐺
adds momentum corresponding to geostrophic balance, see Figure 2. These operations
are well-suited for the computational model found on GPUs, as illustrated by Figure 3.
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in which 𝐾𝐾𝑗𝑗 is a Kalman gain type term, pulling the ensemble member towards the
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observation, and 𝛼𝛼𝑗𝑗 𝑃𝑃1/2 𝜉𝜉𝑗𝑗 is a random perturbation that ensures that all ensemble
members are equally probable.

Figure 5 illustrates how each of the terms in IEWPF acts on an arbitrarily chosen particle,
based on observations from three drifters.
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Figure 2: Sampling of the additive model perturbations.
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Figure 3: Conceptual comparison of stencil computations and GPU hardware architectures
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Observations
Currently, we consider observations of the ocean current at a drifter position 𝑥𝑥𝑑𝑑 , 𝑦𝑦𝑑𝑑 at
time 𝑡𝑡𝑛𝑛 as
𝑦𝑦 𝑛𝑛 = 𝑢𝑢 𝑥𝑥𝑑𝑑 , 𝑦𝑦𝑑𝑑 , 𝑣𝑣 𝑥𝑥𝑑𝑑 , 𝑦𝑦𝑑𝑑 𝑇𝑇 .
This gives us sparsely distributed point measurements of the system.
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Figure 5: Illustration of how the implicit equal-weight particle filter acts on an ensemble member

Other types of observations that we
are interested in, but are currently
not using, are:
 High Frequency
(HF) Radar (see Figure 4)
 Synthetic-aperture radar
(SAR) satellite data
 Satellite altimetry
 Acoustic profile
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Figure 4: Observations of the ocean current obtained from HF radar.
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