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Abstract

:

The scientific grasp of the distribution and dynamics of land use and land cover (LULC) changes in South America is still limited. This is especially true for the continent’s hyperarid, arid, semiarid, and dry subhumid zones, collectively known as drylands, which are under-represented ecosystems that are highly threatened by climate change and human activity. Maps of LULC in drylands are, thus, essential in order to investigate their vulnerability to both natural and anthropogenic impacts. This paper comprehensively reviewed existing mapping initiatives of South America’s drylands to discuss the main knowledge gaps, as well as central methodological trends and challenges, for advancing our understanding of LULC dynamics in these fragile ecosystems. Our review centered on five essential aspects of remote-sensing-based LULC mapping: scale, datasets, classification techniques, number of classes (legends), and validation protocols. The results indicated that the Landsat sensor dataset was the most frequently used, followed by AVHRR and MODIS, and no studies used recently available high-resolution satellite sensors. Machine learning algorithms emerged as a broadly employed methodology for land cover classification in South America. Still, such advancement in classification methods did not yet reflect in the upsurge of detailed mapping of dryland vegetation types and functional groups. Among the 23 mapping initiatives, the number of LULC classes in their respective legends varied from 6 to 39, with 1 to 14 classes representing drylands. Validation protocols included fieldwork and automatic processes with sampling strategies ranging from solely random to stratified approaches. Finally, we discussed the opportunities and challenges for advancing research on desertification, climate change, fire mapping, and the resilience of dryland populations. By and large, multi-level studies for dryland vegetation mapping are still lacking.
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1. Introduction


Drylands refer to areas characterized by water deficit, high spatially and temporally variable precipitation, and seasonal climatic extremes [1,2,3,4]. Globally, drylands consist of forests (18%), barren land (28%), grasslands (25%), croplands (14%), and other wooded lands (10%) [5]. They cover about 41% of the Earth’s surface and harbor more than a third of the world’s human population [6]. Drylands also have high ecological importance globally, as they contribute to about 40% of global net primary productivity (NPP) [7], host 35% of the biodiversity hotspots worldwide [2], and occupy 1.1 billion hectares (27%) of the forest area [5]. These environments are critically important to society yet exceptionally vulnerable to climate change and desertification [8,9].



Drylands’ vulnerability to predicted increases in global temperatures, as well as the severity of drought events and reduced rainfall in many regions [6], can lead to a substantial decline in land productivity and ecosystem functions and services, accelerating the desertification process [10]. The combined effects of climate change and desertification threaten plant species’ richness, which sustains dryland ecosystems’ multifunctionality, such as carbon storage and nutrient cycling [11]. Recent estimates suggest that 6% of the world’s drylands have undergone desertification, with a further 20% at high desertification risk [12], aggravating the threat of malnutrition, economic hardship, migratory movements, and poverty [13,14]. As a result, desertification has become a globally defined environmental issue [15] and one of the most significant environmental challenges nowadays [16].



The preservation of drylands’ woody vegetation increases the protection of these ecosystems against desertification [17] and enhances their resilience to climate change [18]. Conservative action is critical to avoid overgrazing and woodcutting, two major desertification vectors [19]. On top of that, dryland woodlands are key ecosystems to regulate the global carbon cycle [18,20] as their high variability contributes to short-term alterations in carbon stock [21]. In addition, drylands play a determining role in various essential ecosystem processes and related abiotic patterns [22], besides providing significantly relevant resources for local livelihoods and their food security. Hence, accurate and up-to-date information on the status of dryland vegetation and subsidizing resources from technical–scientific innovation in the Remote Sensing (RS) framework are necessary for efficient policymaking.



Drylands in South America represent approximately 31% of the continent’s total land area and 8.7% of the global drylands [5]. Despite its large distribution and ecological importance, few studies have directed attention to mapping land cover in drylands [23,24,25]. Current RS-based studies have been mainly developed for humid tropical forests (with closed canopy and high biomass, e.g., the Amazon) and are unsuitable for detecting, mapping, and monitoring drylands [26]. The predominance of sparse vegetation and the heterogeneity of vegetation composition, marked by the co-existence of trees, shrubs, and grasses, is the main challenge to remote sensing studies focused on drylands [27]. Moreover, the limited number of South American drylands’ land use and land cover (LULC) mapping poses limitations for studying the Earth’s environmental systems [28,29], managing water resources and ecosystems, as well as understanding and modeling associated ecological and climate impacts [30]. In addition, integrating information from different remotely collected data sources remains overlooked, especially for studying the continent’s drylands. Therefore, accurate and timely LULC classification is needed to overcome the challenge of differentiating heterogeneous dryland areas [31] and to monitor the loss of these fragile ecosystems in South America [32].



The information gap is also explained by the use of coarse spatial resolution satellite data to produce the previous LULC maps for global assessments [33]. As a result, global or continental maps do not provide sufficient details to represent regional dryland ecosystems of South America spatially. Even at regional scales, the heterogeneity, higher spectral variability, and relatively low radiative signals of drylands make mapping their vegetation and structure challenging [34]. Therefore, mapping South American drylands is essential to monitor the status of specific land cover types of these highly threatened ecosystems regionally and globally. Consequently, updating the state-of-the-art of South American dryland mapping contributes to understanding the impact of LULC changes on each type of vegetation formation and how they influence the global energy balance, CO2 budget, and hydrological cycles.



The objective of this study was to identify existing mapping initiatives of South America’s drylands and discuss how they advance our understanding of LULC dynamics in these ecosystems, what the main knowledge gaps are, as well as the major methodological trends and challenges. For that, we conducted a literature review focused on five essential components of RS-based land cover mapping: scale, satellite datasets, classification techniques, number of classes (legends), and validation protocols. By analyzing current mapping efforts, we discussed the opportunities and challenges related to adequately mapping LULC in drylands to advance research on desertification, climate change, fire mapping, and the resilience of dryland populations.




2. Definition of Drylands


Aridity is a long-term hydrologic and climatic condition of water scarcity. Numerous aridity indices have been proposed and widely applied in the scientific literature to quantify the degree of dryness at a given location and, thus, spatially delimit arid climatic zones [35,36,37]. The aridity index (see Equation (1)) represents the counterbalancing between natural moisture inputs and losses [38]:


  AI =  P  P E T   ,  



(1)




where AI corresponds to the Aridity Index, P to precipitation (mm), and PET to potential evapotranspiration (mm), calculated based on the Penman–Monteith method (see [39] for further details).



This index is considered biologically accurate in climates highly influenced by seasonality [40], and it is widely used to define the location of drylands. From a general perspective, the overlapping of the multiple existing indices would result in an agreement over the general location of drylands. Regions conventionally defined as drylands typically have low AI, derived from low annual rainfall and high potential evaporation [7], and scarce vegetation [41]. The water deficit in drylands constrains the production of crops and pasture, significantly impacting the livelihood of local populations. There are two main factors responsible for changing dryland vegetation: anthropogenic climate change and land-use practices [12].



The exact extension of drylands can change according to their water limitation degree and the criteria adopted to access this condition [42]. For our review, we are following the United Nations Environmental Programme World Conservation Monitoring Centre (UNEP-WCMC) delimitation of drylands [43], which are areas with AI lower than 0.65. This definition is widely known and formally adopted by several institutions [6]. The United Nations Educational, Scientific, and Cultural Organization (UNESCO) [38] proposed the following classification based on aridity (excluding humid areas for having an AI > 0.65):




	
Hyperarid zone (AI < 0.05): areas with deficient and irregular seasonal rainfall and perennial vegetation restricted to shrubs in riverbeds. It is relevant to mention that we adjusted the boundary between hyperarid and arid zones to fit the definition we are following, given by UNEP-WCMC. UNESCO originally adopted a more restrictive threshold for this zone (AI < 0.03);



	
Arid zone (0.05 ≤ AI < 0.2): areas with annual rainfall between 80 and 350 mm, and perennial vegetation consisting of woody succulent, thorny or leafless shrubs;



	
Semiarid zone (0.2 ≤ AI < 0.5): areas with mean annual rainfall between 30 and 800 mm in the summer and between 200 and 500 mm in the winter at the Mediterranean and tropical latitudes; vegetation is composed of steppes, savannas, and scrubs;



	
Dry Subhumid zone (0.5 ≤ AI < 0.65): areas that comprise primarily tropical savannas and steppes.








Of the approximately 37 million square kilometers classified as semiarid and arid zones worldwide, 25.56 million (69%) refer to rangelands [44], where native vegetation either has been grazed or has the potential to be used to produce grazing livestock [45]. These landscapes occur in annual and perennial grasslands, shrublands, savannas, woodlands, and deserts [46]. In South America, Patagonian ecosystems from Argentina and Chile collectively constitute one of the world’s largest rangeland areas [47]. By and large, it is worth mentioning that not all rangelands are in drylands.




3. Study Area: South American Drylands


South America is the fourth largest continent worldwide, occupying 12% of the Earth’s land surface (17.8 million km2), with several regions and land cover types. Drylands are distributed among South American countries in different quantities, representing almost 80% of the Argentinian territory [10]. Table 1 lists the proportion of drylands to the whole country, continental, and global areas of each South American country where these ecosystems are found, at three different scales [10]. Guyana and Uruguay have a minimal portion of drylands covering their territory, while French Guyana and Suriname are the only countries within South America where drylands (or potential ones) are absent.



Following the UNEP-WCMC definition [43], four dryland subtypes are recognized in South America (Figure 1), covering an estimated 5.1 million km2 [10]. Semiarid is the most common dryland subtype (46%), followed by the dry subhumid (41%), arid (8%), and hyperarid (5%) zones [5]. The semiarid zone represents 14% of South America, with its highest country-level proportions found in Argentina (38%) and Brazil (9%) [10]. The most critical water-stressed subtypes are found in arid areas largely distributed over Argentina (70%) and the hyperarid regions predominantly in Chile (over 60%) and Peru (35%) [10].



Drylands in South America are primarily characterized by savannas, shrublands, woodlands, and grasslands [48], generally grouped into biomes. The high diversity of vegetation types is distributed over several South American ecoregions. The Caatinga is the driest forest of the continent, consisting of xeric shrubland and thorn woodland [49]. The Llanos (plains) del Orinoco is the second largest ecosystem of northern South America, encompassing parts of Venezuela and Colombia [50,51]. The sub-tropical shrubland in central Argentina, known as Espinal, is considered one of the most vulnerable ecoregions and is prone to LULC changes [52]. Concerning drylands that fall within the hyperarid classification, the Atacama Desert of northern Chile is broadly acknowledged as the driest globally [44]. Thus, it is used as one of the references for numerical thresholds for the extremely arid or hyperarid categories of AIs [53].



South America’s dry forest is less popular than the tropical rainforest [5]. However, the continent is predominantly covered with dry forests, including Tumbes-Piura in Ecuador and Peru, the Cauca, Magdalena, and Patía Valleys in Colombia, and parts of the Tumbes-Chocó-Magdalena biodiversity hotspots. Dry forests in South America occupy 199 million hectares, equivalent to 5% of the global forests and 18% of the worldwide dryland forest area [5].



Figure 1 also highlights drought-vulnerable areas (referred to as presumed drylands in the UNEP-WCMC dataset) [43,54]. Even though these areas do not reach the water deficiency level characteristic of drylands (displaying AI > 0.65), they include dryland features and/or dry and subhumid tropical forests [54], making them more prone to water stress. Drought-vulnerable areas such as the Cerrado, a seasonally dry tropical savanna, may experience reduced aridity in the near future due to the compounded effects of climate and land-use changes in the region [55,56,57]. Therefore, as a broad strategy to avoid drought-related ecosystems’ degradation, drought-vulnerable regions also need to be assessed and monitored. However, we did not include these areas in our review, which was limited to the four classes of drylands previously mentioned.




4. Literature Search and Selection of Sources


We performed a comprehensive review focused on identifying RS-based literature on LULC mapping initiatives of South America at various scales with an unlimited starting date until August 2021. We retrieved global, continental, national, and regional mapping studies from the Clarivate Analytics Web of Science scientific database (WoS, webofscience.com), last accessed 15 October 2021. We only considered peer-reviewed documents to ensure the authenticity and quality of the outcomes. Identifying these mappings created the basis for discussion around four issues of high relevance to drylands research: desertification, climate change, fire, and population.



The terms applied to the search were ‘Remote Sensing’, ‘Drylands’, and ‘South America’, and it was based on each study’s abstract/title/keywords. Articles about grasslands, savanna, shrubland, woodlands, and rangelands located in South America were more relevant for the search. Additionally, to increase the accuracy of the search, we filtered the initial search using the words ‘Global’, ‘Map’, and ‘Mapping’, as well as the names of countries and dryland ecoregions in South America. While screening, we selected the articles based on their titles, scope, objectives, and study area. The main goal was to identify RS-based vegetation mapping studies considering any portion of South America’s drylands. We then gathered information regarding five essential components of RS-based land cover mapping: mapping coverage, satellite datasets, classification techniques, legends, and validation protocols.



Initially, a total of 4142 publications from peer-reviewed journals were retained from the search process using the word “Drylands”. However, this total included all dryland regions across the world. By refining the process using multiple combinations and disregarding topics not related to remote sensing, we reviewed 59 papers. We added 25 studies to the initially retrieved sources after looking at their reference lists in the revision process, bringing the total number of sources used in this study to 84 papers. We disregarded grey literature because it consists primarily of reports that are not peer-reviewed and often not written in English.



4.1. Mapping Initiatives in South American Drylands Using Remote Sensing


From the 84 studies we reviewed, we identified 23 initiatives that produced maps comprising South America, either entirely or partially (Figure 2). Among these initiatives, about 35% are global, 26% continental, 26% regional, and 13% national (with maps only for Brazil and Chile). We did not find country level maps for Argentina, Paraguay, Bolivia, and Peru, countries with a considerable presence of drylands. Regionally, only a few studies focused on mapping specific ecoregions, such as the Gran Chaco, Espinal, Llanos del Orinoco, and Caatinga. The latter is part of the country-level map produced by the MapBiomas project (www.mapbiomas.org, accessed on 30 September 2021), which has specific working groups to map each Brazilian biome, despite being published as a national map.



Several initiatives have mapped South America’s land cover at the continental level since the early 1900s [58], mostly from multiple sources and built from techniques other than RS-based ones. All the vegetation maps from the 1970s and 1980s hold a climate element in the classification scheme and, therefore, symbolize a mix of current and potential land cover [59]. Since the late 1980s, South America’s vegetation maps have been produced from data collected systematically by Earth-Observation (E.O.) satellites (Table 2). They benefit from homogeneous observations across the continent and provide improved spatial detail. However, they do not share the same thematic richness as earlier products [59].



The first RS-based map of South America was produced by the University of Maryland. This product aimed primarily to provide improved information for the modeling community [60]. After a seven-year gap, the University of Maryland also produced the first global map. In the 2000s maps, the interval between the release of new LULC maps for South America reduced, and the first regional LULC map was produced in 2004 for Llanos del Orinoco, in Venezuela. This map remains the most significant contribution from RS to the country, which still lacks a country-level map published in the scientific literature. Around a decade later, the first 30 m resolution global land-cover map from Landsat (TM and ETM+) increased the level of detail for observation and monitoring at the global level [61], which was later improved [62]. The 2010s saw an increase in the number of maps at various scales, with an average of one map published every year. In 2015, the first nationwide mapping initiative took place in Brazil, taking full advantage of the historical Landsat series to generate annual LULC maps.
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Table 2. Remote-sensing-based mapping efforts that include South American drylands.






Table 2. Remote-sensing-based mapping efforts that include South American drylands.





	
Mapping

Coverage

	
Reference 1,2

	
Dataset

	
Classifier

	
Legend 3

	
Validation






	
Global

	
CGLS [63]

	
PROBA-V

	
Random Forest

	
23 classes

	
Overall Agreement/Confusion Matrix S




	
FROM-GLC [61,62]

	
Landsat

	
Random Forest/Support Vector Machine

	
26 classes

	
Confusion Matrix R




	
GLCNMO [64]

	
MODIS

	
Maximum Likelihood

	
20 classes

	
Confusion Matrix R




	
GlobCover [65]

	
MERIS

	
Unsupervised

	
22 classes

	
Confusion Matrix R




	
IGBP-DISCover [66]

	
AVHRR

	
K-Means

	
17 classes

	
Confusion Matrix R




	
MLCT [67,68]

	
MODIS

	
Random Forest

	
23 classes

	
Cross-validation




	
UMd (1994) [69]

	
AVHRR

	
Maximum Likelihood

	
11 classes

	
N/A




	
UMd (2000) [70]

	
AVHRR

	
Decision Tree

	
14 classes

	
Overall Agreement




	
Continental

(South America)

	
JRC SA—GLC2000 [71]

	
Various

	
ISODATA

	
12 classes

	
Overall Agreement/

Confusion Matrix S




	
SERENA [72]

	
MODIS

	
C5.0

	
22 classes

	
Confusion Matrix R




	
SSU [73]

	
MODIS

	
Random Forest

	
8 classes

	
Confusion Matrix R




	
UMd S.A. [74]

	
AVHRR

	
Maximum Likelihood

	
16 classes

	
Overall Agreement




	
USGS S.A. [75]

	
Landsat

	
Random Forest

	
7 classes

	
Confusion Matrix S




	
WH [76]

	
AVHRR

	
Unsupervised

	
39 classes

	
Reliability Ratings/

Visual Comparison




	
Country

	
MapBiomas—Brazil [77]

	
Landsat

	
Random Forest

	
27 classes

	
Confusion Matrix S




	
INPE—Brazil [78]

	
PROBA-V

	
Random Forest

	
7 classes

	
Overall Agreement S




	
TU—Chile [79]

	
Landsat

	
Random Forest

	
35 classes

	
Confusion Matrix S




	
Regional

	
SSU—Dry Chaco [80]

	
MODIS

	
Random Forest

	
8 classes

	
Confusion Matrix




	
KSU—Paraguayan Chaco [81]

	
MODIS

	
ISODATA

	
6 classes

	
Confusion Matrix S




	
MU—Espinal [52]

	
Landsat

	
Maximum Likelihood

	
8 classes

	
Confusion Matrix




	
Proveg-NEB—Northeast Brazil [82]

	
Landsat

	
ISOSEG

	
7 classes

	
Visual Comparison




	
UAH—Central Chile [83]

	
Landsat

	
Maximum Likelihood

	
8 classes

	
Overall Agreement/

Confusion Matrix




	
ULA—Llanos del Orinoco [84]

	
AVHRR

	
Mahalanobis Distance

	
8 classes

	
Confusion Matrix








1 Acronyms refer to the name of the project, when available, or the name of the leading university of each study. Please refer to Figure 2 for the initiative’s full name. 2 Products with multiple versions are in their most updated collection. 3 The number of classes refers to the most detailed level of the classification scheme for products published in different papers. Dataset: AVHRR = Advanced Very High Resolution Radiometer; MERIS = Medium Resolution Imaging Spectrometer; MODIS = Moderate Resolution Imaging Spectroradiometer; PROBA-V = Project for Onboard Autonomy—Vegetation. Classifier: ISODATA = Iterative Self-Organizing Data Analysis. Note: the Unsupervised label indicates no specification for the classifier in the study. Validation: N/A = not described or not systematically validated. R Simple Random Sampling; S Stratified Random Sampling.












4.2. Remote Sensing Dataset


In most cases, satellite data are only available from the 1980s, so RS-based observations of LULC are only available from the last 40 years. In the 1990s and early 2000s, both MODIS and AVHRR were used to develop global land cover classification at the 1 km pixel resolution. Nowadays, multiple Earth observation datasets are available, with distinct spectral, spatial, and temporal resolutions [85]. Even with freely available fine-resolution datasets, dryland mapping initiatives (Table 2), including the most recent ones, used medium to coarse spatial resolution satellite imagery. Therefore, maps including drylands can be found at 1 km (AVHRR, MODIS) [64,66,70,74], 500 m (MODIS) [68,72], 300 m (MERIS) [65], 250 m (MODIS) [73,80], 100 m (PROBA-V) [63], and 30 m (Landsat) [61,62,77] resolutions (Figure 3).



The joint NASA and USGS Landsat program prevails in most studies because it collects data at the exact spatial resolution and with similar spectral bands, enabling the mapping and monitoring of LULC changes [86]. The Landsat archive enables the assessment of more than 30 years of images to monitor phenological changes and how they affect productivity at the regional and local levels. Since 2008, Landsat data became free and open, facilitating the application of its consistent imagery format in various fields [87].



Some studies chose the MODIS dataset possibly due to its temporally denser availability compared to Landsat. The MODIS-derived products used in dryland mappings were MOD13Q1 Vegetation Indices [80,81], MOD09GA [72], MOD43B4 NBAR [64], and collection 6 of MDLC (involving a combination of multiple MODIS products: MCD43A2, MCD43A4, MCD12Y3, MCD44W, and MCD44B). It is also noteworthy that most of South America’s LULC maps are not time-series based. The exceptions are two initiatives that release annual maps from the MODIS Land Cover Type Product (global level) and MapBiomas (country level). MapBiomas has mapped the most extensive period compared to all existing initiatives at the national level, with yearly maps starting from 2017 and going backward to 1985, spanning more than 30 years of coverage.




4.3. LULC Classification Methods


RS-based classification is recognized as the most efficient method of LULC mapping [88]. It has mainly been employed using a pixel-by-pixel approach, even though cloud cover remains a major cause of missing data [89]. Corrective pre-processing is a fundamental first step to minimize the cloud effects and other sources of noise and avoid interpretation problems. For instance, there was a consensus between authors in the reviewed studies that atmospheric correction is a requirement to improve the retrieval of surface reflectance, vegetation indices, and many ecosystems’ structural and functional properties, such as leaf area index (LAI). It is important to note that our review here is focused on aspects related to classifier development, even though there are other requirements for image classification (i.e., legend definition, input data generation, and sample data preparation).



The studies at the global/continental level described in Table 2 were notably different from the dryland’s spatial distribution shown in the reference map (Figure 1). Such a gap may be a consequence of the lack of compatibility among all satellite datasets and the classification approaches used. Among the techniques, supervised classification was the most applied, among which machine learning algorithms prevailed (Figure 4). Random Forest has undoubtedly shown a higher potential to improve the accuracy in dryland vegetation classification studies, besides controlling for over-fitting. Random Forest fits several decision trees using subsets of training samples and integrates predictions of the individual trees. The accuracy of a machine learning-based classifier such as Random Forest, for instance, highly depends on the quality level of the training samples [85] and the parameters of the classifier require preliminary experiments for definition, taking into account a fair balance between prediction performance and cost in computation time [79]. About a third of the studies (Table 2) used the Random Forest classifier, including all three country-level maps.



The Support Vector Machine was another machine learning-based classifier employed in South American drylands. It is a non-parametric algorithm applied to pattern recognition and classification that can generalize well even with a limited number of training samples [90]. Only FROM-GLC global mapping [61] used the Support Vector Machine, and its overall accuracy for level 1 and level 2 classifications (64.9% and 52.7%, respectively) was slightly higher than Random Forest’s (59.8% and 46.6%, respectively). However, after improving their methodology with segment-based pre-processing and a significantly higher number of input features to run the classification, the overall accuracy of both classifiers increased and became similar for both levels 1 and 2 (Support Vector Machine = 66.31% and 54.12%, respectively, and Random Forest = 67.08% and 54.6%, respectively). This example shows that the accuracy of the classification is not only a matter of defining the best classifier, but rather a combination of different analysis approaches, including legend definition, input data generation, and sample data preparation. We also identified unsupervised methods applied for LULC classification in South America. The ISODATA technique, for instance, was chosen to map the Paraguayan Chaco due to the lack of reliable training data. Despite that, the classification obtained a high overall accuracy of 84% [81].



LULC change detection is the process of detecting disparities in the state of an object or phenomenon on time-based observation [91]. This technique was applied in small-scale studies over South America’s drylands [52]. The use of time-series vegetation indices as an additional source in the mapping process was a trend in all existing coarse-resolution global land cover products. The two main indices were the Normalized Difference Vegetation Index (NDVI) [66,69,70] and the Enhanced Vegetation Index (EVI) [67,70]. However, each of these indices has advantages and disadvantages for in terms of better representing drylands in a map. Among these indices, EVI [92] responds well to chlorophyll, quantifies water-use efficiency, and tolerates background reflectance, but does not vary much over drylands. NDVI [93] is suitable to monitor phenology and long time series, but is not sensitive to woody components. Once used as metrics to run machine learning-based algorithms (e.g., Random Forest), these indices tend to increase the accuracy of classifications given that reliable training samples are available. In the scientific literature, other indices not previously used for mapping drylands are worth testing to classify drylands, such as the Normalized Difference Water Index (NDWI) [94] and the Modified Soil-Adjusted Vegetation Index (MSAVI) [95].



The pros and cons of using each of these indices will reflect the classifier’s ability to identify the diverse types of sparse vegetation formations in drylands. That is mainly because estimating vegetation cover depends on the inverse relationship between reflectance and plant cover or spectral indices and vegetation greenness. In the wavelength range relevant for plant detection (between 400 and 2500 nm), the main canopy-related factors influencing the reflected radiance are the optical properties of both the vegetation and the environment around the canopy (e.g., soil and atmosphere) and how these elements are arranged in the vegetation canopy [96]. In desert environments, changes in the mix of palatable and unpalatable grasses and bush dominance negatively impact changes in the vegetation structure [97]. Thus, conducting studies using different vegetation indices and informing the positive outcomes, setbacks, and failed results may help advance the identification of the heterogeneity of vegetation formations in drylands. Unmixing methods, such as those used by MapBiomas and INPE, can overcome some of these difficulties when dealing with complex systems. The spectral mixture analysis (SMA), which is an image transformation technique rather than a classifier [98], retrieves the relative abundance of each pixel’s endmember based on the inversion of a mixture model [34]. In this regard, the sensitiveness of the multiple endmember spectral mixture analysis (MESMA) [99] to changes in the spectral albedo makes this method a suitable choice for drylands [34].




4.4. Classification Schemes


The lack of standardization is one of the main issues for classification legends [60]. This is particularly true for drylands. A common issue observed in the legends of most global maps is that woody vegetation in drylands lacks adequate representation because it often does not fulfill the criteria of ‘forest’ [48]. In addition, some drylands are represented in global LULC maps as large homogeneous areas and do not reflect the reality of vegetation distribution in these landscapes, as proved by regional-scale maps [84]. Detecting specific dryland formations is challenging at lower resolutions as each pixel contains more than one land cover type [80]. Such spectral confusion impacts classification scheme decisions and omits typical dryland formations from the final maps. Overall, our work found classification schemes ranging from 1 to 14 dryland classes in each one of the 23 maps analyzed. A more detailed analysis of each map’s legend allowed us to detect approximately 50 different names for dryland classes. After grouping similar classes (e.g., herbaceous vegetation and natural grassland, or barren lands and deserts), we found 16 dryland vegetation types in South American maps, among which grasslands, shrublands, mixed forest, open forests, and (woody) savannas are the most common (Figure 5).



A striking feature when comparing the legends of all studies in Table 2 is a direct relationship between the mapping coverage area and the number of classes in the legend, meaning that the smaller the mapping coverage area, the lower the number of classes. There are exceptions in the South American map produced by Woods Hole [76], the broadest classification scheme, with 39 classes, and the country-level maps of Brazil [77] and Chile [79], with 27 and 29 classes, respectively. Both national maps used Landsat imagery to perform LULC classifications, which explains the more detailed classification scheme. Regionally, the Paraguayan Chaco map showed the most representative number of dryland classes [81]. Even with only six classes, the final product sufficiently represented the different formations present in the study area (dry forest, xeric woodlands, scrublands, rangelands, savannas, and grasslands). Other regional maps did not have a similar level of detail (e.g., Espinal, Llanos, Dry Chaco, and Northeast Brazil).



International harmonization initiatives have provided subsidies for increasing the agreement on LULC characterization standards. The most robust methodology from the analyzed initiatives was implemented in the MCD12Q1 product from MLCT and includes the use of six classification schemes (such as IGBP and UMd). The classification schemes used by the MODIS Land Cover Type Product and the University of Maryland products follow the International Geosphere-Biosphere Programme (IGBP) classification system with 17 classes, whereas GLC2000 and GlobCover adopted a 22-class scheme developed for global modeling purposes by the IGBP system. The FAO/UNEP Land Cover Classification System (LCCS) has also been widely used as the primary source for defining the maps’ legends. However, the existing classification schemes have significant limitations in terms of the adoption of a classification system that considers vegetation traits, life-form information, and structure [61]. Such a gap reinforces the importance of developing classification keys targeting drylands and taking regional knowledge into account.




4.5. Validation Strategies


Ground referencing data for calibration and validation are necessary to map LULC [88] and reveal the quality of the outcomes for operational applications [100]. To meet the requirements of the user community, the accuracy of science products must be clearly informed. The validation of land cover products requires appropriate sampling strategies for the statistical assessment of accuracy, and the difficulty is even greater for larger areas due to limitations in cost and logistics [30]. Moreover, the reference data must be reliable enough to enable robust validation.



The first step of the accuracy assessment is generating the validation sample set and determining the sample size through methods such as the multinomial distribution function [101]. Typically, the number of samples is limited by the operational constraints of a study and often represents a compromise between the need to obtain a precise measurement and the requirement to remain efficient and able to process all samples adequately. More than 60% of the maps described in Table 2 used the confusion matrix to assess the accuracy (Figure 6). This method is based on nonspatial statistics and is effective for identifying classes that cause confusion and are potential sources of error. Furthermore, the confusion matrix provides quantitative and easy-to-interpret metrics, such as the user’s accuracy, producer’s accuracy, and overall accuracy.



The quality of sampling is also an essential aspect. When comparing South America’s dryland mapping initiatives, we found sampling approaches varying between simple and stratified random distribution. Stratified sampling is conducted by taking (randomly) the same number of points for each class. This method was applied by IGBP DISCover, and required extensive post-classification stratification to minimize confusion between distinct land cover types [66].



Concerning data collection, LULC samples were collected from fieldwork by mapping initiatives such as Maimonides University—Espinal [52] and the University of the Andes—Llanos del Orinoco [84] (primarily based on ground control points). FROM-GLC [61] products were based on training and test samples collected visually from Landsat images, using high-resolution images and field photos found in Google Earth as references. Kansas State University’s regional classification of the Paraguayan Chaco [81] used both data collected from ground points and high-resolution satellite images.





5. Discussion


Understanding the spatial distribution of dryland vegetation across South America at a higher level of detail is of utmost relevance for advancing research and governance in different topics. LULC mapping can help solve important issues that affect humanity and methodological advancements should be tuned to the current socioecological challenges. South American mapping initiatives contributed to understanding the implications of major transformations, at all scales, taking place over dryland ecosystems and populations, but there is still much to advance. We selected four topics often addressed in South American dryland mapping publications to exemplify how RS methodological advancements can help to address relevant environmental problems drylands face nowadays: desertification, climate change, fire mapping, and the resilience of the population in these fragile ecosystems.



5.1. Desertification


Land degradation is defined as the reduction in or loss of land’s biological or economic productivity [6]. The United Nations Convention to Combat Desertification (UNCCD) refers to desertification as land degradation in drylands [102], among which semiarid and arid regions are particularly vulnerable. This long-lasting process is driven by the complex interactions of anthropogenic and climate-induced factors [7]. Although some forms of desertification may be irreversible, policy and technical solutions combined with local and traditional knowledge sources can put these areas back on the track of productivity and sustainability [13].



Considering the absence of a standard assessment and monitoring system of desertification (either for South America or globally) [103], a recent low-resolution estimate puts South America among the most affected continents worldwide. Argentina and Brazil have the highest spatial extents of drylands experiencing desertification processes [12], and Argentina is specially affected with negative repercussions to varying degrees [104,105]. In Bolivia, Peru, Ecuador, and Chile, the problem affected between 27% and 43% of the land area [13]. Few assessments were produced to map problem areas, develop indicators, and evaluate political and economic needs to control desertification [106,107]. In this regard, the NDVI is often the primary RS metric [108,109], considered one of the most robust and independent alternatives for analyzing land productivity [102], even with its limitations. However, quantifying desertification remains a difficult task given the diversity and complexity of its processes [110]. There is also a lack of agreement about tipping points that, once reached, could lead to irreversible degradation over dryland ecosystems [111] or make restoration economically unfeasible. As the information on desertification in South America remains insufficient [112], some questions arise. How can RS accurately map the extent of desertification in South America? Which countries in South America have been mostly affected by this problem? What indicators directly measured by RS could deliver better information about the status of dryland degradation?



An essential first step to tackle these issues is coupling RS with country-level biophysical and socioeconomic data, enabling the development of a baseline and an integrated database. It is also important to involve regional experts and affected peoples in a broadly inclusive process to select indicators of desertification. Good results were achieved using satellite-based imagery analysis on vegetation loss, erosion [113], and drought monitoring [114], complemented by ground-based observations, which tend to provide consistent and cost-effective data to measure desertification. Careful calibration is also an important aspect, although many cloud-free images are available for drylands as they experience low humidity [115]. Such an advantage allows for consistent high-resolution imagery-based validation protocols on desertification products against field data [116]. Therefore, South American countries must have access to affordable satellite imagery to effectively implement integrated practices for mapping, assessing, and quantifying desertification.



In the scope of RS, a significant challenge is to segregate sparsely vegetated areas from those degraded by human impact [117]. A pressing issue is the differentiation of rangelands from converted pasturelands, as evidenced by a recent comparison of the world’s land degradation datasets [117]. In South America, Southern Brazil, Uruguay, and the Pampas of Argentina [117], where natural grasslands are abundant, showed the most significant disagreements. Further contributions from the RS community to this issue include correlations of LULC changes to the ecosystem’s carrying capacity indicators.




5.2. Climate Change


Overall, tropical dryland areas have faced temperature rises superior to the global average [118], and projections indicate that, during the 21st century, warming of 3.2–4 °C may occur over these areas (~44% higher temperature increase than in humid regions) [115]. Moreover, climate models also predict changes in the intensity and frequency of drought events [119,120], strongly affecting water-limited drylands. Anthropogenic LULC changes interact with the global climate system through complex feedback mechanisms. For example, accelerated desertification releases an estimated 300 million tons of carbon to the atmosphere yearly [6]. The emitted CO2 contributes to increasing global temperatures that, in turn, can drive the degradation process and desertification. In South America, developing countries with large dryland areas such as Argentina, Bolivia, Paraguay, and Chile are particularly vulnerable to climate change [121]. Even though increased atmospheric CO2 can fertilize drylands and cause vegetation greenness, water scarcity remains the leading climate change vector in most places, such as the Brazilian semiarid [118]. As the world faces novel and dynamic climate conditions, reliable and up-to-date mapping products for monitoring droughts are of utmost relevance.



According to the Global Climate Observing System (GCOS), 26 out of 50 essential climate variables (ECV) highly depend on satellite observations for more consistent climate studies [122]. Aerosol properties, albedo, carbon dioxide, leaf area index, and fire disturbance are among the variables of high relevance for dryland climate-related studies. These variables, once measured on the ground, are important to correct satellite RS retrievals [123]. Thus, map developers should ensure that classification schemes are detailed enough to suit the climate model’s requirements [124]. Such variables also contribute to the mapping of areas of ecological tension and the investigation of possible effects associated with anthropogenic climate change over drylands. In South America, RS mapping of LULC, combined with climate models, can improve our understanding of the land-atmosphere feedback mechanisms in drylands. It can also provide answers to complex questions at regional and local scales. Which ecosystems, populations, and economic activities are more vulnerable to climate change? Furthermore, how can climate change be adapted to, and greenhouse gas emissions be mitigated in South America’s drylands?



While answering these questions remains challenging, geoengineering techniques associated with solar radiation management and CO2 removal reveal feasible alternatives to minimize climate change-related economic setbacks and limit global warming [125]. Over drylands, solar energy is a high-incident renewable resource during the whole year [126]. Consequently, investigating potential areas for installing photovoltaic systems is a relevant mitigation strategy to combat climate change and generate income for vulnerable populations. In the scope of RS, how can satellite sensors support land assessment and monitoring for solar energy development in the drylands of South America? A research study conducted in drylands of the United States [127] successfully mapped solar energy potential using very high-resolution imagery and multiple vegetation indices (e.g., MSAVI and NDVI).




5.3. Fire Mapping


Natural and induced fires are drivers of soil conditions, land cover, and biodiversity changes. Drylands are susceptible to frequent fires [128,129,130]. They are pyrophytic open ecosystems [131], which, combined with topography, fuel composition, and ignitability, can accelerate the spread of fire and the probability of the occurrence of wildfire [132,133]. Globally, drylands comprise most of the estimated 420 Mha of land burned each year [134]. In addition, during 2020, South America showed the highest number of detected fires since 2011 [135]. However, fire occurrence and hazards in the continent’s drylands remain understudied [136]. Even for Gran Chaco, the largest dry forest in South America, few studies have investigated fire drivers [137,138]. As the climate becomes hotter and more intense, droughts may affect some drylands, and thus, there is a pressing need to improve fire mapping and early warnings in these ecosystems [139].



Both infrared and thermal bands are the most appropriate for fire detection [140]. Satellite-derived datasets on fire occurrence allow us to understand the spatial–temporal distribution of burned scars [141] and estimate greenhouse gas emissions resulting from the burning of native vegetation [142,143]. In addition, detecting high-temperature hotspots using active fires also contributes to more effective near real-time monitoring [144]. For mapping burned areas, it is crucial to consider the spectral properties of the vegetation. When fire strikes the leaves, the reduction in the leaf area index decreases the near-infrared (NIR) reflectance, and the depletion in moisture promotes an increase in short-wave infrared (SWIR) reflectance [145,146,147]. Due to the contrast obtained by the sharp drop in the NIR reflectance and the increase in the SWIR reflectance, the NIR/SWIR ratio has been widely used in spectral indices for fire detection and/or burning severity classification [148]. A study comparing the potential of 13 spectral variables for detecting burned areas observed a better correlation of field data with the Normalized Burn Ratio (NBR) index, calculated using the NIR and SWIR bands [149].



Several global burned area products have been developed at different temporal and spatial scales [134,141,150,151]. The remotely sensed burned area data products MCD45A1 and MCD64A1 from NASA’s MODIS instruments have the potential to map the spatial extent and approximate date of biomass burning worldwide at a spatial resolution of 500 m [134]. Additional alternatives for fire mapping and monitoring with coarse spatial resolution include the 250-m Fire_cci v5.0 products [141], ESA’s 1-km GLOBCARBON [152], and the 300-m and 1-km L3JRC Copernicus PROBA-V Burnt Area products [153]. In addition to these products, the launching of the Visible Infrared Imaging Radiometer Suite (VIIRS) sensor in 2011 represented a significant advance in fire monitoring. The sensor has specific bands for monitoring fire on the earth’s surface, providing data at 375 m spatial resolution, allowing the detection of smaller fires and a better refinement in the mapping of larger fires [154].



Combining RS data with machine learning algorithms seems to monitor fire activity adequately and contribute to landscape management and the identification of fire-prone areas. For example, the recently launched MapBiomas Fire [155] successfully mapped fire scars in Brazil, including the country’s drylands, over 36 years (1985–2020). This initiative is a pioneer in employing a deep learning-based approach at the national level in South America. A recent study modeling fire probability has been conducted in the Colombian–Venezuelan Llanos and used the random forest algorithm [136]. Such estimation must consider the location of the burned area and the causes of the fire spread. Another direction for fire research in drylands is to increase the efforts to build a regional scale modeling approach involving spatial information at a finer scale, which has been overlooked [136]. Regionally, the LPJmL4-SPITFIRE is a Dynamic Global Vegetation Model (DGVM) developed to simulate burnt areas [156] in Brazil’s most dryland fire-prone regions. Similar applications might prove helpful for other South American dryland ecoregions.



Fire mapping could help address some still unanswered questions. To what degree are South America’s drylands vulnerable to fire in a changing climate? What is the interval between fire occurrence and vegetation recovery in South American drylands? How may fire frequency be altering dryland’s biodiversity at different scales? A very recent study indicated that available information on the fire regime remains limited for the continent [157]. Therefore, studies focused on fire perimeters, in addition to the severity mapping and landscape controls of fires, would help advance our knowledge about fire in drylands and be powerfully supported by LULC maps. Further investigation on post-fire regeneration is also important, as it might take more than 40 years for woody ecosystems to recover [158,159].




5.4. Dryland Populations


According to the World Resource Institute (WRI), 30% of the South American population is settled in drylands [160]. In Brazil, more than 35 million people live in the Caatinga, whereas in Peru, approximately 88% of the country’s population live in drylands. Population growth puts unprecedented pressure on natural resources over drylands.



Populations in drylands are affected by the water-limited environment, especially those who depend directly or indirectly on agriculture for survival [13,161]. Dryland populations have learned to adapt to highly variable climate conditions by developing numerous technologies to make their livelihoods more resilient. However, climate change and desertification intensify the variability of environmental conditions, posing new threats to drylands and their inhabitants [19]. RS-based tools and LULC maps, coupled with social and demographic variables, could help enhance the adaptative capacity of dryland populations and promote the sustainable management of ecosystems. Investigation on erosion detection [162,163], drought-vulnerability [164,165] and cropland/pastureland [166] mapping is vital to inform policymaking to combat food insecurity and poverty [112]. These policies can also help to balance possible trade-offs between ecosystem services and economic growth in drylands.



RS-based LULC maps have long been used to map priority sites for conservation and restoration [52] while avoiding conflicts with agriculture and other land uses. Detailed and up-to-date information about under-protected ecosystems combined with LULC dynamics data could provide valuable information to increase drylands’ resilience by maintaining local biodiversity and increasing ecosystems’ multifunctionality [11]. From the hydrological point of view, considering that water is a critical limiting factor in drylands, RS maps were also used to understand potential water-use conflicts and the ways in which LULC and climate change affect water security [167]. However, information about conflicts is still scarce throughout South American drylands. Such information should target key vulnerable groups (e.g., migrating pastoralists) to reduce conflicts for natural resources and increase adaptative strategies.



A broader understanding of many themes requires advancements in RS techniques to surpass the limitations posed by the existing coarse- to medium-resolution products. More detailed maps may allow the representation and sharing of local communities’ technologies to adapt to water-limited conditions and increase land productivity [13]. Finer resolution data may also inform policies that favor risk-reducing strategies and secure property rights. Mapping at a more detailed level is pivotal to extrapolate the results of studies to the scale needed by farmers to decide how to manage their lands. In this way, technical and socioeconomic constraints can be reduced, while incentives for community participation in sustainable land management initiatives can be promoted, as made possible by a recent initiative from Argentina [168,169]. Their methodology combined collective mapping with GIS- and RS-derived parameters, including LULC. Such initiatives can collectively construct knowledge based on the interaction among local, governmental, and scientific communities to define priority areas for conservation across South America’s drylands.



In the future, RS may help address critical issues to answer some questions: What are the dryland vegetation conservation gaps in South America’s network of protected areas? Where will potential conflicts for water arise, and what are the most vulnerable groups? How do local populations perceive their environment, and what solutions have they developed to cope with water limitation? What are the main factors influencing farmers’ management decisions, and how can adequate incentives be offered to promote sustainable practices?





6. Methodological Trends and Current Challenges in Dryland Mapping


Current studies have been mainly conducted in some of the largest South American dryland ecosystems—Dry Chaco, Caatinga, and Llanos from Colombia and Venezuela. Meanwhile, smaller ecoregions have been underrepresented by RS studies. Such a challenge was corroborated by our results, which found only three and six studies at the national and regional scales, respectively. Unique dryland regions found in South America, such as the Monte Desert in Argentina [170], as well as other important ecoregions, remain understudied (Table 3).



To advance South America’s dryland mapping, major methodological challenges must be addressed in the future. The first is the strong spectral mixing, particularly in xeric formations, characterized by a mix of shrubs, grasses, and soil [34], which often results in a considerable influence of senesced or inactive vegetation and soil on the reflectance spectra. The second challenge is the high heterogeneity of drylands at many scales, which is mainly linked to the vegetation structure (e.g., the height and leaf area) and function (e.g., evergreen shrubs and deciduous shrubs) [8,34]. Such variability makes model parameterization considerably harder in moderate- to coarse-resolution imagery.



A third challenge is minimizing temporal divergences between the environmental process and observation scales [171]. For example, because there is a gap between vegetation green-up and the start of the growing season, vegetation activity following rain events may not be captured by spectral vegetation indices with lower temporal frequency [8]. Such a mismatch is commonly observed in single-time image maps. To meet these requirements, it is necessary to develop cost-effective ways to process satellite images and produce LULC maps with high temporal resolution. High-performance computing and machine learning algorithms have been increasingly used, making dryland vegetation mapping easier at the continent level.



The last challenge is the lack of ground-based data networks distributed across South America’s drylands to calibrate and validate RS algorithms. Readily available datasets of vegetation characteristics might provide comprehensive information on South America’s dryland ecosystems and contribute significantly to more compatible legends for future LULC maps. In this regard, a trending approach involves the use of databases of crowd-sourced field photos to collect geo-referenced images from different researchers. The Geo-Wiki project, for example [172], launched a mobile app in 2013 that enables the sharing of photographs with environmental information. Geo-Wiki has also vastly increased its database of in-situ information on land cover available for the training, calibration, and validation of LULC maps [173]. Similarly, the Global Geo-Referenced Field Photo Library [174], set up by the University of Oklahoma, contains more than 150,000 photographs taken on field with manually labeled land cover types.



A trendy free web-based tool that also supports data validation is the Temporal Vegetation Analysis System (SATVeg) [175], developed for instantaneously accessing temporal profiles of MODIS vegetation indices in South America. Systems of this kind help support numerous LULC monitoring activities, allowing quick queries and efficient updating [175]. Another noteworthy initiative is a field-based ecosystem monitoring protocol for Argentinian and Chilean Patagonia, called the Environmental Monitoring of Arid and Semiarid Regions (MARAS) network [47]. This dataset stores vegetation and soil data of 426 rangeland monitoring plots containing photographs, basic climatic and landscape features, and a line-intercept transect for vegetation spatial pattern analysis.



By and large, our study draws attention to the development of an integrated multi-level approach rooted in the concept of interoperability for mapping drylands. Such interoperability relates to South American experts’ joint use of land-cover information and the exchange of information from multiple datasets [176]. Both technically and institutionally, this approach remains challenging considering each country’s social reality and ability to invest in technical–scientific improvements. A key solution to advance this knowledge requires the establishment of multi-institutional cooperation agreements and the raising of funds to promote these efforts. As a result, future maps will have more compatible legends, trained interpreters, and clearer accuracy assessment protocols to improve their applicability in monitoring fire and drought and issuing early warnings that increase the ability of decision-makers to tackle the situation faster.



From the RS perspective, to make this integration more manageable, new-generation satellites and techniques have emerged as promising alternatives. For example, a data fusion approach harmonizing Landsat-8 and Sentinel-2 data successfully represented seasonal cycles of annual grasses vegetation greenness in the United States’ dryland ecosystems [177]. Once enhanced by field observations, biophysical variables, and machine learning techniques, this methodology accurately depicted annual grass cover using spatiotemporal resolutions that are useful to local resource management [177]. The low atmospheric influence of the synthetic aperture radar (SAR) data in the microwave spectrum range also increases their suitability for mapping and monitoring South America’s drylands. Sentinel-1, for instance, has generated open and free SAR images since 2014, which have been widely used to study African savannas [178,179]. Studies in South America’s drylands may also combine Sentinel-1 and Sentinel-2 for single-year vegetation mapping using high spatial resolution data and more detailed classification schemes. The narrow spectral bands of hyperspectral RS are also advantageous compared to the barriers faced by optical data. Upcoming imaging spectroscopy sensors that are satellite-based (e.g., HyspIRI, CHIME, EnMAP, PRISMA—recently launched—and SBG) or onboard of the International Space Station (ISS) (e.g., DESIS, EMIT, and HISUI) will allow large-area mapping [34]. These future satellite innovations will enable the upscaling of in situ data to be used as training data for the LULC mapping of South American drylands.



Methodologically, time series analysis brings new opportunities to investigate the dynamics of dryland vegetation. A novel generation of technological solutions has benefited from time-series analysis and satellite data integration to create RS-based Earth Observation data cubes [180]. Efforts of this kind were created in Armenia [181], Australia [182], Switzerland [183], and Brazil [85]. The Brazil Data Cube [85] tends to pave the way for expanding Earth Observation data to map dryland ecosystems in other South American countries. Such initiatives produce analysis-ready data, increasing access to larger communities of users and supporting decision-makers with information translated to significant biophysical metrics.



Among these metrics, land-surface phenology has arisen as a promising trend that enables more sophisticated land-cover mapping [62], playing a vital role in terms of the effectiveness of the study of dryland ecosystems [177]. In addition to the use of traditional satellite-based approaches, changes in phenological cycles can be assessed through unmanned aerial vehicles (UAVs) and phenology networks (e.g., PhenoCams). Repeated photographs taken from digital cameras on the ground or coupled in towers may effectively monitor plant phenology [184] and, thus, overcome the barriers posed by seasonality. Such a technique is referred to as near-surface remote sensing and was found to reveal an important link between plant phenology and conservation biology [185]. Although this approach has proved reliable in bridging field observations with those from satellites in dryland ecosystems, mainly in the United States [186,187], its usage in South America is still limited, with few studies conducted in Caatinga [188].



Products from phenological observations can be an input to climate models at various scales, contributing to model land-cover change scenarios under local and regional climates. Programs such as TIMESAT [189] are feasible to examine signals found in time series phenological data [80]. A phenology-based approach is a suitable solution to improve rangeland management [190] and enable researchers to overcome the challenge of segregating areas with natural low productivity or sparse vegetation from those that have been degraded by human impact.



To synthesize the main topics that we discussed in this paper, Table 4 gives an overview of the leading scientific landmarks of dryland vegetation mapping in the scope of remote sensing. We highlighted these advancements based on scale, datasets, classification techniques, classification schemes, and validation strategies. We divided the information across 3 different periods, from the late 1980s to the present, including pioneers in the study field, early mapping incursions and contemporary initiatives [191]. Additionally, the main challenges and trends also indicate the emerging horizons [191] in the scope of remote sensing LULC classification over South America’s drylands.




7. Concluding Remarks


We conducted the first comprehensive review, to our knowledge, of dryland vegetation mapping in South America. We identified 23 mapping initiatives, ranging from regional to global coverage. Although RS-based vegetation maps introduced a set of advantages, our study showed that the process of mapping LULC in South America has unfolded at a slow pace since the technology became available, with very few efforts directed towards drylands. Overall, there are more global maps (eight), followed by continental and regional maps (six each). Nationwide, there are only three maps (two for Brazil and one for Chile). We could not find RS-based LULC maps for Argentina, Bolivia, Colombia, Ecuador, Paraguay, Peru, Uruguay, and Venezuela. Regional cooperation to overcome national challenges is fundamental to advance the knowledge of the continent’s vegetation dynamics in its entirety, in addition to providing more consistent information for subsidizing policymaking at the regional scale.



Our study also showed that, although almost all global and continental maps have been produced from optical, coarse-resolution remote sensing, they are not easily comparable. Consequently, it is still challenging to combine these different products effectively to improve their application in themes that are highly relevant to drylands. It is also noteworthy that the spatial and temporal heterogeneity of vegetation plays a major role in dryland mapping. This issue may be solved using remote sensing products with high spatiotemporal resolutions (e.g., Sentinel). Concerning the use of spectral vegetation indices, instead of investigating the most suitable ones for dryland vegetation mapping, future methodologies should look for ways to explore the potential of adding multiple indices as inputs in machine learning-based classification algorithms (e.g., Random Forest). This multi-feature approach is a promising methodological trend for improving the differentiation of LULC classes that are easily mixed. Indeed, machine learning-based algorithms coupled with strengthening accuracy assessment procedures assure high-quality products to fulfill the needs of users from the public and private sectors.



A comparative overview of the methodologies and the validation procedures is required to support users’ decision-making on which dataset to use. From the available maps, MapBiomas stands out for its robust method and multiple-application products at the country level, given its medium spatial resolution. So far, sensors from the Landsat series have performed better at mapping drylands. The results of MapBiomas demonstrated the potential of Landsat for LULC mapping. However, limitations in resolution are likely to be overcome with new sensors in future studies. For future research, we strongly suggest exploring phenology, differentiating between natural and human effects, as well as using auxiliary data such as bioclimatic variables, the digital elevation model (DEM), and zoning data to improve remote sensing LULC classification and make it more practical. By incorporating such environmental gradients, better conditions for their public recognition and wide applicability in South America’s dryland ecosystems will be created. In addition, overcoming the incorrect notion that drylands resemble desert places of low economic interest, with scarce biodiversity, is necessary to attract more scientific interest to these regions.
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Figure 1. Delimitation of South American drylands based on the definition from UNEP-WCMC, including drought-vulnerable areas. Notes: AR: Argentina; BO: Bolivia; BR: Brazil; CL: Chile; CO: Colombia; EC: Ecuador; FI: Falkland Islands; FR: French Guyana; GY: Guyana; PE: Peru; PY: Paraguay; SGSSI: South Georgia and South Sandwich Island; SR: Suriname; UY: Uruguay; VE: Venezuela. 
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Figure 2. Timeline of RS-based mapping efforts that comprise South America’s drylands. For initiatives that have multiple collections or versions, only the first appears in the timeline. Note that each box color corresponds to a specific mapping coverage. 
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Figure 3. Proportional representation of RS datasets used by South America’s dryland mapping initiatives. The legend shows the satellite’s name followed by the sensor’s name. 
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Figure 4. Proportional representation of the classification methods used by South America’s dryland mapping initiatives. 






Figure 4. Proportional representation of the classification methods used by South America’s dryland mapping initiatives.



[image: Remotesensing 14 00736 g004]







[image: Remotesensing 14 00736 g005 550] 





Figure 5. Dryland classes typically found in South America maps. 
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Figure 6. Proportional representation of the strategies adopted to validate South America’s dryland mapping initiatives. 
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Table 1. Percentage of South America’s dryland extent by country, at different spatial scales (shown in descending order).
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Country

	
Total Drylands (%)




	

	
Country-Level

	
South American Level

	
Global Level






	
Argentina

	
79.83

	
12.50

	
1.51




	
Paraguay

	
53.32

	
1.20

	
0.15




	
Chile

	
48.43

	
2.07

	
0.25




	
Bolivia

	
47.71

	
2.92

	
0.35




	
Peru

	
27.79

	
2.03

	
0.25




	
Ecuador

	
18.32

	
0.27

	
0.03




	
Venezuela

	
15.53

	
0.80

	
0.10




	
Brazil

	
13.99

	
6.72

	
0.81




	
Colombia

	
2.95

	
0.19

	
0.02




	
Guyana

	
0.17

	
<0.01

	
<0.01




	
Uruguay

	
0.11

	
<0.01

	
<0.01
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Table 3. Underrepresented dryland ecoregions in mapping initiatives throughout South America.
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Country

	
Formation Type

	
Ecoregion






	
Argentina

	
Montane Grasslands and Shrublands

	
High Monte




	
Temperate Grassland, Savanna, and Shrubland

	
Low Monte




	
Bolivia

	
Montane Grasslands & Shrublands

	
Central Andean Dry Puna




	
Tropical and Subtropical Dry Broadleaf Forests

	
Bolivian Montane




	
Chile

	
Forest, Woodland, and Scrub

	
Matorral




	
Colombia

	
Montane Grasslands and Shrublands

	
Santa Marta Páramo




	
Tropical and Subtropical Dry Broadleaf Forests

	
Sinú-Valley




	
Xeric Shrubland

	
Guajira-Barranquilla




	
Ecuador

	
Montane Grasslands and Shrublands

	
Montane Andean Páramo




	
Xeric Shrubland

	
Galápagos Islands




	
Peru

	
Desert

	
Sechura




	
Montane Grasslands and Shrublands

	
Central Andean Puna




	
Tropical and Subtropical Dry Broadleaf Forests

	
Tumbes-Piura




	
Venezuela

	
Tropical and Subtropical Dry Broadleaf Forests

	
Apure-Villavicencio




	
Lara-Falcón




	
Maracaibo




	
Xeric Shrubland

	
Araya and Paria




	
La Costa




	
Paranaguá
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Table 4. Past and present research advancements, main challenges, and future trends of South America’s dryland vegetation mapping with a focus on scale, datasets, classification techniques, classification schemes, and validation strategies.
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Dryland LULC Mapping

Component

	
Pioneers

(Late 1980’s and 1990’s)

	
Early Incursions (2000’s)

	
Contemporary Initiatives

(2010’s until 2020)

	
Emerging Horizons




	
Advancements

	
Advancements

	
Advancements

	
Main Challenges

	
Trends and Future Directions






	
Scale

	
First large scale (global and continental) maps.

	
Large-scale (global and continental) maps still prevail; first regional initiative.

	
Profusion of new mapping initiatives at all scales.

	
Few regional studies and small ecoregions have been underrepresented.

	
Multi-institutional cooperation agreements and funds to expand mapping initiatives in underrepresented regions.




	
Datasets

	
Coarse-resolution (1km) AVHRR.

	
Mapping sources were expanded to include MODIS (1km) and MERIS (300 m); first time-series annual mapping initiative using MODIS (MLCT).

	
Landsat became free and prompted the upsurge of medium resolution (30m) maps, emerging as the main mapping dataset (including in global maps); first time-series annual mapping initiative using Landsat (MapBiomas).

	
Minimize temporal divergences between the environmental process and observation scales.

	
Time-series analysis and satellite data integration to create RS-based data cubes; data fusion of medium and high-resolution images; maps using SAR images; combination of Sentinel-1 and Sentinel-2 for higher detail level; hyperspectral images to facilitate using in situ data for training algorithms; assessment of phenological cycles through UAVs and phenology networks.




	
Classification

techniques

	
Unsupervised classification (Mahalanobis distance).

	
Mostly unsupervised classification with different algorithms and a few supervised ones (random forest and decision tree).

	
Supervised classification mainly was used, more frequently random forest, which can improve vegetation classification accuracy and control over-fitting.

	
Reliable training data, removing the strong spectral mixing, capturing the heterogeneity of drylands in many scales.

	
High-performance computing and machine learning to produce maps with high temporal frequency and detail level; web-based tools to access temporal profiles of vegetation indices; unmixing methods.




	
Classification

legends

	
Homogenous representation of vegetation distribution in global maps.

	
The general trend of homogenous representation of vegetation distribution in global maps was kept.

	
Country-level and regional maps increased, but some insufficiently represented the ecosystem heterogeneity with a level of detail.

	
Incompatible and unstandardized legends; appropriate representation of vegetation formations.

	
Readily available datasets of vegetation characteristics; classification keys targeting drylands; incorporation of regional knowledge.




	
Validation

techniques

	
Overall agreement, reliability ratings, and visual comparison.

	
Confusion matrix stood out, effectively identifying potential error sources; sampling approaches varied between simple and stratified random distribution; one initiative (ULA-Llanos del Orinoco) used fieldwork samples.

	
Confusion matrix remained the primary technique; data collection included visual interpretation of high-resolution images, field photos from Google Earth, and fieldwork samples (in a few initiatives).

	
Limited availability of ground-based data to calibrate and validate algorithms.

	
Crowd-sourced field photos databases to collect geo-referenced images from different researchers; integrated permanent field monitoring plots networks.
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