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African Land-Cover Classification
Using Satellite Data

Compton J. Tucker, John R. G. Townshend, Thomas E. Goff

Accurate, timely information on the
distribution of vegetation on the earth’s
surface is a requisite for understanding
how changes in land cover affect phe-
nomena as diverse as the atmospheric
CO, concentrations, terrestrial primary
productivity, the hydrologic cycle, and
the energy balance at the surface-atmo-
sphere interface. Such information about

is apparent in the maps of, and ancillary
texts on, the vegetation of Africa (I, 2)
and is further illustrated by the widely
varying estimates of the surface area of
world terrestrial ecosystems (3, 4). An
alternative approach is to use satellite
remote-sensing  data with its synoptic
overview as a basis for mapping. In
numerous studies such remotely sensed

Summary. Data from the advanced very-high-resolution radiometer sensor on the
National Oceanic and Atmospheric Administration’s operational series of meteoro-
logical satellites were used to classify land cover and monitor vegetation dynamics for
Africa over a 19-month period. There was a correspondence between seasonal
variations in the density and extent of green-leaf vegetation and the patterns of rainfall
associated with the movement of the Intertropical Convergence Zone. Regional
variations, such as the 1983 drought in the Sahel of western Africa, were observed.
Integration of the weekly satellite data with respect to time for a 12-month period
produced a remotely sensed estimate of primary production based upon the density
and duration of green-leaf biomass. Eight of the 21-day composited data sets
covering an 11-month period were used to produce a general land-cover classification
that corresponded well with those of existing maps.

vegetative cover is also required in de-
termining the rates of change of the
earth’s biotic resources and the ways in
which land use is adjusting to increasing
demands on these resources.
Traditionally, the principal source of
such information has been vegetation
mapping by ground survey. If large areas
are surveyed, it is inevitable that the
observations of many different observers
must be synthesized, which introduces
all the problems of reconciling disparate
observations. The magnitude of the task
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data have been used to accurately map
vegetation, crops, and other land-cover
types (5). The majority of these studies
have used Landsat data, and none of
them have attempted classification at
continental scales.

One reason why it has not been possi-
ble to accomplish continental-scale vege-
tation classifications from Landsat data
is because of its 80-m spatial resolution.

This spatial resolution of the Landsat

multispectral scanner system (MSS) and
associated 185- by 185-km scene makes
it necessary to accumulate a substantial
quantity of data (about 1100 individual
Landsat images) to cover an area as large
as Africa. Thus logistical and financial
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problems are sizeable if a continental-
scale analysis is to be performed in a
digital mode with Landsat MSS data.

It is highly desirable to collect several
images each year to overcome cloud
cover problems while monitoring
changes in vegetation over time (6). Mul-
tiple imaging within a given year allows
classification to be based on phenologi-
cal changes in different vegetation types
(5). Such an approach becomes essential
in Africa if land-cover types are to be
spectrally discriminated because of the
asynchronous responses of vegetation to
seasonal rainfall north and south of the
equator and the marked wet and dry
seasons.

As an alternative to Landsat images,
we propose the use of advanced very-
high-resolution radiometer (AVHRR)
data from the National Oceanic and At-
mospheric Administrations (NOAA) me-
teorological satellites. Such data have
been shown to have significant potential
for assessing and mapping vegetation
over relatively modest areas (7, 8), and
similar levels of classification accuracy
have been reported between Landsat
MSS and NOAA AVHRR data for some
natural vegetation types (9). AVHRR
data have a much coarser resolution (1
and 4 km at nadir) and hence a lower
data volume and cost than Landsat MSS
data, and their temporal resolution is
much higher with 4-km imagery globally
available on a daily basis.

It should be stressed that we are at-
tempting to map physiognomic types or
vegetation formations according to land-
cover criteria rather than any alternative
criteria that have been proposed, such as
environmental characteristics, phyloge-
ny, or individual form features (/0). Our
approach is based upon satellite data
collected - daily for 19 months for the
continent of Africa and uses the satellite-
recorded multitemporal characteristics
of land cover for large-scale classifica-
tion purposes.

Methods

The AVHRR sensor of the NOAA
satellites was chosen to provide the data
(11). Earlier data from this sensor on-
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Fig. 1. The spectral vegetation index from
Africa for four selected 21-day periods: (A) 12
April to 2 May 1982; (B) 5 to 25 July 1982; (C)
27 September to 17 October 1982; and (D) 20
December 1982 to 9 January 1983. These data

are the maximum normalized-difference values from 3 weeks of the NOAA global vegetation-
index product and have a spatial resolution of 15 km at the equator. The tan and brown colors
represent no green leaf vegetation, and the reds and purples represent the highest amounts.
Values for green-leaf vegetation range from approximately 0.05 to 0.60.
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Fig. 2. The spectral vegetation index from April 1982 to November 1983 at seven African
locations. One value is plotted per location for each 21-day period. The first day of each 21-day
period is indicated on the X-axis (that is; 12 April is actually 12 April to 2 May 1982). Each value
plotted represents the average of nine picture elements or approximately 2500 km?.
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board the Television and Infrared Ob-
serving Satellite (TIROS) were unsatis-
factory because of the overlap between
the visible and near-infrared bands,
which made it impossible to produce a
spectral green vegetation index (/2).
Global-area coverage (GAC) data with a
4-km resolution were chosen rather than
the finer resolution local-area coverage
(LAC) data with a 1-km resolution, since
the 4-km data were available daily for the
whole continent.

The 4-km GAC data are partly resam-
pled 1-km LAC data; the first four 1-km
picture elements are averaged, and this
average is then used to represent a 3 by 5
picture element block (/I). The GAC
data are tape-recorded onboard the satel-
lite and subsequently transmitted to re-
ceiving stations in either Virginia or
Alaska.

Fourteen NOAA-7 orbits cover the
entire world each day. The daytime glob-
al AVHRR 4-km channel 1 (C;) and
channel 2 (C,) data are mapped by
NOAA into 1024 by 1024 element arrays
for the Northern Hemisphere and South-
ern Hemisphere every day. These data,
available from NOAA on a daily basis or
as a weekly composite, have a grid cell’
size of ~15 km at the equator and ~30

_km at the poles (/3). Ratio or linear

combinations of the C, and C, radiances
can be used to generate spectral indices
that are used to nondestructively esti-
mate the green-leaf biomass or green-leaf
area of plant canopies (/4). Recent re-
searchers have reported very high corre-
lations between the spectral green-leaf
indices and the photosynthetically active

_ radiation absorbed by plant canopies

(15). Spectral green-leaf indices are also
affected by off-nadir viewing, sun angle,
background material reflectance, and at-
mospheric aerosols (16, 17), and these
indices have an asymptotic or saturation
response to high levels of green-leaf den-
sity (18).

The weekly global composite data are
formed by selecting the highest spectral
index for each grid cell location from the
individual daily data for that week (13).
We have taken the weekly C, and C,
values from mid-April 1982 to November
1983, mapped them to a Mercator projec-
tion, formed the C,/C, and (C, — C,))/
(C; + C)) ratios, and selected the high-
est value over a 3-week period for both
spectral ratios for each grid cell location
for Africa. Selecting the respective maxi-
mum spectral ratio for a 3-week period
simultaneously minimized the effects of
sun angle, off-nadir viewing, atmospher-
ic path length and aerosols, and clouds,
all of which can only decrease the spec-
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Fig. 3. Major vegetation types of Africa and Madagascar, simplied from White (1), with selected climate and elevation data after Walter and Lieth
(23) and Walter et al. (24): 1, desert and semidesert shrubland-grassland; 2, wooded grassland and bushland (Sahel); 3, Sudanian woodland and
grassland; 4, forest transition and mosaic; 5, forests; 6, woodlands, predominately Somalia-Masai; 8, Kalahari wooded grassland and bushland; 9,
Karoo grassy shrubland and highveld grassland; 10, Cape and Karoo shrubland; and 11, Mediterranean vegetation. Climate data for selected sites
are given in terms of the station name, elevation, average mean temperature (in degrees celsius), and average precipitation (in millimeters). The
average monthly precipitation is plotted against time on a linear scale (stippled portion) and on a logarithmic scale (solid portion). Those months
for which potential evapotranspiration exceeds precipitation are noted by the dotted areas. The average monthly temperature is also plotted
against month. The months begin with January north of the equator and with July south of the equator.
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Fig. 4. A diagrammatic representation of the
classification feature space formed between
the first and second principal components
from 21-day periods between April 1982 and
February 1983. The first principal component
was found to be highly similar to the integrat-
ed image appearing as the cover figure. The
second principal component represents cov-
er-type seasonality. Known surface areas
were selected and used to label the feature
space. The resulting labeling resulted in class-
es of water (A), desert (B), semiarid seasonal
grasslands (C and C’), dry savannas (D and
D’), wet savannas (E and E’), and tropical
forest (F).

Fig. . Principal-com-
ponents land-cover
classification of Afri-
ca produced from
eight 21-day compos-
ited images (12 April
to 2 May 1982, 24
May to 13 June 1982,
5 to 25 July 1982, 6 to
26 August 1982, 27
September to 16 Oc-
tober 1982, 8 to 28
November 1982, 20
December 1982 to 10
January 1983, and 31
January to 19 Febru-
ary 1983). The feature
space used to label
land-cover classes is
shown in Fig. 4. The
tan areas are desert
and semidesert, the
light green areas
semiarid wooded
grassland and bush-
land, the purple areas
Sudanian woodland
and grassland, the
dark blue areas inter-
spersed tropical for-
est and grassland, the

red areas tropical rain forest and montane forest, the dark green areas woodland and especially
Miombo woodland, the light blue areas bushland and thicket, and the yellow areas wooded
grassland and deciduous bushland (see also Figs. 1 through 4).

Table 1. Net primary productivity and phytomass of terrestrial ecosystems. The adapted
conversion of dry matter to carbon is 0.45 [from Ajtay et al. (3)].

Average net Living phytomass
primary production (above and below ground)
Ecosystem type of dry matter dry matter
(g m~? year™") (gm?)
Forests
Tropical humid 2,300 42,000
Tropical seasonal 1,600 25,000
Temperate evergreen 1,500 30,000
Temperate deciduous 1,300 28,000
Temperate woodlands (various) 1,500 18,000
Chaparral, maquis, bushland 800 7,000
Savanna
Low tree-shrub savanna 2,100 7,500
Grass-dominated savanna 2,300 2,200
Dry savanna thorn forest 1,300 15,000
Dry thorny shrubs 1,200 5,000
Temperate grassland
Moist 1,200 2,100
500 1,300
Desert and semidesert scrub
Scrub-dominated 200 1,100
Sandy, hot, and dry 10 60
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tral ratios (/7). This process resulted in
the selection of data that tend to occur
near nadir, are largely cloud-free, and
are characterized by low-aerosol condi-
tions. A subjective appreciation of the
results of this process may be gained
from an inspection of Fig. 1, where no
boundaries between satellite paths can
be detected.

Compositing was performed on the
Hewlett-Packard 1000 and Ramtek im-
age-processing system at the Sensor
Evaluation Branch, Goddard Space
Flight Center. The importance of com-
bining data over periods of time to mini-
mize clouds, sun angles, directional re-
flectance, and atmospheric effects while
maintaining the ability to record the tem-
poral dynamics of vegetation must be
stressed and is fundamental to the work
we describe. The 3-week composites re-
duced cloud cover to less than 2 percent,
with the balance of those clouds present
occurring over coastal Gabon and Cam-
eroon.

Multitemporal Dynamics of
Green-Leaf Biomass

The ability to successfully composite
daily satellite data on a continental scale
provided the means to overcome the
problems of extensive cloud cover in
equatorial and other areas and the de-
grading effects caused by variations in
sun angle, the atmosphere, and the satel-
lite-target viewing geometry. Once
cloud-free data were available at fre-
quent intervals and the various degrad-
ing influences minimized, the large-scale
multitemporal dynamics of green-leaf
biomass could be recorded. Almost iden-
tical results were found for the C,/C,
ratio and the (C, — C)/(C; + C,) nor-
malized difference vegetation index. Ac-
cordingly, we present only results from
the normalized difference series of analy-
ses and henceforth refer to the normal-
ized difference as the spectral vegetation
index.

Figure 1 illustrates the seasonal
changes in green-leaf biomass as ex-
pressed in the spectral vegetation index
for Africa at four selected 21-day inter-
vals from April 1982 to January 1983.
The movements of the Intertropical Con-
vergence Zone were evident in the devel-
opment of green-leaf biomass after peri-
ods of precipitation. Inspection of the 3-
week data and their variation with time
showed the growing season dynamics
from seven selected locations (Fig. 2).
The data presented in Fig. 1 represent
four of the 28 3-week periods presented
in Fig. 2 for seven selected locations. We
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observed seasonal variation in our spec-
tral vegetation index for almost all vege-
tated areas of Africa including tropical
rain forest: deserts and semideserts were
the only areas observed to be temporally
invariant (Fig. 2). The nested curves for
selected areas in the Sahel and Sudan
zones, the southern savanna, and the
tropical rain forest areas in Fig. 2 reflect
the climatic conditions of the time period
from April 1982 to November 1983 and
are in general agreement with the 30-year
climatic averages from similar African
areas (Fig. 3). Higher values of the spec-
tral vegetation index were observed dur-
ing the 1982 rainy season in the West
African Sahel than during 1983 (Fig. 2).
This reduced spectral vegetation index in
1983 corresponded to a major drought in
the northern and central Sahel zone in
1983 (19). .

Seasonal variation in the spectral veg-
etation index was alse observed in tropi-
cal rain forest, tropical seasonal forest,
and savanna areas. Although this sea-
sonality is expected for tropical seasonal
forests and tropical savannas, it also
occurs in most tropical rain forests (20,
21). Compared with rain forests on other
continents, the African tropical rain for-
estis relatively dry and receives between
1600 to 2000 mm of rainfall per year.
White (/) reported that areas receiving
more than 3000 mm of rainfall per year
are largely confined to coastal areas of
Upper and Lower Guinea and that only a
small part of the Zaire basin receives
more than 2000 mm per year.

Not only is the rainfall in Africa lower
than in rain forest regions elsewhere, but
also its distribution throughout the year
is uneven. Virtually nowhere in the Afri-
can tropical rain forest is the mean
monthly rainfall higher than 100 mm for
every month of the year. South of the
equator and toward the Atlantic coast
but still at equatorial latitudes, the length
and severity of the dry period increases
(1). Consequently, the variation ob-
served in the spectral vegetation index
from African tropical rain forest areas is
consistent with observed vegetation sea-
sonality (22) and climatic data (23, 24)
(Fig. 3). In addition, dry periods are
more severe and frequent than the cli-
mate diagrams indicate, as the climate
diagrams are based upon long-term mean
values (/, 23, 24). Because of the marked
wet and dry periods for African vegeta-
tion types, we observed the same spec-
tral vegetation index for savanna areas
as for tropical rain forest areas at times
(Fig. 1A), higher spectral vegetation in-
dices for tropical forests than for savan-
na areas at times (Fig. 1B), and higher
spectral vegetation indices for savannas
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than for tropical rain forest areas at other
times (Figs. 1D and 2).

To quantify the yearly vegetation re-
sponse for Africa we have integrated the
spectral vegetation index with respect to
time for the period from April 1982 to
April 1983 (see cover). This technique
has been used to approximate the pri-
mary production within a given vegeta-
tion type for the period of observation.
This is so because the spectral vegeta-
tion index is highly correlated to the
green-leaf biomass or projected green-
leaf area (an indication of the area of
the photosynthetic absorbing surface),
which is one of several variables related
to the rate of photosynthesis. Frequently
collected spectral data, when integrated
with respect to time, have been shown to
be highly correlated to the total dry
matter accumulation for wheat (6), corn
(25), pastoral ecosystems (7), and crop
yield (26). Essentially, the integrated
spectral green-leaf indices are estimates
of the integral intercepted visible radia-
tion (15). Monteith (27) has reported that
net production per unit of intercepted
visible radiation was remarkably con-
stant for crops as diverse as apples,
barley, potatoes, and sugar beets in the
United Kingdom. Although this integra-
tion technique has not been tested across
different ecological zones or at continen-
tal scales, the data we report on are well
suited for this purpose.

The integrated spectral index pro-
duced a zonation of Africa in which
deserts and semideserts, dry savannas
and dry grasslands, and forests and wet
savanna were differentiated from each
other (see cover). There is general quali-
tative agreement between the integrated
image in the cover figure and various
primary production data from different
ecosystem types (Table 1). Tropical for-
est and tropical savanna have similar
integrated index values. Primary produc-
tion data (3, 20) and the fact that African
tropical rain forests are relatively dry as
compared to rain forest in other conti-
nents (/) tend to support the integrated
data in the cover figure (Table 1). We
acknowledge a range of primary produc-
tion estimates (28). Detailed quantitative
verification of the zonations presented in
the cover figure will be a tedious and
time-consuming process.

Land-Cover Classification

There is a high correlation between the
integrated image (cover figure) and the
major land-cover types found in Africa
(Fig. 3). For example, the highest values
correspond to the forest and wetter sa-

vanna areas, and the lowest to desert and
semidesert areas. These relationships,
along with the distinctive temporal var-
iation of different cover types (Fig. 2),
suggested that a continent-wide land-
cover classification should prove feasi-
ble and the following procedure was
adopted. From the 28 cloud-free geo-
graphically referenced data sets, eight
dates between April 1982 and February
1983 were used for classification pur-
poses. These were chosen since their
spacing provided an opportunity to use
seasonal phenological changes in green-
leaf biomass to classify the land cover.
We chose the spectral vegetation index
as the variable used to define the feature
space for two reasons. (i) For a given
vegetation type, this index is related to
variables such as the projected green-
leaf area, green-leaf biomass, or the in-
tercepted fraction of photosynthetically
active radiation. (ii) Use of the spectral
vegetation index meant that differences
in radiance received at the sensor as a
result of differences in solar elevation
would be largely eliminated.

A principal-components classification
procedure was used for eight 3-week
periods of data between April 1982 and
February 1983 (29). The spectral vegeta-
tion index was the variable used from
time 1 to time 8. The n principal compo-
nents P are related to the original varia-
bles by

P; = Sa; NDVI, (1)
i=1,8
j=1,8

where a;; are the eigenvectors ranked in
order corresponding to the size of the
eigenvalues and NDVI is a spectral vege-
tation index for time j. Each eigenvector
represents the relative contribution of
each time period to the principal compo-
nent and is obtained by solving the equa-
tion

C)\U = a,‘j)\i . (2)

where C is the covariance matrix of the
spectral vegetation indices for the nine
time periods and A; is the positive eigen-
value representing the variance of each
principal component (29). The first eight
principal components were generated
and the first and second principal com-
ponents used for classification purposes.

The first principal component had near
equal eigenvector weightings for all eight
dates and has been reported to be nearly
identical to the integrated spectral vege-
tation index (30). The second principal
component showed a quasi-sinusoidal
structure with marked negative and high
positive values in the dry and wet sea-
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sons, respectively, in both hemispheres,
reflecting the asynchronous sequence of
rainy seasons in the two hemispheres of
Africa. Areas of the Sudan and Sahel
zones had high positive values while
similar areas of vegetation in southern
Africa had low negative values, and des-
ert areas showed no seasonal changes
and had second principal component val-
ues close to zero (Fig. 4). We selected
areas of known vegetation types for clas-
sification training-site purposes on the
basis of the African field experience of
the authors and agreement among the
various vegetation maps (/, 2). These
training areas, which represented less
than 5 percent of the African surface
area, were used to label the feature space
formed between the first and second
principal components for each pixel of
the African data. Boundaries of the vari-
ous vegetation types were determined on
the basis of the location of the training
areas in the feature space and the classi-
fication image produced (Fig. 5).

Several qualifications need to be stat-
ed concerning the land-cover map shown
in Fig. 5. We stress that we did not
primarily attempt definitive or even qua-
si-definitive land-cover classifications of
Africa but instead attempted to evaluate
the feasibility of using NOAA-7 AVHRR
data for this purpose. No formal per-
formance evaluation has been carried
out. Our evaluation has been hindered
by the substantial lack of agreement
among existing vegetation maps for
many locations of Africa. We therefore
have no quantitative basis for compari-
son as yet. Field checking will clearly be
ex:remely time-consuming, and a satis-
factory sample of test sites may take
several years to collect. Nevertheless,
we intend to carry out such a field pro-
gram. At present, we must rely on the
African field experience of ourselves and
colleagues along with a qualitative com-
parison with existing vegetation maps
such as that shown in Fig. 3. Compari-
sons with such maps suggests a consider-
able measure of agreement, although
certain errors can be noted. The classifi-
cation of desert north of the equator
includes both deserts and other semiarid
zones with precipitation up to approxi-
mately 300 mm/year (Fig. 5). As such,
this includes a portion of the Sahelian
zone (200 to 400 mm/year). The extent of
closed-canopy forest in eastern Africa is
probably overestimated. In coastal Ga-
bon and Cameroon the amount of rain
forest may have been somewhat under-
estimated because of the remarkably
high frequency of clouds and haze in the
early afternoon in this area.
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The classification of vegetation on the
Mediterranean coast is described in the
same terms as that in the rest of the map.
We also recognize the error introduced
by using data from a Il-year period,
which does not account for yearly varia-
tion in climate. This is evident in Fig. 2
for the Sahel zone between 1982 and
1983. In future more detailed mapping
we plan to use multiyear data accompa-
nied by labeling on the basis of the
known differences in the assemblage of
vegetation formations.

Conclusions

The mapping of the AVHRR images to
a common geographically referenced
data base provided the basis for image
compositing to produce near cloud-free
images of the entire African continent, in
which atmospheric and satellite-target
viewing geometry effects were mini-
mized. A spectral vegetation index was
calculated to allow the green-leaf dynam-
ics of the African surface to be moni-
tored for the whole of Africa and was
used to construct a continent-wide land-
cover classification based on the multi-
temporal responses of land cover. There
was qualitative agreement with the re-
ported distribution of vegetation (/, 2)
for most of the continent. In some areas
errors occurred, and thus refinements to
existing classification methods need to
be developed. In particular, data from
several years are needed to overcome
yearly climatic variation. Despite these
important qualifications, the results sug-
gest the prospect for internally consist-
ent mapping and repeated monitoring of
the main cover types of continental areas
based on the use of multitemporal
coarse-resolution satellite data.
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Evidence for a Role of Prooxidant

States in Carcinogenesis

The human hereditary diseases ataxia
telangiectasia, Fanconi’s anemia, and
Bloom’s syndrome are characterized by
increased cancer incidence and sponta-
neous chromosomal breakage (3). There
are indications in all three diseases of
abnormalities in oxygen metabolism (4).
Cultured skin fibroblasts from patients
with these diseases are hypersensitive to
agents that induce prooxidant states. For
example, fibroblasts from patients with
ataxia telangiectasia are hypersensitive
to x-rays, bleomycin, and neocarcinosta-
tin; those from patients with Fanconi’s
anemia show sensitivity to mitomycin C
and psoralen; and those from patients
with Bloom’s syndrome are sensitive to
near-ultraviolet radiation. This last agent
also induces excessive DNA strand
breakage in fibroblasts from Bloom’s
syndrome patients. Increased oxygen
tension causes excessive amounts of
chromosomal aberrations in Fanconi’s
anemia. Serum from patients with ataxia
telangiectasia and Bloom’s syndrome
contains clastogenic factors (CF’s), and
cultured fibroblasts release CF’s into the
culture medium. These factors break
chromosomes in test cultures of lympho-
cytes from healthy donors. The CF from
Bloom’s syndrome fibroblasts was inhib-
ited by CuZn superoxide dismutase
(SOD), indicating the intermediacy of
O3 in the clastogenic process (5). The
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