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Abstract: Accelerated land degradation is mostly humandaeduand occurs in all eco-
regions regardless of social, economic and politoaditions. Precision Agriculture is
an ecological management strategy based on thef seseral sources of information in
order to support decisions concerning the agricailforactice. In this context, the use of
methodologies, taking into account spatial and nalpvariability associated to every
aspect of agricultural production processes, cgirone crop yields and environmental
guality. In this paper, a geoadditive model witkenactions is proposed to analyse the
nonlinear relations between an indicator of duruimeat production with other crop
features with the aim of considering explicitly thgatial dependence and the temporal
variation in production.
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1. Introduction

Precision Agriculture or site-specific crop manageis a means of managing spatial
and temporal variability of different data typesdaphic (i.e. soil related),
anthropogenic, topographic, biological and metexgiglal factors which are deemed to
affect crop yield. The target of Precision Agricué is to increase crop productivity,
optimise inputs, increase farmer’s profitability dameduce environmental impact,
through the application of variable rate inputs the basis of the actual local
requirements of crop rather than an estimationamext over the whole field. In this
context, defining reliable methods for assessindy@edicting within-field variations in
soil and crop properties is very important. Effestshe soil's physical and chemical
properties on crop yield are predictable and cambeped relatively easily, whereas
effects due to climatic conditions, nutrient deficy, pests and diseases, being time-
dependent, are more difficult to predict. The aggilon of proper statistical models, to
assess spatial and temporal variation and predigp cesponse to site-specific
environmental conditions, is then crucial in thespective of Precision Agriculture. In
particular, a geoadditive model with interactiolss proposed to analyse the spatial
distribution of the harvest index (White, Wilsor§(®&), a commonly used indicator of
commercial wheat production, and its nonlineartietes with other crop features over
two years. The model adopted here is a furtherldpaeent of an extension (Cafarelli



and Castrignano, 2011) of the original geoadditwedel of Kammann and Wand
(2003), that explicitly considers data stratifiext@ding to crop in two different years.
Two geoadditive models with interactions, considgrihne same response variable and
covariates, for the same linear and non-linearticglahips between response variable
and covariates over time, but differing for spatatrelation structures, are fitted. The
selection among the fitted models is done by cwadislation (Carroll and Cressie,
1996).

2. Materials and Methods

The trial was carried out on a 12-ha field croppétth durum wheat (Triticum durum
DESF), located at the CER-CRA research centredmgals, Foggia (41° 27’ N, 15° 36’
E, 90 m above sea level), south-eastern lItaly.sbilevas a deep, silty-clay Vertisol of
alluvial origin, classified as fine, mesic, Typi€hromoxerert. The climate was
characterized by hot and dry summers and rainsectrated mostly in the winter
months. The agricultural trial was carried out dgriwo crop seasons: 2005-2006 and
2007-2008. One-hundred georeferenced measureméntBeoharvest index Hl),
number of fertile plantsHP) and electrolytic weightEW) were taken for each year.
The samples with more than one missing value wisaded leaving only ninety-three
and ninety-one georeferenced soil samples to bsidered for the first and the second
wheat season, respectively. ti#it had different spatial distributions in the two sgea
which share a marginal bell shaped distributions Tonsideration was supported by a
graphical check, which led us to adopt a semi-patam approach, based on a
geoadditive model with interactions. A full repretsion of the geoadditive model with
interactions is:

Hli = IBO + ﬂlEW + g(FFI)) + fyear(location_Of _yeair) + Bxxi + S(Xi ) + £| ’ (1)

where i=1...,184represents the spatial-temporal observatignand f are smooth
functions,x; =(X;, Y;), in UTM WGSB84 coordinate system, is the spatahtion of the
i-th observation and(x)~ N(0,a2n,(r,v)), where g2 is the sill,r is the rangey is the
smoothing parameter amg(r, V) is a Matérn family covariance function used tedfy
the spatial correlation structures. The exponenéiatl the Gaussian covariance
structures were used in the fitted models. Thisuoed by setting=3% or v -
respectively, in the functioly(r, v ) (Minasny and McBratney, 2005). Independently of
the specification ot (JJ, the Gaussian spatial proces§) is independent of the error

term & and the additive components. In model 1, the téym(} corresponds to the

number of spatial locations within a particular yead represents the interaction
between the year factor and the overall spati@ceffThe relatively small sample size
permitted the use of the parsimonious low rank mpatarization of model 1 (Hastie,
1996). The choice of linear components was donerdow to approximated Z-values
given by | ne, while the significance of nonlinear effects, itged with the

exploratory data analysis, was assessed by restriitelihood ratio tests (Kammann
and Wand, 2003; Greven et al., 2008; Crainicear@82 Ruppert et al., 2009).
Independently of the spatial correlation structad®pted, the number of nodes for



representing the nonline&P effect was 15 and was obtained as in Ngo et aD4R0
whereas the number of nodes in the low-rank fortrarieof the spatial component was
obtained by CLARA algorithm (Kaufman et al., 1990he coordinates of the 23 spatial
nodes were obtained by a space-filling algorithmplemented in function
def aul t. knot s. 2D within the R library SemiPar. The low rank formtida of
model 1 was estimated by REML using functiame of the R librarynl me (Pinheiro

and Bates, 2000). The three cross-validation teglesCV;, CV, andCV; suggested by
Carroll and Cressie (1996) were used to compareatioeiracy and the precision of
estimates of the two models. In particu@¥; was used to assess the unbiasedness of
the predictor (optimal valu&€V,=0), CV, was used to assess the accuracy of the mean
squared prediction error (optimal valuEV,=1) and CV; was used to check the
goodness of prediction (small value@; indicates a good fit).

3. Results

The result comparison suggests that the two fittemtels have good and similar
performances and are very useful for analyzingrélationship betweeildl and the
covariates during the two crop years (Table 1). th reason the most generally used
exponential covariance structure was chosen. Ttezl fgeoadditive model, obtained by
using the exponential correlation structure to dpethe spatial dependence of the
geographical component, is reported in Table 2mAtoe table inspection, one sees that
both agronomical variableseE{V, FP) impact significantly onHI, however the
relationship withFP is more complex, due also to the higher uncestaint FP
measurement. All nonlinear components of the gatiasddnodel are significant on the
basis of the degrees of freedom (Table 2) estinthgsconfirmed the appropriateness
of including the nonlinear effects &P, the spatial component and the interaction
between the factor year and the overall spatialcefh the fitted model

Spatial correlation structure CV, CV, CV3
Exponential -0.61 1.29 8.44
Gaussian -0.62 1.31 8.42

4. Concluding remarks

The proposed approach is a quick and effective odethf predicting the spatial
distribution of the harvest index using standardoagmic measurements over two
years. The great advantages of geoadditive moigetsdinly in the possibility to jointly
analyse spatial and temporal variations and td theacomplex interactions, quite often
non linear, between production process and sewdffdrent variables (soil, crop,
atmosphere, management). Moreover, these modelw alb to predict agronomical
variables in specific locations of the field andstpiece of information is crucial for
Precision Agriculture. These considerations and ghssibility of estimating linear



effects and variance components of non linear effand error term by REML, using
mixed effects model procedures routinely implemembestatistical software, lead us to
recommend a wider use of geoadditive models witkrattions in the presence of
spatial dependence and temporal variation.

Table 1 Cross-validation errors with two different spatiarrelation structures

Linear component

Covariates Coefficients Std.Error p-value

EW 0.092 0.028 <0.05
Non-linear component

Covariates df N° knots

FP 9.35 15

|ocations of year g6 8.02 15

locations of year s 8.02 15

X, Y 7.02 23

Table 2 Summary of the REML based fit of the model wikpenential correlation
structure.
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