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How to decrease the number of iterations?
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How many????
Where????
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How many eels are killed by hydropower plant turbins 
in France ?

Hydrographic network: 
>900 river basins

>280 000 km

>70 000 dams/weirs

To know how many eels die, I need to know:
how many eels are in basins

where they are with respect to hydropower plants
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How many eels are killed by hydropower plant turbins 
in France ?

Hydrographic network: 
>900 river basins

>280 000 km

>70 000 dams/weirs

Abundance estimates + sd through 
electrofishing monitoring

8531 operations
from 1990 to 2009

Objective: Calibrate a model to estimate yearly abundance 
and location of eels using electrofishing data
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No way to compare how densities decreases when there is a dam to
a situation when there is no dam =>

Impossible to estimate λ 
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From 180 000 reaches to 225 000 => bigger matrices => large increase
in computation time
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Tabasco objective function

● Likelihood function
– f(Y = 0) ~ Binomial(θ)

f(Y=x | Y>0) ~ Gamma(θ)
– f(Y=0) = PGamma(1,θ)

f(Y=X | Y>=1) ~ Gamma(θ)
– f(y=X) = PGamma(X+1.96 sd) – 

Pgamma(X-1.96 sd)
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p. 36Atelier GDR Mascot-Num

b? Log b

Tabasco – unknown parameters



p. 37Atelier GDR Mascot-Num

b? Log b 6.2↔12

Tabasco – unknown parameters



p. 38Atelier GDR Mascot-Num

b? Log b 6.2↔12

N?

Tabasco – unknown parameters



p. 39Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

Tabasco – unknown parameters



p. 40Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

N ( y , z , bv)=Z (z)⋅Y ( y)⋅Sbv
b

Tabasco – unknown parameters



p. 41Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

N ( y , z , bv)=Z (z)⋅Y ( y)⋅Sbv
b?? ??

Tabasco – unknown parameters



p. 42Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

N ( y , z , bv)=Z (z)⋅Y ( y)⋅Sbv
b

N ( y , z , bv )=μref⋅e
δZ( z)⋅eδY ( y )⋅Sbv

b

Tabasco – unknown parameters



p. 43Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

N ( y , z , bv)=Z (z)⋅Y ( y)⋅Sbv
b

N ( y , z , bv )=μref⋅e
δZ( z)⋅eδY ( y )⋅Sbv

b?? ??

Tabasco – unknown parameters



p. 44Atelier GDR Mascot-Num

b? Log b 6.2↔12

N? Year effect (20)

Zone effect (8)

S^d

N ( y , z , bv)=Z (z)⋅Y ( y)⋅Sbv
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b

N ( y , z , bv )=eμref⋅eδZ (z )⋅eδY ( y )⋅Sbv
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Tabasco objective function

● Model in C++
– Computation time depends on b !!!! 
– Largest sparse matrices 55893 x 55893… impossible to 

decompose?
● Parallel computation

– By river basin :
● Not ideal since there are large basins (Loire River) and very 

small basin => most cores are not working waiting for large 
basins

– By simulation :
● Not ideal since computation time depend on b => many cores 

wait for simulations with large b
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Tabasco exploration

● LHS
– 31 parameters
– 1000 simulations

● GAM model to
– Quantify the sensitivity to 

parameters => choosing year 
1998 and Rhone as intercept

– Choose plausible initial values
– Check concurvity
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● First tests with BOBYQA
– Local search through quadratic approximation
– No need of derivatives
– Fast… but sensitive to starting points

● CMA-ES (Hansen, 2006) - python
– Metaheurstic local sampling
– Several tests

● Modifications of starting points
● Size of population CMA-ES

– Converge (almost always to the same solution)

● Coupling with Autodif

Tabasco calibration
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Autodif

Tabasco postcalibration



p. 59Atelier GDR Mascot-Num

● Check traces of CMA-ES
● Check Hessian matrix from 

Autodif
● Check patterns in outputs => 

selection of most relevant 
model structure

Tabasco postcalibration
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Mexico: ODDO and decision trees
Mahévas, S., Picheny, V., Lambert, P., Dumoulin, N., Rouan, L., Soulié, J.-C., Brockhoff, 
D., et al. 2019, December 19. A Practical Guide for Conducting Calibration and Decision-
Making Optimisation with Complex Ecological Models. Preprints. 
https://www.preprints.org/manuscript/201912.0249/v1
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