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ABSTRACT: Detection of land use / land cover changes is an important task for remote sensing. To compare 
different change detection methods, principal component analyses (PCA) and change vector analyses (CVA) 
were performed on multi-temporal LANDSAT data. The test site is situated within the semi humid tropics in
central Benin (West-Africa). In this paper important steps like pre-processing of the images and an objective 
method for derivation of thresholds are described. The results of the different change detection methods are 
discussed intensively and compared with each other. It turned out that the PCA is more stable against atmos-
pheric influence and performs well in detecting major changes , but the CVA is more easy to interpret and
performs better detecting slight changes, as well it gives information about the direction of the changes. As an
important outcome of this work it must be stated that the pre-processing of the data, especially the atmos-
pheric correction has major influence on the results of the change detection. 

1 INTRODUCTION  

For detection and description of changes in the land 
use / land cover (LUCC) remote sensing is used in 
many areas of the world. 

Especially in the semi humid tropics, where dra-
matic change in LUCC within the last decades were 
recorded, remote sensing is a suitable tool for assess-
ing these changes, because the lack of other sources 
of information. 

For change detection numerous methods where 
developed and described in the past. Yuan, Elvidge. 
& Lunetta (1998) give an overview about the differ-
ent change detection techniques. But there is a lack 
of literature concerning systematic comparison be-
tween the different change detection methods, their 
possibilities and limitations. As well often important 
processing steps concerning the preprocessing of the 
images or the choice of thresholds are not clearly de-
scribed. This gaps were the motivation for the work 
presented in this paper. In a test side of 100 km x 
100 km situated in the semi humid tropics in Center 
Benin (West-Africa) two important change detection 
methods, change vector analyses (CVA) and princi-
pal component analyses (PCA) were applied for 
multi-temporal LANDSAT images and the results 
were compared systematically.  

The area of investigation is the catchment of the 
Upper Ouémé in Benin. The vegetation belongs to 
the transition between the northern Guinea- and 
southern Sudan zone, with tree savannas and high 
grassy undercover. There are strong intra annual 
vegetation dynamics between wet and dry season. 
The agriculture is mainly performed on small fields 
with yams, maize, manioc, sorgum and anacardia as 
main field crops. With approximately 26 persons / 
qm² the population density is not very high in com-
parison. The area of investigation is subject to im-
migration with a yearly population growth of more 
then 8 %. This leads to strong changes in land use / 
land cover. 

2 DATA AND PREPROCESSING 

Both change detection methods, the PCA as well as 
the CVA, are applied to three comparisons of 
LANDSAT TM and ETM+ data between the follow-
ing dates: 

1. 13.12.1991 (TM) & 16.12.2001 (ETM+), 
2. 26.10.2000 (ETM+) & 29.10.2001 (ETM+), 
3. 13.12.2000 (ETM+) & 16.12.2001 (ETM+). 

Hence, both methods are proved to detect long term 
changes, changes between consecutive years and be-
tween different phenological stages in the year. 
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2.1 Preprocessing: Geometric correction 

To cover the area of the upper Ouémé catchment 
with LANDSAT-scenes it is necessary to mosaic 
two scenes of the 192. path and row 53 and 54. Be-
fore the mosaic process the images were registered 
to the December scene of 2000, which served as a 
master scene. An RMS-Error of less than 0,5 was 
achieved for each scene. After registration the im-
ages were re-sampled with the cubic convolution 
method.  

2.2 Preprocessing: Radiometric correction 

Due to the fact that none of the data showed sensor 
system detection errors and the investigated terrain 
has no mattering surface differences, a radiometric 
correction was only accomplished for atmospheric 
affects. An atmospheric correction of the data was 
necessary as the CVA is a change detection method 
assuming a zero mean for stable land use / land 
cover (Song et al, 2001). For the PCA in contrast, an 
radiometric correction would not have been neces-
sary, as the atmospheric differences are substantial 
sources of the variance and should therefore be re-
corded by components orthogonal to those related to 
land use and land cover changes (Fung & LeDrew, 
1987). But even for the PCA the conducted atmos-
pheric correction showed to be of value, because the 
calculated loadings of the used bands could directly 
be related to surface reflectances.  

In the prelimenary stages of this investigation a 
relative normalization was tried to apply. Goal of 
this attempt was to match the digital numbers (DN) 
of the used LANDSAT-Data. Thus they would rep-
resent the same reflectance independently of the ac-
tual reflectance of the earth surface. As stated by 
Yang & Lo (2000) the use of Pseudo Invariant Fea-
tures (PIF) would be the first class for this purpose 
in comparison to other relative normalization meth-
ods. But due to some limitations this method was not 
applicable for the used data. First, a long time period 
between the images to be compared is not appropri-
ate for relative normalization (Yang & Lo 2000). 
Second, the inclusion of different sensors compli-
cates the relative normalization (Song et al. 2001) 
and third, in the area of investigation were no fea-
tures to be considered as pseudo invariant. Water 
surfaces, inselbergs and as well dense forests were 
tested to act as PIFs but they showed to be to vari-
able during the phenological stages of the year.  

Therefore an image based absolute atmospheric 
correction was conducted using the COST-Model by 
Chavez (1996). The COST-Model is a variation of a 
simple Dark Object Subtraction (DOS) which cor-
rects not only for the additive scattering effect of the 
atmosphere as a DOS would do but also for the 
multiplicative transmittance effect (Chavez, 1996). 
To perform the absolute correction the DNs were 

initially transformed to at-satellite radiances using 
the following equation for the ETM+ data: 

The TM data was transformed with this equation 
which is also as the one above presented in Lillesand 
and Kiefer (2000): 

The Gain was calculated using a formula of Thome 
et al. (1993) (given by Mather, 1999) which ac-
counts for the aging of the sensor. The values for the 
offset can be found in Mather (1999). 

Next, the at-satellite radiances must be converted 
to surface reflectances, correcting for solar and at-
mospheric effects. The general equation for this is 
given by Moran et al. (1992) and is: 

REF = Spectral reflectance of the surface 
LSAT = at-satellite spectral radiance for band n  
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TAUv = Atmospheric transmittance along the 
path from the ground surface to the sen-
sor.

d = relative Earth-sun distance in astro-
nomical units 

E0 = Exoatmospheric solar irradiance (W m
-2

sr
-1

 µm
-1

).
TZ = Solar zenith angle 
TAUz = Atmospheric transmittance along the 

path from the sun to the ground surface. 
Edown = Downwelling spectral irradiance at the 

surface
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Depending on the available information different 
simplifying assumptions to eliminate certain pa-
rameters must be made. A simple DOS would only 
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correct the additive path radiance (Lhaze) and ignore 
the atmospheric transmittance (TAUv, TAUz) and 
the downwelling spectral irradiance at the surface 
(Edown). Chavez (1996) proved that the atmos-
pheric transmittance is mostly dependable from the 
solar zenith angle and that the cosine of the solar ze-
nith angle is a good approximation of the atmos-
pheric transmittance along the path from the sun to 
the ground surface, i.e. TAUz can be set equal to the 
cosine of the solar zenith angle (cos(TZ)). Another 
simplification can be made for nadir viewing sensors 
like LANDSAT, as TAUv can be set to one. So 
merely Edown of the general equation above is ig-
nored by using the COST-Model and the multiplica-
tive effect of the atmosphere is included. After cal-
culating the surface reflectances the values were 
increased tenfold to obtain a more compressed data 
format. 

2.3 Selection of the used bands 

By computing PCA or CVA it is generally possible 
to use all bands. To achieve a better interpretability 
of the calculated direction of the change vectors and 
especially of the different components three bands 
were selected. This was performed calculating the 
Optimum Index Factor (OIF) for all possible band 
combinations between the three visible bands and 
the mid infrared in combination with the near infra-
red band. The equation presented by Jensen (1996) 
is: 

Sk = Standard deviation for band k. 
Abs(rj) = absolute value of the correlation coeffi-

cient between any two of the three bands 
being evaluated. 

The three band combination with the largest OIF 
was band 3, 4 and 5, i.e. these are the bands with the 
most information and with the least amount of du-
plication as measured by variance and correlation re-
spectively. Hence, band 3, 4 and 5 were used for the 
calculation of the PCA and CVA. 

3 CHANGE DETECTION 

Change Detection can be defined as “[…] the proc-
ess of identifying differences in the state of an object 
or phenomenon by observing it at different times” 
(Singh, 1989). Due to the possibilities of satellites to 
repetitive coverage of the same surface area at short 
intervals and consistent image quality change detec-
tion has become a major application of remotely 

sensed data (Singh, 1989; Mas 1999). Thereby 
change detection is used in different areas in which 
generally a monitoring of the environment to detect 
seasonal or permanent changes is important. But 
even if change detection is applied to the same area, 
it is necessary to use different methods as “an 
evaluation of results indicates that various proce-
dures of change detection produce different maps of 
change” (Singh, 1989). The used methods in this 
study, the PCA and the CVA, can both be assigned 
to the basic approach of the simultaneous analysis of 
multitemporal data. In contrast to the comparative 
analysis of independently produced classifications of 
satellite data for different dates (Singh, 1989). 

Every simultaneous analysis of multitemporal 
data have in common that they use techniques to 
highlight areas of change against the background of 
unchanged areas. To delimit the changed and un-
changed areas it is essential to determine a threshold. 
Yuan, Elvidge and Lunetta (1998) stated this process 
as “the greatest challenge to the successful applica-
tion of the change detection methods […]”. As there 
could be found a consistent procedure for both 
change detection methods to determine the threshold 
almost solely on image based information this pro-
cedure shall be presented in advance of the pre-
sented results of the PCA and CVA. Another reason 
for this is that after the application of a threshold to 
the chosen components and the magnitude of the 
CVA the results for every comparison of time are 
combined and analyzed in one image. 

3.1 Determination of thresholds 

The determination of a threshold is a common prac-
tice for the calculated change vectors and can for ex-
ample be found in Chen et al. (2003); Michalek et al. 
(1993) or Johnson and Kasischke (1998). The appli-
cation of a threshold to principal components is in 
contrast not widespread and is only mentioned by 
Mas (1999), Byrne, Crapper and Mayo (1980) and 
Fung and LeDrew (1988). But there is no reason for 
not using an threshold for principle components. If 
an image I(x,y) contains highlighted objects on a 
dark background, these objects can be extracted by a 
simple thresholding 

T is the threshold value (Singh, 1989). Often a stan-
dard deviation from the mean serves as a threshold 
(Jensen, 1996). Optimizations are found by manual 
trial-and-error procedures or empirical strategies 
dealing with multiples of the standard deviation 
(Fung and LeDrew, 1988). This usually requires a 
good knowledge of the area under investigation 
and/or reference data. Another disadvantage is that it 
is very time consuming and can only be done by an 
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experienced image analyst (Bruzzone and Prieto, 
2000). Therefore an image based method to deter-
mine the thresholds were implemented which leads 
to more comprehensible results and a greater objec-
tivity: By a visual comparison of the original image 
data 30 polygons for changed and unchanged areas 
were digitized for each comparison of time. This 
procedure was aided by the appropriate gray scale 
images of the PCA and the magnitude images of the 
CVA as well as some small samples of ground truth 
collected during field work in October of the years 
2000 and 2001. During this process it was paid at-
tention to an evenly distribution of the polygons 
over the entire area and a sufficient sample size. An-
other important point is that it was tried to include 
all of the occurred changes, i.e. the change of vege-
tation to agriculture, vegetation to settlement and 
vegetation to burned areas and vice versa. The iden-
tification of the changed and unchanged areas was 
relatively easy and did not demand high require-
ments to the image analyst. To determine the thresh-
old these testpolygons were clipped out of the ac-
cording principal components and magnitude 
images. This led to two subsets for every compari-
son of time and every method, one for the changed 
areas and one for the unchanged. In a next step the 
histograms of these subsets were examined. In four 
out of six comparisons it was then possible to deter-
mine the threshold by simply separating the two dis-
tributions visually (see figure 1). In the other two 
cases, where the samples were overlapping each 
other, the threshold was found by adding the twofold 
of the standard deviation of the unchanged areas. It 
was emanated from the unchanged areas because 
they were more easily to detect in the original im-
ages and they also showed rather a normal distribu-
tion. In the case of a real normal distribution one 
could be sure that 97.72% of the unchanged areas 
would be below the determined threshold (Krengel 
1991). 

Figure 1. Example for the visual determination of a threshold. 
Comparison of two histograms, generated by clipping the test-
polygons out of the 2nd PC of the comparison of time Decem-
ber 1991 & 2001. Left: Screenshot of the histogram of the un-
changed areas. Right: Screenshot of the histogram of the 
changed areas. The two outer lines in each image show the val-
ues which have been visually determined as upper and lower 
threshold. (Source: ERDAS IMAGINE® application, modi-
fied.) 

After the application of the thresholds a verification 
of the conducted method took place by testing the 
amount of pixels of the digitized polygons which 
were categorized correctly or incorrectly, respec-
tively. Therefore the overall accuracy as well as the 
Kappa-Index was calculated. The range of the over-
all accuracy was between 94.46% and 99.27%. The 
Kappa-Index constitutes between 0.86 and 0.98. It is 
remarkable that the lowest values were achieved 
when it was not possible to determine the threshold 
directly out of the histograms. Noticeable is also that 
the threshold found for the multitemporal compari-
son of the October images was in both cases very 
close to the value of one standard deviation from the 
mean, while the threshold values derived for the De-
cember comparisons differed a lot from this “stan-
dard threshold”. The reason for this is that the image 
information in the October scenes is mostly related 
to unchanged areas and therefore the changes can be 
found in the tails of the distribution. Due to the huge 
amount of areas related to the change from burned to 
vegetated areas and from vegetated to burned areas 
most of the image information of the December 
scenes is in contrast not related to a stable land use / 
land cover. Hence, the threshold is much closer to 
the mean, especially for the decennial comparison 
where in addition to the fire related changes also the 
long time period accounts for many changes. 

3.2 Calculation, interpretation and selection of 
principal components for change detection 

The Principal Component Analysis (PCA) is a tech-
nique of multivariate statistics and results in a linear 
transformation of the original information in the dif-
ferent bands (Singh and Harrison, 1985). Thus, 
every new linear correlation, the principal compo-
nents (PCs), accounts for the maximum variance of 
the original information. The first PC already con-
tains the biggest part of the original information and 
every successive component is orthogonal to the 
preceding one. The transformation of the multispec-
tral and / or multitemporal original bands leads to a 
new coordinate system in multidimensional vector 
space where the original information is displayed 
uncorrelated and compressed. 

The transformation can yield to a better interpret-
ability of satellite data (Singh and Harrison, 1985). 
PCA can also be used as a basis for further image 
processing, e.g. classification (Li and Yeh 1998). 
And finally it is possible to detect changes in 
multitemporal data with PCA (Byrne, Crapper and 
Mayo, 1980; Fung and LeDrew 1988). To perform 
change detection with PCA the selected bands (u.s.) 
of two compared dates are layerstacked to gain one 
multitemporal image. In a next step the covariance 
matrix is calculated which is needed to calculate the 
eigenvectors, i.e. the factors to transform the original 
information. After the transpose of the matrix the ei-
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genvalues, i.e. the variances of the components, can 
be output. With this parameters it is possible to cal-
culate the so called load, i.e. the correlation of each 
input band with each component (Jensen, 1996). By 
interpretation of the different parameters and espe-
cially the loadings it can be determined for what in-
formation the calculated components stands for. This 
evaluation led to the selection of one component for 
every compared dates. Subsequently a threshold was 
determined and applied. The explained procedure of 
interpreting the calculated parameters of the PCA 
and the resultant selection of a component for 
change detection shall be demonstrated with an ex-
ample. In the following tables the eigenvectors, ei-
genvalues and loadings for the comparison between 
December 1991 and 2001 are presented: 

Table 1. Eigenvalues for the PCA of December 1991 & 2001. 

PC1 PC2 PC3 PC4 PC5 

Eigenval-
ues 

57127.43 2083.08 520.45 186.72 159.76 

% of Vari-
ance

95.09 3.467 0.87 0.31 0.27 

Cumula-
tive 

95.09 98.56 99.42 99.73 100 

Table 2. Eigenvectors for the PCA of December 1991 & 2001. 

PC1 PC2 PC3 PC4 PC5 

TM 3 0.33 0.13 0.18 -0.64 0.651 

TM 4 0.41 0.35 -0.52 -0.41 -0.51 

TM 5 0.56 0.53 0.26 0.57 0.08 

ETM 3 0.14 -0.16 0.34 -0.07 -0.05 

ETM 4 0.35 -0.44 -0.63 0.31 0.42 

ETM 5 0.51 -0.60 0.34 -0.08 -0.37 

Table 3. Loadings for the components of the PCA of December 
1991 & 2001. 

PC1 PC2 PC3 PC4 PC5 

TM 3 0.984 0.076 0.053 -0.109 0.103 

TM 4 0.977 0.156 -0.117 -0.055 -0.063 

TM 5 0.982 0.176 0.044 0.057 0.008 

ETM 3 0.939 -0.196 0.210 -0.025 -0.016 

ETM 4 0.956 -0.231 -0.165 0.049 0.061 

ETM 5 0.973 -0.219 0.062 -0.009 -0.037 

As it can be seen in Table 1 the first PC already 
contains 95% of the variance of the original image in  

Figure 2. Comparison of the original images (band combina-
tion 4, 5, 3) and the gray scale image of the PC1. Upper left: 
TM scene, 13.12.1991. Lower left: ETM scene, 16.12.1991.  

formation. All original bands are highly correlated 
with the first PC (Table 2).  

Due to the solely positive eigenvectors (Table 3) 
the correlation is as well positive. The first compo-
nent contains a big part of the total information of 
the three used TM and ETM+ bands which can be 
seen in figure 2. 

Corresponding to the characteristics of PCA the 
second component contains the second most propor-
tion of the variance. In table 3 it becomes apparent 
that all three channels of the TM-image have less 
loadings then the corresponding bands of 2001. Fur-
thermore all three TM bands are positive correlated 
while the ETM bands show a negative association. 
How this properties of the second PC is reflected in 
the gray scale image is shown in figure 3. 

Figure 3. Examples for enhancements in the second PC. Top: 
Tm scene, 13.12.1991. Middle: ETM scene, 16.12.2001. Bot-
tom: Gray scale of PC 2. 

The upmost box shows an area of almost un-
changed vegetation. This area is in the second PC 
represented in mid gray. In contrast to that the left 
box shows an area of former dense vegetation which 
has undergone a change to degraded vegetation and 
agriculture. This is enhanced in the PC in a very 
dark tone. The third box represents an area which 
was vegetated in 1991 and has been burned in 2001. 
This is reflected in very bright tones in the PC. 
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In the third PC both bands of the near infrared are 
correlated negative, while all other bands are corre-
lated positive. Thus, every land use / land cover with 
a conspicuous reflectance in the near infrared is 
highlighted in dark tones. This is as well true for wa-
ter bodies with a low reflectance in the fourth band 
as for intact vegetation with a high reflectance in the 
near infrared. The fourth PC has low loadings in 
each band. Nevertheless it contains interesting in-
formation as the fourth and fifth bands are each 
loaded with opposite signs. Due to the greater differ-
ence between the middle infrared bands in compari-
son to the one of the fourth bands and the much 
higher load of the middle infrared band of 1991 in 
comparison to the load of the fifth band of 2001 
mainly areas of 1991 with a high reflection in the 
middle infrared are enhanced. This leads to an ac-
centuation of settlements; roads and fields, even if 
these areas have changed to a land use / land cover 
with a low reflection in the middle infrared in 2001.  
The fifth component which was the last one to be 
calculated showed like in all other analyseses no in-
terpretable information. 

Because of the explained interpretations of the 
different components the second PC was chosen for 
change detection and the application of a threshold. 
In addition to that the first, second and fourth PC 
were picked to perform a unsupervised ISODATA-
classification. The classification process led to eight 
classes which showed the from-to changes as dis-
played in table 4. 

Table 4. Legend of the classification of PCs for December 
1991 and 2001. 

Class name 

Land use / Land 
cover 1991 

Land use / Land 
cover 2001 

Percentage

Burned Burned 4,90 

Vegetation Burned 18,68 

Vegetation Settlement/Field 6,28 

Burned Vegetation/Field 10,13 

Vegetation Degraded Vegeta-
tion 

7,48 

Field Burned/Vegetation 4,76

Unchanged (Settlement/Roads/Inselbergs) 11,07 

Unchanged Vegetation 36,71 

The different classes showed a good separabiltiy 
but nevertheless there was confusion in some 
classes. The class which contains the burned areas of 
both dates contains also water surfaces, due to the 
low reflectances of these in the examined LAND-
SAT bands. The same problem is reported by Rich-
ards (1984). Further on it was not possible to sepa-
rate new settlements from agriculture properly as 
long as the comparison was done for December and 
harvested fields have nearly the same spectral profile 
as settlements. A regrowth on burned areas of 1991 
could also not be detected satisfactorily as it was not 
possible to separate vegetation from agriculture. 
Reasons for this can be seen in the small sizes of the 

fields which are often surrounded by different sa-
vanna types. Additionally trees are often used to 
shade the cultivations so there is not much differ-
ence in the spectral profile between cultivated fields 
and some savanna types. Unfortunately no real accu-
racy assessment could have been conducted as there 
exists no ground truth for the image of 1991. But the 
digitized polygons for this comparison of time were 
tested if they would have been categorized in a 
change or an unchanged class. The overall accuracy 
for this was 96,41% and a Kappa-Index of 0,91 was 
gained. 

3.3 Change vector analysis 

The existence of a change vector is the outcome of 
the presumption that a change of land use / land 
cover between to dates will result in changed pro-
portions between irradiance and reflectance. The 
vector which describes the magnitude and direction 
of the change is defined as the spectral change vec-
tor (Malila, 1980). The greater the change magnitude 
the higher is the possibility of a change. Usually the 
decision on changed is made based on whether the 
magnitude exceeds a determined threshold to ac-
count for noise or imperfect normalization (Chen et 
al., 2003; Johnsen and Kasischke, 1998). To deter-
mine the change direction mainly two approaches 
can be distinguished. The one uses geometrical or 
spherical steradians (Malila, 1980; Collins and 
Woodcock, 1996) and the other is coding the direc-
tions (Virag and Colwell, 1987; Michalek et al. 
1993). The latter is the one used in this analysis. A 
more detailed description of the different approaches 
can be found by Cohen and Fiorella (1998). The 
change direction is determined whether the differ-
ence of the pixel values between two dates is posi-
tive or negative. Thus, by n analyzed bands there are 
2

n
 possible combinations. In this case where three 

bands are used therefore eight combinations are pos-
sible which were sector coded as in Table 5. 

Table 5. Sector codes for the CVA. 

Code Band 3 Band 4 Band 5 

1 - - - 

2 - - + 

3 - + - 

4 - + + 

5 + - - 

6 + - + 

7 + + - 

8 + + + 

Source: Michalek, 1993. 

3.4 Results of the CVA and comparison to the PCA 

As it is not possible to discuss every conducted CVA 
for all dates in detail examples shall be given to 
demonstrate the possibilities and limitations of the 
used methods in comparison. Therefore the same 
subsets are compared as the ones in Figure 3 but 
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with the calculated change magnitude image (Fig-
ure 4). In comparison to the gray scale image of the 
PCA the magnitude image highlights as well the 
burned area of 2001 in bright tones which means a 
great change magnitude. The solely unchanged 
vegetation is also represented in mid gray and the 
values are consistently below the calculated thresh-
old. But the change from Vegetation to degraded 
vegetation and agriculture is even represented 
darker, i.e. has lower values than the unchanged ar-
eas. Therefore the problem of not detecting an obvi-
ous change can not be solved by adjusting the 
threshold. 

Figure 4. Comparison of the change magnitude and the input 
images. Top: TM scene, 13.12.1991. Middle: ETM scene, 
16.12.2001. Bottom: Gray scale of change magnitude. 

The reason for this is much more an effect of the 
imperfect atmospheric correction by the used COST-
Model. The TM image of 1991 contains a relative 
high proportion of haze which is not corrected ap-
propriate by the model. Due to Rayleigh scattering 
the third band is affected most which results in con-
stantly higher values of this band in comparison to 
the according band of the image of 2001. Hence, the 
change magnitude, especially for areas with changes 
which result in an increase in band three, is not high 
enough to be above the threshold. The PCA seems to 
be more robust to this atmospheric correction error 
as these differences are mapped to another compo-

nent than the selected one. But the comparison of the 
images sensed in October showed that the results of 
the PCA can as well be effected by noise. Here both 
methods detected changes which were not the source 
of substantial changes but of different moisture re-
gimes between the two dates. Anyway CVA de-
tected more subtle changes related to a degradation 
of the vegetation than the PCA in this case as can be  
seen in figure 5. As stated above the results of the 
CVA and the PCA were combined after the applica-
tion of the thresholds. This combination led to a 
change map with the following classes: 1. Detected 
as changed only by PCA. 2. Detected as change only 
by CVA. 3. Detected as change by PCA and CVA. 
4. Detected as unchanged by both methods. Both 
methods detected 80.15 % of the Upper Ouémé 
Catchement as unchanged and 9.65 % as changed. 
Assuming that the area categorized equally by both 
methods is classified correctly there is uncertainty 
for ~10 % where whether PCA or CVA detected 
changes. To evaluate the differences of the methods 
it was checked to which sector code the detected 
changes were categorized and therefore which kind 
of change is detected by which method. The result of 
this procedure for the comparison of the October 
images is given in figure 5. As it becomes apparent 
both methods reckon the changes mainly in the sec-
tors one, five and six. During the evaluation process 
the sectors one and five could be related to changes 
due to the different moisture regimes. In contrast to 
that the changes in the sixth sector (+,-,+) are related 
to a degradation of the vegetation. Therefore it is in-
teresting that only 6.35 %of the additionally detected 
changes of the PCA are mapped to the sixth sector 
while the additionally noticed changes of the CVA 
amounts 21,32 % in this sector.  

The evaluation of the comparison of the Decem-
ber images of 2000 and 2001 gave similar results. 
Here, PCA performed better in detecting the main 
changes which were related to fire. But the CVA de-
tected more subtle changes related to a loss of vege-
tation. 

3.5 Which method is to prefer? 

Unfortunately there is no simple answer to this ques-
tion but it must be considered in dependence of the 
application. The application of a threshold to one se-
lected component showed to be of value for detect-
ing the major changes. This was done better by PCA 
than the CVA did. The CVA therefore performed 
better in detecting more subtle changes. But due to 
the imperfect atmospheric correction of the image of 
1991 it could also be shown that the CVA is more 
sensible to noise, thus needing a very accurate cor-
rection of the images which is not always possible 
when there is no in situ data available or a relative 
radiometric correction can not be performed. The 
PCA is more robust to this kind of errors as long as 
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Figure 5.  Sector codes for the detected changes of the PCA and the CVA, October 2000 and 2001. 

this disturbances are mapped to other components. 
But this need not to be as it could be demonstrated 
for the comparison of the October images. Another 
limitation of the PCA is that it can not be stated in 
advance in which component the changes are en-
hanced. This can only be done by calculation of the 
loadings and interpretation of the components.  

Another disadvantage of PCA is that it is not pos-
sible to name the degree or the direction of change 
as the change magnitude and the change direction of 
the CVA does. This can be compensated by 
classification of selected components which also 
requires a interpretation of the different PCs in 
advance. Due to the incorporation of more than one 
component the results got more detailed and it was 
possible to label the from-to changes.  
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