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Abstract: Geospatial analyses have gained fundamental importance on a global scale following
emphasis on sustainability. Here we geospatially analyze images from Landsat 2/5/7/8 satellites
captured during 1975 to 2020 in order to determine changes in land use. Sentinel-3B OLCI (Ocean
Land Color Instrument) images obtained in 2019 and 2021 were utilized to assess water resources,
based on water turbidity levels (TSM_NN), suspended pollution potential (ADG_443_NN) and the
presence of chlorophyll-a (CHL_NN) in order to temporally monitor the effectiveness of Brazilian
legislation currently in force. This work on sustainability standards was applied to a hydrographic
basin dedicated to agricultural production located in southern Brazil. Satellite images from Land-
sat 2/5/7/8 (1975 to 2020) and Sentinel-3B OLCI (2019 and 2021) revealed that changes in land
use, vegetation cover and water in the Capingui Dam reservoir detected high concentrations of
ADG_443_NN (3830 m~1), CHL_NN (20,290 mg m~3) and TSM_NN (100 gm—3). These results can
alert the population to the risks to public health and harm to hydrographic preservation, capable of
covering large regions.

Keywords: landscape metrics; land use change; SDG; food security; remote sensing

1. Introduction

Changes in agricultural land use in hydrographic basins on a global level have proven
to be unsustainable as they cause continuous environmental degradation. Therefore, the for-
mulation of public policies aimed at mitigating possible harmful effects on the environment
has gained importance [1,2]. In an attempt to understand the processes of environmental
degradation that involve changes in land use, it is of fundamental importance to monitor
and control the factors related to the increase in agricultural production, aimed at the
sustainability of the process and food security [3,4]. Such monitoring and control also con-
tribute to the United Nations’ Sustainable Development Goals (SDGs) through an analysis
of each territory, considering that each region has distinct peculiarities and inequalities,
increasing the complexity of studies and mitigation and adaptation strategies [5-7].
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The SDGs encompass 17 goals, 169 targets and 231 indicators, where 193 UN member
countries have committed to practical actions for the success of these goals aimed at the
sustainability of the planet [7,8]. In this context, they address crucial issues for humanity
and the environment including food production related to food security, sustainable agri-
culture and responsible production and consumption [5,7,8]. Since the use of agricultural
land in watershed areas to increase worldwide food production, the need for geospatial
studies related to environmental preservation is increasingly justified [9].

Geospatial studies consist of tools that assist in analysis and decision making to favor
local and global development [9-11]. These land use changes have positive or negative
effects on food security [9,11]. Brazil is experiencing a negative effect in which food
shortages may arise in the coming years due to population growth combined with the
lack of Brazilian land available for agricultural crops. Additionally, the increase in climate
vulnerability that affects our planet has begun to compromise food production through
both severe droughts and heavy rains [12,13]. As mitigating factors to improve agricultural
productivity and promote soil conservation, trees are planted in relation to agricultural
management through a mix of different species interspersed in the same area of land [14].
Climate change and land conservation issues are part of the 17 SDGs, which require actions
and initiatives to combat climate fluctuations as well as protect life on Earth [5,7,8]. These
sustainability-related factors lead to positive issues in areas of agricultural cultivation. By
meeting food demands in a sustainable way, we can help reduce rates of local and global
intensification [15,16]. Thus, in this study, we focus on sustainability standards in relation
to a hydrographic region of agricultural cultivation in southern Brazil.

Remote sensing has emerged as one of the modern technologies worldwide. It uses
satellite imagery to obtain geospatial information from the Earth’s surface on a temporal
scale [17,18]. Studies [19-24] involving images from Landsat 2/5/7/8 and Sentinel-3B OLCI
satellites, with the purpose of accumulating terrestrial information by wavelength, allowed
extremely reliable detailed information and analysis on land use and water resources on a
global level, from 22 January 1975 (the year Landsat 2 was launched) to the present day.
These images were combined with those produced by the Landsat 8 satellite, launched
on 11 February 2013 and the Sentinel-3B OLCI, launched into space orbit on 16 February
2016. The images from the Sentinel-3B OLCI satellite allow an accurate analysis of the
water quality of hydrographic basins, related to the environmental impact caused by the
agricultural activities at micro and macro scales. Sentinel-3B OLCI has the capability to
measure water turbidity levels (ISM_NN), suspended pollution potential (ADG_443_NN)
and the presence of chlorophyll-a (CHL_NN) [24].

To measure parameters that allow for the identification of land uses, pointing out
agricultural areas, water resources, forests and urbanized areas. This highlights the changes
that have occurred in land use over time [19-24]. A combination of forests, food production
areas and the strengthening of agroforestry systems is the best way to improve ecosystem
services at the local level, and information from satellite images serves as a basis for the
construction of future public policies regulating a greater production of food in addition to
the utilization of environmental preservation techniques [9,25,26].

Brazilian rural development has been guided by numerous cases related to the exploita-
tion of natural resources to expand agricultural areas since the early 19th century [27,28].
More recently however, Brazil has begun imposing legal rules requiring environmental
preservation. This began with National Environmental Policy (PNMA) art. 225 of the
Federal Constitution (1988), within the Environmental Crimes Law (Law n. 9.605/1998)
and the Brazilian Forest Code, which together contribute to more sustainable agricultural
production [29,30]. In 2012, Brazil created the Rural Environmental Registry (CAR) through
Law 7830 of the National Rural Environmental Registry System (SICAR) in order to provide
data to help understand Brazilian land use [31]. SICAR provides information on rural land
use coverage and compliance with environmental regulations, helping agents to monitor
the environmental impacts of Brazilian agriculture and forestry activities [31,32]. In this
perspective, Brazil, through the creation of CAR, reinforces the commitment assumed with
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UN member countries to achieve the outlined SDGs by 2030; collectively seeking to carry
out quality research on sustainable development aimed at land use in watersheds and re-
lated to production agriculture, thus raising food security standards on a global scale [9,33].
The use of satellite images in geospatial studies aimed at monitoring the effectiveness of
historical environmental legislation has proved to be most effective in this context [31,34].

The general objective of this study is to geospatially analyze images from the Landsat
2/5/7/8 satellites obtained from 1975 to 2020 to detect changes in land use. Images ob-
tained from the Sentinel-3B OLCI satellite from 2019 to 2021 were also analyzed to evaluate
the quality of water resources based on levels of TSM_NN, ADG_443_NN and CHL_NN.
This water quality analysis allowed us to monitor the effectiveness of current legislation re-
garding sustainability standards in a watershed focused on agricultural production located
in southern Brazil. The methodologies utilized in this study are important as they relate to
patterns of agricultural evolution, typical of food security reinforced by the UN, with soil
use and quality of water resources in Brazil, which exports food commodities worldwide.

2. Materials and Methods
2.1. Study Area

This study examines agricultural areas in the Passo Fundo River Basin surrounding
the Capingui Dam and associated reservoir, located in the rural areas of the cities of Passo
Fundo, Marau and Mato Castelhano in the Brazilian state of Rio Grande do Sul (Figure 1) [35].
The city of Passo Fundo had an estimated population of 203,275 inhabitants in 2019,
with a population density of 235.9 inhabitants/km?. It encompasses a territorial area of
783,603 km? [35]. The city of Marau had an estimated population of 44,161 inhabitants in
2019 with a population density of 56 inhabitants/km?, and comprised a territorial area of
649,770 km?. The city of Mato Castelhano had a total 2019 population of 2614 inhabitants
over a territorial area of 238.4 km? [9,35].

The Capingui Dam was built in 1933 by the CEEE (Companhia Estadual de Energia
Elétrica) in order to operate of the Capingui Hydroelectric Power Plant. Initially constructed
only for the generation of electricity, the reservoir created by the dam currently serves as
a public water supply [36]. The agricultural production area studied corresponds to the
rural areas located within the administrative limits of the cities of Passo Fundo, Marau
and Mato Castelhano, which together surround the Capingui Dam. In 1975, agricultural
production covered an area of 111,283 m? [9,35,36]. Agricultural production serves as the
driver of the local economy. In the first quarter of 2021 alone, the state of Rio Grande do
Sul produced USD 3071 worth of exports [35]. The rural production area of the cities of
Passo Fundo, Marau and Mato Castelhano make up more than 10% of the total production
area in Rio Grande do Sul state [9,35]. The total area examined in this study is equivalent to
111,283 m?, an area under intense inspection by environmental agencies in order to ensure
compliance with Brazilian environmental legislation due to the influence of the Capingui
Dam. In this study, it was necessary to analyze the classes referring to the Landsat satellite
images and the water quality with the Sentinel-3B OLCI satellite, because the studied use
areas are in an area of direct influence with the waters of the Capingui dam [9,35,36]. It
is highlighted that the study area is in constant inspection, where it is possible to safely
assess the effectiveness of Brazilian public policy aimed at environmental preservation
and sustainability.

2.2. Methods of Data Collection

This study highlights that the pre-processing phase considered the study area, based on
the Landsat satellite series made available by the United States Geological Survey (USGS), in
which the Landsat satellite image series were selected from March 1975, 1985, 1992, 2001, 2011
and 2020, as they present periods of greater absence of clouds and precipitation [9,35,36]. It is
highlighting the importance of maintaining geospatial analysis with similar characteristics
in the landscape. In this study, the land uses were analyzed in the summer. Recalling
that the USGS made available the satellite images already calibrated, Landsat 2, with a
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spectral resolution of 80 m, an inclination of 99.2°; Landsat 5 with a spatial resolution of
80 m and inclination of 98.20° and Landsat 7 and 8 with multispectral spatial resolutions
of 30.0 m, with an inclination of 98.2° [37], constituting the general average of R? = 0.93
for the entire studied area. These images were projected from the coordinates of WGS 84
for the Geocentric Reference System for the Americas (SIRGAS 2000) in the QGIS software
(QGIS 3.10 Development Team—DBrazil), in which masks of the study area, necessary for
the clipping, were created, in addition to the Supervised Classification by the Dzetsaka tool.
The land use maps of the study area were prepared from Landsat 2/5/7/8 satellite images
(Table 1). The images were obtained from the website of the USGS [37], processed utilizing
QGIS software—Geographic Information System software (GIS), version 2.18. Analyzed
images were selected based on low cloud cover, thus ensuring adequate levels of visibility
applied to the analyzed areas [17,19,38]. This justifies the selection of images from the
Landsat satellite series only for March in relation to the analyzed period, as there are low
incidences of cloud shadows.

Brazil Rio Grande do Sul Microregion
B Rio Grande do Sul Rio Grande do Sul B Capingui Dam reservoir
0 BR_completo Cap|tal Parto Alegre = r’lassogaundlﬂh
[0 Mato Castelhano
A Capingui Dam reservoir 1 Marau
B Urban fabric

Capingui Dam reservoir

-52.080
53 =

-28.320
-28.320

-28.400
-28.400

-52.320 -52.240 -52.160 -52.080

W Capingui Dam reservoir Altimetry
___J City administrative limits 495
Water resource ggg 0 25 5 7.5 km
751 L 1 | 1
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Figure 1. Location of the study area (Passo Fundo, Marau and Mato Castelhano), in relation to the
state of Rio Grande do Sul, Brazil. Source: Adapted from the IBGE geographic database.
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Table 1. Planning to obtain and process Landsat satellite images.

Satellite Sensor  Worldwide Reference System  Collection Date Bands/RGB

Landsat 2 MSS Path 238; Row 079 10 March 1975 RGB674
Landsat 5 ™ Path 222; Row 080 1 March 1985 RGB543
Landsat 5 ™ Path 222; Row 080 2 March 1992 RGB543
Landsat 7 ETM Path 222; Row 080 5 March 2001 RGB432
Landsat 5 ™ Path 222; Row 080 9 March 2011 RGB543
Landsat 8 OLI Path 222; Row 080 17 March 2020 RGB654

Land use maps were created based on the following approach. Map mosaics were
constructed by visualizing false colors in the Red, Green and Blue (RGB) system [39].
Different bands were utilized depending on the characteristics and specificity of the Landsat
satellite [22-24]. This study was based on the literature [2,9,14] where it was possible to
follow the land use classification stage; classes were predetermined: water resource (1),
agricultural land (2), forest (3) and exposed soil (4) because they are the main elements
of the landscape. The images were designed for the artificial intelligence of the Dzetsaka
plugin, allowing the categories to be correctly identified, so it was necessary to increase the
number of features to solve one of the difficulties of this study since the satellites used have
different spatial resolutions. In this context, about 10 tests were carried out until reaching a
current condition, increasing the number of features destined for supervised collection and
classification (RGB543), where the Landsat satellite images presented in 1975 were a total of
301 features, 1985 were a total of 121 features, 1992 were a total of 130 features, 2001 were a
total of 176 features and2020 were a total of 250 features, so it was possible to obtain more
satisfactory results, with the model of supervised classification being performed, using the
Dzetsaka tool of the QGIS software, adopting the Gaussian model [40]. This classification
of satellite images generated two files in raster format (.tif) which were then treated with
the Sieve tool in the QGIS software. This tool aims to remove raster polygons smaller than a
certain size limit (in pixels) and replace them with the pixel value of the largest neighboring
polygon, in addition to eliminating the fragments, joining the predominant morphological
characteristics. The mosaics were then cut according to the spatial delimitation used for
the study area. Finally, the files were converted into vector format files (shape) to extract
quantitative data from the study site. It should be noted that the class of water resources
can sometimes yield inconsistencies due to the following factors: the presence of clouds,
water level in the Capingui Dam reservoir and difference in the spatial resolution of the
sensors present in the different satellites [24,39].

Subsequently, the data collected from Landsat 2/5/7/8 satellite images were subjected
to landscape metrics, which consist of the use of various statistics to analyze the land-
scape [41,42]. To obtain the landscape metrics, the Lecos tool (Landscape Ecology Statistics)
was used in the QGIS software. For Jung [43], it is possible to verify the statistics across
the entire landscape, which allows for the calculation of various metrics in raster layers
provided by satellite images. In this relation, the metric analysis of the landscape for this
study was structured in the following procedures [44]: statistical analysis of the landscape
composition and configuration, where the following were measured: land cover (LC);
proportion of the landscape (PLAND); patch density (PD); higher patch index (LPI); larger
patch area (GPA); and total core area (TCA). The following metrics were used, consisting
of the quantification and parameterization of landscape changes in this study, following
the methodological pattern pointed out by Zatelli et al. [44]: number of patches (NP);
patch density (PD); average patch area (AREA_MN); median patch area (AREA_MD);
total Edge (TE); edge density (ED); fractal dimension index (FRAC); mean shape index
(MSI); percentage of like adjacencies (PLADJ); landscape division index (DIVISION); patch
cohesion index (COHESION); effective mesh size (EM) and division index (SI).
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2.3. Analysis of the Water Quality of the Capingui Dam Reservoir

Analysis of the water quality in the reservoir created by the Capingui Dam was carried
out using images from the Sentinel-3B OLCI satellite, Water Full Resolution (WFR) provided
by the European Space Agency (ESA). These images had a resolution of 300 meters, and
were considered a maximum standard error 0.83 ng/mg in the analysis, adding to this
study a 6.25% error, as the images were already calibrated by the ESA [45]. To perform
the retrospective analysis, it was necessary to select images with a low percentage of
clouds (Table 2). It was difficult to obtain satellite images of this region with sufficiently
low cloud cover as the region has a humid subtropical local climate (Cfa), with constant
rainfall distribution. What generated the presence of Altostratus clouds (As) with clouds in
uniform and extensive layers, with dynamics of a tendency to not generate a shadow, which
does not negatively influence the geospatial analysis with the use of satellite images [46].
Combined with an average annual temperature of 22 °C, the area experiences constant
evaporation [46].

Table 2. Date of Sentinel-3B OLCI-WER satellite images.

2019 Period Date of Image
Summer 21 December to 20 March 28 February 2019
Autumn 21 March to 20 June 7 June 2019

Winter 21 June to 20 September 4 September 2019
Spring 21 September to 20 December 11 December 2019

2021 Period Date of Image
Summer 21 December to 20 March 12 March 2021
Autumn 21 March to 20 June 14 June 2021

Winter 21 June to 20 September 31 August 2021
Spring 21 September to 20 December 27 October 2021

Image processing was performed using the Geographic Information System (GIS)
software, SNAP version 8.0.4. To verify the water quality, three analyses were performed
(TSM_NN, ADG_443_NN and CHL_NN). The 37 satellite collection points were positioned
at the Capingui Dam.

2.4. Statistical Analysis between Classes

The data collected by the Landsat 2/5/7/8 and Sentinel-3B OLCI satellite images
were analyzed using Pearson’s correlation, aimed at verifying the relationship between
the classes of data collected. The values of “r” in this method potentiate sweeps from 1 to
—1, with values close to zero resulting in a null correlation; that is, there is no influence of
one variable on the other [46,47]. A value close to 1 means that the increase in one variable
influences the increase in another variable [47]. While a value close to —1 means that
the increase in one variable influences the decrease in the other variable [47]. Regarding
interpretation, the correlation from 0.00 to 0.19 is considered very weak; 0.20 to 0.39 is
weak; 0.40 to 0.69 is moderate; 0.70 to 0.89 is strong and 0.90 to 1 is very strong [46,47]. The
analysis was performed using the JASP software, version 0.13.1.0.

For K-means clustering, datasets collected by satellite were gathered and organized
into a single database [48]. K-means clustering is an algorithm based on an optimization
procedure where data vectors are reallocated between clusters with the minimization
of an objective function until an optimal partition is obtained [48,49]. This generated
the Silhouette index, which displays the average internal consistency of the cluster by
evaluating the similarity of the data collected in the satellite images with respect to its
own cluster compared to other clusters [49]. Consequently, the analysis involving satellite
data correlated into clusters is one of the most utilized methods worldwide, capable of
describing this difference in variation between geospatial variables [24].
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3. Results and Discussion
3.1. Land Use and Occupation

Images obtained from 1975 to 2020 by Landsat 2/5/7/8 satellites were analyzed for the
following classes: water resources (1), agricultural land (2), forest (3) and exposed soil (4).
Figure 2a shows that, in 1975, the analyzed area consisted of 57.3% of soil cover as forest,
23.9% of soil cover as agricultural area and 17.5% of the area consisted of exposed soil.
Figure 2b, obtained in 1985, showed that the agricultural area had increased to 31.7%, while
forest cover decreased to 31.6%. Exposed soil also increased to 28.8%. Figure 2c, obtained
in 1992, agricultural area covered 23.3% of the area analyzed, forest cover consisted of
28.1% and exposed soil corresponded to 47.3% of the area. Figure 2d, obtained in 2001,
yielded an agricultural area corresponding to 30.9% of the area analyzed, forest area covered
22.5% and exposed soil covered 44.8% of the analyzed area. Figure 2e, obtained in 2011,
showed that 37.5% of the area was now covered by agriculture, 21.1% was forest and
exposed soil covered 33.2% of the area analyzed. Figure 2f, obtained in 2020, showed an
agricultural area corresponding to 31.4%, a forest area corresponding to 28.6% and exposed
soil corresponding to 38.6%. The increase in exposed soil may demonstrate greater potential
for leaching, with an accumulation of sediments and nutrients in water resources [23,24].
In this case, it is the Capingui dam located in an area of direct influence [2,9,14].

It is evident that land use in this area has changed markedly since first photographed
in 1975. Figure 2b displays a change in land use and occupation, with a predominance
of areas destined for cultivation (agricultural land and exposed soil) as compared to the
analysis of 1975.

Between 1992 and 2001, the exposed soil class was predominant, with a percentage
of the area being 47.3% and 44.8%. This pattern represents a significant change when
compared to other periods, which may be related to technological changes, non-agriculture
and crop diversification [50-52]. Exposed soil could lead to erosion in production areas,
contributing to socio-environmental unsustainability if effective practices aimed at recovery,
conservation and soil management are not implemented [53].

As for forest cover, changes can be observed involving the loss of forest cover and
gain of agricultural areas in the period from 1975 to 1985 (Figure 2). This issue may be
related to the mechanization process, opening new markets for commodities, government
policies and the migration of rural producers to urbanized areas [54,55]. This decrease in
forested area followed a more gradual pace until 2011, showing an increase at this time.
This may be related to the consolidation of environmental legislation and the evolution of
technological processes that characterize Brazilian agribusiness.

The landscape underwent transformation in the years 1975, 1992, 2001 and 2020.
There is a significant difference in the proportions of class in 1975 as compared to all other
years; the increase in arable areas in 1985; the gradual decline of the forest surface and the
predominance of exposed soil in the years 1992 and 2001. The trend line demonstrates
stabilization of the transformation of the landscape for the periods of 2001, 2011 and 2020.
The occurrence of temporal stabilization identified is based on the reality that, by this
time, there are no more significant spaces left for deforestation in order to increase arable
areas [9,56].

3.2. Analysis of Landscape Metric Composition

The analysis of the landscape composition of the study area was performed according
to the following metrics: class area (CA); landscape proportion (PLAND); higher patch
index (LPI) and total core area (TCA). The AC, an agropastoral area in particular, had
an agricultural area corresponding to 8052 ha in 1975 and increased to 10,584 ha in 2020.
Exposed soil covered an area of 5887 ha in 1975 and increased to 13,012 ha in 2020. The
Forest class, in turn, had a surface of 19,263 in 1975, and had shrunk to 9632 ha by 2020.
This metric is an interesting tool to vary the proportions that do not present the result of
different types of land use [57].
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March 10, 1975
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Figure 2. Landsat 2/5/7/8 satellite images of the study area: (a) 1975, (b) 1985, (c) 1992, (d) 2001,
(e) 2011 and (f) 2020.

The largest patch index (LPI) percentage is represented with more significant inter-
connectivity between the patches of each class [57]. The connection process between
agricultural plots has been decreasing since 1975, when the index corresponded to 3.766. By
2020 it had fallen to 1.965. This factor may be related to a cultivation strategy, which seeks to
optimize machinery, avoid losses and diversify cultivars, thereby enhancing sustainability
in agricultural production.

The exposed soil class of the years 1992 and 2001 present an LPI of 31.8094 and 36.0303,
respectively, demonstrating that there was high continuity between the patches. This
phenomenon may be related to the development of herbicide-tolerant cultivars that were
first implemented in Brazil in 1995, when the Brazilian Federal Government approved the
Biosafety Law, which allowed the consolidation of direct seeding systems in Brazil [9]. The
direct seeding system makes it possible to leave the soil less exposed, insert cover crops
and, in many cases, maintain vegetative cover and vegetation throughout the year [9].
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From the point of view of land use, this served as a big change in cultivation in
southern Brazil. These aspects favor SDG-13, through the capture of CO,, helping increase
soil bound C in an effort to fight against global climate change [8]. This vegetative cover
also lessened overland flow, surface water runoff and contamination, so that SDG-6, which
includes drinking water and sanitation, is also favored [8].

Total core area (TCA) consists of removing an edge area, simulating possible edge
impact, and also eliminating small fragments. This metric consists of the sum of the core
areas and is an important analysis for the forest class. The TCA in 1975 corresponding to an
area of 111,283 m?. A gradual reduction took place until 2001, with a corresponding value
of 36,325 m?, after which an increasing trend was again realized, yielding a 2011 value of
39,323 m2. The analysis of the TCA shows that a process of consolidation of the forest class
in the analyzed area is underway. The 2020 measurement of 49,850 m? shows an increase
of 27.2% when compared to 2001.

Remaining forests in the study area, although showing an increase, are becoming
more homogeneous. This statement can be justified by the effectiveness of Brazilian
environmental legislation, mainly by measures such as the Rural Environmental Registry.
This registry served as an important advance in favor of environmental preservation in
Brazil, as it is a mandatory document. Landowners must provide information about the
protected areas on their properties with native vegetation [29]. This factor is quite positive
for the UN 2030 Agenda, where the SDGs support issues such as a diversity of life on Earth
and responsible production and consumption [8,58].

3.3. Temporal Evolution of the Landscape

The statistical analysis of the configuration of the rural landscape in the study area was
structured in the following metrics: number of patches (NP); patch density (PD); average
patch area (AREA_MN); median patch area (AREA_MD); total edge (TE); fractal dimension
index (FRAC); and edge density (ED). Thus, it is noteworthy that the number of patches
(NP) is a measure that characterizes a particular class, these attributes contribute to the
understanding of landscape characteristics [57]. In the forest class, it is possible to observe a
process of homogenization and densification, as the number of patches decreased by 22.6%
from 1992 to 2020. The forest area increased by 8% in this period. This phenomenon can be
justified by the increase in mechanization that requires areas with fewer obstacles and by
the consolidation of permanent preservation areas, mainly through the implementation of
policies related to the Rural Environmental Registry (CAR).

As for agricultural lands and exposed soils related to agropastoral cultivation, the
overall number of patches decreased until 2011, indicating the continuity of the areas.
From this time, the number of spots increased, possibly indicating the appreciation of the
activity and the increase in commodity prices [9]. As for the forest class, the average size of
the patches is smaller when compared to the classes destined for cultivation throughout
the historical series, excluding the year 1975. This question reaffirms the change in the
landscape and how a significant portion of the 1975 forest class became agricultural land
by 1985. It is understood that the landscape matrix is the main element that characterizes a
particular landscape [59].

Edge density (ED) is edge length divided by ground cover (LC). The increase in edge
perimeter was more intense in the agricultural land class and the forest class showed a
decrease in edge density. This decrease, in ED, attests to the decrease in the number of
small forest fragments of remaining vegetation, which confer high edge effects.

The mean shape index (MSI) refers to the ratio between the perimeter of a patch and
the perimeter of the simplest patch in the same class and measures the complexity of the
shape. An MSI whose value is equal to 1 demonstrates a maximum degree of compactness.
If closer to zero, the MSI demonstrates how irregular the patch is [9]. The water resource
class values close to 1 validate this method, as the water resources are concentrated in the
reservoir created by the Capingui Dam. The values of agricultural areas were 0.560 in 1975
and 0.579 in 2020, which indicates a certain regularity in the shape of the spots. The value
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for the exposed soil class, 0.367 in 1975, had fallen to 0.262 in 2020, which supports the
increasing regularity and continuity necessary for agribusiness cultivation. The forest class
has an MSI of 0.407 in 1975 and 0.396 in 2020. Thus, it can be said that despite the decrease
in the forest surface, the patch presents low variation and continuity.

The fractal dimension index (FRAC) analysis is based on the perimeter area and
quantifies the degree of complexity of the shapes. The limits of this metric range from 1, for
a relatively simple patch, to 2 for patches with more complex and convoluted shapes [60].
The classes of agricultural land, exposed soil and forest have FRAC scores ranging from
1.07 to 1.11, with low variation, demonstrating the regularity of the patches over time.
Despite these social and technological differences observed along the time series, it is seen
that the cultivars and the forms of the beds did not change significantly over time. Over
the period analyzed, technological advances and access favored agricultural productivity,
which began to demand less monetary resources for production in addition to less land. In
this sense, innovation, technology and infrastructure strengthened the SDGs, especially
SDG 9, thus raising the degree of local sustainability.

3.4. Landscape Fragmentation

Landscape fragmentation can be analyzed using some statistical metrics such as per-
cent of similar adjacencies (PLAD]); patch cohesion index (COHESION); effective mesh size
(EM); and division index (SI). In this relationship, the degree of connectivity is measured by
the PLAD]J, which calculates how much similar pixels are aggregated. Values close to zero
signify a level of disaggregation and values close to 1 representing greater aggregation [60].
Water resources are more aggregated, demonstrating the validity of the measurement,
as the most significant spot is the Capingui Dam reservoir. Consequently, agropastoral
activities are related to agricultural land and exposed soils, which represent the highest
connectivity index. The forest class corresponds to values of 0.74, which are also considered
high. The landscape is characterized by homogeneity in the relationship between these two
classes. The classes of exposed soils and agricultural lands were considered disaggregated
in 1975. By 1985, they present aggregated values of 0.80, and 0.75 in the year 2020. The
forest class in 2020 is aggregated with a PLAD]J index of 0.751, which indicates a favorable
level of biodiversity. Mungai et al. [61] collected data via remote sensing involving land the
use needed to support future management initiatives, and aimed at the development of
policies capable of guaranteeing the conservation of the environment.

Another important metric is the patch cohesion index (COHESION), which defines the
ability of a species to migrate between patches and also measures the physical connection of
patches in a class, where patch cohesion increases as patch type becomes more aggregated
in its distribution, and more connected [60]. The classes were increasingly homogeneous in
terms of cohesion and connection after 1985, with values starting at 9.8.

The split index (SI) indicates the split in a given landscape, and the index is lower
when the patches are separated and of smaller dimensions [62,63]. SI reaches its maximum
value when the landscape is less subdivided and the patches are closer [62,63]. That forest
class was in the process of splitting. Since 2011, this process has changed as the SI has
decreased. Regarding the class of agricultural land, the division increased until 1992, after
which point the SI began to decrease, indicating a tendency of agglomeration between the
patches. This also indicates greater homogeneity and consolidation of agricultural lands.
Remembering that remote sensing at different scales reveals useful data for future research
involving the mapping of land use, thus making it possible to follow the evolution of the
landscape [64].

3.5. Geospatial Analysis of Water Quality

The compositions of the Sentinel-3B OLCI images were analyzed due to the importance
of the Capingui Dam for the study region. Local data, such as average rainfall per season,
were also considered and are as follows: summer 2019, 160.3 mm; autumn 2019, 158.8 mm;
winter 2019, 68.6 mm; spring 2019, 169.4 mm; summer 2021, 138.4 mm; autumn 2021,
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ADG443_NN

Win 2019/09/04

106.7 mm; winter 2021, 99.16 mm; spring 2021, 139.7 mm [35]. Figure 3 demonstrates the
composite Sentinel-3B OLCI images for ADG443_NN. In 2019 (Figure 3D), the autumn
season had the highest concentration of suspended material on the water surface with a
value of 3830 m !, followed by winter, with a value of 2920 m~ L. The values of suspended
material on the water surface for the year 2021 are very high, showing that the water
quality underwent a process of degradation in this period, demonstrating a possible
negative influence of agricultural production on the water quality of the Capingui Dam
reservoir. The use of remote sensing becomes of fundamental importance in the evaluation
of metric patterns of the landscape, capable of measuring the characteristics of the water in
the geospatial perspective [65].
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Figure 3. Composites of Sentinel-3B OLCI images for surface dissolved material (ADG443_NN).
(A) Winter 2019 (4 September); (B) Spring 2019 (11 December); (C) Summer 2019 (28 February);
(D) Autumn 2019 (7 June); (E) Winter 2021 (31 August); (F) Spring 2021 (27 October); (G) Summer
2021 (12 March); (H) Autumn 2021 (14 June).

Figure 4 displays the composition of the Sentinel-3B OLCI images focused on CHL_NN
concentrations. In the period analyzed in 2019 (Figure 4D), the autumn season had the high-
est concentration of chlorophyll-a concentrations with a value of 20.290 (mg (CHL_NN) m~3),
followed by winter (Figure 4A), with a value of 18.290 (mg (CHL_NN) m~3). Chlorophyll-a
concentrations for the year 2021 decreased in all seasons, which means lower concentra-
tions of chlorophyll in the water, and consequently, less phytoplankton. The summer
season (Figure 4C,G) has the lowest chlorophyll values, which can be explained by the
characteristically dry summers in the study area.
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Figure 4. Compositions of Sentinel-3B OLCI images for chlorophyll-a (CHL_NN) concentrations.
(A) Winter 2019 (4 September); (B) Spring 2019 (11 December); (C) Summer 2019 (28 February);
(D) Autumn 2019 (7 June); (E) Winter 2021 (31 August); (F) Spring 2021 (27 October); (G) Summer
2021 (12 March); (H) Autumn 2021 (14 June).

Figure 5 shows the composites of Sentinel-3B OLCI images for TMS_NN. In the
analyzed period of 2019 (Figure 5D), the autumn season had the highest concentration
of water turbidity with a corresponding value of 100 gm 3. Water turbidity for the year
2021 increased in all seasons of the year. This signifies a high occurrence of environmental
degradation of the water in the reservoir of the Capingui Dam. Reducing pollution of water
resources requires the implementation of environmental projects that ensure the mitigation
of polluting sources that compromise their water quality [24].

Through the analysis of the data extracted from the Sentinel-3B OLCI satellite images,
the K-means analysis adjusts to K = 5 (5 Clusters) for a data set that consists of a total
of 37 collection points, where the value of R?> was 0.564, demonstrating that the model
presents a good answer to the research question. In this relationship, the silhouette index
for k = 5 clusters was 0.23, demonstrating that there is a low tendency to cluster the clusters,
demonstrating that the water has high quality variability along the reservoir.

Clusters 1, 2 and 5 were influenced by the similarities found in water turbidity
(TSM_NN) and surface dissolved material (ADG443_NN). Cluster 1 was influenced by the
summer and spring seasons. These points can be influenced by the rainfall regime, which
is low in spring and very low in summer. The indices of suspended material and water
turbidity can be higher especially at the water’s edge with higher rates of urbanization.
Cluster 2 was influenced by the winter season, the rainy season and the rise in the water
level of the rivers. During this time, it is normal to record a higher concentration of water
turbidity (TSM_NN) and surface dissolved ADG material (ADG443_NN) in the waters of
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TSM_NN
Win 2019/09/04

the reservoir created by the Capingui Dam. Cluster 3 presents greater diversity among
the variables. What differentiates this cluster from the others is the role that Chlorophyll-a
presents in all seasons of the year. The presence of chlorophyll is due to the existence of
phytoplankton, these microorganisms are observed in places where there is a significant
concentration of organic matter. The points that make up Cluster 3 are more prone to urban
densification that is underway in the study area. According to Hou et al. [66], changes in
the landscape originate from the reflection of human activities on the environment.

Aut 2019/06/07

Spr2019/12/11 Sum 2019/02/28

- [M;r '-;g% R - = —
0.044 41.886gm -3 - o gm 0.024 20.316gm -3 0.025 100.0gm-2
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Figure 5. Compositions of Sentinel-3B OLCI images for water turbidity (TMS_NN). (A) Winter 2019
(4 September); (B) Spring 2019 (11 December); (C) Summer 2019 (28 February); (D) Autumn 2019
(7 June); (E) Winter 2021 (31 August); (F) Spring 2021 (27 October); (G) Summer 2021 (12 March);
(H) Autumn 2021 (14 June).

Figure 6 demonstrates the cluster results using georeferenced data at the 37 points
surrounding the Capingui Dam. Cluster 1 and 3 are more related to areas where occupation
is more intense, Cluster 2 and 5 are more related to zones further away from the edge. The
results generated from the Sentinel-3B OLCI satellite images make it possible to rethink
actions of new public policies aimed at the sustainability of water resources, in addition to
being one of the most modern techniques available for water quality analysis by analyzing
wavelength optics made available by the ESA [24,67].
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Figure 6. Spatialization of clusters in relation to the study area surrounding the Capingui Dam.

4. Conclusions

The changes that have taken place in land use in the study area have led to an increase
in agricultural production in order to achieve the goals of the UN Sustainable Development
Goals (SDGs), specifically the goals that address issues of food availability. This yielded
an increase in the area under cultivation from 1975 to 2020. This study demonstrates that
Landsat 2/5/7/8 satellites are efficient for land use analysis. For future studies in the
region, the use of the Random Forest model is suggested for satellite analysis, as it presents
a robust classification method, which can be compared with the data obtained in this study;,
using the Gaussian model analysis method.

The analyses carried out using Sentinel-3B OLCI satellite images from 2019 to 2021,
aimed at assessing water resources, showed high concentrations of suspended material on
the water surface (3830 m~!), chlorophyll-a (20,290 mg CHL_NN m~2) and water turbidity
(100 (gm~2)). The authors suggest continued study of the water quality in the reservoir
created by the Capingui Dam in order to identify point source and non-point source sources
of pollution in order to author and enforce public policies that guarantee the preservation
of this water resource for future generations.

The methodology utilized in this study, which identified the effectiveness of Brazilian
public policies in increasing the agricultural production system, linked to environmental
preservation, can be used on a global scale in order to assess the levels of local sustainability.
It can be utilized on a temporal scale through geospatial analysis in other countries of the
world, considering the classification of land use on the effectiveness of public policies for
environmental preservation.
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