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Abstract

:

Global-scale forest/non-forest (FNF) maps are of crucial importance for applications like biomass estimation and deforestation monitoring. Global FNF maps based on optical remote sensing data have been produced by the wall-to-wall satellite image analyses or sampling strategies. The German Aerospace Center (DLR) and the Japan Aerospace Exploration Agency (JAXA) also made available their global FNF maps based on synthetic aperture radar (SAR) data. This paper attempted to answer the following scientific question: how comparable are the FNF products derived from optical and SAR data? As test sites we selected the Amazon (tropical rainforest) and Cerrado (tropical savanna) biomes, the two largest Brazilian biomes. Forest estimations from 2015 derived from TanDEM-X (X band; HH polarization) and ALOS-2 (L band; HV polarization) SAR data, as well as forest cover information derived from Landsat 8 optical data were compared with each other at the municipality and image sampling levels. The optical-based forest estimations considered in this study were derived from the MapBiomas project, a Brazilian multi-institutional project to map land use and land cover (LULC) classes of an entire country based on historical time series of Landsat data. In addition to the existing forest maps, a set of 1619 Landsat 8 RGB color composites was used to generate new independent comparison data composed of circular areas with 5-km diameter, which were visually interpreted after image segmentation. The Spearman rank correlation estimated the correlation among the data sets and the paired Mann–Whitney–Wilcoxon tested the hypothesis that the data sets are statistically equal. Results showed that forest maps derived from SAR and optical satellites are statistically different regardless of biome or scale of study (municipality or image sampling), except for the Cerrado´s forest estimations derived from TanDEM-X and ALOS-2. Nevertheless, the percentage of pixels classified as forest or non-forest by both SAR sensors were 90% and 80% for the Amazon and Cerrado biome, respectively, indicating an overall good agreement.
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1. Introduction


Currently, forests cover approximately 4060 million ha in the world [1]. Since 1990, the world has lost about 178 million ha of forests [1], regardless of increasing monitoring, assessment, reporting, planning, stakeholder involvement, and designation of more forestlands as units of biodiversity conservation [2]. The largest losses occurred in the tropical regions of South America and Africa. The increasing demand for food, products, and energy, either from forests themselves (e.g., timbers for exportation) or from the lands replacing the forests (e.g., water reservoirs for hydroelectric power generation and clear-cut terrains for livestock and cropland) is the primary cause of forest loss [3,4]. Government settlement programs, expansion of urban centers, and mining activities are also other major contributors for the forest reduction [5,6]. The construction of new roads also contributes to deforestation, as it increases forest access along the forest edges [7].



Forest loss reduces resources such as timber and water supply for local inhabitants; increases greenhouse gas emission, surface runoff, and soil erosion; while it decreases the prevention of flood events and affects biodiversity richness and forest structure as a consequence, for example, of forest fragmentation and introduction of invasive species [8,9]. Deforestation also alters local and regional climate, since forest trees maintain high levels of evapotranspiration, which is an important source of atmospheric moisture that is recycled back as precipitation [10]. For example, the ongoing clear-cutting deforestation in the Brazilian Amazon is expected to amplify the duration of dry season in this region [11].



Given the importance of forested ecosystem services, the advances in satellite remote sensing technologies and the rapid increase of data availability, forest loss monitoring systems have been produced using consistent and timely satellite remote sensing data at spatial resolutions typically ranging between 10 to 50 m. Two prominent examples are the global forest cover loss maps produced by the University of Maryland, under the Global Land Analysis & Discovery (GLAD) program, based on 30-m resolution, optical Landsat satellite data sets [12] and the JICA-JAXA forest early warning system in the tropics (JJ-FAST), which uses 50-m resolution, L band ALOS-2 ScanSAR data [13].



Brazil, with almost 500 million ha of tropical broadleaf rainforest, semi-deciduous forest, and dry forest (12% of total global forest area) [2], is the leading country in terms of development of tropical forest monitoring systems. Since 1988, the National Institute for Space Research (INPE) has been monitoring deforestation occurring at a scale larger than 6.25 ha in the Brazilian Legal Amazon using Landsat, China-Brazil Earth Resources Satellite (CBERS), and Resourcesat satellite data under the Brazilian Amazon Deforestation Monitoring System by Satellite (PRODES) project [14]. More recently, PRODES project extended the mapping area over the Brazilian tropical savannah (Cerrado), which is much more challenging to monitor deforestation because of the marked climatic seasonality (6-month dry season and another 6-month wet season) and because Cerrado vegetation corresponds to a mosaic of grasslands, shrublands, and forestlands in varying proportions [15].



The German Aerospace Center (DLR) and the Japan Aerospace Exploration Agency (JAXA) proposed independent global forest/non-forest (FNF) maps based on SAR data sets (X and L bands, respectively) [3,16]. SAR systems are attractive for mapping and monitoring forest cover and forest changes since they can obtain images regardless of cloud coverage and solar illumination conditions and they are more sensitive to vegetation structure than optical images, especially at low frequencies [17]. The JAXA´s global FNF map from ALOS data is basically produced considering thresholds of backscattering coefficients to decide if a pixel is classified as forest or as non-forest. On the other hand, the DLR´s FNF map from TanDEM-X data exploits the information coming from the interferometric bistatic coherence as input feature to a clustering algorithm that is acquisition geometry/geographical-dependent. These approaches lead to different accuracies in different regions of the world, depending, for example, on the species composition and vegetation density of each region of the world. When SAR data are taken during dry season, the deciduous and dry forest areas will be underestimated due to the smaller/missing canopy [18]. Besides, forest definition usually varies according to the country or institution, especially in terms of area threshold, minimum tree cover, and tree height [19]. For example, according to the Clean Development Mechanism of the Kyoto Protocol [20], forests are lands with more than 0.05–1.0 ha with canopy cover >10–30% and trees taller than 2–5 m at maturity. One of the most widely used forest definitions is the one proposed by [21]: lands with more than 0.5 ha with canopy cover > 10% and trees taller than 5 m at maturity.



The utilization of these maps has often been hampered because of the uncertainties and inconsistencies mainly related to the presence of different types of ecotones in the forest boundaries, limited availability of optical data during the rainy season, and the use of images from different seasons, demanding for evaluation of accuracy benchmark, as pointed out by [22]. For example, the estimation of CO2 emissions from deforestation, carbon stock, and biomass may be underestimated or overestimated depending on the accuracy of the utilized FNF map. Deforestation monitoring crucially relies on accurate and up-to-date FNF maps to reduce misinterpretations related to changes detected over non-forest land covers. The confusion between forests and other forms of vegetation is one of the main obstacles for reliable operational deforestation detection [23]. Further conversions related to land management practices on already deforested lands (for example, pasture cleaning, cropland replacing pastureland, or sugarcane replacing cropland) are prone to cause false detections. To our best knowledge, studies evaluating the accuracy of FNF maps from DLR and JAXA either globally or at country-based level, by means of field data or high spatial resolution satellite images for performing the validation, have not been addressed yet.



Assessing accuracy of thematic maps involves sampling design (e.g., random, systematic, or stratified), estimation of number of samples, obtaining ground reference data, and univariate and multivariate statistical analysis [24]. Because of the difficulty of obtaining reliable ground reference data sets for consistent validation purposes over wide areas, which is the case of Amazon and Cerrado biomes, we decided to not conduct accuracy analyses of SAR and optical derived FNF maps. Instead, we wanted to analyze if they are statistically equal and correlated, helping to build consistent FNF maps. Within this context, this study aims to address the compatibility between FNF maps derived from SAR and optical images over the Amazon (tropical broadleaf rainfall forest) and Cerrado (tropical broadleaf semi-deciduous and deciduous savannah) biomes.




2. Materials and Methods


2.1. Study Areas


The selected study areas correspond to the Amazon and Cerrado biomes, the two largest biomes in Brazil, located in the northern and central parts of the country, respectively (Figure 1). The Amazon biome occupies an area of approximately 4.18 million km2. About 88% of this biome was originally constituted by dense ombrophylous forest (48%), open ombrophylous forest (25%), and ecotones (15%; transition between forest and savannah, mostly along the boundary between Amazon and Cerrado biomes) [25]. Large occurrences of savannah formations (6%) mainly in the states of Amapá, Roraima, Rondônia, and Pará (~233 thousand km2), with several endemic species of fauna and flora, are also found in the Amazon biome [26]. The remaining native vegetation is mostly composed of mangroves in the coastal part of states of Amapá, Pará, and Maranhão, and campinarana (shrubs and trees dominated vegetation well-adapted to extremely poor soil fertility) [25].



In the period between 2008 and 2019, there was an estimated total of 80,400 km2 of clear-cut deforestation in the Amazon biome, with an average annual rate of 6700 km2 per year [14]. Pará, Rondônia, and Mato Grosso accounted for approximately 80% of total deforested area in this biome. Clear-cutting deforestation in the Amazon biome occurs throughout the year; however, it is more intensive in the end of wet season (March/April) and during the dry season when weather conditions favor access to the forest and logging, though optical-based deforestation monitoring systems typically show the highest levels of deforestation in the peak of the dry season (August/September) because of its less cloud-cover conditions. The branches and trunks are left over in the terrain until the peak of the dry season and then burned. In most of the cases, these areas are converted into pasturelands, croplands, or even abandoned after couple of years, becoming secondary vegetation (regeneration), which are of interest as a source of carbon sink or potential lands for agricultural and livestock expansion. According to the Brazilian Forest Code, 80% of rural properties in this biome need to be preserved by native vegetation [28].



The Cerrado biome occupies approximately 2.04 million km2, and its vegetation is composed by a highly seasonal mosaic of different proportions of grasslands, shrublands, savannah woodlands, deciduous and semi-deciduous forests, and evergreen riparian forests, depending on the region. It is one of 25 world hotspots for biodiversity conservation [29]. The typical Cerrado vegetation ranges from closed or open canopy, deciduous and semi-deciduous forest canopy at a height up to 15 m to natural grasslands with sparse shrubs [30]. This biome hosts more than 12,000 plant species [31] and one third of Brazilian biodiversity, with a high level of endemism [32]. Despite its importance in terms of conservation of biodiversity, only 3% of the biome is permanently protected [33]. The need for conservation on private rural lands, as determined by the Forest Code, is much weaker than in the Amazon biome: 35% if the farm is located in the Brazilian Legal Amazon (a political division that includes all Amazon biome and the remaining areas in the Mato Grosso State and part of Maranhão State); or 20% otherwise.



Approximately 45% of the native vegetation of the Cerrado was already converted into some type of land use by 2017, especially cultivated pastures by Brachiaria species, and rain-fed, annual grain production (mostly soybean, corn, and cotton) [34]. The rate of land use conversion is up to two times higher than the one observed in the Amazon in the past 5 years [14], and most of the native vegetation conversion tends to occur in plateaus that are suitable for intensive, mechanized farming [15]. The conversion is occurring rapidly, especially in the northern part of the biome, where we find a new agricultural frontier known as MATOPIBA (region encompassed by Maranhão, Tocantins, Piauí, and Bahia) [35]. These four states together represent 55% of the loss of native vegetation that recently happened from 2005 to 2017 [34].




2.2. Data Sets


One of the key data sets of this study was the global FNF map of 2015 produced by DLR based on the TerraSAR-X add-on for Digital Elevation Measurement (TanDEM-X) interferometric StripMap SAR data and clipped to the Amazon and Cerrado biomes (Figure 2A) [16,36]. The TanDEM-X mission is the first operational spaceborne bistatic SAR system comprising a constellation of two twin satellites TerraSAR-X and TanDEM-X, launched in 2007 and 2010, respectively, allowing for a flexible data acquisition geometry [37]. The two satellites operate at X band (9.65 GHz frequency, 3.1 cm wavelength) in single (VV, HH, VH or HV), dual (VV+HH) or full (HH+HV+HV+VV) polarizations and different acquisition modes (Spotlight, Stripmap, or ScanSAR). The data utilized for the generation of the FNF map were acquired in bistatic Stripmap single polarization (HH). The primary objective of the TanDEM-X mission was to generate a world-wide, consistent, timely, and unprecedented high-precision digital elevation model (DEM), successfully delivered in 2016 [38]. The DLR´s FNF map was made available at 50-m independent ground resolution and was produced based on more than 500 thousand quick-look images acquired from 2011 until 2015. Quick-looks are obtained by applying a spatial averaging to the corresponding data at full resolution (about 3 m for azimuth and range) and have a ground pixel spacing of about 50 m × 50 m. The utilized algorithm is based on a supervised fuzzy clustering algorithm, where the coherence-derived volume correlation factor, which quantifies the amount of interferometric decorrelation caused by volume scattering phenomena, which typically occur in the presence of vegetation, is used as a primary input feature to the classifier [39]. Because of the variability of the interferometric coherence at X band among different forest types due to changes in forest structure, density, and tree height, three reference data sets were obtained from tropical, temperate, and boreal forests to generate the global FNF map. In this data set, forest was defined based on training areas over tropical (South America), temperate (Europe), and boreal (North Asia) forests.



Water bodies were filtered out in a second stage of processing based on a freely available map of perennial water bodies at the 150 m × 150 m spatial resolution, produced by the Land Cover project of the Climate Change Initiative of the European Space Agency (ESA) [40]. Therefore, water bodies appear as “no data” in the TanDEM-X FNF map. Mountainous areas where forest growth is highly unlikely were also filtered out by deriving a global tree line from the TanDEM-X DEM and ancillary data, that is, a virtual altitude threshold that defines the edge of regions where trees cannot grow, to avoid possible misclassifications due to geometric distortions such as foreshortening, layover, and shadowing [41]. The altitude threshold varies as a function of temperature, moisture conditions, tree species, and, ultimately, as a function of latitude. Urban areas were identified by applying the Global Urban Footprint derived from the full-resolution TanDEM-X backscatter information freely available at the resolution of 2.8 arcsec (75 m–85 m) [42].



Another key data set was the global FNF map of 2015 produced by JAXA based on ortho-rectified (geometric distortion correction) and slope-corrected ALOS-2/PALSAR-2 data obtained over the period of June to September and clipped to the areas of interest (Amazon and Cerrado biomes) (Figure 2B) [43]. The satellite operates at L band (1.25 GHz frequency, 23 cm wavelength) with single (HH), dual (HH+HV) or full (HH+HV+HV+VV) polarization and different acquisition modes (ScanSAR, StripMap, or Spotlight). The JAXA´s FNF map is available at 25-m pixel spacing. In this product, forest is defined as natural forest patches with areas larger than 0.5 ha, trees higher than 5 m and tree canopy cover of more than 10%, following the definition proposed by Food and Agriculture Organization (FAO) [3]. As the HH polarization presents higher levels of confusion between forest and non-forest classes, the global FNF map was produced using only the images obtained in the HV polarization, followed by an object-oriented image classification and by an application of a 5 × 5 median filter. A set of 15 γ° (gamma naught, the backscattering coefficient per area normal to incidence angle) thresholds of forest/non-forest, varying from −20.1 dB to −11.9 dB and obtained from different continents, was used to produce the global FNF map [3]. Water bodies were defined by a series of γ° and geometric density function thresholds and appear as class # 3 (1 = forest; 2 = non-forest; 3 = water body) in the JAXA´s FNF map. Previous studies have demonstrated the strength of the ALOS data for forest cover assessment [44,45].



Additionally, we utilized external reference FNF maps from the Amazon and Cerrado biomes, derived from optical remote sensing data. In this study, we considered the LULC map of Brazil produced by the MapBiomas Project [46,47]. MapBiomas is a Brazilian multi-institutional initiative involving federal universities, non-governmental organizations, and private companies to map LULC classes of the entire country at the annual basis using time series of Landsat images available in the cloud computing, Google Earth Engine platform. All cloud-free pixels of Landsat scenes from a specific year are processed by the Random Forest classifier to determine, pixel by pixel, the most statistically probable LULC class. Currently, it is the most detailed and updated LULC data available in Brazil on an annual basis and at national level. The average overall accuracy of the LULC time-series, based on stratified random samples of 75,000 Landsat pixels, was 89%, ranging from 73% to 95%, depending on the biome [47]. Specifically, we utilized the map produced for the year 2015 (MapBiomas v. 4.1), clipped to the boundaries of the two investigated biomes. In this project, forest was defined based on the three-level, hierarchical Brazilian vegetation classification system proposed by the Brazilian Institute for Geography and Statistics (IBGE) [24].



Another data set considered in this study was a systematic sampling composed of a circular area of 5 km diameter taken every 0.5 degrees. We used Landsat 8 OLI images acquired in 2015 over the Amazon and the Cerrado biomes (378 images, one image per path/row, paths ranging from 001 to 006 and from 217 to 233 and rows from 57 to 77) that were visually interpreted. Because of the high cloud cover conditions and poor radiometric quality, 176 images, mostly from the Amazon biome, were not included in this data set. Most of the images were acquired between August and September (peak of the dry season in both biomes).




2.3. Methodological Approach


The forest cover data derived by the TanDEM-X, ALOS-2, and Landsat 8 satellites (MapBiomas products) were statistically compared at the levels of biome and municipality. More specifically, the forest cover data from TanDEM-X, ALOS-2, and MapBiomas project were split into two biomes (Amazon and Cerrado) and then into 532 and 1326 municipalities located in these two biomes, respectively. Since both SAR-derived FNF maps present different pixel spacing (ALOS-2 = 25 m; TanDEM-X = 50 m), we also included, in our analysis, the FNF map derived from ALOS-2 resampled to the pixel spacing of 50 m. In this last case, the resampling procedure was performed using the nearest neighbor method. Figure 3 shows the flowchart of the methodological approach, highlighting the steps involved in the Landsat 8 image processing, geographical information system (GIS) data processing, and the non-parametric statistical tests considered in the data analysis.



The SAR-derived FNF maps were also compared with the forest cover estimations produced by the authors by visual interpretation of ortho-rectified Landsat 8 OLI scenes from 2015, available in the Earth Explorer user interface from the U.S. Geological Survey. The cloud-free images were sampled to a circular area of 5 km diameter at every 0.5-degree confluences of latitude and latitude. This image sampling design has been used by FAO in the context of Forest Resources Assessment (FRA) and was considered by [48] to estimate land cover changes in the Brazilian Cerrado and Caatinga biomes, as well as by [49] to validate PROBA-V images used to map LULC classes of the Mato Grosso State, Brazil. Within this strategy, sets of 1359 and 695 RGB color composites were obtained, covering the entire Amazon and Cerrado biomes, respectively. A total of 430 image samples from the Amazon biome and five samples from the Cerrado biome were excluded because of the lack of images without cloud coverage or poor radiometric quality of the images (Figure 4).



Landsat 8 OLI bands 4 (red, 0.636–0.673 μm), 5 (near infrared, 0.851–0.879 μm), and 6 (shortwave infrared, 1.566–1.651 μm) were selected for image segmentation by the region growing algorithm available in the SPRING 5.5 geographical information system (GIS) software [50]. After several empirical tests, the similarity was set as 25 while the minimum area was defined as 67 pixels, corresponding to approximately 6 ha in the 30 m spatial resolution of Landsat 8 OLI images. These two thresholds are the only input parameters required by this software for segmentation. The segments were converted into shapefile format and visually interpreted by overlaying them on the corresponding RGB color composites of Landsat 8 images. An interpretation key was prepared to discriminate between forest formations and other non-forest and land use classes (typically, shrublands, grasslands, croplands, cultivated pasturelands, urban areas, and water bodies) (Table 1). Reforestation areas, mostly by Eucalyptus, found mainly in the Cerrado biome, were considered as forest, even though they are planted (non-natural forests). Here, it is important to keep in mind that reforestation can be classified as non-forest or forest in SAR images, depending on the age. Surrounding harvested areas will be classified as non-forest as well in pixel-per-pixel algorithms. Examples of the Landsat 8 OLI color composites and corresponding results of image segmentation and interpretation are shown in Figure 5. The results of the Landsat visual interpretation were compared with the database composed of 1314 independent Landsat pixels that were used by [46] to validate the MapBiomas LULC maps. These pixels were the ones that overlapped with our samples.



The Shapiro–Wilk test was applied to verify the data normality. Once the normality was rejected, we used the paired Mann–Whitney–Wilcoxon test (hereafter referred as Wilcoxon test) to test the hypothesis that the data sets are statistically equal and the Spearman rank correlation (ρ) to calculate the correlation among the data sets. The statistical analyses were performed using R version 4.0.2 [51] and its ggplot2 data visualization package [52].





3. Results and Discussion


3.1. Amazon Biome


According to the [46], forests in the Amazon biome in 2015 were covering an area of 3.42 million km2 (81% of the biome). The TanDEM-X estimation showed that there are 3,126,015 km2 (75% of the biome) of forests while ALOS-2 showed a total area of 3,423,416 km2 (82%) (Figure 2). The difference of 297,401 km2 (7%) between TanDEM-X and ALOS-2 estimations provides the first indication that the two considered SAR-based FNF maps over the Amazon biome may present some important differences. In fact, ALOS-2 also estimated more forest cover than did the TanDEM-X at the municipality level (Figure 6). TanDEM-X and ALOS-2 showed median values of 40.3% and 43.1%, and average values of 46.6% and 47.0%, respectively. The results of Wilcoxon test showed that both maps are different (p < 0.01), though the correlation (ρ) between them was high (ρ = 0.92). The interquartile range was larger for the ALOS-2 forest map, indicating a higher dispersion of forest estimations. The range of percentage of forest cover in the municipalities located in the Amazon biome was large, with municipalities with almost no forest cover and others with almost full coverage of forest. This is an indicator that at least half of the municipalities of the Amazon biome have less forest coverage than that determined by the Brazilian Forest code for this biome [28].



Figure 7 shows the relations of the forest estimations obtained by TanDEM-X, ALOS-2, and Landsat 8 OLI image interpretation at the sampling level (929 image samples) in the Amazon biome. The overall accuracy of the Landsat 8 image interpretation was 93.4%; omission errors of 5.2% and 10.9% for forest and non-forest discriminations, respectively; and commission errors of 3.4% and 15.9% (Supplementary Material, Table S1). The correlation between TanDEM-X and ALOS-2 with Landsat were ρ = 0.91 and ρ = 0.90, respectively, and ρ = 0.89 between TanDEM-X and ALOS-2. The ALOS-2 forest map and Landsat estimation median values were 87.9% and the TanDEM-X forest map was 78.9%. Despite these high correlation values and similar medians, they are statistically different (p-value << 0.01) when the sampled location is analyzed.



The dominant forest classes present in the Amazon biome are the primary rainfall forest often subdivided in dense, mixed, and open perennial forests as well as the mangroves found in the coastal region of Amapá, Maranhão, and Pará [53]. These forest formations present relatively little spectral and radiometric confusion in both optical and SAR satellite images with respect to the following other representative LULC classes present in this biome: savannah-like formations mostly found in large spots in the states of Amapá and Roraima [54]; extensive pasturelands for cattle beef production mostly found in the states of Mato Grosso, Pará, and Rondônia [55]; highly mechanized grain production in the Amazon/Cerrado ecotone region in the Mato Grosso State [56]; and the mosaic of grass, shrub, and trees found in the lowlands along the Tocantins/Araguaia River basin in the border of the states of Tocantins and Pará [57].



Therefore, it seems that it is relatively easy to produce SAR-derived FNF maps within heavily wooded regions regardless of the presence of varying land use and land cover changes and illegal logging activities. Thus, it is somehow surprising that TanDEM-X and ALOS-2 provided statistically different forest estimations over the Amazon biome. Nevertheless, this difference can be related to the nature of SAR information used to derive both FNF maps (ALOS-2: intensity at the HV polarization; TanDEM-X: volume correlation coefficient). The different image acquisition modes of ALOS-2 and TanDEM-X, for example, in terms of wavelength, are another important factor. The penetration capability of emitted microwave signals at L band into the forest canopy is stronger than that from the X band [17]. Consequently, there is an occurrence of multiple backscattering processes within the forest canopy for the L band, while in the X band, the dominant scattering processes occur at the top of canopy. Finally, the time lag in the satellite overpasses is another important issue. While TanDEM-X data set was obtained during the time period from 2011 to 2015, ALOS-2 data set was obtained during the dry season of 2015.



The category known as secondary vegetation, which corresponds to those areas that were clear-cut and are in the process of regeneration [58], is perhaps the most difficult category to be discriminated from forest in the Amazon biome. Not all LULC maps from the Amazon biome discriminate secondary vegetation. Neither the MapBiomas initiative nor IBGE, the government institution responsible for producing official LULC maps of Brazil, include secondary vegetation in the list of LULC classes. Thus, depending on the level or age of regeneration, it is classified as poorly managed cultivated pasture or as forest, a decision that is made by the interpreters responsible for the visual interpretation or for training the supervised classification algorithms or machine learning procedures. Different interpretations given to this class are also likely to be relevant for the differences found in the forest estimations from SAR and Landsat images in the Amazon biome.



In order to analyze the influence of differences in the pixel size (50 m for TanDEM-X; 25 m for ALOS-2), we resampled the ALOS-2 scenes to the TanDEM-X pixel size. The mean difference in the percent of forest cover between the ALOS-2 25-m pixel size and the ALOS-2 50-m pixel size for the 929 samples was 0.04%, that is, a negligible influence of pixel size change in the forest cover estimation by the ALOS-2 satellite. Figure 8 shows a portion of FNF maps produced by the TanDEM-X and ALOS-2 from the municipality of Porto Velho, Rondônia State. In this figure, we can note that the TanDEM-X FNF map is much more fragmented than the ALOS-2 FNF map, although the pixel spacing of TanDEM-X is four times larger than that from the ALOS-2, resulting in a TanDEM-X forest cover estimation of 50% and ALOS-2 forest cover estimation of 43%. This can be explained in terms of characteristics of input products. The original products of TanDEM-X (12 m × 12 m resolution) were processed by multi-looking filter to obtain 50-m quick-looks [59], while the ALOS-2 input data (36 m × 20 m) [3] were converted into 25-m pixel spacing and processed by median filter after the image classification. This figure also shows that the river channel is better defined in ALOS-2 FNF map due to the different approaches in delineating water bodies, as reported in the Section 2.2.



By taking advantage of the FNF maps resampled to 50-meter pixel size, Figure 9 shows the percentage of pixels classified as forest (FF) and non-forest (NF/NF) by TanDEM-X and ALOS-2, and as forest by only one sensor (F/NF or NF/F) at the state level and for the Amazon biome. Seventy-four percent of pixels were classified as forest by both sensors, and 16% as non-forest. The remaining 10% was classified as forest by only one sensor (either TanDEM-X or ALOS-2). The states of Maranhão and Tocantins, located in the border of the Cerrado biome, were the two states with the highest percentages of pixels classified as forest by only one of the sensors (23% and 20%, respectively).



For illustration purposes, Figure 10A,B shows two cases where TanDEM-X presented lower estimations of forest cover in comparison with those from ALOS-2 and another two cases (Figure 10C,D) where TanDEM-X forest estimation was higher. Basically, these figures show that TanDEM-X better depicts the smaller fragments of either forests or non-forests. In the ALOS-2 FNF map, relatively small non-forest fragments distributed along the riparian forests tended to be grouped as forest. On the other hand, small forest fragments randomly distributed in larger non-forest fragments were grouped as non-forest. This is probably related to the azimuth and range resolution of original data sets. The resolution of the input PALSAR-2 data is 36 m (azimuth) × 20 m (range), processed by a multi-looking filter to reduce speckle and resampled to 25 m. On the other hand, the input TanDEM-X data is 12 m × 12 m, processed by a multi-looking filter to obtain quicklooks of 50 m × 50 m resolution. The trend of TanDEM-X to depict small fragments of either forest or non-forest patches and the trend of ALOS-2 to group these small fragments into a larger adjacent class seem to be crucial in the quantitative estimations shown in this figure.




3.2. Cerrado Biome


TanDEM-X estimated a total of 332,510 km2 of forests in the Cerrado biome (16% of the biome) while ALOS-2 estimated 374,683 km2 (18%) (Figure 2), that is, a difference of 42,173 km2 (2%) between these two estimates. These numbers provide a first indication that the two considered FNF maps over the Cerrado biome present quite similar results. Nevertheless, the relation between the percentages of forest estimation obtained by the TanDEM-X and ALOS-2 at the municipality level was very poor (ρ = 0.25) (Figure 11A). These estimates were statistically different (p-value << 0.01; Figure 11B). The majority of Cerrado municipalities presented dominant low forest coverage: Approximately 95% of municipalities with forest cover lower than 40% in both data sets; and at least half of these municipalities have forest cover lower than 15% (TanDEM-X median = 14.5%; and ALOS-2 median = 12.7%). These values represent three times less forest cover in the Cerrado than in the Amazon. Differently from the Amazon municipalities, TanDEM-X estimated more forest cover than did the ALOS-2. However, the interquartile range (Figure 11B) was larger in the ALOS-2 forest map than that from the TanDEM-X forest map, denoting more variability at the municipality level.



According to [46], forests in this biome in 2015 covered an area of 440 thousand km2 (22% of the biome; 407 thousand km2 of native forests; 33 thousand km2 of reforestation; and 562 km2 of mangroves). These results show a relatively poor agreement between these three data sets. Previous studies have pointed out the difficulty of discriminating the three native vegetation formations of the Cerrado biome—grasslands, shrublands, and forestlands by satellite remote sensing data [15,59]. The major reasons are four-fold: (a) gradual transition between grasslands to shrublands and between shrublands to forestlands, making the definition of the boundaries of each formation quite difficult; (b) lack of homogeneous canopies in terms of height and density of tree crowns, because of the high biodiversity of the Cerrado; (c) the strong climatic seasonality of this biome, changing the spectral and radiometric features significantly, depending on the satellite overpass over the year; and (d) because most of the forests in the Cerrado are not dense, there is a significant influence of soil background in the SAR data, which is a complex task to take into consideration in the forest mapping efforts using SAR data. In some regions of the Cerrado (mainly in the eastern part of the Cerrado, states of Minas Gerais and Bahia), we find dry forests, which is difficult to be identified by remote sensing, especially if the images are acquired during the dry season [18].



Figure 12 shows the relation between the forest estimations obtained by the TanDEM-X and ALOS-2 satellites with those obtained by the Landsat 8 image interpretation of 690 image samples located in the Cerrado biome. The overall accuracy of the Landsat 8 image interpretation was 85.5%; omission errors of 39.1% and 8.2% for forest and non-forest discriminations, respectively; and commission errors of 34.3% and 9.8% (Supplementary Material, Table S2).



Opposite to the Amazon biome, poor relations were found for the Cerrado (ρ = 0.52 for TanDEM-X; and ρ = 0.54 for ALOS-2). The critical point here is that the accuracy of the classification always depends strongly on the accuracy of the used reference data for training the algorithm. In the case of the TanDEM-X FNF map, three different references, one for tropical forests, one for temperate forests, and one for boreal forests were considered to generate the global product. In the case of ALOS-2 FNF map, 15 references from different countries were considered, as mentioned previously. None of these two products included highly seasonal savannahs in the training areas, which certainly contributes for the reduction of reliability in classifying sparse forests. In this specific case, we observed a probability of TanDEM-X and ALOS-2 forest map cover to be equal at the sampling scale (p-value = 0.16). However, both TanDEM-X and ALOS-2 forest maps were statistically different from Landsat. Also, the probability of the Landsat to estimate forest cover was higher than those from TanDEM-X and ALOS-2.



Seven percent of Cerrado pixels were classified as forest by the TanDEM-X and ALOS-2, while 73% were classified as non-forest (Figure 13). The remaining 20% were classified as forest by only one SAR sensor (either TanDEM-X or ALOS-2). The states of Maranhão and Mato Grosso presented the highest percentage of forests discriminated by only one SAR sensor (29% and 23%, respectively). Some states (e.g., Maranhão and Piauí) presented more pixels classified as forest by the TanDEM-X, while other states (e.g., Mato Grosso and Mato Grosso do Sul) presented more pixels classified as forest by the ALOS-2.



For illustration purposes, Figure 14 shows cases where the estimations of forest cover by TanDEM-X were lower than those from the ALOS-2 and vice-versa. In Figure 14A, forest corresponds to large areas of reforestation, some of them harvested during the Landsat 8 overpass. ALOS-2 detected more areas of reforestations; however, none of the SAR systems were able to detect harvested areas. This is one of the most difficult tasks in discriminating reforestation using fully automatic procedures since harvested areas can be classified as reforestation mainly based on contextual analysis, regardless of the satellite system. When the forest fragments are relatively large, we can note that ALOS-2 was able to depict more areas of forests (Figure 14B); however, when the forests are more fragmented, TanDEM-X was more efficient to depict those areas (Figure 14C). In Figure 14D, ALOS-2 missed a significant portion of forested areas. Both SAR-derived FNF maps did not depict the water reservoir showed in the blue color in the eastern part of the Landsat 8 RGB color composite (Figure 14A).





4. Conclusions


This study attempted to answer the following scientific question: How comparable are the analyzed global FNF maps derived from SAR and optical satellites? In order to answer this question, we selected the Brazilian Amazon and Cerrado biomes as the study cases. The forest estimations from TanDEM-X, ALOS-2, and Landsat 8 showed to be statistically different for both biomes and for the scales of municipality and sampling sites (except the forest estimation between TanDEM-X and ALOS-2 at the sampling level for the Cerrado biome). Nevertheless, 90% of pixels from the Amazon biome presented the same indication (forest or non-forest) in both SAR-based FNF maps; for the Cerrado biome, the percentage was 80%, indicating an overall good agreement. The differences are related to the distinct sensor configurations, different methodological approaches, and different forest definitions. We recommend the development of global FNF products that are specific to the tropical savannahs, typically marked by the presence of mosaics of grasses, shrubs, and trees with varying proportions and with high climatic seasonality or at least including some reference areas from tropical savannahs in the FNF classification procedures.



In this study, the results of Wilcoxon tests comparing the performance of ALOS-2, TanDEM-X, and Landsat 8 data were not helpful about the recommendation of which product to select. Perhaps the use of multi-temporal and multi-sensor SAR data to produce FNF maps, basically to take into consideration the seasonality and moisture effects in the image classification, can assist in answering this question. The launch of upcoming L band ALOS-4/PALSAR-3 satellite, with improvements, for example, in terms of observation frequency (every 2 weeks or 20 times a year in the Stripmap mode) will increase the data availability significantly. Another upcoming L band and S band SAR is the NASA-ISRO Synthetic Aperture Radar (NISAR), scheduled to be launched in 2022 with 12-day repeat cycle. The upcoming DLR´s TanDEM-L interferometric mission will fulfill the requirements for tomographic measurements of three-dimensional structure of vegetation, allowing the discrimination of forested and non-forested areas based on the height of canopy.
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Figure 1. Location of the study areas (Amazon and Cerrado biomes) in the northern and central parts of Brazil. Amazon biome corresponds to the tropical rainfall forest and Cerrado biome corresponds to the tropical savannah. “Other biomes” in the legend correspond to the Caatinga (semi-arid), Atlantic Forest (coastal forest), Pampa (grasslands), and Pantanal (wetlands) (boundaries not shown in the figure). Source: [27]. 
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Figure 2. DLR and JAXA global forest/non-forest maps produced based on the TanDEM-X interferometric synthetic aperture radar data (A) and on the ALOS-2/PALSAR-2 synthetic aperture radar data (B), respectively. The maps were clipped to the Amazon and Cerrado biomes. Sources: [36,43]. 
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Figure 3. Flowchart showing the major steps of the methodological approach. FNF = forest/non-forest; LULC = land use and land cover; GIS = geographical information system. 
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Figure 4. Landsat 8 OLI image sampling points per state predicted by the sampling design (confluence of 0.5 × 0.5 degree regular grid) and corresponding number of cloud-free Landsat 8 OLI images in the Amazon (A) and Cerrado (B) biomes. Red circles are the sampling sites without cloud-free images. Total number of cloud-free image sampling points: 929 for the Amazon biome and 690 for the Cerrado biome. 
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Figure 5. Examples of Landsat 8 OLI RGB color composites (a–c) and corresponding image interpretation (d–f) from the municipalities of Nova Mamoré/Rondônia (Amazon biome) and from the municipalities of Mateiros/Tocantins and São Miguel do Araguaia/Goiás (Cerrado biome), respectively. Red areas correspond to the forest class. 
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Figure 6. Relationship between the percentage of forest estimations obtained by the TanDEM-X and ALOS-2 data sets (A) and the results of the Wilcoxon test (B) over the Amazon biome at the municipality level. 
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Figure 7. Relationship between the percentages of forest estimations obtained by the TanDEM-X, ALOS-2, and Landsat 8 OLI image interpretation (A–C) and the results of the Wilcoxon test (D) over the Amazon biome at the local level (image samples). 
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Figure 8. Portions of FNF maps produced by the TanDEM-X (A) and ALOS-2 (B) data sets over the municipality of Porto Velho, Rondônia State. TanDEM-X forest estimation = 50%; ALOS-2 forest estimation = 43%. Green color corresponds to the forest; pink color corresponds to the non-forest; white color in (A) and blue color in (B) correspond to the river channel. In (C), the RGB color composite of Landsat 8, bands 4, 5, and 6 (overpass: 9 September, 2015) of the same region. 
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Figure 9. Percentage of pixels classified by the TanDEM-X and ALOS-2 as: forest (FF); non-forest (NF/NF); forest and non-forest (F/NF); and non-forest and forest (NF/F) over the states covered by the Amazon biome. 
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Figure 10. Examples of forest estimations obtained by the TanDEM-X and ALOS-2 data sets over the Amazon biome showing cases of TanDEM-X forest underestimation in the municipalities of Nova Canaã do Norte (A) and Canarana (B), Mato Grosso State, as well as cases of ALOS-2 forest underestimation in the municipalities of Vale do Paraíso (C) and Colorado do Oeste (D), Rondônia State. The corresponding forest estimations from Landsat 8 are shown in the first column. Green = forest; red = non-forest; blue = water body. 
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Figure 11. Relationship between the percentage of forest estimations obtained by the TanDEM-X and ALOS-2 data sets (A) and the results of the Wilcoxon test (B) over the Cerrado biome at the municipality level. 
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Figure 12. Relationship between the percentages of forest estimations obtained by the TanDEM-X, ALOS-2, and Landsat 8 OLI image interpretation (A–C) and the results of Wilcoxon test (D) over the Cerrado biome at the local level (image samples). 
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Figure 13. Percentage of pixels classified by the TanDEM-X and ALOS-2 as: forest (FF); non-forest (NF/NF); forest and non-forest (F/NF); and non-forest and forest (NF/F) over the states covered by the Cerrado biome. 
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Figure 14. Examples of forest estimations obtained by the TanDEM-X and ALOS-2 data sets over the Cerrado biome showing cases of TanDEM-X forest underestimation in the municipalities of Mineiros (A), Goiás State and Natividade (B), Tocantins State as well as cases of ALOS-2 forest underestimation in the municipalities of Inhumas (C), Goiás State and Porto Murtinho (D), Mato Grosso do Sul State. The corresponding forest estimations from Landsat 8 are shown in the first column. Green = forest; red = non-forest; blue = water body. 
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Table 1. Interpretation key for the Landsat 8 OLI, RGB color composites of bands 4, 5, and 6 for forest and other representative and most extensive land use and land cover (LULC) classes found in the Amazon and Cerrado biomes (shrublands, grasslands, croplands, and cultivated pasturelands).
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LULC Class

	
Typical Interpretation Key

	
Biome




	
Amazon

	
Cerrado






	
Forest

	
Color: dark green

Texture: rough; intermediate

Geometry: undefined
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Shrubland

	
Color: light green

Texture: rough

Geometry: undefined
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Grassland

	
Color: pink; light pink

Texture: smooth

Geometry: undefined
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Cropland

	
Color: pink; white

Texture: smooth

Geometry: regular
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Cultivated pastureland

	
Color: pink; light green

Texture: smooth

Geometry: regular
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