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Abstract

The NEXUS area covers approximately 30% of the Brazilian territory. In order to assist preservation and sustainable develop-
ment policies in that region, this study proposes to replicate the work done by Yeh et al in Africa , in which a convolutional
neural network estimates indicators through satellite images, each covering a region of approximately 45 km?2. This work com-
pares the size and distribution of Brazil’s census tracts with those in Africa to define if the scale of images can be maintained
and to define the clusters that will be used. To avoid biasing the model, special care must be taken in selecting clusters, such
as keeping a balance between urban and rural sectors and, most importantly, making sure that there is little to no overlap of
clusters. To do so, two approaches were proposed. The first one samples tracts in each municipality as centroids for clusters,

the second merges neighboring urban tracts into a single group and fits clusters to these groups.



INTRODUCTION
Brazil is the fifth largest country in the world and the NEXUS area (Figure 1), which includes

the Sao Francisco and Parnaiba River basins, covers approximately 30% of the national
territory, representing a rich diversity of natural resources. Therefore, its vast territorial
extension encourages the application of preservation and sustainable development policies
to protect its diversity, which are aided by monitoring the region through environmental and
socioeconomic indicators.
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Figure 1 - NEXUS area map
OBJECTIVES

The objective of this study is to adapt the methodology presented in Yeh et. al (2020) for

the NEXUS area, in order to estimate the socioeconomic indicators and differentiate urban
and rural areas. This will be useful to explore the different Brazilian regions, assisting future
analyzes of the territory regarding the relationship between such indicators, showing how
regions are influenced by being close or distant from protected areas.
The database of images to be collected, through the Google Earth Engine API (Tamiminia
et. al, 2020), must meet three conditions to avoid model bias: (a) each image represents only a
single type (urban or rural), (b) the amount of rural and urban images is in the same proportion
and (c) avoid the presence of the same region in more than one image. Therefore, an analysis
of the distribution of census tracts in the NEXUS area is necessary, exploring the extent and
arrangement of urban and rural types, in order to determine the regions for obtaining images.
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Figure 2 - Census tracts selection algorithm. Top left: Random Sampling. Other images:
Neighbouring Graph workflow. Representation with Arapiraca municipality.
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MATERIALS AND METHODS

The first step in this work is to analyze and compare the size of Brazil's census tracts
with those in Africa to define the scale of the images in the dataset. IBGE provides a
dataset with geometric information on the entirety of the Brazilian sector mesh [1],
through which the distribution of tract areas is calculated. The main information to be
defined are the image centroid (clusters). With a scale of 30 meters/pixel and a resolution
of 224 x 224 pixels, each image covers an area 45.2 km*. While this coverage presents
almost no problem for rural tracts, the discrepancy in area of those to the much smaller
urban tracts (Figure 3) imposes the problem that if careful selection of the position of
urban clusters is not taken into account, the same sectors may be present in multiple
images.

Random sampling of each
municipality’s tracts as the
center of a cluster makes the
problem above difficult to solve
because, for many cases, the
urban sectors will be so close to
each other that it will be almost Rural
impossible to sample a good
amount of random clusters. With
that in mind, a second solution
proposes to merge neighboring 0 50 100 150 200
urban sectors into a single group L
and tries to fit clusters in these
groups.
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Figure 3 - Boxplot of Census Tracts areas separated by Type

RESULTS:

The urban groups are created through an algorithm that computes a disconnected
graph which maps the adjacency of urban tracts in the entire municipality. Each subgraph
is then merged to create a single polygon and all possible clusters are fitted into this new
form. A cluster will fit the polygon if at least 70% of its area is filled with urban tracts, as
shown by Figure 2.

This method is adequate since it solves the problem of having the same tract, i.e. the
same information, in more than one cluster, while still allowing the selection of a good
number of urban clusters, guaranteeing the proportion between clusters of both types.
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