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1. Agriculture as combination of soil & vegetation components

2. Crop biophysical variables retrieval with optical RS

3. Soil parameters retrieval with optical RS

4. Sampling procedures for ground measurements

5. Agronomical variables 
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LAI, fAPAR, fCover, pigments etc



Spectral Traits by EO (variables and proxy) 

Taxonomic
diversity

•Biochemical & 
biophysical

•Physiological
& functional

•Structural

Structural
diversity

•Physiognomic & 
morphological

•Phenology & 
senescence

•Stress

Functional
diversity

•Phenotypical

•Aggregated

Overview of the crop/plants’ diversity that can be derived by EO



Structural

EO related traits 
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Taxonomical
Spectral Traits

A.Lausch et al. Ecological Indicators 70 (2016) 



“Agriculture and Food security” domain

EO Products Description Unit
EO product 

maturity level 
Notes

CLAY Percentage of clay in the first 30 cm of soil % medium

SILT Percentage of silt in the first 30 cm of soil % medium

SAND Percentage of sand in the first 30 cm of soil % medium

SOC Percentage of organic carbon in the first 30 cm of soil % low

limited to mechanically 

prepared bare ground

Soil
components

EO 

Products
Description Unit

EO product 

maturity level 
Notes

LAI Leaf Area Index - high

Cab
Chlorophyll a and b Content of in leaves per unit 

of area
mg cm

-2 high

FPAR
Fraction of photosynthetically 

active radiation absorbed by vegetation cover
- high

limited to herbaceous 

crops

Vegetation
components



Variables of interest for agriculture

Agricultural
components

EO 

Products
Description Unit

EO product 

maturity level 
Notes

YLD  Crop production t ha
-1 low

QN Content of nitrogen in the aboveground biomass % low

GN Nitrogen content in grain % low

Nres
nitrate nitrogen (NO3-N-) in the soil at the end 

of crop cycle
kg ha

-1 low

limited to a cereal 

crop to be defined

Require models assimilation for biophysical products 
(e.g. LAI, fAPAR, fCover, Albedo etc.) and their dynamics



Biophysical Variables of interest for agricultural user 
community

Survey of the user needs to 
highlight the most relevant 
RS layers in terms of: 

• relevance for the 
Copernicus Information 
needs; 

• algorithms readiness; 

• EO data availability



Agricultural soils

Tillage operations in agricultural fields make topsoil (0-30cm) properties, such as texture (clay, 
silt and sand) and soil organic content (SOC), measurable from the surface. 

The 0.4-2.5µm spectral region has shown the capability to retrieve topsoil properties, so reducing 
the costs of collecting and analyzing soil samples, with great application potential, especially in 
the context of precision agriculture. 

Soil chromophores
….soil reflectance 
conveys information 
from the topsoil 
surface only



Agricultural soils

RS data 

(S2, GF1, GF4, 
PRISMA etc)

Spatial and 
temporal
resolution

Retrieval
Algorithms

(PLSR, RF, 
Spectral

Features)

Topsoil
propetries

(texture; SOC)

Accuracy
Assessment

Chemometrics and multivariate calibrations are 

used to obtain models that relate soil properties 

to spectral variables, such as:

• multiple linear regression (MLR), 

• stepwise multiple linear regression (SMLR), 

principal components regression (PCR), 

• partial least-squares regression (PLSR), 

Random Forests (RF) 

• Support vector machines (SVM) 
(Stenberg et al., 2010; Terra et al., 2015).



Agricultural soils

Soil properties have been spatialized by applying 
block kriging on the field data.

http://worldsoils2019.esa.int/

SM (gaussian model) SOC 400-600 nmClay SWIR FI



Agricultural soils

http://worldsoils2019.esa.int/

Grosseto (IT) experiments, 2018



Agricultural soils

http://worldsoils2019.esa.int/

The RPIQ values depict a non optimal prediction of the considered soil variables. High RPIQ 
values were obtained only for clay. Similar low prediction performances are identified for airborne 
data (APEX and AVIRIS) for the other soil properties.

Grosseto (IT) experiments, 2018



Agricultural soils
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The reflectance can be split 
into two terms: a fraction, 
that is reflected at the leaf 
surface and a fraction that is 
caused by multiple scattering 
within the leaf tissues

The sum of the 
reflectance R, 
transmittance T, 
and absorptance A, 
equals one

Leaf light interception



Leafs energy capture, pigments

Structure of a plant leaf and its interaction 
with incident visible and NIR radiation
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Kuska, M. Tet al. 2018https://doi.org/10.1515/pac-2018-0102

https://doi.org/10.1515/pac-2018-0102
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Leaves with widely varying pigment contents and 
composition. 
• green shaded area is controlled by Chlorophyll;
• red shaded area: Anthocyanins and Chl;
• grey shaded area: jointly by Chl, Carotenoids, AnC and 

Flavonoids

Leafs energy capture: pigments



Leafs energy capture, pigments
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RTM

Radiative transfer models of leaf biophysical processes have been used to 
directly estimate biochemical composition and structural characteristics. 

RTM is used to study spectral transmission or signature of plants, light 
reflected or emitted from plant and amount of energy absorbed.

There are two main categories of RTMs:
• Homogeneous Models

• Heterogeneous Models



RTM

Automated Radiative Transfer Models Operator (ARTMO) Graphic User Interface (GUI) http://artmotoolbox.com

PROSAIL Model: PROSPECT + SAIL
• PROSPECT: determine leaf reflectance and transmittance signatures in 

the optical domain;

• SAIL: canopy reflectance models.



S2ToolBox

https://step.esa.int/docs/extra/ATBD_S2ToolBox_L2B_V1.1.pdf



RTM: PROSAIL 

1. Chlorophyll a + b concentration Cab [μg/cm2]

2. Equivalent Water Thickness Cw [g/cm2]

3. Dry Matter Content Cm [mg/cm2]

4. Leaf length / Leaf height hSpot [m/m]

5. Carotenoid content, Car [µg/cm2]

6. Brown pigment content Cbrown [-]

7. Structural Coefficient N [-]

8. Leaf Area Index LAI [m2/m2]

9. Average leaf angle Angl [°];

10. Soil Soil brightness factor psoil [-];

11. Diffuse/direct radiation Skyl [-]

12. Solar zenith angle between sun position and with 
respect to zenith tts [°]

13. Observer zenith angle between observer (sensor) 
position and with respect to zenith. tto [°]

14. Relative azimuth angle between sun - sensor position 
with respect to North. psi[°]



Dammer M. Remote Sens. 2019, 11, 
1150; doi:10.3390/rs11101150

Sensitivity Analysis 

Global Sensitivity Analysis of the coupled ROSPECT-5b and 4SAIL models



https://enmap-box-lmu-vegetation-apps.readthedocs.io/en/latest/

Interactive Visualization of Vegetation Reflectance 
Models (IVVRM) tool 

https://enmap-box-lmu-vegetation-apps.readthedocs.io/en/latest/


Vegetation Reflectance Models IDL tool 

S2 reflectance inverted with the 
IDL code VNIR Hyperspectral on drone



Retrieval of vegetation biophysical variables 

Vegetation variables was retrieved by using different approaches:
• statistical i.e. build expressions (fitting techniques) to relate spectral bands to specific

biophysical parameter. They can be parametric or not parametric

• based on the inversion of RTM, i.e. 
numerical optimization and LUT based 
inversion. Various regularization strategies 
are implemented to optimize the inversion, 
including: 
i) the use of prior knowledge to restrict input 

variables variability; 
ii) the use of different cost functions; 
iii) the use of multiple best solutions of the 

inversion instead of the single best solution. 



PROSAIL 
PARAMETERIZATIONS

1. General Data Set with 
Gaussian  distrib. (GG)

2. Specific Data Set with 
Gaussian  distrib. (SG)

PROSPECT 
+ SAIL

LAI 
estimation

SOIL Spectra
Typical soils from: 
1. Site specific spectral library 
2. General library 

GAUSSIAN NOISE 
ADDITION

1. No noise
2. Default noise level 

(Verger&al.2011)
3. Reduced noise (1/2 

of default)

BAND SELECTION
1. All 31 bands
2. Bands proposed by Verger et

al., 2011 & Wu et al 2008
3. After selection algorithm

SIMULATED 
REFLECTANCES

MISMATCH 
FILTERING 

1. Yes
2. No

Training 
5 neural networks each 

variable

Neural network 
application

Hyperspectal
sensor sample 

Spectra

NN applied to PROSAIL

Neural Network algorithm used to 
estimate the leaf area index (LAI) using
canopy reflectances from an hyperspectral
satellite sensor



Empirical relationship

RS data

Bands
combination

Checks data Q

Regression
models

Residual analysis

Remedial
measures

PredictionTraining 
data

Validity
checks

Regression model

Fitting
technique?

Suitable CAL 
data set?

Suitable VAL 
data set?

Experimental
configuration
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Dependent variables

Reflectances or vegetation index or other optical related variables.
For a selection of possible vegetation index: https://www.indexdatabase.de/



Fitting Techniques

Simple regression: is a statistical tool for quantifying the relationship 
between just one independent variable and one dependent variable based 
on observations

Machine learning: is more complex and can be based  based on the value 
of one or multiple predictor variables (x).

• Are very fast when determined
• Training could be time demanding when using large data set
• Accuracy is strictly dependent by the training set
• Normally refers to a single variable of interest



Fitting Techniques

Machine Learning perform better; decreased Performances on ground dataset

Maccarese (IT) Shunyi (China)



Biophysical Variables vs crop processes

F. Baret web resources



Leaf area Index (LAI) definition

LAI is defined as half the developed area of photosynthetically
active elements of the vegetation per unit horizontal ground 
area [m2/m2].

• Is an intrinsic canopy primary variable that should not 
depend on observation conditions. 

• LAI practically, quantifies the thickness of the vegetation 
cover.

• LAI is strongly non-linearly related to reflectance
• LAI is mainly corresponding to the green elements: the 

correct term to be used would be GAI (Green Area Index) 
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Leaf area Index (LAI)
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Pan, H., et al. 2019



fAPAR definition

• FAPAR is defined as the fraction of photosynthetically active radiation (PAR) 

absorbed by a vegetation canopy. PAR is the solar radiation reaching the 

canopy in the 0.4–0.7 μm wavelength region. 

• Ground-based estimates of FAPAR require the simultaneous measurement of 

PAR above and below the canopy. 

• FAPAR is a key variable in the assessment 

of vegetation productivity and yield 

estimates.

• Fraction of absorbed photosynthetically

active radiation (FAPAR)  (400-700nm) is 

one of the main trait used in the 

production efficiency models. 



fAPAR definition

APAR=PARinc− PARout− PARtrasm+ PARsoil quantity absorbed by the veg.

incoming PAR (PARinc), reflected by canopy and soil (PARout), transmitted through the canopy (PARtransm); reflected by the soil (PARsoil)

FAPAR=APAR/PARinc

FAPAR = [(PARinc– PARout) – (PARtrasm– PARsoil)]/ PARinc ; norm. between 0-1

fAPARgreen=fAPAR×(LAIgreen/LAItotal)

A common approach is the use of vegetation indices (VI), combinating visible and 

near-infrared reflectance 



Measuring vegetation status by VIs

Vegetation indices

Vegetation indices are designed to 
maximize sensitivity to the 
vegetation characteristics while 
minimizing confounding factors such 
as soil background reflectance, 
directional, or atmospheric effects.

Indices exploit specific spectral 
properties of vegetation

Are potentially illimited



Leaf area Index (LAI)

Xie, Q., Dash, et al.  (2018 IEEE Journal of selected topics in applied earth observations and remote sensing, 11(5), 1482-1493.



http://www2.geog.ucl.ac.uk/~plewis/climate/lai.html

The MODIS-retrieved fAPARgreen/NDVI relationships for maize (2001-
18)  and soybean (sparce years) in vegetative stage

Gitelson et al., RSE 147, 2014)



Biophysical variables retrieval from index

Empirical Transfer Functions

Vegetation indices, based on spectral 
behavior of vegetation, are widely used for 
monitoring, analyzing, and mapping 
temporal and spatial variations of some 
biophysical parameters. 

They require an accurate calibration and 
validation base on ground measurements.



Estimation of leaf chlorophyll

Casa, R., Castaldi, F., Pascucci, S., Pignatti, S., 2014. Chlorophyll estimation in field crops: an assessment of handheld leaf meters and spectral reflectance measurements. Journal of Agricultural Science, 153, 876-890. 

Relationships between vegetation indices and leaf chlorophyll proposed as ‘general 
purpose’ predictive models in the literature. 
ChlNDI: Richardson et al. 2002; CIred_edge: Ciganda et al. 2009; NDopt: Féret et al. 
2011; ChlRE_opt: Féret et al. 2011



Estimation of leaf chlorophyll from 
hyperspectral remote sensing

Casa, R., Castaldi, F., Pascucci, S., Pignatti, S., 2014. Chlorophyll estimation in field crops: an assessment of handheld leaf meters and spectral reflectance measurements. Journal of Agricultural Science, 153, 876-890. 



VIs in SNAP



Accuracy metrics 

Statistical metrics 

for accuracy/error 

assessment of the 

parameters 

retrieval

y are the observed variables, y ̂ are the estimated variables, n is the number of observations, σ and IQ are 
the standard deviation and the interquartile range, respectively



Spatial sampling vs GSD

5m gsd

30m gsd

10m gsd



S2, GF-1 for agriculture

GF-1 S-2



Sampling strategies

Duveiller at al., 2010 RSE

Theoretical boundaries in the pixel size–pixel purity space used to define the 

requirements for pixel crop growing



http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf

ESU

2
 G

S
D

ESU applied to the S2 Maccarese test site

http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf


http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf

ESU

campaigns carried out during the durum crop  
season from February to April 2018 (S2)

31-gen; LAI, Chl
16-feb; LAI, Chl , biomass
06-apr; LAI, Chl
20-apr; LAI, CHL, biomass

B041

B043

B050

B057
Q11

Q7

Q1

Q2

Q16

Q15

Q6
Q4

Q13
Q14

http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf


In situ data collection: field campaign in Italy 
(Maccarese 2018)

Study area is the Maccarese farm 
located in Central Italy, which is the 
second largest Italian private farm 
with about 3500 ha of agricultural 
fields (typically 10 ha or larger) was 
selected as study area. 

The farm is equipped with VRT and 
yield maps machinery.



RS data collection in Italy (Maccarese 2018)

Venus / S-2 reflectances

2018-04-26

xx

x x

S-2 Venus

2018-04-21



RS Validation using field campaign data in Italy 
(Maccarese 2018)

2018-04-21
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Chl SNAP R2 = -0,14; RMSE = 25,91 

Chl R2 = 0,27; RMSE =8,06

LAI SNAP R2 = 0,85; RMSE = 0,74

LAI R2 = 0,71; RMSE = 0,77



S2 & Venus vs time

RS Validation using field campaign data in Italy 
(Maccarese 2018)



S2/Venμs MTCI vs Chl

y = 0,0672x - 0,2953

R² = 0,8045; RMSE=0,5011
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RS Validation using field campaign data in Italy 
(Maccarese 2018)



Assimilation of RS data into crop models:

example of LAI, 
Biomass and Yield 
in China

Analysis about: 

• LAI 
• Biomass
• Height
• Yield
• Soil Moisture
• Soil Roughness



RS variables assimilation in crop models 

Yangling, Shaanxi, (China)

Type Date Measurements

Field Data 30/3/2013
High, density, SPAD, TDR, LAI , Fresh 

and dry Biomass

Field Data 27/4 2013
High, density, SPAD, TDR, LAI , Fresh 

and dry Biomass

Field Data 1/6/2013 TDR, Yield

Climate
2013

Precipitacion, Average wind speed, 

Temperature (min, MAX, average), 

sunshine duration

HJ1B 05/03/2013 multispectral

HJ1B 20/03/2013 multispectral

HJ1B 28/03/2013 multispectral

HJ1A 30/03/2013 multispectral

Landsat 8 03/04/2013 multispectral

HJ1A 07/04/2013 multispecral

HJ1A 26/04/2013 multipectral

HJ1A 11/05/2013 multispectral

Type Notes

Climate
Precipitation, Average wind speed, Temperature 

(min, max, average), Sunshine duration

Sowing Date
27 Sep, 7Oct, 20 Oct 2008
25 Sep, 5 Oct, 15 Oct 2009 
25 Sep, 5 Oct, 15 Oct 2010

Yield
measurament

Grain yield was measured following maturation from 
samples obtained from a 1.5 m 2 area in each plot, 

with three replications for each treatment.

Field
Management

List of different management, required only by
Aquacrop model

Biomass

Biomass was determined from a 0.25 m2 area by 
randomly cutting four representative plants from 

each plot . All plant samples were oven dried at 70°C 
to a constant weight, and final dry weight recorded. 

Canpy Cover 

Canopy Cover  was eximated as function of LAI 
(Hsiao et al. ) . The LAI-2000 Plant Canopy Analyzer 

(LI-COR Inc.,Lincoln, NE, USA) was used in 
measuring for determination of LAI.

Irrigation Day of irrigation, amount of irrigated water (in mm) 

Soil
Characteristics

Information s about: Field Capacity, Wilting Point and 
Saturation

Xiaotanshang, Beijing (China)



RS variables assimilation in crop models 

Crop ModelsLAI &
Canopy Cover Estimation



RS variables assimilation in crop models 

Regional Scale Application

Optimization Method on Aquacrop



LAI and Canopy Cover validation Comparison of two different models

Lai, yield VALIDATION

PSO-AquacropEnKF-SAFY



Regional Applicarion results: Yangling Rural Area  

2013

2014

71 km

3
3
 k

m

PSO-AquacropEnKF-SAFY


