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Abstract:

 In this work the potential of polarimetric Synthetic Aperture Radar (PolSAR) data of dual-polarized TerraSAR-X (HH/VV) and quad-polarized Radarsat-2 was examined in combination with multispectral Landsat 8 data for unsupervised and supervised classification of tundra land cover types of Richards Island, Canada. The classification accuracies as well as the backscatter and reflectance characteristics were analyzed using reference data collected during three field work campaigns and include in situ data and high resolution airborne photography. The optical data offered an acceptable initial accuracy for the land cover classification. The overall accuracy was increased by the combination of PolSAR and optical data and was up to 71% for unsupervised (Landsat 8 and TerraSAR-X) and up to 87% for supervised classification (Landsat 8 and Radarsat-2) for five tundra land cover types. The decomposition features of the dual and quad-polarized data showed a high sensitivity for the non-vegetated substrate (dominant surface scattering) and wetland vegetation (dominant double bounce and volume scattering). These classes had high potential to be automatically detected with unsupervised classification techniques.
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1. Introduction and Objectives

The ecosystem of the high northern latitudes is affected by the recently changing environmental conditions [1]. With regard to the regional and global implications there is a need for high resolution spatiotemporal information of the Arctic’s surface and the occurring changes. It has been demonstrated that this information can be collected by the use of remotely sensed data from various sources [2]. Remote sensing of the Arctic’s land coverage was primarily carried out by the use of optical sensors [3–6]. The use of optical remote sensing data on the one hand encounters problems in the arctic environment, such as persistent cloud cover and the solar geometry [3] fragmented land cover boundaries, fast changing spectral characteristics and low spectral contrast of land cover types in general [7]. Imaging of Synthetic Aperture Radar (SAR), on the other hand, is not affected by cloud cover and the acquisition is independent of solar illumination due to the active sending of defined electromagnetic pulses. SAR sensors are capable of acquiring data over the whole year at any time with constant quality and independent of external situation. Compared to optical sensors the interpretation of SAR imagery is more challenging and not intuitive. It is based on the physical structure and dielectric properties of the target and not on the spectral properties. The content of information varies with the acquisition parameters [8].

SAR data have been shown to be of value for various applications related to periglacial processes and the Arctic environment in general. The application of SAR interferometry (InSAR) offers ways to measure the ground movement/subsidence related to the freezing and thawing of the active layer [9,10], to solifluction processes [11], or to mass movements, e.g., coastal erosion slumps [12]. InSAR techniques are suited to derive digital elevation models (DEM) of the earth surface. Recently, German TerraSAR-X [13] and TanDEM-X [14] satellites performed global InSAR measurements in a helix configuration of the two satellite orbits. Single polarimetric SAR data has been used for the characterization of arctic landscapes, e.g., Regmi et al. [15] used TerraSAR-X imagery for the characterization of post-drainage succession in thermokarst lake basins. The backscatter characteristics of ASAR data were used in time series analysis for mapping of freeze and thaw cycles as shown by Park et al. [16]. Similarly, SAR data have been used widely for the characterization of snow and ice [17,18] and glacial processes [19].

The analysis of polarimetric SAR data (PolSAR) has shown previously to be suitable for land cover characterization (e.g., in terms of biomass [20]) or land cover classification for various ecosystems (e.g., tropics) and anthropogenic disturbed landscapes, such as urban areas [21] or agricultural regions [22]. Few research projects have addressed the use of PolSAR data for land cover characterization and classification of tundra environments. Collingwood et al. [23] showed the usage of quad-polarized Radarsat-2 data for the modeling of above-ground phytomass for high arctic environment. The findings indicate that the data are sensitive for specific cover types of the area of investigation. PolSAR data from TerraSAR-X and Radarsat-2 have been applied to detect snowmelt events in the Lena Delta (Russia) and were identified as meaningful for the delineation of geomorphological units [24]. Quad-polarized Radarsat-2, as well as dual-polarized TerraSAR-X imagery, was shown to be suitable in previous work for land cover classification of artic coastal regions of the southern Beaufort Sea [25–27]. The information on the arctic land cover is of interest for detection and quantification of sudden changes (e.g., large scale erosion) [28] and for the quantification and monitoring of vegetation succession. This succession is likely to take place due to recently changing environmental parameters (e.g., climate change). A quantification and monitoring of Arctic vegetation is of interest with respect to the estimation of the carbon stock and the carbon flux [4,5,29]. Beside this information on coverage is of interest for assessment in case of oil disasters [30,31].

The objective of this research is to evaluate the potential of PolSAR data of X-Band and C-Band of TerraSAR-X and Radarsat-2 for land cover characterization and classification of the arctic environment of Richards Island, Canada. In addition the combined use of optical Landsat 8 and PolSAR data is investigated for land cover classification. The major objectives of this study are formulated as follows:


	Evaluation of the amplitudes as well as decomposition features of dual-polarized and quad-polarized X- and C-Band data for the characterization of the tundra land cover. The short wavelengths of X (∼2–3 cm)—and C (∼5–6 cm)—Bands are assumed to be suitable to characterize the comparatively small vegetation, wetlands and open substrates of Richards Island. For the evaluation of the PolSAR data the following hypotheses are stated:


	○

	Wetland vegetation shows a high double bounce backscattering due to the interaction of the electromagnetic wave with the water and the stem of the vegetation forming a strong reflector.



	○

	It is expected that the open substrate without vegetation cover causes a high surface scattering, respectively dominant single bounce directly from the surface (depending on the roughness).



	○

	Closed tundra vegetation is expected to show distinct volume or mixed scattering depending on the type of vegetation. It is assumed that an increasing shrub density causes a higher volume backscattering since the volume of the vegetation body is bigger compared to the grass and herb dominated vegetation formations. In analogy to this it is expected that small vegetation such as low grasses and herbs cause a low volume scattering but a relatively high surface scattering.








According to these hypotheses the PolSAR data facilitate the characterization of the tundra landscapes based on the physical structure of the coverage and they give complementary information to optical data. This is of value in accurate land cover classification and to consistently monitor arctic land surface properties.


	It is further a goal to investigate the potential of PolSAR data and of multi-sensor PolSAR and optical data in unsupervised and supervised land cover classification. A focus lies on the application of the unsupervised classification, since reference information on the Artic land cover is usually sparse due to limited accessibility. The circumference of the Arctic further makes an automated system desirable.




The analysis concentrates on a small number of general tundra land cover types that are anticipated to be detectable by the PolSAR systems. The chosen classes are meaningful as indicators of the change of the northern high latitude ecosystem and of ecological sensitive regions, such as shrub or wetland dominated regions.

Section two of this contribution gives information on the environment of the test site Richards Island, Canada. Section three provides information on the reference data, the PolSAR and optical data. The methodology of the unsupervised and supervised classifiers is shown in this section as well. Results of the boxplot, scatterplot and separability analysis are shown in section four along with the results from unsupervised and supervised land cover classification. Finally section five provides conclusions and a summary of this study.



2. Test Site Description

The test site of this study is Richards Island, Northwest Territories, Canada—located at about 69° Northern Latitude and 133° Western Longitude (Figure 1). The island is separated from the mainland by the East Channel of the Mackenzie River in the south, by the channels of the Mackenzie delta complex in the west and by the ocean of the southern Beaufort Sea in the north and east. It is part of the greater Mackenzie Delta Region and directly neighboring the Mackenzie Delta complex.

Figure 1. (Left) TanDEM-X digital elevation model 2012 and location of visited sites (in situ data); (Right) and Landsat 8 Greenness 2013 of Richards Island, Northwest Territories, Canada.
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The Mackenzie Delta coastal region is part of the Beaufort-Mackenzie Delta Basin (Northern Beaufort Continental Shelf) and bounded to the north by the Arctic Ocean [32]. As part of the subarctic ecosystem the climatic situation of the area is forced mainly by orbital parameters and shows a strong seasonality with distinct summer and winter conditions and a relatively short transition time in spring and autumn. The summers are short and cool, winters long and cold. Precipitation is low throughout the year and shows a peak in the summer and fall months [33]. The region is part of the continuous permafrost zone. The average ground temperatures are low and range from −10 °C to 0 °C. The surface is underlaid by ice-bearing permafrost (IBPF). The IBPF can have a thickness of several hundreds of meters up to a maximum of about 700 m under the central part of Richards Island [34]. While the surrounding sediments show a distinct thickness of IBPF, the Mackenzie valley and modern delta complex itself have in general a lower thickness of IBPF due to the warming effects of water bodies [34].

The vegetation of the Greater Mackenzie Delta region is characterized by four general zones: (1) the open spruce boreal woodlands in the south of the Mackenzie valley and on the flanking uplands (Caribou Hills and Richards Mountains); (2) a zone with a transition from forest to tundra separated by the tree line; (3) the tundra formations north of the tree line in the delta and on the uplands; (4) wetlands with sedge formations at the flat outer delta plains [35]. Richards Island is part of the third zone. The vegetation is characterized as low arctic tundra (see Figure 2); grass, sedges and dwarf shrubs dominate the land cover, while the surficial cover is dominated by small herbs and mosses. The growing season is short and peaks in summer. Many regions show a hummocky structure of the ground. Wetlands appear inland at creeks and drained lakes and in association with shallow inshore waters. The vegetation of these wetlands is dominated by tussocks, sedges and small reeds [33,35]. The active geomorphology is visible in the form of erosion slumps. These are usually in association with polygonal ice complexes and at the water/land boundary of ocean, river and lake shores [36]. The eco- and geosystem of greater Mackenzie Delta Region is a habitat for many mammals and bird species and it is of high ecological value.

Figure 2. Field Photographs of Richards Island showing bare ground (a,b), coastal mudflat (c), low grass dominated tundra (d,e), coastal wetland (f), mixed tundra (g,h), coastal cliff with beach zone (i), shrub dominated tundra (j,k), coastal erosion slumps (l), wetland (m,n) and inland lakes (o).
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3. Data and Methods

For this research polarized SAR data of TerraSAR-X (TSX) and Radarsat-2 (R-2) of Richards Island have been acquired in 2012 and 2010 (Table 1). Landsat 8 data were acquired in 2013 as well. These data sources were used to characterize and classify the land cover with respect to ground truth reference data. The classification was done in unsupervised and supervised way using data of each single sensor and a combination of SAR and optical data.

Table 1. Acquisition parameters of TerraSAR-X (TSX), Radarsat-2 (R-2) and Landsat 8 (L 8) imagery.


	Sensor
	AcquisitionDate
	Incidence Angle
	Polarization
	AcquisitionMode
	Resampled Resolution





	L 8
	2 August 2013
	n/a
	n/a
	n/a
	30.0 m



	TSX
	13 August 2012
	30.6°
	HH/VV
	Stripmap
	12.0 m



	TSX
	4 September 2012
	31.6°
	HH/VV
	Stripmap
	12.0 m



	TSX
	15 September 2012
	32.1°
	HH/VV
	Stripmap
	12.0 m



	TSX
	26 September 2012
	32.7°
	HH/VV
	Stripmap
	12.0 m



	R-2
	5 August 2010
	46.1°
	HH/HV/VH/VV
	Fine
	12.0 m



	R-2
	25 August 2010
	40.7°
	HH/HV/VH/VV
	Fine
	12.0 m









3.1. PolSAR Data

The information content of SAR data is a function of the acquisition parameters (e.g., incidence angle, polarization, wavelength or acquisition mode) and the target parameters (e.g., dielectric properties, physical structure or orientation). The acquisition parameters are chosen in accordance with the capacities of the imaging SAR system and are defined variables. The target properties are variable and are the variables of interest. Microwave radiation can transit targets depending on the properties of this target; the penetration depth increases with the wavelength. Depending on the wavelength of the SAR system information on the structure below the canopy of vegetation or even information on near surface conditions can be collected. The data can be used to model the type of backscatter via polarimetric analysis.

Most SAR systems are able to send and receive not only one single polarization channel but multiple channels in different polarizations simultaneously in vertical (V) or horizontal (H) polarization—such as HH, VV, HV or VH, where the first letter describes the transmitted polarization and the second letter, the received polarization for products of R-2 and TSX. Information of more than one polarization channel can be used to characterize the type of backscattering via polarimetric analysis [37]. Two types of polarimetric systems are commonly distinguished: (1) the full or quad-polarized systems and (2) the dual-polarized systems. The former are able to acquire four polarization channels simultaneously and coherently. The quad-polarized data have been widely used for backscatter modelling [38,39]. The systems Radarsat-2 and ALOS [40] (and in future ALOS-2 [41]) are able to acquire data in this mode. The dual-polarized systems have in general a higher resolution compared to the quad-polarized systems when working with the same wavelength. They acquire two out of the four polarization channels; either the cross-polarized information (HH/HV or VV/VH) or the co-polarized information (HH/VV) coherently. The recently launched Sentinel-1, Radarsat-2 and TerraSAR-X satellites are able to acquire the cross-polarized information. Few systems such as TerraSAR-X, PAZ and COSMO-Skymed are designed to acquire the co-polarized information coherently. The co-polarized information can be used to model backscattering types such as double bounce or surface scattering. The cross-polarized information is known to be sensitive to volume scattering processes and can be related to the type and structure of vegetation [37]. The backscattering processes can be simplified to three general types: double bounce scattering, surface or odd bounce scattering and volume or randomly oriented dipoles [7].


3.1.1. Representations of PolSAR Data

The information of polarimetric SAR data is commonly stored in the form of the Sinclair matrix (S-Matrix), where a pixel has a complex value (real and imaginary part) for each polarimetric channel. When PolSAR data are multi-looked the data is usually converted to one of the following matrices: the Coherency Matrix (T-Matrix) and the Covariance Matrix (C-Matrix) [37]. T-, and C- Matrices can be converted into each other by linear transformations [37]. In polarimetric analysis commonly a complex Wishart Distribution (multivariate χ2 distribution) for multi-looked data is anticipated for C- and T-Matrix [42].



3.1.2. Decomposition of PolSAR Data

Several concepts exist to generate polarimetric features that facilitate the interpretation of the PolSAR signal in terms of the backscattering processes. These concepts are decomposing the total received energy (the sum of all acquired polarimetric channels and called span) into individual components. The frequently used decomposition models are Power Decompositions (e.g., Freeman-Durden Decomposition [43] and the Yamaguchi Decomposition [44]) and Eigendecompositions (e.g., Cloude Pottiers’ Entropy/Alpha decomposition [45]). Most of these models were designed for the usage of quad-polarized data but some of them can be adapted to dual-polarized data as specified in the following. The decomposition models are designed to characterize the SAR backscattering process and to facilitate the interpretation and classification of the PolSAR signal; these features help to evaluate the relation between the SAR signal and physical parameters of the earth surface, e.g., the biomass, moisture conditions or land cover properties. The characteristics of the PolSAR data of R-2 and TSX will be analyzed based on Cloude Pottiers’ Entropy/Alpha decomposition for dual-polarized and quad-polarized data and on two and three component Power decomposition. These models provide an effective characterization of the land cover. The computation and interpretation is described in the following.

The four component Yamaguchi Decomposition [44] is decomposing the span into the scattering power components of surface scattering, double bounce, volume scattering and helix scattering. It is based on the spatial average Coherency Matrix (T-Matrix) of quad-polarized data. This decomposition scheme is frequently applied as three component model decomposing the span in the power components of surface scattering Ps (ODD), double bounce Pd (DBL) and volume scattering Pv (VOL) Equation (1) [37].



[image: there is no content]



(1)




The models of surface and double bounce are based on the co-polarized information and a straight forward approach is to decompose the span of a co-polarized system into the scattering power components of surface Ps (ODD) and double bounce Pd (DBL) Equation (2). The scattering power components volume and helix scattering are not obtainable due to the missing cross-polarized information [27,37]. The obtained features double bounce and odd bounce are different from a quad polarized system since they are not adjusted to the cross-polarized information, e.g. there is no adjustment using the volume scattering. The equation can be solved in analogy to the four/three component decomposition model [37,44].
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(2)




A RGB false color images of quad-polarized Yamaguchi Decomposition of R-2 and dual-polarized Two Component Decomposition of TSX are shown for Richards Island in Figure 3. Yellowish and reddish colors correspond mainly to the wetlands of the delta complex and the East Channel. The bluish and turquois colors indicate bare substrate and sparse vegetation areas.

Figure 3. (Left) RGB false color composite of Radarsat-2 quad-polarized data with R = double bounce, G = volume scattering, B = odd bounce; (Right) RGB false color composite of co-polarized TerraSAR-X data with R = double bounce, G = odd bounce, B = difference between double and odd bounce. Data are shown as sigma nought intensities.
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Coherency and Covariance Matrix of dual or quad-polarized systems can further be decomposed using the Eigendecomposition approach [38,39]. For dual-polarized system two eigenvalues λ and two eigenvectors μ are obtained. For quad-polarized data—under assumption of reciprocity—three eigenvalues and three eigenvectors are obtained [45]. The Eigenvalues of T- and C-Matrix are real and the same, whereas the eigenvectors differ from each other. Eigenvalue and eigenvector based Entropy/Alpha Decomposition was shown by Cloude and Pottier [45]. The features Entropy H and Alpha α describe the backscattering properties of pixel in an incoherent way. The Entropy (Equation (3), Parameter n is the number of eigenvalues) can be interpreted as the degree of randomness of the backscattering signal [45]. The Entropy is calculated via the pseudo probabilities p of the eigenvalues Equation (4). It is described by the logarithmic sum of the pseudo probabilities and ranges from zero to one. Alpha is the sum of inverse cosine of the absolute value of the eigenvectors weighted by the pseudo probabilities Equation (5). The Alpha of T-Matrix indicates the type of backscattering. Low Alpha values describe single bounce, medium Alpha values describe volume scattering and high Alpha values indicate dominant double bounce scattering. Alpha is usually shown as scattering angle between zero and ninety degrees. In the following Alpha is shown in the interval zero to one. Total backscattered energy is the sum of the eigenvalues (span) [45]. This decomposition can be applied to dual-polarized data as well [46,47].
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(3)
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(4)
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(5)






3.1.3. Processing Chain

The data of TSX were imaged as dual-polarized data (HH/VV), where the channels are phase coherent. The data of R-2 were acquired in quad-polarized mode with coherency of all channels (HH, HV, VH and VV). For quad-polarized data reciprocity (HV = VH) was assumed for all the following operations. From the quad-polarized R-2 data a polarimetric subset (HH/HV) was done. The geometric location error after terrain correction between R-2 and TSX data was less than 10 m. TSX and R-2 imagery were processed according to the following steps. Steps (1) to (6) were processed Next ESA SAR Toolbox (NEST Version 5.1). Steps (7) to (9) were processed in Exelis IDL8.2/ENVI 5.0.


	(1)

	Level 1 data import (SSC, SLC) and calibration from digital numbers to beta nought reflectance values;



	(2)

	Adjustment of pixel-size (square pixel on ground), derivation of scattering Matrix and subsequent boxcar speckle filtering [48,49];



	(3)

	Geometric Terrain Correction to Universal Transverse Mercator (UTM) Zone 8 North (WGS84 ellipsoid) with twelve meter resolution (bilinear interpolation) using Range Doppler approach and TanDEM-X digital elevation model data [50,51];



	(4)

	Radiometric calibration to sigma nought using the projected local incidence angle from TanDEM-X digital elevation model [52];



	(5)

	Non-Local-Means post filtering of Scattering Matrix intensities with a patch window size of 3 × 3 pixels, a search window size of 31 × 31 pixels. The Non-Local-Means filter used is similar to the Buades’ Non-Local Filter [53] and applied here for image generalization. The parameterization was done semi-automatically. The application and the effectiveness of Non-Local-Means filtering of PolSAR data was shown for example in [54,55];



	(6)

	Cloude Pottiers’ Entropy/Alpha Decomposition, Three Component Yamaguchi Decomposition and Two Component Decomposition;



	(7)

	Mosaicing of TSX and R-2 data (Table 1) and color balancing using ENVI’s mosaic function.








3.2. Landsat 8 Multispectral Data

Landsat 8 multispectral imagery of Richards Island was acquired in August 2013 [56], contemporaneously to field work. The cloud free data were processed to geocoded Level 1T and corrected to the top of atmosphere reflectance (TOA) using the scene specific metadata. The data were manually referenced to the SAR data (image-to-image) with an estimated location error of less than 20 m. The data were projected to Universal Trans Mercator (UTM) Zone 8 North using WGS84 ellipsoid with a spatial resolution of 30 m. From the TOA reflectances Normalized Difference Vegetation Index (NDVI) was calculated as well as Brightness, Greenness (see Figure 1) and Wetness using the tasseled cap transformation [57].



3.3. Reference Data

Land cover reference data for Richards Island were collected during three field work campaigns in 2010, 2012 and 2013. Test sites were visited and ground control points of representative locations were surveyed using GPS field instruments. In addition, airborne photos taken during the Polar 5 Campaign (Dr. Hartmann and Dr. Sachs) in summer 2012 and 2013 by the Alfred Wegener Institute (AWI) and airborne photos taken from helicopter observation in 2012 were used as reference. The data mapped during the campaigns were aggregated in six general land cover classes with respect to [35]. The in-situ criteria for the cut-off between classes were the heights of the formations and the percent coverage of shrubs. Field photographs of the land cover from top and angular view and airborne photography of Richards Island are shown in Figure 2. The land cover classes of interest for this study are:


	Water (NWA): Open water areas such as river, lakes and ocean. Thermokarst processes have led to a high number of small and big inland lakes.


	Bare Substrate (NBG): Non-vegetated open substrate of varying grain sizes and bedrock. Mudflats are present at the west coast of Richards Island near the bay of West Point and the Burnt Creek. Elongated spits are present east of the North Head of Richards Island.


	Low/Grass and Herb Dominated Tundra (VLD): Closed tundra vegetation cover less than 20 cm height dominated by formations of grasses, mosses and small herbs, no shrubs. Low tundra formations are common at the north head of Richards Island, at the surroundings of Madison Bay towards Summer Island and at the hill tops south close to the Mackenzie East Channel. In general the occurrence is observed with increasing elevation and at exposed areas, such as hill tops. Locations are comparably dry.


	Medium/Herb Dominated Tundra (VMD): Closed tundra vegetation cover less than 50 cm height dominated by formations of herbs and dwarf shrubs. The percent coverage of shrubs is less than 50%. This type of mixed tundra is frequent at the transition between exposed uplands and low lying plains and creeks.


	High/Shrub Dominated Tundra (VSD): Closed tundra vegetation cover usually less than 100 cm height dominated by formations of dwarf shrubs. The percent coverage of shrubs is higher than 50%. Areas of extensive shrub dominance are present on Richards Island at the leeward side of the hills and brims. In general the frequency of shrub coverage decreases from south to north, from east to west and from high to low elevation.


	Wetlands (VWT): Vegetated areas in standing water usually dominated by sedge formations. Coastal Wetlands are present at the western boundary of Richards Island located at the delta complex of the Bird Sanctuary. Wetlands frequently occur inland at creeks and drained lakes and in association with shallow inshore waters (e.g., the Mackenzie East Channel).




In total, 50 plots were surveyed in situ during the field work with a plot size of 90 × 90 m. (see Figure 1). The number of samples was increased using the airborne reference data. These new samples were taken from homogeneous regions located close to the in-situ sites. The same number of samples was collected for each class. The reference data were cross validated with the TanDEM-X digital elevation model to avoid systematic topographic effects (e.g., slope or aspect dependencies) and misinterpretation. None of the classes showed a noticeable anomaly. To minimize the variance in the feature space water bodies (class NWA) were masked out in advance using vector reference data from [58] (see Figure 1). The remaining reference samples of the classes NBG, VLD, VMD, VSD, and VWT were used to estimate the accuracies of the land cover classifications (see Section 3.4.3. Accuracy Assessment). These samples were used as well for the scatterplot, correlation, and separability analysis.



3.4. Classification

The classification of the SAR and Landsat 8 data was done in unsupervised and supervised mode. The unsupervised classification was done using methods similar to unsupervised PolSAR Wishart Maximum Likelihood classifiers [42,45,59]. For supervised classification ENVI’s Maximum Likelihood Classifier was used. The PolSAR data used for the classification processed as described above. The reflectance values (TOA) of Landsat 8 and the Greenness were used in the classification. A standardization and normalization with respect to mean µ and standard deviation σ was done when combining data from different sources, e.g., combining TSX and Landsat 8 data. For Landsat 8 and for the combination of Landsat 8 and SAR data a Multivariate Gaussian Normal distribution was used in the classification processes; for TSX and R-2 data Wishart Distribution was used for the unsupervised classification process.


3.4.1. Unsupervised Classification Approach

In the unsupervised classification “[…] the attempt is made to find an underlying class structure automatically by organizing the data into groups sharing similar characteristics” [59]. The unsupervised classifiers do not require any training samples. This is favorable when little reference information is available. The unsupervised classifier used in this work is similar to the Maximum Likelihood classifiers used for PolSAR data [42]. It was adapted to operate with optical data and a combination of optical and PolSAR data as well. The classifier is a combination of Jenks-Natural Breaks [60], Fuzzy-K-Means (FKM) from [59] and Maximum Likelihood classifiers (MLC) [42,59].

The effectiveness of MLC in unsupervised classification of quad-polarized PolSAR data has been demonstrated by Lee et al. [42] and the intention of our approach is to provide a MLC scheme that is capable to handle quad- and dual-polarized PolSAR and optical data. It is known that MLC alone is sensitive to the initialization conditions and can become unstable when it is randomly initialized [59]. A more stable and robust performance of the MLC can be realized by estimating the initialization conditions (class statistics) with other classifiers in advance [59]. Canty [59] used FKM classification and Lee et al. [42] a pre-classification based on the three Freeman-Durden Decomposition features. The interpretation of the unsupervised classes is facilitated in the approach of Lee et al. since general PolSAR scattering categories are preserved [42].

In our approach the MLC is initialized by classifying such categories (optical or PolSAR) using the Jenks-Natural-Breaks classifier. This classification is based on a single feature. This feature should be identified as sensitive and meaningful for characterization of the land cover in advance (e.g., the Alpha angle or the NDVI). Since this first estimate of general categories is derived from a single feature, a FKM classification is initialized afterwards with respect to all data. The FKM is applied to each category separately. This makes the FKM fast and robust and increases the number of classes to the number of user-defined output-classes. It preserves the general categories from the Jenks-Natural-Breaks classification. This pre-classification is used to initialize the iterative MLC. The unsupervised classification was performed as listed in the following. A simplified process chart is illustrated in Figure 4.

Figure 4. Simplified process chart of the unsupervised classification approach.
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	(1)

	Jenks Natural Breaks Classification: The classification was initialized on a single feature using Jenks Natural Breaks Classification. This pre-classification defines general categories of backscattering (PolSAR data) or reflectance (Landsat 8).



	(2)

	Variance Analysis: The standard deviation of each pre-class was calculated with respect to all data. The number of sub-classes for a single pre-class was then set by comparing the standard deviations of all pre-classes and with respect to the total number of desired output-classes.



	(3)

	FKM: Each pre-class was classified in its number of sub-classes separately. During the operation a local minimum was iteratively searched in the feature space [59]. This process was stopped when the difference of the fuzzy class membership’s matrices between two iterations reaches a small value. Since the FKM is applied to a subset of the feature space the calculation is fast and robust. This classification preserves the categories of the pre-classification (see dashed lines in Figure 4).



	(4)

	Iterative MLC: The class statistic of the FKM classification was used as input for an iterative MLC. Covariance matrices and mean vectors were calculated if Multivariate Gaussian Normal Distribution was assumed. The sample Coherency Matrices and the cluster means were calculated when Wishart Distribution was assumed. In both cases the rule images were calculated and showed the class memberships for each pixel (the probability that a pixel belongs to a certain class). The classification was done according to the maximum observed probability. The MLC was iteratively repeated until the user-defined convergence criterion was met—when less than a user defined amount of valid pixels changed their class membership between two iterations [42]. The usage of a priori information in Maximum Likelihood Classification is optional [59]. During the MLC the categories of the pre-classification were dissolved.





In unsupervised classification the number of output-classes is usually set to be higher than the number of target land cover classes. Because of this the number unsupervised classes has to be reduced either by expert knowledge or reference data. In the latter case the unsupervised classes can be reduced (merged) with respect to percentaged occurrences of the reference land cover classes. Each unsupervised class can be assigned to the land cover class with the highest occurrence, respectively with respect to the dominating coverage.



3.4.2. Supervised Classification Approach

The supervised classification was done using Maximum-Likelihood Classifier implemented in ENVI. This method has been shown in previous work to be efficient for the classification of general land cover types based on optical data and SAR imagery [26]. It was also chosen with respect to the traceability of the classification process and due to its comparability to the unsupervised classifier. The supervised Maximum-Likelihood classification was performed on the Landsat 8 reflectances and on the scattering matrices of the PolSAR images. It was processed in the following steps.


	(1)

	Training data statistics: Calculation of Covariance matrices and mean vectors for each supervised training sample (region of interest) derived from ground truth reference data.



	(2)

	Creation of the rule images: Formation of the rule images and calculation of the probability values.



	(3)

	Maximum-Likelihood Classification: Classification based to the maximum observed probability of the rule images; respectively the minimum Mahalanobis distance.





The final classification has five classes: NBG, VLD, VMD, VSD and VWT, and the masked water bodies. The supervised classification of tundra land cover has been demonstrated with other techniques such as the Neural Network Classification [23], Minimum Distance Classification [4] or Decision-Tree Classification [7].



3.4.3. Accuracy Assessment

The accuracies of the unsupervised and supervised classification results were estimated using a k-fold cross validation with five experiments (k = 5). During each experiment the total number of samples was split in a training set holding 80% of all reference data and a reference set holding 20% of all reference data. Each reference set was used once to estimate the classification accuracy. Each training set was used once to assign each unsupervised class to a land cover class and to train the supervised classifier. The k-fold cross validation was done to take into account the variation of the data during training and referencing. The confusion matrices were calculated for each experiment [61]. The final assessment was done by averaging the accuracies of all five experiments. The average overall classification accuracies and the average Kappa coefficients [61] were calculated in addition.





4. Results and Discussion

The backscatter characteristics of the PolSAR data and the reflectance characteristics of the Landsat 8 data were analyzed via boxplot, scatterplot, correlation and separability analysis, based on all available land cover reference data (see 3.3 Reference Data). The PolSAR features analyzed in this way were the Amplitudes (HH, HV, and VV), the Power Decomposition Features of TSX and R-2 (DBL, ODD, VOL), Entropy, and Alpha. For Landsat 8 NDVI, Greenness and Brightness were analyzed. The unsupervised and supervised classification was done for each data of a sensor alone and in combination. The results are shown and discussed in the following sub-sections.


4.1. Boxplot Analysis

Features of PolSAR data and Landsat 8 imagery were analyzed with respect to the land cover reference data via boxplot analysis. The boxplots show the 0.5% percentile, the 25% percentile, the 50% percentile (median), the 75% percentile and the 99.5%. Figure 4 shows the intensities (HH, VV, HV) (Figure 5a–e), the power decomposition features double bounce (DBL), surface scattering (ODD) and volume scattering (VOL) (Figure 5f–j) of TSX and R-2, as well as the NDVI, Greenness and Brightness of Landsat 8 (Figure 5k–m). The intensities HH and VV of TSX and R-2 showed little variation in the backscatter values of the vegetation classes VLD, VMD and VSD. HH channels of both systems showed high values for class VWT. The highest variance was observed for both sensors in class NBG. This may be caused by different moisture or roughness conditions of the substrate. R-2 HV intensity showed an increasing backscatter over the vegetation classes VLD, VMD, VSD and VWT and indicates increasing volume (mixed) scattering. The same is true for the R-2 VOL and TSX DBL. For classes VLD, VMD, and VSD these observations are most likely linked to the increasing shrub density. This agrees to the third hypothesis. Both TSX and R-2 DBL features showed high backscatter values in class VWT. This is in accordance with the first hypothesis that vegetation in standing water causes a double bounce signal. Both had the lowest backscatter values in class NBG while ODD showed little variation over all classes. This indicates absence of double bounce scattering and dominant surface scattering and supports the second hypothesis. DBL (TSX and R-2) and VOL/HV (R-2) were identified to be most sensitive to the land cover classes.

Figure 5. Boxplots of selected features of co-polarized TerraSAR-X data (a–d), quad-polarized Radarsat-2 data (e–j) (sigma nought intensities) and Landsat 8 (L 8) (k–m) with respect to ground truth land cover reference data.
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The vegetation indices NDVI and Greenness of L 8 data (Figure 5k,l) increased with the vegetation classes VLD, VMD and VSD. This is in accordance with the results of [5]. NBG reflectances were low with respect to the Greenness and the Brightness (Figure 5m). Class VWT was characterized by comparably low values of all Landsat 8 features. Like the PolSAR features, DBL and VOL/HV, the classes NBG and VWT had distinct positions for NDVI and Greenness. There was less overlap between these classes compared to the PolSAR features as well. Figure 6 shows the boxplots of Entropy/Alpha decomposition for TSX dual-polarized data (HH/VV) (Figure 6a–c), R-2 quad-polarized data (Figure 6d–f) and R-2 dual-polarized data (HH/HV) (Figure 6g–h).

Figure 6. Boxplots of selected features of co-polarized TerraSAR-X data (a–c), quad-polarized Radarsat-2 data (d–f) and Radarsat-2 pseudo HH/HV data (Entropy/Alpha) (g,h) with respect to ground truth land cover reference data.
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The backscattering characteristics of Entropy, Alpha C and Alpha T were similar for R-2 quad-polarized data and the TSX dual-polarized HH/VV data. This supports the findings from [62] that Entropy and Alpha angle of quad-polarized and co-polarized data are similar (although we compared different wavelengths here). The TSX features showed less overlap of the boxes (25%–75% quartile) compared to the R-2 data. This indicates higher sensitivity of the X-Band data for the classes VLD, VMD and VSD and is most likely caused by the increasing shrub density. The Entropy values of R-2 quad-polarized and TSX increased with land cover classes from NBG, VLD, VMD, VSD, to VWT and showed an increasing degree randomness.

Alpha values of the T-Matrix were increasing as well over these classes. This indicates dominant surface scattering for NBG, dominant volume or mixed scattering for the vegetation classes (VLD, VMD and VSD) and dominant double bounce scattering for the class VWT. This observation is in accordance with the hypotheses. Alpha C values (R-2 quad-polarized and TSX) showed no dominant backscattering type with values of Alpha around 0.5 for the classes VLD, VMD and VSD. The analysis of Entropy/Alpha of R-2 dual-polarized data (HH/HV) showed high variance for all classes with high overlap of the boxes. The vegetation classes (VLD, VMD and VSD) had equally high values for Entropy and Alpha. Entropy (TSX and R-2 quad-polarized) and Alpha T (TSX and R-2 quad-polarized) were identified to be most sensitive to the land cover classes.



4.2. Scatterplot, Correlation and Separability Analysis

The feature space positions of the land cover classes for selected features (Figure 7) showed a clear separability between the clusters of NBG and VWT for the power decomposition features of R-2 quad-polarized data (Figure 7a–c) and the TSX dual-polarized data (Figure 7d). The clusters of VLD, VMD and VSD had a high overlap with a tendency to increase from low to high tundra vegetation. The Landsat 8 features (Figure 7e–f) showed a good separation of the NBG; however the class centers of VLD, VMD, VSD and VWT have an overlap.

Figure 7. Scatterplots of selected features of Radarsat-2 quad-polarized data (sigma nought intensity) (R-2) (a–c), TerraSAR-X HH/VV (TSX) (d) and Landsat 8 (L 8) (e–i).



[image: Remotesensing 06 08565f7 1024]





Combining PolSAR and optical features (Figure 7g–i) the centers of NBG and VWT separated well. Classes VLD, VMD and VSD still showed high overlap, but class VLD was better distinguishable compared to the other scatterplots. The combination of TSX DBL or R-2 DBL feature and Landsat 8 Greenness (Figure 7g–h) shows the best separability of all analyzed scatterplots. The separability of VWT from VSD as well as the separability between VSD and VMD was higher compared to any of the other plots. The PolSAR data gave here supplementary information on the land cover in special for the tundra vegetation classes. It is likely to separate this classes best with a combination of optical and PolSAR data.

The linear correlation between all features was investigated analyzing the squared linear Pearson coefficient R2 values calculated in IDL8.3 with the CORRELATE function. This analysis was performed for all classes and for the non-wetland vegetation classes. High correlation values (R2 > 0.5) were observed between the R-2 features DBL and VOL and between Landsat 8 Greenness and Brightness with respect to the classes VLD, VMD and VSD. Correlation was high between TSX DBL and R-2 VOL for all land cover classes (R2 = 0.8). There was no direct linear correlation between any of the PolSAR features and the NDVI nor the Greenness. This is in line with the findings of [23].

Prior to the classification separability of different feature combinations was examined using Jeffries Matusita Distance (JD) and Bhattacharyya Distance (BD) [57]. JD ranges from zero to the square root of two and the range of BD starts at zero and has no upper limit. Separability distances are used to estimate the separability of classes in terms of their statistical distances in the feature space under the assumption of Gaussian Normal Distribution properties. These separability features are also used to select reasonable subsets of bands, when operating with big data stacks or data from different sources. The JD and BD were here examined for the data of the single sensors and in combination with different sensors. The results showed that a combination of optical and PolSAR data as well as PolSAR data from different wavelengths in general enhance the separability of classes in the feature space. The highest separability of BD was observed for the combination of Landsat 8 and R-2 quad-polarized data followed by the combination of TSX and R-2 Quad. High JD and BD values were observed for the classes NBG and VWT and indicated a good separability. Vegetation classes VLD, VMD and VSD showed relatively low JD and BD values for the single sensors.

Again the separability increased for these classes when combining PolSAR and optical data. A relation between the estimated JD and BD and the obtained supervised classification accuracies was examined and showed a positive correlation with R2 values of around 0.7 for JD and 0.5 for BD. The results of the separability analysis indicated that an accurate classification of the classes NBG and VWT can be expected using the data from all single sensors alone. It was also shown that a clear class distinction between the vegetation classes VLD, VMD and VSD can be expected when using data from optical and PolSAR data in combination.



4.3. Classification Results

The land cover classification of the PolSAR and optical data of Richards Island were performed as described in Section 3.4 Classification. The unsupervised Jenks Natural Breaks was initialized with six pre-classes. For the PolSAR data these were derived from the Alpha values of T-Matrix. These pre-classes can be interpreted as general backscattering categories. Whenever Landsat 8 data were integrated in the classification, the Greenness index of the tasseled cap transformation was used. These pre-classes can be interpreted as general Greenness categories. Both features have been shown to be meaningful for the characterization of the land cover classes of interest in the boxplot analysis. The total number of output-classes was fixed to twenty classes and FKM classification was performed. The statistics of these twenty classes were calculated and iterative MLC was initialized. PolSAR and optical data were standardized when they were used in combination.

The convergence criterion was fixed to five percent and convergence of the classifier was observed for all performed classifications after a maximum of twelve iterations. The unsupervised classes were finally merged with respect to each training set derived from the experiments of the k-fold cross validation (see Section 3.4.3 Accuracy Assessment). Each final classification has five land cover classes and the masked water bodies.

The accuracies from unsupervised classification (Table 2a–d) showed that the best classification of the land cover classes using a single source was achieved with Landsat 8 data. The overall classification accuracy was about 71%. The accuracy of an unsupervised classification based on R-2 quad-polarized or TSX data alone was in both cases about 62%. Lowest overall classification accuracy was observed for R-2 HH/HV data with about 56%. All classification results showed accuracies of over 80% for the classes NBG and VWT. On the other hand classification accuracies of classes VLD, VMD and VSD were low and none of the classifications showed a high accuracy. The combination of PolSAR and optical data, as well as the combination of PolSAR data from R-2 and TSX (Table 2e–h) showed an increase in the overall classification accuracies in the range from 2% to 7%. The best classification result was obtained using Landsat 8 and TSX data with an overall accuracy of about 71%. The confusion matrix pointed to a good accuracy for NBG and VWT and showed a minimum accuracy of about 57% for the classes VLD, VMD and VSD. A combination of R-2 quad-polarized and TSX data showed high classification accuracies for NBG and VWT but comparable low accuracies for the vegetation classes VLD, VMD and VSD. The results indicate that the used unsupervised classifier is capable of finding reasonable structures in the feature space of PolSAR and optical data automatically that are in accordance with land cover classes. The best classification results from one single source were obtained with the optical data. The combination of optical and PolSAR data further enhanced the classification accuracy.


Table 2. Averaged Confusion Matrices from k-fold cross validation (k = 5) for unsupervised land cover classification results (a–h). Accuracies are shown in percent (%).
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(c) R-2 QUAD

	
(d) R-2 HH/HV
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(e) Landsat 8 + TSX

	
(f) Landsat 8 + R-2 QUAD
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(g) Landsat 8 + R-2 HH/HV

	
(h) TSX + R-2 QUAD
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The same was true for the results of the supervised classification. Again results from the single sensors alone showed that highest accuracy was obtained using Landsat 8 data, followed by R-2 quad-polarized, TSX HH/VV and R-2 HH/HV (Table 3a–d). Lowest accuracies for all data were observed for the vegetation classes VLD, VMD and VSD. The classes NBG and VWT were classified with a high accuracy. The confusion matrices indicated that the PolSAR data facilitate the differentiation between VLD and VMD, as well as between VSD and VWT classes (Table 3a compared to Table 3f). The accuracies of these classes’ increased compared to the classifications obtained from single sources.


Table 3. Averaged Confusion Matrices from k-fold cross validation (k = 5) for supervised land cover classification results (a–h). Accuracies are shown in percent (%).
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(c) R-2 QUAD

	
(d) R-2 HH/HV
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(e) Landsat 8 + TSX HH/VV

	
(f) Landsat 8 + R-2 QUAD
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(g) Landsat 8 + R-2 HH/HV

	
(h) TSX HH/VV + R-2 QUAD




	






	

	
NBG

	
VLD

	
VMD

	
VSD

	
VWT

	
NBG

	
VLD

	
VMD

	
VSD

	
VWT




	



	






	
NBG

	
98

	
0

	
0

	
0

	
0

	
98

	
0

	
0

	
5

	
0




	
VLD

	
2

	
73

	
8

	
8

	
1

	
0

	
64

	
14

	
10

	
0




	
VMD

	
0

	
21

	
86

	
12

	
0

	
0

	
27

	
78

	
36

	
0




	
VSD

	
0

	
5

	
5

	
78

	
3

	
0

	
8

	
6

	
46

	
2




	
VWT

	
0

	
0

	
1

	
2

	
96

	
2

	
1

	
2

	
3

	
98




	

	

	

	

	
Overall

	
85.4

	

	

	

	
Overall

	
75.5




	

	

	

	

	
Kappa

	
0.81

	

	

	

	
Kappa

	
0.69









The best results was obtained by combining Landsat 8 and R-2 quad-polarized data with an overall classification accuracy of about 87%. The increase of the classification accuracy for combination of Landsat 8 and PolSAR data was observed for the separation of VLD and VMD and for the separation of VSD and VWT. The combination of R-2 and TSX data had positive effect on the classification of the classes VMD and VSD (Table 3b,c compared to Table 3h).

Results of unsupervised and supervised classification for Richards Island are shown in Figure 8. The distribution of the shrub dominated Tundra (VSD) differed between the unsupervised classification (Figure 8a–c) and the supervised classification (Figure 8d)—especially in the central part of the island with many misclassified pixels in the unsupervised classification. As indicated in the previous results wetlands (VWT) and bare ground (NBG) were classified well. The effectiveness of PolSAR data for the classification of wetlands was shown in previous works [49] also for arctic environments [26]. These findings are supported with this study. As shown this is also true for unsupervised classification techniques and these classes have high potential to be automatically detected with unsupervised classification techniques.

Figure 8. Results of unsupervised Jenks-Natural-Breaks classification of Landsat 8 Greenness (a); unsupervised Maximum-Likelihood classification of TerraSAR-X and Landsat 8 with 20 classes (b); unsupervised Maximum-Likelihood of TerraSAR-X and Landsat 8 with classes merged in accordance with in situ reference (c) and supervised classification result of Radarsat-2 and Landsat 8 (d).
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5. Conclusions

The ecosystem of the high northern latitudes is affected by the recently changing environmental conditions and there is a need for spatiotemporal information of the Arctic’s land cover. It was shown that this information can be collected by the use of remotely sensed data from various sources. Remote sensing of the Arctic’s land coverage was primarily carried out by the use of optical sensors and few research projects have addressed the use of polarimetric Synthetic Aperture Radar (PolSAR) data for characterization of tundra environments. Therefore, the potential of X- and C-Band PolSAR data for characterization and classification of tundra land cover was examined in this work.

For this research quad-polarized data from Radarsat-2, dual-polarized HH/VV data from TerraSAR-X and Landsat 8 multispectral data were analyzed for the test site Richards Island (Northwest Territories, Canada). The referencing was based on in situ data collected contemporaneously to the satellite acquisitions and on high resolution airborne photography. The land cover classes of interest were bare ground, tundra vegetation classes (sparse vegetated tundra, mixed tundra, shrub dominated tundra) and wetland areas. The PolSAR Features examined were the components of the Entropy/Alpha decomposition (dual and quad-polarized), of the Yamaguchi Decomposition (quad-polarized data), and of the Two Component Decomposition (co-polarized HH/VV data). From top of atmosphere corrected Landsat 8 data, Normalized Difference Vegetation Index (NDVI) and tasseled caps indices Greenness and Brightness were derived and analyzed.

Outcomes of this study showed that the type of land cover was in relation to the dominant type of backscattering. The PolSAR features were suited for the characterization of the tundra land cover and helped to distinguish types beside their spectral properties. Wetlands showed for example a distinct double bounce backscattering with high values of features of the Power Decomposition (e.g., double bounce) and the Eigendecomposition (e.g., Cloude Pottier’s Alpha). The backscattering from bare substrate was identified as surface scattering with a high range of intensity values. The intensity of double bounce, as well as volume scattering increased with higher vegetation formations and showed relatively low values for sparse vegetated areas and high values for shrub dominated land cover. It was furthermore observed that Alpha values of TerraSAR-X increased with higher density of shrubs. This indicated sensitivity of the X-Band for this type of coverage. However, ambiguities were observed for the mixed tundra land cover type for all analyzed data.

Among the tested PolSAR features of TerraSAR-X the double bounce and the Alpha angle were identified to give best characterization. For the Radarsat-2 quad-polarized data double bounce, volume scattering and the Alpha angle were identified to be of value for the differentiation and characterization of the land cover types. The difference between the PolSAR features of the C-Band quad-polarized and the X-Band co-polarized data were small. However, the cross-polarized information gave additional information and showed distinct backscattering for the shrub formations. This had positive effect on the separability of the classes and the quad-polarized data are favorable for a characterization.

The sensitivity of PolSAR data to the land coverage revealed as well in the unsupervised and supervised classification. There were clear positions in the features space of the PolSAR data for areas dominated by wetlands or bare substrates and the unsupervised as well as the supervised classifiers showed good performance. However, no sufficient classification of the non-wetland vegetation was possible with the PolSAR data—neither from X-Band, C-Band, nor combined X- and C-Band data. The overall accuracies were less than 63% for unsupervised classification and less than 75% for supervised classification.

Acceptable classification results of tundra vegetation required the usage of spectral information. The best classification results were obtained using PolSAR and optical data. The overall accuracies for supervised classification of Landsat 8 and any of the PolSAR data were between 84% and 86%. The best unsupervised classification result was obtained for the combination of Landsat 8 and TerraSAR-X with about 71%.

Future work will concentrate on the spatial and temporal transferability of the approach and also on the possibilities and limitations of an automated unsupervised classification system. For this, an integration of digital elevation model data (e.g., from TanDEM-X mission) in the classification process is planned. Future analysis will also focus on the role of the incidence angle in backscattering process since it has high effect on the backscattering properties of vegetation and on the analysis of longer wavelengths such as L-Band.
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