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Abstract. The interpretation or classi� cation of multi-temporal satellite images
that share large portions of redundant information can generally be improved by
principal component analysis (PCA). A shortcoming of PCA is that the spatial
structure of the images is ignored. Spatial variability often consists of several
nested levels of variance and their blending could mask information that is
dominant at a speci� c level or spatial scale. Factorial kriging (FK) is a geostatist-
ical technique that allows the � ltering of spatial components identi� ed from nested
variograms and is here used to extract scale-dependent information from satellite
images prior to PCA. The bene� t of this geostatistical pre-processing of multi-
temporal images is investigated using a winter sequence of eight European Remote
Sensing (ERS 1/2) Synthetic Aperture Radar (SAR) images. Each image was
processed by FK to isolate the variation present at a ‘regional’ scale (between
289 and 700 m) prior to a PCA of the � ltered images. Compared to an earlier
study where PCA was performed on the original images, � ltering enhanced the
relation between the � rst three principal components and land characteristics
associated with topography, soil drainage conditions and land use.

1. Introduction
The study of multi-temporal satellite images allows one to investigate the spatial

variability and temporal dynamics of the physical and biological factors in� uencing
the registered signal. To improve the interpretation of a series of images that contain
a large proportion of redundant information, multivariate statistical techniques, like
PCA, are commonly used (Richards 1986). A shortcoming of these techniques is
that the structure of the spatial (or temporal) variation of the controlling factors is
ignored. Nevertheless, land characteristics like landform, soil and vegetation, often
display some degree of spatial autocorrelation, re� ected in the satellite images.
Moreover, multiple levels of autocorrelation may exist, each acting at a diVerent
spatial scale, and their identi� cation would allow one to focus on any particular
scale, i.e. to � lter out all other contributing levels from the signal. Principal compon-
ent analysis of the � ltered images would possibly improve their interpretation.
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Factorial kriging FK is a geostatistical method developed by Matheron (1982) to
decompose a signal into diVerent spatial components on the basis of a nested
variogram model. It has been shown that FK in the spatial domain is equivalent to
spectral analysis in the frequency domain (Galli and Sandjivy 1985). Although the
application of FK is not new to earth sciences (e.g. Galli et al. 1984, Wackernagel
1988, Goovaerts 1992), it was rarely used to investigate multi-temporal remotely
sensed images. Two exceptions are the work by Ma and Royer (1988) on image
restoration, � ltering and lineament enhancement by factorial kriging, and an analysis
of sonar images by Wen and Sinding-Larsen (1997).

The major objective of this paper was to investigate whether performing FK
prior to PCA would improve the interpretation of multi-temporal images. The
approach was illustrated using the data presented in a recent paper by Verhoest
et al. (1998), who analysed a winter sequence of eight SAR images taken by ERS 1
and 2 satellites, summarizing the information contained in the SAR images into
three principal components (PCs). They showed that these three PCs could be related
(in decreasing order of explained variance) to the local incidence angle calculated
from a digital elevation model, the soil drainage conditions derived from a soil map,
and a land use and land cover image obtained from a classi� ed Landsat image.

2. Theory
2.1. Nested variation

The structure of spatial variation of observations z of a random function Z is
commonly described by the semivariance c, estimated as (Goovaerts 1997):

c*(h)=
1

2n(h)
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+h)]2 (1)

where n (h) is the number of pairs of observations made at locations x
a

and (x
a
+h),

separated by a vector h. The plot of c*(h) versus h, called a variogram, describes the
spatial variation in terms of magnitude, scale and pattern. Variograms of remotely
sensed images were � rst calculated by Curran (1988) and Woodcock et al. (1988 )
and have been frequently encountered in literature since then.

Whenever measurements are taken over a large area, as it is the case with the
SAR images used in this study, several, say L +1, levels of variation could be
encountered, leading to so-called nested variograms that display diVerent structures
(e.g. diVerent ranges of spatial dependence) . Variograms are thus modelled as the
sum of L +1 basic variograms, each corresponding to a distinct spatial structure:
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where b
l

is the variance of the corresponding basic variogram model g
l
(h).

Conventionally, the variance corresponding to l=0 is called a nugget and represents
the spatially unstructured part of the total variance. Based on the linear model of
regionalization (equation (2)), the random function Z (x) can be decomposed into a
sum of (L+1) independent random functions, called spatial components, and its
local mean m(x):

Z(x)= æ
L

l= 0

Z
l
(x)+m(x) (3)

where Z
l
(x) is the lth spatial component corresponding to the variogram model g

l
(h).
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2.2. Factorial kriging
Factorial kriging is a variant of kriging that aims to map each spatial component

individually, which amounts at � ltering out the L other components. The estimator
of the lth spatial component of variable Z at location x

0
is (Goovaerts 1997):

Z*
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a= 1
l
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a
) (4)

with n the number of neighbouring observations around x
0

involved in the estimation,
each receiving a weight l

a,l
. Because the available observations z (x

a
) contain the

contributions of all L +1 components which are considered mutually independent,
only the contribution of the lth component must be taken into account in the right-
hand side term of the kriging system. Moreover to ensure unbiasedness and provided
the variogram model g

l
(h) is bounded (stationary case), the kriging weights l

a,l
must

sum to zero, and not to one as in ordinary kriging (Wackernagel 1998, p. 114). This
leads to the following kriging system for the lth component:
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where w
l

is the Lagrange multiplier for the lth component. This system of n+1
equations must be solved to � nd the n weights l

a,l
that are then inserted into

equation (4) to estimate the lth spatial component of variable Z at location x0 . The
operation is repeated for all locations where such a decomposition is required.

For remotely sensed images the number of observations (pixels) around x
0

is
typically large. Hence, when one wishes to estimate a large-scale component, the
closest pixels could screen the more distant ones. As a result, the size of the search
neighbourhood that actually contributes to the estimate can be much smaller than
the range of the component to be estimated (Goovaerts and Webster 1994). To
overcome this problem encountered during the reproduction of large-scale features
we used Jaquet (1989)’s procedure that consists of adding the local mean m (x0 ) to
the long-range component z*

(L+ 1)
(x0 ). The latter is estimated as:
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The weights, l
a,m

, used to derive the local mean can be obtained by solving the
following kriging system (Goovaerts 1997):
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2.3. Principal component analysis
Principal component analysis of a set of p images generally aims to summarize—

and hopefully improve the interpretation of—the available information by a few, say
k, new images that are orthogonal linear combinations of the original images, referred
to as PCs. The analysis requires the computation of the eigenvalues and eigenvectors
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of the variance–covariance matrix (or the correlation matrix) of the p images. The
eigenvectors determine the directions of maximum variability while the eigenvalues
specify the variances of the vectors. The mathematical details of PCA can be found
in standard textbooks (e.g. Johnson and Wichern 1992).

The � rst principal component ‘explains’ the largest part of the total variance
included in all p images, the second component the second largest part, etc. The
larger the correlation between the p images, the fewer the k components required to
explain a large part of the total variance of the original images. For this reason,
PCA is a common method to improve the interpretation and classi� cation of multi-
spectral or multi-temporal satellite images (Richards 1986, Lillesand and Kiefer
1994). Principal component analysis has been used on multifrequency SAR images
by Lee and Hoppel (1992) and on multi-temporal images by Henebry (1997) and
Verhoest et al. (1998 ).

3. SAR images
Active microwave (radar) signals have the advantage of having a penetrating

power and their degree of backscatter depends on their interaction with surface
roughness, soil moisture (depending on the dielectric constant of the soil ) and
vegetation (Ulaby et al. 1982). Research has thus been conducted to investigate the
use of use radar backscattering to obtain information on soil moisture patterns,
either through direct inversion of the obtained signal (e.g. Lin et al. 1994) or through
a multi-temporal processing of several images (e.g. Gineste et al. 1998 ).

We obtained eight SAR images already pre-processed, i.e. georeferenced, calib-
rated and Gamma MAP (Lopes 1990) speckle � ltered, as described in detail by
Verhoest et al. (1998). These images were taken from the Zwalm catchment ( located
in the centre of Belgium) during the winter of 1995–1996 by the ERS 1 and 2
satellites put in a ‘tandem-phase’ at a nominal altitude of 785 km. This resulted
in four pairs of ERS 1/2 images observed at an exact time interval of 24 h. These
image pairs were taken on 31 October/1 November 1995, 5/6 December 1995,
13/14 February 1996 and 19/20 March 1996. In the subsequent text we will identify
these images chronologically as I1 to I8 and we will refer to them as the original
images. The SAR was a C band (5.3 GHz) working in vertical–vertical polarization
with a pixel size of 12.5 by 12.5 m resampled to a resolution of 30 m by 30 m.

4. Results
4.1. T ransformation

Methods based on second-order moments of distributions, like PCA, are sensitive
to skewed data. Since the digital numbers of the SAR images were found to be
highly positively skewed, the images were logarithmically ( ln

e
) transformed and all

subsequent analyses were carried out on these transformed data.

4.2. Variograms
Directional variograms (E–W, NE–SW, N–S and NW–SE) were calculated (equa-

tion (1 )) for all eight transformed SAR images. Only small diVerences were found
between these four major directions, and the remaining analysis was performed on
the omnidirectional variograms. The variograms of the eight images were very similar
and therefore the same set of basic models was � tted to all eight variograms using
a weighted least-squares regression. The model consisted of a nugget component
and two nested exponential models (equation (2)):
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d g0 (h)=0 if h=0; g0 (h)=1 if h>0;

d g1 (h)=1 expA  3h

a1 B if h>0;

d g2 (h)=1 expA  3h

a2 B if h>0

where the practical ranges a1 and a2 are equal to 289 m and 700 m respectively. The
coeYcients b

l
(equation (2)) are listed in table 1 and the corresponding eight vario-

grams are shown in � gure 1. The high degree of similarity between all variograms
suggests a dominance of similar features on the backscattering at all recorded dates.
Note as well that despite the images have been � ltered for speckle, the nugget
variance is still considerable: between 13.9 and 27.0% of the total variance of the
images (as can be calculated from table 1).

4.3. Factorial kriging
FK was performed on all eight images isolating each of the three spatial compon-

ents (nugget, local and regional). Figure 2 shows the original SAR image I1, together
with images of its decomposed nested structures. The image of the � rst structure (b)
reveals an uncorrelated ‘salt and pepper’ pattern, which can be largely identi� ed as
the remaining noise after speckle � ltering. The second structure (c) shows features
displaying some continuity at a detailed scale (<289 m), which we term ‘local’, but
it is unclear which characteristics these represent. The image of the third structure
(d ) (289 to 700 m), termed ‘regional’, shows indications of larger scale land character-
istics, like communities and forested areas. However, their identi� cation remains
unclear. We therefore proceeded with PCA of the eight images of the regional
structure.

4.4. Principal component analysis of the regional structure
The eight images of the regional structure were subject to PCA. This analysis

was performed on standardized variables (i.e. based on the eigenvalues and eigenvec-
tors of the correlation matrix) to eliminate diVerences in the average digital numbers
caused by the calibration of the images. The � rst PC accounted for 96.4% of the
total variance, the second for 1.51% and the third for 0.74%. These results indicate

Table 1. CoeYcients b
l

of the � tted linear model of regionalization to the eight variograms
of the logtransformed SAR images.

Image b0 b1 b2

I1 0.0117 0.0375 0.005576
I2 0.0120 0.0361 0.004265
I3 0.0113 0.0274 0.004810
I4 0.0118 0.0275 0.004333
I5 0.0089 0.0432 0.011886
I6 0.0101 0.0324 0.010562
I7 0.0091 0.0390 0.007477
I8 0.0099 0.0375 0.006571
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Figure 1. Omnidirectional experimental (dots) and theoretical (solid curves) variograms of
the eight original SAR images (I1 to I8).

the large portion of redundant information present in the SAR images on a regional
scale. The images of the � rst three PCs obtained in this way are shown in � gures 3(b),
4 (b) and 5(b), together with the � rst three PCs obtained from the original images
(� gures 3(c), 4(c) and 5(c)).
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(a)

(c)

(b)

(d)

Figure 2. Original SAR image I1 (a) and its decomposition by FK into three structures:
(b) nugget; (c) local; (d) regional.

4.5. Physical land characteristics
The � rst three PCs of the SAR images could be linked to three land characteristics:

d the local incidence angle (which was the same for all images) as calculated
from a digital elevation model of the catchment area, representing its
topographic slopes;
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Figure 3. Images of (a) local incidence angle, (b) � rst PC of the regional structure and
(c) � rst PC of the original SAR images (Verhoest et al. 1998). The river network was
added as reference (black). The colour scale was de� ned diVerently on each image to
obtain the best comparable colour composition.

d classes of soil drainage conditions, representing average soil moisture
conditions during the winter period;

d classes of land use and land cover, representing the average vegetative cover
during the observation period.
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Figure 4. Images of (a) grouped drainage classes, (b) second PC of the regional structure and
(c) second PC of the original SAR images (Verhoest et al. 1998). The colour scale was
de� ned diVerently on each image to obtain the best comparable colour composition.

The � rst PC of the regional structure (� gure 3(b)) is very similar to the image of
the local incidence angle (� gure 3(a)), highlighting the dominant eVect of topography
on the SAR signal. Slopes oriented towards the satellites have a smaller local
incidence angle than those on the opposite sides of the valleys. Consequently their
backscattering will be larger on all images. The clear improvement obtained by
isolating the regional structure versus the � rst PC of the original SAR images
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Figure 5. Images of (a) grouped land use and land cover classes, (b) third PC of the regional
structure and (c) third PC of the original SAR images (Verhoest et al. 1998 ).

(� gure 3(c)) re� ects the regional scale at which the topography in� uences the radar
signal.

Figure 4 compares the second PCs, obtained with and without FK � ltering, with
a rasterized image of the drainage classes extracted from the Belgian soil map
(original scale: 1:20 000). The soil map legend indicates nine drainage classes within
the Zwalm catchment, but we combined these into � ve categories to obtain more
clearly distinguishable groups. Table 2 de� nes the groups of drainage classes in terms
of winter water table conditions, since the SAR images were taken during the winter.
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Table 2. De� nitions of the groups of soil drainage classes in terms of winter water table
conditions.

Average winter water
Group no. Drainage classes table depth (cm below surface)

1 b >125
2 A >50
3 c 80–125
4 d and D 50–125
5 e, h, f and g 0–50

The driest soils (group no. 1) cover 36.9% of the watershed, whereas the wettest
soils (group no. 5) cover 9.9%. The soils with the poorest drainage (groups 4 and
5) are mainly located along the river network and in the valleys. A similar pattern
can be observed on the image of the second PC of the regional structures (� gure 4(b)),
and less clearly on the image of the second PC of the original images (� gure 4(c)).
This result supports the � ndings of Verhoest et al. (1998) who reported a relationship
between soil moisture behaviour on a catchment scale and the second PC of the
SAR images. Urban areas (see � gure 5(a), indicated as ‘no data’ on � gure 4(a)) were
not mapped by the soil surveyors, but they show up very clearly on the second PC
of the regional structure.

The third PC was compared to a land use and land cover image (� gure 5(a))
obtained from a supervised classi� cation of a Landsat image taken on 12 October
1994. Ten classes of land use and land cover were originally identi� ed, but they were
grouped into four classes: agriculture, forest, urban and water ( listed in declining
order of spatial extension). Similarly to soil moisture conditions, typical backscatter-
ing will appear when land use remained consistent during the observed period, which
is realistic during the winter season. Generally, the third PC shows some similarity
with land use, suggesting some in� uence on the SAR backscattering. In particular,
the forests in the south of the catchment were clearly reproduced on the image of
the third PC of the regional structure. Variations remain, however, especially for
agricultural areas, which may be due to the small dimensions of parcels (on average
about 1.5 ha) encountered in the catchment. Because of the presence of large diVer-
ences in vegetative cover on agricultural land (from bare to permanent pasture) , the
detection of these parcels is diYcult on the PC extracted from the images of the
regional structure. Therefore, we repeated PCA on the combined images of the local
and regional structures (thus � ltering only the noise). Because the visual discretization
of land use and the relationship with ground measurements (see §4.6) were not
improved, further discussion is restricted to the PCs of the regional structures.

4.6. Quanti� cation of the relationships
The closeness of two images was assessed by the coeYcient of determination r2

and assessment of the similarity of the variograms as follows.

d The coeYcient of determination r2 (Wonnacott and Wonnacott 1990) measures
the strength of the relationship on a pixel-by-pixel basis. This coeYcient was
obtained either from regression analysis when two quantitative images were
compared, or by an analysis of variance when one of the images was categorical.
r2 is the ratio of the explained sum of squares to the total sum of squares and
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so represents the proportion of the total variation accounted for by the
regression or classi� cation.

d The similarity of the variograms of both images describes the patterns of spatial
variation. We standardized the experimental variograms to a common sill to
facilitate their comparison, since there is no measure available to quantify
similarity between variograms (Boucneau et al. 1998 ).

The r2 between the local incidence angle and the � rst PC of the regional structures
(� gure 3) was 0.251 (table 3), which is considerably higher than the r2 of 0.079
obtained when the local incidence angle was compared with the � rst PC of the
original images. To investigate the eVect of the logarithmic transformation, PCA was
performed on the logtransformed SAR images without FK � ltering, yielding a r2 of
0.122 between the � rst PC and the local incidence angle. This result indicated the
importance of reducing the skewness of the histograms of digital numbers before
proceeding with methods based on second-order moments, but it also suggested that
the major gain resulted from FK � ltering. In absolute terms an r2 of 0.251 is still
rather small, but � gure 3 shows the strong visual similarity between both images.
The limitation of r2 is its calculation on a pixel-by-pixel basis, which amounts to
ignoring any spatial correlation between neighbouring observations, although this
feature is responsible for the strong visual resemblance between both images. Hence,
it is worth including a measure of spatial structure, such as the variogram, into the
comparison.

The r2 between the second and third PCs and the soil drainage classes and land
use classes respectively, also increased when the SAR images were � ltered to isolate
regional structure (table 3). However, the values remain very low, notwithstanding
the observable similarities (� gures 4 and 5).

The experimental variograms of the local incidence angle displayed strongly
anisotropic behaviour (� gure 6(a)) with the slowest increase in spatial variability
along the NE–SW direction. The steepest increase was found in the E–W and
NW–SE directions. Such an anisotropy corresponds to the preferential orienta-
tion of the valleys to the NE–SW that causes less variation of the local incidence
angle over short distances in this direction. A similar anisotropy was found for
the directional variograms of the � rst PC of the regional structure (� gure 6(b))
whereas the spatial pattern of the PC of the original images (� gure 6(c)) was
direction-independent.

Since the soil drainage and land use maps are categorical, equation (1) cannot
be used directly to characterize their spatial variability. A prior coding of each pixel

Table 3. CoeYcients of determination (r2 ) between the land characteristics and the images
of the diVerent analyses.

PCs obtained from the PCs of the images of the regional
original SAR images structure obtained by FK

PC 1
Local incidence angle 0.079 0.251

PC 2
Drainage classes 0.025 0.062

PC 3
Land use classes 0.021 0.050
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Figure 6. Four-directional experimental variograms of the images of (a) local incidence angle,
(b) � rst PC of the regional structure and (c) � rst PC of the original SAR images.
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x
a

into an indicator of the presence or absence of the diVerent categories is required
(Goovaerts and Webster 1994, Lark and Beckett 1998). Suppose that there are K
categories c

k
(k=1, .. . , K) within an image, then each location x

a
is coded into a

vector of K indicator values de� ned as:

i(x
a
; c

k
)=G1 if x

a
µc

k
0 otherwise

k=1, ..., K (8)

The probability, p (h), that two pixels, separated by h, belong to diVerent categories
is calculated by:

p(h)= æ
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) i(x

a
+h; c
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)]2H (9)

This function is also called the sum of indicator variograms (SIV).
We calculated the SIV of the soil drainage map (� gure 4(a)) and compared it

with the variograms of the second PC of the regional structure (� gure 4(b)) and of
the original SAR images (� gure 4(c)). All these variograms were isotropic and they
were standardized to a common sill to facilitate their comparison (� gure 7). The
variogram of the PC of the regional structure much more closely resembled the SIV
of the soil drainage map, suggesting some degree of spatial similarity between both
images, notwithstanding the small r2. The variogram of the second PC of the original
SAR images diVered more signi� cantly from the SIV of the soil drainage classes: it
had a much larger nugget and a nested structure with a very short � rst range.

The standardized SIV of the land use map (� gure 5(a)) is shown in � gure 8,
together with the standardized omnidirectional variograms of the third PC of the
regional structure (� gure 5(b)) and of the original SAR images (� gure 5(c)). None of
the two PC variograms looked like the SIV of land use classes, except for the nugget
eVect that was more similar for the regional structure. This indicates that at least

Figure 7. Omnidirectional SIV of the soil drainage classes, omnidirectional variograms of
the second PC of the regional structure and of the original SAR images, all standardized
to a unit sill.
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Figure 8. Omnidirectional SIV of the land use classes, omnidirectional variograms of the
third PC of the regional structure and of the original SAR images, all standardized to
a unit sill.

the noise was successfully removed by FK, but that the spatial patterns of land use
could not be satisfactorily described.

5. Discussion and conclusions
The histograms of the eight SAR images were strongly positively skewed, calling

for a logarithmic transformation to reduce the in� uence of extreme values. The
variograms of the images were all very similar with a large nugget variance. Two
nested spatial structures with ranges of 289 m and 700 m were identi� ed. FK was
used to � lter the nugget and the � rst nested structure, yielding maps of the regional
structure (to which the local mean was added). A PCA of these � ltered images
indicated that the � rst PC contained the majority of information (96.4% of total
variance) while the second and third PCs accounted only for 1.51 and 0.74%
respectively. So, the multi-temporal images were found to be very similar, both in
their information content and in their spatial structure.

For the � rst PC, a strong visual relationship with the local incidence angle,
representing topography, was con� rmed by an r2 of 0.251, whereas it was 0.079
when no decomposition was conducted and 0.122 when only a logtransformation of
the digital numbers was performed. Moreover, a comparison of the variograms
indicated that the anisotropic behaviour of the local incidence angle was largely
reproduced by the PC of the regional structure, but not by the PC of the original
images. This result con� rms the improvement quanti� ed by r2 , but also suggests
that � ltering by FK strengthens the spatial relationship (in terms of spatial continuity)
between the SAR signal and topography.

Some analogy could be visually observed between the second PC of the regional
structure and the soil drainage map, providing information about the average soil
moisture status. Although the r2 increases after � ltering, it remained very small
(0.062). However, a comparison of the SIV of the soil drainage classes with the
variograms of second PCs of the � ltered and original images indicated a stronger
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spatial similarity for the regional structure, suggesting that the sequence of SAR
images captured the dynamics of soil moisture throughout this winter period better
on a regional scale than at a � ner resolution. Additionally, urban areas were most
clearly observed on the image of the second PC.

The relationship between the third PC of the regional structure and the land use
map (vegetation cover) was less apparent. The r2 increased by FK � ltering but
remained very small (0.050). This improvement was not clearly con� rmed by the
variogram comparison. It seems that the impact of land use and land cover is not
restricted to a single spatial scale, although the noise � ltering enhanced the similarity
with the nugget of the SIV of land use classes.

In summary, we have shown that geostatistical methods, like FK and variogram
analysis, which are based on the explicit quanti� cation of the spatial dependence
within images, can improve the extraction of information from multi-temporal SAR
images. Further research is, however, needed to enhance the ability of multi-temporal
SAR images to predict land characteristics.
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