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Abstract. Precision Agriculture is the application of state-of-the-art GPS tech-
nology in connection with site-specific, sensor-based treatment of the crop. It can
also be described as a data-driven approach to agriculture, which is strongly con-
nected with a number of data mining problems. One of those is also an inherently
important task in agriculture: yield prediction. The question is: can a field’s yield
be predicted in-season using available geo-coded data sets?

In the past, a number of approaches have been proposed towards this prob-
lem. Often, a broad variety of regression models for non-spatial data have been
used, like regression trees, neural networks and support vector machines. But
in a cross-validation learning approach, issues with the assumption of the data
records’ statistical independence keep emerging. Hence, the geographical loca-
tion of data records should clearly be considered while establishing a regression
model and assessing its predictive performance. This paper gives a short overview
of the available data, points out in detail the main issue with the classical learning
approaches and presents a novel spatial cross-validation technique to overcome
the problems with the classical approach towards the aforementioned yield pre-
diction task.

Keywords: Precision Agriculture, Spatial Data Mining, Regression, Spatial
Cross-Validation.

1 Introduction

Information technology has become part of our everyday lives. Information-driven man-
agement techniques have become necessary and common in industry and services. Im-
provements in efficiency can be made in almost any part of businesses. This is especially
true for agriculture, due to the modernization and better affordability of state-of-the-art
GPS technology. Agricultural companies nowadays harvests not only crops but also
growing amounts of data. These data are site specific — which is essentially why the
combination of GPS, agriculture and data has been termed site-specific crop manage-
ment (SSM). A large amount of information about the soil and crop properties enabling
a higher operational efficiency is often contained in these data — appropriate techniques
should therefore be applied to find this information. This is a rather common problem
for which the term data mining has been coined. Data mining techniques aim at finding
those patterns in the data that are both valuable and interesting for crop management.
Yield prediction is a specific agricultural problem commonly occurring. As early as
possible, a farmer would like to know how much yield he is about to expect. The ability
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to predict yield used to rely on farmers’ long-term knowledge of particular fields, crops
and climate conditions. However, this knowledge is assumed to be available in the data
collected during normal farming operations throughout the season(s) [23]. A multitude
of sensor data are nowadays collected, measuring a field’s heterogeneity. These data
are fine-scale, often highly correlated and carry spatial information which must not be
neglected.

The problem of yield prediction encountered can be treated as a problem of data
mining and, specifically, multi-variate regression. This article will serve as a reference
of how to treat a regression problem on spatial data with a combination of classical
regression techniques using a novel data sampling idea. Furthermore, this article will
serve as a continuation of [19]]: in the previous article, the spatial data were treated
with regression models which do not take the spatial relationships into account. In the
present work, we will adapt existing approaches for error estimation using spatial cross-
validation approaches [415] to the context of crop yield prediction and spatial regression
more generally. Resampling-based estimation methods (such as cross-validation and the
bootstrap) for dependent data in general have been investigated recently in the context
of time series data [7]] and paired data [6]].

1.1 Research Target

The main research target of this work is to improve and further substantiate the validity
of yield prediction approaches using multi-variate regression modeling techniques. Pre-
vious work, mainly the regression work presented in [[19/22]], will be used as a baseline
for this work. Some of the drawbacks of the previous approach will be clearly pointed
out in this article. Nevertheless, this work aims to improve upon existing yield predic-
tion models and, furthermore, incorporates a generic, yet novel spatial clustering idea
into the process. Therefore, different types of regression techniques will be incorpo-
rated into a novel spatial cross-validation framework (compare [4)5]). A comparison of
using spatial vs. non-spatial cross-validation will be presented.

1.2 Article Structure

This article will start with a brief introduction into the area of precision agriculture and
a more detailed description of the available data in Section 2l This will be followed by
an outline of the key techniques and the novel spatial sampling technique described in
this work in Section[3l The results obtained from the modeling phase will be presented
in Section[d] The article will be completed with a short conclusion in Section[3 which
will also point out further lines of research.

2 Data Description

The data available in this work were collected during the growing season of 2007 on
two fields south of Kothen, Germany. The data for the two fields, called F440 and
Fo611, respectively, were interpolated using kriging [24] to a grid with 10 by 10 me-
ters grid cell sizes. F440 is geographically located around N51.68, E11.99 and has a
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size of roughly 95 hectares, whereas F611 has a size of around 50 hectares and is lo-
cated around N51.68, E11.85. Each grid cell represents a record with all available in-
formation. The fields grew winter wheat. Nitrogen fertilizer (N) was applied three times
during the growing season. Overall, for each field there are six input attributes, accom-
panied by the respective current year’s yield (2007) as the target attribute. In total, for
the F440 field there are 6446 records, for F611 there are 4970 records.

Yield is measured in metric tons per hectare (h’a ), along the harvesting lanes (spaced
8 m apart), roughly every ten meters. The yield ranges, as well as those of the remain-
ing attributes, are provided in Table [l Apparent electrical soil conductivity (EC25) as
a measure for a number of soil properties is acquired. Satellite or aerial image process-
ing provides a measure of vegetation called the red edge inflection point (REIP) value,
at two points into the growing season (REIP32, REIP49), according to the growing
stage defined in [15]. The REIP value may also be used directly for guiding fertiliza-
tions [L1]]. A simplified assumption is that a higher REIP value means more vegetation.
Three nitrogen fertilizer dressings are applied (N1, N2, N3, in Zﬁ ). In the available data,
due to the fields being experimental agriculture sites, the nitrogen dressings were not
temporally autocorrelated. However, this phenomenon may be considered in production
sites. EC, REIP and N are measured in 10-m-intervals along the lanes which are spaced
24 meters apart.

Table 1. Statistical summary of data sets

F440 F611
min mean median max min mean median max
EC25 3947 50.13 50.22 60.69 38.41 54.44 53.17 81.98

N1 50.00 63.57 70.00 70.00 42.00 65.09 68.00 70.00
N2 2.00 47.60 48.00 80.00 0.00 47.89 50.00 80.00
N3 0.00 37.98 40.00 95.00 0.00 45.61 50.00 68.00

REIP32 721.33 725.11 725.19 728.14 721.41 724.37 724.41 726.09
REIP49  724.50 727.20 727.34 729.82 721.30 727.12 727.23 729.41
YIELDO7 049 737 689 1392 132 542 551 11.88

2.1 Spatial vs. Non-spatial Data Treatment

According to [10], spatial autocorrelation is the correlation among values of a single
variable strictly attributable to the proximity of those values in geographic space, in-
troducing a deviation from the independent observations assumption of classical statis-
tics. Given a spatial data set, spatial autocorrelation can be determined using Moran’s
I ([16]) or semivariograms. For the data sets used in this article, each of the attributes
exhibits spatial autocorrelation. Figure [Il shows two representative experimental omni-
directional semivariograms, while the remaining attributes behave similarly. In practice,
it is usually also known from the data origin whether spatial autocorrelation exists. For
further information it is referred to, e.g., [8].

In previous articles using the above data, such as [20{19], the main focus was on
finding a suitable regression model to predict the current year’s yield sufficiently well.
However, the used regression models, such as neural networks [20/21]] or support vector
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Fig. 1. Semivariograms (omnidirectional, experimental) for REIP32 (F440) and EC25 (F611)

regression [19], among others, generally assume statistical independence of the data
records. However, with the given geo-tagged data records at hand, this is clearly not
the case, due to (natural) spatial autocorrelation. Therefore, the spatial relationships
between data records have to be taken into account, which the following section will
deal with.

3 Regression Techniques on Spatial Data

Due to the shortcomings in classical regression and cross-validation learning approaches
when using them on spatial data, this section will present a novel regression model for
data sets which exhibit spatial autocorrelation. In non-spatial regression models, data
records which appear in the training set are not supposed to appear in the test set dur-
ing a cross-validation learning setup. Classical sampling methods do not take spatial
neighborhoods of data records into account. Therefore, the above assumption may be
rendered invalid when using non-spatial models on spatial data. This inevitably leads to
overfitting and underestimates the true prediction error of the regression model (com-
pare [4.6]] for similar observations in a classification context). Therefore, the main issue
is to avoid having neighboring or the same samples in training and testing data subsets
during a cross-validation learning approach. The basic idea therefore is to apply changes
to the resampling method and keep the regression modeling techniques as-is. The re-
sulting procedure can be seen as spatial cross-validation technique.

3.1 From Classical to Spatial Cross-Validation

Traditionally, k-fold cross-validation for regression randomly subdivides a given data
set into three parts: a training set, a validation set and a test set. A 10- to 20-fold cross-
validation is usually considered appropriate to remove bias [[13]]. The regression model
is trained on the training set until the prediction error on the validation set starts to
rise. Once this happens, the training process is stopped and the error on the test set is
reported for this fold. This procedure is repeated r times to remove a possible sampling
bias. In our case, r has been empirically determined as 100.
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In spatial data, due to spatial autocorrelation, almost identical data records may end
up in training, validation and test sets. In essence, the model overfits the training data
and returns an overoptimistic (biased) estimation of the prediction error. Therefore,
one possible solution might be to ensure that only a very small number (if any) of
neighboring and therefore similar samples end up in training and test subsets. This may
be achieved by adapting the sampling procedure for spatial data. Once this issue has
been accommodated, the cross-validation procedure may continue in the usual way.

3.2 Employing Spatial Clustering for Data Sampling

Given the data sets F440 and F611, a regular tessellation using a grid-based approach
may be used to subdivide the fields into spatially disjunct areas. However, even though
the data have been sampled on a regular grid, there are irregularities in the field. These
are due to the fields’ outer shape, “holes” in the data (power poles, buildings etc.) or the
lanes of machinery, among other reasons. This would lead to some grid cells being much
less equally dense populated than others. Therefore, a grid-based approch is rather rigid
and would have to be adapted manually for each field. Hence, a more flexible method
will be used here.

We assume that a spatial clustering procedure can be employed to subdivide the fields
into spatially disjunct clusters or zones. The clustering algorithm can easily be run on
the data records’ spatial map, using the data records’ longitude and latitude. Depending
on the clustering algorithm parameters, this results in a tesselation map which does not
consider any of the attributes, but only the spatial neighborhood between data records.
A depiction of this clustering process can be found in Figure 2(a)] As may be seen
in the figure, the clustering leads to clusters (spatial areas) covering roughly the same
number of points, due to the relatively regular data point density encountered here. In
analogy to the non-spatial regression treatment of these data records, now a spatially-
aware cross-validation regression problem can be handled using the k resulting zones
of the clustering algorithm as an input for k-fold cross-validation. This ensures that the
training set has only a small amount of spatial autocorrelation with the test set. Standard
models, as described below, can be used straightforwardly, without requiring changes
to the models themselves. The experimental setup and the results are presented in the
following section.

The training and test sets are selected from the clusters using random sampling.
Therefore, a small number of points in neighboring areas are still possibly spatially
autocorrelated. This could be avoided by using a sampling method which takes the
spatial relationships between the clusters into account. However, when comparing the
standard, non-spatial regression setup to the one described here, it is assumed that
the difference in the error underestimation is much higher than the one of introducing a
space-aware sampling method on the clusters.

The spatial clustering procedure may be considered as a broader definition of the
standard cross-validation setup. This can be seen as follows: when refining the cluster-
ing further, the spatial zones on the field become smaller. The border case is reached
when the field is subdivided into as many clusters as there are data records, i.e. each
data record describes its own cluster. In this special case, the advantages of spatial clus-
tering are lost since no spatial neighborhoods are taken into account in this approach.
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Therefore, the number of clusters should be seen as a tradeoff between predictive preci-
sion and statistical validity of the model. The parameter k for the size of the tessellation
has to be determined heuristically.

3.3 Regression Techniques

In previous work ([[19420]]), numerous regression modeling techniques have been com-
pared on similar data sets to determine which of those modeling techniques works best.
Support vector regression has been determined as the best modeling technique. It has
furthermore recently been shown to work rather successfully in spatial classification
tasks, albeit without spatial cross-validation, as in [[17]. Hence, in this work support vec-
tor regression will serve as a benchmark technique against which further models will
have to compete. Experiments are conducted in R [18§]]. It is assumed that the reader is
mostly familiar with the regression techniques below. Therefore, the techniques used are
described in short. References to further details are given, where appropriate. The per-
formance of the models will be determined using the root mean squared error (RMSE).

Support Vector Regression. Support Vector Machines (SVMs) are a supervised learn-
ing method discovered by [1]]. They were originally described for the use in clas-
sification, but can also be applied to regression tasks, where optimization of a cost
function is achieved. The model produced by support vector regression depends
only on a subset of the training data — which are essentially the support vectors.
Further details can be found in [[19]]. In the current experiments, the svm implemen-
tation from the e/071 R package has been used.

Regression Trees. Regression trees have seen some usage in agriculture [9112/14]. Es-
sentially, they are a special case of decision trees where the outcome (in the tree
leaves) is a continuous function instead of a discrete classification. The rpart R
package has been used.

Random Forests. According to [3], random forests are a combination of tree predic-
tors such that each tree depends on the values of a random vector sampled inde-
pendently and with the same distribution for all trees in the forest. In the version
used here, the random forest is used as a regression technique. Basically, a random
forest is an ensemble method that consists of many regression trees and outputs a
combined result of those trees as a prediction for the target variable. Usually, the
generalization error for forests converges to a limit as the number of trees in the
forest becomes large. The randomForest R package has been used.

Bootstrap Aggregating. Bootstrap aggregating (or bagging) has first been described
in [2]]. It is generally described as a method for generating multiple versions of a
predictor and using these for obtaining an aggregate predictor. In the regression
case, the prediction outcomes are averaged. Multiple versions of the predictor are
constructed by taking bootstrap samples of the learning set and using these as new
learning sets. Bagging is generally considered useful in regression setups where
small changes in the training data set can cause large perturbations in the predicted
target variables. Since random forests are a variant of bagging where regression
trees are used as the internal predictor, both random forests and bagging should de-
liver similar results. Running them on the data sets should therefore deliver similar
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results as well, since the bagging implementation in the R ipred package internally
uses regression trees for prediction. Therefore, the main difference between ran-
dom forests and bagging in this article is that both techniques are implicitly run
with different parameters.

4 Results

The main research target of this article is to assess whether existing spatial autocorrela-
tion in the data sets may fail to be captured in standard, non-spatial regression modeling
setups. Therefore, the approach consists of a comparison between a non-spatial and a
spatial regression with cross-validation setup. The non-spatial setup was described in
Section[3.] the spatial setup has been presented in Section

The results in Table 2l confirm that the spatial autocorrelation inherent in the data set
leads classical, non-spatial regression modeling setups to a substantial underestimation
of the prediction error. This outcome is consistent throughout the results, regardless of
the used technique and regardless of the parameters. Furthermore, it can be seen that
Random Forests seem to yield better performance in terms of lower prediction error,
regardless of the setup used. For an illustrative depiction of the RMSE in the spatial
approach see Figure which shows the dataset partitioned into 50 spatial clusters
with the cross-validation RMSE displayed.

Moreover, the spatial setup can be easily set to emulate the non-spatial setup: set k
to be the number of data records in the data set. Therefore the larger the parameter k is
set, the smaller the difference between the spatial and the non-spatial setup should be.
This assumption also holds true for almost all of the obtained results.

Table 2. Results of running different setups on the data sets F440 and F611; comparison of
spatial vs. non-spatial treatment of data sets; root mean squared error is shown, averaged over
clusters/folds; k is either the number of clusters in the spatial setup or the number of folds in the
non-spatial setup

F440 F611
k spatial non-spatial spatial non-spatial
Support Vector Regression 10 1.06 0.54 0.73 0.40
20 1.00 0.54 0.71 0.40
50 0.91 0.53 0.67 0.38
Regression Tree 10 1.09 0.56 0.69 0.40
20 0.99 0.56 0.68 0.42
50 0.91 0.55 0.66 0.40
Random Forest 10 0.99 0.50 0.65 0.41
20 0.92 0.50 0.64 0.41
50 0.85 0.48 0.63 0.39
Bagging 10 1.09 0.59 0.66 0.42
20 1.01 0.59 0.66 0.42

50 0.94 0.58 0.65 0.41
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5 Conclusions and Future Work

This article elaborated upon a central data mining task: regression. Based on two data
sets from precision agriculture, a continuation and improvement over previous work
([19420]]) could be achieved. The important difference between spatial data and non-
spatial data was pointed out. The implications of spatial autocorrelation in these data
sets were mentioned. From an information management point of view, neighboring data
records in a spatially autocorrelated data sets are not supposed to end up in training
and test sets since this leads to a considerable underestimation of the prediction error,
regardless of the used regression model.

It can be concluded that it is indeed important to closely consider spatial relationships
inherent in the data sets. As a suggestion, the following steps should be taken: for those
data, the spatial autocorrelation should be determined. If spatial autocorrelation exists,
standard regression models must be adapted to the spatial case. A straightforward and
illustrative approach using simple k-means clustering has been described in this article.

5.1 Future Work and Acknowledgements

Despite having improved and validated upon the yield prediction task, the data sets carry
further information. Variable importance refers to the question which of the variables
is actually contributing most to the yield prediction task. Management zones refers to
discovering interesting zones on the (heterogeneous) field which should be managed
differently from each other.

The data in this work have been obtained on the experimental farm Go6rzig and were
acquired from Martin Schneider and Peter Wagner from Martin-Luther-Universitit
Halle-Wittenberg, Lehrstuhl fiir landwirtschaftliche Betriebslehre.
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