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Thank you to Seatrec for hosting such a fun and challenging contest, I'm very
happy to have won and cant wait to share my modeling process during our
upcoming webinar on August 18th.
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Our first where's the Monk contest asked one question: where would Seatrec’s
InfiniTE™ Ffloat — The Monk — surface on July 5, 2026, at 11:59 PM POT? Home )
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News ) DARPA Announces Forecasting Floats in Turbulence Challenge Winners

The Monk surfaced at 38.5626"N, 50.6690"°W after riding the Gulf... more

Office

- .i.‘ i N i Strategic Technology Office

We have a
winner!

José Manuel
Echevarria Rubio

52

Courtesy: Sofar Ocean

Competition reveals difficulty in predicting movement of
free-floating objects on ocean’s surface
Dec. 13, 2021




Downloading historical track of The Monk

L requests

t pandas pd

t matplotlib.pyplot plt
t trajan

url
data = requests.get(url).json()

f = pd.DataFrame(data)
s = trajan.from_dataframe(df, time

= ds.traj.gridtime( )

.to netcdf(

traj.plot()
L -show()

Dear Mistral, would you please be so kind as to download TraJAn. IS a pyt_hon paCkage fOI"
a list of all positions from hitps://seatrec-floats.com anaIySIS of traJeCtory data

- SERTN | https://opendrift.github.io/trajan



Liu-Weisberg skillscore
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Liu,Y., and R.H. Weisberg, (2011), Evaluation of trajectory modeling in different dynamic regions using
normalized cumulative Lagrangian separation, J. Geophys. Res., 116, C09013, doi:10.1029/2010JC006837.



Choosing an ocean model
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Trying to reproduce historical drift

rt pandas as pd
L xarray as xr
t trajan as ta
1 opendrift.models.oceandrift import OceanDrift

xr.open_dataset(
= dh.where(dh.time>=pd.Timestamp(
dh.traj.gridtime( )

= OceanDrift()

.set_config( f - *24)
.add_readers_from_list(

.seed_elements(lon=dd.lon, lat=dd.lat, time=dd.time, z=0)

OpenDrift - DceanDnift

sCUnCenc Linesad-1ina[=3], ot Chles ) 2026-06-01 00:00 to 2026-07-12 00:00 UTC (985 steps)
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Trying to reproduce historical drift

rt pandas as pd
L xarray as xr
t trajan as ta
1 opendrift.models.oceandrift import OceanDrift

xr.open_dataset(
= dh.where(dh.time>=pd.Timestamp(
dh.traj.gridtime( )

= OceanDrift()
.set_config( f ’ *24)
.add_readers_from_list(
.seed_elements(lon=dd.lon, lat=dd.lat, time=dd.time, z=-
ime=dd. t4 3 ile= OpenDrift - OceanDirift
-run(end_tine=dd.time[-1], outfile ) 2026-06-01 00:00 to 2026-07-12 00:00 UTC (985 steps)

& inatial (41)

.plot(drifter=dh, filename= :
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Script for prediction - starting from last observation

from datetime import datetime
Lmport xXarray as Xxr
from opendrift.models.oceandrift import OceanDrift

xr.open_dataset( ' )

= OceanDrift()

.add_readers_from_list(
o.seed_elements(lon=ds.lon[-1], lat=ds.lat[-1], time=ds.time[-1],
o.run(end_time=datetime( ,7,21,7,0), outfile=

o.plot(filename= )




What we could have done

- Describing/including the vertical motion of the Monk
include wind drift when at surface

- Machine learning correction

- Fusion of several ocean (and atmospheric) models

- “Current drift factor” to compensate for ocean model bias
- Ultilizing ensemble models



Drift at ocean surface

Empirical relation used by most trajectory models:
drift = ocean surface current + f * wind

f ~0.03 for objects with same cross section
in water as in air

Monk seems to stick only very slightly into air,
thus | would guess f ~0.01, mainly due to Stokes drift.
But must be tuned from observed surface drift.

Beautiful, analytical derivations of surface drift:
. Kirwan, A. D., McNally, G., Chang, M.-S., & Molinari, R. (1975). The Effect of Wind and Surface Currents on Drifters. Joumal of Physical Oceanography, 5(2), 361-368.
. Weber JE (1983) Steady wind- and wave-induced currents in the open ocean. J Phys Oceanogr 13:524-530.
. Jenkins (1987) A Lagrangian model for wind- and wave-induced near-surface currents, Coast. Eng., 11 (5), pp. 513-526
. Wagner, T.J.W.; Eisenman, |.; Ceroli, A.M.; Constantinou, N.C. How Winds and Ocean Currents Influence the Drift of Floating Objects. J. Phys. Oceanogr. 2022, 52, 907-916.


https://www.sciencedirect.com/science/article/pii/S0378383917305653#bbib44
https://www.sciencedirect.com/science/article/pii/S0378383917305653#bbib44

What comes next - simple data fusion of several models

SIMPLE DATA FUSION FROM SEVERAL OCEAN AND ATMOSPHERE
HINDCAST MODELS IMPROVES SURFACE DRIFTER TRAJECTORY
PREDICTION

Jean Rabault Knut Frode Dagestad (Gaute Hope
Norwegian Meteorological Institute  Norwegian Meteorological Institute  Norwegian Meteorological Institute
Oslo, Norway Bergen, Norway Bergen, Norway

jeanr@met.no

Full link on RG (preprint):

hitps://www.researchgate net/profile/J-
Rabault/publication/412135325_SIMPLE_DATA_FUSION_FROM_SEVERAL_OCEAN_AND _ATMOSPHERE _HINDCAST _MODELS IMPROVES _SURFACE_DRIFTER T RAJECTORY PREDICTION/inks/6a7¢613fb22395435d0b7d2e/SIMPLE-
DATA-FUSION-FROM-SEVERAL-OC EAN-AND-ATMOSPHERE-HINDCAST-MODELS-IMPROVES-SURFACE-DRIFTER-TRAJECT ORY-PREDICTION, pdf
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Data 60°N | — Training (n=161) S/ it
—— Validation (n=12) L
Sofar dataset
50°N

Hindcast for simplicity e

Table 1: Overview of the e
Predictor name
ERAS Eastward Wind
ERAS Northward Wind i
OSCAR Eastward Sea Water Velocity 80°W 70°W 60°W 50°W 40°W 30°wW 20°W 10°W
O5CAR Northward Sea Water Velocity TEITN Gt s
OSCAR Geostrophic Eastward Sea Water Velocity OSCAR Satellite m/s
OSCAR Geostrophic Northward Sea Water Velocity OSCAR Satellite m/s
GlobCurrent Eastward Sea Water Velocity GlobCurrent  Satellite m/s
GlobCurrent Northward Sea Water Velocity GlobCurrent  Satellite m/s
Mercator Eastward Sea Water Velocity Mercator Model m/fs
Mercator Northward Sea Water Velocity Mercator Model m/s
CMEMS Wind Eastward Wind CMEMS Model/Satellite  m/fs

CMEMS Wind Northward Wind CMEMS Model/Satellite  m/s




Models

- linear regression (LR)
- simple neural network (NN), fully connected, 4 layers

input: predictors from models

target: 1-hour drift



1-step advection prediction: LR as good as NN here

Standard Deviation

Ii_all_predioss
Ir_globrurrent_cnly
Ir rnercatar crnemrovirsd

Ir_agcar_only
Ir mra% anly
parfact mocdal

Standard Deviation
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Variance-Normalized Sensitivity: LR CoaMicients vs NN Gradient Sensitivity
Predictors: cmamswind - marcator « globcurrent | Normalization: coel x o(predictor) [ oftarget)
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Table 2: Linear regression (LR) and neural-network (NN) sensitivity to each predictor. Raw coefficients are dimen-
sionless velocity ratios [(ms™ " )ann /(m s~ )jreal; 2 value of 1 means the predictor velocity equals the drift velocity.
Normalized coefficients (normalized by the ratio of variances 3 * pred /Trarged) give the fraction of target standard
deviation explained by a one-o shift in the predictor, similar to what is presented in Figure[3] The values are rounded.

Tpred Raw coefficient [(ms ')/ (ms ")) Normalized coefficient

[ms—! East North East North
Predictor LR NN LR NN LR NN LR NN
globcurrent Ncurrent 0,21 —0.011 -0.042 +0.575 +0.782 -0.01 -0.03 +0.57 +0.58
globcurrent E current 0.23 +0810 +0.753 +0.007 +0.011 +0.60 +0.56 +0.01 -+0.01
mercator N current 0.23 40,003 40002 +0.253 +0.306 +0.00 +0.00 +0.20 +0.24
mercator E current 0.24 +0.235 +0274 <0002 -0005 +0.18 +0.21 <000 -0.00
cmemswind N wind 539 —0002 -0001 +0.014 +0013 -003 -0.02 4027 +0.25
cmemswind E wind 295 40014 40013 +0.000 +0.000 +0.27 4026 +0.01 +0.01




full (2-, 5-, 10-days) trajectories: up to ~40% better

Table 4: Comparison of the Liun-Weisberg score on the validation dataset for time horizons of 2, 5, and 10 days, for the
baseline and LR models. This confirms the findings of Figure 4]

Duration Baseli_ne LR.

Mean Median Std | Mean Median Std
2 days 0.44 0.48 028 | 0.61 0.69 0.24
5 days (.50 (.58 0.27 0.67 0.74 0.22
10) days 0.55 0.63 026 | 0.71 0.76 0.20

Even just a simple data fusion of satellite-dominated + model-dominated predictors
gives a significant improvement - as expected from the BLUE theory.

This is not unusual (see
https://www.sciencedirect.com/science/article/pii/S0038092X25001008 : also on

ArXiv).

Next: time varying coefficients in prediction mode (not just hindcast)


https://www.sciencedirect.com/science/article/pii/S0038092X25001008

Manuscript submitted
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00‘»... ; ® \ Conditions for ensemble memory:
?

How do we best exploit
the ocean EPS?
Ensembie average?
Or can we do better?

(b) &

How long does the best
member remain the best?

o

Ensemble Memory
Persistence of relative performance (skill)
among ensemble members over time

How long does the memory persist?

» 1-2 days for drift predictions (Lagrangian)

= 7-10 days for current predictions (Eulerian)

« Stronger and longer for worst-performing members

* Most evident in low-skill and high-spread scenarios

Offtina tool

Particularly beneficial for short-term,
high-resolution applications such as
drift prediction in low-skill scenarios

[Noiterative updates|  [No ensemble size constraints|

@ Identity retention
Members retain their identity across successive forecasts
® Skill persistence

Some individual member persistence in skill

@ Appropriate ensemble spread
Uncertainty reatistically represented

Remaining the "best member”

Times more lkedy to remain best
{above the S0th percentile)
than a randomiy drawn member

'12h"18h‘24hy‘8h

Idealised

(Eulerian)

Realistic
(Lagrangian)




Development of open source, open hardware buoys at MET Norway

OpenMetBuoy Small Friendly Buoy (SFY)

Worlds smallest,
fastest directional wave
buoy with telemetry

https://github.com/jerabaul29/0OpenMetBuoy-v2021a https://github.com/gauteh/sfy

Hope, Gaute, et al., 2025, SFY—A Lightweight, High-Frequency, and
Phase-Resolving Wave Buoy for Coastal Waters, J. Atmos. Oceanic

Technol., 42, 133-154

Rabault, Jean, et al. "OpenMetBuoy-V2021: an easy-to-build, affordable,
customizable, open source instrument for oceanographic measurements of drift and
waves in sea ice and the open ocean." Geosciences (2022).



OpenDrift - OceanDrift
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Balance between air- and water drag forces

Wind v.e.'I.ocity (W) FD — % 2 O’ D A

..""'».,I.I_)rifter velocity (d)

‘f

- Current velocity (c)
Wind drag force «._

Current drag force
k=pcyA/l2

k" (c-d)?



kw(W,-d,)? = k(Cc-d,)?*, and same for y-component - thus removing x-subscripts below
Ky(W2-2wd+d?) = k(c?-2cd+d?)

k(W2'2Wd+d2) = (C2'20d+d2) where k = kw/kc= pairCairAair/ pwateeraterAwater
Rearranging as 2nd order equation for d:
d2(k-1) + 2(c-kw)d+kw?-c = 0

Solving for d with quadratic formula:

d = (2(kw-c) £ sqrt(4(c-kw)? - 4(k-1)(kw?-c?))) / 2(k-1)
Cancelling 2s and 4s, and expanding:

d = (kw-c % sqrt(c? - 2kwc + k®w? - (k®w? - kc? - kw? + ¢?) ) / (k-1)
d = (kw-c % sqrt(e? - 2kwc +&w2—k2w2 + kc? + kw? - €2) ) / (k-1)
d=(c -kw * (w-c)sqrt(k) )/ (1-k)

d=(1-f)c + fw where f = sqrt(k)/(1+sqrt(k)) = wind-drift-factor

Cair = Cwater Aair=Awater f= Sqrt(pairlcwater) = 0.035



Is it necessary with higher order advection schemes?
(e.g. Runge Kutta)

Conference Paper

Numerical Integration and Interpolation in Marine Pollutant
Transport Modelling

January 2017

Conference: AMOP Technical Seminar . At: Calgary, Canada

Authors:

(5]
Tor Nordam Ute Bronner Jorgen Skancke

@ i
Raymond Nepstad Petter Ronningen Morten Omholt Alver

“....there is no benefit from using a high-order integrator, unless accompanied by a high-order
interpolator.

In practice, the combination of linear interpolation and a 2nd-order integrator delivers the best
balance between accuracy and computational effort.”

Sensitivity tests on: https://opendrift.github.io/gallery/example advection_schemes_eddy.html



https://opendrift.github.io/gallery/example_advection_schemes_eddy.html
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