Analysis of crop yield time series to
estimate past and future trends
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e CASSMAN, K.G., 1999. Ecological intensification of cereal
production systems: Yield potential, soil quality, and precision
agriculture. Proc. National Acad. Sci. (USA) 96: 5952-5959.

= 1
—m— Indonesia X=6.3tha
.. @ Thailand WA "
& Korea AL A, .
AL &
6| A A a T
AA‘ Y =3.2+0.216X
A 122084 -

Rice Grain Yield (tha™)
-9

e,
2 -
Y=1.7 + 0.016X
2 =0.67
0 L L | J
1960 1970 1980 1990 2000

Year
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* BRISSON, N., GATE, P., GOUACHE, D., CHARMET, G., OURY,
F.-X., Huard F., 2010. Why are wheat yields stagnating in
Europe ? A comprehensive data analysis in France. Field Crops
Research 119. p. 201-212.

Linear-plus-plateau model
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e KUMAR BOKEN, V., 2000. Forecasting Spring Wheat Yield Using Time

Series Analysis: A Case Study for the Canadian Prairies. Agronomy
Journal 92, n°6. p. 1047-1053.
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Objective

Comparison of several methods
for estimating yield trends



Material & methods



Data

Wheat yield time series

— Départements (France):

e SSP — Agreste (1950 - 2011)

» France 1 (92 départements)
» France 2 (59 départements)

— World:

« FAO — FAOSTAT (1961 — 2010)
» World (120 pays)

10



Statistical methods

Linear regression

Linear + plateau

Quadratic

Cubic

Exponential smoothing (Holt-Winters)
Dynamic linear model
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Linear / Linear + plateau

e |inear

* linear + plateau




Yield (T.Ha-1)

Yield (T.Ha-1)

quadratic

Quadratic / Cubic

1950 1960 1970 1980 1990 2000 2010
Year
bi
T T T T T T T
1950 1960 1970 1980 1990 2000 2010
Year

13




Holt-Winters
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Modele linéaire dynamique




Modele linéaire dynamique




Filtrage et lissage

Ht Vecteur des parametres décrivant I’état du systeme

J'L'(H |Y Y) Distribution de probabilité des parametres a la date ¢,
t|712**2 717 conditionnellement aux mesures obtenues jusqu’a cette date

(6, |1,,....Y,,..Yy)

Distribution de probabilité des parametres a la date t,
conditionnellement a toutes les mesures disponibles

Sous certaines hypotheéses, ces distributions sont gaussiennes et déterminées
par leurs espérances et variances



Un modele linéaire dynamique classique

Equation des observations

Y =a, +a, x At +¢,
et~N(O,Gf)

Equation du systeme

6,=6,_+n,



Filtrage et lissage

Le filtrage (données utilisées jusqu’a la date t) permet de calculer :

E(a,Y,....Y,)  Var(a,|Y,....Y,)

Le lissage (toutes les données sont utilisées) permet de calculer :

E(a,|Y,,...Y )  Var(a,|....Y,)

Prédiction a la date N+k :

A

Yy =E(a, |V Yy )+ E(eq, |V, Yy ) xk



Etape de correction du filtre de
Kalman



Estimation des parametres inconnus

2 2 2
Os Oal OaO

e Maximum de vraisemblance

* Méthode bayésienne



Package R dIm (Petris et al., 2009):
Estimation par max de vraisemblance

MyModel<-function(x) {
return(dimModPoly(2, dV=exp(x[1]), dW=c(exp(x[2]), exp(x[3]))))

}

FittedModel<-MyModel(c(0,-5,-5))
dimMLE(Yield,parm=c(0,0,0), build=MyModel)

FittedModel<-MyModel(fitMyModelSpar)
YieldFilter<-dimFilter(Ym, FittedModel)

YieldSmooth<-dimSmooth(Ym, FittedModel)



Package R dIm (Petris et al., 2009): MCMC

dImGibbsDIG( data,
mod=dimModPoly(2),
a.y=1, b.y=1000,
a.theta=10, b.theta=10000
n.sample=10000,
thin=1
)



Wheat vyield

Wheat vield yearly
increase

Yield (T.ha-1)

Yield increase rate (T.ha—1.yr-1)
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Yield (T.ha-1)

Yield (T.ha-1)
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[-0.13-0[

[0-0.07[
« [0.07-0.09[
« [0.09-0.11]

= >011

[0-0.02]
» [0.02-0.04]
= [0.04-0.06[
= >0.06
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Standard deviation of yiel increase rate {t.ha~1.yr-1)
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RMSE/RMSEP
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RMSE/RMSEP

RMSEP estimated by cross-validation

Dataset splitted into two parts.
v’ One part used for model fitting (parameter estimation)
v’ Second part used for prediction

Predictions from 1992 to 2011

— RMSEP one-year ahead
* Estimation with data <1992 for predicting 1992
* Estimation with data <1993 for predicting 1993

* Estimation with data <2011 for predicting 2011

— RMSEP 10-year ahead:

* Estimation with data <1992 for predicting 1992 to 2001
* Estimation with data <2002 for predicting 2002 to 2011
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Yield (T Ha-1)
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* RMSE

Scale Unit Linear Quadratic Cubic DLMs DLMO Linear plateau
France 1 T.Ha-1 0.59 0.54 0.49 0.47 0.38 NA
% 54.11 40.69 28.72 23.05 0.00 NA

France2  T.Ha-1  0.58 0.53 0.49 0.47 0.38 0.4966
% 53.61 40.03 27.95 22.73 0.00 30.96

T.Ha-1

World 0.40 0.35 0.32 0.23 0.20 NA
% 96.98 74.03 59.76 14.57 0.00 NA
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Yield (T Ha-1)
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* RMSEP1

Scale Unit Linear Quadratic  Cubic DLMs DLMO HW:s HW 0
France1 T.Ha-1 0.81 0.75 0.69 0.71 0.68 0.71 0.68
% 18.73 1049 1.64 3.42 0.09 3.98 0.00
World T.Ha-1 0.52 0.48 0.48 0.43 0.42 0.44 0.42
% 24.45 14.31 14.75 3.53 0.02 5.55 0.00
 RMSEP10
Scale Unit Linear Quadratic Cubic DLMs DLMO HW:s HW 0
France1 T.Ha-1 0.94 1.07 1.06 0.93 0.70 0.97 0.70
% 34.41 52.37 50.38 32.28 0.00 38.61 0.20
World T.Ha-1 0.66 0.77 0.85 0.68 0.59 0.73 0.59/
% 11.61 30.66 43.74 15.02 0.07 23.69 0.0

P




RMSEP (T Ha-1)

1.0

09

08

07

L

Q

C

DLMs

DLMO - HWO
HWs

Time lag (Year)

10

RMSEP (T Ha-1)

1.0

09

08

07

06

05

04

L

Q

C

DLMs

DLMO - HWO
HWs

Time lag (Year)

36

10




What is the best approach?

* The winners are
— Holt-Winters (HWO)
— DLM (DLMO)

e DLM vs HW:

— DLM has several advantages:
* Give probability distributions instead of point value
* Smoothing: estimation of past trends

* Among the methods including a trend, DLMs
seems to be the best
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Petris G., Petrone S., Campagnoli P. 2009.
Dynamic linear model with R. Springer



