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Some context

Should France be your next vacation
destination @: ?



Southwest France :
The place to be &

Sail
|
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* One of the most dangerous coasts in the world (Castelle et al. 2019) :

heavy rip current (Baines), shore break
e Surveillance mainly during summer : Thousands of rescues each year
« 20 to 30 fatal drownings each year (>0 between the flags)

* About 1/2 of swimmers bathe outside of the surveillance

zone (Dehez and Lyser 2021)

Castelle et al. (2019)
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https://davidcarayon.github.io/slides/talks/WCDP23/
https://davidcarayon.github.io/slides/talks/WCDP23/

Can we prevent
drownings ?

@



Can we prevent

predict drownings ?

&



Goal of this work

Same philosophy as previous work (Tellier et al. 2021) : Daily emergency calls prediction
based on weather and beach crowd

Better (and cleaner) data

New statistical methods

The SWYM Project S‘g !Y M

~—

SURF ZONE HAZARDS
RECREATIONAL BEACH USE
& WATER SAFETY MANAGEMENT
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Predicting drownings using
Machine Learning
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Predictors and Risk = Hazard * Exposure
outcome -

OUTCOME PREDICTORS

s el o Wave Incidence Factor (cos4h)
respiratory Wave Factor (HsTp)

impairements Air temperature
which lead to Day (ex : 6 for 6th of July)

emergency calls Month
Wday (ex : 1 for Monday)

Binary daily data
2011-2022
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Modelling workflow

Trodning K-Loldl 10 Folds
ﬁ N = 2000 Rorold 1200/200 each
Database
N = 2600
. ) \ [ Test j

Data pre-processing

e Centering, scaling, dummy-coding

* Synthetic Minority Over-sampling TEchnique (SMOTE) (Chawla et al. 2002)
for the outcome
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Modelling workflow

mtry trees min_n tree_depth learn_rate

i

°'~7's't"° 1 719 16 3 0.0381008
reg(‘es&ov\

2 1640 29 15 0.0111921

3 929 14 11 0.0019834

3 candidate Tuning grid 3 593 24 13 0.0581914

7 3B°°$t moo(els \ 12 tuning parame‘tet‘s
\ sets (ypercube
SQMPIIng) \\

Ranclom For each of the 36
i sets (3x12)
train/test on 10 folds
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Modelling workflow

Compu‘te romking
metrics (4UC,
accuracy) and select

best model

Pt on full
/ ‘tf‘ain‘mg set
Test /
eValuate Model
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Our winner : XGBoost ¥

e 1.0 1.2
Y

0.88 [0.87-0.89]

iﬁ/J /\/J

0.9 [0.89-0.91]

Area Under the Curve (AUC)

0.49 [0.41-0.55] 0.96 [0.95-0.99]

Accuracy Positive Predictive Value Negative Predictive Value
(PPV) (NPV)

Rea|lty Risk class # of # of “No

] Drownings Drownings”

31 502 533
Probability discretization : 20 a4 o4
- True Pos | False Pos Making Risk classes 4 20 24
5 =58 =60
®) 16 11 27
= False Neg | True Neg
7 8 15
=23 =522

Confusion matrix
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Discussion

“all models are wrong, but some are useful”

George Box

» What is the best drowning prediction model ? Lowering false

negatives or false positives ? - Risk management and political
decisions

» Low improvements over previous models - dataset limitation ?

» Emergency call database only covers a minority (@) of all
rescues
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Perspectives,

e i Rome: L 5:‘ e — B —
: | .. = ( )
‘ = — L — 24
Il = . == = -Bu’l’.‘bon EAD
L ‘ = N / ()
= L @i @D

iPad data collection
o*P‘Pl?ne, modle aVoJloJ:le_

Summe,f‘ :10 3
experiment

Statistiques générales pour le poste de Tous | N = 1690 interventions
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Thank you !

& quarto

Want to try this at home ?

,,///
el / tidymodels

Interested in the technical
stuff ?

Contact us :

david.carayon@inrae.fr
@david_carayon
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