
HAL Id: hal-03789540
https://hal.science/hal-03789540

Submitted on 27 Sep 2022

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Modelling in agronomy
Christophe Lecarpentier

To cite this version:
Christophe Lecarpentier. Modelling in agronomy: Model calibration : how to estimate model param-
eters. Master. France. 2022. �hal-03789540�

https://hal.science/hal-03789540
https://hal.archives-ouvertes.fr


p. 1

Modeling in agronomy
Model calibration : how to estimate model parameters

Christophe Lecarpentier, chercheur INRAE

Unité Génétique Diversité et Ecophysiologie des Céréales (GDEC)

christophe.lecarpentier@inrae.fr



p. 2

Plan du cours
Modeling in agronomy : Parameter estimation
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Introduction
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What is a model ?
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Introduction
Reminders: what is a model ?
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Introduction

𝑔𝑟𝑜𝑤𝑡ℎ𝑟𝑎𝑡𝑒 = 𝑎 × 𝑇 + 𝑏

𝑔𝑟𝑜𝑤𝑡ℎ𝑟𝑎𝑡𝑒 = 𝑓(𝑇)

𝑎 = 1.254
𝑏 = 7.918

Reminders: what is a model ?
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Introduction
What is a model ?
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Introduction
How to build a model ?
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Introduction

𝑓𝑙𝑜𝑤 =
(𝑃0 − 𝑃1)𝜋𝑥

4

8𝐿𝜂
𝑃0 = 𝑅𝑇𝑠0 𝑃1 = 𝑅𝑇𝑠1

η

How to build a model ?
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Introduction

𝑓𝑙𝑜𝑤 =
(𝑃0 − 𝑃1)𝜋𝑥

4

8𝐿𝜂
𝑃0 = 𝑅𝑇𝑠0 𝑃1 = 𝑅𝑇𝑠1

η

concentration physical properties

η

How to build a model ?
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Introduction

𝑓𝑙𝑜𝑤 =
(𝑃0 − 𝑃1)𝜋𝑥

4

8𝐿𝜂
𝑃0 = 𝑅𝑇𝑠0 𝑃1 = 𝑅𝑇𝑠1

How to build a model ?
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Introduction
Different kind of models

Deterministic models

Stochastic models

Statistical models

Mechanistic models
Functionnal models

Ref : Addiscot and Wagenet, 1985, JSoilSc

Mechanistic models Non-mechanistic models
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Introduction
Triangle of plant modeling

Aggregated models

Process-based

models

Ref : Kurth, 1994 ; Bornhofen 2009

Structural

models

FSPM

Simple

Complex
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Introduction
Plant models in agronomy

Crop Models

Functional Structural Plant Models

Ref : Passioura, 1996
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Introduction
Plant models in agronomy

Crop Models

•

•

•
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Introduction
Plant models in agronomy

Example of Sirius

Ref : Jamieson, 1998

TemperaturePhotoperiod Incoming light Humidity N fertilization

Crop phenology

Root growth

Leaf Area Index

Crop biomass

Grain biomass

N soil

N crop

N soil
mineralisation

N grain

Rainfall
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Introduction
Plant models in agronomy

Functional Structural Plant Models

•

•

•

•

•

Ref : Bonrnhofen, 2009
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Introduction
Plant models in agronomy

Functional Structural Plant Models

1

apex

internode leaf

bud
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Introduction
Plant models in agronomy

Functional Structural Plant Models

Step 1
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Introduction
Plant models in agronomy

Functional Structural Plant Models

Step 1

Step 2
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Introduction
Plant models in agronomy

Functional Structural Plant Models

Step 3

Step 1

Step 2
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Introduction
Plant models in agronomy

Functional Structural Plant Models

L string

Step 3

Step 1

Step 2

Step 4
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Introduction
Plant models in agronomy

Functional Structural Plant Models

•

•

•

•

•

ADEL-Wheat

Ref : Fournier et al. 2003 ; Abichou et al. 2018
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Introduction
Plant models in agronomy

Functional Structural Plant Models

Ref : Barillot, AoB, 2014

•

•

•

•

•

•

•

L-Pea
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Introduction
Plant models in agronomy

Functional Structural Plant Models

•

•

•

•

WALTer

Ref : Lecarpentier et al. 2019 ; Blanc et al, 2021
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What is a parameter ?
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Introduction
What is a parameter ?

Variable

Parameter

Constant
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• 𝐸𝑅𝑛
𝐵

• 𝐿𝑛
𝐵

• 𝐿(𝑛−1)
𝑆

• 𝐸𝐷𝐵

• 𝑃ℎ𝑙

Introduction
What is a parameter ? Examples

𝐸𝑅𝑛
𝐵 =

𝐿𝑛
𝐵 − 𝐿(𝑛−1)

𝑆

𝐸𝐷𝐵 × 𝑃ℎ𝑙

Parameter

Variable
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• 𝑇𝑓

• 𝜌

• 𝑀𝑤

• 𝑅

• 𝑇

• 𝐴𝑓

• 𝐻𝑓

• 𝐻𝑎

Introduction
What is a parameter ? Examples

𝑇𝑓 = 𝜌 ×
𝑀𝑤 × 𝑝∗

𝑅 ×𝑇
× 𝐴𝑓 × 𝐻𝑓 − 𝐻𝑎

𝑝∗ = 0,0088048 × 𝑒0,0547 (𝑇 −273,15)

Parameter

Variable

Constant
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•

•

•

•

•

•

Introduction
What is a parameter ? 
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•

•

•

•

Introduction
What is a parameter ? 

𝐿𝑛
𝐼 = 𝑎 × 𝑛 + 𝑏 2

𝐻 = ෍

𝑛=1

𝑛𝑚𝑎𝑥

𝐿𝑛
𝐼

WALTer model



p. 33

Introduction
What is a parameter ? 

ArchiSimple model
- Dmin: Minimal diameter
- Dmax: Maximal diameter
- DlDm: Hierarchy slope
- IBD: Inter-Branch Distance
- VarD: Variation of diameter
- ELT: Elongation rate per diameter
- Tgravi : gravitropism of root system
- Igravi : gravitropism of root system
- DelBEl : Delay Before root Elongation
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•

•
•

Introduction
What is a parameter ? 

Accurate equations and concepts are not 

enough to use properly a model. We also

need accurate values of parameters
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What is model calibration ?
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Introduction
What is model calibration ? 

Wang, Kemanian and Williams (2011)
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Introduction
What is model calibration ? 

•

•

•

•
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Why do we need to 

calibrate a model ?
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•

•

•

•

Introduction
Why do we need to calibrate a model ? 
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How do we

calibrate a model ?
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Introduction
How to calibrate ? 

Estimate the parameters of a 

simple function

Estimate some parameters of a 

systemic model

using Least Square Method or Likeli-hood Method
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Estimate the parameters of a simple 
function
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Estimate the parameters of a simple function
Steps for parameters estimation (using R)

1. Choose the shape of formalism

2. Run the algorithm for estimation

3. Calculate errors of predictions

Estimate parameters that minimize as much as possible the error of prediction.
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Estimate the parameters of a simple function
Estimation by Ordinary Least Square method

Errors of predictions are usually estimated as sum of squared errors

M𝑆𝐸 =
σ𝑖=1
𝑛 𝑌𝑖 − ෡𝑌𝑖

2

𝑛

𝜀1

𝜀2

𝜀3 𝜀4

𝜀5

𝜀6

෍

𝑖=1

𝑛

𝑦𝑖 − 𝑓 𝑥𝑖; 𝜃
2

M𝑆𝐸 =
1

6
×෍

𝑖=1

6

𝜀𝑖
2

RM𝑆𝐸 =
σ𝑖=1
𝑛 𝑌𝑖 − ෡𝑌𝑖

2

𝑛

residuals

RM𝑆𝐸 =
1

6
×෍

𝑖=1

6

𝜀𝑖
2

Errors =
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Estimate the parameters of a simple function
Estimation by Ordinary Least Square method

Example 1:

𝑊𝑒𝑖𝑔ℎ𝑡 = 𝑎 × 𝐴𝑔𝑒 + 𝑏

linear
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Estimate the parameters of a simple function
Estimation by Ordinary Least Square method

Example 1:

𝑊𝑒𝑖𝑔ℎ𝑡 = 𝑎 × 𝐴𝑔𝑒 + 𝑏

linear
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Estimate the parameters of a simple function
Estimation by Ordinary Least Square method

Example 2:
logistic

𝑊𝑒𝑖𝑔ℎ𝑡 =
𝑊

1 + 𝑒𝐵−𝐶×𝑇ℎ𝑒𝑟𝑚𝑎𝑙𝑇𝑖𝑚𝑒
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Estimate the parameters of a 
complex model
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Estimate the parameters of a complex model
Presentation of the maize crop model

•

•

•

𝑇𝑇𝑑𝑎𝑦+1 = 𝑇𝑇𝑑𝑎𝑦 + ∆𝑇𝑇𝑑𝑎𝑦
𝐵𝑑𝑎𝑦+1 = 𝐵𝑑𝑎𝑦 + ∆𝐵𝑑𝑎𝑦
𝐿𝐴𝐼𝑑𝑎𝑦+1 = 𝐿𝐴𝐼𝑑𝑎𝑦 + ∆𝐿𝐴𝐼𝑑𝑎𝑦
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Estimate the parameters of a complex model
Presentation of the maize crop model

∆𝑇𝑇𝑑𝑎𝑦= 𝑚𝑎𝑥
𝑇𝑑𝑎𝑦
𝑚𝑖𝑛 + 𝑇𝑑𝑎𝑦

𝑚𝑎𝑥

2
− 𝑇𝑏𝑎𝑠𝑒 ; 0
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Estimate the parameters of a complex model
Presentation of the maize crop model

∆𝐿𝐴𝐼𝑑𝑎𝑦= 𝛼 × ∆𝑇𝑇𝑑𝑎𝑦 × 𝐿𝐴𝐼𝑑𝑎𝑦 ×max 𝐿𝐴𝐼𝑚𝑎𝑥 − 𝐿𝐴𝐼𝑑𝑎𝑦; 0 𝑖𝑓 𝑇𝑇𝑑𝑎𝑦 ≤ 𝑇𝑇𝐿

∆𝐿𝐴𝐼𝑑𝑎𝑦= 0 𝑖𝑓 𝑇𝑇𝑑𝑎𝑦 > 𝑇𝑇𝐿

•

•

•

•

•
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Estimate the parameters of a complex model
Presentation of the maize crop model

∆𝐵𝑑𝑎𝑦= 𝑅𝑈𝐸 × 1 − 𝑒−𝐾 ×𝐿𝐴𝐼𝑑𝑎𝑦 × 𝐼𝑑𝑎𝑦 𝑖𝑓 𝑇𝑇𝑑𝑎𝑦 ≤ 𝑇𝑇𝑀

∆𝐵𝑑𝑎𝑦= 0 𝑖𝑓 𝑇𝑇𝑑𝑎𝑦 > 𝑇𝑇𝑀 •

•

•

•

•
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Estimate the parameters of a complex model
Presentation of the maize crop model
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Estimate the parameters of a complex model
Presentation of the maize crop model
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Estimate the parameters of a complex model
Steps to follow
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•

•

•

•

•

•

•

Estimate the parameters of a complex model
1 - Select which parameters to estimate
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•

•

•

•

•

•

•

Estimate the parameters of a complex model
1 - Select which parameters to estimate
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•

•

• [0.5 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒 ; 2 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒]

• [0.75 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒 ; 1.5 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒]

• [0.1 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒 ; 10 × 𝐵𝑎𝑠𝑒𝑉𝑎𝑙𝑢𝑒]

•

•

•

•

•

2 – Design a relevant simulation scheme

Estimate the parameters of a complex model

Define range of variations of parameters

For the first try

If high impact

If low impact

RUE= A, range = [Amin; Amax]
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•

2 – Design a relevant simulation scheme

Estimate the parameters of a complex model

Define the shape of the simulation scheme : 
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•

2 – Design a relevant simulation scheme

Estimate the parameters of a complex model

Define the shape of the simulation scheme : 

•

First run
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•

•

2 – Design a relevant simulation scheme

Estimate the parameters of a complex model

Define the shape of the simulation scheme : 

Regular grid

Latin hypercube

•

•

•

•

•

•

•

•

•

•

•

•

•
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•

•

•

3 – Run n time the model

Estimate the parameters of a complex model

N simul alpha RUE K
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•

•

•

3 – Run n time the model

Estimate the parameters of a complex model

N simul alpha RUE K
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•

•

•

3 – Run n time the model

Estimate the parameters of a complex model

N simul alpha RUE K
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•

•

•

3 – Run n time the model

Estimate the parameters of a complex model

N simul alpha RUE K

•
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•

•

Estimate the parameters of a complex model
4 – Evaluate Parametrisation: calculate indicators (MSE, RMSE, etc.)

M𝑆𝐸 =
σ𝑖=1
𝑛 𝑌𝑖 − ෡𝑌𝑖

2

𝑛

Several estimators of goodness of fit 

RM𝑆𝐸 = 𝑀𝑆𝐸

Mean Squared Errors

•

Root Mean Squared Errors

All data 
(whole dynamic)

RRM𝑆𝐸 =
𝑅𝑀𝑆𝐸

ത𝑌
•

•

•

Relative Root Mean Squared Errors

Model Efficiency

EF = 1 −
σ𝑖=1
𝑛 𝑌𝑖 − ෡𝑌𝑖

2

σ𝑖=1
𝑛 𝑌𝑖 − ഥ𝑌𝑖 2

•

•
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•

Estimate the parameters of a complex model
4 – Evaluate Parametrisation: calculate MSE, RMSE, etc.

M𝑆𝐸 =
σ𝑖=1
𝑛 𝑌𝑖 − ෡𝑌𝑖

2

𝑛

Example of two simulations

RM𝑆𝐸 = 𝑀𝑆𝐸

MSE = 1.056

RMSE = 1.028

MSE = 3.383

RMSE = 1.839

RRMSE = 0.267 RRMSE = 0.478

EF = 0.82 EF = 0.44



p. 69

•

•

3 – Run n time the model

Estimate the parameters of a complex model

N simul alpha RUE K MSE_B RMSE_B RRMSE_B EF_B MSE_LAI RMSE_LAI RRMSE_LAI EF_LAI
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Estimate the parameters of a complex model
4 – Evaluate Parametrisation: visual evaluation

1 parameter to calibrate : alpha
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Estimate the parameters of a complex model
4 – Evaluate Parametrisation: visual evaluation

1 parameter to calibrate : alpha

•

•

•
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Estimate the parameters of a complex model
4 – Evaluate Parametrisation: visual evaluation

2 parameters to calibrate : K and RUE
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Estimate the parameters of a complex model
4 – Evaluate Parametrisation: visual evaluation

2 parameters to calibrate : K and RUE



p. 74

Estimate the parameters of a complex model
4 – Evaluate Parametrisation: visual evaluation

2 parameters to calibrate : K and RUE

•

•
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•

•

Estimate the parameters of a complex model
5 – Evaluate Parametrisation: visual evaluation
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•

•

Estimate the parameters of a complex model
5 – Evaluate Parametrisation: visual evaluation
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•

•

Estimate the parameters of a complex model
5 – Evaluate Parametrisation: visual evaluation

Choose the way you
calibrate your model
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Just two reminders



p. 79

Introduction
How to build a model ?
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Estimate the parameters of a complex model
Steps to follow

1.

2.

3.

4.

5.


