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Dynamic crop models are used by agronomists for crop management and for predicting the effects of farmers’ practices on crop characteristics, assuming various climate and environment conditions. Many crop models predict plant growth (wheat, corn...) on a daily basis through detailed mechanisms in function of daily climatic inputs like daily radiation and temperature. Their outputs can be expressed as time series. Such models are dynamic, complex and often over-parameterized with respect to the available observations [4]. Indeed, they can include up to 200 parameters which need calibration. In general, it is impossible to estimate all parameters of such models. The strategy of selecting a subset of parameters to be calibrated and fixing the others to their nominal values is reported in [1], [2] and is based on sensitivity analysis. 

For a dynamic crop model, sensitivity analysis can be applied separately on each daily output but there is a high level of redundancy between close dates and, on the other hand, interesting features of the dynamic may be missed out [5]. As an alternative, Campbell and McKay [3] proposed to decompose time series upon a complete orthogonal basis and to compute sensitivity indices on each component of the decomposition. In this paper, we follow on this proposal and present the multivariate sensitivity analysis under a global framework coherent with classical multivariate methods. A global index is deduced which synthesizes the decomposition of the total output inertia between parameter main effects and interactions. It may be used to select a subset of parameters to be calibrated. In addition a quality criterion is proposed for any approximation associated with the decomposition. 

Crop models are usually deterministic and they can be written in the mathematical form

                                   Y(t) = f ( X, t ),                                         (1)

where X is here the parameter vector and Y(t) is the output at time t, for t=1 ...T. Y(t) may represent, for instance the wheat biomass observed at day t. Each parameter is unknown but is supposed to vary within an uncertainty interval. 

Consider, for simplicity, a complete factorial design on the uncertain parameters. Simulations using equation (1) generate the outputs matrix Y. Each column Y(t) of Y represents the simulated values of the output variable at a given time t. Each row of Y is an individual dynamic output for a given set of input values and the rows of Y constitute a sample of dynamics in RT over the uncertainty domain of the input factors. The quantity σ2 = Trace(Y'Y) is called the total inertia of Y. In practice, the columns of Y are often centered and standardized so that σ2 = T. When a Principal Component Analysis (PCA) is applied to the matrix Y, global sensitivity analyses can be performed on each principal component via ANOVA decompositions. The 'Sum of Square (SC)' associated with any factorial term W (a main effect or an interaction between parameters included in X) and any principal component Hj can be expressed as SCWj=Trace(Y'SWYvjvj’), where SW is the orthogonal projection matrix on the subspace associated with W and vj is the eigenvector associated with Hj. This quantity becomes SC
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 = Trace(Y'SWY∑vjvj’) when summing for j over the first P principal components and SCW =Trace(Y'SWY) when summing over all principal components. By then summing SCW (resp SCWj, SC
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) over all factorial terms W, one obtains σ2 (resp λj , ∑λj), where λj is the inertia associated with Hj. Thus SCW represents the inertia accounted for by W and SCWj the variance due to W on the principal component Hj. In consequence, the Sensitivity Global Index of W is defined as SGI(W) = SCW/σ2, whereas SIj(W) = SCWj/λj is the classical Sensitivity Index of W on Hj.

In practice, the model is often approximated by the first P principal components and by restricting the ANOVA models to the main effects and a few interactions. Thus the "approximate" Sensitivity Global Index 
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In this case, ∑W SC
[image: image7.wmf]P

W

 /σ2 quantifies the percentage of inertia preserved by the approximation. In order to assess the approximation directly on the Y(t)s, a dynamic coefficient of determination at date t is also proposed. 

This approach was applied to the crop model WWDM (Winter wheat Dry Matter Model) which simulates wheat dry matter at a daily time step in function of 7 parameters. Table 1 shows the Sensitivity Global Indices when one considers only the first 3 principal components and the first order interactions. These indices were computed by using the sums of square SC
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. The radiation use efficiency parameter Eb appears to be the most important parameter and it is worth investigating in its calibration. By using the first 3 principal components and only the first order interactions, 91% of the total inertia is accounted for. The dynamic coefficient of determination is shown in Figure 1.
	Factorial 

Term

 (W) 
	Sensitivity index per component
	Sensitivity Global Index 

	
	PC1
	PC2
	PC3
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	SGI

	Eb
	0.446
	0.089
	0.002
	0.294
	0.282

	A
	0.013
	0.482
	0.026
	0.184
	0.178

	TI
	0.104
	0.164
	0.154
	0.128
	0.126

	Lmax
	0.139
	0.016
	0.007
	0.088
	0.085

	A:B
	0.083
	0.009
	0.088
	0.057
	0.060

	B
	0.058
	0.010
	0.083
	0.042
	0.041

	A:TI
	0.016
	0.028
	0.298
	0.034
	0.036

	Eb:A
	0.002
	0.085
	0.005
	0.032
	0.031

	Eb:Ti
	0.018
	0.029
	0.027
	0.023
	0.022

	Lmax:A
	0.016
	0.017
	0.052
	0.018
	0.018

	PCInertia (%) 
	56.1
	34.9
	4.6
	95.6
	100


Table 1: Sensitivity Indices for the top ten WWDM factorial terms. 
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Figure 1: Dynamic coefficient of determination for WWDM model
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