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Abstract

:

The Volta Grande do Xingu (VGX) in the Amazon Forest of Brazil was chosen to analyze the land use and land cover changes (LULCC) from 2000 to 2017, with the aim of assessing the most suitable classification method for the area. Three parametric (Mahalanobis distance, maximum likelihood and minimum distance) and three non-parametric (neural net, random forest and support vector machine) classification algorithms were tested in two Landsat scenes. The accuracy assessment was evaluated through a confusion matrix. Change detection of the landscape was analyzed through the post-classification comparison method. While maximum likelihood was more capable of highlighting errors in individual classes, support vector machine was slightly superior when compared with the other non-parametric options, these being the most suitable classifiers within the scope of this study. The main changes detected in the landscape were from forest to agro-pasture, from forest/agro-pasture to river, and from river to non-river, resulting in rock exposure. The methodology outlined in this research highlights the usefulness of remote sensing tools in follow-up observations of LULCC in the study area (with the possibility of application to the entire Amazon rainforest). Thus, it is possible to carry out adaptive management that aims to minimize unforeseen or underestimated impacts in previous stages of environmental licensing.
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1. Introduction


The Amazon Forest is a megadiverse biome, distributed across nine countries, mostly in Brazil. Since the 1970s, unprecedented tropical deforestation rates have been transforming the Brazilian Amazon into a mosaic of agriculture, pasture and different stages of successional vegetation patches [1,2,3]. In the past 20 years, many anthropogenic activities have pressured this biome, such as the construction of hydroelectric dams since the 1990s [4,5]. Until 2022, seven of the largest existing hydroelectric dams (Tucuruí, Balbina, Samuel, Santo Antônio, Jirau, Teles Pires and Belo Monte) have been in full operation in the legal Brazilian Amazon [6,7].



Regional environmental changes caused by hydropower development can lead to non-trivial implications in climate, hydrological and biodiversity regimes in all Amazon regions. The magnitude of the plans and impacts caused by such development projects makes it extremely important to learn all possible lessons from hits and misses in the planning and construction of hydroelectric dams in the Amazon Forest [6].



Former experiences in the area indicate the need to improve the systems of development planning, impact analysis and environmental licensing. Furthermore, the role of climate and land cover change in energy planning in emergent economies remains a critical issue that could play a major role in the sustainability of hydropower projects [8,9,10].



Dams’ impacts in large tropical rivers have been generally assessed belatedly or are underestimated in terms of their socio-environmental changes, affecting socio-ecological sustainability [11,12]. This is the case of the Belo Monte Hydroelectric Complex (BMHC) in the Volta Grande do Xingu (VGX), where the presence of dams has resulted in changes within habitats and biomes [13]. Although it is very common to find in the literature studies that debate the pros and cons of this mega operation [6], a search on indexed journal databases reveals that the VGX is a much lesser explored and studied area compared with the rivers and floodplain environments where the other largest Amazon hydroelectric dams are installed.



Land use and land cover changes (LULCC) have been important tools for the assessment of the impacts of large dams on the environment [14]. This is especially essential for the Amazon Forest due to its high cultural and biodiversity values. LULCC evaluation, classification and accuracy are some of the most important applications in remote sensing, and its applicability and enhancement are major concerns in Earth observation sciences [15,16]. Classification methods in remote sensing are the basis for several LULCC environmental applications [17].



There is no consensus on which classification algorithms are the best for LULCC analysis [17]. The individualities of each study, such as their aims and objectives, the dataset used or the area under study, make the choice for a classification method very particular for each case [18]. A better comprehension of the use of different classifiers, aiming to gather most relevant and reliable land cover information, is a continuous demand, and this is the reason why the selection of a suitable classifier is so unique and requires the consideration of factors that include algorithm performance, accuracy results, computational resources and limitations inherent to the methodology [17,19].



Some of the most important and susceptible aspects that can bring uncertainty to a final product happen during the image acquisition process and during the different stages of the classification procedures. These can, in turn, affect the spatial and radiometric resolutions, generating position and interpretation errors [20]. The poor quality of training samples, which affect the area estimation of land-cover classes and the interaction between the instrument resolution and the scale of processes being analyzed on the ground, is also an issue of concern [18]. For tropical forests in particular, atmospheric conditions (clouds are often a problem for remote sensing in tropical areas, due to the difficulty of collecting cloud-free orbital imagery), complex vegetation composition and the lack of reliable reference data that can be used for validation must be considered when assessing classification quality [21]. To overcome challenges related to the intrinsic complexity of the landscape and elaborate image processing techniques, research has been developed in the LULC classification methods and comparative studies of different classifiers are frequent in literature [17].



As important as the debates around the advantages and disadvantages of a mega operation such as the BMHC are the measurements of the imbalances caused to such a fragile ecosystem, an issue much less explored in the literature. A better understanding of the relationships between a dam’s construction, its operation and the resulting land-cover changes on the part of decision makers and public policy makers is essential for effective land management that promotes both economic development and a conceivable level of sustainability and environmental wholeness. Therefore, it is fundamental to make available the most suitable and straightforward methodologies and data sources, embracing even users outside the remote sensing community.



Considering all of the arguments above, this study seeks to compare the applications and accuracy assessment of supervised parametric (Mahalanobis distance, maximum likelihood, and minimum distance) and non-parametric (neural net, random forest, and support vector machine) classification algorithms, which are very popular in image processing software, in the VGX field.



To do so, we analyzed the land use and land cover change using Landsat images from 2000 and 2017. This study discusses which classification algorithms might be more suitable to evaluate LULCC in VGX and identifies potential alterations in land use and land cover that might be related to the construction of the BMHC.




2. Materials and Methods


2.1. Study Area


The Amazon is mainly covered by evergreen forest, wetlands and water surface. The main land uses of the biome are cattle ranching, agriculture, mining, logging, non-timber forestry production and uses related to occupation processes, such as road building [4,22]. The watershed of the Xingu River is located in the Brazilian states of Pará and Mato Grosso (Figure 1). The lowest part of the middle Xingu is known as The Volta Grande do Xingu, located totally in Pará.



Cattle have been present in the Xingu floodplains for at least the last 100 years [23]. More recently, cattle ranches have been replaced by large-scale agriculture, increasing deforestation rates [24]. Indeed, mega-scale soy plantations are a dangerous threat to the environment in the Amazon Forest—the Xingu basin alone provides 8% of global soy production [25]. In the VGX, most of the land cover and land use include primary forest, secondary forest, agriculture (such as cocoa and açaí plantations and other kinds of crops), pasture, exposed soil, and alluvial forests under the influence of flood pulses [12,26]. The local economy is based on familiar agriculture, and has riverside agriculture and traditional extractive activities, such as rubber and Brazilian nuts [27].



The construction of BMHC began in 2001 and was completed in 2016. BMHC is the third-largest hydroelectric plant in the world, with 11.2 GW of capacity [28]. The major alteration caused to the Xingu River was the inundation of an extensive area of vegetation (as can be seen from Figure 2a,b). It has drained approximately 130 km of the river channel between Pimental and the outlet of the BMHC dam (downstream—the focus of this study). From there, the water is returned to the Xingu’s main channel [29,30,31].



The BMHC has two dams (Pimental and Belo Monte). The main dam of Belo Monte, which resulted in the Xingu reservoir, is 40 km downstream of the municipality of Altamira, which is the largest Brazilian municipality and concentrates the core urban area nearby (Figure 1) [32].



The geomorphology of the Xingu watershed is complex, with large boulders of rock in the Xingu River channel with associated vegetation, mainly downstream of its encounter with the Bacajá River and close to its encounter with the Iriri River [29,33]. This configuration promotes abundance and diversity in fauna and flora, with about 174 species of fish, 440 species of birds, 259 species of mammals, as well as endemic and endangered species [34]. Surrounding the VGX, there are different conservation units and indigenous lands [35].



Tropical rivers, such as the Xingu River, are ruled by a well-pronounced flood pulse [36]. Its peak is from March to May, while the dry season is from September to November. The BMHC altered the natural flood pulse in an extreme way when the river flow was diverted for the construction of the reservoir [27]. The average flow, able to reach 20,000 m³/s during its peak, was reduced to 4000 m³/s yearly, rotating with an 8000 m³/s flow every two years, a reduction of 80% of the river flow in the VGX area [37]. This new hydrological regime imposed by the dam operators has been implemented since the end of 2019, with some occasional interruptions due to judicial interferences caused by the proven unsustainable conditions to keep healthy riverine ecosystems [38,39]. Indeed, some studies already indicated that the artificial regulation of the Xingu water flow level is failing to simulate the natural flood pulse and specialized vegetation and aquatic organisms are not able to survive the new conditions [27,30,31,37].




2.2. Dataset


Two Landsat (Landsat sensor products are commonly used for local and regional scales—the case of this work—and have been one of the most frequent sources of data for LULC classification and analysis due to the benefits associated with being free of charge and having registered the Earth’s surface for decades. Despite the cloud-free issue, Landsat 7 and 8 are able to distinguish many different kinds of surface targets, mainly when supported by good quality field survey data [28].) multispectral products were analyzed: a Landsat 7 image from 26 May 2000 (Figure 2a) and a Landsat 8 image from 20 July 2017 (Figure 2b). The year 2000 represents a scenario before the dam’s construction, and 2017 represents a scenario the year right after the dam’s full operation. This long time interval was chosen mainly due to the sparse availability of cloud-free images for the VGX, since frequent observations in the Brazilian Amazon are highly improbable using optical images [21]. Both images were acquired from the USGS Landsat Image Gallery platform [40] and have spatial resolution of 30 meters. The bands used for the image classification and analysis were the visible, near and short-wave infrared for both. The two images were radiometric calibrated, stacked and mosaicked.
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Figure 2. (a) Landsat 7 image from 26 May 2000; (b) Landsat 8 image from 20 July 2017. Source: Landsat-7 and 8 images courtesy of the U.S. Geological Survey. 
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2.3. Class Selection and Spectral Signatures


Based on the Amazon landscape, in a first attempt of class selection, primary and secondary forest, crops, exposed soils, agricultural lands, pasture, river, rocks and clouds were chosen based on a thematic vegetation map from the area [41]. It was not possible to completely remove clouds and their shadows from the 2000-year Landsat image using a mask, so it was determined that clouds/shadows would be considered a single class, one that was easier to disregard on the post-classification analysis and other quantitative approaches.



To avoid misinterpretations during the classification process, a prior selection of classes was performed that considering spectral signatures, based on the analysts’ previous knowledge. Using the function “Statistics” in ENVI 5.5.3, a spectral profile for both Landsat images (2000 and 2017) for each class was created. The spectral information is the mean spectral signature, or reflectance, of the targets, in digital numbers (DN), for all the bands in the image, collected through polygons represented as region of interest (ROIs) for each of the classes.



A significant overlapping of spectral signatures (primary and secondary forests and agricultural lands) was observed, indicating that the algorithms would misinterpret some of the classes. This might occur due to the heterogeneity and complexity in vegetation structure in tropical forests. Remote sensors primarily capture canopy information and structures between different vegetation stages (e.g., secondary succession and mature forest). This way, different vegetation species may look similar. Besides that, a single pixel might contain more than one vegetation type, forest stage or land-cover class in a 30 m resolution Landsat imagery, resulting in confusion between classes [15].



Therefore, intermediate stages of vegetation and different kinds of crops and bare soil environments were merged in unique classes: primary and secondary forest and developed mature crops were grouped into “vegetation” and agricultural lands; and fresh crops and pasture were grouped into “agro-pasture”. Ultimately, this study considered five classes: clouds (which were disregarded on the quantitative analysis); forest (which included different types of vegetation, such as alluvial forest, inland forest, primary and secondary vegetation); agro-pasture (including different types of crops, pasture areas, exposed soil and logging areas); river (comprising different depths of the water column); and rocks (large exposed boulders of gneiss rock covered by low vegetation and ferruginous crusts, eventually crossed by the watercourse) (Figure 3). Examples of these classes in the ground are shown in Figure 4e–g.



The fusion of classes worked well for vegetation, but it was observed that, for agro-pasture and rocks in the year 2000 (Figure 3a), the reflectance still has overlaps, corroborating the spectral confusion already reported in the literature between bare soils and non-vegetated wetlands [42] in the study area. For the year 2017 (Figure 3b), although river and rocks are well distinguished from other classes in band 5, there is a superposition of rocks and agro-pasture and forest and rivers at the visible band, exhibiting a pattern of two spectral signature clusters in the visible band. Although there are some distinctions between the classes, mainly in the NIR bands, at no wavelength was the separation of spectral signatures complete, including overlapping of error bars.




2.4. Reference Data


Good classification results strongly depend on the selection of reliable training datasets for each class [18] and field visits are important to improve the quality of the reference data [43]. To support and guide the selection of more accurate sample plots to be used in the training stage and improve the accuracy assessment of the final products, very-high resolution orthomosaics, at the order of centimeters and capable of revealing great details of the landscape, were employed. These orthomosaics represent interest zones in the scope of the study, are small compared to the VGX and are therefore not representative of the whole area. These were created through orthophotos collected using a Phantom 4 Remotely Piloted Aircraft (RPA) (examples of orthophotos are in Figure 4b–d). The images generated by the flights were processed on Agisoft Metashape Pro version 1.8.3. For more information on this methodology, the reader can refer to [44,45]. The flights occurred between 07–14 November 2021 in a field trip to the study area, mainly over the floodplain, where different environments (such as wetlands, forests, river, bare soil, and rocks) could be detected. Agro-pasture areas could not be reached by the RPA from where the flights took place and were not imaged. The training sample polygons were then drawn with consideration of the analyst’s knowledge of the area, of the imagery dataset acquired from the RPA flights during the field trip, of the high-resolution imagery set used as reference of the ground and of the spectral signatures of each class.
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Figure 4. (a) Ground reference dataset based on the Planet Labs platform (4.77 m resolution) and used in the accuracy assessment step. The yellow squares are the location from orthophotos (b–d). (b) Orthophoto and (e) field example from a rocky environment among narrow river channels and rapids. (c) Orthophoto and (f) field example from exposed soil, rocks and associated rock vegetation. (d) Orthophoto and (g) field example from dense wetland and upland forest vegetation being crossed by the Xingu River (which has its main course diverted into channels) and blocks of rocks. (e–g) are not georeferenced and are examples of interest zones within environments (b–d). 
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The last step of the process is the accuracy assessment of the map generated through the classification process using a confusion (or error) matrix. High-resolution aerial or satellite imagery is often used to assess the accuracy of maps made from moderate-resolution satellite imagery, such as Landsat. Simple classification schemes (from two to eight classes) can be reliably assessed from the interpretation of high-resolution imagery [43].



Due to the small coverage of the orthomosaics generated by the RPA, this dataset could not be used in the accuracy assessment stage as a ground reference. This is why, for this study, a 4.77 m resolution image, able to cover the entire study area, was created. The imagery was generated by calculating the median of all reflectance values by each pixel, from all imagery products made available for November 2021 by the Planet Labs platform (Figure 4a), in the Planet Labs Catalog for Google Earth Engine (Planet and NICFI Basemap for Tropical Forest Monitoring Collection). This image was used as a ground reference in the assessment of the classification performances, comparing the classes of the sample training areas on the map with the samples representing the same classes in the reference data set, which were confirmed through field validation, to generate the error matrix [43].




2.5. Complementary Data


A long time series analysis might not capture some important land cover changes. Land cover change at different detection periods (long and short) can provide different conclusions regarding the processes that induce transformations [46]. In a long detection interval, the general trends may be observable, but the intermediate change processes will not necessarily be detected, especially for a land cover in continuous transformation, such as the VGX area.



That is why the dataset from the European Commission’s Joint Research Centre Global Surface Water (JRC GSW) initiative was also used for the LULCC analysis. The JRC GSW dataset is an initiative from the European Commission’s Joint Research Centre in the framework of the Copernicus Programme which maps the location and temporal distribution of water surfaces at the global scale. These freely available data allow the mapping occurrence, intensity, seasonality, recurrence and transition of water bodies all around the world over the last four decades, providing statistics on the extent and change of water surfaces. The dataset is produced from Landsat imagery, where each pixel is individually classified into water/non-water using an expert system, and the results are combined into monthly history maps for change detection [47]. Data are available from both the GSW website [48] and from the Google Earth Engine (GEE) catalog.



For this work, the JRC GSW dataset was handled on GEE using the “JRC Yearly Water Classification History”, a dataset containing maps of the location and temporal distribution of surface water from 1984 until the present. The interval used was from 2000 to 2017. The collection offers a year-by-year classification of the seasonality of water based on the occurrence values detected throughout the year. The dataset’s original classes are “no data”, “not water”, “seasonal water” and “permanent water”. The yearly images were downloaded from GEE and the ground surface water maps were treated in QGIS 3.16.14 (Hannover) using the post-classification comparison method through SCP plugin tool “Land Cover Change” [49]. Thus, it was possible to quantify how much of the permanent/seasonal/no water turned into emerged or submerged habitats or remained unchanged.



Table 1 presents a summary of all the dataset sources and where they can be reached.




2.6. Image Classification


Image classification methods are divided into many different categories: supervised and unsupervised, parametric and non-parametric, hard and soft (fuzzy), per-pixel, subpixel and per-field and object-based, each of which has many algorithms to suit them (the reader is referred to [51,52] for in-depth reviews on the subject). For this work, we focused on the supervised (where the algorithm is trained to learn characteristics of the image), parametric, and non-parametric pixel-based (where each pixel stores the spectral information as digital numbers) classifications. While parametric classification assumes that a normally distributed dataset exists and the statistical parameters from the training samples are representative, for non-parametric models, the assumption of a normal distribution of the dataset is not demanded and the statistical parameters do not necessarily split the images into classes [17].



Six different classification algorithms were tested in the VGX area. Three of these are parametric: Mahalanobis distance (MH), maximum likelihood (ML) and minimum distance (MD). The other three are non-parametric: neural net (NN), random forest (RF) and support vector machine (SVM). MH, ML, MD, SVM [53,54] and NN [55] (pp. 419–421) algorithms were performed on ENVI 5.5.3. RF classification algorithm was performed on the European Spatial Agency’s (ESA) SentiNel Application Platform (SNAP) 8.0 toolbox [56]. All of these were performed using the standard configurations of the software. These classification algorithms were chosen because they are very popular in image processing software and are extensively used in the already available literature, allowing for a good basis of comparison [15,17,20].



The MD classifier characterizes each class by its mean reflectance in each band from the training site with unknown pixels assigned to the class with the nearest mean value. In other words, the candidate pixels are assigned to the class that is spectrally closer to the sample mean. In the ML classification, the probability assumes a normal spectral distribution for each class and an equal probability that the pixel belongs to a particular class, taking the variability of classes into account. The MH classification is a direction-induced distance classifier where a probability statistics calculation is used for each class, but assuming that all covariance is equal [51,52].



NN is a pixel segmentation technique trained to recognize patterns. It has a non-parametric advantage of taking arbitrary decisions, since it does not make assumptions on a feature’s distribution. No prior knowledge about any statistical parameters of a class is required, ensuring an easy adaptation to different types of data [15,17]. The RF algorithm is a technique that randomly and iteratively samples the data to generate a large group of classification trees (the so-called forest) at the training stage. This represents the statistical mode of many decision trees, where the outputs are the classes selected by most trees. This usually gets a more robust classification than a single model run [57].



Lastly, the SVM algorithm, which is a method derived from statistical learning theory, separates the classes based on a decision surface that maximizes the margin between those classes. The closest points to these surfaces are the support vectors, which are the critical elements of the training set. This algorithm has become a popular classification method due to its excellent empirical performance [58].



The sampling strategy was designed to select a large number of sample polygons for each land cover or land use class in different areas of the image, aiming to capture the greatest possible spectral variability of the classes. Samples were located where there was certainty that the land cover/use did not change between 2000, 2017 and 2021. This strategy was chosen since there were no available reference images obtained in the field from years 2000 and 2017. Training samples were overlaid on the 2000, 2017 and 2021 images separately to adjust the land cover classes based on visual interpretation. The same strategy was adopted to select test samples in the reference image for the accuracy assessment step, making sure that they were different from the training polygons. Table 2 describes the number of pixels within the training and test sample polygons used for each class for the years 2000, 2017 and 2021 respectively.



It is notable that forest, agro-pasture and river classes have more training pixels than rocks. This approach was used because, in addition to being less frequent in the landscape, the rocky environment in the Landsat images could easily be visually confused with other environments (such as water or vegetation associated with the rocks), even when using NIR bands or the reference image to select them. Rock training classes were chosen considering only emerging areas in both 2000 and 2017 images, in the reference image from 2021 and on orthophotos acquired in the field. Therefore, considering the other classes, many less samples labeled as rocks were available to be selected as training samples.




2.7. Accuracy Assessment


Quantitative accuracy assessment of maps relies on the comparison of the area represented on the map against reference information for the same site. A common method for classification accuracy assessment is through the use of confusion (or error) matrices. The reader is referred to [43] (pp. 74–76) and [59] for mathematical representation and examples of confusion matrices. In this work, they were calculated using ENVI 5.5.3 post classification tool “Confusion Matrix Using Ground Truth ROIs”. This pairs ground truth reference ROIs with the classes of the classified image, to show what percentage of the ROI pixels were or were not contained in the resulting classes. It also provides a specific evaluation of the agreement between the classified result and the reference data, giving details even on misclassification [15]. The report generated when a confusion matrix is calculated contains the following diagonal elements:




	
Overall Accuracy (OA): calculated by summing the number of reliable classified pixels divided by the total number of training pixels.



	
Errors of Commission (Comm): are the fraction of sample pixels that were predicted to be in a class but do not belong to that class (false positives).



	
Errors of Omission (Om): are the fraction of pixels that belong to a class but were predicted to be in a different class (false negatives).



	
Producer Accuracy (PA): a measure of the probability that a pixel in a given class was classified properly.



	
User Accuracy (UA): a measure of the probability that a pixel predicted to be in a certain class really belongs to that class.



	
Kappa Coefficient (Kappa): takes non-diagonal elements into account and measures how equivalent classification and reference values are. A kappa value of 1 represents a perfect match, while a value of 0 represents no equivalence. Despite the criticism by some authors, the kappa coefficient is considered a powerful tool when analyzing a single error matrix and for comparing the differences between various error matrices [43,60].








Although the literature recommends accuracies of 85% as acceptable, for contemporary mapping this suggestion may be inappropriate and unrealistic [61,62]. In fact, there are no agreements in the scientific community about limits on how accurate a classification must be to be considered reliable [63]. The approach usually used in the literature follows the selection of the most accurate classifier, either among the simultaneously evaluated classifiers or the comparison with classifiers from other studies. With this in mind, for this study, a range of values were defined to categorize the performance of the classification algorithms (Table 3):




2.8. Detecting Land Cover Change


A great number of change detection techniques have been developed, but many are able to detect only binary transformations on the landscape (change/non-change categories). A “from–to” change track strategy, otherwise, provides a superior comprehensive understanding of LULCC patterns and rates [20].



The post-classification comparison is a very popular change detection analysis, and was the method chosen for this work. It was performed using QGIS 3.16.14 (Hannover) through the Semi-Automatic Classification Plugin (SCP) post processing tools “Cross Classification” and “Land Cover Change” [45]. Studies have shown that this method offers good accuracy in representing changes in land use [64,65].



The classification results from years 2000 and 2017 were cross-tabulated on a pixel-to-pixel comparison, where each pixel represents a class transforming into a different class between the dates (i.e., the direction of transformation). Then, maps regarding these changes (or tracks) were generated for forest/non-forest and for river/non-river transformation categories.



The directions of changes were also tabulated and represented as graphics, in which transformations were estimated through ten change tracks: agro-pasture to forest (AgrPa-For), rock to forest (Roc-For), river to forest (Riv-For), forest to agro-pasture (For-AgrPa), forest to rock (For-Roc), forest to river (For-Riv), river to agro-pasture (Riv-AgrPa), river to rock (Riv-Roc), agro-pasture to river (AgrPa-Riv), and rock to river (Roc-Riv).



Since the classification process and LULCC analysis are complex and involve many different steps, Figure 5 summarizes all the methodology described above in a comprehensive workflow.





3. Results


3.1. Classification Accuracy Assessment


Map accuracy assessment assumes that the information contained within the error matrix is a true characterization of the classified map being assessed. Analysis of the causes of its differences might be one of the most important steps in the construction of a thematic map [43]. Table 4 shows a summary of all accuracy metrics calculated for river, forest, agro-pasture, and rock classes. Columns represent true classes, while rows represent the classifier’s predictions.



According to Table 3, regarding Overall Accuracy and Kappa Coefficient, all the classifiers were considered satisfactory, which means that all the classifications are in good agreement with the reference data. All values were above 0.9, except Kappa for MD in 2017 (0.88) (Table 4). However, these two measures alone are not enough to point to misclassifications of individual map classes. Although some authors consider the Kappa Coefficient a more meaningful statistic when compared to Overall Accuracy, the similarity between them in this study makes Kappa less efficient as an assessment parameter [43].



All the algorithms had good performances for the forest class, for both years, with Comm and Om errors and PA and UA considered satisfactory in all cases, which was expected due to its homogeneity, major area coverage in the image and distinct spectral signature from the other land classes. Major omission errors happened in the rock class for both MH (32.70%) and MD (41.21%) in 2000, and for MD in 2017 (41.14%) (Table 4). This means that an elevated percentage of the area predicted to be classified as rocks was excluded (omitted) from the rock category. Commission errors were unsatisfactory only for RF in 2000 (32.11%) and 2017 (25.23%—a border value) (Table 4), which means that for both, the algorithm included pixels predicted to be classified as rocks in other categories. There were also regular performances for Comm and Om errors for agro-pasture (MH in 2000 and 2017 and MD in 2017), river (MH, MD and RF in 2000) and rocks (MD in 2000 and for all the algorithms in 2017) (Table 4).



For both years, and for parametric and non-parametric classification algorithms, user and producer accuracies were predominantly above 80% for forest, river and agro-pasture. Nevertheless, the rock class had lower rates mainly when compared with other classes, for almost all algorithms and both years. The only exception is for ML and SVM in 2000. The matrices reveal especially high Comm and Om errors for MH, MD and RF algorithms in both years. PA is much lower than 80% for Maha and MD in the year 2000. RF and MD also have higher errors in the year 2017. For the other classifiers, Comm and Om errors and PA and UA, although still adequate, had their performances below other classes, such as forest and agro-pasture.



The performance of the parametric algorithms in the rock class is more accurate than the non-parametric algorithms, mainly for MD and MH classifiers, in both years. The visualization of the classification maps of all the methods are presented in Figure 6 and Figure 7 for 2000 and 2017 respectively.



Class area estimation for each classification algorithm for both years are shown in Figure 8, revealing the variation of the classified area between classification outputs. Forest and agro-pasture were the most homogeneous classes (less variation between all classifications), with emphasis on the year 2000, where there was only an 8% difference in area between the algorithms which classified the smaller (ML) and greater (MH) forest area. In opposition, rock and river classes had more than a 50% difference in the classified areas, for both years, between the algorithms. Rock class, as expected, was the most heterogeneous class, with a more than 70% difference between the areas classified using MD—which detected the smaller rock area—and NN (79% for the year 2000) and RF (72% for 2017), which classified the larger rock areas.




3.2. Land Cover Change


Due to the land flooding necessary for the reservoir construction and the expansion and installation of secondary economic activities triggered by the power plant construction, the most significant transformation was from forest to non-forest classes. For instance, the conversion from forest to agro-pasture in all classification methods (Figure 9). A few agro-pasture areas have been converted to forest, mainly in the north of the study area, similar to what is observed in Figure 10 (non-forest to forest class). Figure 9 and Figure 10 show the land cover transformation for forest and non-forest classes in the VGX area.



Figure 11 and Figure 12 show the land cover transformation for river and non-river classes. Downstream of the Xingu River, the main alteration is the conversion from river to non-river areas, while upstream and in a channel area northward, there is an increase in the river area (non-river to river classes). Both changes are associated with the construction of the reservoir. In the first case, the reduction of the water flow caused by the river damming exposed environments that were previously submerged, mainly rocks, but also soil that ultimately turned into agro-pasture areas and even recovered forest (Figure 12). Upstream, due to the flooding of land areas, mainly forest areas, but also crops, were transformed into water (the Belo Monte reservoir) (Figure 11).



Table 5 gives a summary of the areas of LULCC for each classifier in both years shown in Figure 9 and Figure 11.




3.3. JRC Ground Surface Water Dataset


Figure 13 shows yearly changes in the water availability during the analyzed period. Quantifying this information is important since the different performances of the algorithms, mainly regarding river and rock classes, could have biased the analysis in relation to the impacts caused in these environments when the river was dammed. This could have led to a misinterpretation in which the classifier would be responsible for the difference between the areas, and not the impact caused by the dam. Figure 14 shows the alteration in key years (the year when the dam construction was concluded, one year before and one year after the river damming).



For the years prior to the damming of the river, the pattern of alterations is induced by natural phenomena, such as the ones caused by the El Niño South Oscillation (ENSO), that can influence the natural hydrological cycles through the rainfall regime [8]. From Figure 13, it is very clear to see that the natural pattern of flooding was substantially altered from 2015 onwards.





4. Discussion


Due to the importance of a comprehensive comparison of different algorithms for LULC classification, aiming to improve knowledge on issues such as accuracy assessment and the selection of suitable algorithms for a historical remote sensing analysis for the VGX, the discussion section intends to sum with other previous initiatives that sought to measure and evaluate manmade transformations in study areas using remote sensing [3,12,15,28,30,31,42,46,66,67].



4.1. Accuracy Assessment of Classification Methods


Regarding general statistics (Table 4), Overall Accuracy and Kappa Coefficients were very similar among all classifications, both higher than 80%, which was expected for results which are highly correlated. The parameters also corroborate with other results already described in the literature for the area [3,12,28,46]. A previous study [28] achieved overall accuracies (90–92%) and kappa coefficients (0.85–0.90) using ancillary data and more than one orbital sensor product. Another study [46] obtained an overall accuracy of 84.3% and a kappa coefficient of 0.79 in their classification for the VGX area using six Landsat images between 1991 and 2017. Ref. [12] applied the ML classification on multi-temporal Landsat imagery of the VGX, achieving overall classification accuracies of 89.7% (2011) and 92.3% (2017).



Commission (Comm) and Omission (Om) errors and Producer’s (PA) and User’s Accuracies (UA) were determinative to better understand what the map represents and what is actually on the ground, so that potential confusion between classes can be understood. It is expected that commission and omission errors have the lowest possible values (since they represent percentage errors of inclusion and exclusion of classified pixels in the correct class or different classes), and PA and UA to be as close as possible to 100% (since they are used to determine the probability of a predicted pixel to be in the correct or different class) [68].



Three major possibilities might be associated with the misclassifications revealed by the Om and Comm errors: (1) the overlapping of spectral signatures, since the algorithm understands a class as a different one; (2) the resolution of the image, since a unique pixel might contain more than one class; and (3) the heterogeneity of the class.



The Om errors associated with agro-pasture can be related primarily with its spectral signature, mainly for the year 2017 where agro-pasture and forest reflectances are overlapped in all bands of the image (Figure 3). Additionally, agro-pasture areas are more heterogeneous than forest, and, depending on the time of the year, pasture can have similar radiation measures as dense vegetation, which might cause confusion during the classification process. Furthermore, this category is spatially well defined and detached in the landscape, being easily visually identified. For 2017, MH and MD had similar performances, with regular omission errors, while the other classifications were satisfactory. Where there are omission errors for agro-pasture, there are also more than 5% of commission errors for forest, an indication that forest pixels might be wrongly classified as agro-pasture.



River spectral signature (NIR band) and error bars (RGB bands) are overlapped with rock spectral signature for 2000 (Figure 3), where there are also Comm errors for MH and MD (Table 4), indicating that river pixels were probably classified as rocks, since for the same algorithms, Om errors for the rock class are unsatisfactory. Different river depths and spatial mixing with the rocky environment are detected in the variation of classified areas between the algorithms, higher than 50% (Figure 8). Pixel resolution issues and the heterogeneity of the different rock surfaces were detected in 2017 in all classifiers. Only ML and SVM for the year 2000 do not have significant Comm and Om errors for this class. For 2017, these same algorithms have regular Comm errors, probably because rock pixels are being classified as river due to the image resolution (both land uses are being imaged in a single pixel) and heterogeneity. Indeed, the confusion between the classifiers is evident in Figure 8, since there is a demonstrated variation of 70% for classified rock areas between the algorithms for both years: some classifiers underestimated the classification for the exposed rock area, and others, overestimated (as can be seen in Figure 6 and Figure 7).



Poor performances of MH (2000) and MD (2000 and 2017) for rocks are corroborated through PA statistics, which represents the probability of a pixel being correctly classified—for low PA numbers, high omission errors are expected–which is indeed verified for the case (Table 4). On the same hand, low UA implicates higher Comm errors—which is the situation for RF in both years for the rock class.



All the six classification algorithms, from the simplest to the most complex, had similar overall performances in detecting critical trends of LULCC in the study area. Notably, MH, MD and RF were the algorithms with major issues to properly classify the rock land cover, which ended up affecting the river area quantification, since there was confusion between the two classes.



Regarding the parametric classifiers, for both years, ML was more capable of highlighting errors in individual classes. As to the non-parametric classifiers, SVM was slightly superior when compared to NN, for both years, which demonstrate that these two algorithms are the most suitable options within the scope of this study.



The difference between the performances of parametric classifiers can be explained because, while MH and MD work by classifying a pixel based on the reflectance values of the closer pixels, ML assigns each pixel to a class using as criterion the probability that a pixel belongs to its class based on reflectance values, demonstrating it to be more accurate in a heterogeneous environment. Indeed, ML is the most common parametric classifier and is available in any commercial image processing software [66].



Regarding non-parametric algorithms, RF uses an average of several aleatory decision trees based on training samples and NN recognizes training patterns and classifies data using a neural net. While both are based on random clustering techniques, which might have biased the classification and overestimated the rock class (as seen in Figure 6, Figure 7 and Figure 8), SVM creates a hyperplane that separates data in to different categories through vectors. RF and NN might not be good choices when there are not many training classes (as is the case of the rock class as seen in Table 2), while SVM is a good option for targets with any level of spectral separability. Moreover, NN and RF can perform slowly even when training a reduced number of samples, while SVM demands less computing power. Ref. [15] found that non-parametric algorithms had some advantage in relation to traditional classification methods and the result of [42] agreed, identifying the way in which the complex biophysical environment of tropical forests induced misinterpretations, both of which corroborate our findings.



Concerning the specific characteristics of the study area that influence the classification, an important aspect must be emphasized regarding the date of the images used and the water pulse that rules the Amazonian rivers. The Xingu River is controlled by seasonal floodings, and, while individual images might offer a general trend of LULCC, important changes related to aquatic environments and wetlands, such as river and rocks, might not be properly detected. The image from the year 2000 is from May, and the one from 2017 is from July, and, although the majority of alterations are indeed caused by the river damming from 2015 onwards, the fact that the river is in different moments of the natural flood pulse in both images might influence the final classification results. This important and seasonal short term environmental characteristic does not affect forests, pasture and crops, which were indeed the best classified classes.



This important issue was also identified for the study area by other authors. Ref. [46] reported that fluctuations in water reservoirs and rivers in different seasons might cause misclassification of water and other land cover types, such as lowlands and floodplains. The alterations over the Xingu River basin are core to the research lead by Kalacska et al. In three different studies, they realized that, from 1989 to 2018, the surface water was not the focus in most classification studies for the Xingu River basin, which makes the surface water classifications rapidly out of date in an area where large LULCC are ongoing due to large engineering projects [3,60,67]. These authors point to a problem also detected in our study, which is the difficulty in properly classifying the Xingu River and the floodable habitats in the VGX area.



Another important aspect that might influence the classification in a complex landscape such as tropical forests is the reference data. In a first attempt to classify the two Landsat images using only parametric algorithms, the training stage was based on the user’s expertise of the area and on previously collected ground information data based on a 2008 raster image elaborated for the BMHC Environmental Impact Study, resulting in a poor performance of the classification algorithms [41]. Existing data are rarely acceptable for accuracy assessment, since the data might not represent the classes being mapped. This is because the existing field inventory was collected for a goal other than accuracy assessment or because the classification schemes employed to create the existing map differ from the one being used to create the new map, which was precisely the case in this previous attempt [43].




4.2. Land Use and Land Cover Changes


Based on the BMHC Environmental Impact Statement, the construction of Belo Monte reservoir was expected to deviate 42% of the Xingu River and remove 24% of the forests of the region [29]. This study confirmed both transformations in land cover: river to non-river downstream of the Xingu River (Figure 11, Figure 12, Figure 13 and Figure 14), and from forest to non-forest near the reservoir (Figure 9 and Figure 10). An increase in the river area was observed upstream of the Xingu River and in a channel northward of the VGX, as seen in the non-river to river class (Figure 11 and Figure 14), due to the creation of the reservoir. This caused a conversion from a lotic (flowing water) to a lentic (still water) environment, affecting both water quality and biodiversity [69].



One of the main impacts was the conversion from river to non-river areas (Figure 11) in the south of the VGX, observed in the results from all the classification methods (Figure 12 and Table 5) and corroborated by the JRC GSW ancillary data (Figure 13 and Figure 14). For the study area, the river course deviation altered the rocks’ exposure, as observed from Figure 11 to Figure 14 and Table 5.



We can see from Figure 14 that an extensive area (east, where the rocks are predominant) changed from permanent water to seasonal water (in orange) and non-water (in red), confirming the rock exposure trend found by the classification algorithms.



From Figure 13 it is possible to confirm that this transformation dramatically deflected from the pattern observed from previous years in the period 2014–2015, a period marked by the initial deviation of the watercourse, and in the period 2015–2016, when the deviation was concluded. A very worrisome pattern is also observed in Figure 13b, where a significant extension of seasonal waters (the ones controlled by the flood pulse of the river) also turned into non-water in 2015–2016, the first year after the conclusion of the dam construction, something which would permanently change the natural flood pulse. Finally, in Figure 13c we can see how the influence of the new reservoir is clearly reproduced, when an extensive area of no water changed into seasonal/permanent water in 2015–2016. This transformation is also highlighted in Figure 14, which consists of three year-by-year maps where we can see the reservoir being created.



The rock’s exposure can pose a threat to the biodiversity that is adapted to and associated with the rocks, such as the rock vegetation, which is dependent on flood pulses, i.e., periodic river flow pulsing that supports ecosystem productivity [70]. There is a consensus that the mortality of fishes observed in 2015–2016 is directly related to the interruption of the migratory flow and the way that areas for feeding and spawning were no longer flooded due to the reduced flow of water that year [27,37]. The absence of flooded areas also affected the nutritional quality of the surviving fish. The years 2015 and 2016 light a red alert about the new hydrological flow that the Xingu River is about to be subject to after the damming.



The deforestation (forest to non-forest class) (Figure 9 and Figure 10) process is a consequence of associated activities related to great enterprises, such as roads, accommodation/workers houses, construction sites, plant structures, and equipment assembly [29]. The increase in infrastructure works attracted by the Belo Monte power plant is also responsible for improving transport access to remote areas, which may have contributed to the conversion of forest to agro-pasture (Figure 10) [71]. Indeed, it is well known that deforestation patterns are associated with road access, especially in areas of agrarian projects [72]. The region also had economic incentives for activities related to cattle ranching, resulting in a growth of 116% from 2000 to 2017 [73,74].



The literature’s recommendation states that the creation of mitigation measures, such as the intensification of environmental monitoring and the creation of protected areas, with the aim to avoid or reduce deforestation, are the most effective strategies to attenuate the harmful impacts of such great enterprises [31,75].



As there are large and small hydroelectric power plants planned to be constructed in the Amazon, it is important to understand the land use and land cover changes associated with these activities, as well as to describe reliable methods to analyze these transitions. The present study validates the use of parametric and non-parametric classification methodologies, from the simplest and widely used to the most complex and restricted available in popular software packages. All of these fulfill their purposes, mainly when associated with good ground reference information, well-selected training samples and prior knowledge of the area. When available in popular software, they are not complex to implement and are accessible to a wide range of users, even those who are not experts in image processing and geoprocessing techniques.





5. Conclusions


This research corroborates and increases the knowledge of remote sensing techniques for the VGX already gathered by other studies, reaffirming the idea that the construction of the BMHC is the current most important source of negative impacts in the VGX area. Thus, a follow-up is a relevant part of the environmental licensing of the mega project. The present study is focused on the VGX and BMHC, but it is possible to extend our findings and methodologies to the surroundings of other enterprises, given the similarity and homogeneity of the Amazon region in the context of land use and occupation.



This study points out that a combination among different classification techniques is fundamental. When possible, and if available, using non-parametric algorithms is an achievable and reliable way to detect different changes in a complex landscape such as tropical forests. In this context, fieldwork, good high-resolution dataset, and ancillary data are requirements to increase the quality of the analyses.



All the parametric and non-parametric pixel-based algorithms showed many similarities among the indexes of accuracy analyzed by the present study. All of them had general good performances in identifying classes and detecting changes, being able to provide an overall trend of the transformations from 2000 to 2017. The analysis of producer and user accuracies and omission and commission errors were more consistent in the detection of errors in misclassified classes (such as rocks), mainly when associated with ancillary data (such as the JRC GSW dataset). However, SVM and ML were the best classifiers among all options, mainly for the most heterogeneous classes (river, and mainly, rocks).



The analysis in the VGX had two major challenges specific to this study area: (1) the complex landscape and the medium resolution from Landsat imagery resulted in spectral overlapping of targets and classes and misclassification, as well as spectral mixture, and (2) the presence of clouds most of the year, preventing multitemporal images from being selected for the analysis.



In all cases, the main conversions concerning land use and land cover were from forest to agro-pasture, from forest/agro-pasture to river upstream of the Xingu River, and from river to non-river in the south of the VGX, resulting in rock exposure. These impacts were associated mainly with the construction of the reservoir, the river deviation to install the main dam of the BMHC and the expansion of agro-pasture, as demonstrated by the JRC GSW ancillary data.



Our study was able to detect a significant exposure in the rocks that once remained submerged for most of the year (and now, are permanently exposed), a transformation that has not yet been properly addressed in the literature. In addition, according to previous research, this study observed that deforestation continues to cause the most significant transformation in the VGX area.



For the future, it is mandatory that the monitoring of landscape changes continues to be undertaken in the VGX, as they will only increase from now on. It is important to keep previous data to compare with the new knowledge being produced. Time series analysis comparing the pre-dam situation with the current situation and comparing different stages of implementation of the hydroelectric complex must be continuously assessed according to the improvement of digital image processing technologies and new investigation technologies. There should be a focus on extracting as much detail as possible from the transformations underway, over the longest possible time period. Other orbital sensors, optical and radar, RPAs and even more high-resolution datasets need to be increasingly incorporated into this monitoring effort.



The authors also encourage future studies to better investigate the rocky environment of the VGX, which notably is the most complex in the area, and at the same time, most susceptible to changes.
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Figure 1. (a) The Xingu watershed and the municipality of Altamira (Pará state, Brazil) within the Brazilian legal Amazon. (b) Location of the VGX, northward of the municipality of Altamira (red square) and the Xingu watershed. (c) The VGX area comprising the Belo Monte and Pimental dams (white dots) in the study area (red square). (d) The study area and its topography in detail. 
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Figure 3. Spectral profiles and their respective error bars for each class selected for the classification of the images of the VGX area extracted from Landsat 7, May 2000 (a) and Landsat 8, July 2017 (b). 
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Figure 5. Classification process and LULCC analysis workflow. 
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Figure 6. Pixel-based classification from Mahalanobis distance (a), maximum likelihood (b), minimum distance (c), neural net (d), SVM (e) and random forest (f) for the year 2000. 
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Figure 7. Pixel-based classification from Mahalanobis distance (a), maximum likelihood (b), minimum distance (c), neural net (d), SVM (e) and random forest (f) for the year 2017. 
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Figure 8. Variation of classified areas, for each different class and for each classification algorithm, for 2000 and 2017. 
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Figure 9. Land cover change for forest and non-forest transitions from 2000 to 2017, derived from Mahalanobis distance (a), maximum likelihood (b), minimum distance (c), neural net (d), SVM (e) and random forest (f) classifications. 
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Figure 10. Land use and land cover change from 2000 to 2017 for forest to non-forest areas using minimum distance (MD), Mahalanobis distance (MH), maximum likelihood (ML), neural net (NN), random forest (RF) and support vector machine (SVM) classifiers. Trajectories: forest to agro-pasture (For-AgrPa), forest to rocks (For-Roc), forest to river (For-Riv), agro-pasture to forest (AgrPa-For), rock to forest (Roc-For) and river to forest (Riv-For). 
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Figure 11. Land cover change for river and non-river transitions from 2000 to 2017, derived from Mahalanobis distance (a), maximum likelihood (b), minimum distance (c), neural net (d), SVM (e) and random forest (f) classifications. 
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Figure 12. Land use and land cover change from 2000 to 2017 for river to non-river areas using minimum distance (MD) Mahalanobis distance (MH), maximum likelihood (ML), neural net (NN), random forest (RF) and support vector machine (SVM) classifiers. Trajectories: river to agro-pasture (Riv-AgrPa), river to rocks (Riv-Roc), river to forest (Riv-For), agro-pasture to river (AgrPa-Riv), rock to river (Roc-Riv) and forest to river (For-Riv). 
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Figure 13. Products from JRC ground surface water data. The graphics represent (a) permanent water turned into not water (red) and seasonal water (orange), (b) seasonal water turned into not water (red) and permanent water (blue), and (c) not water turned into seasonal water (orange) and permanent water (blue). 
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Figure 14. Ground surface water transformations in three key periods: (a) before the river damming (2013–2014), (b) the year of the dam’s conclusion (2014–2015), and (c) one year after the conclusion (2015 to 2016). 
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Table 1. Summary of dataset sources used in the present study.






Table 1. Summary of dataset sources used in the present study.





	Dataset
	Source
	Link





	Landsat 7—26 May 2000
	U.S. Geological Survey
	[40]



	Landsat 8—20 July 2017
	U.S. Geological Survey
	[40]



	Complementary data
	JRC GSW
	[48]



	Reference data
	Planet Labs
	[50]
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Table 2. Number of pixels within the ROIs for training and testing polygons used for each class, for all classifications, for 2000, 2017 and 2021.
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2000

	
2017

	
2021




	
Classes

	
Training

	
Test






	
Forest

	
66,605

	
42,449

	
560,556




	
Agro-pasture

	
17,568

	
17,736

	
221,591




	
River

	
5054

	
28,749

	
129,179




	
Rocks

	
1575

	
6890

	
43,396




	
Clouds

	
20,602

	
X

	
x
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Table 3. Accuracy assessment performance categories considered for this study. OA: Overall Accuracy; Comm: Commission; Om: Omission.
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	OA/Kappa
	Comm/Om Errors
	Producer/User Accuracy





	Satisfactory
	Larger than 0.8
	Smaller than 10%
	Larger than 80%



	Regular
	Between 0.7 and 0.8
	Between 10% and 25%
	Between 60% and 80%



	Unsatisfactory
	Smaller than 0.7
	Larger than 25%
	Smaller than 60%
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Table 4. Confusion matrices containing overall accuracy, kappa coefficient, commission and omission errors and producer and user accuracies calculated for all classification methods, for 2000 and 2017. OA: Overall Accuracy; Comm: Errors of Commission; Om: Errors of Omission; PA: Producer Accuracy; UA: User Accuracy; Kappa: Kappa Coefficient; MH: Mahalanobis distance, ML: maximum likelihood; MD: minimum distance; NN: neural net; RF: random forest; SVM: support vector machine.
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2000




	

	
MH

	
ML

	
MD




	
OA

	
0.95

	
0.99

	
0.96




	
Kappa

	
0.92

	
0.99

	
0.94




	

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)




	
Forest

	
6.41

	
0.00

	
100.00

	
93.59

	
0.46

	
0.28

	
99.72

	
99.54

	
1.29

	
0.08

	
99.92

	
98.71




	
Agro-pasture

	
1.00

	
15.53

	
84.47

	
99.00

	
0.00

	
1.24

	
98.76

	
100.00

	
1.92

	
2.55

	
97.45

	
98.07




	
River

	
10.72

	
0.08

	
99.92

	
89.28

	
2.10

	
2.15

	
97.85

	
97.90

	
12.13

	
0.16

	
99.84

	
87.87




	
Rocks

	
0.47

	
32.70

	
67.30

	
99.53

	
8.05

	
5.02

	
94.98

	
91.15

	
15.82

	
41.21

	
58.79

	
84.18




	

	
NN

	
SVM

	
RF




	

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)




	
OA

	
0.95

	
0.99

	
0.96




	
Kappa

	
0.92

	
0.99

	
0.94




	
Forest

	
0.78

	
0.04

	
99.96

	
99.22

	
0.58

	
0.11

	
99.89

	
99.42

	
1.46

	
0.52

	
99.48

	
98.54




	
Agro-pasture

	
0.21

	
1.82

	
98.18

	
99.79

	
0.29

	
1.66

	
98.34

	
99.71

	
0.41

	
3.26

	
96.74

	
99.59




	
River

	
0.83

	
8.01

	
91.99

	
99.17

	
2.63

	
0.72

	
99.28

	
97.37

	
3.36

	
14.02

	
85.98

	
96.64




	
Rocks

	
17.01

	
2.67

	
97.33

	
82.99

	
3.26

	
7.16

	
92.84

	
96.74

	
32.11

	
7.24

	
92.76

	
67.89




	
2017




	

	
MH

	
ML

	
MD




	
OA

	
0.95

	
0.98

	
0.93




	
Kappa

	
0.91

	
0.96

	
0.88




	

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)




	
Forest

	
6.53

	
0.02

	
99.98

	
93.47

	
0.93

	
0.51

	
99.49

	
99.07

	
6.43

	
0.00

	
100.00

	
93.57




	
Agro-pasture

	
2.70

	
17.64

	
82.36

	
97.30

	
0.66

	
5.18

	
94.82

	
99.34

	
9.83

	
18.20

	
81.80

	
90.17




	
River

	
2.78

	
2.44

	
97.56

	
97.22

	
0.00

	
4.35

	
95.65

	
100.00

	
2.31

	
1.11

	
98.89

	
97.69




	
Rocks

	
11.36

	
15.75

	
84.25

	
88.64

	
16.71

	
2.22

	
97.78

	
83.29

	
15.80

	
41.14

	
58.86

	
84.20




	

	
NN

	
SVM

	
RF




	

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)

	
Comm (%)

	
Om (%)

	
PA (%)

	
UA (%)




	
OA

	
0.97

	
0.98

	
0.97




	
Kappa

	
0.96

	
0.96

	
0.94




	
Forest

	
1.27

	
0.12

	
99.88

	
98.73

	
1.25

	
0.09

	
99.91

	
98.75

	
1.96

	
0.08

	
99.92

	
98.04




	
Agro-pasture

	
3.89

	
5.50

	
94.50

	
96.11

	
2.25

	
5.48

	
94.52

	
97.75

	
2.07

	
9.13

	
90.87

	
97.93




	
River

	
0.30

	
1.96

	
98.04

	
99.70

	
0.41

	
3.11

	
96.89

	
99.59

	
0.06

	
5.68

	
94.32

	
99.94




	
Rocks

	
14.31

	
14.48

	
85.52

	
85.69

	
15.43

	
8.13

	
91.87

	
84.57

	
25.23

	
7.24

	
92.76

	
74.77











[image: Table] 





Table 5. LULCC areas from forest to non-forest and river to non-river areas, for each year, using minimum distance (MD) Mahalanobis distance (MH), maximum likelihood (ML), neural net (NN), random forest (RF) and support vector machine (SVM) classifiers.
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Area (km²)




	
2000

	
2017




	
Forest to Non-Forest

	
Non-Forest to Forest

	
River to Non-River

	
Non-River to River






	
MH

	
809.07

	
372.64

	
95.06

	
233.32




	
ML

	
950.05

	
169.79

	
89.56

	
212.09




	
MD

	
734.11

	
410.59

	
89.32

	
223.72




	
NN

	
980.41

	
161.92

	
42.37

	
340.38




	
SVM

	
969.51

	
164.06

	
70.45

	
220.12




	
RF

	
996.48

	
177.41

	
65.81

	
253.56
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