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Abstract

Global time series of low resolution images are available with high repeat frequency and at low cost, but their analysis is

hampered by the presence of mixed pixels and the difficulty in locating detailed spatial features. This study examined the potential

of sub-pixel classification for regional crop area estimation using time series of monthly NDVI-composites of the 1 km resolution

sensor SPOT-VEGETATION. Belgium was selected as test zone, because of the availability of ample reference data in the form of a

vectorial GIS with the boundaries and cover type of the large majority of agricultural fields. Two different methods were

investigated: the linear mixture model and neural networks. Both result in area fraction images (AFIs), which contain for each 1 km

pixel the estimated area proportions occupied by the different cover types (crops or other land use). Both algorithms were trained

with part of the reference data and validated with the remainder. Validation was repeated at three different levels: the 1 km pixel, the

municipality and the agro-statistical district. In general, the neural network outperformed the linear mixture model. For the major

classes (winter wheat, maize, forest) the obtained acreage estimates showed good agreement with the true values, especially when

aggregated to the level of the municipality (R2 � 85%) or district (R2 � 95%). The method seems attractive for wide-scale, regional

area estimation in data-poor countries.
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1. Introduction

Reliable and timely area statistics are essential for

planning and decision making purposes. Monitoring

studies dealing with environmental processes like

deforestation, urbanization and other phenomena, rely

heavily on such acreage information. Whereas maps

with the stable land use types (cropland, forest, urban
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zones, etc.) might suffice for general land use

monitoring, agricultural monitoring, including the

forecasting of yields and productions, requires knowl-

edge on the acreages covered by the major crops. The

crop area statistics collected by governmental offices

are mostly based on limited samples and/or farm

inquiries and in general they are published only after the

harvest.

Since the early stages of remote sensing, satellite

data have been used for the estimation of crop areas.

Already in 1974, NASA conducted the Large Area Crop

Inventory Experiment (LACIE—Chhikara and Feive-
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son, 1978), which combined satellite sensor imagery

with statistical surveys. Since then, many other studies

have used high and low spatial resolution satellite

sensor data for the mapping and subsequent area

estimation of agricultural crops. Nevertheless, the main

bottleneck of the current earth observation systems is

the trade-off between spatial and temporal resolution.

Sensors with very high to high spatial resolution like

IKONOS and LANDSAT-TM provide sufficient spatial

detail, but their temporal resolution is often too low to

discriminate crops based on phenology. On the other

hand, earth observation systems such as NOAA-

AVHRR, SPOT-VEGETATION, TERRA/AQUA-

MODIS and ENVISAT-MERIS have a (near) daily

global coverage, but their coarser spatial resolutions

(pixel sizes varying from 1200 to 250 m) obscure the

parcel boundaries and give rise to abundant ‘‘mixed’’

pixels which are covered with different ‘pure’ land use

classes.

‘Soft’ or sub-pixel classification procedures try to

surpass the limitations of coarse resolution imagery.

Whereas the classical ‘hard’ classification methods

assign each pixel univocally to only one of the classes

in the concerned legend, soft classifiers try to reveal

possible mixtures and define for each pixel the

area fractions covered by the different cover types.

Although the exact location of the class fractions

within each coarse resolution pixel remains unknown,

the true class distribution may be well estimated.

Technically, the sub-pixel classification is most

often realized via the linear mixture model and/or

neural networks. These algorithms have been

applied in the context of both low and high spatial

resolution imagery (Van der Meer, 1995; Atkinson

et al., 1997; Foody et al., 1997; Klein Gebbinck,

1998; Swinnen et al., 2001; Kavzoglu and Mather,

2003; Lobell and Asner, 2004; Eerens and Dong,

2005).

This study explores the potential of sub-pixel

classification for regional crop area estimation, using

the 1 km resolution imagery provided by the earth

observation system SPOT-VEGETATION. Belgium

was selected as test area because the country holds a

wealth of reference information (nationwide parcel-

based GIS). All the used data sets related to the year

2003. The following sections first describe the

reference data set and satellite information, then

outline the sub-pixel classification methodologies and

finally discuss the results and conclusions. The

ultimate goal is to elaborate a robust method which

can be adapted easily for application to data-scarce

regions.
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2. Reference land use map

As outlined in Fig. 1, Belgium is sub-divided into 26

agro-statistical districts and 589 municipalities. Since

2003, the competences of the national ministry of

agriculture have been transferred to the regions Flanders

and Wallonia. A nationwide, vectorial and parcel-based

land use map, valid for the year 2003, was created by

merging the following three geodatasets:

� The Integrated Administration and Control System

(IACS) for the Walloon region in the south: the IACS

is a vectorial and annually updated GIS which

contains information on most of the agricultural

parcels in the country (field limits, crop type, owner,

etc.). IACS was initiated in 1992 to control the area-

based primes, paid to the farmers in the frame of the

renewed EU-Common Agricultural Policy (CAP). In

Belgium, the annual update of the IACS for the entire

territory belonged to the responsibilities of the federal

ministry of agriculture. Over the years, the spatio-

thematic quality of the GIS steadily improved. Since

the regionalisation of 2003, Flanders and Wallonia

have developed and maintained separate versions of

the IACS.

� The MESTBANK data set for the Flemish region in

the north: this parcel-based GIS was set up a few years

ago by the Flanders region to monitor the imple-

mentation of the nitrates directive. Because the

approach is quasi-identical (annually updated, parcel-

based GIS, with the same 84 class legend), the

MESTBANK now represents the Flemish version of

the IACS.

� The CORINE Land Use/Cover Map of the year 2000

(CLC2000) for the entire territory: IACS and

MESTBANK only deal with the agricultural parcels,

inclusive most of the grassland (Nunes de Lima,

2005). To obtain a complete land use map for

Belgium-2003, the remaining gaps were filled with

the CLC2000 which comprises 44 general and more

static terrain classes. These gaps mainly concern

built-up areas, water, forests and natural vegetation.

Fig. 2 describes how the three data sets were

combined in practice. First, the crop field maps of

Flanders (MESTBANK) and Wallonia (IACS) were

merged. This did not raise any problem: in a spatial

sense the field boundaries joined seamlessly, and

thematically both maps follow the same legend (84

classes). The combined map was then superimposed

over the CLC2000, which contained the background of

stable classes. This action mainly replaced the
l classification of SPOT-VEGETATION time series for the
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Fig. 1. The Belgian territory (30,528 km2, excl. North Sea) is subdivided into 589 municipalities (mean size of 52 km2), 26 agro-statistical districts

(mean size of 1174 km2) and three regions (Flanders in the north, Wallonia in the south, capital Brussels in the centre). The white-coloured districts

were used for the calibration of the sub-pixel classification methods, the grey ones for validation.

Fig. 2. Assemblage of three vectorial data sets into one nationwide land use map with eight classes.

http://dx.doi.org/10.1016/j.jag.2006.12.003
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Table 1

The eight aggregated classes and their relative area distribution in

Belgium

Class Contents Area %

WWH Winter wheat 7

WBA Winter barley 1

MAI All maize (grain and fodder) 8

SBE Sugar beets 3

GRA All grassland (permanent, temporary and natural) 23

FOR All forests (deciduous, coniferous and mixed) 21

URB Urban areas (cities, villages, roads, airports, . . .)
and water

19

OTH All other vegetation (minor crops and natural

vegetation)

18
CLC2000-class ‘non-irrigated arable land’ with more

detailed parcel/crop information. However, an impor-

tant fraction of this ‘non-irrigated arable land’ remained

uncovered by MESTBANK/IACS and, thus, with

unknown crop. These plots were labelled as ‘non-

identified agricultural land’. They represent 12% of the

total area (31% of the agricultural area in CLC2000).

The resulting land use map covered the entire Belgian
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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Fig. 3. Relative acreage distribution of the eight aggregated classes (see Tab

(see Fig. 1 for their location). The comparison between districts points out

Fig. 4. Crop calendar for the four major crops in Belgium (adapted from B-C
territory (without gaps), with polygons/parcels belong-

ing to 128 classes. In view of the sub-pixel classifica-

tion, they were aggregated thematically into 8 broader

groups: the four major crops and four other land use

classes. These are summarized in Table 1. The last

group, ‘other vegetation’, is a heterogeneous ‘‘garbage’’

class which contains all other vegetation types

(secondary and minor crops, non-identified agricultural

land and natural vegetation).

The total number of agricultural parcels amounted

to 729,554 (464,714 in Flanders, 264,840 in

Wallonia). The regional difference can be explained

by the smaller field size in the north and the

compulsory nature of the MESTBANK-declarations

opposite to the IACS-demands which are only

completed by farmers asking for CAP-subsidies.

Fig. 3 shows the relative acreage distribution of the

eight compiled classes for the country as a whole and

for 2 of the 26 agro-statistical districts, Brugge and

Arlon. The graph clearly highlights the regional

differences in land use. For completeness, the mean

sowing and harvest dates of the four major crops are

indicated in Fig. 4.
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

le 1) in Belgium and in two agro-statistical districts, Brugge and Arlon

high regional differences in land use.

GMS, see http://b-cgms.cra.wallonie.be/en/crop/calendar/default.asp).
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3. Image data

The AgriFish Unit of the EU-Joint Research Centre

at Ispra (Italy) delivered the time series of low spatial

resolution satellite images, required for this study. The

data set comprised the 36 10-daily NDVI-composites

of the year 2003 over Belgium, registered by the 1 km

resolution sensor SPOT-VEGETATION. The Normal-

ized Difference Vegetation Index (NDVI) is a

commonly used, space-observed measure for the

amount of green vegetation. It typically ranges from

0.15 (bare soils) to 0.80 (dense vegetation). The

current analysis started with the re-projection of the

10-daily images to the same co-ordinate system as

used for the vectorial maps (Belgian Lambert – 1 km

resolution – nearest neighbour resampling). Next, the

NDVI pixel-profiles were smoothed with an algorithm

similar to the ‘‘Best Index Slope Extraction’’ method

(BISE—Viovy et al., 1992), which identifies cloud

contaminated measurements and replaces them

with interpolated values. At the end, monthly
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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Fig. 5. Creation of area fraction images (AFIs) from the vectorial land use m
NDVI-composites were computed with the maximum

NDVI-criterion. These monthly images were consid-

ered completely free of missing values (cloud, snow,

other noise).

The reference data set, i.e. the vectorial crop and land

use map, was not directly compatible with the low

resolution NDVI-images. Therefore, it was transformed

into a set of area fraction images (AFIs), one for each of

the eight classes (Table 1). These AFIs have the same

1 km resolution as the satellite images and they give for

each pixel the area fraction occupied by the considered

classes (per pixel, the fractions sum up to 1). The

procedure for the AFI-creation is outlined in Fig. 5.

First, a 1 km � 1 km grid was created with the same

spatial characteristics (projection, resolution, framing)

as the NDVI-images. This grid was superimposed over

the vectorial land use map, and the area fractions of the

eight classes within each grid cell were computed and

stored in a database. The latter numbers were then

transferred to eight separate images: the (reference)

AFIs.
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

ap (Col/Rec = column/record position within the 1 km � 1 km grid).
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4. Sub-pixel classification

4.1. Theory

Consider a set of Nv spatially congruent image

layers, all covering the same Np pixels. Each pixel p is

characterized by its measurement vector yp which

contains the observations y pv in the Nv images. These

observations can originate from different spectral bands

and/or different registration dates (v stands for

‘variable’). Suppose as well that the imaged area (the

Np pixels) is covered by Nc different land cover classes

(crops and other land use types), each of which is

characterized by its ‘pure’ measurement vector xc

(again with Nv scalar elements). The linear mixture

theory assumes that each observation y pv (of pixel p in

variable v) can be approximated by the weighted mean

of the pure class responses xcv with the area fractions fpc

(of the different classes c in pixel p) acting as weights:

y pv ¼ S f pc � xcv, the sum going over the Nc classes. Per

pixel, one gets a system of Nv linear equations of this

type which, however, can be more concisely written all

together in matrix form: Y = F � X. Matrix F (Np � Nc)

contains the class area fractions for each pixel, matrix X
(Nc � Nv) the pure class responses, and matrix Y
(N p � Nv) the mixed image observations. This linear

mixture formulation is commonly used for two different

purposes: sub-pixel classification and ‘‘end member’’

assessment.

Sub-pixel classification aims to assess the matrix F
(class area fractions per pixel) from the satellite-

registered Y and a priori known pure class responses X
(in this context often termed ‘end members’). This is

achieved by solving the basic equation as:

F = Y � Xt � (X � Xt)�1 = Y �A. Precautions should

be taken to force each estimated area fraction fpc in its

logical range (0.0 . . . 1.0). If matrix

A = Xt � (X � Xt)�1 is solved in advance, the proce-

dure simplifies to a fast pixel-based formulation

f pc ¼ Sy pv � avc, with the sum running over the Nv

variables. An important practical limitation of this

approach is that the number of classes cannot exceed the

number of available (and uncorrelated) image variables:

Nc � Nv (or more precisely Nc � Nv þ 1, using the

additional condition Sfpc = 1). In the opposite case, the

matrix (X � Xt) becomes singular and can no longer be

inverted.

The second application of the linear mixture model

oppositely tries to assess the matrix X with pure class

responses (end members) from the image set Y and

external knowledge on the area fractions F. To this goal,

the basic equation is inverted as follows:
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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X = (Ft � F)�1 � Ft � Y = B � Y. In this case, the

unknown X can only be assessed per ‘‘region’’ (group

of Np pixels) and not per pixel, but the limitation

Nc � Np (less classes than pixels) is seldom proble-

matic. Because the solution of X is not influenced by

mutual interactions between the Nv variables (linearity),

in practice it is often easier to solve the problem

separately for each variable. The matrices X and Y then

reduce to vectors with dimensions Nc and Np. By

analogy with the previous objective, matrix

B = (Ft � F)�1 � Ft can be solved in advance, and

the found pure responses xcv (of class c in variable v)

should be forced into their physical range (e.g.

reflectances rescaled between 0.0 and 1.0).

Neural networks (NN) provide a non-parametric

alternative for the linear mixture model (LM). Excellent

reviews on the use of NN in remote sensing applications

are provided by Paola and Showengerdt (1995) and by

Atkinson and Tatnall (1997). Most popular are the

elementary back-propagation networks with only three

layers (input, hidden, output). In the case of sub-pixel

classification, the input layer comprises Nv nodes,

which receive (per pixel) the mixed satellite sensor

observations y pv. The output layer contains Nc nodes,

which yield the estimated area fractions fpc. The NN is a

non-parametric algorithm, which does not impose

assumptions on the class distribution in the Nv-

dimensional measurement space. Different from the

LM, it hence does not suffer from the condition

Nc � Nv. In other words: the number of considered

classes is not limited by the available inputs.

However, some considerations hold for both soft

classification approaches:

� The concerned classes must possess representative

and stable mean measurement vectors x. Obviously,

this can only be the case if the imaged area is not ‘too

large’. The spectro-temporal behaviour of crops

varies with geographical location. For instance, in

Europe, the measurement vector x of winter wheat

will gradually change from north to south. Large

zones must be stratified in advance, and the procedure

must be repeated separately per stratum.

� The procedures must be calibrated in advance with

reference data. For a subset of ‘training pixels’, these

contain not only the mixed image observations y pv,

but also the corresponding, true area fractions fpc. The

latter can be derived from existing vector geodatasets

(as in this study) but also from detailed raster maps,

derived by hard classification of high spatial

resolution imagery (LANDSAT-TM, SPOT-HRV,

. . .). Specific training problems and strategies are
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003
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further discussed by Tompkins et al. (1997) for the

LM-approach (definition of end members) and by

Bernard et al. (1997) for the NN.

� Finally, both sub-pixel classification procedures only

estimate AFIs with the same spatial resolution as the

used imagery (1 km). The spatial distribution of the

class fractions within each pixel basically remains

unknown. Nevertheless, Verhoeye and De Wulf

(2000) succeeded to re-allocate the estimated sub-

pixel fractions using contextual logics (‘‘sub-pixel

mapping’’). Thereby, the low resolution AFIs were

condensed into a coherent but hard land use raster

map with medium spatial resolution.

4.2. Practice

This study explored the potential of sub-pixel

classification for regional crop area estimation, using

the previously described 1 km resolution raster data of

the year 2003 over Belgium: the area fraction images for

eight classes (Nc = 8) and the 12 monthly NDVI-

composites of SPOT-VEGETATION. However, given

the Belgian weather conditions and crop calendar, the
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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Fig. 6. Practical implementation of the sub-pixel classification: division of th

with CAL, application on CAL + VAL, validation with the VAL-subset, pe
winter scenes were discarded and only the eight

monthly NDVI-images of the period March–October

were used ðNv ¼ 8Þ. The practical implementation of

the analysis is outlined in Fig. 6. The reference data set

was virtually split on the base of the agro-statistical

districts (see Fig. 1): 13 districts were used for the

calibration of the algorithms (CAL, 53% of the pixels),

the other 13 for validation (VAL, 47% of the pixels).

For the linear mixture model, the calibration

corresponds with the definition of the end members,

i.e. the matrix X with for each class the unmixed, ‘pure’

NDVI-values in the 8 subsequent months of 2003. This

training was achieved by application of the previously

described matrix-inversion method on the subset

of CAL-pixels: X = (Ft � F)�1 � Ft � Y = B � Y.

Although no special precautions were taken, all the

estimated pure NDVI-responses ðxcvÞ remained

between the expected bounds (0.15 . . . 0.92). The

end member curves agree well with phenological

expectations and reflect nicely the agricultural practices

in Belgium (Fig. 7). Knowing matrix X, the complete

image set (CAL + VAL-pixels) was processed with the

standard LM-procedure in order to obtain the eight
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

e reference data set in two parts (CAL/VAL, see also Fig. 1), calibration

r pixel and per region (municipality or agro-statistical district).

http://dx.doi.org/10.1016/j.jag.2006.12.003


S. Verbeiren et al. / International Journal of Applied Earth Observation and Geoinformation xxx (2007) xxx–xxx8

+ Models

JAG-159; No of Pages 12

Fig. 7. Pure, monthly NDVI-responses (end members) in the course

of 2003 for the eight considered classes (see Table 1). The curves

agree well with (pheno-)logical expectations. The winter cereals start

first, with barley somewhat earlier than wheat. The summer crops

follow later, while grasslands and forests remain ‘green’ throughout

the season. NB: the sub-pixel classification was only based on the

NDVI of the months March–October.
estimated AFIs: F = Y � Xt � (X � Xt)�1 = Y �A.

Matrix A was computed in advance and the additional

condition Sfpc = 1 (sum of fractions per pixel must be

one) was explicitly incorporated in the matrix formula-

tion (‘‘constrained linear unmixing’’—Lobell and

Asner, 2004). Here again, all individual fraction

estimates fpc remained between the physical bounds

(0.0 . . . 1.0). The fact that the matrix (X � Xt) could be
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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Fig. 8. Comparison of the reference AFIs for winter wheat and maize, with th

(linear mixture model and neural network).
inverted without problems proved that the eight

monthly NDVI values were relatively uncorrelated.

The sub-pixel classification was also performed with

a simple, three layer back-propagation neural network,

with Nv ¼ 8 nodes in the input layer (monthly NDVIs

y pv) and Nc = 8 nodes in the output layer (class area

fractions fpc). In line with the suggestion of Hecht-

Nielsen (as cited by Kavzoglu and Mather, 2003) the

number of nodes in the intermediate, hidden layer was

set to twice the input nodes plus one—in this case 17.

The hyperbolic tangent sigmoid, y(x) = 2/(1 +

exp(�2�x))�1), was used as transfer function for the

hidden layer and the log-sigmoid, y(x) = 1/(1 +

exp(�x)), for the output layer. As the log-sigmoid

function scales its outputs between zero and one, all

fraction estimates fpc automatically remained between

the physical bounds (0.0 . . . 1.0). The NN was trained

with a sample of 5400 pixels selected at random from

the CAL data set. After training (definition of the NN-

weights), the NN was applied on the entire image set

(CAL + VAL). The initial estimates were ‘‘a posteriori’’

rescaled on a per-pixel base, such that the sum of the

class fractions always amounted to one (Sfpc = 1).

Both procedures retrieved a set of Nc = 8 ‘‘estimated

AFIs’’. These estimates were first compared in a visual

way with the reference AFIs. A more rigorous,

quantitative validation was applied in the form of
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

e estimated AFIs obtained via the two sub-pixel classification methods
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Fig. 9. Scatter plots and linear regressions (REF = a + b � EST) for the pixel-based validation of the maize area fractions estimated with the linear

mixture model and the neural network (14,367 pixels in the VAL data set).
class-specific scatter plots, with subsequent computa-

tion of the simple linear regression: REF = a + b

� EST. This analysis included only the subset of VAL-

pixels, and it was repeated for three different spatial

levels (see Fig. 1):

� 14,367 pixels with 1 km2 resolution (47% of the total

of 30,626 pixels in Belgium);
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe

assessment of regional crop areas in Belgium, Int. J. Appl. Earth

Fig. 10. Scatter plots and linear regressions (REF = a + b � EST) for the va

and forest estimated with the linear mixture model and the neural network
� 267 municipalities with a mean size of 52 km2 (45%

of the total of 589 municipalities);

� 13 districts with a mean size of 1174 km2 (50% of the

total of 26 districts).

For the latter two validations ‘per region’, the

regressions (REF = a + b � EST) were performed on

the regional mean area fractions, averaged over all the
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

lidation at the municipality level of the area fractions of winter wheat

(267 municipalities in the VAL data set).
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pixels in the concerned municipality or district. Because

the class fractions per pixel always summed to unity

(Sfpc = 1), this was also the case for the aggregated

values: per municipality/district, the sum of the class

fractions amounted to one as well.

5. Results and discussion

Fig. 8 displays the estimated and true AFIs for the

two main crops: winter wheat and maize. Figs. 9 and 10,

respectively, show the scatter plots and regression

results for maize at the pixel level, and for winter wheat

and forest at the municipality level. All outcomes of the

quantitative validation are summarized in Table 2. Note

that high R2 values are not the only criterion: for

unbiased estimation the regression lines should also

approach the 1:1 diagonal (intercept a � 0.0 and slope

b � 1.0).

Visual inspection of Fig. 8 indicates that the

general land use patterns are quite well recognized by

the two sub-pixel methods, for example, the dom-

inance of wheat in the central loam belt and on the

clayey polders along the North Sea or the preference

of maize for the northern sandy soils. Also the main

urban centres of Brussels, Antwerpen, Gent, Liège,

etc. are well identified (in Fig. 8 through the absence

of crops).
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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Table 2

Coefficient of determination R2, intercept a and slope b of the simple linear re

the estimates obtained via the linear mixture model (LM, top) and the neu

Pixel Municipali

R2 a b R2

LM

WWH 0.36 0.03 0.50 0.39

WBA 0.10 0.01 0.09 0.19

MAI 0.40 0.02 0.47 0.40

SBE 0.26 0.02 0.27 0.30

GRA 0.32 0.10 0.49 0.61

FOR 0.42 0.01 0.72 0.63

URB 0.41 0.07 0.72 0.62

OTH 0.02 0.24 0.15 0.05

NN

WWH 0.58 0.00 0.85 0.86

WBA 0.14 0.00 1.18 0.53

MAI 0.54 0.00 1.01 0.83

SBE 0.39 0.00 0.88 0.82

GRA 0.48 �0.02 1.11 0.82

FOR 0.64 �0.02 1.06 0.87

URB 0.47 0.01 0.94 0.77

OTH 0.06 0.05 0.69 0.25

Independent results, derived from the validation data set only, for three spa

52 km2) and 13 agro-statistical districts (mean size: 1174 km2).
The quantitative analysis (Table 2) yields three more

observations concerning the accuracy of sub-pixel

classification:

� As to the algorithms, the neural network clearly

provides more accurate estimates than the linear

mixture model. At pixel level, the highest R2 scores

for the NN balance around 0.60 for winter wheat and

forest, while the LM only reaches R2 maxima of about

0.40. Moreover, the pixel-based LM estimates are

severely biased for all classes.

� The initial accuracy increases drastically when the

1 km estimates are aggregated to higher regional

levels. At pixel level, both models give rather poor

results (Fig. 9). But if the pixel-estimates are averaged

over more relevant spatial units, the precision mostly

increases and the bias (deviation from the 1:1

diagonal) decreases (Fig. 10). For instance, for winter

wheat, the R2 of the NN rises from 0.58 (pixel) to 0.86

(municipality) and even 0.95 (district). For the NN,

most of the accuracy gain is already realized in the

first aggregation to the municipality level, while for

the LM the R2 values only become acceptable at the

district level. Nevertheless, the bias of the LM

estimates often remains relatively high.

� The quality of the estimates also seems to increase

with the relative importance and the homogeneity of
l classification of SPOT-VEGETATION time series for the

Observ. Geoinform. (2007), doi:10.1016/j.jag.2006.12.003

gression REF = a + b � EST, between the reference area fractions and

ral network (NN, bottom)

ty District

a b R2 a b

0.04 0.42 0.92 0.00 1.02

0.01 0.07 0.85 0.00 0.22

0.03 0.35 0.83 �0.01 0.75

0.02 0.22 0.68 0.00 0.55

0.09 0.48 0.78 0.10 0.52

�0.01 0.73 0.90 �0.03 0.92

0.10 0.60 0.87 0.05 0.98

0.16 0.14 0.59 0.19 0.98

�0.01 0.91 0.95 �0.01 1.07

0.00 1.47 0.83 �0.01 2.09

�0.01 1.09 0.95 �0.03 1.40

�0.01 1.11 0.87 �0.01 1.22

�0.03 1.12 0.79 �0.05 1.21

�0.01 1.04 0.97 �0.01 1.05

0.02 0.97 0.92 0.01 0.99

0.00 1.05 0.33 �0.03 1.18

tial units: 14,367 pixels (1 km2 size), 267 municipalities (mean size:

http://dx.doi.org/10.1016/j.jag.2006.12.003
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the classes. Even in aggregated form the results for

winter barley are rather biased, but this crop only

represents 1% of the territory and the pixel area

fractions seldom exceed 10%. The weak scores for the

garbage class ‘‘other vegetation’’ are probably due to

its heterogeneity.

In general, the best results are obtained with the NN-

estimates, aggregated to the district level and for the

most important classes: winter wheat (R2 = 0.95), maize

(0.95), forests (0.97) and urban areas (0.92).

6. Conclusions

This study started with the establishment of a

detailed, vectorial land use map, covering the entire

Belgian territory and valid for the year 2003. To this

goal, the maps with the agricultural parcels for the two

Belgian regions (IACS for Wallonia, MESTBANK for

Flanders) were merged and then superimposed over the

general land use map CLC2000, which provided the

background of more static, non-agricultural land use

classes. The original legend comprised over 100

different thematic units (general land use, forest types,

crops, etc.).

This map was used as a reference to investigate the

potential of sub-pixel classification of low spatial

resolution satellite sensor imagery for land use mapping

and subsequent regional area estimation. In practice the

analysis was based on the eight monthly composites of

the period March–October 2003, derived from the 1 km

resolution earth observation system SPOT-VEGETA-

TION. For this analysis, the vectorial reference map was

thematically compiled into eight classes including the

four major crops, and then converted into as many AFIs

(area fraction images) spatially congruent with the 1 km

imagery of SPOT-VEGETATION.

Concerning the accuracy of the sub-pixel classifica-

tion of 1 km sensor data, three conclusions could be

drawn. At first, the original pixel-based area fractions

were not very reliable, but if they were aggregated to

more relevant spatial units, the quality of the estimates

drastically improved. Secondly, in spite of its lack of

transparency and diagnostic power, the neural network

always outperformed the classical linear mixture

modelling approach. The network approach moreover

does not suffer from the intrinsic limitation of the linear

mixture model where the number of classes is restricted

to the number of input variables (uncorrelated, spectro-

temporal image layers). And thirdly, the quality of the

regional area estimates increased with the relative

importance and homogeneity of the concerned classes.
Please cite this article in press as: Verbeiren, S. et al., Sub-pixe
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After all, it appeared possible to acquire reliable area

estimates (R2 > 0.90) for the major classes (wheat,

maize, forests, urban areas), when the 1 km satellite

sensor data were processed with the neural network and

aggregated to the district level (mean size of

1174 km2).

Further research will follow different paths. Tech-

nical improvements can be expected by the use of

medium resolution imagery (e.g. 250 m MODIS

instead of 1 km VEGETATION), more powerful

vegetation indicators (e.g. the Soil Adjusted Vegetation

Index SAVI instead of NDVI), more advanced neural

network architectures, etc. Belgian reference data sets

are currently being established for more years (2003–

2005). They will be used to acquire in-depth answers to

important questions on the reliability of pre-harvest

area estimates obtained with limited (early season)

image inputs, on the drop in accuracy with the distance

from the calibration zone, on the possibility to

extrapolate the calibration results to other years, etc.

Finally, the operational efficiency must be evaluated by

long-term, practical application of the procedure on

less data-rich countries. Such tests are currently

underway for different regions in China (Heilongjiang

province and North China Plain), Russia (Rostov

oblast) and Africa (Senegal, Malawi). The general

approach is always the same. First, detailed land use

maps are established for one or two test frames with

limited extent (60 km � 60 km to 180 km � 180 km),

by classical, hard classification of high spatial

resolution imagery (10–30 m pixel size). The second

step then uses the low-budget, coarse resolution

imagery to extrapolate this ‘‘expensive’’ knowledge

over wider areas by means of the soft, sub-pixel

classification approach.
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