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ABSTRACT: Automated classifiation of land cover or biome types using remotely sensed data is a common 
problem for the assessment of landscape changes in a modelling design. The presented approach derives land
cover classes from MODIS NDVI time series by using a phenologic metrics approach and a tree classifier. 

1 INTRODUCTION

The ecologically fragile area in semi-arid north-
western Namibia is subject to a rapid land cover 
change, resulting in a steady degradation of vegeta-
tion (Sander et al. 1998). These processes are not 
only triggered by overgrazing of the natural pasture 
resources due to cattle herds of local Himba com-
munities, but also by the very high rainfall variabil-
ity of up to 60% of the yearly medium rainfall 
(Sander & Becker 2002).  A comparison between the 
yearly land cover biome types derived from re-
motely sensing data shows changes over the years.

Within the scheme of  the part project B7 in the 
special research project of ACACIA

1
, funded by the 

Deutsche Forschungsgemeinschaft, a regional bio-
sphere model (RBM) in north-western Namibia will 
be established to map the biophysical key variables 
in their spatial and temporal distribution. Therefore 
an automated land cover classifier is needed. 

A standard classification of yearly NDVI data is 
often not successful. For this reason, nine 
phenologic metric features from a smoothed dataset 
are used to extract the specific seasonal behaviour of 
each biome type. In a second step of land cover dis-
crimination, these phenologic metrics are used as in-
put for a tree classifier, characterizing eight biome 
types selected from a simplified IGBP Land Cover 
Scheme (IGBP 2001). The result of the classification 
process is a yearly land cover map, covering the re-
search area by a 500m x 500m resolution. The data 
for the year 2001 compared with a ground truth 
analysis from May 2002 reveals a broad consistency. 

1 ACACIA: Acronym for ‘Arid Climate Adaptation and Cultural In-

novation in Africa’, University of Cologne and Bonn. 

(http://www.uni-koeln.de/sfb389) 

By using this automated algorithm, an important part 
of the regional biosphere model in north-western 
Namibia can be established in order to map bio-
physical variables such as land cover and net pri-
mary production. 

2 DATA

A major input for the RBM  is a times series of spec-
tral reflectance derived from MODIS MOD09 data 
for the year 2001 at a resolution of half kilometer 
pixels. To adapt the data to the needs of the RBM, a 

Figure 1. Research area of ACACIA-B7 in north-western 
Namibia
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pre-processing algorithm is established. First, the al-
gorithm reprojects the data to the standard RBM 
projection. Second, it merges the daily data to a 
times series and calculates the NDVI for every time 
step. Finally, the preprocessing algorithm leads to a 
smoothing of the yearly time series.  

The MODIS data is delivered by the USGS in a 
integerized sinusoidal projection (USGS 2003). 
Therefore the data must be preprocessed and repro-
jected for the RBMs standard projection, UTM 33S, 
WGS84. After the reprojection process, a temporal 
data merge takes place in order to combine the daily 
MODIS data to 10-day composites (Richters & 
Klein 2002). From these combined 10-day-datasets, 
the NDVI is calculated by default algorithms 
(Tucker 1979) and the single datasets are integrated 
in a time series. In the last preprocessing step, the 
resulting time series is prepared for the classification 
process by smoothing the data with a moving aver-
age filter (width = 5 pixels). 

3 METHODS 

The use of remote sensing time series provides the 
inimitable advantage of collecting the seasonal dy-
namic of a landscape and acquireing the impact of 
global change. To derives nine phenologic metrics, 
representing the local specific progression of NDVI 
over the year, the NDVI during the vegetation period 
is analysed by using the method described by Reed 
et al. (1994).

3.1 The phenologic metrics 

The semi-arid North-west of Namibia has a dry sea-
son with a minimum of six month (June - Novem-
ber) (Sander & Becker 2002). That is why the mean 
of the lowest 18 observations (= 6 month) is used for 
the calculation of  the soil line.

From the smoothed time series with 36 observa-
tions per year, the acquired phenologic metrics are 
deduced: NVegPeriod (the length of vegetation pe-
riod), Max_PA (the maximum of NDVI inside the 
vegetation period), Min_PA (the minimum of NDVI 
inside the vegetation period), RG_PA (the range of

photosynthetic activity during vegetation period), 
TI_VegPeriod (the time integrated NDVI during the 
vegetation period), Max_Rate_Up (the maximum 
increase of NDVI during the vegetation period), 
MEAN_NDVI (the average NDVI over the total 
time series) and SOIL (value of the soil line upside 
vegetation growth is possible).

3.2 The binary decision tree 

The derivation of land cover classes is based on a 
decision tree, where the allocation of single pixels to 
a class is determined by the independent variable of 
the phenologic metrics. The theory of decision trees 
has often been used for the classification of remote 
sensing data (Hansen et al. 1996, Defries et al. 
2000). Decision trees are non-parametric, hierarchi-
cal classifiers, that determine the class allocation by 
a recursive graduation  in homogeneous sub-quan-
tities. The binary decision rules are defined by using 
multiple terms for a hierarchical determination of 
pixels. The advantages of this method are the classi-
fication speed and the possibility to use the same set 

Figure 2. Derivation of phenologic metrics from a time 
series (Reed 1997)

Figure 3. Scheme of the binary tree classifier for the deri-
vation of land cover classes in NW-Namibia 

Table 1. Land cover classes for NW-Namibia.

Mixed Forests: Areal with tree dominance, min. 60% 
crown closure and a tree height of min. 
5 m. 

Woody Savanna: Area with herbaceous or similar scrub 
and a tree cover of 30 – 60%. Tree 
height min. 2m.

Savannas: Area with herbaceous or similar scrub 
and a tree cover of 10 – 30%. Tree 
height min. 2m.

Closed Shrubslands:  Area with woody scrubs (min. 
height < 2 m) and a coverage of min. 
60%. 

Open Shrubland:  Area with woody scrubs (height < 2m) 
and a coverage of min. 10 – 60%. 

Grassland: Area with herbaceous or similar grassy 
plant cover and a woody scrubs max. 10 
%.

Barren:  uncovered by vegetation, salt pans (Eto-
sha), sand areas without vegetation and 
a max. vegetation coverage of 10 % 
within a seasonal cycle. 

Water: water surface without vegetation. 
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of decision rules for multiple datasets. 
The classification tree (see figure 3) encompasses 

seven hierarchical decision rules, starting with a 
land-water discrimination and ending with a separa-
tion between open and closed shrub land.  Each rule 
in itself consists of empirical ranges based on the 
phenologic metrics. Put another way, to label a spe-
cific biome type, not only the nearest decision rule is 
decisive, but also the selective and thereby reducing 
effect of preceding decision rules. This approach 
leads to a fast and effective classification. 

The International Geosphere Biosphere Program 
published a map of the global land cover in 1993 
(Scepan et al. 1999). Following the approach of  this 
publication, eight land cover classes for the research 
area in Kaokoveld where defined on the basis of lit-
erature and own data, collected within the frame-

work of two field trips in 2001 and 2002. Table 1 
gives an overview to the definition to these classes. 

3.3 Automatic classification of land cover classes 

By using ENVI/IDL for programming the automated 
classification approach, some routines were devel-
oped to process the MODIS NDVI times series. In a 
first step, the MOD09GHK data are imported, repro-
jected, combined to 10-day-composits and the 
smoothed NDVI time series are calculated. 

This dataset is then used to extract the phenologic 
metrics. In the last step of the automated classifica-
tion, the phenologic metrics are used to differentiate 
the land cover classes on the basis of the decision 
rules in the classification tree. 

Figure 4. Map of the land cover biome types (2001) from MODIS MOD09 data, resolution: 500m per pixel.
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4 RESULTS 

The output of the classification process is a map for 
the year 2001 with eight land cover classes for 
north-western Namibia (see figure 4).  

The differentiation of the biome types in NW-SE 
direction, founded in decreasing rainfall in SW di-
rection (Sander & Becker 2002 ) are clearly evident. 
The strong denticulation of land cover classes re-
flects the small scale relief within the Great Escarp-
ment, witch is particularly dissected by the deep cut-
tings of Hoarusib, Hoanib and Kunene river in the 
area of Kaokoveld (Brunotte & Sander 2002). 

In the north-eastern part of the research area, the 
border between Namibia and Angola is well visible. 
The different degree of degradation of the vegetation 
layer on both sides of the border can be explained by 
the civil war in Angola during the past decades and 
the highly populated Ovamboland (in the east of 
Ruacana) in northern Namibia. 
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