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ABSTRACT
The agricultural sector contributes to 9.3-10.6% of total greenhouse gas (GHG) emission,
and there is a growing interest in modelling environmental impacts of agricultural activities. For the
quantification of agri-environmental indicators and the estimation of GHG, the distribution of crop
shares over the Homogenous Spatial Units (HSU) is required, as many indicators depend on the
local combination of land use and environmental conditions. These Spatial Units should express
highest possible homogeneity for important factors so that their characterizations and results can be
regarded as representative. In this paper, we investigate the prediction of the crop shares over the
new HSU2 (fine meshed grid 1km*1km). Results are aggregated to be compared with the crop
shares. Most of predictions follow the trend of crop shares from the statistics.
Keywords prediction; crop shares distribution; greenhouse gas emission; spatial downscaling

1. Introduction
The agricultural sector contributes to 9.3-10.6% of total greenhouse gas (GHG) emissions,
excluding LULUCF, in the EU27 (EEA [1]) and there is a growing interest in modelling
environmental impacts of agricultural activities. GHG emissions, losses of reactive N from
agricultural sources, soil erosion, and other environmental impacts related to agricultural activities
heavily depend on a number of different biophysical characteristics such as soil, topography and
climate (Lamboni et al., 2009 [2]; Leip et al., 2008 [3]) as well as management factors like crop
type and fertilizer application. GHG emissions and losses of reactive N need to be estimated on
spatial units or layers that express highest possible homogeneity for important factors so that theirs
characterizations and results based on can be regarded as representative. Homogenous Spatial Units

(HSU) are also required for the quantification of agri-environmental, landscape and biodiversity
indicators, as many indicators depend on the local combination of land use and environmental
conditions.
For realistic estimation of agri-environmental indicators at high resolution, it is crucial to generate
input data sets of high quality. Leip et al. (2008) [3] propose to use the agro-economic model
CAPRI as data source providing data on land use shares and farm management per crop type at the
HSU level, based upon the dedicated dis-aggregation process for land use shares. At the core of the
dis-aggregation procedure is the generation of a high-quality map giving land use shares for each
spatial unit; land use shares are then used in the disaggregation of animal numbers (a.o. via fodder
production), and N-input (combining crop requirements, N-availability and local environmental
conditions) (Leip et al., 2008 [3]; Britz and Leip, 2009 [4]; Leip et al., 2011 [5])

Kempen et al. (2005) [6] used a local logit model to estimate the crops allocation for each crop and
for each CORINE class. The local logit model is based on the selection of the bandwidth and the
selection process should guarantee as high as possible the model quality. Chakir (2009) [7] used a
multinomial logit model for spatial downscaling of agricultural land-use.
In this paper, we investigate the prediction of the crop shares over the new HSU2 spatial units
(clusters of pixels at a fine meshed grid of 1km*1km) based on land use survey datasets (LUCAS
2009) climate, soil and topographical datasets. We used a local multinomial logit model as a
statistical way of disaggregating the land shares and the cross validation approach for selecting the
optimal bandwidth that requires few time consuming in compliance with the new fine mesh HSU and
guarantees the quality of the final model. Section 2 presents the land share model used to estimate the

spatial allocation of crops. In Section 3, we show the results of the prediction of crop shares for UK
and Section 4 concludes.

2. Land Share Model
2.1 Disaggregation function and explanatory variables
The Local Multinomial logit model consists in regressing the vector of land uses/covers on the
explanatory variables by giving high weight to the LUCAS observations [8] close to a NUTS and
low weight to others. The choices of the weight function and the bandwidth, in local regression, are
discussed below. The variables used, in this paper, are the biophysical variables that describe the
HSU area, such as soil [9] (texture (TEXTURE); soil organic content (OC), sand (SAND), clay
(CLAY)); relief [10] (slope (SLP), altitude (ALT)); meteorological data [11] (annual rainfall
(RAIN), annual sum of temperature (TEMP), vegetation period (VEGP)); CORINE classes (CLC)
[12]. While irrigation and drainage class (CORINE class) can affect and improve the crop
allocation, the crop prices can be relevant for land uses/covers' allocation. The intuitive multinomial
logit model is:
Pl, = f(TEXTURE, OC, SAND, CLAY, SLP, ALT, RAIN, TEM , VEGP, CLC),

(1)
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, the unknown disaggregation function; Pl, the probability to find a land

use l; and L the number of land use. l is the model coefficients to be estimated and X is the vector
of explanatory variables.

2.2 Weight and Bandwidth Selection
The weight function and the bandwidth are needed in locally likelihood estimation. Among the
weight functions, tricube weight function provides an adequate smooth in almost all situations by
decreasing smoothly to zero when the observation is so far from NUTS with respect to the
bandwidth (d). The tricube weight function is used to assign an appropriate weight to the LUCAS
observations.
The bandwidth should determine whether the observations are sufficient to represent the real
feature or not. The choice of the bandwidth is the most difficult part in local regressions. According
to our previous analysis, the choice of the bandwidth is model dependent, i.e. it depends on the
model and the criterion of the effectiveness of the model.
In practice, when we have to include the explanatory variables that describe the HSU area in
logistic regression or multinomial logit regression, we need at least a bandwidth that ensures that all
the variables are informative, i.e. theirs variances are not close to zero. Moreover, in case of
multinomial logit regression, we want our model to predict and to reproduce as well as possible the
land uses/covers' allocation. These considerations motivate the use of a cross-validation approach to
choose the bandwidth. The criterion of the model quality, used in cross validation, is based upon the
F-measure [13] or F-score. F-score measures how well the multinomial model is able to reproduce
and to predict any land use/cover and it is widely used to evaluate classification system. F-measure
is a harmonic mean between the precision and recall or sensitivity. The precision (P), for land use l,
is the rate of the well predicted (WP) l among the total prediction (TP) of l, that is P=WP/TP. The
recall (R) of sensitivity is the rate of the well predicted (WP) l among the total observation (TO) of
l: R=WP/TO. So, the F-measure or F-score is defined like:
F-measure = (2*P*R) /(P+R).

(2)

F-measure is between 0 and 1 and the model effectiveness is better when F-measure is close to 1.
The selected bandwidth, for each NUTS2, is taken out of a set of 141 potential bandwidths regularly
chosen between 10 km and 150 km, i.e. the step for the bandwidth is fixed at 1km. A step of 1 km is
motivated by the resolution of HSU and the USCIE grid [14], which is 1km*1km. A disk of radius
10 km with, the centre an interested NUTS2 contains approximately 100 LUCAS points based on
the basic sampling strategy of LUCAS 2009 survey (1 point in a 2 km by 2 km grid). A maximum
radius of 150 km, which contains approximately 15000 observations, is a compromise between
CPU time and a reasonable sample for all crops and for all NUTS 2.

2.3 Disaggregation: prediction of crop share over HSU

For the prediction of land shares over HSU, we assume the stability of the coefficients within a
NUTS (NUTS2). The coefficients (  l , l=1,2,…,L) are the weighed-likelihood estimations of the
local multinomial logit model in equation (1). Each HSU (h) is characterized by the explanatory
variables Xh = (TEXTURE, SAND, CLAY, OC, ALT, SLP, RAIN, TEM, VEGP, CLC, Prices);
and for each land use (l), we predicted the land share as:
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where Ah is the total Area of the HSU and L is the number of crops considered for this study.

3. Results
We applied the methodology to United Kingdom (UK) with the highest number of NUTS2 (37).
We chose the centre of NUTS2 to calculate the distance between NUTS 2 and LUCAS points.
Figure 1 shows the effectiveness of the models, i.e. how well the model predictions are and the
optimal bandwidth for each NUTS2. The F-measure (Figure 1.A) shows the global performance of
the model. For the 37 models built, the F-measure is always greater than 0.5 and for some NUTS2,
it is close to 1. There is a strong positive relation between the F-measure and the percentage of well
predicted land use and Figure 1.B illustrates this relationship. Remark that the percentage of the
well predicted land use/cover is also above 50%. F-measure decreases with the number of points
used to estimate the model but still above 0.5 (Figure 1.C). The optimal bandwidth (Figure 1.D)
changes from one NUTS to another and it takes all possible values within [10, 150] km. However,
when potential bandwidths reach the upper bound of the range (three cases among the 37 NUTS2),
some new simulations need to be done by increasing the bandwidth in order to reach the optimal
value.

Figure 1: Assessment of model quality.

Figure 2 shows the average of the percentage of predicted land shares over all HSU within a
NUTS2. For UK, grassland represents 51% of land shares followed by other land (26%); wheat
(14%); barley (6%); puls (1%); sugar beet (0.5%) in average. The percentage of these six land uses
is above 99% and we are going to focus ourselves on these land uses/covers. For most of the
NUTS2, grassland and wheat represent more than 60% and there are three NUTS (UKC2, UKD3,
UKE4) which are covered by other land.

Figure 2: prediction of land shares at NUTS2 level in UK.

Figure 3 shows, for example, the predicted spatial distribution of grass land, wheat, other land and
barley at NUTS2 level in UK. To assess the prediction qualities of land shares, the shares are
aggregated at NUTS 1 level in order to be compared with the trend of crop shares reported in
EUROSTAT and CAPRI-database. The results are shown in Figures 3, 4, 5 for the main land
uses/covers in UK such as grassland, wheat and barley.

Figure 3:

Distribution of predicted land uses over UK at NUTS2 level for grassland (top-left),
wheat (top-right), other land (bottom-left) and barley (bottom-right).

The prediction values of barley (Figure 4) follow the trend of the barley shares for all NUTS 1
except the NUTS UKl (London) where the trend of barley share is the smallest. We have almost the
same results for grassland (Figure 5). The predictions of wheat (Figure 6) share are far away from
the trend of wheat share in half of the NUTS 1. The prediction values in NUTS UKl (London) are
far away from the trend for the main crops.

Figure 4: Evolution of barley’s share from CAPRI (in blue), EUROSTAT (in red) and the predicted
share for (point) obtained in this paper.

Figure 5: Evolution of grassland’s share from CAPRI (in blue), EUROSTAT (in red) and the
predicted share (point) obtained in this paper.

Figure 6: Evolution of wheat’s share from CAPRI (in blue), EUROSTAT (in red) and the predicted
share (point) obtained in this paper.

4. Conclusion and Perspective
In this paper, we investigate the prediction of the crop shares over the new Homogeneous Spatial
Unit (HSU) based on an update of the statistical downscaling method. The application of the new
Land share Model over the HSU in UK shows satisfying results, compared to the trend of crop
shares, in general. All the estimation and prediction processes took approximately one day on a
normal computer (PC), which is interesting in view of applying the new model to all EU member
states.

However, few predictions of crop shares in some NUTS 1 are far away from the trends suggesting
some difficulties of the model to well discriminate these crops. To improve these results, firstly,
new simulations including the price are currently being calculated. Indeed, the crop price can
impact the choice of framers. For example, the price for wheat would influence the choice growing
wheat (higher price induces larger areas cultivated with wheat), but could also influence the choice
of growing another crop (higher price for wheat might induce lower areas cultivated with the other
crop). Secondly, we are going to include the observations of land shares in the process of
prediction. We will use the estimations (coefficients) obtained in this paper as a priori information
and then will combine with a Bayesian approach to improve the estimation of the coefficients.
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