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Satellite remote sensing is an invaluable tool to monitor agricultural resources. However, spatial patterns in
agricultural landscapes vary significantly across the Earth resulting in different imagery requirements depending
on what part of the globe is observed. Furthermore, there is an increasing diversity of Earth observation
instruments providing imagerywith various configurations of spatial, temporal, spectral and angular resolutions.
In terms of spatial resolution, the choice of imagery should be conditioned by knowing the appropriate spatial
frequency atwhich the landscapemust be sampledwith the imaging instrument in order to provide the required
information from the targeted fields. This paper presents a conceptual framework to define quantitatively such
requirements for both crop area estimation and crop growth monitoring based on user-defined constraints. The
methodological development is based on simulating how agricultural landscapes, andmore specifically thefields
covered by a crop of interest, are seen by instruments with increasingly coarser resolving power. The results are
provided not only in terms of acceptable pixel size but also of pixel purity which is the degree of homogeneity
with respect to the target crop. This trade-off between size and purity can be adjusted according to the end-user's
requirements. Themethod is implemented over various agricultural landscapeswith contrasting spatial patterns,
demonstrating its operational applicability. This diagnostic approach can be used: (i) to guide users in choosing
the most appropriate imagery for their application, (ii) to evaluate the adequacy of existing remote sensing
systems for monitoring agriculture in different regions of the world and (iii) to provide guidelines for space
agencies to design future instruments dedicated to agriculture monitoring.

© 2010 Elsevier Inc. All rights reserved.

1. Introduction

Monitoring agriculture production at a global scale is of paramount
importance to assure food security to a constantly growing human
population affected by increasingly uncertain climatic conditions.
Sustainable agriculture is acknowledged by the Group on Earth
Observation (GEO) as one of the critical societal benefit areas for
international cooperation and collaboration and it requires an opera-
tional system formonitoring global agriculture (Justice & Becker-Reshef,
2007). To estimate crop production, it is necessary to know both the
surface which is cultivated in the present year and how successfully the
crop is transforming the growing conditions it is subjected to into yield.
Earth observation offers an invaluable tool to estimate both of these
variables in a timely manner over large areas. However, spatial patterns
in agricultural landscapes vary significantly around the globe. Cropfields
may be different not only in terms of size and shape, but also in their
spatial distribution. Therefore, depending on which part of the world is
observed and on the specific requirements for a given application, the

requisites in terms of the instrument's resolving power, commonly
referred to as the spatial resolution, will be different.

1.1. Spatial resolution

Spatial resolution is a complex concept for which there is no single
definition (Townshend, 1980). A strong simplification is often made in
which spatial resolution is considered to be equivalent to the ground
projection of thepixel. However, thepixel itself is not a true geographical
object (Fisher, 1997) and it is often larger thanwhat peoplewould like it
to be (Cracknell, 1998).

Earth observation by remote sensing consists inmeasuring a property
of the planet's surface, generally the electromagnetic radiation reflected
or emitted by the surface,which is characterized by a certain variability in
space. The spatial heterogeneity is generally structured by various sets of
objects scattered over the landscape. In remotely sensed images, these
spatial structures are recognizableby the fact that their spectralproperties
aremore homogeneouswithin them thanbetween themandother scene
elements (Jupp et al., 1988). The scale of spatial variationwithin an image
relates to the size and distribution of spatial structures across the surface.
Assuming some periodicity in the repetition of these structures, the
surface can be described in terms of spatial frequencies. High spatial
frequencies correspond to small spatial structures while small spatial
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frequencies characterize larger object and smoother spatial variations.
The spatial resolution of an instrument relates to its ability to resolve high
spatial frequencies. This capacity depends mainly on 3 characteristics of
the instrument which will be described hereafter: the ground sampling
distance, the modulation transfer function and the signal-to-noise ratio.

To transform the continuous radiometric signal detected by the
instrument into a digital image, it must be sampled regularly. The on-
ground distance separating two samples is known as the ground
sampling distance (GSD). Each sample consists of ameasurementmade
byadetector of incoming radiancewithin its angular instantaneousfield
of view (IFOV) during a defined time interval. This value is then
allocated to an individual grid cell (a pixel) of a regular tessellation
whichwill constitute the remotely sensed image. It is important to note
that the ground projected distance between two pixels does not
necessarily correspond to the GSD. The geometric projection of a single
detector onto the Earth's surface, which is referred to as the ground-
projected IFOV or GIFOV, can be larger than the GSD in imaging systems
that oversample to improve data quality (e.g. LandsatMSS, AVHRR). The
ground-projection of the pixel may further be altered by resampling
operations before the image arrives to the user. In order not to lose any
informationduring any conversion fromananalog to a digital signal, the
Nyquist–Shannon sampling theorem states that the sampling frequen-
cy, i.e. the inverse of the GSD, must be higher or equal to twice the
highest spatial frequency of the signal (Nyquist, 1928; Shannon, 1949).
This cut-off frequency is known as the Nyquist frequency. The non-
respect of the sampling theorem can lead to aliasing: the loss of
information of high spatial frequencies due to under-sampling and the
potential apparition of artefacts along with general reduction of image
quality. The radiometric signal is modified by the imaging instrument
before and during the sampling operation. This alteration of the signal
also affects the spatial resolution. The faithfulness with which the
instrument reproduces a scene depends on its spatial responsewhich in
turn depends on the optics, the detectors and the electronics involved in
encoding the signal (Schowengerdt, 2007). The instrument records the
signal with a low-pass spatial filter retrieving spatial frequencies lower
than a cut-off frequency. The low-pass filter is known as the
instrument's point spread function (PSF) since it describes how light
coming from a point source is spread over the image plane. The
modulation transfer function (MTF) is the counterpart of the PSF in the
spatial frequency domain and characterizes the attenuation of the
spatial frequencies by the imaging instrument. The higher theMTF for a
given spatial frequency, the better the imaging system will retrieve the
contrast at this frequency. A large MTF will have a corresponding PSF
with a narrow spatial support.1 When this support is larger than the
nominal pixel, the resulting image is blurred and several adjacent pixels
may relate to the actual observation footprint. Such effect can be
compounded by viewing geometry and by atmospheric scattering.

The ability of the imaging system to detect an object also depends
on its contrast with its surroundings in relation to the sensor's ability
to detect small differences in radiance (Townshend, 1980). This is
measured by the signal-to-noise ratio (SNR), which is simply the ratio
of the signal to the total noise that is present. If the SNR is too low,
high spatial frequencies may be undistinguishable from the back-
ground noise. When comparing two imaging systems with identical
GSD and MTF, the instrument with higher SNR has an increased
capacity to retrieve higher spatial frequencies in the presence of noise.

1.2. Seeking an optimal pixel size

The question of choosing the appropriate spatial resolution for a
given application has been widely addressed in the remote sensing

community (Woodcock & Strahler, 1987; Curran &Williamson, 1988;
Townshend & Justice, 1988; Marceau et al., 1994; Atkinson & Curran,
1995, 1997; Garrigues et al., 2006; McCloy & Bocher, 2007). Rather
than identifying a spatial resolution, it is more appropriate to consider
that these studies seek the optimal sampling distance or the optimal
pixel size, since MTF and SNR are usually neglected.

Identifying an appropriate pixel size requires an understanding of the
loss of spatial information content as the observation support increases.
The concept of increasing the support is referred to as data regularization,
which can be more formally defined as the process of spatial averaging
that arises when an imaging instrument makes a measurement that is
integrated over a finite area of the scene (Jupp et al., 1988). Empirical
statistics linking observed variance and scale of spatial variation have
beenproposed toguideusers to decide the appropriate imagery to choose
for a given remote sensing application. For example, the predominant
scale of spatial variation of an image can be estimated by degrading it to
increasingly coarser pixel sizes andfinding the scale atwhich the average
local variance is maximal (Woodcock & Strahler, 1987).

Geostatistics, andmore specifically the second-order variogram, have
beenwidely used tomodel the effect of data regularization on the surface
reflectance variance (Woodcock et al., 1988a,b; Jupp et al., 1988, 1989;
Atkinson&Curran, 1997; Garrigues et al., 2006; Garrigues et al., 2008). By
calculating regularized variograms from simple scene models and
simulated images, Woodcock et al. (1988a) showed that scene
parameters suchasobjectdensity andsize canbe inferred fromvariogram
behaviour. The structural information contained in the variogram is
summarized in a single area-based metric: the integral range (Chilès &
Delfiner, 1999). To convert this information into a distance metric which
can be related to scale, Garrigues et al. (2006) defined the mean length
scalewhich is the square root of the integral range. Tarnavskyet al. (2008)
used the variogram sill and the mean length scale to assess the spatial
variability betweenmultiscale NDVI products in order to find the support
size for which their spatial variability is minimized. Variogrammodelling
can also be used to derive statistics such as the dispersion variance, the
scale variance and semi-variance at a lag of one pixel interval, which can
be used in a similar way as the average local variance to guide user to
choose an appropriate scale of observation (Atkinson & Curran, 1997).

Whether it be using empirical statistics or variograms, trying to
identify a single scale of interest for a region might be problematic.
Broad land cover classes may have large ranges of object sizes and
significant differences in the spatial variation observed at different
wavelengths (Atkinson & Aplin, 2004). Local spatial variations may
also occur within a landscape. With the exception of wavelet
techniques (Mallat, 1999) which are still seldom used, such local
spatial variations cannot be detected using most methods since they
rely on some stationarity hypothesis (Garrigues et al., 2006).

Another issue is that thesemethods describe spatial heterogeneity or
define an optimal pixel size based on the entire image whereas many
applications focus only on a given set of spatial structures. To estimate
crop area, only the pixels covering the target crop need to be correctly
identified. The number of concerned pixels is then multiplied by the
ground area corresponding to a single pixel. Crop growth monitoring
with remote sensing is often based on temporal profiles of spectral
indices, such as NDVI, or biophysical variables retrieved from multi-
spectral reflectances (Reed et al., 1994; Baez-Gonzalez et al., 2002;
Pinter et al., 2003; Dorigo et al., 2007). The high observation frequency
necessary to detect anomalies due to climatic variability come to the
expense of coarser observation supports, which in turn results in
measuring a signal originating from a larger and potentially more
heterogeneous area. Nonetheless, even in regions where themean field
size is significantly smaller than an instrumentsGSD, a set of largerfields
can effectively represent the regional growth dynamics of a given crop
without adding a significant bias (Guissard et al., 2004). The target pixel
population for this application can therefore be composed of those
whoseobservation supports fallwithin the largerfields of the landscape.
As shown by Duveiller et al. (2008), the spatial support required to

1 The spatial support of the PSF, often referred to as the observation footprint or the
effective instantaneous field of view of the instrument, is theoretically infinite.
However, it has been proposed to quantify its limits using the spatial frequency at
which the MTF falls to 0.5 (NASA, 1973).
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monitor the crop growth in such away can be significantly coarser than
the predominant scale of spatial variation.

1.3. Objectives

This paper addresses the question of spatial resolution for
agriculture monitoring. A conceptual framework is proposed to define
the requirements for both cultivated area estimation and crop growth
monitoring based on the spatial pattern of the studied agricultural
landscape and on user-defined constraints. The approach is then
implemented on real satellite imagery over various agricultural
landscapes with contrasting spatial patterns.

2. Conceptual framework

The methodological development is based on simulating how
agricultural landscapes, and more specifically the fields covered by a
crop of interest, are seen by instruments with increasingly coarser
resolving power. The main aspect of spatial resolution studied here is
GSD, and more specifically nominal (or at nadir) GSD. While MTF is
also taken into account, SNR is neglected for the sake of clarity.
Furthermore, nominal GSD is here considered to be equivalent to pixel
size andwill be referred to as such and noted ν. As larger pixel sizes are
considered, the pixel-target adequacy becomes compromised since
the information contained in the pixels will not only come from the
targetfields but also fromadjacent objects such as roads,fields covered
by a different crop, hedges or other land cover types. The term pixel
purity (noted π) is employed here to refer to the degree of
homogeneity of a regularized pixel with respect to the target crop
type. A working hypothesis in this research is that, from an end-user
perspective, a trade-off can be realized between pixel size and purity
when seeking the appropriate sampling requirements for a given
application. In other words, larger sampling distances than those
dictated by the Nyquist–Shannon sampling theorem could be
acceptable, so long as the aliasing problems are controlled by pixel
purity. The limits of this trade-off between pixel purity and size are
defined based on constraints set by the end-user. To do so, pixel
populations covering the targetfields andwith different ν and π values
need first to be isolated and analysed.

2.1. Selecting target pixel population by aggregation and thresholding

A remotely-sensed image with a fine spatial resolution is used to
simulate imageswith coarser pixel sizes. This image, denoted I, contains
information of the surface reflectance resumed in z different spectral
bands with pixels of size νo. A binary mask, M, serves to identify the
target fields on the image I. The binary mask has the same extent as the
image with pixels taking the value of 1 when covering the target fields
and 0 otherwise.

In order to mimic instruments which sample the Earth at
increasingly larger intervals, a generic PSF is defined and scaled to
different sizes. The MTF is basically considered invariant with respect
to pixel size, i.e. instruments with a larger ν have a correspondingly
larger MTF. The corresponding PSF used in this simulation is a net
instrument PSF, which can be modelled by taking into account its
different components: the optical PSF, the electronic PSF, the detector
PSF and image motion PSF (Schowengerdt, 2007). For the sake of
simplicity the image motion and electronic components are
neglected, the optical component is assumed to have a Gaussian
behaviour and the detector is modelled by a uniform square
pulse function. The spatial response of an imaging instrument with
a GSD equal to ν is given by the convolution of optical and detector
components:

hνðx; yÞ = PSFopt⁎PSFdet

hνðx; yÞ = exp − x2 + y2

2ðνσÞ2
 !

⁎rectðx = νÞrectðy= νÞ
ð1Þ

where x and y are the coordinates in the object space (with their
origin at the centroid of the GIFOV), σ is the standard deviation of the
Gaussian curve and rect(x/ν) is the rectangular function (which is a
square pulse of amplitude one and width ν). The spatial representa-
tion of this model is illustrated in Fig. 1.

A bi-dimensional convolution of the spatial response model over
the image I followed by a sub-sampling operation results in a
simulated image at a given coarser pixel size ν. The change in support
(i.e. data regularization) is done by the convolution operation:

ΠI;νðx; yÞ = Iðx; yÞ⁎hνðx; yÞ: ð2Þ

Fig. 1. An image I can be used to simulate how the landscape would be theoretically seen with an imaging instrument having a coarser resolving power by convolving it with a model
of the spatial response of the instrument (hν) and sub-sampling the result (top row). The same approach is applied to a binary mask M to derive a pixel purity map (bottom row).
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The imageΠI,ν(x,y) is a gridwith the same extent and pixel size as I(x,
y). Every pixel of ΠI,ν(x,y) has therefore the original size of ν0 but it
displays the value that would be encoded by an instrument with a GSD
equal to ν when the centroid of its GIFOV falls at that (x,y) coordinate.
Since the output simulated imagemust store an information separated by
a distance of ν and not ν0,ΠI,ν(x,y) provides an excess of information and
needs to sub-sampled. Sub-sampling is simply the operation of selecting
one pixel value for every ν/ν0 pixels in both x and y directions. Sub-
samplingmust not bemistakenwith data regularization inwhich there is
a change in measurement support.

To study the effects of pixel purity, the binarymaskMwhich defines
this purity must also be scaled to coarser pixel sizes using the same
procedure as for I (see Fig. 1, lower row). Since hν(x,y) defines the

observation footprint corresponding to the simulated coarser pixels, the
resulting image (ΠM,ν) maps the pixel purity with respect to the spatial
structure represented inM. This imagemust similarly be sub-sampled to
result in pixels of size ν. A threshold can be chosen to separate the
aggregated binary mask into two sets: target pixels and non-target
pixels. The threshold can vary from 0, where all pixels are classified as
target, to 1, where only completely pure pixels are selected. Different
pixel populations can be selected in this way at various aggregation
steps. The process of selecting these pixel populations across pixel size
and pixel purity dimensions is illustrated in Fig. 2. In the first column on
the left of thisfigure, the purity threshold is set to zero and therefore the
whole image is selected. When moving along a row, the pixels that are
masked are those which are discarded because of the increasing purity

Fig. 2. Example of how target pixel populations can be selected across pixel size (ν) and pixel purity (π) dimensions. In the first column on the left, the purity threshold is set to zero
and therefore the whole image is selected. When moving along a row, the pixels that are masked (in black) are those which are discarded because of the increasing purity threshold.
The top row shows the image at the finest scale for which pixel purity can only take binary values.
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threshold. The top rowshows the imageatwith the initial pixel size (ν0).
At this scale, spatial purity cannot be computed from the mask and
therefore the same pixel population is selected for all π values above
zero.

2.2. Mapping variables across pixel size and pixel purity dimensions

The sets of selected target pixels, or pixel populations, vary with
respect to their size (ν) and to theminimumacceptablepurity threshold
that defines them (π). Information on these pixel populations can be
summarized by various variables that can be mapped along pixel size
and purity dimensions. These variables are later used to define the
requirements for crop area estimation and crop growth monitoring.

Pixel population size [N].

A first variable that can be used to describe the various pixel
populations is its size in terms of number of pixels. This variable,
denoted N, can be plotted in this 2-dimensional space of scale and
purity as shown in Fig. 3(a). N decreases monotonically with both
pixel size and pixel purity. N0 refers to the number of pixels in the
initial, non-aggregated, binary mask.

Sampling coverage [SC].

The ratio between the sampled surface at a given scale, i.e. the
number of selected pixels times their surface, and the target area
measured at the finest scale can also be computed:

SCðπ;νÞ = ν2Nðπ;νÞ
ν2
0N0

ð3Þ

This variable is here referred to as the sampling coverage. It can take
values below1when the surface sampledby thepopulation of pixels
is smaller than the total target surface. However, it can also take
values above 1 when the purity threshold is low at coarser scales
whenmanymixed pixels are selected. The SC surface is illustrated in
Fig. 3(b).

Standard deviation of pixel population [Σz].

The standard deviation of the reflectance values in band z of the
selected pixel population varies along ν and π forming a surface
which is here denoted Σz. Σz decreases with increasing purity
threshold with a sigmoid curve and describes the reduction in
standard deviation of the pixel values as the population is
constituted of increasingly purer pixels (see Fig. 3(c)).

Discriminable fraction of the pixel population [Dfz].

This variable indicates the percentage of the selected pixel
populations which can be effectively classified as the target land
cover. The target spatial structures have a distinctive spectral
signature characterized by a probability density function (PDF).
The PDF for every band z, or combination of bands, can be
estimated non-parametrically by passing a Gaussian kernel over
the frequency histograms of the reflectance values of the pixels in I
which are isolated by the maskM. PDFs can similarly be estimated
for all pixels found outside the mask M (for which the non-
parametric approach is particularly necessary due to the potential
complexity of this PDF). The overlap between the PDF
corresponding to the pixels found inside the mask (i.e. when
M=1) and the PDF of those outside the mask (i.e. when M=0)
describes the spectral confusion between target and non-target
object. The notion of membership function is here borrowed from

fuzzy sets theory (Zadeh, 1965) to quantify the degree of confidence
with which a pixel with a reflectance value z=zi can be classified as
the target land cover. The membership is defined as follows:

μinðziÞ =
PinðziÞ

PinðziÞ + PoutðziÞ
ð4Þ

where Pin(zi) and Pout(zi) are respectively the probabilities that a
pixel with the value z=zi is or is not part of the target land cover
class. This membership can be calculated for all pixels of each
selected pixel population across ν and π dimensions using the PDFs
derived from the initial image I (at thefinest scaleν0). Here, a pixel is
considered as spectrally recognizable if its membership is above 0.5,
i.e. when Pin(zi)NPout(zi). The discriminable fraction of the pixel
population, Dfz, is the ratio between nμinN0.5, the number of selected
pixels with μin above 0.5 and the total selected pixels (N):

Dfzðπ;νÞ =
nμin N 0:5

Nðπ;νÞ ð5Þ

The resulting surface is illustrated on Fig. 3(d).

Area estimate error [Ez].

This variable presents the error committedwhen the discriminable
pixels of a selected population is used to estimate the area of the
target structures (which is known by multiplying N0 by the initial
pixel surface ν02). The area estimate error (in percent) is here
defined as follows:

Ezðπ;νÞ = 100 ×
ν2Nðπ;νÞ · Dfzðπ;νÞ

ν2
0N0

−1 ð6Þ

where (·) is the element by element multiplication of the two
matrices. The 2-D representation of this variable Ez will present a
furrow along the line of minimal error where omission and
commission errors compensate (see Fig. 3(e)). Along both sides of
this line, the error increases either because omission errors
outnumber commission errors or vice versa. If all pixels are
discriminable and if mixed pixels are all composed of identical
proportions of target and non-target areas, the purity threshold of
0.5 would yield a perfect estimate of the area. However, the
structure of a spatial pattern may diverge from this ideal case,
especially with coarser pixels whose size are comparable to those
of the target spatial structures. Furthermore, in many cases only a
fraction Dfz of the selected pixel population can effectively be
identified as being part of the target land cover class. A lower Dfz
will shift the Ez furrow toward smaller pi values since a lower
pixel purity threshold is required to select more pixels in order to
compensate for non-discriminated pixels.

2.3. Defining constraints for crop area estimation and crop growth
monitoring

As mentioned in the introduction, different applications will have
different requirements for selecting their pixel population of interest.
The variables described in the previous section are used to definewhich
of the various populations extracted from I are useful for the given
application. This is done by drawing limits on the pixel size-pixel purity
space to isolate the set of ν and π that satisfy the requirements. For
example, if an application requires aminimumnumber of pixels,N′, the
surface N is sliced by plane passing by the value N=N′. When the
intersection of N and the plane is projected onto the 2-dimensional
space π−ν, it separates this domain into the regionwhere selected pixel
populations have a size larger than N′ and the region where the
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population sizes will be lower than N′. The coordinates (π,ν) along the
division boundary satisfy the imposed condition N=N′.

A straightforward way to estimate cultivated area from satellite
imagery is mapping the target crop through image classification,

counting the number of pixels and multiplying this value by the
ground area corresponding to a single pixel. Although smallpixels are
preferred to assure a good delineation and to reduce the amount of
mixed pixels, better classification accuracy may be attained using

Fig. 3. Example of properties of pixel populations derived from an image of an agricultural landscape and plotted across pixel size (ν) and pixel purity (π) dimensions: (a) the size of
the selected pixel populations N; (b) the spatial coverage, SC, of the population related to the target area; (c) the standard deviation of the reflectance values in band z of the pixels in
the populations, Σz; (d) the discriminable fraction of the pixel population Dƒz and (e) the percent error, Ez, committed on the estimation of the target area when using the
discriminable pixels in each population. The image used here is the Hesbaye site described further in the text and represented in Fig. 5.
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coarser pixel sizes (Townshend, 1980; McCloy & Bocher, 2007). Since
it is unrealistic to expect all pixels covering the target crop to be
spectrally identifiable, especially at coarser scales, a constraint must
be set to define that a minimum discriminable fraction of the pixel
population (Dfz1) that can be tolerated. A plane having this constant
value for every point in the ν−π space can be used to slice the surface
Dfz, resulting in a discrimination constraint separating pixel popula-
tions that have enough discriminable pixels from those who don't
(see Fig. 4(a)).

Even with accurate land cover maps, area estimation errors may
occur depending on the actual sizes and spatial patterns of the land
cover classes (Moody & Woodcock, 1994; Pax-Lenney & Woodcock,
1997). Ozdogan &Woodcock (2006) showed that to get accurate area
estimates of cultivated areas, thresholds defining class memberships
must be related to the proportion of coverage of the class in the scene.
This can be resumed to having pixel populations whose purity
threshold definition ensures that commission and omission errors are
balanced, thereby eliminating the bias of estimating area by pixel
counting reported by Gallego (2004). The second criterion used to
bound the pixel size–pixel purity space therefore relates to the

capacity of the discriminable pixels in the population to represent
correctly the crop area. A maximum tolerable error in crop area
estimation is specified, Ez1, in order to slice surface Ez. Because of the
furrowed shape of the surface, the region of interest will be bounded
by two lines: the first where the commission errors outnumber
omission errors and the second where it is the other way around. The
former line will systematically have higher values for π and is
therefore chosen to bound the π−ν space since it is generally easier to
identify a mixed pixel as part of the target when its pixel purity is
higher. As it is shown in Fig. 4(a), the adequate pixel populations are
defined by this area error constraint boundary and the previous
discrimination constraint boundary. The point where these two
boundaries cross represents the coarsest sampling distance that can
be used to estimate the crop area.

For crop growth monitoring, a set of coarse pixels covering the
larger fields within a landscape can effectively characterize the
regional growth dynamics. However, the extent to which larger pixel
sizes can be used at the expense of pixel purity needs to be contained
in order not to jeopardize the pixel population's capacity to represent
the status of the underlying crop. Here, it is considered that the coarse
pixel population represents adequately the underlying crop if the
standard deviation of the reflectance values of the selected population
is comparable to the standard deviation of the reflectance values of
pixels below the mask (π=1)) at the finest scale (ν=ν0). Since a
certain number of mixed pixels are to be tolerated, the Σz surface can
be sliced at the value Σz

′ which is defined as follows:

Σ′
z = Σzðν = ν0;π = 1Þ × β + 1½ � ð7Þ

where the parameter β allows the user to choose the fraction of the
target variability (Σz(ν=ν0,π=1)) that can accepted. The intersec-
tion between Σz and the plane passing at Σz

′ defines the standard
deviation constraint which is the first to bound the π−ν space for crop
growth monitoring.

The selected pixels are a sample of the total population of pixels
covering the fields of the target crop. Additional criteria can be used to
assure the sample is representative of the entire surface covered by
the crop within the landscape. A minimum sample size can be
imposed using surface N (i.e. there must be at least N′ pixels in the
population). Those pixels must further assure a minimum sampling
coverage (i.e. the samples must cover at least a minimum proportion,
SC′, of the underlying target land cover). These two parameters will
have to be adjusted by the user depending on the proportion of the
landscape covered by the target. In a situation where the target crop is
not well represented, it will be more interesting to favour a high
sampling coverage and a low minimum pixel population. The inverse
would be true when the crop of interest dominates the landscape.
These two sampling constraints of pixel number and coverage will
cross the standard deviation constraint (see Fig. 4b). The intersection
yielding the smallest ν defines the coarsest acceptable pixel size (and
the corresponding acceptable purity).

3. Application to Earth observation images over
various landscapes

The conceptual framework developed above is implemented in
realistic conditions to evaluate the spatial sampling requirements for
agricultural assessment over various landscapes with contrasting
spatial patterns. Attention is focused on identifying the coarsest
acceptable pixel sizes for both crop area estimation and crop growth
monitoring.

3.1. Site description

The choice of the study sites is oriented towards fragmented
landscapes with rather small fields where the choice of the appropriate

Fig. 4. Theoretical boundaries in the pixel size–pixel purity space used to define the
requirements for pixel populations that are to be used for (a) crop area estimation and
(b) crop growth monitoring.
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imagery is not trivial. Six sites of 10×10 kmwere identified frommulti-
spectral imagery (HRG/SPOT5). These imageextractshave anominalGSD
of 10 mwith 4 spectral bands: green (500–590 nm), red (610–680 nm),
near-infrared (NIR, 780–890 nm) and short-wave infrared (SWIR, 1580–
1750 nm). Information concerning acquisition dates, exact geographical
location and details on the targeted crops are resumed in Table 1. The
binarymasks representing the target crops are obtaineddirectly from the
imagery by a pre-processing step which will be described in Section 3.2.
Both image and mask are displayed in Fig. 5.

The first study site is located in the Hesbaye region of Belgium, where
agriculture is dominated by wheat, barley and sugar beet. Landscape
fragmentation results in fields with variable sizes distributed in a mosaic
pattern. A second site is in the Picardie regionofNorthern France. This site
has a very similar spatial pattern to the Belgian site with the same crops
but with larger fields. To have an example with fields having a more
regular shape, the third site is located over the reclaimed land of the
Flevoland province of the Netherlands. With a single image for each of
these 3 sites, the spectral signatures of winter wheat and winter barley

Table 1
Details of the 6 different sample sites used in the present study. The cover fraction, Cf, indicates the fraction of the 10×10 km site covered by the target crop. Field size (in hectares) is
reported in terms of mean field size ± the standard deviation. The last two columns relate to the modelled variogram of the NDVI for all sites. γr̂ is the value of the variogram at the
effective range, otherwise known as the sill. Dc is the mean scale length defined by Garrigues et al. (2006).

Site Longitude Latitude Date Target crop cf Field size γr̂ Dc

Hesbaye 5.10° E 50.64° N 2007/04/30 Winter cereals 0.29 11.39±7.55 0.0565 333
Picardie 3.19° E 49.80° N 2007/03/15 Winter cereals 0.33 22.18±15.71 0.0345 560
Flevoland 5.74° E 52.48° N 2009/06/24 Winter cereals 0.16 9.58±3.20 0.0329 422
Fakara 2.78° E 13.51° N 2004/09/28 Millet 0.41 5.68±3.55 0.0053 193
Hengshui I 115.45° E 37.87° N 2009/04/21 Winter wheat 0.57 1.08±0.48 0.0393 491
Hengshui II 115.82° E 38.01° N 2007/07/10 Maize 0.32 1.08±0.49 0.0148 211

Fig. 5. Imagery and derived crop specific masks for the six sample sites used in this paper. The imagery is displayed using the NIR band in the red channel, the Red band in the green
and the SWIR band in the blue. Contrast is adjusted to each band separately.
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were too similar to be distinguished and therefore a combined class,
winter cereals, is chosen as the target crop. Both Hesbaye and Picardie
images were acquired before the onset of summer crops, showing a clear
contrast between the winter crops and the bare soil covering the latent
summer seeds. Such contrast is less intense in the Flevoland scene which
was taken much later in the growing season. The fourth site is located in
Niger, in the Fakara region which is often prone to food insecurity and
where monitoring vegetation with remote sensing may be seriously
hampered by the weak response of the signal due to very low vegetation
density. The studied crop is millet which is sown over more than 40% of
the landscape. The last two study sites are situated near the city of
Hengshui, in the North China plains. Fields are much narrower and
present a verydifferent structure than theprevious sites. To illustratehow
a landscape changes along thegrowing season, the imageswere chosenat
different times. The first Chinese image (Hengshui I) was acquired when
winter wheat dominated the landscape. In this area of China, 2–3 weeks
after the harvest of winter wheat themaize is sowed over the same land.
However, not all thewheat is strictlyharvested at the same time, inducing
some heterogeneity in the spatial structure of the landscape during the
earlymaize seasonduringwhich the image ofHengshui IIwas chosen. The
spectral signature of the target surfaces in Hengshui I and Hengshui II is
also significantly different since the first is typical of a canopy with much
biomass while the second is closer to that of bare soil.

Geostatistics are used to quantify the differences in spatial structure
across the studied landscapes. Experimental variograms were comput-
ed for the NDVI over each site. Modelled variograms are obtained by
fitting an exponential model over each experimental curve (Fig. 6) and
are used to extract the sill and mean scale length (Dc) for each site
(Table 1). Garrigues et al. (2006) proposed that an image is large enough
to characterize the spatial structures within the landscape it is covering
if the integral range of the variogram is smaller than 5% of the image's
surface. The corresponding threshold in terms ofmean scale length for a
10×10 km image is 2236 m. Since all studied sites have lowerDc values,
the image size can be considered as large enough.

3.2. Image pre-processing

Before applying the aggregation and thresholding procedure over
the 6 sites, 2 pre-processing steps are necessary. First, the images are
atmospherically corrected to obtain top of canopy (TOC) reflectances.
Atmospheric correction is done using the SMAC model (Rahman &
Dedieu, 1994) whose inputs are vertically integrated gaseous contents,
aerosol optical depth at 550 nm, the observation geometry configura-

tion and the reflectance at the top of atmosphere (TOA). The aerosol
optical depth is obtained from theMODIS aerosol product (MOD04_L2)
from the Terra platform which passes over the target areas roughly at
the same time as the SPOT 5 satellite. Ozone, water vapour and
atmospheric pressure are necessary to calculate the vertically integrated
gaseous contents. Ozone is obtained from the Ozone Monitoring
Instrument (OMI) on-board of the Aura platform. Water vapour
pressure and total pressure are obtained from the Meteorological data
products proposed by the Climate Prediction Center (CPC) of the
National Centers for Environmental Prediction (NCEP) of the U.S.A.

A second pre-processing step consists in extracting the target crop
mask from the imagery using object-based image segmentation and
supervised classification.Object-based image segmentation is theprocess
of clustering spectrally similar and spatially adjacent pixels (Baatz &
Schäpe, 2000). TheNIR and SWIR bands are used to delineatefields of the
target crop at a similar phenological stage. Typically, segmentation is
done based on a single scale parameter which will define object size
based on a heterogeneity criterion. Objects will therefore have a size
which is inversely proportional to their within-object heterogeneity.
However, in reality, both large and small fields with the same intra-field
variability can be found in a close neighbourhood within many
agricultural landscapes. The segmentation was therefore done in two
steps. First, the image was over-segmented to have objects which are
relatively smaller than the fields. Then, adjacent objects which have
similar spectral properties, below a given threshold, were fused together.
In thisway, theobject's size is no longer limitedby the segmentation scale
parameter and both large and small fields can be delineated simulta-
neously in a same landscape. Once the segmentation was done, a
supervised classification of the object multispectral signatures was
applied in order to produce a binary mask specific to the target crop.
The resulting mask is assumed to have negligible error for this study.
However, for the Belgian site it is possible to evaluate the quality of the
mask by comparing it to an independent data source: the annual vector
database known as SIGEC (Système Intégré de Gestion et de Contrôle) built
by the government. Winter wheat and winter barley were isolated from

Fig. 6. Modelled variograms for NDVI over the different sites.

Fig. 7. Validation of the crop mask derived by segmentation and image classification for
the Hesbaye site. The mask is compared with a map of equivalent spatial resolution
derived from the Belgian SIGEC.
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the SIGEC database and grouped into a joint class ofwinter cereals.When
this class is confronted to the mask derived by segmentation, an overall
accuracy of 89.4% was attained with the repartition of comission and
omision errors across the landscape illustrated in Fig. 7.

3.3. Parametrization and results

The pixel size–pixel purity surfaces are calculated for all sites. Σ is
calculated for red, NIR and SWIR bands, but also for NDVI and NDWI
since these vegetation indices are frequently used to monitor
vegetation seasonal behaviour. The surfaces required for crop area
discrimination, Df and E, are calculated for the same 3 spectral bands,
but also for 2 different combination of bands since classification is
generally done with a multi-variate approach.

The end-user requirements for crop area estimation are here set as
follows: the error must be below 10% (Ez′=10) and at least 90% of the
selected pixel population must be effectively discriminated (Dfz′=
0.9). This last constraint had to be relaxed for the Fakara site (Dfz′ is set
to 0.75) due to the low signal strength which makes it impossible to
recognize correctly 90% of the pixel population. For crop growth
monitoring, the selected population must have at least 100 pixels
covering 30% of the target crop at a minimum and only 5% of
variability can be tolerated (i.e. N′=100, SC′=0.3 and β=0.05).
These values have been chosen so as to be realistic in an operational
perspective. Under these constraints, the largest tolerable pixel sizes
and their corresponding pixel purities are presented for both crop
area estimation (in Table 2) and crop growthmonitoring (Table 3). An
example of the experimental boundaries used to derive these values
are presented for two sites in Fig. 8.

As can be seen on the tables, the largest acceptable pixel sizes vary
fromband tobandand fromsite to site. In some cases, the discrimination
and area error constraints used for crop area did not intersect when
using a univariate approach meaning that it is not possible to recognize
effectively the pixels andmaintain the estimation error below 10%. This

problem can be fixed using 2 bands. As can be expected, the bivariate
approach provides more confidence in classifying coarser pixels in all
cases except for the NIR band in Hesbaye where adding an extra band
does not improve discriminability. For crop growth, the use of the

Table 2
Coarsest acceptable pixel sizes (ν) and corresponding spatial purity values (π) for crop
area estimation using different bands over contrasted agricultural landscapes if a
maximum of 10% error can be tolerated and at least 90% of the pixel population has to
be discriminable (except for Fakara where this constraint is reduced to 75%).

Site Red NIR SWIR Red+NIR NIR+SWIR

ν π ν π ν π ν π ν π

Hesbaye 68 0.47 139 0.45 73 0.47 90 0.46 116 0.45
Picardie 127 0.47 135 0.47 61 0.49 144 0.47 114 0.47
Flevoland 27 0.52 60 0.49 107 0.48 117 0.46 133 0.45
Fakara 86 0.40 _ _ _ _ 78 0.40 107 0.41
Hengshui I 24 0.54 25 0.54 26 0.52 30 0.53 44 0.55
Hengshui II _ _ 18 0.52 _ _ 28 0.52 26 0.52

Table 3
Coarsest acceptable pixel sizes (ν) and corresponding spatial purity values (π) for crop growth monitoring using different bands and vegetation indices over contrasted agricultural
landscapes under the following constraints: at least 100 pixels must be used, they must cover at least 30% of the target crop area and the resulting population must have a standard
deviation which cannot exceed 5% of the standard deviation of the target population at the finest scale (i.e. β=0.05). The column labelled Crit. indicates whether sample size (N) or
sample density (SC) constrained the spatial sampling limit.

Site Red NIR SWIR NDVI NDWI

ν π Crit. ν π Crit. ν π Crit. ν π Crit. ν π Crit.

Hesbaye 196 0.77 SC 289 0.67 SC 256 0.71 SC 186 0.46 SC 229 0.73 SC
Picardie 346 0.70 N 374 0.63 N 377 0.63 N 330 0.80 SC 343 0.71 SC
Flevoland 174 0.79 SC 181 0.74 SC 201 0.74 SC 164 0.46 SC 156 0.82 SC
Fakara 201 0.80 SC 385 0.68 N 265 0.76 SC 282 0.40 SC 380 0.69 N
Hengshui I 132 0.91 SC 156 0.89 SC 117 0.82 SC 117 0.92 SC 150 0.89 SC
Hengshui II 137 0.76 SC 121 0.79 SC 274 0.66 SC 137 0.77 SC 137 0.77 SC

Fig. 8. Experimental boundaries in the pixel size–pixel purity space obtained for two sites
(Hesbaye in light and Picardie in dark grey) used to find the largest pixel size for both
(a) crop area estimation (using Red andNIR bands) and (b) crop growthmonitoring (with
NDVI).
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vegetation indices results in smaller pixel sizes than when using
individual bands. Themethod effectively reacts to the following specific
different landscape pattern situations.

Same pattern at different scales

As can be expected, when the target is composed of larger fields,
the pixel size can be coarser for both applications. This is evident
when comparing similar agricultural patterns at different scales,
such as between Hesbaye and Picardie (Fig. 8). Unsurprisingly,
pixel purity does not change significantly between these two
situations since the difference is mainly due to scale.

Similar field size with different spatial patterns

Although the mean field size is smaller in Flevoland than in Hesbaye,
the former's fields are more regular in shape and less variable in size.
Over such landscape, it is easier to have coarser pixels fall within
target fields and thus conferring higher acceptable pixel sizes for the
crop area estimation when using a bivariate approach. This is not the
case for the univariate approach nor for crop growthmonitoring. The
reason is probably due to the higher contrast between the target crop
and its surroundings on the Hesbaye landscape (which is acquired
early in the seasonwhen summer crops are not yet sown) than on the
Flevoland landscape (acquired later in the seasonwhen summer crops
have already grown significantly and have comparable reflectance to
winter crops).

Same landscape with different crops

When considering different crops, or a given crop at different
phenological stages, the Σ surfaces will change and so will the Σ′
constraints. The ΣNDVI surfaces of both Chinese sites start with a
similar standard deviation at ν=ν0 and π=1 but will rise faster
for Hengshui I since the total image variability is more important
(explaining also the higher variogram sill in Fig. 6). By using the
same value for the β parameter, the standard deviation constraint
is pulled towards higher purities and smaller pixel sizes. As a
consequence, the coarsest acceptable pixel sizes for crop moni-
toring are not so different between both Chinese sites.

Complex landscape with low signal

Crop area estimation is expected to be difficult in the Fakara site
because field size is small and the landscape pattern is complex.
Spectral discrimination is further hampered by the fact that signal
response to vegetation is very low due to the little amount of
biomass on the fields (reason why the Dfz′ constraint had to be
lowered). To assist the classification procedure, either 2 spectral
bands need to be used simultaneously or pixel purity values need
to be higher. But higher purity thresholds come to the expense of a
higher area estimation error. The result is a lack of intersection
between discrimination and area error constraints (as is the case
with NIR and SWIR bands). The issue of low signal has also an
impact on the maximal GSD for crop monitoring because its Σ
surfaces are much flatter than those of the other landscapes. The
target crop variability is closer to the total image variability and as
a consequence, by using the same value of β the Σ′ boundaries are
shifted towards higher pixel sizes.

4. Discussion

The implementation of the conceptual framework within the small
exercise described above demonstrates its operational applicability.
Guidelines can be drawn on the requirements in terms of pixel size to

monitor agricultureover these landscapes. Basedon the results obtained
using the combined spectral bands for crop area estimation, 30 mpixels
are required for the Chinese landscape, 70 m for Fakara, 90 m for
Hesbaye, 110 m for Flevoland and 140 m for Picardie. As it can be
expected based on the postulate that pixels falling within larger fields
can adequately represent crop growth over the landscape, the coarsest
tolerable pixel sizes are larger for monitoring crop growth than for
estimating crop area. Indeed, for crop growth over the Chinese site a
pixel size of 120 m is needed, 150 m for Flevoland, 200 m for Hesbaye,
250 m for Fakara and over 300 m for Picardie. Of course these
estimations are only valid within the framework defined by the chosen
parametrization. These values might need better fine-tuning with
respect to each landscape according to end-user needs. Furthermore, for
some landscapes a better diagnostic could probably be obtained by
using initial imagerywith a finer GSD. This is especially the case for crop
area estimation over the Chinese sites where the coarsest pixel sizes
derived here are not much larger than the GSD of the initial image.

The applicationpresented in this paper is purposefully kept simple in
order to focus the attention on the methodology. A more detailed
exercise could be considered usingmore landscapes with awider range
of field sizes and crop types to characterize the major crop production
zones of the world. Although the method is already ripe for such a full-
blown global experiment, it could still be improved by extending it
further in the multi-spectral and multi-temporal dimensions. As
demonstrated on the Fakara landscape, using amulti-spectral approach
for applications suchasestimatingcrop areamaybemandatory on some
landscapes. It must also be acknowledged that characterising classifi-
cation accuracy using Df might be an oversimplification of available
classification approaches, especially when using only one or two
spectral bands simultaneously. While the method could easily be
applied usingmore adapted indicators of classification accuracy instead
of Df, the improvement in performance is probably marginal compared
thatwhichwould result fromassuring anoptimal timingof the imagery.
Afinediagnosticwould actually require the application of themethod to
a time series of images covering dates which are critical for both crop
discrimination and growth. However, timing of imagery may be critical
since optical imagery acquired during the peak of growing season is
generally hard to come by since it often coincides with the rainy season.
Themethod presented here could be used to evaluate the cost, in terms
of loss of crop area accuracy or increase in signal variability, when
available imagery falls outside of the optimal temporal window for
agriculture assessment. To do so, the conceptual framework should be
adapted to add the temporal dimension on top of those of pixel size and
pixel purity. In such a multi-temporal approach, the impact of mis-
registration between images needs to be addressed.

The method presented here is designed to be user-oriented. The
choice of the parameters provides an interesting flexibility where
the user can adjust the trade-off between pixel purity and size
according to specific needs making the overall approach realistic for
operational use. Over the landscapes studied in this paper, the
parameters were set with the same values (with the sole exception
of Dfz′ for Fakara) in order to illustrate how the method responds to
different spatial patterns. However, the parameters could be more
finely-tuned according to the user's requisites. If remote sensing is
to be used to improve crop area estimates in view of crop
production estimation, the error on the remote sensing estimate
must be below the error obtained from trend analysis of crop area
statistics (Defourny et al., 2007). Such trend analysis can be used to
define Ez for different landscapes and hence calculate the maximum
tolerable pixel size. For crop growth monitoring, the degree of
tolerable heterogeneity of the resulting pixel population can be
controlled by the choice of β. This choice should be related to the
amplitude of the inter-annual variation that temporal profiles of
reflectances or vegetation indices might express over the studied
landscape. The choice of β could also be conditioned by the signal-
to-noise ratio when it is known. The minimum pixel population size
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(N′) and sampling coverage ratio (SC′) provide further flexibility
with regards to the sampling strategy.

The conceptual methodological framework presented here is not
limited to finding the largest theoretical pixel size, or more specifically
the nominal GSD, for a given landscape. The requirements for the
target pixel population are delimited by a surface in the pixel size–
pixel purity space. By selecting the instruments whose GSD falls in the
acceptable area, the users can choose the most appropriate imagery
for their application and know the limits of pixel purity they can
tolerate. The approach can also be used to evaluate the adequacy of
existing remote sensing systems for monitoring agriculture in
different regions of the world. A fine diagnostic tailored to a specific
instrument can be made if its spatial response is known since the PSF
is taken into account explicitly in the calculations. An extra boundary
can be added in the ν−π space by slicing the surfaces along the purity
axis at the scale corresponding to the nominal GSD of the instrument.
If the sliced surface is N, the result is a relation showing how many
pixels are available for a given purity. If a specific sampling coverage
ratio is necessary, slicing the SC surface in the same way can provide
the purity that can be tolerated when a given instrument is used. If a
minimum purity has been fixed, the Σ surface can provide an insight
to how this spatial thematic heterogeneity will be propagated in
terms of spectral variability within the selected pixel population.
Finally, some applicationsmight require the ν−π space to be bounded
by a minimum pixel size limit since sometimes having an excessively
fine spatial resolution may complicate classification. However, it can
be argued that in such cases object-based image segmentation can be
used, thus making the search for a minimum ν boundary unnecessary.

Another originality of this research is that it focuses on a set of
target spatial structures instead of the entire image. By adopting such
approach and by taking into account explicitly the target-pixel
adequacy using the notion of pixel purity, the trade-off between
pixel size and purity is exploited to go beyond the limits dictated by
the Nyquist–Shannon sampling theory. As the images are aggregated
to sample distances that are larger than half the scale of spatial
variation of the target structures, the effects of undersampling
(aliasing) are controlled by the pixel purity threshold. Coarse pixels
that straddle over both a field and its surroundings are discarded due
to poor pixel purity while those falling in the centre of the fields are
retained. Evidently, the size of the image onwhich the analysis is done
must be large enough to ensure that a sufficient number of pixels fall
correctly in the target land cover.

Another originality is to take into account the MTF explicitly. Most
studies on pixel size neglect the impact of the MTF and prefer to use
square wave function in the image aggregation (e.g. Woodcock &
Strahler, 1987; Jupp et al., 1988; Atkinson & Curran, 1997; Garrigues
et al., 2006; Ozdogan & Woodcock, 2006). This is equivalent to
modelling only the detector PSF. Studies have shown that this
simplified approach has an impact on land cover characterization
that can be controlled by using a finer estimation of the instrument's
spatial response (Townshend et al., 2000; Huang et al., 2002). The PSF
model used in the present study only represents optical and detector
components and could be improved by including a characterization of
image motion and electronic components (and perhaps even adding
some stochastic component to simulate the atmospheric effect).
However, modelling the optical components already has a significant
impact on the methodology. To illustrate this, the maximum
acceptable GSD for the landscapes in Section 3 are recalculated
using a square PSF model (see Table 4). Since using such a model is
equivalent to consider a smaller observation footprint, the maximum
tolerable GSDs are always overestimated, albeit in different propor-
tions according to the landscapes observed or the bands used.

Table 4
Percentage of over-estimation of the largest acceptable spatial sampling distance when
using a square PSF instead of a model composed of both optical and detector components
of the instrument's spatial response.

Crop area estimation

Site Red NIR SWIR Red+NIR NIR+SWIR

Hesbaye 27.1 27.1 43.0 40.9 32.3
Picardie 32.1 31.1 58.1 27.9 28.4
Flevoland 53.8 51.6 63.9 44.0 41.7
Fakara 29.3 _ _ 21.2 22.7
Hengshui Ι 29.7 32.8 86.3 22.8 18.2
Hengshui ΙΙ _ 28.6 _ 29.0 32.2

Crop growth monitoring

Site Red NIR SWIR NDVI NDWI

Hesbaye 30.6 16.1 23.5 34.1 28.2
Picardie 8.3 6.0 5.0 11.5 11.1
Flevoland 19.4 51.1 32.4 30.6 45.1
Fakara 31.9 5.5 38.4 29.4 6.8
Hengshui Ι 20.2 16.5 2.2 28.1 21.2
Hengshui ΙΙ 14.1 12.2 26.2 12.9 15.0

Fig. 9. Comparison of the modulation transfer function (MTF) of the spatial response
model used in this paperwith theMTF of a square-wave PSF and to theMTF of operational
instruments for the bands in the (a) red and (b) near infra-red spectral domain.
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How does the PSF model used here compare to the actual PSF of the
on-orbit instruments that are currently eligible for operational crop area
and growth monitoring? Information concerning an instrument's
spatial response is usually provided in the form of the MTF which is
the equivalent of the PSF in spatial frequency domain. For some
instruments likeMERIS, the only valueprovided is themodulation at the
Nyquist frequency measured before launching the instrument. MODIS
instruments are equipped to measure themodulation at various spatial
frequencieswhile in orbit. Thesemeasures in the NIR and Red bands are
compared in Fig. 9 to the MTF characterization used in this demonstra-
tion, showing how the model is a valid approximation of both MODIS
and MERIS spatial responses while a square PSF clearly overestimates
the instruments capacity to resolve high spatial frequencies.

5. Conclusion

This study proposes an end-to-end approach, conceived from an
application point of view, to defineGSD requirements for both crop area
estimation and crop growth monitoring. By reasoning both in terms of
pixel size and purity and focusing on the spatial structures of interest, a
trade-off can be established allowing larger ground sampling distances
than those dictated by sampling theory without suffering from the
negative effects of under-sampling. The exercise described within this
paper shows that the approach can be consistently applied across
different contrasting landscapes by considering the spatial context and
the signal's variability. The exercise further demonstrated that taking
into account the optical component of the instrument's spatial response
affects significantly the results. Even though the method is readily
applicable toawider setof landscapes in a full-blownglobal experiment,
it could still be improved by extending it further in the multi-spectral
andmulti-temporal dimensions. The conceptual framework can beused
both to guide users in choosing the most appropriate imagery for their
application and to evaluate the adequacy of existing remote sensing
systems for monitoring agriculture in different regions of the world.
Such diagnostic tool can also be of great utility for the agricultural
component of GEOSS (Global Earth Observation System of Systems) in
order to provide guidelines for space agencies to design future
instruments dedicated to the monitoring of agriculture in complex
landscapes. As a final remark, it should be noted that the declination of
imagery in pixel size and purity dimensions is neither restrictive to
agriculture applications nor to optical remote sensing.
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