The needs for data: can remote sensing be used for crop
models’ inputs?

Davide Cammarano

nvironmental Variable

time step Inputs for one
time step

Model foop G "
rowt

Development o parameters
parameters —v—"

7 N
Development $ Interception
routine

4
V Y
U RD U E Partioring | _a|  Assimiaion (<

status




Outline

* Definition of crop simulation models

* Data needed by crop models

* Remote sensing of crop models’ parameters
* Future prospective

* Conclusions

PURDUE



Introduction: Definition of crop simulation models

System models (CSM) consist of a set of equations describing underlying processes, which
are then coupled together to create a model that describes a system

transferability of field-based research;

» High costs of field experimentation (“complement field experimentation”);

» Climate related risks;

» Crop models are only an approximation of the real world;

» Nevertheless, they have played important roles in the interpretation of agronomic

results, and their application as decision support systems for farmers is increasing.

Wallach et al., 2020; Hoogenboom et al., 2019



Crop Simulation Models (CMS): Input

o Based on the understanding of the interactions between plants, soil, weather, management interactions

o Require information (Inputs), such as:
o Sall
o Weather (daily/hourly)
o Cultivar characteristics
o Management

o Predict growth, yield, timing (and depending on models many other outputs)

weather

Daily weather Inputs

Crop characteristics inputs Agronomic
Management inputs

Soil properties and initial
conditions



Model calibration and response

« Commonly, on crop models, the parameters are estimated by studying the system and
estimate the parameters (or a subset) by fitting the overall system model to the system data.

« Usually, the parameters to calibrate are the ones that define a cultivar. Often, some soil
inputs need to be quantified if not measured (e.g. hydraulic properties).

« The parameters to calibrate vary by model (e.g. for defining a cultivar some models have
4 and some have 20+ parameters to calibrate).

Phenology (e.g. flowering; maturity) ~| Dry matter |~ LAI & SLA H Dry matter |mmmp| Yield | | Dry matter

| I 1 1 11

5 parameters 2 parameters 5 (2) parameters
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Boote, 1994; Wallach et al., 2020



Data for models’ calibration and evaluation

https://bigdata.cgiar.org/blog-post/webinar-minimum-data-requirements-for-crop-modeling/

Platinum — Highest quality observed experiment data for
model intercomparisons, evaluation, and improvement,
with full complement of variables, including in-scason
and end-of~scason measurements

Gaold - Higher-quality observed data from agronomic
experiments for model calibrations and intereomparisons,
and evaluation, with a mid-range amount of variables,
including in-season phenology and end-of-sexson data

\\

Silver — High-quality observed data from variety trials
for model calibrations and evaluation, with a minimum
sel ol variables, end-of-season data, possibly in-season
phenvlogy. Soil and weather not well known,

\

e

Copper — Fair-quality observed data from famm surveys
and some varicty trials, with end-of-season data, Soil
and weather and managemeant often not well known.

Fig. 1. Sentinel site rating criteria as developed by the Agricultural Model Intercomparison and
Improvement Project (Rosenzweig et al., 2013; Kersebaum et al., 2015).
P ject ( £ ' i ’ ) Boote et al., 2016

Webinar - Minimum Data
Requirements for Crop
Modeling

CGIAR Webinar by the Platform for Big Data in Agriculture’s Community of Practice on
Crop Modeling — Minimum Data Requirements for Crop Modeling

MINIMUM DATA
RE EMENTS FOR CROP
MODELING

Presented by the Crop
Modeling Community of
Practice




Model calibration & evaluation

A spring barley cultivar calibrated and evaluated on a field experiment (Water and Nitrogen)

The same cultivar was grown in a farmer’s field.

IF initial soil conditions and all the input needed are

available the model performs well in simulating observed

data
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Remote Sensing

> Attractive because it has a spatial and temporal component
» Offers potential to obtain data for:

** Crop models parameters

o FPAR, canopy cover, biomass, canopy N, LAI 1

’:’ I n p Ut d ata Bl:Jsso etal., 2011

o soil properties (e.g. through inverse modeling to calibrate for others)



Example of crop parameters

» Phenology-derived RS data are more challenging if real-time information are
needed

» Temporal patterns of Vegetation Indices might be able to provide some
phenology information.
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» Crop height
» Crop aboveground biomass

» FPAR
» Canopy ET (e.g. multispectral cameras + fcover)

14JUN-2013

Example of crop parameters
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Example of crop parameters

» Thermal cameras, combined with optical/multispectral cameras, can
provide information on water-stress resistant genotypes;

» Useful indirect information to water balance and onset of
pest/diseases;

» Information on Canopy Temperature (CT)
» CT + water index for estimation of water uptake

Jin etal., 2020



Example of crop parameters: nitrogen content

Contemporary presence of water and N stress

Canopy N% at different growth stages

y=0.94x + 0.15
4r’=0.97
RMSE=0.20 g Nm’”
1R E=6%

Ise= 0.19

® AusDC30
O TItaDC 30

Plant N content simulated (g N m'z)
O = N W A Ly

r 2 3 4 5 6 7

Plant N content measured (g N m'z)

N [g N m2]=[(%N,,., - %N,,,)*(1.86*CCCI—0.346) + % N ,,.]{(dry biomass/100)

Linkage to CSM is through Biomass or N

-

Cammarano 2010; Cammarano et al., 2011



Example of soil input

Great potentiality to link proximal soil sensors’ information to soil input (e.g. texture,
organic matter, bulk density):

 Ground-truth needed

Alluvial Field 1, Point 8 10 em
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Hovazenetal, 2020 30 40 50 60 Zhao et al., 2019

Fig. 6. Areal distribution of predicted clay content in 3D view.



Example of soil input

Soil resistivity is also a proxy for variability of soil properties:
« Great potential for the information of rooting depth;
 Subsoil constrains;

 Texture;

* Moisture.
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Cillisetal.,, 2018



Example of crop parameters: LAI

» Key parameter in photosynthesis and evapotranspiration;

» Often at the center of remote sensing assimilation in crop models;
» Above LAI >3 remotely sensed indices tend to saturate (most of them).

Studies that used a given Target Variable to parameterize crop models with the objective to
simulate:

g e [
LAI 41 Yield 34
FAPAR LAI 10

ET
N

ET

Biomass 4
Flowering

Soil Moisture
RUE

P 2, W W

Soil moisture



Is yield only affected by LAI?

Yield is the resultant of many dynamic (spatial and temporal) factors:

Agronomy

Crop Modelling

Soil Weather Temper'a;:re

L —— o —
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X . ' ¥ *
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{ Yleld \ \ irrigation EEDonyltiees Transy
- 4
l\ \ \_// ’ ‘-’erﬂl.lzan‘.'.ar* Canopy
—_ . tillage t development
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d N N el » Water uptake
Management . g '
Drainage
N leaching

Chenuetal, 2017

Trends in Plant Science



Example of crop parameters: LAI

A crop model can simulate with a given
accuracy crop biomass, N uptake and

yield and still over-estimate LAI
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Example of crop parameters: LAI

“Initial conditions” like soil water and soil mineral N are very important boundary conditions

LAl being modelled as an expansive growth process is very sensitive to water stress

IF the users do not pay attention to either initial condition or the quality of their soil they might

parameterize LAl wrongly

In crop models LAl is only one of the expansive growth processes

Why this gap?

1. Are my initial conditions wrong?

2. Are my soil data accurate?

3. Am I simulating too much/little water stress?
4. How LAl is simulated in the CSM?

O
!

_/

Available Water Capacity by Soil Texture
Available Water Capacity

Textural Class (Inches/Foot of Depth)
Coarse sand 0.25-0.75
Fine sand 0.75-1.00
Loamy sand 1.10-1.20
Sandy loam 1.25-1.40
Fine sandy loam 1.50-2.00
Silt loam 2.00-2.50
Silty clay loam 1.80-2.00
Silty clay 1.50-1.70
Clay 1.20-1.50

Water in soil (in./ft.)

Sand Loam

. Excess or gravitational water

. Available water no plant stress

- Available water plant stress possible

. Unavailable water

Silty Clay Loam

— Available Water Capacity

Noble Institute



Methods of integration between RS and CSM

They were idealized for landscape modelling and with a simplified version of a CSM

=l — :
time step inputs for one
time step
Model foop
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Developmenit
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.

Partitioning

interception
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_/ Assimilation

=

Delecolle et al., 1992

There are many successful examples of data
assimilation between CSM and RS at landscape level
(e.g. de Wit et al...; Donohue et al., 2018)



Example of crop parameter: LAI

Simplified representation of the calibration (from Boote, 1994; CROPGRO):

LAl is one of the multi-parameters to calibrate

Phenology (e.g. flowering; maturity) ~| Dry matter |~ LAl & SLA H Dry matter [mmm)| Yield | | Dry matter
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Digital twinning

Real tomato crop Data processing Virtual tomato crop

Parameter/state estimation
b — | el

Greenhouse model

"l . =
Control & decision support
Genotype selection

Il | | |

N
Stakeholders: 0e®
growers, breeders, consultants, suppliers '-‘

https://www.wur.nl/en/Persons/Jochem-dr.-JB-Jochem-Evers.htm



Future outlook

* Nanosensors will be able to provide useful information regarding crop status/stress
 Dong et al. (2017) developed a nanosensor that can detect relative humidity at leaf
level

 Models’ based on machine learning (can replace CSM?)

* Link with concepts of Precision Agriculture
* GxExMxSpatial

90+

Leaf surfage RH (%)

~
o
T

a
=]

. 3en:
200 0 50 100 150 200
Time (min)

PURDUE

Dong et al., 2017



Conclusion

* Digital twinning will become an important tool for integrating
crop models’ and sensing;

 Each crop model is different, therefore understand assumptions
and main processes simulated,;

« When using a crop model “system-based” approach thinking is
important;

* Ground truthing is important.
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