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Abstract: This research is related to the eco-hydrological problems of herbaceous wetland drying 
and biodiversity loss in the floodplain lakes of the Middle Basin of the Biebrza river (Poland). 
An experiment was set up, whose main goals were: (i) mapping the vegetation types and the 
temporarily or permanently flooded areas, and (ii) comparing the usefulness of C-band Sentinel-1A 
(S1A) and X-band TerraSAR-X/TanDEM-X (TSX/TDX) for mapping purposes. The S1A imagery 
was acquired on a regular basis using the dual polarization VV/VH and the Interferometric Wide 
Swath Mode. The TSX/TDX data were acquired in quad-pol, a fully polarimetric mode, during 
the Science Phase. The paper addresses the following aspects: i) wetland mapping with S1A 
multi-temporal series; ii) wetland mapping with fully polarimetric TSX/TDX data; iii) comparing 
the wetland mapping using dual polarization TSX/TDX subsets, i.e. HH-HV, HH-VV and VV-VH; 
iv) comparing wetland mapping using S1A and TSX/TDX data based on the same polarization 
(VV-VH); v) studying the suitability of the Shannon Entropy for wetland mapping; and vi) 
assessing the contribution of interferometric coherence for wetland classification. The experimental 
results show main limitations of the S1A dataset, while they highlight the good accuracy that can 
be achieved using the TSX/TDX data, especially those taken in fully polarimetric mode. 
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1. Introduction 

As stated in [1], the need for wetland mapping has never been greater as the world’s population 
continues to increase. Climate change impact combined with human activity transforming wetlands 
into meadows or pastures have led, in many geographical contexts, to wetlands degradation, drying 
of soils and biodiversity loss. Nowadays, positive water balance and longer period of water 
stagnation are crucial factors in wetlands re-naturalization process and conservation. 

The main motivation of this research is related to the eco-hydrological problems of herbaceous 
wetland drying and biodiversity loss in the floodplain lakes of the Middle Basin of the Biebrza river 
(Poland). In this area, the problems of soil moisture and biomass estimation have been intensively 
studied in the past [2,3]. The main hydrological concern in this area is how to retain for longer 
periods the water from early spring flooding. The deficit of water is a factor influencing the life 
conditions of ichthyofauna and avifauna. Further consequences of water deficit are the unfavourable 
vegetation succession and the reduction of the quantity of species.  

Eco-hydrological investigations of wetlands bring essential information for ecological inventory 
and wetland management. They need to be based on detailed mapping of the vegetation and 
the monitoring of changing water conditions. Wetland mapping using radar remote sensing has 
developed rapidly over the past years thanks to the wide availability of SAR imagery and 
the increased geometric resolution of SAR sensors. Wetlands have specific and advantageous 
features in relation to the microwave scattering mechanism. In fact, microwaves are sensitive to 
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differences in water content and surface roughness. An increase of moisture or roughness results 
in an increase of the backscatter. In addition, the presence of water sheet with partially submerged 
plant communities creates the conditions for phase coherence preservation due to the double bounce 
effect. This can be one of the discriminator for land cover mapping [4,5]. In general, the results 
of SAR-based land cover and vegetation mapping depend on the used wavelength (X-, C- 
or L- band) and data polarization (vertical, VV, horizontal, HH, or orthogonal, VH or HV). This is 
one of the issues treated in this work. 

The launch of the ESA’s Sentinel-1A (S1A) satellite, in 2014, opened a new era of SAR mapping. 
Free and open access is guaranteed to C-band SAR scenes in the dual polarization configuration 
VV-VH. Key advantages of S1A include the observation of large swaths (250 km), the 12-day 
repetition cycle (using S1A or S1B only), the availability of two operational sensors and the free 
of charge SAR imagery. Compared with TerraSAR-X and TanDEM-X (TSX/TDX) data, S1A offers 
a reduced geometric resolution and a fixed polarimetric configuration. In this work the potential 
of S1A for wetland mapping is addressed. 

The availability of fully polarimetric SAR (HH/HV/VH/VV channels) could provide additional 
information on the structure and moisture of the vegetation, thus improving the utility of SAR data 
for wetland mapping [1,6,7]. However, the sources of fully polarimetric spaceborne SAR data are 
limited to C-band Radarsat-2 and L-band ALOS-PALSAR. In X-band, interesting experimental 
campaigns based on the TSX/TDX satellites, forming a “fully polarimetric constellation”, were 
carried out by DLR in 2010 and 2014-2015, for a limited number of test sites in the globe. In addition 
to the evaluation of the potential of S1A imagery, in this work we decided to investigate the “fully 
polarimetric TSX/TDX constellation”. The Biebrza area was proposed to DLR as a test site during 
the Science Phase of TSX/TDX mission. The main goals of this test site were: (i) mapping 
the vegetation types/associations/species and the temporarily or permanently flooded areas, and 
(ii) comparing the usefulness of S1A and TSX/TDX for mapping purposes. The main outcomes 
of this research are described in this paper. To summarize, this work addresses the following main 
aspects:  
1. Mapping wetland with C-band S1A alone, based on multi-temporal series of SAR images. 
2. Mapping wetland with experimental fully polarimetric quad-pol X-band TSX/TDX data.  
3. Compare the wetland mapping using dual polarization TSX/TDX subsets, i.e. HH-HV, HH-VV 

and VV-VH. These subsets represent the standard products that could be acquired by 
an operational X-band SAR sensor. 

4. Compare wetland mapping using S1A and TSX/TDX data based on the same polarization 
(VV-VH) and covering the same observation period. 

5. Study the suitability of the Shannon Entropy as polarimetric descriptor of wetland land cover, 
starting from dual-pol and quad-pol data. 

6. Assess the contribution of interferometric coherence as an additional layer for land cover 
classification. 

This paper is organized as follows. Section 2 describes the materials and methods. This includes 
the description of the study area and of the analysed S1A and TSX/TDX datasets; the discussion 
of the image pre-processing carried out in this study; and the description of the image classification 
approach. Sections 3 discusses the main results of this work. Finally, Section 4 includes the main 
conclusions of this study.  

2. Materials and Methods 

2.1. Description of the study area and the available ground truth 

The Area of Interest (AoI) is part of the Middle Basin of the Biebrza Valley, in the Biebrza 
National Park (BbPN) [8], located in North-Eastern Poland (Figure 1). The Biebrza marshes represent 
an important wetland area, which is included in United Nations Ramsar Convention on Wetlands 
[9]. The investigated area is mainly characterized by numerous meanders of the main stream and 
many oxbow lakes, with the different degree of hydrological connectivity. The study area was 
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restricted to natural vegetation communities only, while the agricultural areas were excluded. 
The most dominating vegetation species are bur-reed, sweet-grass, reed canary, lakeshore bulrush, 
bulrush, common reed, sedge, dogwood, willow scrub and deciduous forest. The most characteristic 
phenomenon in this area is the occurrence of an annual, spring flooding, which causes the increase 
in the biodiversity of the area. The snow melt is the most important source of water, but the period 
of water stagnation is relatively short due to the artificial drainage network built 50 years ago that 
enables fast water transfer from the Middle to the Lower Basin.  

An important database of the vegetation and land cover of the study area was established using 
data from external GIS databases, land register and several field surveys made in correspondence to 
the radar image acquisition dates. The ground truth collection was made by botanists 
and hydrologists with the support of aerial imagery from several surveys using a UAS system 
equipped with RGB camera. The photointerpretation of multi-temporal RGB images combined with 
in situ GPS measurements allowed us to draw the accurate polygons of the different thematic classes 
of the area.  

The Table 1 contains the information on the vegetation types considered in this study, and their 
statistical representation using S1A and TSX/TDX data.               

 

 
Figure 1. Location of the study area in North-Eastern Poland. 

Table 1. List of the vegetation types recognized in the AoI, number of parcels and their area. 

No Class Number 
of parcels 

Number of pixels 
TSX/TDM 

Number of pixels 
Sentinel-1A 

Area
[ha] 

1 
grasslands/ 
meadows 15 14968 979 9.36 

2 deciduous forest 10 39830 2553 24.89 
3 bur-reed 3 371 20 0.23 
4 sweet-grass 23 16712 1137 10.45 
5 reed canary 19 7848 549 4.91 
6 lakeshore bulrush 4 454 34 0.28 
7 bulrush 13 850 71 0.53 
8 common reed 47 17556 1260 10.97 
9 sedge 25 19062 1266 11.91 

10 water bodies 14 56510 3775 35.32 
11 dogwood 9 933 66 0.58 
12 willow scrub 7 2052 138 1.28 
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2.2. Sentinel-1A and TSX/TDX datasets 

In this study, two radar image time series were used: S1A and TSX/TDX. The S1A imagery was 
acquired on a regular basis using the dual polarization VV/VH and the Interferometric Wide Swath 
Mode. The S1A dataset consists of Single Look Complex (SLC) images, acquired with a look angle 
of 38.9º. The TSX/TDX data were acquired in quad-pol, fully polarimetric mode during 
the 15-months of the Science Phase. The main goal of the Science Phase was the demonstration 
of new SAR techniques, see for details [10]. The fully polarimetric coherent data were acquired using 
a Dual Receive Antenna. The used TSX/TDX images were Co-registered Single look Slant range 
Complex (CoSSC) products, acquired in StripMap Bistatic mode, with a look angle of 36º. The main 
characteristics of the TSX/TDX and S1A data are shown in Table 2. The data cover a 2-month period 
(Figure 2), which includes a spring flooding and the subsequent dynamic vegetation development 
of the wetlands.  

Table 2. TSX/TDX and Sentinel -1A data characteristics. 

Mission TSX/TDX Sentinel-1A 
Bandwidth 9.65 GHz 5.405 GHz 

Wavelength X (3 cm) C (5.6 cm) 

Imaging Mode Stripmap Bistatic Interferometric Wide 
Track stripFar_009 153 
Orbit Ascending Descending 

Product CoSSC SLC 
Ground resolution, rg by az 1.2 by 6.6 m 3.1 by 21.7 m 

Pixel spacing, rg by az 0.9 by 2.2 m 2.3 by 13.8 m 
Polarization Quad (HH, HV, VH, VV) Dual (VV, VH) 

Incidence angle 36º 38.9º 
Revisit time 11 days 12 days 

Covered area 15 by 30 km 250 by 170 km 
 

 
Figure 2. Satellite images used in the study. 

2.3. Image pre-processing  

This work involved a set of image pre-processing steps. The workflow of such an image 
pre-processing is shown in Figure 3. 
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Figure 3. Workflow of images pre-processing.  

 The first step is image co-registration, which is followed by AoI selection. For both sensors, 
the radiometric calibration is performed using equations (1) and (2) [11,12]: ߚ௅ூே଴ = ݇௦(ܫଶ + ܳଶ) (1) 

where ߚ௅ூே଴  is the radar brightness, called Beta Nought, ݇௦ is the calibration coefficient, and ܫ, ܳ are 
the real and imaginary parts of the backscattered complex signal, respectively. The ߚ௅ூே଴  images are 
then converted into Sigma Nought images in logarithmic scale [dB]: ߪௗ஻଴ = 10 ݋݈ ଵ݃଴(ߚ௅ூே଴ sin  (2) (ߠ

where θ is the radar incidence angle. Prior to the conversion from linear to decibel scale, 
the multi-temporal de Grandi filter [13] is applied, using a 3 by 3 window, to reduce speckle effect, 
independently for each polarization channel for both image stacks. The calibrated and filtered 
images are then geocoded using a DEM from the SRTM mission [14,15], forming the First Dataset 
“Sigma Nought” (SN). Examples of colour compositions consisting of selected SN images are shown 
in Figures 4 and 5. The difference in resolution is clearly visible between TSX/TDX and S1A, as well 
as the contrast between land cover at HH and VV polarizations. 
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Figure 4. RGB colour composition of SN TSX images, with HH polarization, taken 25.04.2015, 

17.05.2015 and 19.06.2015, respectively.  

 

 
Figure 5. RGB colour composition of SN S1A images, with VV polarization, taken on 26.04.2015, 20.05.2015 

and 13.06.2015, respectively. 
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The coherence is another parameter considered in this study. It is calculated between 
consecutive images, with temporal separation of 11 (TSX/TDX) and 12 days (S1A), using this 
formula [16]: ߛ = ቤ  ଶ|ଶሿቤ (3)ݏ|ሾܧଵ|ଶሿݏ|ሾܧଶ∗ሿඥݏଵݏሾܧ

where ߛ is the coherence (ranging from 0 to 1), ݏଵ and ݏଶ are the complex SAR images, ܧሾ∙ሿ is 
the expected value, and ∗ indicates the complex conjugate. 

Over the vegetated areas, the 11-day and 12-day coherence images showed very low values 
and no contrast, hence demonstrating to be not useful for mapping purposes. On the other hand, it 
was possible to compute the coherence of TSX/TDX data acquired quasi simultaneously 
in monostatic or bistatic tandem mode (with perpendicular baseline of 1.9 km and across baseline 
of 300 m). In such coherence images there are differences between different types of land cover, 
mostly between trees, open water and semi-natural herbaceous vegetation, e.g. see Figure 6. 
The contrast between land cover types depends on the date of acquisition and polarization. 
The contribution of this information was analysed in this study, considering a second dataset called 
“Sigma Nought + Coherence” (SN+coh). An example of colour composition using three coherence 
images corresponding to three different dates is shown in Figure 7. It can be observed that, for 
different parts of the image, the coherence is changing over time. 

 25 April 2015 30 June 2015 

HH 
TSX/TDX 

HV 
TSX/TDX 

VH 
TSX/TDX 

VV 
TSX/TDX 

Figure 6. Examples of TSX/TDX coherence images for two different acquisition dates and four 
polarizations. 
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Figure 7. RGB colour composition of the coherence change based on TSX/TDX images acquired at 

HH polarization, taken on 25.04.2015, 17.05.2015 and 19.06.2015, respectively. 

The analysis of the polarimetric features of the considered data is another component of this 
study. This was done through polarimetric decompositions, which reveal the scattering mechanisms 
that are dependent on object structure, dimension and moisture and are classified in surface 
scattering, volume scattering and double bounce. The Shannon Entropy (SE) can be extracted from 
quad-pol (TSX/TDX) and dual-pol data (S-1 and TSX/TDX). SE, which measures the randomness 
of the scattering of a pixel [17], was extracted from a co-variance matrix using the PolSARpro 
software. SE is the sum of two contributions: intensity related (ܵܧூ ), which depends on total 
backscattered power, and polarimetry related (ܵܧ௉), which depends on the degree of polarization 
[18]. The SE is given by the following formulae [17,18]. For dual polarization data: ܵܧ = log ଶ݁ଶߨ |ଶܥ| = ூܧܵ +  ௉ (4)ܧܵ

ூܧܵ = 2 log ൬ܫ݁ߨ௖2 ൰ = 2 log ൬ݎܶ݁ߨ(ܥଶ)2 ൰ (5) 

௉ܧܵ = log(1 − ஼ܲଶ) = log ቆ4  ଶቇ (6)(ଶܥ)ݎܶ|ଶܥ|

For fully polarimetric data (quad-pol): ܵܧ = log ଷ݁ଷߨ | ଷܶ| = ூܧܵ +  ௉ (7)ܧܵ

ூܧܵ = 3 log ൬3்ܫ݁ߨ ൰ = 3 log ൬ݎܶ݁ߨ( ଷܶ)3 ൰ (8) 

௉ܧܵ = log(1 − ்ܲଶ) = log ቆ27 | ଷܶ|ܶݎ( ଷܶ)ଷቇ (9) 

where ܶݎ is the trace of matrix, ܥଶ is the covariance matrix and ଷܶ is the coherence matrix, ܫ௖, is the intensity, ௖ܲ ்ܫ , ்ܲ is the degree of polarization. 
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High values of the ܵܧ௉ component, which means a high degree of phase randomness, were 
observed over open water and dense vegetation (grass). High values of ܵܧூ and low values of ܵܧ௉ 
are associated to the double bounce effect over urban areas and some crops, like corn outside 
of main AoI, as well as partially flooded vegetation and common reed in the AoI. 

The polarimetric decomposition of TSX/TDX quad-pol data was based on the Yamaguchi 
4-component decomposition, which has a direct physical interpretation. The general formula, which 
is described in details in [18,19], is: 〈ሾܥሿ〉 = ௦݂〈ሾܥሿ〉௦ + ௗ݂〈ሾܥሿ〉ௗ + ௩݂〈ሾܥሿ〉௩ + ௖݂〈ሾܥሿ〉௖ (10) 

where ሾܥሿ  is the co-variance matrix, ௦݂, ௗ݂, ௩݂, ௖݂  are coefficients, 〈ሾܥሿ〉௦,ௗ,௩,௖  are the mean 

co-variance matrices for each scattering mechanism: s – surface, d – double bounce, v – volume, c - 

helix. 
The CoSSC TSX/TDX and the SLC S1A images were processed using PolSARPro 5.0 [20] and 

SARScape 5.0 [21,22]. Co-registration, radiometric calibration, test area selection, multi-temporal de 
Grandi filtering and interferometric processing, including coherence calculation and geocoding, 
were done using SARScape. The Lee speckle filtering [23], SE and the Yamaguchi 4-components 
decomposition were performed using PolSARPro. The output from the pre-processing stage are four 
datasets, which are listed in Table 3.  

Table 3. Datasets for classification. 

Dataset  Contents 
SN Sigma Nought images 

SN + Coh Sigma Nought and coherence images 
SE Shannon Entropy images 

YAM4 
Yamaguchi 4-component decomposition 

results (quad-pol data only) 

2.4 Multitemporal image classification 

“Per pixel” classification of the datasets shown in Table 3 was carried out to retrieve thematic 
classes. The classification workflow is shown in Figure 8. The first step was defining good and 
representative samples for the thematic classes (ROIs, Regions Of Interest) and calculating their 
statistical signatures: mean, variance and co-variances. The ROIs were identified using the ground 
truth data. The list of classes, the number of representing pixels and their surface are shown in Table 
1. The quality of the samples (signatures) is expressed by the number of pixels, their surface and 
the mutual “spectral” separability. In fact, the supervised classification approach assumes that 
the thematic classes are sufficiently different spectrally. For each pair of classes, the separability was 
calculated using the Jeffries-Matussita Distance [24]. Other separability measures, like 
the Transformed Divergence, the Bhattacharyya distance [25,26] or the Hellinger distance [27] could 
also be applied.  

If the separability verification is positive, the ROIs can then be split into training and control 
parcels and submitted to classification. Otherwise, the ROIs have to be merged following their 
spectral similarity and thematic significance. This can be a time-consuming process. In order to 
facilitate it, in this work a hybrid approach was adopted, which combines a supervised classification 
with an unsupervised clustering technique. The clusters automatically generated by the ISODATA 
algorithm [28], after their thematic aggregation based on ground truth, reveal the objects that are 
truly consistent in the spectral space. The unsupervised classification results make the ROIs 
redefinition faster and more appropriate for the further supervised classification. The steering 
parameters of clustering were carefully chosen because of the data heterogeneity. The following 
parameters were identified: minimum number of classes: 8; maximum number of classes: 12; 
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maximum iterations: 30; change threshold: 1%; minimum number of pixels in class: 100; maximum 
standard deviation: 1; minimum class distance: 3; and maximum merge pairs: 2. 

 
Figure 8. Workflow of thematic processing of the data subsets. 

The supervised classification was performed using the Supported Vector Machine technique 
[17,29-31]. The advantage of this technique is that it does not require a large number of training 
samples [32], and the probability distribution is not assumed a priori [33]. The data were classified 
using radial basis function kernel, penalty parameter = 100 and a high classification probability 
threshold = 0.9. The quality of classification was analysed based on the classification accuracy, 
estimated by the Overall Accuracy (OAA) and the Kappa Index of Agreement (KIA) [34]. 

3. Results and discussion  

In order to correctly interpret the achieved results, we remind the main goals of this work: 
i) mapping the vegetation types/associations/species and the temporarily or permanently flooded 
areas, and ii) comparing the performance of S1A and TSX/TDX for mapping purposes. The first goal 
embraces two interrelated phenomena: vegetation and water regime. In wetlands, the types 
of vegetation (species and associations) develop and grow as a consequence of a multiannual water 
regime. The vegetation is then an indicator of preponderant moisture conditions, and 
the temporarily or permanently flooded areas allow the development of diversified hygrophilous 
associations. Considering these aspects while performing wetland classification provides useful 
information for eco-hydrological investigations and for wetland management. 

Referring to Table 1, some vegetation types (common reed, reed canary, sweet grass) have quite 
similar features regarding the microwave scattering mechanisms, e.g. broad leaves and thin stems. 
For this reason, the set of thematic classes from Table 1 turned out to be too detailed to be 
distinguished by classification of the multi-temporal SAR images collected in this experiment. 
In fact, the classification based on initial samples only achieved a low accuracy level (OAA<40%). 
It was then necessary to reduce the number of classes. For both the S1A and TSX/TDX datasets and 
an OAA exceeding of 40%, it was possible to distinguish 6 thematic categories: 1. permanent water 
bodies, 2. temporarily flooded areas, 3. wet grasslands, 4. dry grasslands, 5. common reed and 
6. deciduous forest. The number of classes, which is sensibly smaller than expected at the beginning 
of the experiment, was fixed for all datasets submitted to classification. The results of the accuracy 
estimations are presented in Figure 9. It is worth mentioning that some researchers exclude a priori, 
from the list of land cover and vegetation types, the deciduous forest class, e.g. see [9]. This is done 
by supposing that their location is known and the backscattering features could worsen the overall 
classification accuracy. However, when the vegetation succession has to be analysed over years, like 
in this work, it is interesting to check the possibility of identifying this class within the other wetland 
vegetation classes. 
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a)  

b)  

Figure 9. Results of the accuracy assessment for the S1A and TSX/TDX datasets: a) overall accuracy - 
OAA, b) Kappa Index of Agreement – KIA 

The results can be summarized as follows, relating them to the aspects addressed 
in the introduction: 
1. Mapping wetland with C-band S1A alone, based on multi-temporal series of SAR images with 

the VV/VH polarization. The results achieved with time series of S1A SN are quite poor: 
the OAA for all classes equals 65% and KIA is 0.58. These values are not satisfactory. For this 
reason, the S1A dataset is not recommended for herbaceous wetland mapping in the Biebrza 
valley. There is a second disadvantageous feature of the S1A dataset: its geometric resolution is 
too coarse to detect small areas of vegetation associations adjacent to oxbows and floodplain 
lakes. 

2. Mapping wetland with the experimental fully polarimetric quad-pol X-band TSX/TDX data. 
The results achieved with this dataset (polarizations VV/VH/HV/HH) are the best amongst all 
SN time series. The OAA is 79 %, with a high coefficient of agreement KIA of 0.75. The results 
achieved using the fully polarimetric data and the Yamaguchi 4-component decomposition 
(YAM4) are less useful than expected: the OAA is 43% and KIA is 0.39. For this area and for 
the majority of classes over time, the dominant scattering mechanism is volume scattering, 
which decreases the OAA. The advantage of this decomposition is revealing partially flooded 
herbaceous vegetation by double bounce effect for particular TSX/TDX acquisitions. The results 
achieved using SE decomposition are better than for the YAM4 dataset: the OAA is 55% 
and KIA is 0.48. This can be caused by intensity component contribution besides of polarimetric 
behaviour. 

3. Compare wetland mapping using the dual polarization TSX/TDX subsets, i.e. HH-HV, HH-VV 
and VV-VH. For the dual-pol TSX/TDX products, the OAA and KIA are smaller than the ones 
of the four polarizations dataset: OAA=76% and KIA=0.71 for HH/HV; OAA=74% and KIA=0.69 
for HH/VV; and OAA=68% and KIA=0.63 for VV/VH. However, there is a relatively small 
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difference between the results achieved by quad-pol and the best dual-pol (HH/HV): this 
configuration can be recommended for wetland mapping purposes. 

4. Compare wetland mapping using S1A and TSX/TDX, considering the same polarization 
(VV-VH) and covering the same observation period. The TSX/TDX datasets shoved the best 
performance. The difference of the OAA for the S1A and TSX/TDX datasets is about 3%. 
It seems that the coarser geometric resolution has a negative influence on the results achieved 
by the S1A dataset. 

5. Study the suitability of the Shannon Entropy as polarimetric descriptor of wetland land cover. 
The results achieved with the SE time series are quite poor, with the OAA ranging from 47% 
to 58%, and KIAs ranging between 0.41 and 0.52. As a consequence, this dataset is not 
recommended for mapping of the herbaceous wetland at hand. The OAA values are lower for 
the pairs of bands containing cross-pol components (VH or HV). According to [17], these 
components are strongly affected by the noise equivalent sigma zero over wetlands areas: 
this affects the SE parameter. 

6. Assess the contribution of the interferometric coherence as an additional layer for land cover 
classification. The interferometric coherence estimated for the acquisitions of S1A, with 12-day 
interval, and TSX/TDX, with 11-day interval, turned out to be useless as land cover 
discriminator over this wetland. On the other hand, the coherence calculated for the TSX/TDX 
interferometric pairs acquired simultaneously causes an increase of the OAA comparing to 
the SN time series. The OAA increases 7% for the HH-HV and HH-VV, 15% for the VV-VH, 
and only 4% for the VV-VH-HV-HH dataset. The interferometric coherence is considered here 
as an important asset of quad-pol TSX/TDX acquisitions. 

Figure 10 shows a classification result over the AoI obtained using SN and coherence time series 
of TSX/TDX data (four polarizations). This configuration achieved the best classification accuracy 
(OAA = 83%, KIA=0.80). 

 

 
Figure 10.  Classification map of the AoI obtained using sigma nought and coherence time series 
of TSX/TDX data (four polarizations). This configuration achieved the best classification accuracy 

(OAA = 83%, KIA=0.80). 
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4. Conclusions 

In this comparative study, the use of S1A and TSX/TDX image time series for herbaceous 
wetland mapping has been evaluated. The main components of the methodology used to carry out 
this work have been presented. Different aspects of data processing and analysis have been 
described. The main outcomes of the study are briefly summarized below. 

Using image classification, in the AoI only the main land cover types could be distinguished. 
In fact, exceeding an OAA of 40% for both the S1A and TSX/TDX datasets, it was possible to 
distinguish six thematic categories: 1. permanent water bodies, 2. temporarily flooded areas, 3. wet 
grasslands, 4. dry grasslands, 5. common reed and 6. deciduous forest. In terms of vegetation 
mapping, the majority of species identified in situ (listed in Table 1) had to be merged into two main 
categories: wet grassland habitat and dry grassland habitat. Concerning water stagnation mapping, 
it was possible to classify permanent water bodies and temporarily flooded areas. This second 
category includes the partially flooded grasslands that could be identified and mapped through 
the Shannon Entropy decomposition exploiting the double bounce effect. 

At the beginning of the project, the S1A imagery was identified as a primary dataset for 
thematic mapping. However, the S1A results achieved in this study show an important limitation 
of this type of data for the purpose of a detailed wetland mapping. Advantages of S1A include its 
large area coverage and the possibility to extract information on partially flooded grasslands for 
the whole Biebrza valley area using the SE. 

The results achieved using time series of TSX/TDX images, especially those taken in fully 
polarimetric mode, show that the wetland mapping of above mentioned classes can be performed 
with satisfying accuracy, better than the one achieved using S1A. The use of the four polarisations 
dataset shows the best accuracy using sigma nought values only. In addition, the use of 
the interferometric coherence, extracted from TSX/TDX images acquired simultaneously, slightly 
increases this accuracy (2.5%).  

The comparison of the results from the different dual polarisations (HH-HV, HH-VV 
and VV-VH) versus the four polarisations leads to the conclusion that standard TSX/TDX product, 
acquired at HH-HV polarisation, provides the best data for wetland mapping. Similarly to S1A, also 
in this case the partially flooded vegetation can be properly extracted using SE: in this case there is 
the additional advantage of a higher geometric resolution with respect to the S1A dataset. 
The TSX/TDX results achieved in this work lead to the conclusion that TSX/TDX sensors are 
well-suited to the needs of this wetland mapping in terms of water time stagnation and its ecological 
implications, especially for fine oxbows and small floodplain lakes. 
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