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Abstract | Simulation of Lagrangian trajectories plays a central part in many operational and research tasks, as they allow tracking of tracers at sea (e.g. 
phytoplankton, pollutants, or even rubber ducks [1]) and can be used in research studies for ad-hoc numerical experiments and where the number of 
deployed drifters is low. Despite the many improvements, realistic simulation of trajectories is still challenging, in great part due to the limitations of 
altimeter-derived geostrophic velocity fields. In our work we propose an Artificial Neural Network approach to Lagrangian trajectory simulation, 
learning directly from drifters and exploiting both geostrophic velocities and temperature field. Hence, a Convolutional Neural Network (CNN) 
approach is chosen, inspired by existing image-to-image translation Generative Adversarial Network (GAN) [2]. To enforce causality, Long-short term 
memory units are integrated inside the network to handle correlations in time; we refer to this proposed architecture as the the hybrid U-net/LSTM 
network. We train and test the proposed network on numerical OGCM outputs and evaluate the results using established metrics [3].

Neural network solution

Training 
• Dataset: 80000 trajectories 

simulated in the Mediterranean sea 
(80/20 training/validation split)

• Ground truth is generated with full 
velocities, the network is trained on 
Geostrophic Velocities

• Length of trajectories is fixed at 8 
times (corresponding to 2 days).

Lagrangian Problem 
• Given𝑽 a velocity field and an initial point 𝐱 𝟎 = (x1 0 , x2 0 ) , 

the trajectory 𝑥 𝑡 = (x1 t , x2 t ) is the solution of the differential 
equation

𝒅

𝒅𝒕
𝒙 𝒕 = 𝑽(𝒙 𝒕 )

Results 

Simulated trajectories (black) and ground truth (red) for 32 time steps
Simulation for more than 8 steps is obtained by iterated application 

Simulated trajectories superimposed on SST field

• Architecture is a 
modified U-net

• LSTMs in the skip 
connections help 
preserve causality

Loss function: 

Network is trained using a combination of binary cross −

entropy 𝐺𝐴𝑁 loss and 𝐿1 loss

ℒ𝐺𝐴𝑁 = 𝔼𝛾,𝜁[log(𝐷 𝛾, 𝜁 )] + 𝔼𝛾 1 − log 𝐷 𝛾,𝐺 𝛾

ℒ1 = 𝔼𝛾,𝜁 || 𝐺 𝛾 − 𝜁 ||1 , ℒ = ℒ𝐺𝐴𝑁 + 𝜆ℒ1
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• Initial position is embedded into a sequence of images

• Images are transformed by the network 

• Final positions are extracted from network output

• Geostrophic Velocity and SST fields are given as input

fsle_gan.fig

• Results are evaluated using Finite Scale 
Lyapunov Exponents (FSLE)

• FSLE is a couple statistic that quantify the 
dispersion rate across scales.

• FSLE-I describes a single dynamic system
• FSLE-II compares ground truth and 

simulation

FSLE for trajectories generated by 
the proposed network

FSLE for trajectories generated by 
fourth order Runge Kutta

numerical scheme

Conclusion and future work 
• Convolutional Neural Network is used to simulate Lagrangian 

trajectories in the Mediterranean Sea
• FSLE validation shows that it is better than straightforward simulation 

from Geostrophic Velocities
• Training (or fine tuning) on real data is the next step

FSLE


