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Context:
Ensemble modelling has been widely used in the production of weather forecasts and future climate

prediction for many years: a number of simulations are performed with the same numerical model, 

but starting from slightly different initial states. These slight initial differences can cause much 

greater divergence in the evolution of the simulations over time (as popularised in the so-called 

“butterfly effect”; Lorenz, 1963), and, by comparing the various simulations, the analyst is able to 

estimate the likelihood that a given weather or climate event will occur. 

Although this particular use of ensemble modelling, to estimate the likelihood of future events, is 

perhaps its best-known application, the same strategy can be used to better understand the past. 

Motivated by this possibility, an ensemble of ocean model simulations was created in the 

framework of the OCCIPUT project (Penduff, 2014), and has since been used in a number of 

studies (e.g. Leroux et al 2018, Llovel et al 2018) to separate the deterministic part of oceanic 

variability (i.e. the part which occurs in direct response to the action of the atmosphere on the 

ocean) from the non-deterministic part (i.e. the part which is generated by the ocean itself, 

independently of the atmosphere, due to nonlinear and/or turbulent processes occurring in the 

ocean). Such analyses are relevant for improving our understanding of how the ocean responds to 

ongoing climate change, and for interpreting available observational data, for example. 

Whilst ensemble modelling provides a unique way to obtain a probabilistic interpretation of our 

climate, it nevertheless has certain disadvantages: the most notable of these is the huge 

computational cost of performing such simulations. This computational cost generally influences 

the choice of the number of

simulations (“members”) that

comprise the ensemble, and hence

the accuracy of the estimates of

the deterministic and non-

deterministic signals. Figure 1

shows an approximate calculation

of the number of members that

would be necessary to obtain a

precision of 1 cm on the

deterministic sea surface height

signal: the computational expense

that would be involved in running

such a large model experiment

renders the obtention of such

accuracy unfeasible for all

practical purposes in certain

regions.

Objectives:
In this project, the student will make use of ensemble model output from the OCCIPUT project, and

will apply machine learning methods with the goal of generating new, physically plausible, artificial

states of the ensemble. The primary aim of the work will be to improve the estimation of the 

deterministic signal in selected regions where the accuracy of this signal is poor. The project will 

Figure 1: average number of members necessary to obtain 

an accuracy of 1 cm on the deterministic sea surface height 

signal at any given moment in time. Overlying blue contours 

show increments of 2000 members.



focus on sea surface height, and novel machine learning methods will be used to generate the new,

artificial ensemble states. In the first instance, the analogue data assimilation method (e.g. Tandeo et

al. 2015, Lguensat et al. 2017) will be applied, and a variety of test regions of increasing complexity

will be chosen, informed by prior work. Other methods might also be explored, depending on the 

results obtained and the interests of the student. Drawing on the new data that will be created during

the first phase of the project, the student will then go on to analyse the spatial and temporal 

properties of the new and improved deterministic estimate, and investigate potential links with the 

atmospheric variability.

The application of machine learning techniques in the geosciences is a novel area of work, and the 

student will acquire technical skills that are in demand both in research contexts and also, more 

widely, in industry. The supervisory team have complementary skills in oceanography and statistical

and machine learning techniques, and the full scientific and technical support necessary to 

undertake this work will thus be available to the student.

Prerequisites:

The student should have prior experience of working with Python, an interest in statistics / machine 

learning and its applications, and an understanding of the fundamental concepts of marine physics.

Contact details:
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