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ABSTRACT

The main focus of this research is to detect vulnerabilities on
the Mississippi river levees using remotely sensed Synthetic
Aperture Radar (SAR) imagery. Unstable slope conditions
can lead to small landslides which weaken the levees and
increase the likelihood of failure during floods. This paper
analyzes the ability of detecting the landslides on the levee
with different frequency bands of synthetic aperture radar
data using supervised machine learning algorithms. The two
SAR datasets used in this study are: (1) the X-band satellite-
based radar data from DLR’s TerraSAR-X (TSX), and (2)
the L-band airborne radar data from NASA JPL’s
Uninhabited Aerial Vehicle Synthetic Aperture Radar
(UAVSAR). The Support Vector Machine (SVM)
classification algorithm was implemented to detect the
landslides on the levee. The results showed that higher
accuracies have been attained using L-band radar data
compared to the X-band data, likely due to the longer
wavelength and deeper penetration capability of L-band
data.

Index Terms— Levee classification, remote sensing,
synthetic aperture radar, support vector machine

1. INTRODUCTION

Slough (or slump) slides are small landslides due to slope
failures along a levee, which leave areas of the levee
vulnerable to seepage and failure during high water events
[1]. The levee managers are responsible for the
rehabilitation, evaluation, maintenance, and repair of the
levees in a timely way to mitigate risk of catastrophic
failures.

On-site inspection of levees is expensive and time-
consuming, so there is a need to develop efficient techniques
based on remote sensing technologies to identify levees that
are more vulnerable to failure under flood loading. Synthetic
Aperture Radar (SAR) technology, due to its high spatial
resolution and potential soil penetration capability, is a good
choice to identify problem areas along the levee so that they
can be treated to avoid possible catastrophic failure.
Improved knowledge of the status of these levees would
significantly improve the allocation of precious resources to

inspect, test, and repair the ones in most need. This research
and development effort is leading to new methods to detect
the problem areas along the levee such as slough slides and
give levee managers new tools to prioritize their tasks.

Synthetic aperture radar data has been widely used in
disaster management. Radar polarization and incidence
angle are important factors that effect the radar backscatter
[2]. The satellite radar data acquired from TerraSAR-X has
an incidence angle of 33°and the L-band UAVSAR data has
multiple incidence angles vary from approximately 20° to
55° nadir. The radar backscatter is strong for lower
incidence angles and decreases with increasing incidence
angles. However, in case of rough surfaces (the landslides in
this case), the backscatter is almost independent of the
incidence angle.

The other important factors influenced by the radar
frequency bands are described below.

1.1. Radar Penetration for different radar frequency
bands

The radar wavelength influences the penetration below the
ground surface and the depth of penetration increases with
the wavelength A. Therefore, the L-band radar penetrates
deeper than the X-band sensor. Because of the capability of
deeper penetration, the L-band UAVSAR can penetrate
through the vegetation on the levee to better detect the
landslides. The vegetation on the levee contains different
types of grass with a height varying from few centimeters to
approximately one meter, depending on the season.

1.2. Surface Roughness estimation with different radar
frequency bands

Roughness on the levee refers to multiple irregularities that
relate either to textures of the surface or the objects on them
such as vegetation. The height of an irregularity, together
with wavelength of the radar determines the behavior of a
surface as smooth or rough. For example, to quantify the
effect of different radar bands, a surface with small
irregularity height (in cm) will reflect Ka-band (A = 0.85
cm), X-band (A = 3 cm), and L-band (A = 24 cm) radar
waves as if it were a rough, intermediate, and smooth



surface, respectively. Greater height variations compared
with the wavelength will appear rough even to the L-band.
Therefore, the landslides which are rough in texture on
larger scales will be discriminated by L-band more
prominently than the X-band. However, the advantage of
acquiring X-band data is of its high spatial resolution and
11-day revisit cycle which help in detecting the temporal
changes on the levee.

The high resolution, low-noise UAVSAR L-band data
was used in the detection, migration, and impact of oil from
the Deepwater Horizon oil spill [3]. Zhang et al. [4]
implemented the SVM algorithm for the classification of
polarimetric SAR images using scattering and textural
features. Cui et al. [5] have implemented a multi-classifier
decision fusion framework for levee health monitoring using
texture features derived from the grey level co-occurrence
matrix.

In this paper, we propose a classification method which
utilizes the polarimetric and texture features of the X- and L-
band SAR data for efficient classification and detection of
slough slides.

2. STUDY AREA AND DATA SETS
2.1. Study Area

The study area is a stretch of 230 km of levee along the
lower Mississippi river along the western boundary of the
state of Mississippi in USA. At the time of image acquisition
there was one active landslide located at (32.5685, -
91.0393) north of Vicksburg, Mississippi. A subset of the
study area which has this active landslide was chosen as the
area of analysis. Based on the ground truth data collected by
US Army Corp. of Engineers (USACE), the training masks
were created and utilized in the classification tasks.

2.2. Data Sets

2.2.1. UAVSAR data

This study uses the data from NASA Jet Propulsion
Laboratory’s UAVSAR instrument, a polarimetric L-band
(1.25 GHz / 24 cm wavelength) synthetic aperture radar [6].
The multi-look HH, HV, and VV polarization data with a
spatial resolution of 5.5 m is used in the analysis. UAVSAR
is capable of penetrating dry soil to a few centimeters depth,
and identifying vertical displacements on the order of a few
millimeters. Thus it is valuable in detecting changes in
levees that are key inputs to the classification system.

2.2.2. TerraSAR-X data

TerraSAR-X is a German radar satellite which carries a high
frequency X-band (9.6 GHz / 3 cm wavelength) synthetic
aperture radar and can be operated in different modes and
polarizations [7]. The Spotlight, Stripmap, and ScanSAR

modes provide high resolution data with single, dual, and
quad-polarizations.

3. METHODS

The process used is shown in the block diagram of Figure 1.
The UAVSAR multi-polarized (HH, HV and VV), multi-
look radar image acquired on 25" January 2010 and the
TerraSAR-X dual polarization data (HH and VV) acquired
on 15" September 2010 were used in the analysis
(unfortunately, closer acquisition dates were not available).
The spatial resolutions for UAVSAR and TerraSAR-X
imagery are 5.5 m and 1 m respectively.

UAVSAR
SAR Data
(L-band or X-band)

Feature Extraction

(Dlscrete Wavelet Transfurm)

m
H Classification Model

Performance

Ground Truth Training
Data Masks

Measures and
Model Validation

Figure 1. Block diagram of the supervised classification
approach

3.1. Texture Features

Texture and intensity are two important parameters for levee
classification for detecting the landslides. The proposed
method first calculates the Discrete Wavelet Transform
(DWT) of every pixel vector of L-band and X-band SAR
imagery. The ability of wavelet analysis to decompose the
image into different frequency sub-bands makes it suitable
for image classification [8]. In some applications, the energy
of each sub-band is used as a texture feature. In our
application, we have selected the approximation coefficients
as these provide the coarse textural information from the
image. Other parameters to be considered include the choice
of mother wavelet function, and the neighborhood window
size. For our application, we used wavelet features with one
decomposition level from each of the radar polarization
channels. We have tested with different window sizes and
mother wavelets. The Daubechies mother wavelet with a
window size of 4 gave better performance.



3.2. Classification Method

The support vector machine (SVM) is a state-of-the-art
classification method introduced by Vapnik [9]. It is a
powerful supervised learning method for analyzing and
recognizing patterns. SVMs discriminate two classes by
fitting an optimal separating hyperplane to the training data
within a multidimensional feature space. The advantage of
SVM s that it works well with small training datasets and
while training an SVM we need to consider number of
factors like: a) how to preprocess the data b) what kernel to
use and finally, c) setting the parameters of the SVM and the
kernel. The kernel function plays a critical role in SVM
training and classification. The SVM has another set of
parameters called hyper parameters and these are soft
margin constant ‘C’ and the width of the Gaussian kernel y
(1/26%).

4. RESULTS

The goal of this research is to detect landslides on the levee,
so the subset with an active landslide was chosen as the area
of analysis. The training mask for the classification analysis
is shown in Figure 2, which has two ground truth classes; a)
landslide, and b) healthy levee. The support vector machine
supervised learning algorithm has been implemented on the
SAR datasets with Gaussian radial basis function (RBF)
kernel and the performance of the classification was tested
with different values of kernel parameter .

_Healthy
Levee
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Figure 2: Training mask for UAVSAR subset with two
ground truth classes: 1. Landslide and 2. Healthy Levee

4.1. UAVSAR Classification Results

Each pixel of multi-look, multi-polarized UAVSAR imagery
is 5.5m X 5.5m and the size of the subset is 98 X 94 pixels,
out of which 58 are landslide pixels and 121 are healthy
levee pixels. For this subset 30% of the labeled samples are
randomly selected as training, and the rest as testing. The

SVM classification algorithm was implemented on the
extracted texture features of the subset. The results show that
the SVM classifier performed very well with a highest
accuracy of 88% for landslide detection and 86% for healthy
levee at y = 0.22. The classification map for the UAVSAR
subset is shown in Figure 3.
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Figure 3: Classification map of SVM classifier for
UAVSAR imagery

4.2. TerraSAR-X Classification Results

Each pixel of dual-polarized TerraSAR-X imagery is 1m X
1m and the size of the subset is 500 X 562 pixels, out of
which, 1984 are landslide pixels and 3630 are healthy levee
pixels. For this subset 30% of the labeled samples were
randomly selected as training, and the rest as testing. The
SVM classification algorithm was implemented and the
results show highest accuracies of 74.77% for landslide and
73.88% for healthy levee detection at y = 1.5. The
classification output map for TerraSAR-X image is shown in
Figure 4.
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Figure 4: Classification map of SVM classifier for
TerraSAR-X imagery

5. CONCLUSION

In this research, we analyzed the ability to detect landslides
using different frequency bands of synthetic aperture radar
data and the Support Vector Machine (SVM) supervised
classification algorithm. SAR data from UAVSAR L-band
and TerraSAR-X X-band sensors are used in this study.
Experimental results showed that higher accuracies were
attained using L-band radar data compared to the X-band
data. The landslides are rough in texture at scales more
compatible with the longer L-band wavelength. This factor,
and also the greater penetration through vegetation and soil,
likely explain the better performance. The performance of
the X-band classifier was however still good enough that it
should be considered for this application when a suitable L-
band sensor is not available or practical.

More testing of this method is needed, and the authors
are continuing the research as more slough slide examples
become available.
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