
Chapter 5
Space–Time Geostatistics for Precision
Agriculture: A Case Study of NDVI Mapping
for a Dutch Potato Field

G.B.M. Heuvelink and F.M. van Egmond

Abstract Many environmental variables that are relevant to precision agriculture,
such as crop and soil properties and climate, vary both in time and space. Farmers
can often benefit greatly from accurate information about the status of these vari-
ables at any particular point in time and space to aid their management decisions
on irrigation, fertilizer and pesticide applications, and so on. Practically, however,
it is not feasible to measure a variable exhaustively in space and time. Space–time
geostatistics can be useful to fill in the gaps. This chapter explains the basic ele-
ments of space–time geostatistics and uses a case study on space–time interpolation
of the normalized difference vegetation index (NDVI) as an indicator of biomass in
a Dutch potato field. Space–time geostatistics proves to be a useful extension to spa-
tial geostatistics for precision agriculture, although theoretical as well as practical
advances are required to mature this subject area and make it ready to be used for
within-season, within-field decision making by farmers.

Keywords Space–time geostatistics � Variogram � Kriging � NDVI � Interpolation �
Spatial variability � Temporal variability � Prediction � Uncertainty � Mapping � GPS �
Crop growth � Sampling

5.1 Introduction

Many of the soil properties that are relevant to precision agriculture vary both in
space and time. Examples are soil moisture, soil nutrient concentrations and pH.
Clearly, variation in space–time is not restricted to the soil, but extends to other do-
mains such as crops and climate. For instance, the biomass and protein concentration
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of the root, stem and leaves of a crop depend on location and time, and so do pre-
cipitation and temperature when the study area is large. Farmers can benefit greatly
from accurate information about the status of these variables at any particular point
in time and space. It can aid their management decisions on irrigation, fertilizer and
pesticide applications and so on. Practically, however, it is not feasible to measure a
variable exhaustively in space and time. For example, Snepvangers et al. (2003) used
time domain reflectometry to record about 100,000 observations of the topsoil water
content in a 0.36 ha grassland plot during a 30 day period, but the resulting data were
still sparse and interpolation was needed to describe the space–time variation ade-
quately. In many practical cases, even in precision agriculture where measurements
may be abundant, the size of the dataset will be much smaller than in the example
above and the space–time domain will be much larger. Thus, a common problem is
to construct a high-resolution space–time representation of a variable that varies in
space and time from a limited number of observations. Space–time geostatistics can
be useful for this.

Space–time geostatistics is a natural extension of ‘spatial’ geostatistics as de-
scribed in Chapter 1. It begins by characterizing the variation in space and time
with variograms. Next, these variograms are used to predict the target variable at
unmeasured points by kriging. The prediction error can be quantified and trends in-
corporated to reduce this error. Trends in space and or time are incorporated when
part of the variation in the target variable can be explained by explanatory variables,
such as when soil type is used to explain spatial variation in soil texture or when
precipitation is used to explain temporal variation in soil moisture. The difference
from ‘spatial’ geostatistics is that variation occurs in space and time, and both these
sources of variation must be modelled and their effects on prediction taken into
account. Variation in space might be much less than that in time. For instance, rain-
fall events are likely to pass over the entire field, but they vary considerably over
time. The opposite is also common; soil bulk density can differ markedly between
locations with different types of soil or landuse, but it changes little over a timespan
of a few years. In fact, the bulk density example hints at a situation where tempo-
ral variation may be negligibly small compared to spatial variation. In such a case
one might decide to disregard the temporal variation completely and return to con-
ventional ‘spatial’ geostatistics. When spatial variation is negligible a time-series
analysis will suffice. Thus, space–time geostatistics is required when neither spa-
tial nor temporal variation can be ignored, but this does not mean that both must be
equally large. Also, the lengths of spatial and temporal dependence will be different,
if only because space and time have different measurement units.

This chapter explains the basic elements of space–time geostatistics and uses
a case study on space–time interpolation of the normalized difference vegetation
index (NDVI) as an indicator of biomass in a Dutch potato field. We begin with
a description of the study site and discuss the positional correction of GPS data
from the field, followed by an exploratory data analysis of the NDVI data. Next we
present the theory of space–time geostatistics. We apply it to the case study, discuss
results and draw conclusions.
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5.2 Description of the Lauwersmeer Study Site
and Positional Correction of NDVI Data

The study site is near the village of Vierhuizen in the Lauwersmeer area to the North
of the Netherlands at 6:27ı longitude and 53:35ı latitude. The climate is temperate
maritime; the annual rainfall in 2006 was 661 mm with an annual average temper-
ature of 11:7ıC. In 2006, the growing season for potatoes was relatively warm and
dry except for August, which was colder and wetter than usual. The soil is char-
acterized as a fluvisol formed on young calcareous marine sediments. Soil texture
ranges from loamy sand to sandy clay loam with 1–4% organic matter. Elevation
ranges from 0.5 to 1.5 m above sea level with lower areas on the W and SE parts of
the field (Fig. 5.1). The lower parts of the field are more sandy. Typical crop rotations
consist of seed and consumption potatoes, sugar beet, wheat and onions.

A 10 ha field with two potato varieties, Innovator and Sofista, was studied during
the growing season of 2006. Innovator is a mid-early variety with fast and good
biomass development, whereas Sofista is classified as mid-late with good biomass
development.
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Fig. 5.1 Digital elevation map (metres above sea level) of the study site, obtained from the Dutch
AHN (Actueel Hoogtebestand Nederland 2009)
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A Crop Circle sensor (Holland Scientific 2008) measured spectral reflectance
each time the crop was sprayed against phytophtora, a potato disease. The active
spectral reflectance sensor has a spatial support of about 1 m2. It emits at 650 and
880 nm and measures reflectance in the visible (between 400 and 680 nm) and near-
infrared part of the spectrum (800–1100 nm). The sensor calculates the NDVI based
on those reflectances. The sensor- and GPS data are logged every second. Data from
headlands are not taken into account. The number of tramlines recorded and the
driving speed differs with measurement date (Table 5.1).

The NDVI data were obtained from reflectances recorded on 16 different days
during the growing season of 2006. The Crop Circle sensor was mounted 8.5 m
behind the tractor on a spraying boom and 6.5 m left of the centre. The GPS was
located on the tractor roof. The difference in position between the sensor and GPS
caused an error in the positions of recorded values that depends on the driving di-
rection. The GPS coordinates logged were corrected for this difference (Fig. 5.2a).
The accuracy of a GPS is fairly constant during any one day, but locations may
shift slightly when measuring the same coordinates on different days. This effect
is clearly visible from the wide transects in Fig. 5.2a. The farmer measures NDVI
when he sprays the field and uses exactly the same tramlines each time to minimize
crop damage. Hence the corrected coordinates measured on different days should be
positioned along the same lines. The corrected coordinates were therefore corrected
a second time for the ‘temporal’ GPS error. When the coordinates of a tramline dif-
fered by more than 0.5 m from the centre of the tramline, they were corrected in a
perpendicular direction to the driving direction to match the centre of the tramline
and to minimize unwanted displacement of the coordinates in the driving direction.
The results are shown in Fig. 5.2b.

5.3 Exploratory Data Analysis of Lauwersmeer Data

The main interest of the farmer is in the distribution of the potato growth over time
and space. Accurate information on growth and variation in growth enables the
farmer to fine-tune fertilizer application and the timing and amount of chemicals
to remove above ground biomass at the end of the growing season. The space–time
distribution of below ground biomass, and hence tuber yield, is correlated to the
above ground green biomass, of which NDVI is an indicator (Baret and Guyot 1991;
Carlson and Ripley 1997). The values of NDVI range between 0 and 1. An NDVI
of 0.2 indicates bare soil, a value of 0.65 indicates that the crop canopy is closed
and a further increase in NDVI indicates an increase in the number of green leaf
layers. The index ‘saturates’ at 0.9 which represents a leaf area index (LAI) of 3–4.
Throughout the growing season NDVI increases until tuber formation starts and then
it decreases as the above ground biomass dies and becomes yellow (Wu et al. 2007).

Figure 5.3 shows a scatter plot of NDVI against day of year (DOY). The NDVI
increases rapidly in spring and gradually decreases towards the end of the summer.
The spatial variation is large for all dates, as indicated by the wide spread in values.
There appear to be outliers with small NDVI values when overall NDVI values
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Fig. 5.2 (a) The original GPS coordinates (dark grey) and the coordinates after the first correction
(black) and (b) GPS coordinates after second correction. Background colour represents the two
potato species (Sofista light grey; Innovator dark grey)
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Fig. 5.3 The NDVI observations (Innovator in red, Sofista in blue) against day of year in 2006.
The solid line is the fitted temporal trend
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Fig. 5.4 Spatial distribution of NDVI observations for May 29 (DOY 149) and July 27 (DOY 208)

are large, showing that the crop was not fully developed in part of the field. This is
confirmed in Fig. 5.4, where the spatial distribution of NDVI is shown for two dates.
There are also a few small values in one area near the field boundary on July 27. Note
also that the Sofista crop has developed little biomass on May 29. Figure 5.3 shows
that the Sofista crop develops later than Innovator and starts to show a decline in
above ground biomass earlier. Innovator has a larger average NDVI in late summer
when Sofista has already started to decline.
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Factors that might influence crop growth, and hence NDVI, can be divided into
temporally constant but spatially varying factors and spatially constant but tempo-
rally varying factors. The first category includes soil properties, elevation and the
spatial allocation of the two different crop types. Soil properties that might influ-
ence potato growth are the amount of clay, sand and organic matter, median grain
size (M0), potential bulk density and potential water retention. Calculation of the
latter two is based on pedotransfer functions (Wösten et al. 2001). Summary statis-
tics of the NDVI, soil and elevation data are given in Table 5.1. Digital elevation
data are available at 1-m resolution from the AHN (Actueel Hoogtebestand Ned-
erland 2009) the national altitude dataset of the Netherlands, Fig. 5.1. The second
category of spatially constant explanatory variables includes precipitation, temper-
ature and fertilizer application. The crop received a spatially homogeneous nitrogen
application on 14 June 2006 (DOY 155).

5.4 Space–Time Geostatistics

Consider a variable z D fz.s; t/js 2 S; t 2 Tg that varies within a spatial domain S
and a time interval T. Let z be observed at n space–time points (si ; ti /, i D 1; : : : ; n.
In the case study described in Sections 5.2 and 5.3, these space–time observations
are transects of observations along the tramlines recorded at several instants in time.
Although the total number of observations, n, may be very large, to observe z at
each and every combination of time and space is not feasible. To obtain a complete
space–time surface of z requires some form of prediction. Therefore, the objective
is to obtain a prediction of z.s0; t0/ at a point (s0; t0/ at which z was not observed,
where (s0; t0/ typically is associated with the nodes of a fine space–time grid. To do
this, z is assumed to be a realization of a random function Z (Webster 2000). The
random function Z is characterized by a statistical model that must describe the
structure of dependence in space–time. Once the model is fully defined, Z.s0; t0/

may be predicted from the observations by kriging as described for the spatial
variables in Chapter 1.

The space–time variation of Z can be characterized by first decomposing it into
a deterministic trend m and a zero-mean stochastic residual " as follows:

Z.s; t/ D m.s; t/ C ".s; t/: (5.1)

The trend m is a deterministic, structural component that represents large scale
variation. The residual is a stochastic component representing small scale, ‘noisy’
variation. Alternatively, the trend may be thought of as that part of Z that can be
explained physically or empirically by auxiliary information. The residual compo-
nent still holds important information on the variation when it is correlated in space
and or time. Note that the decomposition of Z into a trend and a residual is a scale-
dependent, subjective choice made by a modeller (Diggle and Ribeiro 2007).
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5.4.1 Characterization of the Trend

As noted in Section 5.1, often the behaviour of a variable over time is entirely dif-
ferent from its behaviour in space. This difference can be represented by the trend
in the specification of a space–time model. For instance, crop growth in an agricul-
tural field is causally dependent on factors such as soil, climate and management.
This information should be incorporated into the model if possible when predicting
crop growth or biomass accumulation in space and time. Ideally, the trend would
be a process-oriented, physical-deterministic model. However, when deterministic
modelling is not feasible due to a lack of understanding of the underlying governing
processes or because external forces and boundary conditions are unknown or unre-
liably known, one may rely on a regression-type model relating the dependent to the
explanatory variables in an empirical way. The simplest approach is to assume that
the trend is a linear function of the (possibly transformed) explanatory variables, as
in linear multiple regression:

m.s; t/ D
pX

iD1

ˇi � fi .s; t/; (5.2)

where the ˇi are regression coefficients, the fi are explanatory variables that must be
known exhaustively over the space–time domain and p is the number of explanatory
variables.

Estimation of the regression coefficients can be done using common least squares
algorithms that minimize the sum of squared differences between the observa-
tions and predictions (Montgomery et al. 2006), such as implemented in statistical
software packages. Alternatively, maximum likelihood methods may be used (see
Chapter 3, also).

After a trend has been specified and estimated, it may be subtracted from Z so
that attention can be directed to the space–time stochastic residual ". With this ap-
proach, uncertainties in the detrending procedure are not taken into account in the
subsequent analysis. As a consequence, in kriging this causes the uncertainty in
predictions to appear smaller than it is. This problem can be avoided by account-
ing for uncertainties in the trend coefficients, such as is done in universal kriging
(Diggle and Ribeiro 2007); this method is also referred to as regression kriging
(Hengl et al. 2004).

5.4.2 Characterization of the Stochastic Residual

Throughout this chapter, we assume that the zero-mean stochastic residual " is mul-
tivariate normally distributed. Although a distributional assumption (i.e. normality)
is not strictly needed for kriging, the assumption ascertains a completely-specified
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statistical model and allows us to compute prediction intervals from the kriging
results. Given this assumption, the only information lacking is the autocovariance
function, C ,

C.si ; ti ; sj ; tj / D EŒ".si ; ti / � ".sj ; tj /�; (5.3)

where E is the mathematical expectation. Alternatively, we may characterize the
second-order properties of " with the variogram, � , as follows (see also Chapter 1):

�.si ; ti ; sj ; tj / D 1

2
EŒ.".si ; ti / � ".sj ; tj //2�: (5.4)

In practice, to estimate � from observations, some additional simplifying assump-
tions are necessary. A common approach is to introduce the assumption of second-
order stationarity, which posits that the semivariance of ".s; t) and ".s C h; t C u/

depends only on the separating distance in space, h, and that in time, u, between
the points: �.s; t; s C h; t C u/ D �.h; u/. Although h is usually a vector in two or
more dimensions, it can be replaced by Euclidean distance if isotropy is assumed
in space, allowing both h and u to be treated as scalars. In practice a further sim-
plification is needed to be able to estimate a space–time variogram from a set of
observations. Here we impose a sum-metric variogram model on the space–time
residual (Bilonick 1988; Dimitrakopoulos and Luo 1994; Snepvangers et al. 2003):

�.h; u/ D �S.h/ C �T .u/ C �ST

�p
h2 C .˛ � u/2

�
: (5.5)

The first two terms on the right-hand side of Eq. 5.5 allow for zonal space–time
anisotropies (i.e. variogram sills that are not the same in all directions). Zonal
anisotropy means that the amount of variation in time is smaller or larger than that
in space, and or that in joint space–time. If variation in space dominates variation in
time, then �S will have larger values than �T , which may be the case in the bulk den-
sity example given in Section 5.1. The opposite would hold for the rainfall example,
also mentioned above. The third term on the right-hand side of Eq. 5.5 represents a
joint space–time structure. It contains a geometric anisotropy ratio ˛ to match dis-
tance in time with distance in space. Geometric anisotropy is needed here because a
unit of distance in space is not the same as a unit of distance in time. For instance,
if ˛ D 20 m per day, then two points that are separated by 100 m in space and zero
days in time have the same correlation as two points that are 5 days apart in time
and zero metres apart in space, or as two points that are separated by 60 m in space
and 4 days in time (Fig. 5.5).

The sum-metric model simplifies the space–time variogram to a form such that
its parameters can be estimated from a space–time dataset, but there are other ap-
proaches too. Among alternative models the product-sum model is often used (De
Cesare et al. 2001). Research into which models are most appropriate for which
situations is ongoing (see the discussion in Section 5.6).

Once the trend and variogram of the residuals have been specified, space–
time prediction can be done in the usual way by ordinary or simple kriging (see
Chapter 1). Kriging not only provides the best linear unbiased predictor of Z.s0; t0/
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Fig. 5.5 Graphical illustration of geometric space–time anisotropy with an anisotropy ratio of
20 m per day. All points on the ellipse have the same semivariance

at any space–time point .s0; t0/, but it also quantifies the kriging prediction error
with the kriging variance from which maps of the kriging standard deviation or
lower and upper limits of prediction intervals can be derived. In space–time krig-
ing, this gives results in three dimensions. These can be presented as a series of
two-dimensional maps by taking time slices (which may be presented as a moving
image when the distance between subsequent times is sufficiently small), or as time-
series of predictions and prediction error standard deviations at different locations.
The advantage of space–time kriging over spatial kriging for separate time points is
that all observations are used rather than just the observations at the particular point
in time, and that predictions in between measurement times can be made.

5.5 Application of Space–Time Geostatistics
to the Lauwersmeer Farm Data

5.5.1 Characterization of the Trend

The absolute value of the correlation coefficients between soil properties and NDVI,
and between elevation and NDVI are small (Table 5.1). Although these values were
larger when the correlation was computed for separate days, they remained small
(data not shown). However, the correlation between NDVI and crop type is greater
(0.085) and there is also a clear relationship between NDVI and time (Fig. 5.3). We
decided, therefore, to define the trend as a linear combination of crop type and a
time effect:

m.s; t/ D ˇS � ı.crop type D Sofista/ C ˇI � ı.crop type D Innovator/ C f .DOY/:

(5.6)
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Here, the function ı is an indicator transform that is one if the condition is satis-
fied and zero otherwise; and f is a double logistic function that has been applied
successfully to model temporal variation of NDVI (Fischer 1994):

f .DOY/ D vmin C vmax

�
1

1 C em1�n1�DOY
� 1

1 C em2�n2�DOY

�
: (5.7)

The six parameters of the double logistic function were fitted on the NDVI data
using a least squares minimization approach; the parameters are vmin D 0:091,
vmax D 0:689, m1 D 33:7, n1 D 0:2099, m2 D 28:1 and n2 D 0:1123. The graph
of the fitted temporal trend is shown in Fig. 5.3. Next, the remaining two regression
coefficients were estimated on the residuals after removal of the temporal trend by
unweighted least squares; the coefficients are ˇS D �0:0497 and ˇI D 0:0335.
Estimation of the trend could be improved by the simultaneous fitting of all param-
eters or by using residual maximum likelihood (REML) to estimate the parameters
(Chapter 3), however, this may be computationally difficult because Eq. 5.7 is non-
linear in its parameters. A more complex trend including interactions might also
have been used to take into account that the effect of crop type varies with time.
Absolute values of the correlation coefficients between the NDVI residuals and soil
properties and elevation were all smaller than 0.10, indicating that there was no
substantial predictive power left in the auxiliary information.

The histogram of the NDVI residuals is shown in Fig. 5.6. There are outliers to
the left of the distribution in Fig. 5.6b. These correspond to locations at the bound-
ary of the parcels where the crop did not develop fully (see Figs. 5.2 and 5.3, also).
We decided to remove all values < � 0:3 (214 observations, 0.6% of the total) be-
cause the outliers would impair the geostatistical analysis too much. The choice of
the �0:3 threshold was subjective, however, if a value had been chosen closer to
zero many more observations would have to be removed (Fig. 5.6b). As a conse-
quence of discarding these observations, the resulting maps will be biased to larger
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Fig. 5.6 (a) Histogram of NDVI residuals after removal of a double logistic temporal trend and
crop type means and (b) histogram of a subset of the same data with only values smaller than �0:3
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NDVI values at the boundary of the field. Alternatively, all the observations could
be retained and transformed prior to variogram estimation and kriging, for instance
using a disjunctive kriging approach with Hermite polynomial transformation as
described in Chapter 1.

5.5.2 Characterization of the Stochastic Residual

The experimental variogram of the NDVI residuals was calculated for various tem-
poral and spatial lags. The temporal lag size was chosen to be fairly large because
there were only 16 measurement dates. Six time lags were used, each having a width
of 10 days. The spatial lag size used was 15 m. Marginal spatial and temporal vari-
ograms were also calculated; these variograms are specific to only the space or time
dimension. For instance, the marginal spatial variogram is computed on NDVI resid-
uals for which the distance in time is zero (i.e. observations collected on the same
day). The marginal and space–time experimental variograms are shown in Fig. 5.7.
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Fig. 5.7 Marginal experimental variogram (dots) and fitted model (solid lines): (a) in time direc-
tion and (b) space direction. Perspective plots of: (c) 3D experimental variogram and (d) fitted
space–time variogram model
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Table 5.2 Parameters of the fitted space–time variogram model

Variogram component Nugget Sill Range Anisotropy ratio

Spatial 0 0.00283 100 m NA
Temporal 0 0.00114 8 days NA
Spatio-temporal 0 0.00047 120 m 6 m/day

The experimental variogram in the time direction, in particular, is noisy. Neverthe-
less, the variograms show convincingly that the NDVI residuals are correlated in
space and time. Near the origin, where distances in time and space are small, the
semivariances are smaller than at larger distances. Spatial and temporal variation
are of the same order of magnitude; there is somewhat more variation in space than
in time. Thus, after removal of the trend, the NDVI residuals tend to vary more
between locations in space than between instants in time.

The metric space–time variogram model was fitted using an exponential function
for all three variogram components. Fitting was done using a quasi-Newton method
with box constraints (Byrd et al. 1995). Quasi-Newton methods seek the minimum
of a function by setting its gradient to zero and box constraints impose minima and
maxima for the parameters in the search space (for instance, the nugget, sill and
range parameter must all be equal to or greater than zero). The results are shown
in Fig. 5.7b and also as the solid lines in Fig. 5.7a, b. The fitting was based on all
space–time lags, which explains why the fitted curves do not reproduce the marginal
variograms as well as might have been achieved if the only consideration had been to
reproduce the marginal experimental variograms. The parameters of the variogram
models are given in Table 5.2. The nugget variance is zero, which implies that the
NDVI residual is perfectly correlated at very short distances in time and space. The
spatial sill is the largest, which confirms that spatial variation in the NDVI resid-
ual dominates temporal variation. The space–time component has a moderate sill,
although its contribution is not negligible.

5.5.3 Space–Time Kriging

Space–time kriging was done using the Gstat library (www.gstat.org) within the R
statistical software (Bivand et al. 2008). A small subset only of the entire space–time
cube of predictions and prediction error standard deviations are shown here. Maps
of the predicted NDVI are shown for three time instants in Fig. 5.8. These show that
NDVI is small on DOY 165, especially for Sofista, large on DOY 200 for both crops
and small for Sofista and still large for Innovator on DOY 235. This agrees with the
results presented in Fig. 5.3. The boundary between the two parcels is clearly visible
in all the maps of predictions shown here, and so are the patches with small NDVI
values near the parcel boundaries. A stripe effect is also apparent, particularly for
DOY 165. This is probably an artefact caused by systematic measurement errors
between the NDVI observations of neighbouring tramlines, although true system-
atic differences between neighbouring crop rows cannot be ruled out. One kriging
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Fig. 5.8 Space–time kriged predictions for three arbitrary days: (a) DOY 165, (b) DOY 200 and
(c) DOY 235; (d) kriging standard deviations for DOY 235

prediction error standard deviation map is shown for DOY 235 in Fig. 5.8d. The
standard deviations are small compared to the predicted values (note the different
legend entries) and are smaller near observations than further away from them. Note
also that the standard deviation map indicates that only 9 of the 16 tramlines (see
Fig. 5.8) were used near DOY 235 (see also Table 5.1). The standard errors are small
because of the large number of observations and strong space–time correlations.

Space–time kriging results are also shown as time-series for three arbitrary loca-
tions in Fig. 5.9. Two of these are from the Sofista parcel where NDVI predictions
become smaller towards the end of the observation period. Note also that the inter-
vals between predictions are smaller near points in time where observations were
made (i.e. one of the 16 days where NDVI was measured). For the corner location
in the Sofista parcel, some observations fall outside the 95% prediction interval, and
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Fig. 5.9 Space–time kriging results for three arbitrary locations: (a) centre and (b) north-west cor-
ner of the Sofista parcel, and (c) centre of the Innovator parcel. The solid line is the regression krig-
ing prediction, dotted lines represent the 95% prediction intervals derived from the kriging standard
deviation. The dots are NDVI observations within a circular neighbourhood with radius 2 m

this happens more often than the expected 1 out of 20 cases. This might be caused
by the fact that there may be a separation distance of up to 2 m between the observa-
tion and prediction location (a tolerance of 2 m was used to ensure that each graph
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has observations), but may also be caused by the fact that outliers were removed
before computing and modelling the space–time variogram (see Section 5.2), which
led to a systematic underestimation of the variation.

5.6 Discussion and Conclusions

Space–time geostatistics is a useful extension to spatial geostatistics for precision
agriculture because many of the variables addressed in precision agriculture vary
in time as well as in space. Space–time kriging can provide predictions at a high
space–time resolution and can be used, for example, to produce a time-series of
spatial maps. When such maps are shown in animation mode these images may
be useful to farmers to gain insight into crop growth. The data and results of the
case study were only available after the growing season, but if available during the
growing season the results can aid the farmer’s understanding of how crop variety
and management practices affect crop growth. It will show where and when within
a parcel anomalies caused by drought, wetness or diseases occur. For instance, this
will enable the farmer to adjust the chemical spraying against the potato disease
Phytophtera in space and time according to the actual occurrence of the disease.
Compared to the current practice of weather dependent precautionary spraying, this
can reduce substantially the amount of chemicals needed for optimal crop growth.
The trend analysis, which is part of the development of a space–time model, might
also provide important insight into which factors influence the variation in space and
time in target variables. This can contribute to a better timing of the final fertilizer N
application, or to determine the best DOY to remove the aboveground green biomass
at harvest.

Space–time kriging is not intended to make forecasts in time. The primary pur-
pose of kriging is interpolation; it is not intended for extrapolation, be that in space
or time. Extrapolation would result in large uncertainties, as exemplified by the krig-
ing variance. However, when implemented in real-time mode, space–time kriging
can provide farmers with almost instant imagery of crop- and soil-related properties
for the past and present. Process-based modelling, possibly augmented with data
assimilation functionality (e.g. Hoeben and Troch 2000; Heuvelink et al. 2006), is
needed to make reliable forecasts. Data assimilation techniques merge information
from observations with information from models, taking the relative uncertainty
associated with each of the sources of information into account.

The Lauwersmeer farm case study addressed in this chapter was limited to NDVI,
but the methodology is generic and applies to many more properties that are relevant
to precision agriculture, provided sufficient observations are available. In addition,
the spatial extent and time period are not restricted. The case study addressed spatial
variation within a 10 ha field during the growing season, but much larger space–time
domains can be handled too. In the case study we assumed a trend that was a com-
bination of a constant-in-time crop variety effect and a constant-in-space seasonal
effect. A more elaborate model would let these effects vary in space and time, would
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consider interactions between effects and would make a more careful assessment of
the effects of other factors, such as soil type, previous crop growth variation and
terrain form. Also, effects from parcel boundaries and anisotropy resulting from
tillage, planting and fertilizer application may be included.

Practical application of space–time kriging is not as straightforward as it is for
spatial kriging. This is partly because modelling variation in space–time is more
difficult than modelling that in space, and because ‘off-the-shelf’ software is not
yet available. The software Gstat was used in the case study, but it is not tailored to
space–time geostatistics and cannot handle non-metric variograms or 3D space–time
prediction. For instance, some additional programming was needed to compute the
experimental variogram. More flexible alternatives are GSLIB (Deutsch and Journel
1998) extensions (De Cesare et al. 2002) and SEKS-GUI (Yu et al. 2007). The mod-
elling of space–time variation also needs further development, both in terms of the
choice of structure of the space–time variogram and in terms of the improved and
user-friendly estimation of its parameters. Recently, many advanced methods have
been published in the statistical literature to define classes of valid space–time co-
variance structures (e.g. Cressie and Huang 1999; Gneiting 2002; Huang et al. 2007;
Fuentes et al. 2008; Ma 2008). A comprehensive review of these methods is beyond
the scope of this chapter, but it is important to note that the variogram modelling
approach used in this chapter is only one of many possibilities. One particular prob-
lem that confronts the modelling is that observations are generally spread unevenly
over space and time. Data sets will be generally sparse in space and abundant in
time (e.g. Snepvangers et al. 2003). In precision agriculture applications, however,
data may be sparse in time and abundant in space: in the case study there were only
16 measurements in time and hundreds of spatial measurements for each instant in
time. The uneven spread of observations over the space–time domain complicates
the variogram modelling process and subsequent kriging. In the future the lack of
temporal data could well change in agriculture and other applications. For instance,
high resolution satellite or aerial imagery such as Ikonos and radar maps of rain-
fall may become readily available and instantly downloadable at affordable prices.
Also the application and further development of ‘smart dust’ soil temperature and
moisture sensors could provide a more even distribution of abundant data in space
and time in precision agriculture. Space–time kriging may become a valuable tool in
precision agriculture and other applications, combined with the current developing
practice of using continuous soil moisture sensors and high resolution soil maps to
fine-tune irrigation or the use of precise soil temperature data to determine sowing
and planting dates.

In parallel with the theoretical advances, practical application of space–time geo-
statistics also needs further development. More real-world applications of space–
time kriging will not only develop the maturity of this subject area and encourage
the development of user-friendly software, but it might also reveal stable patterns
in the type of model to be used for specific applications. If this were the case, then
a model structure developed in one year for a given area, soil type or crop variety
may be used in future years for similar areas, soil types or crop varieties, thus sav-
ing time on the cumbersome modelling stage. Thus, the farmer may use the model
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developed in the case study for future use on his farm to create space–time surfaces
of NDVI in near real-time. This will allow him to delineate those parts of the parcel
where additional management is required (e.g. parts where the NDVI has not in-
creased sufficiently during the past fortnight) and take action. The incentive for the
further development of space–time techniques must come primarily from the field
of applications. Data availability in precision agriculture is ever increasing and re-
liable methods are needed to distil useful information from the data and present
the information in a tangible and efficient way so that farmers and their advisers
can comprehend and use it. In this respect, precision agriculture may well be an
important application field that can stimulate and steer the further development of
space–time geostatistics.
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