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Abstract:  

During an experiment, the presence of spatial autocorrelation can undermine plant response interpretation (Ball 

et al., 1993; Legendre et al., 2004). Even by using blocking design and randomization, measurement can have a 

spatial dependence (Oehlert, 2000). This may reduce the utility of applying the classical analysis of variance 

(ANOVA). Generalized linear mixed models (GLMMs) can handle the spatial dependence as random effects 

(Bolker et al., 2009). For multiple responses, GLMMs can be used as in longitudinal analysis(Liang and Zeger, 

1986; Zeger and Liang, 1986). But GLMMs are generally inappropriate for multivariate data especially with the 

spectral data.  

In agronomy, spectral data is increasingly being used (Araus and Cairns, 2014). High-spectral resolution 

provides more information and can be valuable for disease detection (Mahlein et al., 2012), for crops monitoring 

(Ecarnot et al., 2013; Mahajan et al., 2016; Vigneau et al., 2011) and early detection of water-stress (Behmann 

et al., 2014; Römer et al., 2012). To take advantage of an experimental design with multivariate data such as 

spectral data, chemometrics methods have been developed (Brereton et al., 2017). Among these methods, 

ANOVA-Simulatenous component analysis (ASCA) (Smilde et al., 2005) gives statistical significance of the 

factors and can reveal their interdependencies. 

In this presentation, we describe the possibility to use such approaches in agronomy to study spatial effect of 

maize spectra included in an experimental design.  An example is given by applying ASCA method on a dataset 

of 480 spectra where 10 genotypes are confronted by 2 irrigation treatment. Spectra are acquired with high-

spectral resolution (256 bands) in the range of 310 nm – 1100 nm. The obtained results confirm that this class of 

methods is relevant to identify variability due to spatial effect. Describing the spectral region due to this effect 

extends the possibility to remove unwanted effects due to spatial dependence.  
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