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ABSTRACT: It is known that the SAR signal is influenced by several landscape
features and by the soil moisture. In this paper we investigated the dependency of the
topography and the soil roughness as landscape features and the dependency of the
polarization and the wavelength as sensor variables. The study area is a mountain region
with a humid temperate climate and semi-natural vegetation. The surface roughness
(stoniness) is caused by natural erosion processes accelerated by wildfires. In order to
characterize the soil roughness we used two methods: defining four qualitative classes
digitalizing samples manually over ortophotos and obtaining the roughness parameters
in the field for these classes. The roughness variables measured in the field are the
average stones height, the r.m.s. (h) and the average distance between each stone (l or
the correlation length). From them, the roughness parameter proposed by Zribi and
Dechambre (2002), Zs=h2/l, has been calculated too. The results show that the SAR
signal (in Digital Number, DN) can be modeled, for all the images and all the classes, as
a power law of the type: DN ¼ a#b. The b parameter depends on the wavelength, the
polarization and the roughness. The a parameter is independent of the wavelength and
the roughness, but depends on the polarization.

1 INTRODUCTION

It is known that the SAR backscatter coefficient (so) is influenced by several landscape
features and by the soil moisture (mv). The most studied landscape variables are the
topography (characterized by the local incident angle, q, between the surface gradient and
the sensor look angle), the surface roughness (generally characterized by root mean square
height of surface, h), the vegetation cover (v) and the dielectric constant of the surface (e).
Besides, the SAR sensor causes two variables more, the polarization (p) and the
wavelength (l). So, following to Goyal et al. (1999), the SAR signal can be expressed as:

so ¼ f (q, h, v, e, mv, p, l) (1)

As it means impossible to find a simple equation for all this variables the most of the
authors have studied them separately, or in sets of two or three of them, maintaining
constant the rest. So, the most usual equations with respect to the topography use
trigonometric functions for # (Kellndorfer et al., 1998; Rauste, 2005).

491

New Developments and Challenges in Remote Sensing, Z. Bochenek (ed.)

�2007 Millpress, Rotterdam, ISBN 978-90-5966-053-3



Surface roughness has been studied usually in relatively flat areas and with regular
condition of h and l (for example, in agricultural fields, without vegetation; l is the
correlation length or distance between height maximums). For example, Zribi and
Dechambre (2002) propose a new roughness parameter, Zs=h2/l, and find that the SAR
backscatter coefficient is dependent of it.

The rest of the parameters are usually studied combined with q and/or some
roughness variable. So, Zribi and Dechambre (2002) propose also a model of so in
function of Zs and mv . Paloscia et al. (1999) study the relation between the radar signal
at different p and l with h, mv and vegetation biomass. Sun et al. (2002) propose in
forested mountain areas so =a (cos q)b where a and b are polarization dependent (larger
for HH than for HV). The model of Goyal et al. (1999) is: so=k+a1q+a2h. Dubois et al.
(1995) find for bare soils the models (one for HH and another for VV) with more
variables (q, h, e, l).

In conclusion, there are many models, but each one with different variables and for
very different zones. In this work we investigated a model of so in function of q and the
roughness as landscape features and in function of p and wavelength l as sensor
variables. The objective final will be, in further works, to find a way to extract the
roughness of the SAR data.

2 STUDY AREA

The study area (Figure 1) is located in the north face of the Cantabrian mountain range,
in Asturias, in the NW of Spain (Atlantic zone of the Iberian Peninsula). Asturias is a
mountainous region near the Cantabrian Sea with a humid temperate climate. The mean
value of annual precipitations of the study zone is 1500–1700 mm, with the monthly
maximum in February (>200 mm) and the minimum in August (40–60 mm). The mean
annual temperature is 8–108C (Fernández-Álvarez, 1996).

The study area shows a relief caused by the alpine orogeny and the subsident
downcutting of the hydrographic network. In general, the landscape of the area is
characterized by large and flat surfaces which culminate the highest ranges and long and
steep hillsides which flank very downcutting rivers. The highest zones reach an altitude
of 1600 m, but this drops down to 350 m, which is the average altitude for valley floors.
The difference in altitudes produces long and steep hillsides. The average length of
hillsides in the study area is 1000 m and the average slope angle is 248. As a general
characteristic of the morphology of the hillsides we highlight the existence of very long
and straight stretch without any upper convexity or basal concavity.

From the point of view of the regional geology the study sites belong to Zona Astur
Occidental-Leonesa (ZAOL) which is one of the internal areas of the Variscan mountain
range (Lozte, 1957). The geologic substratum is made up mainly of quartzites and
sandstones of the Ordovician Serie de los Cabos. Very sandy and stony soils rich in raw
organic material develop over these rocks. In addition, they are quite thin and have
evolved very little; they are Leptosol and Regosol type soils. In the entire study site there
are wide soilless areas composed of rocky outcrops and deposits of quartzitic clasts.

In terms of vegetation, the study area is situated in the Orocantabric biogeographical
province. The natural vegetation is distributed according to bioclimatic layers and
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corresponds to pyrenean oak, cork oak, oligotrophic durmast oak, oligotrophic beech
and silver birch. However, most of the terrain has been deforested for many decades and
even centuries by farming and mining use, and has undergone intense degradation due to
wildfires. In the draft demographic map of 1862 the vegetation cover is very similar to
that of the present day, with large areas of heath, gorse, heather, broom, screes and mixed
oligotrophic copses with durmast oak, silver birch and in the areas around the villages,
chestnut trees, open fields and pasture lands.

In the humid climate which prevails in the study area, the forest cover is unbroken
and protects the soil from the effects of run-off, the impact of raindrops, solar radiation,
etc. The vegetation cover units of the area play a different role in protecting the soil.
Nevertheless, after a high-intensity wildfire, the vegetation cover disappears and the soil
is exposed to the effects of rainfall and others external geomorphologic agents. Also,
steep slopes contribute to the intense soil erosion processes in the region. This study is
focused on the deforested zone due to high soil vulnerability.

In many areas where the vegetation cover has been notably deteriorated, many soil
erosion forms have developed: surface stoniness, terraces, rills and shallow slides.
Surface stoniness has been considered in this paper as indicator of the erosive state of the
soils. An initial assessment, based on several field studies (Fernández et al., 2005),
enables us to maintain that the distribution of the forms of erosion is related to the
lithology and wildfires.

3 DATA

3.1 SAR data

In this project we have used several SAR images of the JERS, ERS and ENVISAT
satellites, which differ in date, in wavelength, in look angle (respect to the zenith), in
descending and ascending passes and, in the case of the ENVISAT, in polarizations. The
Table 1 resumes these SAR data, all of them covering the study area. In all the cases, the
descending passes observed the east face and the ascending passes the west face.
Besides, all were geocoded to a 12.5�12.5 m pixel size.

Figure 1. Localization of the study area used in this work.
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3.2 Cartographic data and its use

The SAR images were geometrically corrected according to the UTM projection system
coordinates, using a variable number of control points, depending of the complexity of
the image. The (X,Y) coordinates of these control points was taken using the rivers
curvatures and crosses from the 1:25 000 Thematic Cartography of the Principality of
Asturias (TCPA). For the Z coordinate a DEM raster (12.5 m pixel size) was used,
extracted from the 1:5 000 Topography Map of the Principality of Asturias (TMPA).

Due to the high relief, the most notable visual effect after the registration of the images
is the lengthening and the repetition of pixels in the zones shortened in the original images.
Besides, there is an important effect of illumination due to the topography, which will be
studied in the section 4.

Also, from the TCPA we have extracted the principal vegetation units useful for this
work: forest, thickets, cultivations & pastures and screes. They were used to eliminate
the forest and the cultivations & pastures from our study area (the variable vegetation
cover is not analyzed; moreover both classes have a low susceptibility to soil erosion as
consequence of forest fires).

In order to characterize the different erosive states of the soils in the studied zone we
have realized a cartography digitalizing manually samples over 1: 5 000 ortophotos of
the Principado de Asturias. The classes considered are, in an increasing order of soil
roughness as indicated by the surface rock content: 1) without stones in surface, 2) with
some stones in surface, 3) with many stones in surface and 4) talus scree. All the classes,
except 4, have very deteriorated and disperse thicket, so we assume that its contribution
to the SAR signal is insignificant. A sample of these classes in the field can be seen in the
Figure 2.

3.3 Field data

The field soil moisture over the classes considered was measured using a portable
moisture measurement instrument TRIMER-FM, which calculate TDR (Time-Domai-
Teflectometry) level to assess the electrical conductivity of the soil material. The
measurements were simultaneous with the ENVISAT passes over the study zone. 7
samples were collected at each of 8 example plots in the study area. The moisture is
distributed homogenously in the area but there are differences among the days. The
average moisture is 19%, being the driest day the 11 of October (10%) and the most
humid the 16 of November (31%).

Table 1. SAR data used in this work (D=Descending pass, A=Ascending pass, W=West, E=East).

Satellite Date Band [l(cm)] a (8) Polarization Pass Face

ERS 13.Aug.97 C (5.7) 22.96 VV A W
JERS 16.Aug.97 L (23.5) 39.11 HH D E
ENVISAT 25.Sep.05 C (5.7) 35.66 HH-HV A W
ENVISAT 26.Sep.05 C (5.7) 32.92 VV-VH D E
ENVISAT 11.Oct.05 C (5.7) 32.84 VV-VH A W
ENVISAT 16.Nov.05 C (5.7) 35.73 HH-HV D E
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In order to extract some parameter of soil roughness in the field, we have chosen 10
test parcel of 2� 2 m representative of the considered classes (as the class 1 does not
have stones in the surface we use a class intermediate between the 1 and 2 class, the class
1.5). In each one of these parcels the height of each stone has been measure, so we finally
obtained 3 variables: the average stones height, the r.m.s. (h) and the average distance
between each stone (l or the correlation length). The average values are shown in the
Table 2. From the obtained h and l, the roughness parameter proposed by Zribi and
Dechambre (2002) , Zs=h2/l, has been calculated too. We expect to improve these data in
a next future, from a very high resolution DEM (1–2 mm pixel size) obtained with a field
scanner laser.

Figure 2. Classes of different erosive states as seen in the field (class 1, 2, 3 and 4, respectively,

for upper left, upper right, lower left and lower right image).

Table 2. Different roughness parameters obtained in the field for each class.

Class Stone heigh (cm) h (cm) l (cm) Zs (cm)

1.5 4.5 2 35 0.11
2 5.5 3 22 0.41
3 10 5.5 26 1.16
4 19 7.5 21 2.68
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4 ANALYSIS AND RESULTS

The ERS image, with a a= 22.968, resulted useless for our study areas due to excessive
foreshortening and overlaying effects.

The influence in the SAR signal of several variables: topography ð#Þ, roughness
(qualitative classes (from 1 to 4) or field data: stone height, h, l or Zs), polarization (HH,
HV, VH, VV) and wavelength (l) was investigated for the JERS and ENVISAT images.

Before the analysis, the JERS and ENVISAT images were filtered using a 9�9
enhanced Lee filter (Lopes et al., 1990) to reduce noise due to speckle and other sources.
Further, samples of between 65000–67000 pixels were taken randomly over each image
and the result of the SAR signal was separated by qualitative classes (from 1 to 4). For all
the images and all the classes, the best fit of the SAR signal (in Digital Number or DN)
against local incident angle ð#Þ is a power law of the type:

DN ¼ a # b (6)

Two examples are shown in the Figure 3 and the Table 3. The dispersion of the fits is
high (r2 = 0.4� 0.7) but a general tendency is observed: the b parameter is always
negative and, in general, decrease with the class roughness until the class 3 and then
increase again in the class 4. The a parameter is more variable. Besides, comparing
different images (i.e., different l and polarizations) the dependency of the a and b
parameters with these variables can be deduced.
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Figure 3. Two examples of fit between the SAR signal and #. Left: JERS image-Class 4. Right:

16 Nov. ENVISAT HH image-Class 4. Both images=HH polarization, east face.

Table 3. Two examples of the numeric results for the fit between DN and # for the different class.
a) JERS image (HH, l=23.5 cm) b) 16 Nov. ENVISAT image (l=5.7 cm). HH & HV polariz.

Class Fit for DN = a q b and r2 Class a b r2

a b r2 HH HV HH HV HH HV

1 125.6 �0.502 0.36 1 253.5 150.9 �1.011 �0.879 0.57 0.51
2 112.9 �0.623 0.49 2 241.3 140.9 �1.268 �1.058 0.68 0.64
3 116.2 �0.676 0.47 3 243.3 143.1 �1.499 �1.218 0.73 0.68
4 135.4 �0.678 0.52 4 241.0 134.8 �1.368 �1.189 0.71 0.67
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4.1 Dependency of the l

In order to observe whether the a and b parameters are dependent of the l we have
compared (for all the classes) the JERS image against the 16 Nov. ENVISAT HH image,
which differ only in l (Figure 4). The b parameters have a high correlation, being the
lower values for the larger l. The correlation can be fitted with the linear regression:

b (l=23.5 cm) = 0.38 b (l=5.7 cm)�0.13 ; r2=0.92 (7)

For a, nevertheless, the correlation is inexistent, though the ENVISAT values are always
higher.

4.2 Dependency of the polarizations

The dependency of this variable in a and b is studied with the ENVISAT images,
comparing different polarizations for the same date. The HH and HV polarizations are
compared for the 25 Sep. and 16 Nov., while the VVand VH polarizations are compared
for the 26 Sep. and 11 Oct. (Figure 5). For both parameters, it can be concluded than the
cross-polarizations are well correlated with the like-polarizations. There are not
significant differences between 26 Sep. and 11 Oct., so a linear fit is found for both dates:

b(VH)¼ 0.92 b(VV) + 0.09 ; r2¼ 0.95 // a(VH)¼ 0.51 a(VV) + 6.90 ; r2¼ 0.94 (8)

Similar results are found for the 25 Sep.–16 Nov. The fit is:

b(HV)¼ 0.78b(HH)� 0.04; r2¼ 0.82 // a(HV)¼ 0.40 a(HH)þ 44.62; r2¼ 0.92 (9)

For comparing the VV and HH polarizations, all the data for both p have been used
(25 Sep–11 Oct for the ascending pass, west face; and 26 Sep–16 Nov for the
descending pass, east face). The fits are:

b(HH)¼ 0.60 b(VV)þ 0.40 ; r2¼ 0.68 // a(HH)¼ 1.10 a(VV)�88.33; r2¼ 0.79 (10)
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Figure 4. JERS parameters against 16 Nov. ENVISAT HH parameters for the four classes

considered in the study. Left: b parameter. Right: a parameter.
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4.3 Dependency of the roughness

The dependency of the a and b parameters with the roughness was studied using the field
data and averaging the a and b values for the class 1 and 2, in order to obtain the field
intermediate class 1.5. As the b values for different l and for cross & like-polarizations
are highly correlated, it is only shown the result for the VV and HH polarizations (which
correlation is worse). The best fit to the data is, in general, with the h parameter, followed
of l, the stone height and Zs parameter, respectively. The best fit (Figure 6 left) is a
quadratic polynomial function:

b(VV)¼ 0.0259 h2 � 0.275 h � 0.9198 ; r2¼ 0.51 (11)

b(HH) ¼ 0.0157 h2 � 0.183 h � 0.87 ; r2¼ 0.72 (12)
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For the a parameter, there is no dependence with the roughness, neither for VV nor
HH polarization (r2=0.1–0.3; Figure 6 right).

5 CONCLUSIONS

The main conclusions of this work are:

1. The SAR signal (in Digital Number, DN) can be modelled, for all the images
(JERS and ENVISAT) and all the soil roughness classes, as a power law of the
type: DN = a q b.

2. The b parameter depends on the wavelength, on the polarization and on the
roughness, but the dependencies are different: linear correlations (r2 = 0.7–0.9)
are found between b parameters with different wavelengths and polarizations,
while a quadratic polynomial fit is found with the roughness, being the best fit
with the h parameter (r2 = 0.5–0.7).

3. The a parameter is independent of the wavelength and the roughness, but
shows a high linear correlation with the polarization (r2 = 0.8–0.9).
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