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Introduction

e Digital agriculture: agricultural revolution made by the use of
sensors to assist in decision

e Data collected from sensors: massive, uncertain, correlated,
probably rich in information

@ Agronomic research: need to understand and predict with more
accuracy complex systems

e Statistical research: need to re-examine existing tools in order
to take into account some specific data

e Case of the INNOVINE project (LEPSE & SPO): link the

micro-environmental and compositional characteristics of the berry
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Design of experiments

e Experiment on the vineyard of
the INRAE /Institut Agro
campus at Montpellier in 2014
(Syrah vines)
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Data and questions

Data

@ Variable response:
Polyphenols contents
measured weekly via the
Ferari Index at a date d for
each individual 7 noted
FI;(d)

e Explanatory variables
(every 12 minutes on grape
berries):

e Temperature
A={At):teT;i=
1,....n; T'=dy; T =

da}

o Irradiance B = {B (t) :
teTl; 1=1,...,n; 1T =
dq; T =dy}
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Data and questions

Data Questions

@ Agronomy: how to extract
knowledge (from data) to explain
the influence of climate on the
development of a berry component

@ Variable response:
Polyphenols contents
measured weekly via the
Ferari Index at a date d for

each individual 7 noted quality
FI;(d) e Statistics: how to identify an
o Explanatory variables operator JF such that:
(every 12 minutes on grape
berries): AFIi(dy, d2) = FI;(d2) — FI;(d1)
o Temperature = F (A;(t),B;(t);t € T)

A={Ait):teT;i=
1,...,n; T'=dy; T =

da}

o Irradiance B = {B (t) :
teTl; 1=1,...,n; 1T =
dy; T =do}
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Data and questions

Data Questions

@ Agronomy: how to extract
knowledge (from data) to explain
the influence of climate on the
development of a berry component

@ Variable response:
Polyphenols contents
measured weekly via the
Ferari Index at a date d for

each individual 7 noted quality
FI;(d) e Statistics: how to identify an
e Explanatory variables operator J such that:
(every 12 minutes on grape
berries): AFI;(dv,d2) = FI;(d2) — FIi(dy)
o Temperature = F (A;(t),B;(t);t € T)
A={A(t):teT; i=
l,....n; T=dy; T= 3 assumptions : A and B jointly
da} influence the response variable;
o Irradiance 5 = {B () * no missing data and same
tel;1=1,...,n; T = . e . .
_ equidistant observation times for
dl; T = dg}

both functional variables
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SeiceF'P - From functions to contingency tables based on

a partition vector u = (ny4,ng) (step 1)

Three steps are involved to implement SPICEFP :

e Transformation of both functional variables into a candidate
explanatory matrix

Transformation of functional explanatory variables for SPICEFP modeling

Ilustration for 2 functional variables and n=10 individuals

Functional variable A
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SriceFP - From contingency tables to graphs (step 2)

using a contiguity matrix E" (edges matrix)

e Creation of a graph of contiguity constraints: definition of an edge
matrix to represent the contiguity constraints between modalities
of the contingency table.

Transformation of functional explanatory variables for SPICEFP modeling
Hllustration for 2 functional variables and n=10 individuals

Functional variable A
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SeiceF' P : Identification of the best class intervals and

related regression coefficients (step 3)

@ for u = (n4,np), perform the Generalized Fused Lasso
[Tibshirani and Taylor, 2011]:

1 "
Y =argmins d (v = XPB) X ) B+ A > 18— Byl
ot J (4.5") € B
(1)

with: A, > 0 ; Ay > 0 the regularization parameters and the
couples (7, j") contained in E* the edges matrix

(Montpellier University) SPICEFP IBC 2020 8/12



SeiceF' P : Identification of the best class intervals and

related regression coefficients (step 3)

@ for u = (n4,np), perform the Generalized Fused Lasso
[Tibshirani and Taylor, 2011]:

U 1 - u Q)2
§' = axgming D (v = X8+ X 185140 3 18— By
=1 J (4,4') € E*
(1)

with: A, > 0 ; Ay > 0 the regularization parameters and the
couples (7, j") contained in E* the edges matrix
@ choose the best candidate matrix (adapted information criterion) :

df (X BA“) = Number of fused groups

[Tibshirani and Taylor, 2012]

© compute the residuals of the best model: e =y — X 5&*
@ Check the shutdown conditions and if they are not verified, go
back to step 3 and replace y by ¢
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Simulation study (methodology and results )

Methodology
@ Simulations based on observed functional data
@ Set a partition vector u° and Construct X u’
@ Simulate the coefficients 81 and (9
@ Compute y; = X“OB1 +e1 et yg = Xuoﬁg + €9
@ Estimate (89 and 9 using SPICEFP
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Simulation study (methodology and results )

Methodology
@ Simulations based on observed functional data
@ Set a partition vector u° and Construct X u’
@ Simulate the coefficients 81 and (9
@ Compute y; = X“OB1 +er et yo = Xuoﬁz + €9
@ Estimate (89 and 9 using SPICEFP
Results
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Vine data analysis
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Vine data analysis
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Conclusion

@ To use SPICEFP, it is assumed no missing data and same
equidistant observation times for both functional variables.

e Usual pre-treatments (imputation, interpolation) can be used to
validate these hypotheses

e SPICEFP approach allows to identify the best joint class intervals
of two functional variables and assign regression coefficients to
them (scalar-on functions approach)

e SPICEFP transform the scalar-on functions problem into scalar-on
image [Goldsmith et al., 2014, Wang et al., 2017]

@ Slight modifications will allow to go to a third dimension
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