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ABSTRACT

One of the major limitations of remote sensing flood detec-
tion is the presence of vegetation. Our study focuses on a
flood classification using Radarsat-2 Quad-Pol data in a nat-
ural floodplain during leafless, dry vegetation (early spring)
state. We conducted a supervised classification of a data set
composed of nine polarimetric decompositions and Shannon
entropy followed by the predictors’ importance estimation to
reveal which decomposed component had the strongest ef-
fect on classification models. Also, we tested two variants
of polarimetric speckle filtering to see if this step influences
the results. The classification accuracy was 0.78 and 0.83 for
the boxcar and improved Lee sigma filter respectively. The
Cloude - Pottier decomposition produced the highest accu-
racy (0.67) in a single-decomposition scenario, but the vol-
ume component of Pauli decomposition was the most impor-
tant for classification in a multi-decomposition scenario.

Index Terms— SAR, polarimetry, decomposition, speckle
filter, vegetation, flooding

1. INTRODUCTION

Synthetic aperture radar (SAR) data is frequently used to map
flooding either for crisis management or for monitoring. Cur-
rently, many methods, such as thresholding [1, 2] or classifi-
cation [3] are being used for this purpose. The majority of the
already developed methods use the SAR data transformed to
backscattering coefficient (σ0) [dB]. While an important fea-
ture of contemporary SAR sensors is the ability to acquire po-
larimetric data, which, after decomposition, can provide more
useful input variables than σ0.

The polarimetric data is related to the physical or statisti-
cal properties of the object. These properties can be derived
using the decomposition of the polarimetric matrix. The de-
composed components provide information about how differ-
ent processes or object types contributed to the backscattering
process. This can be useful for recognizing complex scat-
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tering such as from emergent vegetation over water. How-
ever, some shortcomings can be identified that can influence
the identification of the minor components. For example,
backscatter from the minor component (e.g. from water) can
be too low to be depicted by decomposition, or two types of
an object (e.g. flat bare soil and water) can produce very sim-
ilar components.

Nonetheless, several studies used polarimetric decompo-
sitions to classify flooding or wetland habitats, e.g. [4, 5,
6, 7]. Yet, thir results are difficult to compare because they
use different sensors, different time-series lengths, were con-
ducted in different study areas, and different preprocessing
was conducted. Certainly, we lack a consensus about which
polarimetric decompositions are the best for flood classifica-
tion in vegetated areas. Moreover, most of the studies an-
alyze flooding during the full vegetation development stage
whereas spring flooding with dry or leafless vegetation is of-
ten overlooked in research.

In this study, we aim to rank the decompositions for their
utility in flood mapping in various dry and leafless vegeta-
tion areas. To achieve this we conduct several polarimetric
decompositions for a heterogeneous temperate zone natural
wetland and classify them using the random forest supervised
classification followed by the importance estimation for the
components of the decomposition. Further, we test the effect
of using different speckle filtering methods on the classifica-
tion results.

2. METHODS

2.1. Study area and field sampling

The study is conducted in the lower Biebrza River floodplain
located in northeastern Poland (Figure 1). The floodplain area
is approximately 210 km2 and the dominant land-cover is
low and high wetland vegetation, such as carr, reed, scrub,
or meadow. The flooding occurs each year in early spring
and is composed of river water and by other sources, such
as groundwater, snowmelt, and rainfall [8]. Effectively, deep
water is located mostly in the fluvial terrace ˜up to 1.5 km
around the channel, and much shallower water is present in
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Fig. 1. Study area illustrated by the true-color composition of
the Landsat-8 image acquired 2nd of April 2019 (three days
after the SAR image). The Biebrza floodplain comprises the
center part of the image with grey (A, C) and black colors
(B). The deep open water zone (D) corresponds to the Biebrza
fluvial terrace (NE-S).

the remote areas of the floodplain. Usually, in the areas of
shallow water, vegetation emerging from water or vegetation
obscuring the water is present. Field sampling of the flooding
extent was conducted on the 27-29th of March 2019 in several
transects in the floodplain. In total 170 points were collected
and 340 new points were added in post-processing based on
analysis of the 1x1 m digital elevation model. During the field
sampling, the annual vegetation was mostly in the dry stage
and the deciduous trees and shrubs were leafless (Figure 1).

2.2. Remote sensing data and processing

A Radarsat-2 single look complex image in the fine quad po-
larization mode (FQ3) was acquired for the study area on 30th

of March 2019. In the FQ3 mode, the incidence angle is ap-
prox. 21◦ and the pixel size is approx. 14 m in the range
direction.

The image was processed using the python snappy pack-

age, which is an extension of the ESA SNAP 8.0 remote sens-
ing processing software. The processing was conducted in the
following steps: radiometric calibration, polarimetric speckle
filtering, polarimetric decomposition, and range-Doppler ter-
rain correction. Two variants of speckle filtering were con-
ducted: boxcar and improved Lee sigma in 9x9 window size.
Each filtering product was decomposed using the following
decompositions: Sinclair, Pauli, Freeman-Durden, General-
ized Freeman-Durden, Yamaguchi, van Zyl, Cloude-Pottier,
Cloude, and Touzi and for each filtering product, Shannon en-
tropy was calculated, divided into two contributions: intensity
and polarimetry.

2.3. Flood classification and importance estimation

The decomposition products in the two variants of speckle fil-
tering and a terrain slope raster were sampled in the locations
of field sampling and labeled as open water, flooded vege-
tation < 10 cm high, flooded vegetation > 10 cm high, not
flooded vegetation, and soil. This data set was split into train-
ing and validation subsets (50/50%). The training subset was
used as input to the random forest machine learning classifica-
tion model in three scenarios: (1) each decomposition product
was used separately as a model input; (2) all decomposition
products with the same speckle filtering method were used
as a model input; (3) all decomposition products with both
speckle filtering methods were used together as the model in-
put. Each model was further subjected to the predictor impor-
tance estimation, which ranks the predictor by the decrease in
node impurities from splitting on the predictors expressed as
the Gini index. The Gini index quantified the inequality in the
data, the higher the value the more the predictor is important
for the model. This approach of predictor importance estima-
tion is relative and cannot be compared between the different
models. To compare the different model variants we used the
accuracy measure, which shows what was the percentage of
correctly classified pixels with reference to all pixels in the
validation subset.

3. RESULTS AND DISCUSSION

The classification accuracy was 0.40 to 0.67 for the classifica-
tion of each decomposition separately (scenario 1), with the
minimum for the Shannon entropy intensity parameter (box-
car filter) and maximum for the Cloude - Pottier (boxcar filter)
and Pauli (improved Lee sigma filter) decompositions (Fig-
ure 2). For the classification of all decompositions with the
same speckle filtering the accuracy was 0.78 for the boxcar
filter and 0.83 for the improved Lee sigma filter (scenario 2).
For the classification of all decompositions with both filtering
methods (scenario 3), the accuracy was 0.84. The highest ac-
curacy was obtained for the scenario which used all available
data, but the accuracy for scenario 2, where data were fil-
tered by using the improved Lee sigma filter, was lower only
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Fig. 2. Classification accuracy for scenario 1. Some decom-
position names are abbreviated at the bottom axis: SE is Shan-
non entropy, SEi is Shannon entropy intensity, SEp is Shan-
non entropy polarimetry, F-D is Freeman-Durden, G F-D is
generalized Freeman-Durden, C-P is Cloude-Pottier, and Ya-
mag. is Yamaguchi. Each point represents the accuracy of
different classification models with the same training and val-
idation data.

about 1%. The scenario using only one decomposition prod-
uct achieved considerably worse accuracy.

The speckle filtering method had an impact on the accu-
racy results. Scenario 2 shows that overall the model using the
improved Lee sigma filter was more accurate than the boxcar
filter. In models using only one decomposition, the higher ac-
curacy was also achieved when the improved Lee sigma filter
was used, except for the Cloude, Cloude – Pottier, polarimetry
Shannon entropy (Figure 2).

The predictors’ importance varied between the decompo-
sitions and filtering methods, however, it has a similar pattern
for all three modeling scenarios. Therefore we focus here on
the analysis of scenario 3, which used all decompositions and
all filtering methods in one classification model (Figure 3).
The predictor importance results in scenario 3 are partially in
contradiction to the accuracy results in scenario 1. The Ya-
maguchi and van Zyl-based classification model had high ac-
curacy (Figure 2) but the components of this decompositions
were one of the least important predictors of all in the sce-
nario 3 model (Figure 3). On the other hand, components of
the Pauli decompositions, which had high accuracies in sce-
nario 1, also had the highest importance in scenario 3. The
comparison of scenario 1-3 accuracy and scenario 3 impor-
tance may be interpreted that even if a single decomposition
can be used to classify flooded vegetation relatively well there
is a synergy between the individual components of different
decomposition that can produce a more accurate model.

The classification map for scenario 3 shows continuous
flooding for the entire fluvial terrace with some gaps resulting
either from not flooded spots (such as local elevation increase)
or classification error (Figure 4). We identified that most of
the systematic errors were present in the reed belt surround-
ing the fluvial terrace, which was under-sampled during the
field measurements. Also, some of the agricultural fields and
smaller river valleys in the upland surrounding the Biebrza
floodplain were labeled as open water or flooded vegetation.

To improve the accuracy more ground truth data is required
for the model.

4. SUMMARY

Each analyzed scenario was able to produce a good model of
flood classification in spring (dry, leafless vegetation) with a
certain combination of speckle filtering and polarimetric de-
compositions methods. Our results indicate that the Pauli or
Cloude – Pottier decomposition alone was able to produce the
best model. Yet, scenario 2, which used multiple decompo-
sitions with the same speckle filtering method, showed con-
siderable improvement in the accuracy in reference to the sin-
gle decomposition approach scenario 1. Moreover, the pre-
dictors’ importance analysis showed that when multiple de-
compositions are used in the same model the volume compo-
nent of the Pauli decomposition is the most important for the
classification model. Our results do not show unambiguously
which speckle filtering method is better for the classification
results, yet, scenario 2 indicates that improved Lee sigma may
be in favor of the boxcar. However, to achieve more clear re-
sults, both in terms of finding the best polarimetric decompo-
sition and speckle filtering method, more ground truth data is
required along with more detailed statistical analysis.
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