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ABSTRACT: Land cover mapping is one of the earliest tasks of satellite data interpretation. Best classifica-
tion results are usually achieved with supervised classification methods. Commonly used supervised classifi-
cation methods as the Maximum Likelihood classifier are not appropriate for a detailed differentiation of
certain land cover classes such as vegetation associations, The optimisation of land cover class identification
by the use of a sub-pixel classifier is presented in this paper. Sub-pixel classifiers based on statistical rules use 
more of the embodied information in satellite data than pure pixel values. 
The concept of Linear Spectral Unmixing (LSU) involves the multispectral image information to derive 
abundance channels which can be more physically interpreted. Reference spectra of certain surface compo-
nents serve to describe the spectral surface variability and to calculate abundance channels. This abundance
information of the reference spectra is in a second step used to set up decision rules for land cover class
discrimination; which depends on terrain knowledge. Auxiliary data, such as a digital elevation model or
hydrological maps can be incorporated to further discriminate land cover classes applying additional rules. 
An example of the Basin of Tazenakht within the Dra catchment in South Morocco will show that a detailed
vegetation classification can be achieved by using LSU in combination with knowledge based decision rules. 
The overall classification accuracy at 96% is high.  

1 INTRODUCTION

Land cover and land use information of the earth 
surface is a key source of information for many sci-
entific, resource management and policy purposes 
(Jensen, 1996). Information of the earth surface is of 
strong interest for studies aiming at dynamics and 
feedback mechanisms of terrestrial processes, at all 
scales from regional to global (Cihlar et al., 2000).  

This study aims to derive a vegetation- and land 
cover/land use map. In order to achieve this the sur-
face needs to be classified, which poses a problem 
for sparsely vegetated rangelands. Hill (2000) states 
that ratio based vegetation indices do not provide the 
best estimates. Vegetation estimates under the spec-
tral unmixing paradigm provide better estimates of 
the true vegetation coverage (Smith et al., 1996; 
Hurcom and Harrison, 1998; Hill 2000). 

Spectral unmixing, like other (sub-pixel) classifi-
ers, describes spectral data in terms of membership 
grades to a cluster or a reference spectrum. These 
membership grades can be interpreted as fuzzy sets 
and used to define decision rules for land cover class 
differentiation.

2 REGIONAL SETTINGS 

The study site, the Basin of Tazenakht with 920km
2
,

is embedded in the Dra catchment on the southern 
footslopes of the High Atlas Mountains. The Basin 
of Tazenakht is characterised by arid conditions: an 
annual average rainfall of 119mm, an annual aver-
age temperature of 20.3 

o
C, and potential evapotran-

spiration of 1600mm, with an average elevation of 
1500m above sea level (Bennouna et al., 2000). 
Land use is characterised by areas of intensive agri-
culture, predominantly on loamy/sandy river ter-
races, irrigated agriculture and areas of rainfed agri-
culture. The rangelands are mostly overgrazed and 
sparsely vegetated. Areas of potentially good grow-
ing conditions for natural vegetation are, in most 
cases, fields ploughed for seeding in case of rainfall 
for rainfed agriculture. The extensively used fields 
increase the grazing pressure for the natural vegeta-
tion on the remaining grazing ground, so that this 
type of agriculture forces land degradation.
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Figure 1. Location of the Basin of Tazaenakht embedded in GTOPO30 digital elevation model 

The land cover mapping was performed accord-
ing to a regionally adapted classification scheme, 
based on CORINE landcover. As a major change to 
the CORINE scheme was a forth level of detail in-
troduced as described in Schmidt, M., (2003). 

Land cover classes within this region are, accord-
ing to the classification scheme: 1120 - discontinu-
ous urban fabric, 1220 - road and rail networks and 
associations, 2111 - rainfed agriculture, 2342 - 
mountainous oasis, 3251 - Hammada scoparia - Ar-
temisia steppe, 3312 - desert crust, 3322 - rock, 4131 
- Atriplex glauca, 4132 - Tamarix africana - Olean-
der.

The most recent vegetation mapping analysis in 
this region was performed by Bennouna et al. 
(2000), who tried to assess the surface vegetation by 
classifying pedologically homogeneous regions 
within the Basin of Tazenakht using SPOT XS data 
(not mentioning the date of the image acquisition). 
Their approach is in fact more of a potential vegeta-
tion mapping based on morphological descriptions, 
which was improved by visual analysis. A broad 
landscape and vegetation characterisation is given 
by le Houerou (2001). Mappings to assess the actual 
vegetation distribution in this region, especially with 
respect to remote sensing, are not known to the au-
thors.

3 METHODS AND DATA 

LANDSAT ETM+ data path/row 201/39 from May 
2, 2000 was geometrically corrected to the best 
available topographic maps on scale 1:100000.  

Ground truth data from field campaigns in Octo-
ber 2000 and March 2001 served as training and 
validation data. Shadows in the image were masked 
by an image applying an image threshold in channel 
4 and were marked as unclassified. Roads were re-
corded as tracks and extracted from a GARMIN 
GPS. This Information layer was superimposed as 
vector layer on the final map. 

The backbone of the classification procedure is a 
Linear Spectral Unmixing (LSU) technique. If pho-
tons interact with only a single component (e.g. 
sand) then is this a pure spectrum within the IFOV. 
A set of “pure” spectra need to be identified to ac-
count for the image inherent surface variability. 
These pure spectra are referred to as endmembers 
(Adams et al., 1986, 1995; Roberts et al., 1998; Hill, 
2000). Endmember spectra should potentially be 
identified at the edges of a multidimensional scatter-
plot. Linear combinations of this set of pure spectra 
are used in the LSU to model in a mixture space all 
other spectra in terms of fractions of the pure spectra 
plus an error term. Figure 2 illustrates this concept 
theoretically. For a more detailed discussion see Ad-
ams et al. (1995); Roberts et al. (1998); Hill (2000). 
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Figure 2. Concept of (linear) spectral mixtures (adapted form 
Schmidt et al. 2002) 

The endmember spectra used in this study and 
their locations at the corners of the scatterplot are 
shown in Figure 3. An adequate solution, according 
to field observations, was found with a four end-
member model consisting of vegetation, soil, desert 
crust and rock.

Figure 3. Endmember spectra used in the image decomposition 
of the Dra valley (white pixels represent samples of the feature 
space)

The image abundances from the LSU can be in-
terpreted as the membership functions of fuzzy sets 
(Schmidt, 2003) of the mixture space. The terminol-
ogy from fuzzy logic can be applied to the LSU re-
sults as Kruse (1993) generally stated that fuzzy 
logic can be applied to raster images. The constraint 
on the values of the membership function can be met 
by setting potential negative values of the LSU to 
zero.

Figure 3 outlines the general concept of the clas-
sification procedure: If the heterogeneity within the 
study region is too high for a satisfying LSU result 
the region needs to be differentiated into sub-regions 
(see first IF statement and loop in Figure 3). If LSU 
resulted in a satisfying solution (expressed by a low 
RMS error) fuzzy decision rules for class discrimi-
nation were formulated and applied with pro-
grammed codes in ENVI/IDL. Non-vegetation 
abundances were utilised to describe the soil layer 
(referred to as background information), according 
to the land-cover classification scheme, while vege-
tation is referred to as foreground information. 

If the information content of the LSU is (still) too 
high for the discrimination of the desired vegetation 
and land cover classes, the integration of auxiliary 
information sources was evaluated (second IF state-
ment in Figure 3), such as a river network or eleva-
tion information. 

In the first step of the analysis the abundances of 
the background endmembers were classified with 
the fuzzy AND operator (Kruse, 1993). 

In order to map the ploughed fields the member-
ship function of the soil abundance was modified to 
be zero below an empirically derived threshold of 
0.7 (Figure 4). Areas with high RMS errors contrib-
uted to the rock class. Vegetation abundance was 
differentiated by setting up and applying knowledge-
based rules, incorporating the background informa-
tion. Figure 4 reveals the applied rules in the form of 
a diagram and the derivation of the classes 3322 

(rock) and 3312 
(desert crust). The 
soil abundance 
was directly as-
signed to the land 
cover class 2111 
(rainfed agricul-
ture) as recent 
ploughed areas.

The class 3251 
(Hammada sco-
paria - Artemisia 
steppe) is derived 
if the vegetation 

abundance lies between 0.035 and 0.18, while the 
class 2342 (mountainous oasis) was derived by the 
abundance threshold of greater than 0.18. Due to the 
orientation of Atriplex glauca and riparian vegeta-
tion along the river network, steam-lines were iden-
tified as a useful source of information. The avail-
able GTOPO30 DEM (in 1km resolution) is too 
coarse for calculating this information on the re-
quired level of detail. Thus the main river-beds were 
digitised from topographic maps on scale 1:100000. 
Atriplex glauca is characterised by sandy/loamy 
soils on river terraces (M. Finckh, pers. comm, 
2003). Figure 4 illustrates the decision rules imple-
mented to identify this vegetation class: potential 
terraces were identified by a 10 pixel buffer zone 
around the river network. A 5 pixel buffer zone was 
used to describe the potential areas for riparian vege-
tation. Materials present in the sandy and loamy ter-
races are similar to the surface areas classified as de-
sert crust. Vegetation with an abundance threshold 
between 0.035 and 0.45 on desert crust in a potential 
terrace area is assigned to the class 4131 (Atriplex 
glauca). The class 4132 (Tamarix africana - Olean-
der) is derived from the condition of being on areas 
of potential riparian vegetation and on rocky ground 
with a vegetation abundance threshold between 
0.035 and 0.30.
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Figure 4. Flow chart of the combined classification procedure for the generation of a (monotemporal) land cover map  

Figure 5. Graphical display of the applied (knowledge based) decision rules on the fuzzyfied sets 
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4 RESULTS 

Figure 6 shows two examples of the classification 
result: Example 1 of class 4131 (Atriplex glauca), 
the indicated photograph shows species of Atriplex 
glauca in the foreground on a river terrace. The pho-
tograph in Example 2 shows class 2111 (rainfed ag-
riculture) with ploughed fields. 

Figure 6. Two example images of an RGB FCC (a), the corre-
sponding classification (b) and a ground truth image (c). Ex-
ample 1: class 4131 (Atriplex glauca) and Example 2: class 
2111 (rainfed agriculture) 

Table 1. Confusion matrix of ground truth pixels and the classi-
fied image, in percent and pixels 

The overall accuracy of 96.53% and a Kappa co-
efficient of 0.95 are remarkably high. 9.55% of the 
class 1120 (discontinuous urban fabric) was misclas-
sified as 3322 (rock) because rock and concrete have 
similar spectra.  

Table 1 shows that for the two classes 4133 
(Tamarix africana - Oleander) and 4131 (Atriplex 
glauca) the number of validation pixels is especially 
low, particularly for the latter. This class was only 
identified during the last days of the final field cam-
paign with very localised ground truth measure-
ments. Consequently a more thorough validation of 
this class needs to be performed during a future field 
campaign. 

a) LANDSAT RGB (4/3/1)

a) LANDSAT RGB (4/3/1)

Example 1

Example 2

b) Classification (cyan: class 4131)

b) Classification (brown: class 2111)

c) Terrestrial photo of  class 4131 (view direction North)

c) Terrestrial photo of  class 2111 (view direction South/West)

Class      3251 3312 3322 2111 2342 4132 4131 1120 Total 

Uncl. 0.00 0.00 2.16 0.00 0.00 0.00 0.00 0.00 0.17

3251 93.73 0.00 2.16 0.00 2.80 0.00 0.00 0.00 14.79

3312 4.06 94.02 0.00 0.23 0.00 0.00 0.00 0.00 7.00

3322 2.21 5.98 95.68 0.23 0.00 0.00 0.00 9.55 9.50

2111 0.00 0.00 0.00 99.54 0.00 0.00 0.00 0.00 49.77

2342 0.00 0.00 0.00 0.00 96.26 0.00 7.69 0.00 5.92

4132 0.00 0.00 0.00 0.00 0.00 90.91 0.00 0.00 1.71

4131 0.00 0.00 0.00 0.00 0.93 9.09 92.31 0.00 0.91

1120 0.00 0.00 0.00 0.00 0.00 0.00 0.00 90.45 10.24

Total  100 100 100 100 100 100 100 100 100

Class      3251 3312 3322 2111 2342 4132 4131 1120 Total 

Uncl. 0 0 3 0 0 0 0 0 3

3251 254 0 3 0 3 0 0 0 260

3312 11 110 0 2 0 0 0 0 123

3322 6 7 133 2 0 0 0 19 167

2111 0 0 0 875 0 0 0 0 875

2342 0 0 0 0 103 0 1 0 104

4132 0 0 0 0 0 30 0 0 30

4131 0 0 0 0 1 3 12 0 16

1120 0 0 0 0 0 0 0 180 180

Total  271 117 139 879 107 33 13 199 1758

Ground Truth (Pixels)  

Ground Truth (Percent)  
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The class 1120 (discontinuous urban fabric) de-
scribes within this study area exclusively the town of 
Tazenakht, built predominantly of modern stone 
houses. Smaller and older settlements in rural areas 
are mostly traditionally built with clay and straw 
materials and these are much harder to detect and to 
differentiate from surface materials. They are also 
less aggregated. The complex mixture of urban pix-
els can be directly discriminated by thresholds from 
the abundances channels. For the class 1120 (discon-
tinuous urban fabric) a 3 × 3 majority filter was ap-
plied in a post processing step. Figure 7 displays the 
resulting land cover map of the basin of Tazenakht. 

Figure 7. Land cover classification of the basin of Tazenakht 
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5 CONCLUSIONS  

A classification approach was presented that pro-
duces remarkably good results, as judged by com-
parison with the validation dataset. The outlined 
analysis of the sub-pixel information above seems 
suitable for classification purposes in the project re-
gion. The number of classes within the sub-regions 
is dependent on factors such as terrain knowledge, 
the unmixing quality and the surface heterogeneity. 
Apart from adequate terrain and vegetation knowl-
edge as a prerequisite for this approach, no assump-
tions are made that limit this approach to the de-
scribed project region. For the LSU no assumption 
on normal distribution of training pixels is required, 
decreasing the number of pixels that are required for 
the classification. In order to achieve the same clas-
sification detail with a hard classifier a large amount 
of training data would be necessary which brings the 
principle of an automated image classification ad
absurdum. The classification approach is based on 
the decomposition of a remote sensing image in 
abundance information that can be more easily in-
terpreted and classified, even by non remote sensing 
experts. The approach is deterministic, repeatable, 
and offers other differentiation capabilities than 
conventional hard classifiers. Integration of data 
with different resolutions for validation purposes is 
only possible with appropriately geometrically cor-
rected images.
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