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Abstract
In this paper the possibilities and advantages of spectral unmixing for infomution
extraction of Landsat TM data are malysed. Raw image data are transferred to field
reflectance data with the ernpirical line method. "Hamattan dust" blown from the Chad
basin to the Sahel during the dry periods had,although not visible on hardcopies, a large
influence on the reflected radiance represented by the Landsat TM image of May 7,
1988. Resanlpled field reflectance spectra could be used for the spectral unmixing of
Landsat TM. The results of the spectral unmixing resembled the field estimations
closely. Units of research showed a tendency of increased coverage with dead grass at
the expense ofSand in the period between the date of image acquisition and the
fieldwork. This corresponded with the presence of deserted agricultural fields due to
decreased fertility after intensive agricultural use.

Résumé
Ce rapport fait l'analysedes possibilités et des avantages de la méthode de
déconvolution spectrale pour l'interprétation des images Landsat TM. Les données
brutes de l'image sont transformées en valeurs de réflectance de terrain par la méthode
de la ligne empirique. Sans que cela soitvisible sur les hardcopies, la poussière
d'harmattan emportée du bassin du Tchad au Sahel par le vent pendant les pCriodes
sèches avait une grande influence sur la radiation réfléchie saisie dans l'image Landsat
TM du 7 mai 1988. Les spectres de rkflectance de terrain ont été utilisés pour l'analyse
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des images Landsat TM. Les rCsultats de la dtconvolution spectrale se rapportent bien
aux estimations obtenues dans le terrain.Les unitts de recherche ontmontreune
tendanceune
couverture d’herbesmortesaudgtrimentdu
sable nupendant les
dernithes a d e s . Cette tendancecorrespond B la prêsence des champs agricoles
abandonnês B cause d’une fertilitC diminuCeaprk une culture intensive.

Population growth and man-induced climatic change nialces life in the Sahelian
countries even tougher. The insreased pressure on land is a theat to the ecosystem of
the sahel. Buergrazing and decreased soil fertility lead to erosion and poor hmiests. To
taclile these serious problems, ît is necessary to find methods to map these degradation
features. This can also help ta undersband the different processes.
Degradationof
land often expressesitselfin
a change in the amountand
distribution of earth-surface properties. For example, increased degradation insemiarid
areas
leads to an increased area of crusted snrfaces. Traditional image
classification techniques do not
give
quantified
measurements of soil surface
characteristics.
Desertification is one of the major causes of degradation in the Sahelian countries. It
expresses itself as anincrease in erosion and a decrease in the vegetated area.
The processes of degradation are oftenactiveon
a sub-pixel scale.The spatial
variation of nmst landunits is very highh,the range of the semivariogram of land qualities
and reflectance in these areas is 7 to 10 meters. With pixels larger than 10 meters it is
notpossible to map terrain differences withinthe mapping units (EPEAIA
and BOM.
1994). Special image processing techniquesarz required to extract thisdetailed
information from satellite images. In this research the possibilities of spectral unmixing
with broad available Landsat TM data are examined.

The study area is located in the department Sanmatenga. The departmentwas
mappedas part of a co-operation of the Antenne Sahtlienrze of the University of
Wageningen (The Netherlands), and the development organisation PEDI, financed by
the Dutch government. Apart from the research presented in this paper, a soil nlap,
vegetation map and land evaluation map are produced at a scale of 1: 100,000. The
mapping is carried out with the aid of multitemporal satellite images.
The area covers mainly the geologic time zones Birrimien and anti-Binimien. The
main rock of the Birrimien is schist and of the anti-Birrimien granite and granodiorite.
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Due to past and present ferralitisation, there are hardened plinthite plateaus and layers
throughout the area (ELKENBRACHT
et al., 1995). The ferralitisation in combination with
ferrolyse, Clay transporl, erosion and leaching resultsin large differences insoil
characteristics in the horizontal andvertical. Differences in texture andavailable
nutrients lead to differences in fertility and vulnerability to erosion. The soils of the
Birrimien are morefertile than those of the anti-Binimien. The type and amount of Clay
mninerals, organic matter and slope determine the erosivity of soil units.

Spectral characteristics of soil and vegetation
Eachobject
on earth has its own spectral reflectance dueto
the chemical
composition of the object. Objects can be discliminated by their spectral reflectance,
caused by the reflectance of solar radiation. Light emitted by the sun interacts with the
object and partof that light is reflected in the direction of the sensor. Various dgol-ithms
have been developed to differentiate between different objects. In the next part the
different chuacteristics, which influence the reflectance of soils, green and dead
vegetation, are briefly summarised.

Soils
The reflectance of soils depends on texture, structure, minerals, organic matter and
water content. Some characteristics lead to an overall decrease in reflectance, others
absorb radiation in a more specific wavelength. With hyperspectral (airborne and in the
future spacebome) radiometers it is possible to detect individual absorption features.
Satellites, like Landsat TM, measure the reflectance in broad absorption bands, hiding
these features. Absorption features, present in bare soil spectra, are mostly caused by
iron oxides and OH-bearing minerals. Iron oxides cause a broad absorption dip around
900 nm, OH and CO,-bearing minerals more narrowdips between 2,000 and 2,500 nm.

Healthy vegetation
Healthy vegetation absorbs a lot of radiance in the visible part of the spectrum for
photosynthesis. The absorption is lowest in green (500 nm), therefore vegetation is
green for the human observer. The reflectance in the near infrared is very high, due to
the physiological structure of the leaves.

Dead vegetation
O

Deadvegetation lacks the high absorption in the visible, and the reflectance is
highest around 1,600 nm (Landsat TM band 5). The spectral reflectance gently increases
until 1,600 nm after which it decreases.
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The spectral reflectance of different surfaces is measured in the field with the miniIRIS RT (GER2100) .fieldspectronleter of the Geophysical EnvironmentalResearch
corporation (GER, 1992). This instrument measures in 140 wavelength bands between
400 and 2.500 nm. It i s a single field of view instrument, so a calibration plate is used to
determine the incoming radiation. Depending on the research, there are two
measurement types:
- 76 bands between 400 and 1,100 nm,
64 bands between 1,100 and 2.500 lm;
- 76 bands between 400 and 1,100 nm,44 bands between 2,000 and 2,500 nm.
The advantage of grating 2 is the very high spectral resolution (X nm) in the part of
the spectrum where the discrimination of different nlinerals is possible.
The viewing angle is 6.5 degrees. A 120 cm instrument height results in a pixel size
of 27 ;Y 27 cm.

Image data
For this research it was possible to usedifferent Landsat TM images. Available were
images of the following dates: January 10, 1991; May 7 1958 and September 209 1988.
Since most interest went to bare soil surfaces, the January and May images, both of the
dry season, were found most suitable. Bare soil differences are well expressed in thsse
images.

ata processimg and dissussion

Resampling of field spectra
To use field spectra as endmember for unmixing of Landsat TM dava, it is necessary
to resample the spectra to TM wavelength bands. The overall form of the spectral curve
is preserved but the specific absorption features, detectable with the field spectrometer,
are not visible after resampling. In figure 1, typical spectral cuves of objects present in
the study area with the positions of the TM wavelength bands are shown.
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Figure 1. Different spectral curves of surfaces in the study area.

Geometric and spectral correctionof image
Spectra collected in the field can only be used when correlation between the satellite
data and the field data is high. To determine this c,orrelation, the"empirical line method
is used. This, mathematically, relative simple spectral correction method proved to be
very reliable (e.g. CONELet al., 1987 and FARRANDet al., 1994). The regression
parameterscanbeused
to calculate field reflectancewiththe dimensionless Digital
Number (DN) values of the satellite data.
Resampled field reflectance spectra of different surfaces are collected in the field
andcomparedwith
the Landsat TM data. The location of the areas of interest is
detennined visually on hardcopies of the image and with the aid of a Global Position
System. Areas with high and low reflectance are used to find the gain and offset for
each of the Ldndsat TM bands. In figures 2 and 3, two examples of the colrelation
between nlini-IRIS data andLandsat Th4 data of May 1988 are shown.
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Figure 2. Correlation between Landsat band 1 of May 7 , 1988 and tïeld reflectance.

Field reflection (%)

Figure 3. Correlation between Landsat band 7 of May 7, 1988 and fieldreflectance.
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The regression parameters found with the empirical line method seemed very good.
However, large differences were found between field reflectance spectra and image
spectra outside the area where the training pixels were sampled. In spite of the fact that
no albedo differences were visible on hardcopies of the May 1988 image, there were
considerable differences in DN values of the same objects in different locations in the
image. After careful examination of the raw TM data, differences of 5 - 25 DN were
found. Surfaces with a low albedo, located in the North of the area, showed the largest
differences. The DN differences were highest in band 5. In figures 4 and 5 respectively
the DN values of laterite (grave1)- and crusts-pixels are shown for various locations. The
locations ofthevillagesrange
from Kaya in the South to Dablo in the North. The
differences of light coloured, crusted surfaces are less than the differences of the laterite
(gravel) surfaces. The differences are probably caused by the harmattan dust. This dust
is blown from the Chad basin to the Sahel during the dry periods (MCTRAINSH and
WALKER,1982). Because the dust is very light coloured, the influence on the reflection
is higher above dark surfaces.

Wavelength (nm)

F

i 4. Dflemces i11leflectance of (laterite)
gravel due to the intluence of harmattandust in the air.

For the unmixing process Landsat TM bands 1, 2, 3, 4, 5 and 7 of January 10 1991
are used. In this image no influences of the harmattan dust were found. The pixel DN
values were processed to field reflection using regression parameters found with the
empirical line method.
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During the fieldwork, surfaces present in the different landunits are detected and the
reflectance of these surfaces is measured with a field reflectance meter.

Wavelength (nm)

Figure 5. Differences in reflectance of light coloured crustsdue to the influence of harmattan
dust in the air.

The selectionof endmembers is based on the following considerations:
-Due to the co-operation with PEDI, the most important areas
of research are those
whereagpiculture can be initialised or is present. For
this reason, unsuitable units, e.g.
hardened plinthite plateaus, have been excluded
as endmembers.
- Shade endnlembers are often used to reduce the effects of differences in iutmn~ation
through differences in dope stespness and direction(GILLESPIEet al., 1990).As the relie€ in
the studyarea is limited, the exclusionof this endmember is permissible.
- Endmembers often absentinpixelsarenotincluded,while
this leadstoan
overestimation of this endmember.
- As mentioned before, the nurnber of endmembers is limited by the number of
spectral bands.
To detennine the similarity of the endmembers, two methods are used. The euclidean
distance is sensitive for similarity in overall reflectanceof endmembers. The spectralangle
detennines the similarity of the form of spectra (KRUSE et al., 1993).Figures 6 and 7 show
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respectively
the
euclidean
distance
and
the
spectral
angle
between
the
different
endmembers. The values can forecast which endmenlbers are likely to be confused with
edch other.
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Figure 6. Euclidean distance between endmembers.

Albedo differences cause higll differences in euclidean distance between light and
dark endmembers. In general, green vegetation and laterite resemble dead grass and
light crust resembles red sand. A low spectral angle between two endmembers is likely
to cause problems with the calculationof the fractions of the two endmembers.

Spectral ulmixillg
Most objects on earth have a dimension smaller thanthe spatial resolution of
present satellites. Pixels are conlposed of different objects each with its own spectral
chaacteristics. Reflectance spectra can be modelled as a mixture of a few, so called
endmenlber spectra (ADUIS et al., 1989). Endmembw spectra are the individual
reflectance spectra of the different objects present in the pixel. The spectral variation in
an image is caused by a limited nunlber of surface materials like soi1 types, vegetation
types and shade. Spectral mixture analysis is, up to now, mostly used with airbome
hyper-spectral airborne data like AVWS and GERIS. Less emphasis is put on the use
of this relative new technique with satellite data. SPOT data has the disadvantage of
having only three spectral bands, which will (due to constraints in the calculations of
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unmixing) limit the amount of used endmenlbers to two. With this limited anmunt cd
endmembers it is not possible to describe the variability of the image. On the other
hand, Landsat TM has, for most occasions, enough spectral bands to execute spectral
unmixing.

" 8

GREEN VEGETATI~N

Figure 7.Spectral angle hetween endmemhers.

As an approximation, the spectral mixing can be modelled as a linear combination of
the pure endmemberspectra, as follows:

where:
R, :reflectance of the nlixed spectrum in band
i;
RE, :reflectance in band i of endmemberj ;
4 : fraction of endmemberj;
m : number of endmembers;
ei: residual error in band i;
The above expressionhas a solution whenthe number of endmembers does not
exceed the number of spectral bands minusone. Linear mixingoccurswhen
the
components are large or opaque enough to allow photons to interact with only one
component (SINGERand McCoRD, 1979). The mathematical solution of the above
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expression can be validated by examining the difference between the calculated and
measured reflectance by the root-mean-squared (RMS) error.

where:
R, :modelled or predicted reflectance
of the pixel in band
i;
R ', : measured reflectanceof the pixel in band i;
IZ : nunlber of spectral bands.
The RMS error gives information about the amount of spectral variability explained
by the selected endmembers. When the reflectance of a pixel can not be modelled by
linear mixing with the selected endmembers, thiswill lead to a high RMS error.
As an example, the unmixingresults of an area near Dabloin the North of
Sanmatenga are examined. Resampled spectral curves, shown in figure 1, are used as
endmenlbers in the unnlixing. The processing of the image is done with the program
Spectral Image Processing System (CSES, 1993) on a DEC Alpha 166 MHz. The
processing time was 420 pixels per second witha 100% CPU time.
In plate 8, fîve images with each the distribution of a endmembers are shown. The
minimum and maximum values used for stretching are given. The lighter the grey tone,
the higher the coverage with the corresponding endmemnber. Sonle surfaces like green
vegetation, light crusts and dead grass showhigh differences in coverage throughout the
area. Laterite (gravel) and red sand are found in the whole area. This has to do with the
processes that cause the forming of these surfaces. In the dead grass image, a striping is
seen. Dead grass has a typical high reflection in band 5. The original stl-iping is present
in band S. A high band S DN, caused by the low signal to noise ratio of this band, gives
the spectral curve of a pixel the f o m of dead grass. The contribution of dead grass in
that pixel is then overestimated. A too low band S DN, results in a spectrum that differs
from dead grass. The dead grass coverage is then underestimated.
The crusted surface is lcghest at the south-Westside of the laterite plateau. This side
of the plateau is characterised by a crest. The geologic layer underneath the hardened
plinthite layer is rich in kaolinite. This kaolinite, in combination with the slope, results
in erosion and crusting of the soil.
During the fieldwork the coverage of endmembers is estimated for different sites.
The estimates are comparedwith the unmixing results. In figures 8 to 11 these
compaisons are visualised for four sites.
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Figure 8. @roundcover near Barsalogo.

The calculated coverage w i t h red sand is in all test sites higher than estimated in the
field. On the other hand is the dead grass coverage underestimated. The image used in this
research is €rom February 1991, the fieldwork was in Bctober 1994. The tirne difference is
thereforeaboutfouryears.
During thefieldwork,severalsites
are found with deserted
agicultural tields. The sand of these fields seerns to be replaced by dead grass. The high
grass coverageis also caused by the relative
wet rainy season of 1994. Otlxer possible causes
of the difierences found between field estimations and unmixing
cdculations are mentioned
below:
- Errors in the determinationof the regression panameters usedfor spectral correction;
- The spectra of the endmembers arebased on a good average spectra measured in the
field. These average spectra nlight not be used for description of surfaces which have a
slightly other reflection.The deviant reflection can causewrong unmixing results.
- The combination ofenhenlbers is not such that it is possible to describediffemt
the units.
M e r the umixing process, the five endmember images were unsupervised classitïed.
The clusters represent relative homogeneous units. Figure12 gives the average composition
of 6 h m intotal 10 clusters of the Dabloarea. Thestatistics of theseclusters give
information about the average distributionof endmembers. With this method, the classified
image contains direct information about the constitution
of the units.This information can be
very useful for applications where specific, quantitative information about
units is necessary.
Possibleapplicationsare:decisionsaboutthe
position of mappingbound,uies,more
specific remote sensing data input for erosion andother models.
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Figure 9. Ground cover Dablo site 1.

Figure 10. Ground cover Dablo site 2.
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Cluster 5 has, with 32% of the area, the highest coverage. This cluster represents the
laterite plateaus and areas with a high coverage of laterite gravel. Clusters 3 and 4 also
have a relative high coverage with laterite gravel. Cluster 4 is located in the so called
bas-fond, the Valley with relative dense (tree) vegetation. The 21% vegetation nlight be
underestimated because of the shade of the trees. This shade will, due to the lowering in
overall reflectance of the pixel, contribute to the percentage laterite.

Conclusions and recommendations
In the Sahel, the presence of harmattan dust in the air can influence the reflection of
the surface, even if there is no influence visible at first sight. The data should be
carefully examined before anydata processing is started.
The use of field reflectance spectra is possible, when good regression parameters are
found, e.g. with the empirical line method, to correct the digital numbers of the satellite
image.
The first unmixing resultsshow a quite good correspondencebetween field estimates
and calculations. Differences can be caused by:
Changes in landcover during the time of recording of the image and the time of
fieldwork;
- The regression parameters found with e.g. the empirical line method can be wrong;
The endmembersused are not representative for surfaces that have a slightly
different reflection.
Clustering of the images with the distribution of endmembers, results in useful
additive information aboutclassification units.
To unmix Lmdsat TM images of complex landscapes, a first subdivision in mayor
units is necessary. The units can then be unmixed each with
their own selection of
endmembers.
In further research, a sensitivity analysis is necessary to detennine the influence on
the final results of each step in the unmixing procedure.

-

-
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