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Abstract

:

Earth Observation (EO) data plays a major role in supporting surveying compliance of several multilateral environmental treaties, such as UN-REDD+ (United Nations Reducing Emissions from Deforestation and Degradation). In this context, land cover maps of remote sensing data are the most commonly used EO products and development of adequate classification strategies is an ongoing research topic. However, the availability of meaningful multispectral data sets can be limited due to cloud cover, particularly in the tropics. In such regions, the use of SAR systems (Synthetic Aperture Radar), which are nearly independent form weather conditions, is particularly promising. With an ever-growing number of SAR satellites, as well as the increasing accessibility of SAR data, potentials for multi-frequency remote sensing are becoming numerous. In our study, we evaluate the synergistic contribution of multitemporal L-, C-, and X-band data to tropical land cover mapping. We compare classification outcomes of ALOS-2, RADARSAT-2, and TerraSAR-X datasets for a study site in the Brazilian Amazon using a wrapper approach. After preprocessing and calculation of GLCM texture (Grey Level Co-Occurence), the wrapper utilizes Random Forest classifications to estimate scene importance. Comparing the contribution of different wavelengths, ALOS-2 data perform best in terms of overall classification accuracy, while the classification of TerraSAR-X data yields higher accuracies when compared to the results achieved by RADARSAT-2. Moreover, the wrapper underlines potentials of multi-frequency classification as integration of multi-frequency images is always preferred over multi-temporal, mono-frequent composites. We conclude that, despite distinct advantages of certain sensors, for land cover classification, multi-sensoral integration is beneficial.
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1. Introduction


Land Use and Land Cover Change (LUCC) is a main contributor to many acute environmental problems, constituting a loss of biological diversity [1], intensifying the emission of greenhouse gases [2], and affecting the climate [3,4]. It is hence a major driver of global environmental change [5]. Remote sensing is an important tool, enabling detection and quantification of LUCC on large scales and in regular intervals, emphasizing its prevalent role in LUCC sciences [6]. Mapping and monitoring tropical forests seem particularly relevant, e.g., due to their significant carbon store and rich biodiversity, and remote sensing plays a major role for development of a Measurement, Reporting, and Verification system and the implementation of REDD+ (Reducing Emissions from Deforestation and Degradation). Change detection is closely linked to land cover mapping. While methods exist to directly detect gradients within remote sensing data [7,8], many applications are based on the comparison of land cover products at different points in time [9,10,11].



The Brazilian Amazon is the largest area of tropical rain forest shared by a single country and for many decades it has been particularly affected by LUCC [10,12,13]. Therefore, many studies use remote sensing data to monitor and quantify different types of land transformation, including deforestation [13,14], conservation [15], or land use intensification [16].



Although multispectral systems are well established and widely used for LUCC based remote sensing [10,17], systems utilizing SAR (Synthetic Aperture Radar) offer additional unique properties. SAR sensors are almost weather-independent, enabling a reliable generation of a time series and thus, a regular monitoring of forest cover. Optical systems are negatively affected by clouds and haze, which occur in particular frequency in tropical regions [18]. Moreover, the number of spaceborne SAR sensors significantly increased during the last several years and further missions will be launched in the future [19,20]. With the launch of Sentinel-1 in 2014, the first operational SAR mission is available to offer freely available spaceborne imagery to the public [21,22]. Considering the impact of freely accessible Landsat imagery [23], SAR based remote sensing is expected to become increasingly important over the coming years.



The increasing availability of various SAR sensors also fosters the combination of SAR images acquired at different frequencies. While the SIR-C/X-SAR payload onboard the Endeavour space shuttle provided the first spaceborne, multi-frequency (L-, C-, X-band) SAR datasets [24], various satellite missions are in operation nowadays. Missions such as ALOS-2 (AL2), RADARSAT-2 (RS2), TerraSAR-X (TSX), and the recently launched Sentinel-1 enable a harmonized data acquisition, and thus the generation of multi-frequency data sets, consisting of L-, C, and X-band imagery. Concerning the mapping of LUCC and LULC (Land Use and Land Cover), these wavelengths are often used in different study sites to benefit from the particular backscattering characteristics of various land surfaces (e.g., [25]).



Although X-band data is successfully used for mapping of forests [26], short-wavelength SAR is mainly used for the mapping of low vegetation areas, such as grassland [27], crop types [28], and urban environments [29,30]. On the contrary, L-band sensors are predominantly used for mapping forests and densely vegetated environments [31,32], while, given its median wavelength and high availability, C-band data is used for a very wide range of applications. This includes the mapping of boreal and tropcial forests [33,34,35], and urban areas [29,36]. Additionally, C-band data is widely used for mapping agricultural regions, including crop type mapping and changes in agricultural management [22,37,38,39]. Still, these examples are not exhaustive. Moreover, the results of many studies prove that the mapping accuracies can be increased when using advanced techniques, e.g., interferometry [26,40], spatial features [30,41], and state-of-the-art machine learning methods [42,43].



To further benefit from the positive capabilities of multiple frequency remote sensing, various studies aggregate datasets from different sensors. Li et al. [44] combine multi-temporal ALOS-PALSAR and RS2 products to improve classification accuracies in a tropical context, stressing the positive properties of L-band over C-band.



However, very few studies to date have focused on an encompassing integration of L-, C-, X-band images in the context of land cover mapping. Particularly in the tropics, Wang et al. [45] observe the backscattering characteristics of different wavelengths with regard to pasture monitoring in a South Australian study site, while Naidoo et al. [46] and Naidoo et al. [47] correlate multi-frequency backscatter with above-ground biomass. Similarly, Baghdadi et al. [48] evaluate the potentials of ALOS-PALSAR (L-Band), ASAR (C-Band), and TSX for sugarcane monitoring. Despite these studies, there is still a lack of research concerning land cover mapping.



The aim of this study is to assess the contribution of multi-temporal, multi-frequency SAR data sets, consisting of AL2, RS2 and TSX images, to LULC mapping in a complex study site in in South Western Pará, in the Brazilian Amazon. The study site is significantly affected by the transformation of forests to pasture, including different types of pasture management and secondary regrowth. We assess the relevance of the different images and potential combinations of data from different sensors through a wrapper approach [49]. This approach enables estimating the importance of different scenes via an iterative generation and evaluation of land cover maps using varying combinations of input scenes. We expect the results to support the understanding of the synergetic potentials of different SAR frequencies in the context of tropical mapping, and offer recommendations for future applications.




2. Study Area


The study area lies in South Western Pará state, Brazil, in vicinity to the Novo Progresso municipality (Figure 1). The area is a current deforestation frontier and is also affected by post-deforestation dynamics, such as pasture management and secondary regrowth [10,50]. Cattle ranching is the single most dominant form of agricultural land use in the region, despite a slow shift to soy farming, which has recently been affecting farmers in the neighboring, southern state of Mato Grosso [51]. Hence, with regard to land cover mapping, the aim of this study is to evaluate the potentials of different SAR wavelengths for the separation of the region’s most relevant land cover types, i.e., Primary Forest, Secondary Regrowth, Clean Pasture, Shrubby Pasture, and Water. Within the context of LUCC and management practices, primary forests are forests that are unaltered and in their natural state. After degradation and deforestation, two relevant types of land use exist within the study area: clean pasture is intensively managed land for cattle ranching often associated with tillage and burning patterns. Shrubby pasture is less maintained, with bushes and signs of secondary succession. Lastly, secondary regrowth describes areas that are not managed anymore and are densely vegetated up to the stage of secondary forests.




3. Data


3.1. Remote Sensing Data


For this study, three multi-temporal data sets of current L-, C-, and X-band sensors are considered (Table 1). Available imagery includes wet, intermediate, and dry season images, corresponding to acquisitions in January, March, and June, respectively.



PALSAR-2 on AL2 is an L-band system operated by the Japan Aerospace Exploration Agency (JAXA) [52]. AL2 works at a wavelength of 24 cm, which marks the longest currently available wavelength from a spaceborne SAR system for scientific purposes. Long wavelength SAR is generally considered the most promising for the mapping of densely vegetated environments, as the signals can penetrate canopy and backscatter can be correlated to above-ground biomass [25]. Data for this study is available in dual, HH-HV polarization, and acquired in Fine Beam StripMap mode at 10   m   target resolution after multi-looking.



Operated at C-band, RS2 is a satellite of the Canadian Space Agency (CSA), which offers a wavelength of    5.5    cm [53]. Studies have shown RS2 and its predecessor, RADARSAT-1, to be applicable for many purposes, but limitations concerning vegetation mapping are well documented [54]. The available data is acquired in Standard Beam mode, at VV-VH polarization, and, after multi-looking, we approximate the recommended operational resolution at 20   m   [53].



TSX is a German SAR satellite mission for scientific and commercial applications. TSX operates at a wavelength of    3.1    cm [55] and for our study standard StripMap mode data was acquired. While X-band is generally considered less powerful for the mapping of dense vegetation than L-band, due to its high ground resolution and low wavelength TSX could be complementary when used in junction with AL2 data. The recommended nominal resolution of DLR for StripMap TSX imagery is at 5   m  , which we approximate through multi-looking.



The subsets in Figure 2 give an overview of the different data sets. As expected, all scenes indicate temporal variability within pasture areas, e.g., due to grazing activities and management practices, while forest areas cause high backscatter. While the rectangular borders along individual pasture areas appear blurred in the RS2 image, edges along different natural objects can be visually recognized due to the high spatial resolution of TSX.




3.2. Reference Data


We use TerraClass (Mapeamento do Uso e Cobertura da Terra na Amazônica Legal Brasileira) as reference data. TerraClass is an effort by INPE, the Brazilian National Institute for Space Research, to manually digitize LULC for the entire Legal Amazon [56]. TerraClass addresses areas that are considered deforested according to PRODES [57], and differentiates between 17 LULC classes. PRODES (Programa de Monitoramento do Desflorestamento na Amazônia Legal) is an effort by Brazilian authorities to detect and map deforestation sites based on Landsat and the Moderate Resolution Imaging Spectroradiometer (MODIS) earth observation data, at a minimum mapping unit of    6 . 5       h a   . Due to its exhaustive coverage, and the regional expertise of the interpreters, TerraClass products are considered a meaningful foundation to derive large scale, high quality reference data. As TerraClass is built on 2014 data, comparisons with past TerraClass products (2008, 2010, 2012), show that dynamics can overall be neglected considering the scale of interest. Additionally, our own interpretation using additional RapidEye imagery of 2014 and 2015 furthermore attests its validity. To counteract ambiguities caused by recent deforestation, we use current PRODES data to mask out latest deforestation sites, as deforestation is the most dominant land cover dynamic in the study region [58]. While TerraClass encompasses 17 classes, many of these are either not present in the study area (e.g., mining), or they are considered potentially inseparable using the given classification approach and data sets. Therefore, some classes are semantically aggregated into five target LULC classes Primary Forest, Secondary Regrowth, Clean Pasture, Shrubby Pasture, and Water. Concerning classes of interest within the study area, primary forest is analogous to TerraClass’ forest class, secondary regrowth is composed of TerraClass’ secondary vegetation and regeneration with pasture classes, clean pasture is a combination of TerraClass’ pasture with exposed soil and clean pasture, while shrubby pasture and water are used synonymously. Masked out are the four TerraClass classes encompassing recent deforestation, other areas, utilization, and non observed areas. In summary, reference areas encompass    277.3      k      m 2     for forest,    208.1      k      m 2     for clean pasture,    24.2      k      m 2     for shrubby pasture,    40.9      k      m 2     for secondary vegetation, and    0.4      k      m 2     for water, while    18.5      k      m 2     are masked out. These areas are rasterized into an image of 5 by 5 m pixel resolution to sample pixels for training and testing. Due to TerraClass being collected based on optical data, which is predominantly available in the dry season between June and September, areas of clean pasture in the reference data can be assumed to be overrepresented due to intra-annual dynamics [59].





4. Methods


4.1. Preprocessing


All data sets are processed following current standard practices. In a first step, Single Look Complex (SLC) data of all sensors is radiometrically corrected to yield    γ 0    terrain-flattened, normalized data [60]. Multi-looking is applied to approximate target resolutions of AL2, RS2, and TSX, at 10 m, 20 m and 5 m, respectively. Afterwards, Range-Doppler Terrain-Correction with an 3 s SRTM is performed. Images are projected into Lambert Azimuthal Equal Area using the SAD69 spheroid, which corresponds to the available TerraClass data. Additionally, images are sampled to exactly meet their intended target resolutions. Following findings by Sarker et al. [54], 10 GLCM texture parameters are derived per polarization and scene. Subsequent filtering (GammaMap) is applied on the    γ 0    layers only [61,62]. To ensure homogeneity of the resolutions, these steps are performed using windows of approximately    100   m × 100   m    for any sensor, and the number of grey levels is adjusted accordingly. The derived texture parameters are Contrast, Dissimilarity, Homogeneity, Angular Second Moment, Energy, Maximum Probability, Entropy, GLCM Mean, GLCM Variance, and GLCM Correlation. While we acknowledge the existence of correlation and redundancy between different GLCM attributes, our own testing in the past showed these effects to be negligible as long as a capable classifier and a sufficient amount of training data are provided. For this study, we utilize the filtered intensity layers in combination with texture parameters, which were derived from the unfiltered products.




4.2. Classification


A random sampling stratified by class is conducted using the reference data set (see Section 3.2). Three thousand samples per class (i.e., Primary Forest, Secondary Regrowth, Clean Pasture, Shrubby Pasture and Water) are selected for classifier training, while the remaining reference data is used for validation. Training samples are drawn point based with a minimal distance of 50   m   to avoid redundancy and reduce the effect of spatial correlation. For testing, locations of all RS2 pixels are considered, and contained TSX as well as AL2 pixels are selected. Polygons are drawn well within the interpreted class borders from the optical and TerraClass reference image. While this might weaken the expressiveness of the classification and its validation for regions at class borders, it ensures that border discrepancies stemming from varying image resolutions are reduced.



Classifications are performed using Random Forest (RF), which is successfully used for various remote sensing applications, including the classification of SAR data [30,43]. A detailed description of RF is given by Breiman [63], and detailed overviews in the context of remote sensing by Belgiu and Drăguţ [64], and Waske and Braun [38].



We apply a wrapper approach [49,65,66,67] with a forward feature search strategy (FFS) to assess the contribution of the different SAR images on the classification accuracy. By sequentially selecting the next most relevant data set, in our study, each SAR acquisition with the corresponding texture layers from both polarizations, the impact of the different data sets on classification accuracy is assessed. A wrapper is based on a classification algorithms (here: RF) and a specified accuracy measure. Let us assume that we have a set of N candidate SAR images    A =   α 1  , … ,  α N     , and a set of selected images    Ω = { }   . A total of N iterations are conducted. At each iteration, unions of   Ω   and any element of A get classified and evaluated, resulting in    | A |    classifications per iteration, with    | A |    the number of elements in A. The candidate image associated with the highest classification accuracy then gets removed from A and integrated into   Ω  . Afterwards, the next iteration commences. The order of selection refers to the relevance of each data set in terms of classification accuracy.



As an accuracy measure, we choose the area adjusted overall accuracy as discussed by Olofsson et al. [68]. For this measure, area adjusted accuracies are derived from a population error matrix. This approach is particularly useful if class occurrences are uneven. In addition, it can be used to yield confidence intervals for the generated accuracy measures. Entries of the population error matrix are estimated by Equation (1):


    p  i j   =  W i    n  i j    n  i  ·     .   



(1)







Contrary to a conventional confusion matrix,    p  i j     are proportion area elements, stemming from the corresponding sample counts    n  i j     of the confusion matrix, and the total area proportion    W i    of class i. Accordingly, the overall accuracy is the sum of the main diagonal of this population error matrix.





5. Results


Table 2 shows the overall accuracies achieved on the individual acquisitions (i.e., iteration 1) and the various combinations, using an RF-based wrapper approach (i.e., iteration 2–9). Confidence intervals of all measures are generated to verify significance.



Comparing all mono-temporal, single-sensor results, i.e., the results achieved in the first wrapper iteration, it can be assessed that the AL2 data yields the highest accuracies, even when the weakest AL2 classification (AL2-Mar, 59.60%) performs better than the best non-AL2 dataset (TSX-Mar, 57.53%). As these accuracies are based on Olofsson et al. [68], calculation of standard errors of these accuracies is also feasible. Having used exhaustive TerraClass data as test data, the associated standard errors are all well below 0.001%. This is also emphasized by a visual interpretation of the best classification results, achieved by a single data source (see Figure 3 for reference). It can further be observed that TSX overall outperforms RS2, which is notable given the wavelength and the area of application, and might be a consequence of the favorable spatial resolution of TSX.



The visual interpretation of the results underlines the strong contribution of AL2 data to tropical land cover mapping. Areas are generally correctly classified, and few misclassifications can be observed. Contrary to TSX and AL2, RS2 shows very high confusion not only between Clean Pasture and Shrubby Pasture, as well as Primary Forests and Secondary Vegetation, but additionally between managed and non-managed regions (e.g., Primary Forest and Shrubby Pasture). Accuracies of RS2 are significantly lower when compared to the results achieved by TSX data, and especially RS2-Mar is a negative outlier.



As expected, the classification accuracy increases steadily with increasing number of acquisitions, ranging from 62.23% up to 69.27%. Comparing the results of iteration 2, it can be assessed that the combination of the AL2-Jan with additional AL2 images performs worst in terms of accuracy. Despite the documented lower accuracies at iteration 1, RS2 offers results that are comparable to AL2 and TSX in terms of accuracy. Nevertheless, the combination of one AL2 and one TSX scene is most adequate, resulting in the highest gain of    3.55    percentage points using the TSX-Jun image. The dataset is complemented by RS2 images in the third iteration. However, from iteration three onwards, and including scenes from all three sensors, the positive impact of additional scenes on the accuracy is significantly reduced. The visual assessment of the classification results (Figure 4) underlines these findings. The numeration in Figure 4 indicates the corresponding iteration of the wrapper approach and the added scene. For example, after selecting AL2-Jan at the first iteration, the TSX acquisition from June is selected at iteration two. Classification of these two scenes results in an area adjusted OA of 65.78%. Although all maps show the general structures of the classified area, some maps are noisy even in homogeneous areas. Borders along the edges appear blurred and hard to identify. This drawback is significantly reduced by combining different data sets.



The contribution of the SAR data to the tropical LULC mapping is also underlined by an analysis of the Producer and User Accuracies (PA, UA). Figure 5 shows the gains in area adjusted UA’s and PA’s achieved by the RF-wrapper approach. Correlating with the receding increase of overall accuracy, UA’s and PA’s mark high gains for the first additional scenes, before the gains are approaching zero. The figure shows that the PA of clean pasture benefits overall very well from the inclusion of further scenes in addition to the original AL2-Jan scene. Figure 6 compares the final multi-temporal, multi-frequency land cover product with the reference data derived by TerraClass. The corresponding confusion matrix is shown in Table 3.



As noted previously, the highest confusion exists between Primary Forest and Secondary Vegetation, as well as between Clean Pasture and Shrubby Pasture. Notably, many Clean Pasture regions are misclassified as Shrubby Pasture, while Shrubby Pasture is generally not labeled Clean Pasture. Additionally, many Primary Forests are classified as Secondary Vegetation and vice versa. While confusion exists between Secondary Vegetation and Shrubby Pasture, it is not as prevalent.




6. Discussion


As expected, the combination of multitemporal SAR data from different sensors sets proves useful for tropical land cover mapping. Obtained overall accuracies are higher than those achieved by single source data sets. The results clearly underline the relevance of the AL2 scenes, which yield the highest accuracies when compared to the TSX and RS2 data. This reflects the general consensus in literature, which acknowledges systems of longer wavelengths to be favorable concerning vegetation mapping [25,47,54]. AL2 is in particular the most adequate sensor for mono-frequent, mono-temporal classifications (Table 2) and, thus, seems sufficient when data availability is limited. A visual interpretation of the classification results confirms these findings (Figure 3). While Primary Forest and Secondary Vegetation tend to be less confused when using AL2 data, Secondary Vegetation is overestimated by TSX data. However, the positive effects of the high spatial resolution of TSX are clearly visible in the classification results. Edges along individual land cover types, e.g., the nearly rectangular pasture area, can be more clearly identified, while these boundaries appear blurred in the results achieved by RS2 and AL2 data. Moreover, the differentiation between managed and unmanaged areas is challenging for RS2 data, indicated by many patches of Primary Forest that are misclassified as Pasture. While any individual AL2 acquisition outperforms any RS2 as well as any TSX scene, the wrapper selects a TSX at the second iteration. Even the combination of one AL2 scene with a RS2 scene outperforms the classification results achieved by two AL2 scenes. The positive impact of combining multi-frequency data is further underlined by the third iteration of the wrapper. After integration of the first TSX scene at the second iteration, RS2 images lead to the strongest gains in accuracy, despite their weak initial performances. Hence, acquisitions of each sensor are utilized after just three iterations, underlining the potential of including multi-frequency SAR images for land cover mapping. This is in accordance with previous findings, e.g., by Naidoo et al. [47], who also document slight advantages of multi-frequency integration, yet remark on limited gains over L-band data alone for the purpose of biomass mapping.



After scenes of each sensor are integrated, gains in accuracy are receding rapidly. Additionally, it appears that the advantages of AL2 and TSX do not appear to transfer over to the subsequent iterations. Two times RS2 is chosen over AL2 and TSX (iterations 5 and 6), yet all scenes are performing very similarly as they yield a low variance in accuracy. The range of accuracies for the fifth iteration is already very narrow at 0.13 pp., and the gain of the fifth over fourth iteration is only at 0.27 pp. The population error matrix (Table 3) reflects the stratified sampling, with Shrubby Pasture and Water being overrepresented. The confusion between pasture areas deserves special attention in particular. While TerraClass products imply Clean Pasture and Shrubby Pasture to be stable over the years, we observe these classes to be very ambiguous. Inspection of the land cover maps shows the confusion of Pasture classes to often affect continuous areas that are misattributed (see Figure 3). Counterintuitively, we observe that Shrubby Pasture areas do not necessarily align with regions of increased backscatter. Reasons might be a high inner-class and intra-annual variance, seasonality overall, and possibly limitations concerning the interpretation of the two classes in the TerraClass dataset. Intra-annual variance is of particular interest, as the underlying SAR acquisitions are spread over the entire dry period, which in general also coincide with a decrease of shrubby, in favor of clean pasture [59]. Since these effects are present in the training as well as testing data, classification outcomes are affected to a certain degree. In particular, results of classifications that might be capable of separating the pasture types might be lessened, as the inherent variance could introduce non-recoverable confusion. This is also indicated by the lower confusion between Secondary Vegetation and Shrubby Pasture, which can be separated more reliably despite being very similar in visual appearance. In contrast, the confusion between Secondary Vegetation and Primary Forest appears to be more random and is distributed spatially, while individual small regions of Secondary Vegetation can generally be made out. Consequently, these classes might not be classified well even with available L-band imagery, which might be a direct consequence of the saturation of L-band in environments of high biomass [69,70]. Comparing the reference classification as shown by Figure 3 with the classification outcomes of the first iteration, TSX shows the potential to improve on the Pasture classes. However, these potentials are not reflected after integration of TSX scenes into the fused product (Figure 4).



Given its low resolution and all of the data being upsampled to TSX’ spatial resolution, RS2 should be affected more positively by spatial autocorrelation than the other sensors, yet these effects appear to be miniscule. Additional tests also show a very limited effect of the chosen upsampling strategy with regard to the confidences of accuracies, which remains on a comparably high level even when just an eighth of the testing data is utilized.



Some factors are not considered in this study. Data is obtained in the standard operation modes of the examined sensors. While other acquisition modes might lead to more similar data sets regarding spatial resolution, spatial extent, or polarization, the authors had no influence in e.g., the acquisition of AL2 data, which is HH-HV polarized. A potential consequence could be a higher gain in accuracy at the second iteration for non-AL2 scenes, as not only the benefits of including an additional wavelength are factored in, but also the benefits of including an additional polarization. As 45 models have to be trained using 15,000 samples with up to 198 features, and the classification of entire images has to be conducted to estimate area adjusted accuracies, the study is effortlessly handled by a common desktop PC (i7-3770 @ 3.40 Ghz). In case of accessible multi-frequency SAR data, it is possible to utilize current open source packages, i.e., ESA’s Snap, GDAL, Python, Q-GIS, to conduct powerful land cover analyses using a combination of standard workflows. Limitations can be caused by a mixture of ascending and descending passes, as well as inconsistent looking directions. Having considered this and not aiming for interferometric accuracy, coregistration of images could be achieved without manual adjustments even at varying looking angles. Reference data was mainly collected using alternative sources, which we highly recommend in any case for conducting land cover analyses on SAR data.




7. Conclusions


In the presented study, the contribution of multi-frequency SAR data to topical land cover mapping was analyzed. However, a complementary integration of additional X- and C-band images yield higher accuracies when compared to the classification of multi-temporal AL2 scenes alone. Moreover, the results show that TSX outperforms RS2 for individual classifications in terms of accuracy. Given a set of multi-frequency imagery, the integration of additional scenes leads to an increase in accuracy, yet this effect is weakened with a growing number of scenes. In addition, advantages of adding multiple AL2 over TSX or RS2 scenes do not exist if an AL2 scene is integrated already. For this reason, when adding scenes to a dataset that is already multi-frequency, advantages of adding certain frequencies are also negligible. Finally, we show that a wrapper can be implemented effortlessly and is very applicable for the identification of most relevant acquisitions. Generally, the results show that the use of multisensor SAR data is worthwhile and the classification accuracy is significantly increased by such data sets. Moreover, classifiers such as Random Forest prove useful in various studies for handling large and multisource data sets. This is particularly important with respect to recent and planned missions with increased revisit times and better spatial resolutions such as Sentinel-1 (C-band), the NASA-ISRO Synthetic Aperture Radar (NISAR, L/S-band), or High Resolution Wide Swath (HRWS, X-band).
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Figure 1. The study area is defined in an area of severe LULC processes and as the intersection of the available L-, C-, and X-band swaths. 
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Figure 2. Composites of the available SAR images consisting of January (red), March (green), and June (blue) acquisitions. 
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Figure 3. Comparison of the single scene mapping capabilities. Scenes are shown that yield the highest overall accuracy per sensor. The bottom right shows the TerraClass reference image. 
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Figure 4. Subsets of the classification result, achieved after each iteration of the wrapper. The classification is based on all specified data sets, e.g., the RS2-Jan is selected as the third data set and added to the AL2-Jan and TSX-Jun, which have been selected beforehand. The classification of these three datasets results in an accuracy of    67.79 %   . 
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Figure 5. Gains in User and Producer Accuracy for wrapper iterations 2–5. 
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Figure 6. Final classification product using multi-temporal, multi-frequency imagery compared to TerraClass reference data set. Note that inconsistent classes from the TerraClass dataset are masked out white. 
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Table 1. SAR images included in wrapper analysis. TerraSAR-X data acquired as StripMap, RADARSAT-2 in Standard Beam mode, and ALOS-2 as Fine Beam StripMap, at 5   m  , 20   m  , and 10   m   targeted ground resolution, respectively.
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	Sensor
	Date





	TerraSAR-X
	2015-01-14



	RADARSAT-2
	2015-01-15



	ALOS-2
	2015-01-23



	TerraSAR-X
	2015-02-27



	RADARSAT-2
	2015-03-04



	ALOS-2
	2015-03-06



	ALOS-2
	2015-06-07



	RADARSAT-2
	2015-06-08



	TerraSAR-X
	2015-06-17
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Table 2. Area adjusted overall accuracy    ( % )    for each dataset and iteration of the wrapper.
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Iteration




	
Scene

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
AL2-Jan

	
62.23

	

	

	

	

	

	

	

	




	
AL2-Mar

	
59.60

	
64.05

	
66.26

	
68.07

	
68.54

	
68.81

	
69.02

	

	




	
AL2-Jun

	
60.62

	
64.50

	
66.75

	
68.26

	
68.64

	
68.87

	
68.97

	
69.21

	




	
RS2-Jan

	
48.93

	
65.56

	
67.79

	

	

	

	

	

	




	
RS2-Mar

	
39.15

	
64.62

	
66.84

	
68.40

	

	

	

	

	




	
RS2-Jun

	
46.76

	
65.28

	
67.23

	
68.26

	
68.64

	
68.87

	

	

	




	
TSX-Jan

	
56.25

	
65.33

	
66.58

	
68.24

	
68.67

	
68.83

	
69.00

	
69.15

	
69.27




	
TSX-Mar

	
57.53

	
65.24

	
66.71

	
68.27

	
68.67

	

	

	

	




	
TSX-Jun

	
55.51

	
65.78
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Table 3. Population error matrix derived from classification of the full dataset and TerraClass reference data. Numbers reflect area adjusted percentages as introduced by Equation (1).
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Reference

	




	
Classification

	
1

	
2

	
3

	
4

	
5

	
Sum

	
User’s Accuracy






	
1 Primary Forest

	
39.27

	
1.94

	
0.27

	
2.04

	
0.00

	
43.51

	
90.26




	
2 Clean Pasture

	
1.13

	
24.05

	
1.00

	
0.79

	
0.00

	
27.01

	
89.04




	
3 Shrubby Pasture

	
2.23

	
8.42

	
2.55

	
1.25

	
0.00

	
14.46

	
17.64




	
4 Secondary Vegetation

	
7.32

	
3.44

	
0.57

	
3.33

	
0.00

	
14.66

	
22.72




	
5 Water

	
0.04

	
0.21

	
0.01

	
0.02

	
0.08

	
0.36

	
22.22




	
Sum

	
49.99

	
38.07

	
4.44

	
7.43

	
0.08

	
100

	




	
Producer’s Accuracy

	
78.56

	
63.17

	
57.43

	
44.81

	
100
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