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Abstract: This study proposes a methodology to identify precarious settlements using a Geographic Object-Based Image Analysis (GEOBIA) approach
combined with a logistic regression model. The study area comprises 25 km? located between Sdo Bernardo do Campo and Santo André in the Grande
ABC Region, Sao Paulo State, Brazil, containing over 80 mapped precarious settlements with diverse morphological characteristics. Using exclusively open-
source software, a Worldview-3 image, and a Digital Surface Model, we generated geographic objects at two hierarchical segmentation levels. The first
level of objects was classified using a decision tree generated by the C4.5 machine learning algorithm into nine land cover classes. The second level
consisted of a regular cellular grid, classified using a logistic regression model based on variables derived from sub-object information, neighborhood
context, and cell-level metrics. Results showed Kappa values of 0.68 for the development area and 0.72 for the validation area, demonstrating that the
methodology has potential for identifying precarious settlements from very-high-resolution satellite imagery.
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Resumo: Este estudo propde uma metodologia para identificar assentamentos precarios utilizando Andlise de Imagens Baseada em Objetos Geograficos
(GEOBIA) combinada com um modelo de regressao logistica. A area de estudo compreende 25 km? localizados entre S&o Bernardo do Campo e Santo
André na Regido do Grande ABC, Estado de Sao Paulo, Brasil, contendo mais de 80 assentamentos precérios mapeados com caracteristicas morfolégicas
diversas. Utilizando exclusivamente softwares de cddigo aberto, uma imagem Worldview-3 e um Modelo Digital de Superficie, geramos objetos geogréficos
em dois niveis hierarquicos de segmentagao. O primeiro nivel de objetos foi classificado usando uma arvore de decisao gerada pelo algoritmo de
aprendizado de maquina C4.5 em nove classes de cobertura do solo. O segundo nivel consistiu em uma grade celular regular, classificada usando um
modelo de regressao logistica baseado em varidveis derivadas de informagdes dos sub-objetos, contexto de vizinhanga e métricas ao nivel das células.
Os resultados mostraram valores de Kappa de 0,68 para a drea de desenvolvimento e 0,72 para a drea de validagdo, demonstrando que a metodologia tem
potencial para identificar assentamentos precérios a partir de imagens de satélite de altissima resolugdo espacial.

Palavras-chave: favelas, precario, informal, classificagdo , modelo, sensoriamento remoto

Resumen: Este estudio propone una metodologia para identificar asentamientos precarios utilizando Anélisis de Imagenes Basado en Objetos Geograficos
(GEOBIA) combinado con un modelo de regresion logistica. El area de estudio comprende 25 km? ubicados entre Sdo Bernardo do Campo y Santo André
en la Region del Gran ABC, Estado de Sdo Paulo, Brasil, conteniendo mds de 80 asentamientos precarios mapeados con caracteristicas morfoldgicas
diversas. Utilizando exclusivamente software de cédigo abierto, unaimagen Worldview-3 y un Modelo Digital de Superficie, generamos objetos geograficos
en dos niveles jerarquicos de segmentacion. El primer nivel de objetos fue clasificado usando un arbol de decisién generado por el algoritmo de aprendizaje
automdtico C4.5 en nueve clases de cobertura del suelo. El segundo nivel consistié en una cuadricula celular regular, clasificada usando un modelo de
regresion logistica basado en variables derivadas de informacion de los sub-objetos, contexto de vecindad y métricas a nivel de las celdas. Los resultados
mostraron valores de Kappa de 0,68 para el area de desarrollo y 0,72 para el érea de validacion, demostrando que la metodologia tiene potencial para
identificar asentamientos precarios a partir de imagenes satelitales de muy alta resolucién espacial.

Palabras clave: barrios marginales, asentamientos precarios, asentamientos informales, clasificacién, modelo, teledeteccién.

One in eight people around the world lives in a slum (UN-Habitat, 2016). In developing countries,
the number of urban residents living in slums increased by 28% in absolute value, from 689 million in
1990 to 1.1 million people in 2014, representing 30 percent of the urban population in developing
countries.

In Brazil, for public policy purposes, slums are included within a larger category of settlements,
named precarious settlements: segments of urban territory with varying magnitudes and types, but
predominantly formed by residential areas occupied by low-income residents. These residents use
multiple strategies to produce solutions for their housing needs autonomously, since neither the State
nor the formal market meet their demands. In general, these settlements encompass numerous types,
with emphasis on tenements (corticos), slums, irregular low-income settlements, and housing estates
produced by the government that are degraded.

There are some methodological approaches that use geoprocessing tools to identify precarious
areas in Brazil, mainly to support the production of public housing policies. In general, these initiatives
are based on census information, like the projects promoted by IBGE (2010) and CEM (2007; 2013).
However, there are some limitations in the strictly use of census data, such as the intensive and time-
consuming collection of data that requires a large financial investment, in addition to the time gap
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between the two censuses (in Brazil, one census is conducted every 10 years). Mahabir et al. (2020)
raised three other limitations regarding census data for the identification of slums: census statistics
are generally provided at the aggregate level of the city or neighborhood, failing to capture all the
heterogeneity present in slums (DUQUE et al., 2012; GONCALVES, 2018); often, slum residents are
afraid of giving personal information and facing the misuse of these data, facilitating evictions by the
authorities (GALEON, 2008; KAREKEZI, 2008; ALVES et al., 2011); and finally, even though there are
updated data, the poor quality of the information can disable the use of these data to support and
develop the public policies necessary to reduce the populations of slums (HENDERSON et al., 2012).

More recently, CDHU/UFABC (2018) and Feitosa et al. (2021) through the Methodology for
Identification and Characterization of Precarious Settlements in Metropolitan Regions of Sdo Paulo
(MAPPA), identified the settlements of the Metropolitan Region of Baixada Santista, standing out by
using a base of cellular representation and non-census variables. The MAPPA Project, in addition to
identifying precarious areas, also classified them into urban occupation typologies according to their
physical characteristics.

For the Grande ABC Paulista, Dos Santos, Pinho and Barboza (2019) investigated the potential
of imagery from the Rapideye Satellite (five meters of spatial resolution) and Digital Elevation Models
(DEM) to identify precarious settlements. The authors employed a Geographic Object-Based Image
Analysis (GEOBIA) approach, with a segmentation based on a cellular grid of 100 x 100 meters and,
despite not having obtained great results in terms of classification accuracy, it was one of the first
studies to use data exclusively from remote sensing to identify precarious settlements of ABC and
managed to work on a regional scale. More recently, Dos Santos et al. (2022) and Dos Santos et al.
(2023) identified different urban settlements in cities across the Brazilian Amazon using open-source
CBERS-4A imagery.

Overall, methodologies applied in Brazilian study sites for identifying precarious settlements
have limitations such as restrictions to the limit of census sectors, general exclusions of physical
characteristics of these areas, and dependency on data coming from visual interpretation
(GONGALVES, 2018; CDHU/UFABC, 2018). For this reason, studies using satellite images can be an
alternative for identifying precarious areas (MAHABIR et al., 2020; KUFFER et al., 2016).

Hofmann (2001) proposed one of the first studies using remote sensing data for slums
identification. For a region of Cape Town, South Africa, with an Ikonos image, he generated objects
after multi-resolution and hierarchically linked segmentation at different spatial scales. The
settlements were the super objects, which had several attributes of form and context, described after
applying fuzzy functions. Subsequently, Hoffman, Strobl and Kux (2008) carried out studies for
mapping slums in Rio de Janeiro, and after them, some other studies have investigated the potential
of using remote sensing data to identify precarious settlements in Brazil (NOVACK and KUX, 2010;
REUR, 2017; WURM and TAUBENBOCK 2017; FRIESEN et al., 2019; MULLER et al. 2020).

The general objective of this paper is to identify precarious settlements using data obtained
strictly from remote sensing. We applied GEOBIA techniques on Very-High-Resolution (VHR) imagery
(0.3 meters of spatial resolution) combined with a logistic regression model to classify geographic
objects, in a 25 km? study area located between Sdo Bernardo do Campo and Santo André, Sdo Paulo
State.

The main contribution of this study is to automate the process to identify areas with a high
chance of being precarious settlements, reducing the work for visual interpretation by technicians and
guiding the work of field teams. To increase reproducibility, only open-source software was employed.



The methodology is summarized in five stages: selection of the study area, data preparation,
classification of the land cover (first-level classification), identification of precarious settlements
(second-level classification), and results evaluation. The following datasets and software were used
(Table 1):

- Datasets and softwares

Product Description
Two Worldview 3 images, both acquired on 08/30/2015, one panchromatic with a spectral
resolution of 0.3 m and the other multispectral with 0.6 m resolution and 8 bands: band 1
(coastal blue), band 2 (blue), band 3 (green), band 4 (yellow), band 5 (red), band 6 (red
Raster files edge), band 7 (near infrared 1) and band 8 (near infrared 2), dated August 30, 2015,
provided by Digitalglobe for research purposes only.
One Digital Elevation Model from 2010/2011, with 5 meters of spatial resolution (scale of 1:
25,000) from Emplasa.
Other vector files were used for the generation of thematic maps, such as the shapefile of

Vector files the limits of the municipalities and the precarious settlements, among others.
Qqis 3.10 for image pre-processing, segmentation, attribute extraction and thematic maps
elaboration.
Software Terraview 5.3.3 - Geodma Plugin for extracting attributes and elaborating the decision tree

for classifying objects of the first level.
RStudio (R) for developing the Logistic Regression Model.

The study area is located in the Grande ABC Region, in the southeast of the Sao Paulo
Metropolitan Region (RMSP). The Grande ABC is home to more than 2.7 million people in a territorial
area of 828 km?, concentrating almost 800 precarious settlements with almost 200,000 households,
which represents about 25% of the total households.

More specifically, our study site refers to a 25km? area located between Sdo Bernardo do Campo
and Santo André (Figure 1), centered in the region known as Montanhao (Big Mountain) (DHRABC,
2016). There are 84 precarious settlements mapped in the study area.



Figure 1 - Study area
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The study area was divided into two: (a) the development area, where the information from that
region was used in the methodology; and (b) the validation area, where the methodology was applied
to evaluate the applicability in other areas, maintaining the same conditions.

Data Preparation

First, we merged the multispectral and panchromatic images by applying the cubic
pansharpening algorithm. Image fusion is a process that combines images with different spatial and
spectral resolutions in order to obtain a final synthetic product with higher spatial and spectral
resolutions. Next, we calculated the slope (in percentage) from the Digital Surface Model (5 meters of
spatial resolution). Subsequently, the merged image went through band algebra techniques to create
the indexes described in Table 2.



- Indices created

Index Description
NDVI The Normalized Difference Vegetation Index (NDVI) consists of the division of
(NIR — Red) the near infrared (NIR) band by the red band, in a normalized manner. This
(NIR + Red) index is used to analyze the presence and condition of natural or agricultural
vegetation in images generated by remote sensors and is often used to
measure the intensity of chlorophyll activity.
NDRI The Normalized Difference Roof Index (NDRI) consists of dividing the band
(Red — Blue) corresponding to red by blue in a normalized way. Through this index, it is

(Red + Blue)

possible to identify the presence of ceramic tiles on buildings and areas with

exposed soil, so that these areas have values closer to 1.
BAi The Bare Soil Area Index (BAI) is the normalized division of the blue band by

(Blue — NIR)
(Blue + NIR)

We adapted the Generic Slums Ontology (GSO) created by Kohli et al. (2021) and the
interpretation key of Santos and Pinho (2017) to create an ontology for the precarious settlements of
our study area (Table 3). The GSO highlights relevant indicators regarding the shape of the
settlements, size of residences, roofing material, road regularity, vegetation, and the location of the
settlements at three levels of analysis: environment, settlement, and object. This was posteriorly
translated into elements of photointerpretation such as color, size, shape, location, and texture and
guided the stages of segmentation and classification.

that of the infrared, and is used to identify exposed soil, helping to separate
these areas from areas of undergrowth and fields.

- Ontology for the precarious settlements of the study area

Local Obsevation

Parameterisation

Usually located in areas of

medium and high slopes, closer to

major highways and power lines

Slope and elevation by the
DEM and extraction of
roads by classification of
the satellite image

Level Indicators
Location
Environment
Neighbourhood

characteristics

Close to middle socioeconomic-
status neighborhoods and other
slums

Socioeconomic
information was not used,
but comparison with the
surrounding objects was
made by creating an index
of difference of neighbors

Large and irregular settlements

Not used

Highly dense buildings, low
vegetation and open spaces

Texture, contrast, NDVI
and area of roof and
vegetation

Shape
Settlement _
Density
Building
Object

Variable format, 10 to 35 m2in
area and predominantly fiber
cement roofs;

Area and size of segments,
spectral and shape
attributes

Access network

Irregular shape, paved access,
generally narrow streets

Extraction of roads by
classification of the
satellite image




Classifying the land cover

After defining the GSO for our study area, we segmented the processed image to create objects
with homogenous pixel characteristics. We adopted a bottom-up segmentation strategy, first creating
subobjects for a finer and more detailed level (first level) that were later grouped into a cellular grid as
superobjects, which are hierarchically higher (second level). This hierarchical organization stored
association relationships between superobjects and their respective subobjects, as well as bringing
neighborhood information to objects of the same level (PINHO, 2005).

The first level of objects was created after segmenting the pansharpened imagery, using the
Mean-Shift Segmentation clustering algorithm of the Orfeo ToolBox Plugin (OTB) (OTB, 2021). This
algorithm first defines a window around each point and averages the gray tones of the image; then, it
changes the center of the windows for each centroid and repeats the procedure until iteratively
converges. The result segments the image into several objects (segments). Our choice for this
algorithm was motivated because it presented a better performance in processing time and
segmentation of the objects compared to the other four algorithms available in the OTB Plugin. The
size and shape of segments are controlled by selecting values of spatial radius, range radius,
maximum number of iteractions, and minimum region size*. In this study, we adopted the following
values to perform our segmentation (Figure 2): a) spatial radius: 5; b) range radius: 110; ¢) maximum
number of iteractions: 100; and d) minimum region size: with a default value of 100.

Figure 2 - Segmentation result

The idea was to generate geographic objects in sizes and shapes that would later be classified
among the classes: fiber cement roofing, ceramic roofing, high gloss roofing, exposed soil, asphal,
dense vegetation, sparse vegetation, logistic warehouses, and shadow. These classes were defined
after the visual analysis of the pansharpened image and analysis of the interpretation key to identify
the main targets that make up the objects within the study area.

For each segment, we extracted the mean, minimum, maximum, and standard deviation values
of NDVI, NDRI, BAi, DEM, and declivity. Additionally, we also extracted spectral attributes (such as
average, minimum, maximum, variance, and texture) and shape attributes (such as area, perimeter,
and degree of rectangle) for the objects using the GeoDMA software (INPE, 2011). Spectral

4For parameter definitions, see (OTB, 2021).



information was extracted only from the bands referring to the blue, green, red, near infrared, and
infrared (NIR), as these are common bands and can be found in images from other satellites®. After
extracting the attributes, about 900 samples of segments were collected.

We used the C4.5 decision tree algorithm (QUILAN, 1993) to classify the segments. In this
algorithm, the choice of attributes is made by an entropy metric called information gain, so that the
attributes with greater information gains are selected in the construction of the decision tree. The
information is organized and distributed in nodes, descending branches, and leaves that are
associated with each class. The first attribute at the top of the tree represents the root, and the lines
represent the branches connected to the nodes related to some other attribute, moving to the right or
to the left depending on a threshold value. Finally, the leaves at the ends of the branches represent
the classes (JUSTINO, 2014).

The second classification level is formed by a grid of regular cells with dimensions of 100 by
100 meters (2,600 cells in total). This cell size was adopted because this is the same size as the length
adopted in the MAPPA methodology (CDHU/UFABC, 2018). In addition, the average slum area for the
study region is 51,000 square meters.

Next, we created a hierarchical relationship between the grid (hierarchically higher,
superobjects), and the segments of the first level (hierarchically lower, subobjects). Then, for each cell
we calculated the percentage area coverage of its sub-objects and extracted the same attributes
previously obtained for the segments, but for the cell grid. Following, we created attributes based on
neighborhood relationships as shown in Table 4. At the end of this process, over 400 attributes were
obtained for each cell.

- Neighbourhood variables created for the second level

Index Description
& .X; Since Xy, X,, X3, X4, X5, X6, X7 and Xg are the neighbouring and adjacent cells
Y= g of Cell Y, the Mean Neighbourhood Value Y was calculated for all variables in
the 8 adjacent cells using Equation 5.
Ind.... = Y-y The Normalized Difference Index of the Neighborhood varies from -1to 1,
V(Y +Y) where -1 indicates the cell has an attribute (Y) much smaller than the average

of that same attribute for the bordering cells, and 1 indicates that the cell has
an attribute (Y) much greater than the mean of this same attribute for the
bordering cells.

The continuous variables were then categorized, on a process that divided their continuum scale
into a small number of intervals with discrete limits (KERBER, 1992). These categories were defined
by maximizing the information value — a measure used to reduce independent variables that have
little relation to the dependent variable and can be used to compare the predictive power among all
independent variables.

Figure 3 shows that 64% of the cells that are precarious have an average slope greater
(MEAN_SLOPE) than 29.5%, while only 26% of the non-precarious cells have an average slope in this
category. A precarious cell is 2.48 times more likely to have an average slope above 29.5% than a non-

For the complete list of attributes that can be extracted by GeoDMA, see (INPE, 2011).
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precarious cell, which makes the average slope a potentially good variable for the separation between
precarious and non-precarious areas.

Figure 3 - Categorization of mean slope Variable

Variable: MEAN_SLOPE
Information Value for identification of precarious units: 112,1
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Only variables with an information value higher than 0.5 and correlations lower than 0.65,
analyzed two by two, were kept for modeling. The eliminations of variables aimed to reduce the
redundancy of information, since highly correlated variables tend to measure the same information
and variables with low information value have low predictive power. At the end of the process, only 54
variables remained.

Logistic model

We performed a logistic regression to model the relationship between the variables obtained
from remote sensing and precarious settlements. A logistic regression model expresses the
probability of an event occurring based on a set of nindependent variables (STRAUSS, 1992) (Equation
6):

P(Y = 1]X; =xq, o, Xn ! (6)

=Xn) T [T SGorAriTo T e

The coefficients By, B, ... B, are estimated from a set of data. Probabilities close to 1 indicate
that the state of Y = 1 (precarious) is very probable, and probabilities close to 0 indicate otherwise (not
precarious). For the construction of the statistical model, only those cells that had more than 25% of
their area overlaid on a precarious settlement defined by DHRABC (2016) were determined as
precarious cells. This decision was made to exclude cells that could “confuse” the model and decrease
product quality.

During the modelling, the backward stepwise elimination method was used to select variables,
starting with all independent variables. At each step, the model drops variables one by one, using a
model performance comparison criterion to identify variables that least improve the model and
eliminates them at the end of each step, then repeats this procedure until there is no further
improvement in the model (SILVA, 2016).



Results

The result of the classification of the first level of objects is shown in Figure 4, and the confusion
matrix, calculated by object on a simple random sample, is shown in Table 5. The confusion matrix
shows that all classes present high percentages of user accuracy, with a highlight for fiber cement
roofing and high gloss roofing, both with 100% accuracy rates. Even the class with the lowest user
accuracy and kappa per class, logistics warehouses, presented indices higher than 90%.

Figure 4 - Land cover classification (first level)

Land cover classes

[ Fiber cement roofs
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In terms of producer accuracy, the classes warehouses, shadow, dense vegetation, and high
gloss coverage presented 100% hit rates, and the sparse vegetation and exposed soil classes had the
lowest rates (96%). Both the global accuracy and the kappa of the land cover classification are 0.98.
Despite this, the parameters of the decision tree were not applied in a validation area due to the
unavailability of a second image, which means that the quality of the classification was only attested
for the region of the study area.
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- Confusion matrix of the first level classification

User Class

Reference Data Accuracy Kappa

Fiber cement High Gloss Ceramic Warehouses Sparse Veg. Exp. Soil Shadow Dense Veg. Asphalt N
Fiber cement 142 142 1.00 1.00
High Gloss 209 209 1.00 1.00
5 Ceramic 133 1 2 136 0.98 0.97
"5 Warehouses 4 58 1 63 0.92 0.92
5% Sparse Veg. 1 87 1 89 0.98 0.98
E Exp. Soil 3 75 78 0.96 0.96
o Shadow 1 29 30 0.97 0.97
Dense Veg. 30 1 31 0.97 0.97
Asphalt 1 122 123 0.99 0.99
N 146 210 135 58 91 78 29 30 124 901
Producer 0.97 100 099 1.00 0.96 09 | 100 100 o098
Accuracy
Ka
Class‘:g:a‘t)ifon 0.8
Global Accuracy 0.98

The estimated logistic model is shown in Table 6. Generally, the variables that remained in the
model after the stepwise process translated the elements of image interpretation described in our
ontology. The model shows that areas with higher elevation and slopes have higher probability of
being precarious, aligning with other studies that connected the precarious settlements of the Grande
ABC with environmental risk (DHRABC, 2016; DENALDI and CARDOSO, 2018). The model also shows
that precarious areas are often surrounded by high built-up density and have low vegetation, without
the presence of a structuring road network, and with roofs mainly built with fiber cement. Variables
related to spectral information also seem to have a higher predictive power to distinguish precarious
from non-precarious areas, especially those linked to the NIR and Blue bands. These two bands assist
in the separation of fiber cement and ceramic roofs.

- Logistic regression model to identify precarious settlements in the study drea

Variable Description Category B Error Pr(>|z])
(m’[ercept) - - -2.7906 0.9802 0.004415
| e of >2437%e | 1.087 | 03472 | 0.001745
VIZ_MEAN_SLOPE Averagf]s M <= 29.60%
neighboring cetls >29.60% 3189 | 03608 | <200E-16
>1838%e | 1.6654 | 0.6546 | 0.010947
<=20.57%

Average value of (%) of area
VIZ_ASBESTOS classified as "fiber cement
coverings" in neighboring cells

>20.57% 2.2853 0.4464 0.0000003
06

MAX_SLOPE Maximum cell slope value >4238% | 11818 | 04719 | 0.012258

» >5460%e | -1.6933 | 0.6353 0.007694
(%) of area classified as "Dense | .- 739259

Vegetation" in the cell >7325 | 33888 | 11326 | 0002771
>0.21 13256 | 06387 | 0.037939

VEGETATION

It describes the contribution of
blue band to the region.
BRATIO_BO Calculated by the value of the
Blue band divided by the sum
of the values of all other bands
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%) of assified >17.02e<= | -1.0282 | 0.3821 0.007135
ASPHALT (/02: ahreﬁ”q afﬁl ie ”as 21.60%
sphaltinthe ce >21.60% | -1.3016 | 0.3882 0.0008
Average contrast value of >11.49 -3.0675 | 1.1311 0.006691
VIZ_CONTSE_B5 neighbouring cells for the Near
Red band
>65.07% -1.0119 | 0.3044 0.000888
VIZ MAX_BA| Meqn value of'the BAI Index
maxima for neighboring cells
>022e<= | -1.3106 0.358 0.000251
It describes the contribution of 032
the NIR band to the region.
BRATIO_B4 Calculated by the value of the
NIR band divided by the sum of >0.32 -3.1774 | 0.7661 0.0000336
the values of all other bands
Average value of (%) of area >4.15% -1.1229 | 0.3224 0.000495
VIZ_VEGETATION classified as "Dense
Vegetation" in neighboring cells
>-0.0048e | -1.043 0.4863 0.031966
Normalized difference between | <= 0-0035
the mean of the neighbors'
INDMIZ_MIN_MDS minimum DEM values and the | <=-0.0035 | -1.4638 | 0.3832 0.000133
cell value
; i >4.74 2.4702 0.5907 0.0000289
ENTRSE B6 Measures the uniformity of the
NIR Band
Normalized Neighborhood >0.034 -0.7267 0.2951 0.013806
IND_VIZ_MODE_B5 Difference Index for the Near
Red Band's Mode attribute
Normalized difference between >0.005 1.1229 0.4016 0.005172
the average of the maximum
IND_VIZ MAX_MDS MDS values of the neighbors
and the cell value
Average of Mode for the Near >91.36 -0.9558 | 0.4576 0.036754
VIZ_MODE_B5 Red Band of neighboring cells

We evaluated the regression model based on the Kolmogorov-Smirnov (KS) statistic, the
Receiver Operating Characteristic (ROC) curve, and the Kappa. The KS measures the maximum
separation between the cumulative relative frequency of 0 (not precarious) and 1 (precarious). For the
development and validation areas, the KS obtained was 77.8% and 70.5%, respectively. Although the
model lost some performance in validation, the indices are still similar.

The ROC curve is a graphical representation that illustrates the performance of a binary
classifier system as its threshold of discrimination varies. It compares the frequency of true positives
and false positives for each point on the curve. From the ROC curve, it is possible to calculate the area
under the curve (AUC), obtained by the total area of an accumulated distribution independent of a
threshold. The AUC value is an assessment of the overall performance of a test, ranging from 0 (where
all predictions in the model are wrong) to 1 (where all predictions in the model are correct). Our model
resulted in 0.95 AUC for the development area, and in 0.92 AUC for the validation area, demonstrating
that the proposed classification model is significantly better than a random model.
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Like the ROC Curve, a Kappa index curve was generated to find the cutoff point that would
maximize the true positive rate, bringing the highest quality to the classification for the development
and validation areas. After the analysis of the ROC and Kappa curves (Figure 5), the visual
interpretation of the Worldview 3 image, and the perimeters of precarious settlements, a threshold of

0.25 was adopted to separate the non-precarious and potentially precarious areas, generating the
classification shown in Figure 6.

Figure 5 - (a) KS Statistics, ROC Curve and Kappa of the development and validation areas
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From a qualitative point of view, it is possible to verify that the classification was able to identify
most of the precarious cells correctly. However, there were some commission errors (non-precarious
areas were included as precarious) and omission errors (precarious areas not identified). As in the
first level, a confusion matrix was calculated to evaluate the final classification, shown in Table 7. The
0.25 cutoff applied maximized the Kappa of the development area and returned Kappa of 0.68. For
the validation area, the index was 0.72. Unlike the land cover (first classification level), at least for
regions with urban characteristics similar to the study area, we have proof through the validation area
that the model created can be applied in other regions without losing much of its performance.
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- Classification of the second level
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We believe that the construction of a second level composed of a network of regular cells and
the generation of attributes for objects of this level, with the construction of attributes related to the
neighbors, are the two main reasons for the high accuracy levels. However, for future work, the use of
another metropolitan region for validation is indicated.

- Confusion matrix of the second level classification

Development Reference Data Validation Reference Data
User Class User Class
Non-precarious  Precarious N Accuracy Kappa Non-precarious  Precarious N Accuracy Kappa
c c
o o
‘gf Non-precarious 983 30 1013 0.97 0.78 § Non-precarious 951 80 1031 0.92 0.63
& &
§ Precarious 69 135 204 0.66 0.61 ﬁ Precarious 28 179 207 0.86 0.83
© N 1052 165 |1217 © N 979 259 1217
Precisdo 0.93 0.82 Produtor 0.97 0.69
Kappa of Kappa of
Classification 06844 Classification 072
Global Global
Accuracy 0.9187 Accuracy 091

Although we consider that our methodology resulted in an overall good classification of
precarious areas, we make some considerations for future work. Regarding the GEOBIA approach, it
is known that it has some limitations. Mahabir et al. (2020) highlight some of them: (a) the parameters
used for segmentation are interconnected and often subjectively defined; (b) very close residences
are not well segmented; and (c) some targets may have similar spectral characteristics, reducing the
segmentation performance. In addition, Kuffer et al. (2016) identified that GEOBIA approaches are
those that showed the greatest variance in performance among the techniques most used for
mapping slums, being highly linked to the complexity of the morphology. The author suggest the use
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of auxiliary data in the classification process and linking the products generated by satellite images
to data of a socioeconomic nature. In addition to socioeconomic data, Mahabir et al. (2020) shed light
on a range of Volunteered Geographic Information (VGI) data and Ambient Geospatial Information
(AGI) that can be used to map and to better understand slums. Data concerning the characterization
of the physical environment (such as proximity to rivers and wetlands), and data for morphological
characterization of the settlements can also be applied to increase the classification accuracy.

We identified that a large number of objects of the first level were classified as shadow, which
obstructed parts or entire residences in some of the cells. This problem was also discussed by Novack
and Kux (2010) and by Mahabir et al. (2020) when classifying slums. When we look at the statistical
model, we notice the lack of explanatory variables related to the type of roof coverage, which can be
explained by the large number of segments classified as shadow in the areas of high declivity in the
regions where the settlements are located.

The main objective of this study was to identify precarious settlements using only data extracted
from remote sensing imagery, a technology whose use in Brazilian research has been quite incipient
in the identification of slums. To achieve this objective, we combined GEOBIA with a logistic regression
model for a study area located between Sdo Bernardo do Campo and Santo André, in the Metropolitan
Region of Sdo Paulo, with a framework built exclusively with open-source free software.

We believe that the proposed methodology can contribute to the semi-automatic classification
of satellite imagery for urban environments and for the identification of precarious areas. In our
perspective, although the Worldview 3 image has enabled a good classification for the areas of
development and validation (Kappa of 0.68 and 0.72, respectively), we believe that the proposed
methodology has the potential to be applied to other free images, such as those from the CBERS- 04A,
even though these may have a lower spatial resolution. That would mean great potential in the
classification of images on a metropolitan scale. Another indication for future work is to validate the
methodology using a similar study area. In this work, this was not possible due to the unavailability of
a Worldview 3 image from another region, which corroborates the previous indication of using free
images.

However, we emphasize that more than creating a “perfect model” for the identification of slums,
there is the need to validate it with different stakeholders, such as public managers, residents, and
civil society organizations, among other local actors, which makes the difference for real appropriation
of the elaborated model. The mapping of precarious settlements carried out in loco or by visual
interpretation is time consuming with high financial cost, requiring the mobilization of a large amount
of specialized workforce. The presented methodology can be a complement to the works carried out
by the municipalities to address such limitations. Currently, there are millions of people living in
precarious settlements. With this study, we hope to contribute to the identification process of these
precarious settlements by the government, leading to actions and interventions that improve the lives
of the residents of these regions.
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