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Abstract— This study examines the relationship between 

urban infrastructure, income distribution, and environmental 

conditions across municipalities in São Paulo State, Brazil, within 

the context of Urban planning and Smart Cities. Using aggregated 

data from the 2022 Brazilian Census, the research applies 

statistical and machine learning techniques, including K-means 

clustering, correlation analysis, linear regression, and a Naive 

Bayes model. Results identify clusters linking low income, limited 

infrastructure, and reduced urban arborization, indicating priority 

areas for public policy. However, no significant linear relationship 

was found between income and infrastructure variables, possibly 

due to data aggregation limitations. The Naive Bayes model 

achieved 73.37% accuracy in predicting arborization levels, 

demonstrating its usefulness for urban planning. Overall, the 

study highlights the potential of data-driven approaches and 

artificial intelligence to support decision-making and promote 

more efficient, equitable, and climate-responsive urban policies. 

Keywords—Urban Planning, Public Infrastructure, Climate 

Justice, Data Analysis, Inference algorithms. 

I. INTRODUCTION 

Traditionally, it is perceived in the urban planning 
literature that better serviced lands were concentrated into 
areas with higher income, leaving significant parts of society 
into areas which lack basic services such as water, sanitation 
and electricity. [1], [2], [3] 

When we consider the emergence of climate change, the 
problem is compounded by the need to identify areas where 
climate threats are most prevalent, which generally again falls 
into areas with greater social vulnerability.[4], [5], [6], [7], [8] 

All those are relevant challenges to the urban 
administration, whose would be faced by the implementation 
of Smart Cities technologies, a concept that refers not only to 
the automation of urban management processes and controls, 
but mainly to cities that are able to collect data from their 
territory in order to compile it and provide information that 
can support government decisions and the evaluation of 
implemented public policies, ensuring greater efficiency and 
effectiveness to public management.[9], [10], [11] 

The proposal of this research was to apply data analysis 
technics to identify quantitative evidence of the need to 
implement policies that provide serviced lands and the 

concentration of those services into higher income areas in 
São Paulo State. 

II. METHOD & PROCEDURES 

This research was developed as a quantitative case study 
and as part of the content of the Data Analysis class of the 
UFSCAR master program. 

For the intent of this study, it was used aggregated data at 
the municipal level for of the São Paulo state from the year of 
2022, available at the tables “Agregados_por_municipios 
_renda_responsavel_BR” and “Agregados_por_municipios 
_entorno_domicílios_BR”, derived from the most recent 
Brazilian Census.[12] 

The collected data were analyzed in an iterative manner 
using Python, Visual Studio built-in extensions, and AI-based 
tools to apply various statistical analysis methods and data 
structuring techniques. The objective was to identify relevant 
patterns related to urban structure and household income, 
grounded in established data analysis literature. [13], [14] 

As proxy for family’s income was used the “mean of the 
income of the responsible with income of permanent occupied 
houses” and for urban infrastructure was used variables: i. 
coverage of paved streets; ii. coverage of urban illumination; 
iii. coverage of sidewalks; and, iv. number of trees on the 
block face; as summarized in TABLE I. 

TABLE I.  ORIGINAL DATAFRAME VARIBLES. 

Name Variable Type (Unit) 

RENDA 

mean of the income of the 

responsible with income of 

permanent occupied houses 

Continuous (R$) 

VIA coverage of paved streets Continuous (%) 

ILUMINA 
coverage of urban 

illumination 
Continuous (%) 

CALÇA coverage of sidewalks Continuous (%) 

ARVORE 
number of trees on the block 
face 

Categorical (“Few” 
<= 2 trees 

“Regular” >2 and <5 

“Abundant” >5 
trees) 
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The full code and datasets used in this research are 
accessible at: https://anonymous.4open.science/r/Urban-
infra-x-Trees-x-Income-183C/ 

III. DATA AND DISCUSSIONS 

The original database was composed of 645 original 
registers, each representing a set of data from a specific São 
Paulo State city, and was explored throughout the research by 
different approaches, procedures and data treatments, whose 
are summarized into this section. 

A. Descriptive Statistics 

The first step for any statistical approach is the descriptive 
statistics, a series of procedures that allow for an initial 
understanding of the dataset, and the interpretation of the 
situation represented into the data and possible information 
that can be obtained through more in-depth analysis.[13] 

First procedure inserted in the code was the elaboration of 
the histogram and frequencies of the variables, which allowed 
to interpret predominant characteristics of the analyzed 
municipalities, and their means (red line), as shown in Fig 1. 

Another analysis conducted was the execution of the 
boxplot, this technique group data by quartiles and would 
allow the researcher to check the dispersion of the results and 
evaluate the existence of outliers. 

For this dataset we would infer a concentration of the data 
values around the 1º and the 3º Quartile (blue section), but also 
a high number of outliers register (small circles), as shown in 
Fig 2. 

Fig. 1. Histogram and frequency of data variables. 

 

Fig. 2. Bloxplot of numerical Variables. 

 



B. K-means 

K-means analysis has the intent to group similar data 
registers into an expectation to identify possible classification 
for those registers. 

For this purpose, the dataframe (DF) was evaluated the 
grouping data into 2D and 3D matrices. After some iteration 
was observed the necessity to remove outliers from the DF. 
which were made through the z-score procedure, resulting in 
the elimination of 50 registers. 

Even after the removal of the outliers from the DF the 
analysis returned unsuccessful, at first glance, resulting in 
irrelevant results. However, after scrutinizing data, it was 
proposed to aggregate data from VIA, ILUMINA and 
CALÇA into a unique variable called INFRA, measured by 
the result of the multiplication of the prior 3 variables. 

After this procedure, was re-run the k-mean algorithm and 
generated a 3D graphics of the aggregated data, show at Fig. 
3, where we would observe that the municipalities would be 
classified into 3 different clusters: i. Cluster 0: cities whose 
have families with lower income, regular public 
arborization and lower urban infrastructure; ii. Cluster 1: 
cities with medium family income (around R$2.200), 
more abundant public arborization and higher urban 
infrastructure; and, iii. Cluster 2: cities with families of 
higher income, a regular public arborization and a mostly 
high urban infrastructure. 

The analysis also provides a perception that the 
existence of urban infrastructure is an important driver 
for the existence of a dense urban arborization. 

C. Correlation and Linear regression 

The first procedure to evaluate the possibility of a 
linear regression is to observe the existence of correlation 
between the observable and dependent variables, done by 
the calculation of the correlation matrix. As shown in Fig. 
4, it was perceived into the DF the existence of 
correlation between the observable variables (usually 
stated as correlation ≥0,6), but not with the dependent 
variable RENDA, which were almost 0. 

As expected by the low correlation, although all 
alternative treatments as: i. change of data type (continuous, 
categorical, log, exponential, aggregated), ii. elimination of 
outliers, iii. rearrangement of dependents and independent 
variables; linear regression won’t resulted into any significant 
relations (measured by R²), as exemplified into Fig 5. 

D. Naive Bayes prediction model 

One last procedure implemented into the algorithm was 
the proposal of a machine learning procedure that would 
classify the city expected arborization, measured by 
ARVORE, based on the data of VIA, ILUMINA and CALÇA. 

This approach would be of great importance to urban 
planners when testing their urban development models, as it 
may predict the expected results and even measure the impact 
by the implementation of the proposed interventions or to 
evaluate with new identified areas, normally irregular 
settlements. 

For this effort, the code was elaborated to use half of the 
dataset, randomly picked, to train the prediction model, and 

Fig. 4. Correlation matrix of DF variables. 

 

Fig. 3. Clusters of RENDA x INFRA x ARVORE, 3 groups. 

 

Fig. 5. Exemple of Linear Regression analysis with backward-elimination. 

 



the other half was used to test the accuracy of the model. This 
approach is recommended to eliminate eventual auto 
affirmative bias. 

The Confusion Matrix (Fig. 6) would give a better insight 
into the quality of the prediction model, as it confronts the 
predicted values against the actual DF values. As can be seen, 
the model was better at identifying if the arborization is 
“Abundante” (higher than 5 trees per block face), having 
correctly classified 204 registers of a total of 210. On the other 
hand, the model has wrongly classified most of the register 
with actual “Pouca” (Few) and “Regular” values, therefore 
should not be used to predict those classifications, resulting in 
an overall accuracy of 73,37%. 

IV. CONCLUSIONS 

Although the data collected during this research reinforce 
the need and possibilities of the public managers to use data 
driven information to provide ways and public policies that 
promote social and climate justice., it could not evidence, as 
affirmed by the literature, that the cities infrastructure has been 
captured by the highest income social classes, which may be 
the result of the use of aggregated city data or the chosen 
variables. 

The research also emphasizes the potential of usage of 
coding and AI to fast implement tables and methods of 
analysis to support decision making into the public 
management. 

Another important contribution of this research is to 
provide a compilation of techniques that can be used to the 
understanding of urban dynamics by municipal managers, 
urban planners, academics, and society. 

A suggested pathway for new works at this field is to 
improve the database with data about: 1. Economic variables 
(cities: PIB, income, rate of employment etc); 2. urban 
equipment (location and quality of: i. parks & recreation; ii, 
educational; iii. healthcare; iv. social); and, 3. sustainability 
data (flooding, heat islands, social vulnerability etc), joining 
all those data to implement a geocomputation system that 
would allow to interpret the spatialized data and the evolution 
of data throughout the time.
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Fig. 6.Confusion Matrix for ARVORE classification. 

 


