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CONTROLE PREDITIVO ECONÔMICO APLICADO SOBRE A PANDEMIA
DE COVID-19 NO BRASIL POR MEIO DE DISTANCIAMENTO SOCIAL E

VACINAÇÃO

Daniel Martins Silva
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Orientador: Argimiro Resende Secchi

Programa: Engenharia Química

Nesta tese, foram estudadas estratégias de controle ótimo visando auxiliar
tomadas de decisão governamentais no combate à pandemia de COVID-19. A avali-
ação das estratégias ótimas transcorreu a partir de soluções de um controle preditivo
econômico baseado em múltiplos indicadores econômicos e restrições suaves relati-
vas à ocupação de leitos hospitalares. As variáveis manipuladas foram definidas por
taxas de vacinação de diversos tipos de vacinas, e por um índice de distanciamento
social correlacionado a restrições de movimento. Três configurações do controlador
foram simuladas em dois cenários com surtos de novas variantes para avaliar as
ações de controle ótimas sob diferentes diretrizes. Os resultados das simulações
destacaram a importância de ações preventivas, como a vacinação, para manter ele-
vados níveis de imunidade na população e assim lidar mais efetivamente com eventos
inesperados. A vacinação preventiva priorizou vacinas com melhor custo-benefício,
enquanto vacinações para a mitigação de surtos priorizaram vacinas com maior efe-
tividade. Além disso, restrições de circulação se mantiveram como uma intervenção
válida de mitigação da cadeia de transmissão, porém sob menor eficácia observada
em contramedidas reativas. Por fim, este trabalho também incluiu propostas de
diversos modelos compartimentais e algoritmos de assimilação de dados no decor-
rer da pesquisa. Estas propostas serviram como base para caracterizar dinâmicas
de variantes predominantes, avaliar a conectividade no país a partir de surtos da
variante Ômicron e melhorar a acurácia das estimativas em estudos adjacentes à
avaliação primária de controle.
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In this work, optimal control strategies were studied to support government
decision-making to minimize the consequences caused by the COVID-19 pandemic.
They were evaluated based on the solutions of an economic model predictive con-
trol formulated using several economic indicators and soft constraints with respect
to hospital bed occupancy. Manipulated variables were defined by the available
vaccine types, and a social distancing index correlated to movement restriction poli-
cies. Three controller configurations were simulated in two scenarios subject to new
outbreaks to assess optimal control actions under different guidelines. Simulation
results highlighted the importance of preventive interventions, such as preventive
vaccination, to maintain high levels of immunity in the population and handle un-
expected events more effectively. The vaccination of cost-effective vaccine types was
prioritized for this objective, while higher effectiveness was favored for vaccinations
during emerging outbreaks. Moreover, movement restrictions remained a valid in-
tervention in mitigating the spread; however, they were less effective for reactive
countermeasures. Furthermore, this work also included proposals of several SEIR-
based models and data assimilation algorithms following the course of the research.
These proposals served as bases for characterizing predominant variants, assessing
connectivity based on Omicron outbreaks, and improving estimation accuracy in
studies adjacent to the primary control assessment.
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Chapter 1

Introduction

The COVID-19 pandemic started on March 11, 2020 (WORLD HEALTH ORGANI-

ZATION (WHO), 2025), following multiple outbreaks worldwide, and ended on May

5, 2023 (WORLD HEALTH ORGANIZATION (WHO), 2023), following signi�cant

declines in deaths and hospitalizations caused by the disease (WORLD HEALTH

ORGANIZATION (WHO), 2023). The emergency classi�cation in Brazil was held

from February 3, 2020 (BRAZILIAN MINISTRY OF HEALTH, 2020), to May 22,

2022 (BRAZILIAN MINISTRY OF HEALTH, 2022), following similar metrics; thus,

COVID-19 is currently classi�ed as an endemic disease. Nonetheless, it led to un-

precedented dynamics and government interventions, which are relevant study topics

to improve epidemic control actions in future epidemics.

1.1 Motivation

An endemic is de�ned by the reinfection cycles of a pathogen within the popula-

tion of a geographic area. These cycles are typically de�ned by the natural waning

of immunity in the local population; however, they occurred due to outbreaks of

new SARS-CoV-2 variants for the COVID-19 pandemic (SABINOet al., 2021, TAO

et al., 2021). The virus prevalence worldwide led to several mutations with higher

transmissibility rates, which subsequently burdened local health systems as it be-

came predominant in a region (TAOet al., 2021). The most relevant reinfection

cycles from Brazil occurred with the Gamma (FARIAet al., 2021, LIU et al., 2021),

Delta (LIU et al., 2021, PLANASet al., 2021), and Omicron (PLANASet al., 2022)

variants, all of which had evolutionary advantages over previous circulating strains.

Epidemic waves were mitigated in the early stages of the COVID-19 pandemic via

non-pharmaceutical interventions (NPI), in which social distancing policies showed

promising results (MAIER and BROCKMANN, 2020) at the cost of negatively im-

pacting the economy and the social welfare (MARROQUÍNet al., 2020). Afterward,

vaccines were developed as pharmaceutical interventions (JARAet al., 2021, PO-
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LACK et al., 2020, SADOFFet al., 2021, VOYSEY et al., 2021) with better cost-

e�ectiveness; however, virus mutations favored strains with immune evasion, includ-

ing from vaccines. Vaccine-derived protection against symptomatic infection was

signi�cantly reduced against the Omicron variant (ALTARAWNEH et al., 2022a,

CHEMAITELLY et al., 2022, HIGDON et al., 2022) compared to the Delta vari-

ant (ANDREWS et al., 2022b, NORDSTRÖMet al., 2022, TARTOF et al., 2021).

However, vaccines remained e�ective against hospitalization and death for extended

periods. Hence, vaccination failed to provide lasting immunity to reach herd immu-

nity, but it relieved the health system as a better cost-e�ective policy. Henceforth,

the control structure in this work considers social distancing measures and vacci-

nation rates as manipulated variables to ensure controllability over hospitalization

levels.

Epidemic control refers to minimizing the socio-economic impacts necessary to

prevent health system overload and avoid excessive fatalities. Vaccine administra-

tions and social distancing policies were implemented and measured throughout the

COVID-19 pandemic; thus, they refer to realistic government policies. Epidemio-

logical dynamics intrinsic to vaccination were de�ned through observational studies

and estimations with respect to the vaccines available in Brazil. Social distancing

policies, on the other hand, were heuristically de�ned based on mobility data, which

provided information about the likelihood of contagion among infected and unin-

fected individuals. Both strategies were applied to all Brazilian federative units on

an unprecedented scale to mitigate the spread of the virus and hospital bed occu-

pancy during the COVID-19 pandemic. Hence, the study of a control design based

on these variables provides valuable information for handling future government

decision-making.

The COVID-19 pandemic was characterized by subsequent epidemic waves

caused by the emergence of new variants with transmissibility advantages. These

outbreaks led to sporadic unmeasured disturbances holding the system in a tran-

sient state, with di�erent dynamics for each predominant circulating variant. Hence,

robust data assimilation must be de�ned to handle the time-varying uncertainties

(e.g., underreporting, overreporting, and vaccine-derived and variant-derived e�ects)

during the COVID-19 pandemic. Henceforth, a proper control design must comprise

a model update step in addition to the controller for a realistic study. In this work,

a controller suitable for dynamic control with constraints and economic objectives,

the economic model predictive control (EMPC), was developed along with state

estimator algorithms. The EMPC provides information about the optimal control

strategy based on the chosen manipulated variables and might be extended to fur-

ther dynamics with modi�cations in the controller or its model. The analysis of the

optimal control strategy was the main objective of this study, but its development
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also contributed to the estimation of time-varying dynamics as these research topics

were required to properly evaluate the COVID-19 pandemic.

1.2 Objective

This work aimed to develop a control structure suitable for real-time application

over the COVID-19 pandemic scenario in the Brazilian population at the federative

unit level. The technique may be extended to other countries or diseases; however,

its formulation focused on the data available in these case studies. The control

structure encompassed dynamic feedback, state and parameter estimation, and an

economic model predictive control, all of which were based on a model formulation.

In this context, comprehensive models were proposed following recursive model up-

dates through feedback information. These state and parameter estimations were

used to characterize dynamics from previous predominant circulating variants and

assess connectivity, both of which were contributions of this study. In addition,

heuristic �lters and a �ne-tuning strategy for the state estimators were additional

contributions developed throughout the research. However, the main contribution

was the evaluation of optimal control strategies, which provided insightful informa-

tion for government policy decision-making.

This work developed a control structure suitable for the data availability from

Brazilian federative units during the COVID-19 pandemic, with a focus on real-time

application and adaptability to other epidemics. The control structure was de�ned

with data preprocessing, data assimilation, and EMPC procedures. Heuristic �lters

were proposed to address data inconsistencies caused by machine or human errors.

The time-varying uncertainties from the epidemiological system, on the other hand,

were handled through data assimilation, tuned by optimization problems based on

tracking targets associated with the dynamics of the predominant circulating vari-

ants. All contributions to this study, except for the control assessment, were based

on estimations calculated in this procedure.

The performance of a model predictive control (MPC) is intrinsic to its model

accuracy; thus, meaningful attention was given to the COVID-19 modeling, re-

sulting in the proposal of di�erent models. Vaccine-derived immunity was usu-

ally modeled in a removed or recovered state (BUSSELLet al., 2019, CSUTAK

et al., 2022, LIBOTTE et al., 2022), which contrasts with COVID-19 dynamics,

especially following the outbreaks of the Omicron variant (ALTARAWNEH et al.,

2022a, CHEMAITELLY et al., 2022, HIGDON et al., 2022). In this, a di�erent

model was proposed based on data assimilation and two analogous submodels to de-

scribe partial vaccine immunization against di�erent outcomes and time-varying loss

of immunity. This information was incorporated in the EMPC formulation to assess
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the optimal control actions in simulation scenarios, along with a social distancing

index, a hospital bed occupancy constraint, and several economic indicators.

1.3 Structure

The present work is organized into eight chapters. Chapter 2 provides an overview

of the COVID-19 pandemic and a literature review on modeling, data assimilation,

and model predictive control of epidemics, focused on the COVID-19 epidemiological

dynamics.

Chapter 3 presents the data preprocessing procedures implemented in the re-

search development, including descriptions of the data gathered, and the proposal

of heuristic �lters.

First, the modeling and estimation of COVID-19 epidemiological dynamics in

5 Brazilian federative units were developed in Chapter 4, relative to a paper enti-

tled as �Recursive state and parameter estimation of COVID-19 circulating variants

dynamics�, and cited as follow: �SILVA, D. M., SECCHI, A. R. Recursive state

and parameter estimation of COVID-19 circulating variants dynamics,Scienti�c

Reports, v. 12, n. 1, pp. 15879, Sep 2022. ISSN: 2045-2322. doi: 10.1038/s41598-

022-18208-6�. This study proposed the application of recursive state estimators on

historical data to characterize the dynamics associated with predominant circulating

variants based on state and parameter estimations. The estimated parameters were

de�ned by properties correlated to results from observational studies to establish

baselines for tuning the state estimators. Hence, this information was tracked with

respect to heuristics to yield estimations of epidemiological dynamics from other

predominant circulating variants, assuming complete prevalence of the variant at

the analysis time. This proposal was applied to estimate the dynamics associated

with infections of the Zeta and Gamma variants with respect to COVID-19 ancestral

strains. Zeta variant infections were characterized by a relative increase of transmis-

sibility between 10 and 37%, and a mortality increase between 11 and 30% following

the method. In addition, estimations according to the expectations for the Gamma

variant were achieved, considering the relative increases between 40 and 120% across

both properties. Hence, the alternative application of recursive state estimators was

successfully validated in the study despite the sources of uncertainty, which were

later addressed in subsequent stages of the research.

Then, the estimation procedure was improved in a later study to extend the case

studies for all Brazilian federative units. These improvements included de�ning an

optimization problem to tune the state estimators and implementing a heuristic �l-

tering to handle data inconsistencies according to known uncertainties within the

historical data. However, the objective of this study was the connectivity assessment
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in Brazil based on recursive estimations from COVID-19 outbreaks. Parameter es-

timations from the �rst Omicron outbreak were used to deduce migration patterns

based on the outbreak time and duration. In addition, these results were com-

pared to a countrywide study for the �rst epidemic wave to assess the relevance

of spatial proximity, border control, and local movement restriction policies in the

COVID-19 spread patterns. This study found strong connectivity between border

states in the south and the midwest regions with their neighboring countries, re-

sulting in a huge factor in the Omicron outbreaks countrywide, in contrast to the

�rst COVID-19 epidemic wave. In addition, the relevance of several economic cen-

ters in this transmission chain decreased between both epidemic waves, highlighting

the bene�ts of movement restrictions therein to delay and smooth the outbreak

outcomes countrywide. These factors in combination con�rmed the e�ectiveness of

non-pharmaceutical interventions in mitigating the virus spread, thus pointing out

the need for further policy coordination between locations that are strongly con-

nected. The developments of this study are presented in Chapter 5 and Section 3.1,

both of which included in the book chapter �Analysis of Covid-19 Dynamics in Brazil

by Recursive State and Parameter Estimations�, cited as: �SILVA, D. M., SECCHI,

A. R. Analysis of Covid-19 Dynamics in Brazil by Recursive State and Parameter

Estimations. In: Trends in Biomathematics: Modeling Epidemiological, Neuronal,

and Social Dynamics: Selected Works from the BIOMAT Consortium Lectures, Rio

de Janeiro, Brazil, 2022, pp. 335�374, Cham, Springer Nature Switzerland, 2023.

ISBN: 978-3-031-33050-6. doi: 10.1007/978-3-031-33050-6_20�.

Next, modeling was extended to incorporate vaccine-derived dynamics, as they

were required to study control strategies using vaccination rates as manipulated vari-

ables. These dynamics were modeled by additional compartments related to vaccine

protection against di�erent outcomes, whose dynamics were adjusted to observations

using two estimation calculations for each iteration. In addition, model parameters

were de�ned in time-varying subsets related to the predominant circulating variant

for a single Brazilian state, strongly aligned with this assumption. These modi�ca-

tions to the modeling and data assimilation were made to improve the estimations

for the control assessment, which was the primary objective of the study. Opti-

mal control actions were evaluated by the solutions of an EMPC formulated with

six economic terms and a soft constraint on the maximum hospital bed occupancy.

Three controllers were included in this analysis based on an open-loop scenario and

two simulation scenarios, with di�erent tuning and feedback de�nitions. Simula-

tion results showed that more e�ective vaccines and movement restrictions were the

optimal approaches to mitigate ongoing outbreaks, while preventive vaccination fa-

vored better cost-e�ective vaccines. In addition, preventive vaccination was found

to be signi�cantly more e�ective in preventing the overload of the health system,
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even providing partial protection. However, its vaccination rates depended on time-

varying cost-bene�t and safety margins against anomalous events, both a�ected by

government decision-making, as bene�ts refer to economic and non-economic values.

The development of this study is presented in Chapter 6, and it is intended to be

submitted as a paper entitled: �Economic model predictive control for mitigating

the COVID-19 impact based on social distancing policies and vaccination�.

Afterward, the forward-backward estimator used in previous studies was eval-

uated, along with other state estimators, based on simulations of two continuous

stirred-tank reactors. These systems were de�ned under the same assumptions of

uniform rates and homogeneous states commonly used in extended compartmental

models. The estimators included in this study were mostly forward-backward �lters,

including two proposals, along with two �lters based on Monte Carlo calculations

for comparison. The proposed �lters achieved the best estimations overall using

unscented or cubature transformations; however, the study objective was the evalu-

ation of the smoothing horizon and active constraints in the estimation accuracy of

the forward-backward �lters. In this context, longer horizons were found to degen-

erate the smoothing estimations; however, smaller horizons improved steady-state

estimations and parameter estimations based on augmented states. In addition,

forward-backward �ltering worsened estimations under active constraints, especially

when �ltering and smoothing calculations followed di�erent formulations. The de-

velopments of this study were published in the paper entitled �Assessment of forward

and forward�backward Bayesian �lters�, transcribed in Chapter 7, and cited as fol-

lows: �SILVA, D. M., SECCHI, A. R. Assessment of forward and forward�backward

Bayesian �lters, Digital Chemical Engineering, v. 15, pp. 100224, 2025. ISSN:

2772-5081. doi: https://doi.org/10.1016/j.dche.2025.100224�.

Chapter 8 presents the main contributions and conclusions of this work, and

suggests future works for its continuation.
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Chapter 2

Literature Review

2.1 COVID-19

COVID-19 is a severe acute respiratory syndrome disease caused by infection of the

SARS-CoV-2 virus in the human population. The �rst cases were documented in

December 2019, in Wuhan, China, but the virus rapidly spread worldwide, such that

the World Health Organization (WHO) classi�ed it as an international emergency

on January 30, 2020, and as a pandemic on March 11, 2020 (WORLD HEALTH

ORGANIZATION (WHO), 2025). A pathogen agent is subject to the competitive

exclusion principle in which multiple strains compete against each other to infect the

susceptible population. Hence, the survival or eradication of a strain is de�ned by its

evolutionary advantages with respect to transmissibility (MARTCHEVA, 2015), and

the SARS-CoV-2 virus had thousands of variants documented since its origin, but

mostly never circulated in Brazil (KHARE et al., 2021). Henceforth, a study about

the epidemiological dynamics therein must consider only a smaller fraction of them,

especially those that temporarily achieved predominant circulation countrywide.

Public genomic surveillance data available in the GISAID database discloses

the time evolution of circulating variants in Brazil, including information on its

subdivisions (KHARE et al., 2021). In the early stages of the COVID-19 pandemic,

severe movement restriction policies favored the coexistence of multiple variants

by reducing the transmissibility di�erence across the variants. Strains B.1.1.28 and

B.1.1.33 were locally predominant at di�erent locations, accounting for between 30%

and 60% of genome sequences across most Brazilian federative units between mid-

March and mid-October during the more rigorous lockdowns. The �rst epidemic

waves in the Brazilian federative units mostly followed these two variants; with

more homogeneous strains in later epidemic waves.

Strains B.1.1.28 and B.1.1.33 were subsequently overcome by the Zeta (P.2)

or Gamma variants (P.1 and subvariants) in heterogeneous outbreaks countrywide
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(KHARE et al., 2021). The Zeta variant likely emerged in Brazil and achieved a rel-

evant prevalence countrywide in October 2020, with predominant circulation across

most Brazilian federative units between November 2020 and February 2021. The

Zeta variant infection yielded characteristic epidemic waves in some states; however,

most of them had the Zeta epidemic wave overcome or prevented by the Gamma

variant. The Gamma variant emerged in Amazonas, a Brazilian state, in December

2020, and became the �rst predominant circulating variant across all Brazilian fed-

erative units. Brazil has a large geographical area, which favors distinct outbreaks

over time and location. The Zeta and the Gamma epidemic waves occurred un-

der less severe movement restrictions, which slowed their intensity. However, later

predominant variants faced even fewer movement restrictions, thereby accelerating

their transition, along with the transmissibility advantages.

The Delta variant (B.1.617.2 and subvariants) achieved predominant circulation

in Brazil in August 2021 (KHARE et al., 2021), following a slow transition due to the

high levels of immunity in the population and slight transmissibility advantage with

respect to the Gamma variant. Previous infections and vaccinations provided partial

immunity against infection by the Delta variant, mitigating its spread. However,

these factors became less meaningful for subsequent epidemic waves of the Omicron

variant and its subvariants.

The Omicron variant (B.1.1.529 and subvariants) has been the predominant cir-

culating variant in Brazil since January 2022 (KHAREet al., 2021). The Omicron

variant evaded the protection against infection from previous infections and vacci-

nation more meaningfully, along with smaller risks of hospitalization and death. In

addition, previous infections and vaccinations provided moderate to high levels of

protection against hospitalization and death. Hence, the predominant circulation of

the Omicron variant played a major role in the end of the COVID-19 emergence in

Brazil and the overall pandemic. The �rst Omicron epidemic wave in each Brazil-

ian federative unit occurred between mid-December 2021 and February 2022, with

subsequent epidemic waves associated with outbreaks of Omicron subvariants. The

COVID-19 endemic has been following the same trend of sporadic outbreaks, but it

no longer holds the pandemic classi�cation. A summary of the COVID-19 spread

in Brazil is presented in Table 2.1.

Clinical characterizations of hospitalized individuals from the �rst SARS-CoV-

2 variants found that the risks of hospitalization and mortality were increased by

chronological age and the pre-existence of comorbidities (HUANGet al., 2020). In-

dividuals subject to these risk factors were found to be more susceptible to intensive

care unit admission. In addition, the disease led to meaningful prevalences of short-

ness of breath, especially in the risk group, which overloaded the health system as

patients required extended treatments with oxygen therapy or ventilation. A poste-
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Table 2.1: Summary of the COVID-19 predominant variants in Brazil during the
pandemic.

Variants Outbreak dates Outbreak locations Predominant period

B.1.1.28 and
B.1.1.33

Beginning of the
COVID-19 pandemic

Sparse countrywide
mid-March 2020, to
mid-October 2020

Zeta October 2020 Southeast region
November 2020 to

February 2021

Gamma December 2020 Amazonas (AM)
mid-February 2021

to July 2021

Delta June 2021
Rio de Janeiro (RJ)

and Paraná (PR)
August 2021 to

mid-December 2021

Omicron mid-December 2021
South and

Southeast regions
mid-December 2021

to August 2023

rior study of the variants of concern (VOC) based on genome surveillance concurred

with those �ndings, and correlated predominant variants with their transmissibil-

ity advantages (FUNK et al., 2021). The authors also studied the risks of severe

outcomes for the Alpha, Beta, and Gamma variants, and only the Gamma variant

showed an increase compared to the ancestral strains. Afterward, TWOHIGet al.

(2022) conducted a comparative study between the Alpha and Delta variants based

on hospitalized patients with genomic surveillance and found that the latter also in-

creased the risks of severe outcomes. A similar �nding was reported by LAURING

et al. (2022), along with smaller risks of severe illness associated with the Omicron

variant in comparison to the Alpha variant. In addition, the authors found pro-

gressive evasion advantages, especially against vaccination, for the Omicron variant

compared to Delta, and for the latter compared to Alpha.

Statistical analyses of con�rmed cases under a predominant circulating variant

provide relative information about variations in transmissibility based on modeling

assumptions. Studies following this approach to estimate transmissibility increases

for the Alpha (CAMPBELL et al., 2021, DAVIESet al., 2021, SUZUKIet al., 2022),

Gamma (CAMPBELL et al., 2021, FARIA et al., 2021), Delta (CAMPBELL et al.,

2021, DHARet al., 2021, SUZUKIet al., 2022), and Omicron (SUZUKIet al., 2022)

variants, but subject to broad numerical results. The variations followed the uncer-

tainties about cross-immunity (DAVIES et al., 2021), underreporting (DHARet al.,

2021), or immunity evasion (HANSENet al., 2021), also a�ected by chronological

age. However, these epidemiological estimations were in agreement with antibody

neutralization tests, in which Gamma (FARIA et al., 2021), Delta (PLANAS et al.,

2021), and Omicron (PLANASet al., 2022) variants showed further evasion against

natural and vaccine-derived immunity. For instance, the Gamma variant epidemic

wave in Brazil was correlated with reinfections based on the prevalence of antibodies
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in blood samples from its initial major outbreak (PRETEet al., 2022). TAO et al.

(2021) reviewed studies of di�erent variants of interest (VOI) throughout time and

found that their mutations provided advantages with respect to antibody evasion

and, subsequently, reinfection. The loss of immunity varied by variant of infection

and vaccine type, with slower rates for natural immunity and protection against

more severe outcomes (ALTARAWNEHet al., 2022b, MICHLMAYR et al., 2022).

Several research groups successfully developed e�ective vaccines against COVID-

19 by December 2020 and early 2021 (JARAet al., 2021, POLACK et al., 2020, SAD-

OFF et al., 2021, VOYSEY et al., 2021), with proven protection against infection

or more severe outcomes for SARS-CoV-2 ancestral strains in di�erent countries.

Vaccination campaigns were essential in mitigating the virus spread in the early

stages of the pandemic (ZHENGet al., 2022), despite the waning of protection over

time following the last dose (FEIKIN et al., 2022). This immunity loss rate was ac-

centuated for Delta (FEIKIN et al., 2022, NORDSTRÖMet al., 2022) and Omicron

(CHEMAITELLY et al., 2022, HIGDON et al., 2022) variants, thus providing evo-

lutionary advantages for both variants. However, vaccine-derived immunity against

severe illness lasted at meaningful levels for longer, which favored the existence of

a relevant portion of the population with hybrid immunity. This cross-immunity

enhanced the protection levels compared to vaccination or natural immunity alone,

thus providing longer and more e�ective immunization. In addition, the faster loss

of immunity against infection compared to hospitalization and death resulted in

subsequent maintenance of these latter levels through reinfections.

Spatial dynamics characterized the heterogeneous spread of COVID-19 in Brazil

due to its large territory. The disease was initially exported from China to coun-

tries strongly connected to it by ground, air, or maritime node network. The �rst

epidemic waves followed subsequent outbreaks in locations integrated with another

location under a previous outbreak (TSIOTAS and TSELIOS, 2022). Proximity

transport integration played a more important role in the virus spread in later epi-

demic waves, as movement restrictions were eased over time (JAMESet al., 2022).

An analysis of the epidemic waves in di�erent countries found that Brazil had the

highest variation among the case studies, which highlights the decentralized govern-

ment policies therein. In addition, several Brazilian states reported discrepancies

in case and death noti�cations, thus pointing out signi�cant underreporting levels.

During the �rst Brazilian epidemic wave, the SARS-CoV-2 virus was imported at

dispersed locations with further international connectivity and then spread to other

states based on their national connectivity and government policies (CANDIDO

et al., 2020). The virus rapidly spread in the densely populated centers before

spreading to neighboring locations, whose rates depended on government policies

(CASTRO et al., 2021).
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Transmissibility refers to the capacity of a pathogen to spread from a host to a

susceptible individual. Hence, this property is a�ected by the probability of contact

between infected and susceptible individuals, besides other factors. Some databases,

such as SafeGraph, provided enough geospatial information to model movement

trends associated with the virus spread in smaller locations (CHANGet al., 2021);

however, they were not available in Brazil. Facebook, on the other hand, provided

density measurements at the municipal level, which were used to study the virus spa-

tial spread under further heuristics (BONACCORSIet al., 2020). However, Brazil

did not implement restrictive border control throughout the COVID-19 pandemic,

resulting in signi�cant uncertainty for a similar analysis in Brazil. The COVID-19

spread in Brazilian municipalities was studied (ALMEIDA et al., 2021, CANDIDO

et al., 2020); however, subject to estimation uncertainties intrinsic to the popu-

lation behavior and the available data. Spatial analysis at a state level becomes

more uniform, but demographic dynamics remain a relevant challenge for modeling

epidemiological dynamics.

The study of the COVID-19 pandemic in Brazil involves spatiotemporal epidemi-

ological dynamics, time-varying dynamics, and poor data quality. Real dynamics

varied over time in function of location, circulating variants, vaccination coverage,

natural immunity, and government policies. Hence, a robust data assimilation algo-

rithm was required to design an e�ective control strategy for the COVID-19 system,

resulting in extensive studies on the topic throughout this work.

2.2 Epidemic modeling

Epidemiology is the study of health-related illnesses in the human population, which

involves understanding phenomena related to diseases like COVID-19. Mathemat-

ical modeling is an e�cient tool for synthesizing this information and helping in

the decision-making of public health interventions. Hence, it has been applied to

epidemics throughout time, especially when novel dynamics arise. The basis of the

area is referenced to KERMACKet al. (1927), in which the authors proposed a

deterministic model based on susceptible, infected, and removed (SIR) populations

described by three ordinary di�erential equations. The SIR model was a speci�c case

from a more general integrodi�erential model, which was used to study a threshold

of the immune population to achieve a disease-free equilibrium (DFE). The SIR

model is detailed in Section 2.2.1 as the basic compartmental model.

A pathogen spread might also be described by stochastic epidemic models, which

are more accurate for smaller densities of the infected population. Nonetheless,

stochastic and deterministic approaches are suitable for predicting the dynamics in

endemics or during epidemics (BRAUERet al., 2008). Transmission rates meaning-
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fully change from the beginning of an outbreak to the endemic point because of the

increasing relevance of local transmissions and a more homogeneous composition of

infected individuals (BARTLETT, 1949). Homogeneous population compartments

and uniform rates are classical assumptions from deterministic models, thus explain-

ing their popularity for modeling epidemics. Reinfection cycles from COVID-19 are

stochastic processes (HEet al., 2020); however, this model uncertainty was neglect-

ful in the epidemic waves from ancestral strains. Data-driven models might also

be applied to epidemic modeling; however, they require large amounts of data to

provide accurate estimations and become inaccurate under dynamic disturbances,

which are common during the COVID-19 pandemic. For instance, PEREIRAet al.

(2020) proposed a neural network model that accurately modeled the �rst epidemic

waves in Brazil, but its forecast strongly disagreed with the Zeta and Gamma epi-

demic waves that happened afterward.

Epidemiological dynamics might be incorporated into modeling from observa-

tional studies, which guarantees realistic estimations and makes it easier for deter-

ministic models than their stochastic and data-driven counterparts. In addition, this

formulation type is suited for data assimilation techniques and is easily extended

to a stochastic formulation with noise additions. Hence, epidemic modeling in this

work followed deterministic models, in which state transitionf and measurement

equationsh are de�ned by:

xk = f (xk� 1; uk� 1; � k� 1) (2.1a)

yk = h (xk) (2.1b)

wherex, y , u, and � are the states, measurements, inputs and model parameters,

respectively. The subscriptk refers to calculations at a sampling timek.

2.2.1 Basic compartmental model

The basic compartmental model was proposed by KERMACKet al. (1927) under

the assumptions of a closed system, homogeneous compartments, instantaneous in-

cubation and latent periods, uniform rates among individuals in each compartment,

and lifelong immunity. The authors divided the populationN into three compart-

ments:

ˆ Susceptible (S): healthy individuals prone to infection;

ˆ Infected (I ): infectious infected individuals;

ˆ Removed (R): individuals removed from the spreading dynamics either by

recovery and lifelong immunity or death from the disease.
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The authors proposed Equation (2.2) to describe the epidemiological dynamics of

susceptible, infected, and removed (SIR) individuals based on the connections illus-

trated in Figure 2.1, where susceptible individuals become infected at an infection

rate � and are removed from the system at a removal rate
 .

dS
dt

= �
�SI
N

(2.2a)

dI
dt

=
�SI
N

� 
I (2.2b)

dR
dt

= 
I (2.2c)

Figure 2.1: Schematic diagram of the basic SIR model.

Equation (2.2) is unsuitable for describing the dynamics of most diseases; how-

ever, it provides a straightforward formulation of a key concept in epidemiology:

herd immunity. KERMACK et al. (1927) proposed Equation (2.2) to study the

threshold of the removed population required to decrease the number of infected

individuals. This threshold is denoted as the e�ective reproduction numberR t , and

is de�ned from the maximum density of infected individuals by substituting 0 on

the left side of Equation (2.2b), which yields:

�S

N

= 1

Therefore, R t from the basic compartmental model is de�ned by Equation (2.3),

such that the infected population decreases forR t < 1 and increases forR t > 1.

R t =
�S

N

(2.3)

KERMACK et al. (1927) also proved another important property in epidemiol-

ogy: the end of epidemics with susceptible individuals. This remark is proved by

dividing Equation (2.2a) for Equation (2.2c), which yields:

dS
dR

= �
�S

N
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dR
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d�

S = S0 exp
�

�
�R

N

�

whereS0, and R0 � 0 are the number of susceptible and removed individuals at the

beginning of an epidemic. Hence, the disease-free equilibrium is given by(S1 ; I 1 ) =

(S1 ; 0) wheref S1 > 0j S0 > 0; � > 0; 
 > 0g.

The basic compartmental model follows the assumptions that the transmission

mechanism might be described by chemical reactions in the form:

S + I ! 2I

I ! R

where � and 
 are analogous to reaction rate coe�cients. Hence, the conservative

law yields:

dS
dt

=
�

� �
S
N

I
N

�
N

dI
dt

=
�

�
S I
N 2

� 

I
N

�
N

dR
dt

=
�



I
N

�
N

which proves that Equation (2.2) is analogous to a well-mixed batch reactor of

constant volume and rates.

Equation (2.2) has a single equilibrium at the DFE from model assumptions, but

a straight extension was proposed by KERMACK and MCKENDRICK (1933) to

study another important threshold: the basic reproductive numberR 0. The authors

assumed vital dynamics with uniform birth � and natural deaths� rates, resulting

into a system with two equilibrium points and a constant populationN . Equation

(2.2) is rewritten with these assumptions as:

dS
dt

= �
�S I
N

+ � � �S (2.4a)

dI
dt

=
�S I
N

� 
I � �I (2.4b)

dR
dt

= 
I � �R (2.4c)

dN
dt

= � � �N (2.4d)
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The constant population yields a carrying capacityK = N from
dN
dt

= 0, a

redundancyK = S + I + R for � = �K (BRAUER et al., 2008). Hence, the system

is simpli�ed to:

dS
dt

= �
�S I
K

+ �K � �S (2.5a)

dI
dt

=
�S I
K

� 
I � �I (2.5b)

whose equilibrium points are de�ned by the solutions of:

0 = �
�S I
K

+ �K � �S

0 =
�S I
K

� 
I � �I

given by I 1 ;1 = 0 and I 1 ;2 =
K� (� � 
 � � )

� (
 + � )
. Substituting I 1 ;1 and I 1 ;2

into Equation (2.4) gives the DFE (S1 ;1; I 1 ;1) = ( K; 0) and the endemic point

(S1 ;2; I 1 ;2) =
�

K (
 + � )
�

;
K� (� � 
 � � )

� (
 + � )

�
, respectively, which are asymptoti-

cally stable under di�erent sets of model parameters. Let de�ne the JacobianJ

of Equation (2.4) w.r.t x = [ S; I ]> as:

J(x) =

2

6
4

�
�I
N

� � �
�S
N

�I
N

�S
N

� 
 � �

3

7
5 (2.7)

Then, calculations of the negative eigenvalues ofJ(x) �nd that the DFE is asymp-

totically stable for f 
 + � > � j 
; �; � > 0g, while the endemic point is stable for

f 
 + � < � j 
; �; � > 0g. Hence, the threshold of a disease outcome is de�ned by:

R 0 =
�


 + �
(2.8)

whereR 0 < 1 leads to the eradication of the disease andR 0 > 1 leads to the endemic.

Hence, a similar threshold might be de�ned for Equation (2.2) by assuming� � 0,

thus R 0 = �=
 , which is a reasonable assumption for fast diseases. However, the

threshold might be calculated from another concept that applies to systems without

two equilibrium points. MACDONALD (1952) de�ned R 0 as the average secondary

infections caused by a single infected individual in an entirely susceptible population.

Hence, this de�nition assesses if a disease is eradicated or leads to an outbreak in

the neighborhood of the DFE.

COVID-19 is a fast disease; thus, SIR models were proposed in studies of earlier

epidemic waves (CHENet al., 2021b, LIAO et al., 2020). However, Equation (2.2)
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lacks descriptions of several dynamics discovered later in the pandemic.

2.2.2 Extended compartmental model

Mathematical models provide qualitative information about the spread of a

pathogen; thus, the con�guration of the compartmental model must be consistent

with the system dynamics. The extended compartmental model refers to the addi-

tion of compartments to describe disease-speci�c epidemiological trends (BRAUER

et al., 2008). ANDERSSON and BRITTON (2000) modeled several diseases based

on di�erent compartment de�nitions, thereby demonstrating the capabilities of the

technique. For instance, LIPSITCHet al. (2003) modeled an outbreak of SARS-

CoV-1 with quarantine compartments, incubation, and latent periods. The isolated

states had unprecedented dynamics, which were de�ned to match dynamics from

government policies. ZHOUet al. (2004) later simpli�ed this model by de�ning

single compartments for isolated and uncon�ned individuals, which improved the

model observability and its agreement with observational studies.

The novel dynamics of SARS-CoV-2 were the asymptomatic transmission chain.

For instance, CHENet al. (2020) modeled the �rst COVID-19 outbreak, assuming

viral shedding in the environment and heuristic ratio of asymptomatic infections

and virus lifetime. Afterward, other dynamics were de�ned to describe con�nement

dynamics. For instance, GIORDANOet al. (2020) proposed a model to study the

�rst COVID-19 epidemic wave in Italy according to local government policies and

data. The authors neglected the quarantine of susceptible individuals and de�ned

compartments for hospitalized and infected individuals, with four compartments

for the latter given by di�erent combinations of diagnosis and illness. In addition,

the authors assumed homogeneous compartments, uniform rates, natural lifelong

immunity, and a closed system to study the epidemic in Italy. Hence, the population

N was divided into compartments according to the con�guration presented in Figure

2.2, and described below:

ˆ Susceptible (S): individuals prone to infection;

ˆ Infected (I ): asymptomatic undetected individuals;

ˆ Quarantined (Q): asymptomatic detected individuals who self-quarantine af-

ter the disease detection;

ˆ Ailed (A): symptomatic undetected individuals;

ˆ Recognized (R): symptomatic detected individuals who self-quarantine after

the disease detection;
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ˆ Threatened (T): individuals hospitalized in the nursery or intensive care units

(ICU);

ˆ Healed (H ): Individuals recovered from the disease;

ˆ Deceased (D): individuals deceased to the disease.

Figure 2.2: Schematic diagram of the model proposed by GIORDANOet al. (2020).

The model proposed by GIORDANOet al. (2020) is transcribed in Equation

(2.9) to discuss the epidemiological dynamics of the COVID-19 pandemic and pro-

vides an example of an extension of a compartmental model.

dS
dt

= � S(� I I + � QQ + � A A + � RR) (2.9a)

dI
dt

= S(� I I + � QQ + � A A + � RR) � (" I + � I + 
 I )I (2.9b)

dQ
dt

= " I I � (� Q + 
 Q)Q (2.9c)

dA
dt

= � I I � ("A + � A + 
 A )A (2.9d)

dR
dt

= "A A + � QQ � (� R + 
 R)R (2.9e)

dT
dt

= � A A + � RR � (� + � )T (2.9f)

dH
dt

= 
 I I + 
 QQ + 
 A A + 
 RR + �T (2.9g)

dD
dt

= �T (2.9h)

where" were the diagnosis rates, and� were the symptoms' development rates. In

addition, � and � were the recovery and mortality rates of hospitalized individuals,
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respectively. Finally, subscripts in the interconnections refer to the rates relative to

the corresponding compartments.

Equation (2.9) was modeled by uniform rates �tted from previous data; however,

GIORDANO et al. (2020) also de�ned sets of infection rates to evaluate the outcomes

from movement restriction measures. In addition, the authors neglected the infec-

tiousness of hospitalizedT and positively diagnosed individualsQ and R, assum-

ing that severe illness leads to a positive diagnosis. Furthermore, presymptomatic

transmissions were not explicitly de�ned, but di�erent rates for symptomatic and

asymptomatic individuals might describe corresponding dynamics. Infected individ-

uals had distinct rates by de�nition; however, model �tting assumed that detected

and undetected counterparts had equivalent dynamics, except for the infection rates.

The transmissibility of a disease is characterized by aR 0 de�nition based on

model and calculation assumptions aligned to the dynamics of the system and its

equilibrium. GIORDANO et al. (2020) calculated theR 0 of Equation (2.9) based on

Routh�Hurwitz criteria, known as the Jacobian method, which is analogous to the

asymptotic stability threshold calculation of a multivariable linearized system. A

formulation analogous to the de�nition of secondary infections from a DFE was pro-

posed by VAN DEN DRIESSCHE and WATMOUGH (2002): the next-generation

matrix (NGM). Both formulations share the same thresholdR 0 = 1 and are equiv-

alent for single-host diseases (MARTCHEVA, 2015). The NGM method calculated

the average secondary infections caused by an infected individual during an infection

generation. Assuming a transmission model in the form:

dx I

dt
= F (x) � I (x) (2.10)

wherex I = [ x I; 1 x I; 2 � � � x I;n I ]�> comprisesnI the infected compartments. In ad-

dition, F is a rate of new infections andI is a transition rate of infected individuals.

Hence, the average infection rateF and the illness rateV of Equation (2.10) are

de�ned by the Jacobians in the DFEx1 :

F =
� �

@F
@x I; 1

�

x 1

�
@F

@x I; 2

�

x 1

� � �
�

@F
@x I;n I

�

x 1

� >

V =
� �

@I
@x I; 1

�

x 1

�
@I

@x I; 2

�

x 1

� � �
�

@I
@x I;n I

�

x 1

� >

Hence, epidemiological dynamics in the DFE are linearized according to:

dx I

dt
= ( F � V ) x I

Hence,R 0 is de�ned by the dominant eigenvalue ofFV � 1, where � is a spectral
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radius function.

R 0 = �
�
FV � 1

�
(2.11)

NGM applicability depends on models in the form of Equation (2.10) with non-

negative domains ofF and V � 1, twice di�erentiable (VAN DEN DRIESSCHE and

WATMOUGH, 2002). These assumptions align with compartmental models de�ned

by a single host, such as COVID-19, but they might limit the applicability of the

methodology to other diseases. The solution of GIORDANOet al. (2020), de�ned

by Equation (2.12), is analogous to the NGM solution based on the de�nitions of

the non-infectedS and infectedx I = [ I; Q; A; R; T ]> compartments.

R 0 =
� Q" I

(" I + � I + 
 I )( � Q + 
 Q)
+

� A � Q

(" I + � I + 
 I +)( "A + � A + 
 A )
(2.12)

Studies of previous epidemics, such as SARS-CoV-1 (LIPSITCHet al., 2003,

ZHOU et al., 2004), were based on model parameters inherited from observational

studies; however, these are not available in the early stages of epidemics. Equa-

tion (2.9) agreed with the real epidemiological dynamics, but the model parameters

were �tted from historical data rather than extended from observational studies.

Hence, the de�nition of model con�gurations in agreement with them becomes a

more straightforward model formulation, especially when fewer data types are avail-

able. For instance, JIA et al. (2020) de�ned a latent state as the �rst infected

compartment, simpli�ed infection rates for undetected individuals, and removed the

hospitalized compartment, which suited the Chinese data and incubation period

studies. The formulation of an extended compartmental model must couple the sys-

tem observability with the model concurrence to the real epidemiological dynamics.

The con�nement rates were arbitrarily de�ned by GIORDANO et al. (2020) in

hypothetical scenarios, as the studies were carried out before the initial lockdowns in

Italy. A similar model was followed by KÖHLER et al. (2021) for the �rst COVID-

19 epidemic wave in Germany, but with dynamics modeled from historical data.

The authors updated the model with the de�nition of infection rates as functions

of the manipulated variables, the neglect of diagnosis by asymptomatic individuals,

and the de�nition of conditional rates for hospitalized individuals with respect to

hospital bed occupancy. In addition, the authors simpli�ed neglected infection rates

from detected individuals and de�ned single recovery rates for all non-hospitalized

individuals. The manipulated variableu was weighted� I and � A , while the mortality

rate increased following the overload of the health system.

Government policies are discontinuous by design; thus, several studies de�ned

infection rates accordingly, especially for the evaluation of hypothetical scenarios.

For instance, GRZYBOWSKI et al. (2020) studied the �rst epidemic wave in Manaus
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following its severe lockdown to assess the reduction of the infection rate required

to avoid overloading the health system. Con�nement rates were also evaluated for

Brazil with respect to vertical lockdown based on age-dependent model parameters

extended from the United Kingdom (LYRA et al., 2020). The authors also assess

the horizontal movement restriction measures, which were the only type applied in

Brazil during the COVID-19 pandemic. Furthermore, model �tting from historical

data might result in discontinuous model parameters. For instance, SAVIet al.

(2020) modeled infection rates from three di�erent levels and assessed the epidemic

outcomes for hypothetical durations of each one.

Government policies may be a function of time, but proper dynamics depend on

real population movement trends. For instance, MORATOet al. (2020) proposed a

compartmental model based on con�nement and non-con�nement actions, in which

infection rates were a�ected by a state relative to the population compliance, which

was also a function of the infected population. Another approach involves de�ning

continuous inputs that a�ect infection (KÖHLER et al., 2021) or quarantine rates

(SILVA et al., 2021) by �tting historical data. Both studies focused on the optimal

control strategies calculated from NMPCs; thus, continuous inputs eased the solution

of the optimization problem. In addition, infection rates (LIBOTTE et al., 2022)

or quarantine rates (VOLPATTO et al., 2021) were also continuously modeled as

a function of time for studies of previous epidemic waves. Studies focused on the

COVID-19 spread control might also identify transmissibility dynamics from periods

with di�erent levels of movement restriction OLIVIER et al. (2020), TSAY et al.

(2020). For instance, OLIVIER et al. (2020) identi�ed the infection rates from

mobility data and multiplied it by a monotonically decreasing function of time to

describe a progressive population disagreement with respect to government policies.

TSAY et al. (2020), on the other hand, �tted the infection rate and other rates

intrinsic to transmissibility for each set of movement restrictions. Transmissibility

might also be modeled with respect to virus load in the environment (NKWAYEP

et al., 2020) or testing dynamics (TSAYet al., 2020), but these formulations lack

observability. Overall, it refers to the greatest source of model uncertainty, especially

considering the availability and quality of the diagnosed data.

Transmissibility dynamics may be modeled using information beyond periods

with known government policies. For instance, di�erent de�nitions of social dis-

tancing trends were proposed for the COVID-19 pandemic with respect to the in-

fected population (MORATO et al., 2020, 2022, PARINOet al., 2023, SAVI et al.,

2020, USHERWOODet al., 2021), the vaccinated population (USHERWOODet al.,

2021) or the mobility data (CARLI et al., 2020, MORATO et al., 2022, OLIVIER

et al., 2020, PÉNIet al., 2020, SCARABAGGIO et al., 2022, SILVA et al., 2021). In

addition, these dynamics were estimated over time with data assimilation based on
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the de�nition of observer algorithms (GHOSTINE et al., 2021, SONGet al., 2021).

Epidemiological dynamics might be reidenti�ed or adjusted from observational

studies for each epidemic wave, which improves the accuracy of historical data anal-

ysis (CSUTAK et al., 2022, KEMP et al., 2021). The predominant variant of infec-

tion a�ects most dynamics; thus, these de�nitions improve the estimation accuracy

under e�ective genome surveillance, which did not apply to most of the Brazilian

federative units. For instance, KEMPet al. (2021) proposed a model with 16 com-

partments, based on manual adjustments with respect to observational studies, to

evaluate the minimum number of doses required to achieve herd immunity, assum-

ing lifelong immunity from vaccination. CSUTAK et al. (2022) modeled dynamics

on fewer compartments, assuming waning of immunity and partial immunization,

which were intrinsic dynamics from later predominant variants. The same proce-

dure was not applied to the infection rate, as it was estimated over time in a data

reconciliation algorithm based on an MPC formulation.

Vaccine-derived dynamics also changed throughout the COVID-19 pandemic fol-

lowing the emergence of variants with immunity evasion advantages. Vaccination

was initially assumed to provide complete lifelong immunity against infection fol-

lowing two doses, with partial immunity for a single dose (GHOSTINEet al., 2021,

PARINO et al., 2023). In addition, partial immunities from vaccine clinical tri-

als, including booster doses, were also used to yield more accurate estimations of

historical data (LIBOTTE et al., 2022). Later on, vaccine-derived dynamics were

de�ned by several compartments per vaccine type (ZHUet al., 2024) or a single

one (DELAVAR and BAGHBADORANI, 2022), considering partial immunization

and loss of immunity over time. In addition, a model con�guration with respect to

the variant of infection has also been de�ned, which was the approach followed by

CUEVAS-MARAVER et al. (2024) to update the model to the Delta and Omicron

epidemic waves. The authors de�ned additional infection outcomes for the Omicron

variant, as it further evaded the protection from previous immunizations.

Epidemiological dynamics are also a�ected by geographic locations and the

chronological age of the population. The population might be divided into fur-

ther compartments to satisfy uniform rate assumptions; however, observability and

statistical signi�cance issues arise from these de�nitions. For instance, ALMEIDA

et al. (2021) studied the spatial dependence of COVID-19 dynamics in Brazil based

on an age-structured model and the national severe acute respiratory syndrome

database, which corresponded to the only one in Brazil with age classi�cations. The

authors evaluated the mortality distribution across several municipalities; however,

the available data limit a similar application to other dynamics, such as transmissi-

bility. LYRA et al. (2020) extended a model from the UK to Brazil to evaluate this

age group dependence, but this approach is expected to yield model uncertainties
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similar to heuristic de�nitions.

Transmission dynamics are more sensitive to geographical locations, while other

dynamics are more sensitive to age group distributions (MARTCHEVA, 2015).

Hence, modeling spatial dynamics became more relevant for locations with severe

internal movement restrictions during the COVID-19 pandemic, which did not oc-

cur in Brazil but was the case in Italy (CARLI et al., 2020, SCARABAGGIO et al.,

2022). The spread of the COVID-19 virus in a Brazilian state was modeled using

compartmental models and di�usion dynamics in a comparative study with other

locations, including an Italian state. The authors found that quicker di�usions

around metropolitan centers occurred in the Brazilian state in contrast to a slower

Italian counterpart. This trend is similar to global patterns found by TSIOTAS

and TSELIOS (2022) based on an analysis of the initial COVID-19 outbreaks. The

authors found that transport integration was the key factor in connectivity and that

movement restrictions reduced tourism connections rather than the economic ones

prevalent in metropolitan areas.

Mobility data measures information about local transmission dynamics accord-

ing to population densities. CHANG et al. (2021) modeled network models for

several American cities based on detailed points of interest information provided by

SafeGraph CHANGet al. (2021), but a similar database does not exist in Brazil.

Genomic surveillance from COVID-19 epidemic waves was used to de�ne network

models for Brazil at a municipality level (CANDIDO et al., 2020); however, these

measurements are unsuitable for real-time monitoring, have long delays, and lack

data for a detailed nationwide analysis. OLIVEIRA et al. (2024) de�ned a net-

work model from the national airline, roadway, and river transport databases and

validated it with results from genomic surveillance. The resulting model concurred

with estimations from the COVID-19 pandemic; however, these measurements are

unsuitable for real-time monitoring. Hence, heuristic assumptions are necessary to

model the spread of a pathogen in Brazil over time with non-uniform rates.

2.3 State and parameter estimation

State estimators, also known as observers or soft sensors, are algorithms designed

to adjust models based on measurements. This data assimilation procedure �lters

noises, reduces uncertainties, and provides additional information from system dy-

namics (MACIEJOWSKI, 2002). The technique has been under development for

several decades, with a range of formulations suited for di�erent types of systems

and applications (JIANG et al., 2021). A classical formulation therein refers to

Bayesian �lters, in which estimations from stochastic systems are updated based on

Bayes' rule and the Markovian property, which de�nes future dynamics dependent
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only on the estimations (JAZWINSKI, 1970). Overall, stochastic systems are de-

�ned according to Equation (2.13) by adding process and measurement noises to

Equation (2.1), given by probability density functions (PDF).

x̂k = f (x̂k� 1; uk� 1; � k� 1) + ! k� 1 (2.13a)

ŷk = h (x̂k) + vk (2.13b)

where ! k� 1 and vk are the process and measurement noises, respectively. State

estimations are denoted by the accent �̂ � throughout this work.

Several dynamic studies of the COVID-19 pandemic were carried out with state

and parameter estimations to describe the time-varying dynamics based on avail-

able data. For instance, TSAYet al. (2020) modeled COVID-19 dynamics from

historical data with an unscented Kalman �lter (UKF) to yield estimations of hid-

den states and to provide data assimilation for a NMPC in a study of hypothetical

control scenarios. Filters were also applied individually for estimating hidden states

(DELAVAR and BAGHBADORANI, 2022, SCHAUM et al., 2022) or model pa-

rameters (NKWAYEP et al., 2020). However, Bayesian �lters do not correspond

to the observer type applied to COVID-19 systems. For instance, MENDAet al.

(2021) applied neural networks to model unknown infection rates during movement

restriction policies, while MORATO et al. (2022) designed a three-layer observer

based on least squares and autoregressive models to feedback data into an NMPC

for evaluating optimal control strategies.

Parameter estimations in the COVID-19 pandemic became more relevant for

studies following the epidemic waves from ancestral strains. For instance, GHOS-

TINE et al. (2021) estimated historical data with an ensemble Kalman �lter (EnKF)

to study the epidemiological dynamics of two epidemic waves and evaluate hypo-

thetical vaccine-derived immunizations afterward. The authors found estimations

in agreement with observational studies and movement restriction measures. ZHU

et al. (2021), on the other hand, used an extended Kalman �lter (EKF) to estimate

states and parameters, including an immunity loss rate. The authors validated the

algorithm using hypothetical scenarios, even for noisy observations. The EKF was

also implemented by SONGet al. (2021) in a COVID-19 data assimilation in a

two-layer algorithm. The authors coupled the EKF with an analytical solution of

maximum likelihood estimations of the model parameters. The analytical solutions

were calculated from �rst-order Taylor approximations of the objective function

with respect to the model parameters. This algorithm showed accurate short-term

predictions and historical estimations in agreement with the movement restrictions.

State and parameter estimations are algorithms designed to handle model and

data uncertainties. Hence, the application of this type of algorithm is imperative for
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a study of the COVID-19 pandemic in Brazil, where the data was subject to various

types of inconsistency.

2.4 MPC

Model predictive controls are algorithms designed to lead the system to optimal

conditions based on optimization problems solved based on predictions within a

prediction horizon NP . The solution is de�ned for a set of manipulated variablesu

within a control horizon NC ; however, only the �rst action is usually applied to the

system before a subsequent calculation. The technique is widely used in the industry

due to its e�ciency and straightforward control of constrained multivariable systems

with respect to broad formulations of the objective functionVk (MAYNE, 2014).

MPCs were initially proposed in the 1980s for linear models, quadratic programming,

and analytical solutions (CUTLER and RAMAKER, 1980). However, decades of

development have extended them to more complex, robust, and stable formulations

(MAYNE, 2014). The MPC extension based on nonlinear programming (NLP), the

nonlinear model predictive control (NMPCs), applies to epidemiological systems as

it concurs with their nonlinear models. In addition, this controller might incorporate

economic costsVeco in Vk besides the regulatory costsVreg , resulting in formulations

of economic model predictive control (EMPC). Both formulations align with the

general formulation of an NMPC, presented in Equation (2.14), and are suitable for

evaluating optimal control actions against the COVID-19 pandemic.

min
u k :k + N C � 1

Vk(x; u; ysp; usp) (2.14a)

Subject to:

xk+ j = f (xk+ j � 1; uk+ j � 1; � k+ j � 1); j = 1; 2; : : : ; NP (2.14b)

yk+ j = h(xk+ j ); j = 1; 2; : : : ; NP (2.14c)

xk+ j 2 X ; j = 1; 2; : : : ; NP (2.14d)

uk+ j 2 U; j = 0; 1; : : : ; NC � 1 (2.14e)

xk = x0; � k = � 0 (2.14f)

whereuk:k+ NC � 1 =
�
u>

k ; u>
k+1 ; � � � ; u>

k+ NC � 1

� �>
, usp , andU are the solutions, targets,

and feasible set of the manipulated variables, respectively. In addition,ysp is the

target of the controlled variables,X is the feasible set of the states. Finally,x0 and

� 0 denote the initial conditions of the optimization, which are de�ned by state and

parameter estimations throughout this work.

Overall, MPCs calculations are de�ned in combination with state estimators

when the system dynamics was modeled by variables besides the measurements,
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which is consistent with epidemic models. In this control structure, the feedback

of the controller is de�ned by the previous manipulated variablesuk� 1, along with

the targets ysp and usp, and the states estimatedx̂k from the state estimators.

This information is used in the MPC to calculate the optimal control actions over

a control horizon uk:k+ NC � 1; however, onlyuk is usually applied to the system. In

addition, the system is subject to unmeasured disturbancesdk , which a�ect the sys-

tem dynamics and produce further model uncertainties. The system responsesyp;k

are measured by sensors, subject to measurement noisesvk , to provide observations

of yk , which are fed back to the state estimator in real-time monitoring. Finally,

the state estimator combines this evidence with previous information fromuk� 1 and

xk� 1 to yield the state estimationsx̂k fed to the controller. Hence, the algorithm of

the control structure follows recursive calculations at each sampling time according

to the schematics presented in Figure 2.3.

Figure 2.3: Schematics of the control structure algorithm comprised of a MPC and
a state estimator.

NMPCs have been formulated to study control strategies against pathogen out-

breaks since before the COVID-19 pandemic. For instance, BUSSELLet al. (2019)

proposed an NMPC to study vaccine administration in groups with di�erent risks

of infections assuming lifelong immunity. The authors minimized the number of

infections based on a compartmental model and found that the optimal vaccina-

tion strategy focused on individuals with the highest risk. WATKINSet al. (2020),

on the other hand, evaluated optimal quarantine policies with a network model to

eradicate a disease. The authors found that the optimal quarantine was achieved

with lockdown at speci�c locations with stronger interconnections. The manipulated

variables in these studies were similar to government policies during the COVID-

19 pandemic; however, their magnitude and unprecedented dynamics led to novel

scenarios and increased their relevance in academia.
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Mobility data indirectly measures social distancing based on GPS information;

thus, they serve as baselines to corresponding manipulated variables. Di�erent

databases were employed in MPC studies of COVID-19 to de�ne them based on

di�erent transmission formulations. Mobility information was used as piecewise

constants for each government policy (CARLIet al., 2020, MORATO et al., 2022,

OLIVIER et al., 2020, PÉNI et al., 2020, SCARABAGGIO et al., 2022) or con-

tinuously (CHEN et al., 2021a, PÉNI et al., 2020, SILVA et al., 2021) to study

MPC application in this system. However, other authors de�ned manipulated vari-

ables based on identi�cations under local (KÖHLERet al., 2021, MORATO et al.,

2020, TSAYet al., 2020) or interregional movement restrictions (CARLIet al., 2020,

SCARABAGGIO et al., 2022). Real control actions are discrete by design due to

government policies; however, both approaches are valid as population behavior is

smoother and is a�ected by other factors, such as vaccination coverage and hospital

bed availability.

NMPC proposals in the early stages of the COVID-19 pandemic focused on

�nding optimal government policies to eradicate the disease or avoid overburdening

the healthcare system capacity. For instance, KÖHLERet al. (2021) proposed an

NMPC with a shrinking horizon to minimize the number of deaths constrained to

a progressive easing of movement restrictions, which postponed the epidemic wave

while waiting for vaccine rollouts. PÉNI et al. (2020) solved the issue by adding

terminal cost to another NMPC with a shrinking horizon based on a di�erent model.

In addition, the authors weighted hospitalizations and a social distancing index in

the objective function, thus following a tracking MPC de�nition. A weighted sum

of tracking costs was also de�ned by MORATOet al. (2020) but with the hospi-

talized population replaced by the infected one because the model did not describe

the former. The authors also added a constraint with respect to the maximum

hospital bed occupancy but did not de�ne a corresponding compartment due to a

lack of available data. SILVA et al. (2021) also de�ned an NMPC based on similar

costs and constraints but using a di�erent model, which was adjusted to another

case study. These adjustments also happened for NMPCs in Italy based on the in-

corporation of manipulated variables corresponding to the interregional movement

restrictions (SCARABAGGIO et al., 2022). The authors formulated an EMPC with

these variables rather than a tracking NMPC. Both approaches gained popularity at

di�erent stages of the COVID-19 pandemic based on di�erent sets of data available

and relevant challenges.

Social distancing policies are intrinsic manipulated variables in COVID-19

NMPC studies; however, other variables have also been proposed in the literature.

For instance, TSAY et al. (2020) de�ned two types of quarantine rates and a testing

rate within u as manipulated variables, which concurred with government policies in
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the United States. KÖHLER et al. (2021) de�ned a constant testing rate, but they

mentioned that testing in Germany might be modeled. For instance, SCARABAG-

GIO et al. (2022) heuristically de�ned a formulation to this dynamics based on

testing positivity rates from Italy. In addition, the authors considered interregional

restrictions as manipulated variables, controlling demographic events between sus-

ceptible and infected individuals from each region. Nonetheless, most studies have

only focused on variables that are properly measured and easier to correlate with

economic costs.

Costs related to the infected or hospitalized population were usually de�ned by

tracking or zone control, while manipulated variables were de�ned by tracking or

economic costs. A targetusp = 0 was a straightforward de�nition of the economic

cost of movement restriction in tracking NMPC studies at the early stages of the

COVID-19 pandemic (MORATO et al., 2020, 2022, PÉNIet al., 2020, SILVA et al.,

2021). However, the heuristic de�nition of linear costs with respect to the manip-

ulated variables was also de�ned therein (TSAYet al., 2020). Afterward, di�erent

EMPC proposals were formulated based on correlations between mobility and eco-

nomic information. For instance, CARLI et al. (2020) de�ned an economic linear

function based on costs given by the share of the gross domestic product (GDP)

corresponding to each mobility category. SCARABAGGIOet al. (2022) also mod-

eled the infection rates using Google mobility data; however, the author de�ned

the economic costs based on the GDP per capita of each region and added a tun-

ing weight to balance the intra and inter-region control actions. OLIVIERet al.

(2020) modeled the infection rate and an economic function from the same database

for South Africa. The economic function was identi�ed from a transaction index

and weighted in the objective function, together with tracking costs corresponding

to hospital bed violations and the social distancing index. CHENet al. (2021a)

modeled the American S&P 500 stock market index based on Google mobility data

and di�erent infected groups. The authors de�ned an objective function with this

economic function weighted against a term corresponding to the risk of infection.

Nonetheless, the course of the COVID-19 pandemic led to outdated mobility infor-

mation, shortages of vaccine supplies, and vaccination as the main control action,

which later led NMPC studies to favor tracking formulations.

Initially, movement restriction policies were considered based on heuristic as-

sumptions. For instance, PARINOet al. (2023) de�ned it as a dependent variable

dependent over time and hospital bed occupancy. The authors de�ned the NMPC to

minimize it and the hospitalized population based solely on vaccine administrations,

considering �rst and second-dose applications. DELAVAR and BAGHBADORANI

(2022), on the other hand, did not distinguish vaccine-derived immunity by the

number of applications, but de�ned a correlated immunity-loss rate. In addition,
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the authors considered vaccination, social distancing, and hospitalization as manip-

ulated variables to minimize infected outcomes subject to a budget cost constraint,

given by heuristic costs. More recently, ZHUet al. (2024) proposed an NMPC to

minimize the number of fatalities based on vaccine applications subject to several

logistic and shortage constraints. In addition, the authors considered four vac-

cine types applied to di�erent age groups as manipulated variables and an updated

model with novel dynamics, such as partial immunization and waning of immuniza-

tion. The controller and model formulations followed updates in the COVID-19

epidemiological dynamics and government policies against its spread.

2.5 Final Remarks

This COVID-19 pandemic presented several unprecedented dynamics and govern-

ment policies, with subsequent follow-ups over time. The literature provided a

background for its epidemiological modeling and control; however, most multidisci-

plinary studies were carried out during the earlier stages of the pandemic, when the

healthcare system was under harsher conditions. Hence, many gaps remained for

studies about dynamics correlated to later stages of the pandemic.

This work initially proposed alternative applications of state and parameter es-

timations using heuristic knowledge in combination with dynamic estimations. The

characterization of epidemiological dynamics associated with predominant variants

and the connectivity assessment were based on alternative analyses intrinsic to the

dynamics of the COVID-19 pandemic. The control assessment also followed dy-

namics speci�c to the pandemic, such as movement restrictions in combination with

partially e�ective vaccinations. In addition, the partial vaccine-derived immuniza-

tions were relevant dynamics in the later stages of the COVID-19 pandemic, which

were modeled, along with the EMPC formulation in this study. Hence, the con-

trol assessment based on the EMPC solutions provided insights about undisclosed

epidemiological control features, which require further in-depth studies for improve-

ment in handling future epidemics. In this context, this work investigated the opti-

mal interventions to mitigate the outcomes of an epidemic under partially e�ective

vaccine administrations, movement restrictions, and time-varying protection levels

in the population with respect to infection, hospitalization, and death.
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Chapter 3

Data preprocessing

This work comprises three studies conducted during the COVID-19 pandemic under

di�erent periods. Hence, adjustments were made to the model and state estima-

tor over time, following �ndings from observational studies, data availability, and

changes in the epidemiological dynamics. These studies were based on di�erent as-

sumptions and objectives, but they all refer to implementations based on publicly

available data.

Data preprocessing refers to the manipulation of raw data to provide consistent

information for subsequent studies. Thus, it refers to a preliminary step in all stud-

ies relative to data gathering and �ltering procedures. Data was gathered over time

throughout the research development, with some distinctions in each study. For

instance, measurements from con�rmed cases, deaths, hospitalizations, recoveries

from hospitalization, and phone mobility were gathered in all studies, but only the

more recent study included information from vaccination, test positivity, and eco-

nomic indices. In addition, the three studies considered di�erent Brazilian federative

units (BFU) as part of their case studies. One of these studies considered all BFUs

as its case studies; thus, their names and abbreviations are provided in Table 3.1.

Afterward, the sections in this chapter describe the databases used in this work.

Table 3.1: Abbreviation and name of all Brazilian federative units.

BFU Name BFU Name BFU Name

RO Roraima CE Ceará RJ Rio de Janeiro
AC Acre RN Rio Grande do Norte SP São Paulo
AM Amazonas PB Paraíba PR Paraná
RR Roraima PE Pernambuco SC Santa Catarina
PA Pará AL Alagoas RS Rio Grande do Sul
AP Amapá SE Sergipe MS Mato Grosso do Sul
TO Tocantins BA Bahia MT Mato Grosso
MA Maranhão MG Minas Gerais GO Goiás
PI Piauí ES Espírito Santo DF Distrito Federal
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3.1 Con�rmed cases and deceased

The con�rmed and deceased noti�cations were gathered from the Ministry of Health

of Brazil (MHB) (MINISTRY OF HEALTH OF BRAZIL, 2025f), which provides

cumulative and incidence daily measurements from COVID-19 at a national, fed-

erative unit, and municipality level since February 25, 2020. The �eld names from

Table 3.2 were gathered from this database for each BFU, where the raw measure-

ments are denoted by the superscript �R�, such thatyR
1 and yR

2 were de�ned by

�Cumulative cases� and �Cumulative deaths� divided by the populationN given in

the �Population� �eld. The raw measurements referred to the analyzed data in the

�rst study of this work; however, later studies had additional �ltering procedure to

reduce data inconsistencies.yR
1 and yR

2 were subject to sporadic noti�cation delays

over time due to health system burden, personnel downtime, or system shutdowns,

all followed by subsequent data updates. Hence, a heuristic �ltering was designed

in this work to address these uncertainties based on incidence thresholds.

Table 3.2: Field names gathered from the Ministry of Health of Brazil (MINISTRY
OF HEALTH OF BRAZIL, 2025f).

Field name Label Description

estado State Brazilian federative units
data Date Report date

populacaoTCU2019 Population Total population
casosAcumulado Cumulative cases Cumulative COVID-19 cases
obitosAcumulado Cumulative deaths Cumulative COVID-19 deaths

The �lter was designed using two algorithms: one for backward calculations and

another for forward calculations. Both algorithms were applied to historical data

between March 25, 2020, and the data collection datet(NG) for all BFUs, prior to

subsequent calculations in the model identi�cation, data assimilation, or controller.

However, the methodology is adaptable to real-time monitoring using a moving time

window. Initially, the backward pass calculations followed the daily incidences� y,

along with the weekly central� yC and forward � yF incidences. Data outliers were

de�ned based on simultaneous violations of(� y)2 � tol2, (� y)2 � (wB � yC )2 �

tol2, and (� y)2 � (wB � yF )2 � tol2, where wB was a weight added to distinguish

tolerances for daily and weekly incidences. Then, an outlier con�rmation starts a

backward search for the last time in which the expanded average incidence� yE =

(y(k) � y(k � j )) =j is smaller than� yC and � yF . If an initial solution is found, an

incidence adjustment� yA = � y� wB � yC is uniformly distributed therein; however,

it is straightly passed to the previous time otherwise. Nonetheless, both ways are

followed by a forward step, which results in subsequent evaluations at the same
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time until the tolerance is ful�lled. In addition, � yC and � yF are calculated over

shorter periods for more recent data, while� yA is capped by� tol to avoid countless

evaluations. Hence, Algorithm 1 describes backward calculations.

Algorithm 1 Backward calculations in the data preprocessing of con�rmed cases
and deceased measurements.

while t(k � j ) > March 25, 2020do
� y  y(k) � y(k � 1)
� yC  (y(k + min(3 ; NG � k)) � y(k � 3)) =min(7; 2(NG � k) + 1)
� yF  (y(k + min(6 ; NG � k)) � y(k)) =min(7; NG � k)
if (� y)2 � tol2 and (� y)2 �

�
wB � yC

� 2
� tol2 and (� y)2 �

�
wB � yF

� 2
� tol2

then
� yA  � y � wB � yC

if � y � 0 then
� yA  max(� yA ; tol)

else
� yA  min(� yA ; � tol)

end if
j  1
� yE  y(k) � y(k � j )
while t(k � j ) > March 25, 2020 and

�
� yE

� 2
�

�
wB � yC

� 2
and

�
� yE

� 2
�

�
wB � yF

� 2
do

j  j + 1
� yE  (y(k) � y(k � j )) =j

end while
if t(k � j ) > March 25, 2020then

for m 2 f 0; : : : ; j � 1g do
y(k � j + m)  y(k � j + m) + � yA (m + 1) =j

end for
else

y(k � 1)  y(k � 1) + � yA

end if
k  k + 1

end if
k  k � 1

end while

The forward pass calculations, on the other hand, follow the daily incidences� y

and weekly forward incidences� yF to remove minor outliers. A similar recursive

algorithm was de�ned to handle them, but delimited by
�
wF � yB

� 2
� (� y)2 � tol2,

with adjustments given by � yA = � y � � yF . In this case, the search proceeds

in the opposite direction, and� yA is directly increased or decreased within the

time window, depending on the search success. The minor outliers refer to periods

under neglectful measurements, which occurred notably during a system shutdown

in late 2021 and early 2022, and on non-working days. The forward �ltering also
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includes a subsequent procedure for removing negative incidences relative to noti-

�cation reviews and preprocessing calculations. In this case, a conditional� y < 0

is recursively evaluated after the minor outlier removal based on the search for
�
� yE

� 2
�

�
wF � yB

� 2
in both directions. Afterward, � yA is proportionally or di-

rectly adjusted in the solution horizon, and the next evaluation time is set to its

initial time. Finally, the solutions of the forward �ltering, described in Algorithm

2, are used in a �nal weekly moving average to yield the measurementsy1 and y2

used in the studies from Chapters 5 and 6. Both were tuned withtol = 10� 7, but

they di�ered in their weights. The �rst study had a more conservative tuning of

f wB = 1:3; wF = 0:7g to address further case studies subject to more data incon-

sistencies, whereas the latter was tuned withf wB = 1:2; wF = 1:0g to improve the

data quality in a single case study.

Algorithm 2 Forward calculations in the data preprocessing of con�rmed cases and
deceased measurements.

while k < N G � 1 do
� y  y(k) � y(k � 1)
� yB  (y(k � 1) � y(k � 7)) =7
� yA  wF � yB � � y
if � yA � 0 then

� yA  max(� yA ; tol)
else

� yA  min(� yA ; � tol)
end if
if

�
wF � yB

� 2
� (� y)2 � tol2 then

j  0
� yE  y(k + j ) � y(k � 1)
while k + j < N G and

�
� yE

� 2
�

�
wF � yB

� 2
do

j  j + 1
� yE  (y(k + j ) � y(k � 1)) =(j + 1)

end while
if k + j == Ndata then

y(k � 1)  y(k � 1) � � yA

else
for m 2 f 0; : : : ; j g do

y(k + m)  y(k + m) + � yA

end for
end if
k  k � 1

end if
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Algorithm 2 continued

if (� y) � 0 then

j  1

� yE  y(k) � y(k � j )

while t(k � j ) > March 25, 2020 and
�
� yE

� 2
�

�
wF � yB

� 2
do

j  j + 1

� yE  (y(k) � y(k � j )) =j

end while

if t(k � j ) == March 25, 2020then

j  0

� yE  y(k + j ) � y(k � 1)

while k + j < N G and
�
� yE

� 2
�

�
wF � yB

� 2
do

j  j + 1

� yE  (y(k + j ) � y(k � 1)) =(j + 1)

end while

for m 2 f 0; : : : ; j g do

y(k + m)  y(k + m) + � yA

end for

else

for m 2 f 0; : : : ; j � 1g do

y(k � j + m)  y(k � j + m) � � yA (m + 1) =j

end for

end if

k  k � j � 1

end if

k  k + 1

end while

The validation of the heuristic �ltering proposal was initially conceived based

on a comparison of average rates estimated using hospitalized data in combination.

The rates of developing severe illness and mortality among hospitalized individu-

als vary according to COVID-19 circulating variants, but their values are known

from observational studies. Hence, these values refer to baselines for comparison

with counterparts estimated from the raw or preprocessed data. Data estimations

followed the di�erences between incidence peaks using genomic surveillance. This

approach con�rmed the proposal's e�ectiveness in removing outliers following the

ancestral and Gamma epidemic waves; however, it did not properly evaluate the

other heuristics considered in the algorithm (SILVA and SECCHI, 2023).

Overall, heuristic �ltering was proposed to address data inconsistencies corre-
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lated to duplicated reports and noti�cation delays following the unburdening of the

health system, a system shutdown, and non-working days. Figure 3.1 presents the

mitigation of these inconsistencies in RJ throughout the analysis period. Correction

of duplicate reports led to sporadic negative incidences, which was prevented by the

proposed algorithm. In addition, the �lter e�ectively smoothed the relevant outlier

in September 2021, during the later stages of the Gamma epidemic wave, by dis-

tributing those incidences in their earlier stages. A similar e�ect was achieved for

the system shutdown in December 2021, in which a small number of posterior inci-

dences were distributed therein to prevent null incidences. Finally, the oscillations

in the raw data were intrinsic to the correction of noti�cations from non-working

days, which was also addressed in the proposed algorithm. These bene�ts were also

achieved in the remaining BFUs, with di�erent magnitudes in each one. Time series

of raw and preprocessed data from all BFUs are presented in Section A.2.

Figure 3.1: Preprocessed and raw data of case incidences in RJ between February
26, 2020, and April 1, 2023.

Violin plots of the COVID-19 incidence cases and deaths between February 26,

2020, and April 1, 2023, are presented in Figures 3.2-3.5. Both �gures emphasize the

e�ectiveness of data preprocessing in removing data outliers and negative incidences

from all case studies. Most BFUs had at least one data outlier in either case or

death measurement, including some negative ones. This observation aligns with the

assumption that corrections follow noti�cation delays after a health system overload.

However, the proposed algorithm smoothed the raw data rather than removing the

minor outliers, as highlighted by the higher densities around zero. This behavior

was considered an improvement because it reduced the di�erences between BFUs

since they shared epidemic waves from similar COVID-19 strains.
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Figure 3.2: Violin plots of COVID-19 case incidences across half the case studies between February 26, 2020, and April 1, 2023.
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Figure 3.3: Violin plots of COVID-19 case incidences across the remaining case studies between February 26, 2020, and April 1, 2023.
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Figure 3.4: Violin plots of COVID-19 death incidences across half the case studies between February 26, 2020, and April 1, 2023.
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Figure 3.5: Violin plots of COVID-19 death incidences across the remaining case studies between February 26, 2020, and April 1, 2023.
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3.2 Hospitalized and healed with treatment

The hospitalizations y3, given by hospital bed occupancy, and the recoveries from

hospitalization y4 were measured by summing up noti�cations gathered from the

Brazilian SARS database daily (MINISTRY OF HEALTH OF BRAZIL, 2025d,e).

The MHB weekly updated this database with clinical information of patients with

SARS, including the imported �eld names presented in Table 3.3.

Table 3.3: Field names gathered from the Brazilian SARS database (MINISTRY
OF HEALTH OF BRAZIL, 2025d,e).

Field name Description

SG_UF_NOT Federative unit of the report
DT_INTERNA Hospital admission date
CLASSI_FIN SARS classi�cation w.r.t. the disease
EVOLUCAO Patient outcome

DT_EVOLUCA Discharge date
DT_ENCERRA Case closing date

DT_DIGITA Log entry date

COVID-19 raw measurements were de�ned by the disease con�rmation in the

�SARS classi�cation w.r.t. the disease� �eld and the classi�cation from the �Federa-

tive unit of the report� one. Hospital bed occupancyyR
3 was de�ned by the intervals

between the �Hospital admission date� and �Discharge date�; however, these entries

might be empty or incorrectly �lled with dates beyond the COVID-19 pandemic

or negative hospital stays. These errors were assumed to be the result of wrong

digitizations; thus, the �Discharge date� �elds were initially replaced with the �Case

closing date� �elds under inconsistent �llings. If �Case closing date� also holds an

inconsistent value, then the �Log entry date� was applied therein. However, the

patient entry was neglected if the �Hospital admission date� had an inconsistent

entry. Recoveries from hospitalizationyR
4 , on the other hand, follow the information

from the �Patient outcome� for a given discharge date, including the empty entries.

This assumption was based on the relevant proportion of empty and recovered en-

tries in the database, which are in agreement with mortality levels throughout the

COVID-19 pandemic. The Brazilian SARS database also measures deaths from hos-

pitalization DT ; however, they were not included as another measurement in this

work. Overall, their incidences were similar toy2 in the analysis period, with greater

discrepancies in the Gamma epidemic wave and in the more recent data.

The study from Chapter 4 was based on raw measurements ofyR
3 and yR

4 ; how-

ever, sporadic days withyR
3 = 0 in some BFUs led the studies from Chapters 5

and 6 to follow a weekly moving average in they3 and y4 de�nitions. In addition,

studies in this work de�ned the average recovery~� and mortality ~� rates from hos-
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pitalization based on variations in measurementsyR
4 and DT . This approach was

adopted to replicate the expected heterogeneity in the country's health system ca-

pacity. The parameters de�ned in the Chapter 5 are presented in Table 3.4 to assert

this assumption.

Table 3.4: Average rates of recovery and death among hospitalized individuals of
BFU during the COVID-19 pandemic until October 1, 2022.

BFU ~� ~� BFU ~� ~� BFU ~� ~�

RO 0.0773 0.0671 CE 0.0626 0.0660 RJ 0.0650 0.0701
AC 0.0320 0.0626 RN 0.0773 0.0732 SP 0.0821 0.0664
AM 0.0788 0.0670 PB 0.0792 0.0731 PR 0.0881 0.0653
RR 0.0474 0.0607 PE 0.0489 0.0677 SC 0.0847 0.0634
PA 0.0708 0.0773 AL 0.0756 0.0727 RS 0.0736 0.0588
AP 0.0829 0.0529 SE 0.0555 0.0580 MS 0.0790 0.0622
TO 0.0745 0.0619 BA 0.0731 0.0669 MT 0.0810 0.0592
MA 0.0659 0.0746 MG 0.0793 0.0682 GO 0.0750 0.0730
PI 0.0847 0.0672 ES 0.0569 0.0549 DF 0.0688 0.0489

3.3 EPICOVID19-BR

This work indirectly gathered the results from a COVID-19 serological surveillance

�eld study, EPICOVID19-BR, to constrain the prevalence of the virus in di�erent

time periods according to estimations of the proportion of individuals recently in-

fected by COVID-19. The �eld study was carried out in several cities of regional

signi�cance across all BFUs based on in-house rapid test analyzes (EPICOVID19-

BR, 2025, HALLAL et al., 2020). Only the results of the three initial phases were

gathered and constrained because the change in the batch of rapid tests resulted in

a major loss of sensitivity afterwards (SILVEIRAet al., 2021). Hence, prevalence

constraints were applied only during the predominant circulation of the COVID-19

ancestral strains, since the �rst phase was betweent(Nep;1) = May 14, 2020, and

May 21, 2020, the second phase was betweent(Nep;2) = June 4, 2020, and June 7,

2020, and the third phase was betweent(Nep;3) = June 21, 2020, and June 24, 2020.

The results of EPICOVID19-BR were provided at the municipality level; thus, the

prevalence estimations from MARRA and QUARTIN (2021) were used to extend

them to a federative unit level. Hence, the boundaries of their 95% con�dence in-

terval de�ned the boundaries of the prevalence constraints, according to the results

presented in Table 3.5.
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Table 3.5: Prevalence estimations for the initial three EPICOVID19-BR phases
(MARRA and QUARTIN, 2021), along with their 95% con�dence interval in paren-
thesis. The superscript �a� refer to relaxed constraints in the study from Chapter 5.

Phase BFU Prevalence BFU Prevalence BFU Prevalence

1

RO 0.67 (0, 2.1) CE 6.9 (4.27, 10.0) RJ 1.80 (0a, 3.70a)
AC 4.10 (1.93, 6.90) RN 2.10 (0.65, 4.20) SP 2.20 (0.73, 4.30)
AM 12.0 (8.44, 16.0) PB 1.70 (0, 3.70) PR 0.55 (0a, 1.10a)
RR 3.70 (1.53a, 6.60a) PE 2.60 (1.05, 4.70) SC 0.51 (0a, 0.96a)
PA 12.0 (9.25, 15.0) AL 0.85 (0a, 6.90) RS 0.43 (0a, 0.87a)
AP 8.80 (5.26, 13.0) SE 0.46 (0, 1.40) MS 0.71 (0a, 2.20a)
TO 0.39 (0, 0.94) BA 0.93 (0.06, 1.80) MT 5.30 (0a, 1.20a)
MA 1.40 (0a, 3.5a) MG 0.99 (0a, 1.80) GO 0.41 (0a, 1.10a)
PI 3.50 (0a, 0.87a) ES 1.20 (0, 2.70) DF 0.39 (0, 1.30)

2

RO 2.10 (0.61, 4.30) CE 13.0 (9.40, 17.0) RJ 5.70 (3.10, 8.90)
AC 5.90 (3.62, 8.60) RN 3.30 (1.47, 5.70) SP 1.30 (0, 2.80)
AM 14.0 (10.37, 18.0) PB 4.90 (2.97, 7.20) PR 0.74 (0, 1.70)
RR 24.0 (19.29, 29.0) PE 2.00 (0.10, 3.90) SC 0.52 (0a, 0.93a)
PA 13.0 (10.2a, 16.0a) AL 9.70 (3.20, 8.60) RS 0.46 (0, 0.93)
AP 14.0 (9.57, 19.0) SE 0.670 (0, 1.80) MS 0.45 (0a, 1.20a)
TO 0.64 (0, 1.40) BA 4.10 (2.11, 6.60) MT 0.94 (0, 1.90)
MA 6.80a (4.54, 9.40) MG 0 (0.05, 0.89) GO 0.440 (0, 1.10)
PI 1.40a (0, 8.70) ES 0 (0.40, 2.80) DF 0.630 (0, 2.00)

3

RO 5.50 (2.98, 8.60) CE 18.0 (14.27, 22.00) RJ 8.10 (4.82, 12.0)
AC 5.10 (2.95, 7.70) RN 5.00 (2.86, 7.60) SP 0.830 (0, 1.90)
AM 7.70 (4.88, 11.0) PB 1.80 (0.30, 3.30) PR 0.820 (0.14, 1.50)
RR 21.0 (16.35, 26.0) PE 0.78 (0, 1.90) SC 0.610 (0.12, 1.10)
PA 6.40 (4.40, 8.40) AL 13.0 (5.00, 7.70) RS 0.470 (0, 0.93)
AP 13.0 (8.62, 18.0) SE 2.90 (1.04, 5.50) MS 0.590 (0, 1.40)
TO 1.30 (0.30, 2.30) BA 2.40 (0.60, 4.20) MT 0.650 (0, 1.40)
MA 7.20a (5.09, 9.60) MG 0.650 (0, 1.30) GO 1.10 (0, 2.20)
PI 8.20a (5.73, 11.00) ES 2.70 (1.42, 4.30) DF 0.630 (0, 2.00)

3.4 Google mobility data

The last database used in all studies within this document refers to Google mobility

data, even though it has been outdated since October 8, 2022. It provided relative

measurements of devices within points of interest categorized into six categories:

recreation, essentials, parks, transit stations, workplaces, and residential. These

categories refer to the �eld names gathered according to Table 3.6, where� 1 refers

to indoor recreational places such as restaurants and movie theaters;� 2 refers to

essential places to survive, such as grocery stores and pharmacies;� 3 refers to out-

door recreational places like beaches and public parks;� 4 refers to public transport

hubs, such as subway and bus stations;� 5 refers to workplaces, and� 6 refers to
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residential places. All of them are provided at the national, federative unit, and

municipality levels in percentage values relative to baseline densities measured prior

to the COVID-19 pandemic, between January 3, 2020, and February 6, 2020, which

are not publicly disclosed (GOOGLE LLC, 2025).

Table 3.6: Field names gathered from the Google mobility database (GOOGLE
LLC, 2025).

Field name Variable

retail_and_recreation_percent_change_from_baseline � 1

grocery_and_pharmacy_percent_change_from_baseline � 2

parks_percent_change_from_baseline � 3

transit_stations_percent_change_from_baseline � 4

workplaces_percent_change_from_baseline � 5

residential_percent_change_from_baseline � 6

3.5 Genomic surveillance

Public genomic surveillance data for COVID-19 were gathered from the GISAID

database (KHARE et al., 2021). GISAID provides entries speci�c to the genome

sequencing of COVID-19, without correlating them to the lineages, such as Gamma

and Omicron. Hence, the GISAID database was gathered using the Outbreak.info

application programming interface (GANGAVARAPU et al., 2023). The Out-

break.info provides routines to easily collect data associated with the lineages, in-

cluding their prevalence for each BFU and countrywide. Lineages were gathered in

this study according to �B.1.1.28�, �B.1.1.33� �Zeta�, �Gamma�, �Delta�, �Omicron�,

�BA.4�, �BA.5�, �BQ.1�, and �XBB� notations using the lookupSublineagesfrom Out-

break.info. In addition, the prevalences of each BFU were de�ned by lineage based

on the �proportion� returned by the getPrevalenceroutine. The prevalence data

gathered for all BFUs are presented in Section A.4.

3.6 e-SUS Noti�ca

The e-SUS Noti�ca and the other databases presented below in this chapter

were only used in the study presented in Chapter 6. The e-SUS Noti�ca is an-

other database from the MHB that comprises clinical information about suspected

COVID-19 cases (MINISTRY OF HEALTH OF BRAZIL, 2025a,b,c); thus, it has

been outdated across all BFUs since the end of the COVID-19 pandemic. It was

gathered according to the �eld names presented in Table 3.7 to calculate a test
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positivity rate � according to a time window of 28 days. The longer interval was de-

�ned to avoid zero measurements during the system shutdown in late 2021 and early

2022. In addition, the database had several data inconsistencies over time, leading

to another procedure conditioned to the consistent �eld names. For instance, the

e-SUS Noti�ca database had systematic �lling errors of ES and PR in other BFUs,

such that the BFU was initially de�ned by �Residence state� rather than the �Re-

porting state�, when the �rst one was �lled. A similar conditional was applied to

the test date initially based on the �Symptom onset date�, followed by the �Test

collection date�, and the �Reporting date�. However, dates were also evaluated for

times within the COVID-19 pandemic, in addition to the empty �llings. Finally,

test results were considered with a positive diagnosis for a code 1 in �Test result� or

a clinically con�rmed (� Con�rmado Laboratorial �, in Portuguese) in the �COVID-19

diagnosis�. Other entries in these �elds, including empty ones, are considered a neg-

ative diagnosis. Only patient entries with no date information were neglected; thus,

� calculations were based on the ratio between positive and overall tests among the

consistent entries in the moving time window.

Table 3.7: Field names gathered from the e-SUS Noti�ca database (MINISTRY OF
HEALTH OF BRAZIL, 2025c).

Field name Description

dataNoti�cacao Reporting date
dataInicioSintomas Symptom onset date

estado Residence state
estadoNoti�cacao Reporting state
classi�cacaoFinal COVID-19 diagnosis

codigoResultadoTeste1 Test result
dataColetaTeste1 Test collection date

3.7 Vaccine

The last database gathered only for RJ from the MHB was the Brazilian national

vaccination campaign against COVID-19 (BNVCC) (MINISTRY OF HEALTH

OF BRAZIL, 2025g). It provides clinical information about the administra-

tion date, vaccine type, and dose description, which were gathered according

to the �eld names from Table 3.8. The vaccine types were provided by the

�Vaccine code� entries given by 85, 86, 87, 88, and 103 for CoronaVac (CoV),

Oxford-AstraZeneca (AZD), monovalent P�zer-BioNTech (PfB), Janssen (Jan),

and bivalent P�zer-BioNTech vaccines, respectively. In addition, the �Vaccine

description� classi�ed the vaccine administrations by �1ª Dose� or � Única� for
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the �rst dose, � 2ª Dose�, � Dose Adicional�, and �Revacinação� for the sec-

ond dose, and �Reforço� for the booster dose. Empty �elds and other vac-

cine codes were not included in thevac de�nition. Hence, vaccination rates

V = f CoV1; CoV2; CoV+ ; AZD 1; AZD 2; AZD + ; mPfB 1; mPfB 2; mPfB + ;

Jan; Jan+ ; bP fB + g were calculated by the sum of corresponding entries divided

by N , where pre�xes �m� and �b� refer monovalent and bivalent doses, and su�xes

�1�, �2�, and �+� refer to the �rst, second, and booster administrations.

Table 3.8: Field names gathered from the BNVCC database (MINISTRY OF
HEALTH OF BRAZIL, 2025g).

Field name Description

vacina_dataAplicacao Date of the vaccine administration
vacina_descricao_dose Vaccine description

vacina_codigo Vaccine code

3.8 Stock market index

The stock market index refers to the historical data from the BRAX11.SA index

gathered from Yahoo!Finance on March 28, 2023, according to �eld names �Close�

and �Date� (YAHOO! FINANCE, 2023). This broad market index measures the eco-

nomic activity from the 100 most traded and valuable private companies of the main

Brazilian stock exchange (B.3 S.A, 2021). Hence, closure prices from the �Close�

intrinsically describe the national economic prospect; thus, these measurements,

denoted asBRAX 11, were used in the economic function of the EMPC.

3.9 Gross domestic product

The gross domestic product (GDP) refers to a proper measurement of current eco-

nomic activities, which has been o�cially measured in Brazil quarterly ( BRAZIL-

IAN INSTITUTE OF GEOGRAPHY AND STATISTICS - IBGE, 2023a). Hence,

its Brazilian historical data was gathered from weekly GDP estimations of the Or-

ganisation for Economic Co-operation and Development (OECD) based on �eld

names �date�, �region�, and �Trackerlevel�. Weekly measurements are provided in

the �Trackerlevel� as relative estimationsGDP relative to o�cial measurements

from the last quarter of 2019.
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3.10 Unemployment rate

The last database gathered was the o�cial Brazilian measurements of the unem-

ployment rate (UR). Measurements are provided at the national and federative unit

levels in quarterly unlabeled samples, related to the download link ( BRAZILIAN

INSTITUTE OF GEOGRAPHY AND STATISTICS - IBGE, 2023b). Hence, his-

torical data from the Brazilian UR were gathered to formulate the economic function

of the EMPC.
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Chapter 4

Recursive state and parameter

estimation of COVID-19 circulating

variants dynamics

COVID-19 epidemiological dynamics are sensitive to the prevalence of their circu-

lating strains. Observational studies estimate these dynamics coupled with genome

sequences or during predominant circulations; thus, monitoring their dynamics in

real-time is a challenge, especially during outbreaks. Genome surveillance was insuf-

�cient for most BFUs during the COVID-19 pandemic; thus, this study addressed

a regional de�ciency by proposing an alternative method to monitor the dynamics

of emerging COVID-19 variants with transmissibility advantages. Hence, this study

proposed the identi�cation and characterization of these variants based on recursive

state and parameter estimations of infection rates, risks of hospitalization, and risks

of mortality.

The proposed estimation algorithm was evaluated for the Zeta and Gamma vari-

ants across six BFUs: AM, MS, RN, RS, RJ, and SP, which are case studies with

reasonable genome surveillance information. AM, MS, RN, and RS were included in

the study based on their distance from each other, while SP and RJ were included

as the main economic centers countrywide. This study was based on historical data

from the early stages of the COVID-19 pandemic up to July 1, 2021, to prevent

uncertainties arising from the circulation of the Delta variant or the vaccination cov-

erage. Baseline dynamics were �tted for the ancestral strains across the case studies

in model identi�cations until October 1, 2020, which were then followed by data as-

similation algorithms in the subsequent analysis period, including the predominant

circulations of Zeta and Gamma. The dynamics intrinsic to these variants were esti-

mated by neglecting secondary factors, including minor circulating variants. Hence,

average estimations were carried out in periods heuristically de�ned to estimate the
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epidemiological dynamics associated with their circulation. The analysis period of

each case study was manually de�ned according to estimation variations aligned

with genome surveillance information (SILVA and SECCHI, 2022). However, this

approach faced several challenges to extend the case studies in later studies, which

was handled by algorithm modi�cations proposed in the following chapters.

4.1 Modeling

The model of Equation (2.9), proposed by GIORDANOet al. (2020), was extended

in this study, while maintaining assumptions about uniform rates, homogeneous

compartments, lifelong immunity, closed systems, and negligible infection rates from

detected compartments. The resulting model, denoted Model M1, was adjusted to

Brazilian data and information from observational studies by incorporating com-

partments for exposed (E) and healed with treatment (HT ). Furthermore, addi-

tional assumptions were de�ned considering the model integration coupled with an

observer and parameters estimated over time. Hence, the model is composed of Sus-

ceptible (S), Exposed (E), Infected (I ), Quarantined (Q), Ailed (A), Recognized

(R), Threatened (T), Healed detected (HD ), Deceased (D), Healed with treatment

(HT ), and Healed undetected (HU ) individuals, according to Equation (4.1) and

the con�guration presented in Figure 4.1, where� , � , and p are the contagion rate,

the incubation rate, and the fraction of asymptomatic individuals, respectively. All

states were given by normalizations with respect to the populationN .

Figure 4.1: Schematics of Model M1 compartment con�guration.
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dS
dt

= � �S (4.1a)

dE
dt

= �S � �E (4.1b)

dI
dt

= p�E � (" I + 
 I )I (4.1c)

dQ
dt

= " I I � 
 QQ (4.1d)

dA
dt

= (1 � p)�E � ("A + � A + 
 A )A (4.1e)

dR
dt

= "A A � (� R + 
 R)R (4.1f)

dT
dt

= � A A + � RR � (� + � )T (4.1g)

dHD

dt
= 
 QQ + 
 RR (4.1h)

dD
dt

= �T (4.1i)

dHT

dt
= �T (4.1j)

dHU

dt
= 
 I I + 
 A A (4.1k)

The exposed stateE corresponds to a non-infectious phase for infected individ-

uals during the incubation period, de�ned in agreement with a property estimated

in observational studies. In addition, the incubation period was assumed to be

equivalent to the latent period, resulting in outputs to the symptomatic and asymp-

tomatic subgroups. Similar incubation and latent periods yield a single input rate

� to the E compartment, and aligns with a meta-analysis of COVID-19 ancestral

strains (CASEY-BRYARS et al., 2021). Non-infectiousness, on the other hand, con-

trasts with the �ndings of this study, as presymptomatic transmissions were relevant

therein. However, this simpli�cation was followed assuming that intrinsic uncertain-

ties are mitigated in the data assimilation.

This compartment de�nition was standard in COVID-19 modeling studies as it

referred to intrinsic epidemiological dynamics (ALMEIDA et al., 2021, JIA et al.,

2020, KEMP et al., 2021, OLIVIER et al., 2020, PÉNIet al., 2020, SAVIet al., 2020,

SCARABAGGIO et al., 2022, TSAYet al., 2020, VOLPATTO et al., 2021). In addi-

tion, dual outputs were not exclusive to COVID-19 because SARS-CoV-1 modeling

studies had followed this approach to de�ne quarantine and non-quarantined indi-

viduals (GUMEL et al., 2004, ZHOU et al., 2004). The negligible infectiousness

of E followed the premise that data assimilation reduces the inherited model un-

certainties. An analogous assumption was de�ned forp = 0:5 2 [0:15; 0:7] based
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on an intermediate value within estimates from U.S. CENTERS FOR DISEASE

CONTROL AND PREVENTION (CDC) (2025).

The healed compartment of Equation (2.9) was divided into three compartments:

HD , HU , and HT , in which HD and HT include individuals healed with a diagnosis,

and HU refer to their undetected counterpart. HD and HT refer to the cumulative

measurements of con�rmed cases and recoveries from hospitalization, respectively,

while HU was calculated from the closed system redundancy according to Equa-

tion (4.2). The MHB provides cumulative and incidence information on positive

diagnoses, deaths, hospitalizations, and recoveries from hospitalization according to

the databases described in Chapter 3. Hence, the measurement function of Model

M1 was de�ned by Equation (4.3) in normalized form, considering a sampling time

ts = 1 d.

HU = 1 � S � E � I � Q � A � R � T � HD � D � HT (4.2)

y(k) = h(x(k)) =

2

6
6
6
6
4

Q(k) + R(k) + T(k) + HD (k) + D(k) + HT (k)

D(k)

T(k)

HT (k)

3

7
7
7
7
5

(4.3)

Data assimilation was expected to reduce model uncertainty, but it does not yield

realistic estimations without further properties. For instance, the system must have

observability, and the model must be su�ciently accurate to describe the system's

dynamics. This study focused on a comprehensive modeling, whose observability was

unfeasible based on the available measurements. Hence, the de�nition of model pa-

rameters followed properties with expected values known from observational studies

to serve as target baselines in the data assimilation. Henceforth, parameters corre-

lated to transmissibility, the risk of hospitalization, and the risk of mortality were

estimated in this study. Transmissibility was assessed by an estimated infection rate

� 0, assuming a constant generation time over time. The risk of hospitalization� c

was directly estimated, assuming severe illness leads to hospitalization, fast testing

dynamics, and diagnosis of all hospitalized individuals. The risk of mortality, on the

other hand, was de�ned by the infection-fatality ratio (IFR) as a function of� c and

another estimated parameter� m , relative to the risk of mortality among hospital-

ized individuals. Hence, the transmissibility and mortality assessments followed� 0

estimations andIFR calculations according to Equation (4.4), respectively.

IFR = (1 � p)� c� m (4.4)

The contagion rate� was de�ned using a single infection rate for symptomatic

and asymptomatic individuals. Symptomatic individuals were known to be more in-

fectious (WU et al., 2021); however, this assumption and the neglect of transmissions
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from detected individuals were de�ned to improve the observability of transmissibil-

ity dynamics. Hence,� was formulated by Equation (4.5), in which� was de�ned

according to Equation (4.6) to distinguish movement restriction policies in a social

distancing index m 2 [0; 1] and the estimated parameter� 0 from the circulating

variants. Movement restrictions were the main NPI in the early stages of the pan-

demic, and Android accounts for over 70% of the Brazilian market share of mobile

operating systems (STATCOUNTER GLOBAL STATS, 2025); thus, only Google

mobility data was considered in them de�nition (GOOGLE LLC, 2025).

� = � (I + A) (4.5)

� = � 0(1 � m) (4.6)

Google mobility data measures the relative variations in six categories based

on baselines prior to the COVID-19 pandemic (GOOGLE LLC, 2025). Hence,

an analysis based on a zero-lag cross-correlation matrix calculated using thexcorr

from MATLAB was carried out to de�ne the two most weekly periodic indepen-

dent categories. The results presented in Table 4.1 highlighted� 3 and � 5 as the

most independent signals, considering the� 2 exclusion as a monthly periodic sig-

nal. Thus, m was formulated according to Equation (4.7), considering boundaries

� 3;opn = � 5;opn = 100, and � 3;lkd = � 5;lkd = � 100 for complete opening and complete

lockdown, respectively, weekly moving average inputs and a relative weightwu.

Table 4.1: Cross-correlation matrix with zero lag from Google mobility data of AM,
MS, RJ, RN, RS, and SP between February 2020 and July 2021.

Category � 1 � 3 � 4 � 5 � 6

� 1 1 0.918 0.945 0.743 -0.937
� 3 0.918 1 0.855 0.586 -0.879
� 4 0.945 0.855 1 0.764 -0.893
� 5 0.743 0.586 0.764 1 -0.664
� 6 -0.937 -0.879 -0.893 -0.664 1

m(t) = �
wu(h� 3(t)i � � 3;lkd ) + (1 � wu)(h� 5(t)i � � 5;lkd )

wu(� 3;opn � � 3;lkd ) + (1 � wu)( � 5;opn � � 5;lkd )

m(t) = �
wu h� 3(t)i + (1 � wu) h� 5(t)i � 100

200
(4.7)

The de�nition of � c in Model M1 follows the fraction of individuals moving from

A and R to T. Thus, summing up Equations (4.1e) and (4.1f) yields:

d(A + R)
dt

= (1 � p)�E � (� A + 
 A )A � (� R + 
 R)R
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which was simpli�ed by the assumption of fast testing dynamics by� A � � R and


 A � 
 R , which yields:

d(A + R)
dt

= (1 � p)�E � (� A + 
 A )(A + R)

Then, the risk of hospitalization � c is de�ned according to:

� c = �
�

dT
d(A + R)

�

E = T =0

= �
� A (A + R)

� (� A + 
 A )(A + R)
=

� A

� A + 
 A
(4.8)

where E = 0 denotes the assumption of no new infection, andT = 0 delimits the

analysis to input rates of the hospitalized compartmentT = 0.

The de�nition of � m is given by the progression of hospitalized individualsT to

the deceased compartmentD. Thus, dividing Equation (4.1g) by Equation (4.1i)

under the assumption of no new infection given byA = R = 0 de�nes � m according

to:

� m = �
�

dD
dT

�

A= R=0

= �
�T

� (� + � )T
=

�
� + �

(4.9)

Model M1 assumptions yield fractions of infected individuals who recover undi-

agnosedHU . The observed mortality given by Equation (4.10) for the case-fatality

ratio (CFR) might di�er from IFR , where� a and � s refer to the fractions of asymp-

tomatic and symptomatic individuals recovered undiagnosed, respectively. In addi-

tion, � a and � s also a�ect I and A populations, comprised in the� formulation.

Hence, testing dynamics a�ects the comparative assessments of transmissibility and

risk of mortality when they are not constant.

CFR =
(1 � p)� c� m

p(1 � � a) + (1 � p)(1 � � s)
=

IFR
p(1 � � a) + (1 � p)(1 � � s)

(4.10)

Constant values of� a and � s are consistent with a steady testing policy and

a steady population compliance with it. However, rapid tests and RT-PCR were

unavailable in public health services in the early stages of the COVID-19 pandemic

in Brazil. Hence, � a and � s were formulated by Equations (4.11) and (4.12) to

describe this initial test shortage. Population compliance variations were assumed

to be described in the data assimilation, which was also the basis for de�ning a

constant ratio � s=� a 2 [0; 1] despite test sensitivities and testing likelihood varying

with respect to symptom onset. In addition, correlated model parameters were

constrained bya� 2 [0; 1], b� 2 [0; 0:25], c� 2 [0; 100], a� s < 1 � � c, and a� a 2 [0; 1]

to yield steady estimations in the data assimilation. Furthermore, testing dynamics

were assumed to be faster than the disease progression, resulting in similar rates

between detected and undetected compartments according to
 I � 
 Q, 
 A � 
 R ,

and � A � � R .
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� a = a� a

�
1 �

a�

1 + exp (� b� (t � c� ))

�
(4.11)

� s = a� s

�
1 �

a�

1 + exp (� b� (t � c� ))

�
(4.12)

The de�nitions of � c, � m , � a, and � s refer to comprehensive COVID-19 proper-

ties rather than the interconnection rates. These rates were formulated as functions

of outcome probabilities and the average rates according to Equations (4.13)-(4.15)

to incorporate information in the average rates, denoted by the �~� accent. In addi-

tion, where � "I is the probability of an asymptomatic individual to get detected,� "A

is the probability of a symptomatic individual to get detected before hospitalization,

� 
 is the probability of an symptomatic individual to recover without hospitaliza-

tion, � � is the probability of a hospitalized individual to die, and~" = 1 d� 1 was a

simpli�cation. However, other rates were de�ned from realistic values. For instance,

~� = 1=5 d� 1 and � = 1=5:2 d� 1 were de�ned from U.S. CENTERS FOR DISEASE

CONTROL AND PREVENTION (CDC) (2025), ~
 = 1=15 d� 1 was de�ned from

a test sensitivity window (WU et al., 2020), and ~� and ~� were de�ned for each

BFU based on their average rates in the Brazilian SARS database (MINISTRY OF

HEALTH OF BRAZIL, 2025d,e).

" I = � "I ~"; 
 I = 
 Q = (1 � � "I )~
 (4.13)

"A = � "A ~"; 
 A = 
 R = � 
 ~
; � A = � R = (1 � � 
 � � "A )~� (4.14)

� = � � ~� ; � = (1 � � � )~� (4.15)

The fractions of undiagnosed individuals� a and � s are described in Equation

(4.1) based on the fraction of individuals in compartmentsI and A moving to HU ,

respectively. In this context, � a is de�ned by neglecting new infections and the

contribution of symptomatic progressions toHU according to E = 0 and A = 0,

respectively, resulting in:

� a = �
�

dHU

dI

�

E = A=0

= �

 I I

� (" I + 
 I )I
=


 I

" I + 
 I
(4.16)

Hence, substituting Equation (4.13) in Equation (4.16) yields:

� a =

 I

" I + 
 I
=

(1 � � "I )~

� "I ~" + (1 � � "I )~


, � "I =
(1 � � a)~


(1 � � a)~
 + � a~"
(4.17)

The undiagnosed symptomatic counterpart,� s, on the other hand, is de�ned at

E = 0 and I = 0 to neglect new infections and the contribution of asymptomatic
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individuals according to:

� s = �
�

dHU

dA

�

E = I =0

= �

 A A

� ("A + � A + 
 A )A
=


 A

"A + � A + 
 A
(4.18)

Hence, substituting Equation (4.14) in Equation (4.18) yields:

� s =
� 
 ~


� "A ~"A + (1 � � 
 � � "A )~� + � 
 ~

, � 
 =

� s� "A ~" + (1 � � "A )� s~�
(1 � � s)~
 + � s~�

(4.19)

Then, substituting Equation (4.14) in Equation (4.8) yields

� c =
(1 � � 
 � � "A )~�

(1 � � 
 � � "A )~� + � 
 ~

(4.20)

Thus, substituting Equation (4.19) in Equation (4.20) and rewriting it with respect

to � "A yields:

� "A =
(1 � � c � � s)~
 ~�

(1 � � c � � s)~
 ~� + (1 � � c)� s~" ~� + � c� s~" ~

(4.21)

Finally, substituting Equation (4.15) in Equation (4.9) yields:

� m =
� � ~�

(1 � � � )~� + � � ~�
, � � =

� m ~�
(1 � � m )~� + � m ~�

(4.22)

Therefore, the state transition function_f (x; u;  ) was de�ned according to Equa-

tion (4.23), where = [ � 0; � c; � m ]> refer to the estimated parameters. Henceforth,

the state transition equation f (x; u) was de�ned by the integration of Equation

(4.23), using CVODES (HINDMARSH et al., 2005) via CasADi/MATLAB, such

that x = [ S; E; I; Q; A; R; T; H D ; D; H T ]> and u = m.
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dS
dt

= � �S (4.23a)

dE
dt

= �S � �E (4.23b)

dI
dt

= p�E � (" I + 
 I )I (4.23c)

dQ
dt

= " I I � 
 I Q (4.23d)

dA
dt

= (1 � p)�E � ("A + � A + 
 A )A (4.23e)

dR
dt

= "A A � (� A + 
 A )R (4.23f)

dT
dt

= � A (A + R) � (� + � )T (4.23g)

dHD

dt
= 
 I Q + 
 A R (4.23h)

dD
dt

= �T (4.23i)

dHT

dt
= �T (4.23j)

HU = 1 � S � E � I � Q � A � R � T � HD � D � HT (4.23k)

� = � (I + A) (4.23l)

� = � 0(1 � m) (4.23m)

m(t) = �
wu h� 3(t)i + (1 � wu) h� 5(t)i � 100

200
(4.23n)

" I = � "I ~"; 
 I = (1 � � "I )~
 (4.23o)

"A = � "A ~"; 
 A = � 
 ~
; � A = (1 � � 
 � � "A )~� (4.23p)

� = � � ~� ; � = (1 � � � )~� (4.23q)

� "I =
(1 � � a)~


(1 � � a)~
 + � a~"
(4.23r)

� "A =
(1 � � c � � s)~
 ~�

(1 � � c � � s)~
 ~� + (1 � � c)� s~" ~� + � c� s~" ~

(4.23s)

� 
 =
� s� "A ~" + (1 � � "A )� s~�

(1 � � s)~
 + � s~�
(4.23t)

� � =
� m ~�

(1 � � m )~� + � m ~�
(4.23u)

� a = a� a

�
1 �

a�

1 + exp (� b� (t � c� ))

�
(4.23v)

� s = a� s

�
1 �

a�

1 + exp (� b� (t � c� ))

�
(4.23w)

The description of detected and undetected compartments in Equation (4.23)
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was improved based on an additional constraint relative to the COVID-19 preva-

lence in the model identi�cation. A national COVID-19 prevalence surveillance,

denoted as EPICOVID19-BR, were incorporated therein as hard constraints fol-

lowing the 95% con�dence intervals estimated by (MARRA and QUARTIN, 2021).

Hence, an estimated prevalenceI prev = HD + HU + HT was de�ned in combination

with ~
 = 1=15 d� 1 to approximate the test sensitivity window with a uniform dis-

tribution. In this context, test sensitivity was assumed to be perfect between 15

and Tp = 50 days following a COVID-19 recovery, whereTp was adjusted by trial

and error. Hence, COVID-19 prevalence constraints were de�ned for each phase

j 2 f 1; 2; 3g from EPICOVID19-BR according to Equation (4.24) whereI prev;j;min

and I prev;j;max refer to the lower and upper boundaries of the 95% con�dence in-

tervals given in Table 3.5. In addition, constraints were aligned to the beginning

t(Nep) = f May 14, 2020; June 4, 2020; June 7, 2020g and duration � Nep = f 8; 4; 4g

of their respective phases in EPICOVID19-BR.

I prev;j;min �
� Nep;j � 1X

k=0

I prev (Nep;j + k) � I prev (Nep;j + k � Tp)
� Nep;j

� I prev;j;max (4.24)

The model identi�cation procedure was de�ned by the solution of the op-

timization problem given by Equation (4.25a) based on historical data be-

tween t0 and t(kf ) = October 1, 2020, weight matrix W �t , extrema mea-

surements ymax and ymin in the analysis period, degrees of freedomx �t =

[S(t0); E(t0); � 0; a� a ; a� s ; � c; � m ; a� ; b� ; c� ; wu]> and feasible regionG. Equation

(4.25a) was solved for each case study using the IPOPT (WÄCHTER and

BIEGLER, 2006) algorithm via CasADi/MATLAB (ANDERSSON et al., 2019),

and an initial guessx �t ;0 = [0:95; 0:05; 0:1; 0:9; 0:9; 0:02; 0:1; 0:1; 0:1; 20; 0:5]> . The

analysis period was delimited att0 by f T(k0) > 0:00003; Tp � Nep;3 � k0 � 0; k0 2 Ng

to minimize uncertainties in the compartments under a small circulation of infected

individuals, which reduces uncertainties correlated to demographic events and het-

erogeneous compartments. In addition, the upper boundary was de�ned on Octo-

ber 1, 2020, to prevent outbreaks of the Zeta variant during the analysis period.

Furthermore, the feasible regionG was de�ned by Equation (4.24), along with con-

straints S(t0) 2 [0:9; 1]; E(t0) 2 [0; 0:1]; � 0 � 0; a� a 2 [0:9; 1:0]; a� s 2 [0:9; 1:0]; � c 2

[0; 1]; � m 2 [0; 1]; a� 2 [0; 1]; b� 2 [0; 0:25]; c� 2 [0; 100]; � a 2 [0; 1]; � s 2 [0; 1],

� s + � c 2 [0; 1], and � a � � s. Finally, k�k denotes theL2 norm, sokŷk � ykk2
W �t

=

(ŷk � yk)> W �t (ŷk � yk). This notation is used throughout the document in the

formulation of quadratic terms.
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min
x �t

kfX

k= k0

(k � k0 + 1) kŷk � ykk2
W �t

(4.25a)

Subject to:

x̂k+1 = f (x̂k ; uk); k = k0; k0 + 1; : : : ; kf � 1 (4.25b)

yk = h(x̂k); k = k0; k0 + 1; : : : ; kf (4.25c)

W �t = diag
�
1=(ymax � ymin )2

�
(4.25d)

x �t 2 G (4.25e)

The results of the model identi�cation for the �ve studied BFUs are presented

in Table 4.2. A signi�cant variability was observed among the solutions, especially

with respect to variables that a�ect similar dynamics. For instance,S(t0), wu and

� 0 a�ects the COVID-19 transmissibility based on di�erent factors: S(t0) delimits

the E(t0), � 0 de�nes the infection rate baseline, andwu de�nes its variability with

respect tom. Hence, the solutions ofwu at di�erent boundaries indicated a lack of

identi�ability, which might be caused by m values approximately time-invariant in

the model identi�cation. The same uncertainty a�ected hospitalization dynamics,

which is highlighted by the solutions in a� s + � c = 1, the active constraint of

� s + � c = 1, because� s is monotonically decreasing by de�nition. Hence, model

identi�cation might be subject to over�tting; however, data assimilation continued

with this model, as it updates the model with state and parameter estimations.

Table 4.2: Model identi�cations of Model M1 for studied BFU.

.

BFU t0(2020) S(t0) E(t0) � 0 a� a a� s � c

AM April 03 0.9449 0.0551 0.1890 1.0000 0.9730 0.0270
MS April 19 0.9997 0.0003 0.3953 0.8999 0.8999 0.1001
RN April 19 0.9951 0.0049 0.5217 1.0000 0.9370 0.0630
RS April 19 0.9992 0.0008 0.2848 0.9999 0.8963 0.1037
RJ April 15 0.9762 0.0238 0.2628 1.0000 0.9491 0.0509
SP March 27 0.9956 0.0044 0.3223 1.0000 0.8861 0.1139

BFU � m a� b� c� ~� ~� w u

AM 0.3796 0.2502 0.2500 39.3836 0.0782 0.0672 0.2604
MS 0.2586 0.6539 0.0900 68.3508 0.0859 0.0645 1.0000
RN 0.4606 0.6649 0.1654 51.2077 0.0721 0.0766 1.0000
RS 0.2833 0.6419 0.0429 71.2191 0.0822 0.0614 0.0000
RJ 0.4530 0.2207 0.2499 38.0807 0.0491 0.0726 0.7048
SP 0.2694 0.5591 0.0540 71.0390 0.0794 0.0673 1.0000
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4.2 Data assimilation

The data assimilation in this study followed three state estimators: a constrained

extended Kalman �lter (CEKF) (GESTHUISEN et al., 2001), a constrained ex-

tended Kalman �lter and smoother (CEKFS) (SALAU et al., 2012), and a moving

horizon estimation (MHE) (RAO et al., 2003b). The three algorithms were applied

to historical data from October 1, 2020, to July 1, 2021, to compare computational

time and accuracy. The CEKF provides faster solutions, while the MHE provides

more accurate solutions, and the CEKFS is an intermediate alternative between

them with respect to both metrics. The accuracy was evaluated based on the mean

absolute percentage error (MAPE), and the computational time was measured us-

ing tic and toc routines from MATLAB. Numerical assessments of epidemiological

dynamics were carried out only for the results of the most accurate estimator, MHE,

based on average estimations during predominant circulations of Zeta or Gamma

variants.

The state and parameter estimations were de�ned based on augmented states

X =
�
x> ;  >

� >
. These parameters hold constant values in the state transition

by de�nition; thus,  k+1 =  k . Hence, the state transition functionfobs (X ; u; ! )

was de�ned according to Equation (4.26), including the process noises! , and the

measurement functionhobs (X ; v) was de�ned according to Equation (4.27), includ-

ing measurement noisesv, in the observer calculations. In addition, the imple-

mented estimator assume Gaussian distributions with zero-mean to those noises;

thus, ! k � N (0; Qobs ;k ) and vk � N (0; R obs ;k ).

X k+1 = fobs (X k ; uk ; ! k) =

"
f (xk ; uk)

 k

#

+ ! k (4.26)

yk = hobs (X k ; vk) = h(xk) + vk (4.27)

The data assimilation algorithms were tuned through trial and error based on

the results from the MHE with a weekly prediction horizon, given byNP = 7. Its

estimations were tracked with respect to Zeta and Gamma outbreak times from ge-

nomic surveillance information (KHARE et al., 2021), coupled with epidemiological

dynamics estimations from FARIA et al. (2021). The tuning procedure was sim-

pli�ed by the assumptions given by Equation (4.28), whereP0 is the initial error

covariance matrix. The tunings were de�ned as functions of �nal estimations from

the model identi�cation at t(kf ) to describe the heterogeneity across the case studies,

resulting in the values presented in Table 4.3. The same tunings were also applied

to the CEKF and the CEKFS, with the latter evaluated for smoothing horizons

NS = 7 and NS = 28. The optimization problems within CEKF, CEKFS, and MHE
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were solved with the qpOASES (FERREAUet al., 2008) via CasADi/MATLAB,

using a termination tolerance of10� 10. Descriptions of the CEKF, CEKFS, and

MHE algorithms are referred to GESTHUISENet al. (2001), SALAU et al. (2012),

and RAO et al. (2003b), respectively.

(P0) j;j = ( Qobs ) j;j = Q̂j = 90X j (t f )2; j = f 1; 2; : : : ; 10g (4.28a)

(P0) j;j = ( Qobs ) j;j = Q̂j = 10X j (t f )2; j = f 11; 12; 13g (4.28b)

(P0) j;m = ( Qobs ) j;m = 0 8 j 6= m (4.28c)

(R obs ) j;j = R̂j = 1000yj (t f )2; j = f 1; 2; 3; 4g (4.28d)

(R obs ) j;m = 0 8 j 6= m (4.28e)

Table 4.3: Tuning of the state estimations in the Model M1 study.

.

BFU Q̂1 Q̂2 Q̂3 Q̂4 Q̂5 Q̂6 Q̂7 Q̂8 Q̂9

AM 55.8 4.9e-4 7.1e-4 9.5e-4 6.8e-4 9.1e-5 7.7e-7 7.4e-2 9.1e-5
MS 82.2 1.5e-4 4.7e-5 3.0e-4 5.0e-5 2.3e-4 3.4e-6 3.2e-2 1.8e-5
RN 81.7 5.4e-6 2.0e-6 1.4e-5 1.8e-6 1.2e-5 7.4e-8 2.4e-2 3.8e-5
RS 83.9 3.8e-5 1.8e-5 9.3e-5 1.5e-5 7.8e-5 1.9e-6 1.3e-2 1.6e-5
RJ 72.8 3.5e-4 4.4e-4 3.4e-5 4.1e-5 3.2e-5 1.4e-6 1.2e-2 9.4e-5
SP 80.5 3.7e-5 2.3e-5 5.5e-5 1.9e-5 4.6e-5 1.5e-6 2.2e-2 5.1e-5

BFU Q̂10 Q̂11 Q̂12 Q̂13 R̂1 R̂2 R̂3 R̂4

AM 2.4e-4 0.357 7.3e-3 1.44 1.13 1.0e-3 1.8e-5 2.9e-3
MS 1.5e-4 1.56 0.100 0.669 0.629 2.2e-4 3.9e-5 1.7e-3
RN 5.2e-5 2.72 4.0e-2 2.12 0.392 4.7e-4 7.5e-7 6.1e-4
RS 1.0e-4 0.811 0.108 0.803 0.281 1.8e-4 2.3e-5 1.1e-3
RJ 1.4e-4 0.691 2.6e-2 2.05 0.235 1.2e-3 1.3e-5 1.6e-3
SP 3.8e-4 1.04 0.130 0.726 0.461 6.0e-4 1.7e-5 4.0e-3

4.3 Results

The main results of this study refer to the state and parameter estimations in the

�ve case studies within the analysis period, from October 1, 2020, to July 1, 2021.

Initially, the estimation accuracy of the three implemented estimators was evaluated

using mean absolute percentage errors calculated for each case study according to

Table 4.4. All data assimilation algorithms successfully estimated the monitored

variables, with MAPEs below 5% for all case studies, which is consistent with the

prediction accuracy observed in Figure 4.2. In addition, the MAPE results con�rmed

the best estimations of the MHE according to expectations. However, MAPE results

also pointed out suboptimal tuning with respect toy2, mainly in AM, MS, and MS,
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which was a drawback of the single tuning de�nition for all case studies.

Table 4.4: Mean absolute percentage error ofy estimations between October 1,
2020, and July 1, 2021, for each state estimator across the case studies.

.
CEKF CEKFS (N S = 7) CEKFS (NS = 28) MHE (N P = 7)

y1 y2 y3 y4 y1 y2 y3 y4 y1 y2 y3 y4 y1 y2 y3 y4

AM 0.40 0.37 3.94 0.210.34 0.34 3.14 0.200.45 0.38 3.58 0.250.32 0.34 2.52 0.18
MS 0.59 0.42 3.57 0.210.51 0.37 2.48 0.180.56 0.39 2.55 0.190.45 0.33 1.66 0.16
RN 1.05 0.31 2.05 0.210.90 0.28 1.55 0.160.98 0.30 1.45 0.160.85 0.27 1.26 0.15
RS 1.49 0.35 3.66 0.171.10 0.32 2.53 0.151.19 0.33 2.57 0.170.99 0.30 2.07 0.16
RJ 0.56 0.36 1.98 0.110.51 0.35 1.52 0.110.66 0.36 1.62 0.140.49 0.32 1.06 0.10
SP 0.61 0.29 2.35 0.120.52 0.28 1.60 0.110.64 0.28 1.55 0.130.48 0.25 1.25 0.11

However, the primary objective of data assimilation was to identify outbreaks as-

sociated with variants that have transmissibility advantages and characterize them.

Hence, the transitions between the predominant variants were also a basis for tun-

ing the state estimators based on genomic surveillance from the GISAID database

(KHARE et al., 2021). This database showed that the Gamma variant outcompeted

Zeta across all case studies, except AM, where the Gamma variant faced other an-

cestral strains. Hence, AM had only two epidemic waves during the analysis period,

whereas the remaining case studies had three epidemic waves, with the last two

close in time. The dynamic assessment assumed that a single variant was circulat-

ing; thus, the estimates of the Zeta variant were de�ned by averages from the last 15

days preceding the Gamma outbreak. This approach yields estimations likely lower

than the real-world according to the lower proportion of the Zeta variant circulating.

The Gamma variant, on the other hand, was evaluated by the average between its

initial steady estimation and July 1, 2021. Its dynamic estimations based on MHE

calculations refer to the main basis for tuning the state estimators by trial and error,

which tracked the dynamic estimations from FARIAet al. (2021).

Mortality was assessed using IFR estimates from Equation (4.4), correlated to

� c and � m , while transmissibility was evaluated using estimates from� 0. Hence, the

characterization of epidemiological dynamics followed parameters estimations of the

MHE in comparison to their initial conditions estimated in the model identi�cation.

Figure 4.3 presents the time evolution of these estimates across all case studies,

including the thresholds used in the numerical assessment of the dynamics associated

with Zeta and Gamma predominant circulations, whose results are presented in

Table 4.5.

Table 4.5 highlights that the MHE tuning was successful in estimating a mor-

tality increase between 44% in RN and 107% in AM compared to ancestral strains,

which aligned with the con�dence interval estimated in the observational study from
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Figure 4.2: Time evolution of the measurements estimated by MHE using Model
M1. Predictions refers to the continuous lines and dots refers to the measurements.

FARIA et al. (2021). In addition, the transmissibility variation also agreed with their

�ndings, based on the� 0 increases estimated between43%in RJ and 119%in RS for

the Gamma variant. The lowest mortality in RN is explained by noti�cation delays

for con�rmed cases and deceased individuals, which were reviewed later on June

23, 2021, and August 4, 2021, while the lower transmissibility in RJ followed the

noti�cation delays reviewed in August and September 2021. Both are highlighted

in the results of the data preprocessing presented in Section A.2. The highest mor-

tality in AM was an expected result because it was the only case study subject to

an oxygen shortage during the Gamma outbreak, leading to avoidable deaths. The

higher transmissibility in RS might not be correlated with a single factor, but the

lower natural immunity in the population was certainly one of the main factors in

this outcome.

Regarding the Zeta variant, Table 4.5 found an increase in mortality associated

with Zeta infections between 11% and 30%, correlated with RJ and RN, respectively,

in agreement with prevalence levels in genomic surveillance (KHAREet al., 2021).

The same BFUs also delimited the range of the increase in transmissibility, which

was estimated between 10% in RJ and 37% in RN. The Zeta variant was overcome
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Figure 4.3: Time evolution of the IFR and� 0 estimations from the MHE based on
Model M1. The thresholds of the numerical assessments are denoted by �X� markers.

in RN by the lowest prevalence, except for AM, while RJ had the highest prevalence

among the case studies, which explain. Hence, these estimations were in agreement

with the smaller estimation the estimation extrema found for the Zeta variant. In

addition, both BFUs had major noti�cation delays corrected after the Gamma vari-

ant epidemic wave, which might also comprise Zeta infections, partially explaining

the ranges estimated. This study tracked raw data in the simulations using data

assimilation, which incorporated uncertainties from poor data quality and delimited

the state estimators to conservative tunings.

AM had the �rst outbreak of the Gamma variant, which was followed by out-

breaks in RS and SP. SP refers to the main Brazilian economic center; thus, out-

breaks in the other BFUs quickly followed afterward, a pattern in agreement with

connectivity studies (CANDIDO et al., 2020, NICOLELIS et al., 2021). However,

the faster outbreak in RS, the farthest BFU from AM was unexpected and moti-

vated the connectivity assessments in the research development. The RS government

applied severe movement restriction policies in December 2020, during the Zeta epi-

demic wave, but eased them in January 2021, earlier than the remaining BFUs in

this study, which played a key role for its faster Gamma outbreak, along with a
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Table 4.5: Relative estimations of epidemiological dynamics associated with pre-
dominant circulation of Zeta and Gamma variant in comparison to ancestral strains.
"�" refers to estimations correlated to the minor circulation of the variant.

Zeta Gamma
BFU

Transmissibility Mortality Transmissibility Mortality

AM � 20 84 107
MS 24 25 64 90
RN 37 30 73 44
RS 37 30 117 79
RJ 10 11 43 52
SP 29 23 97 97

higher transmissibility estimated.

Epidemiological dynamic assessment was based on MHE; however, parameters

� 0, � c, and � m were also estimated for the CEKF and CEKFS. Results from all pa-

rameter estimations are presented in Figure 4.4, highlighting di�erent magnitudes in

the dynamic estimation, but subject to similar variation times. In addition,� 0 esti-

mations were e�ective in detecting outbreaks based on genome surveillance (KHARE

et al., 2021), with a small delay in the detection of the Zeta and Gamma outbreaks

across the case studies. Moreover, all estimations concurred about the increase of� c

for the Gamma variant, with estimations ranging between36%for RS and71%for

SP. However,� m estimations showed unexpected dynamics: the decreasing trend in

RN and RJ, including under the Gamma variant circulation. The regional model

uncertainties are insu�cient to explain this discrepancy; thus, poor data quality

therein was the most likely explanation. All state estimators implemented in this

study are based on maximum likelihood estimation, which are particularly sensi-

tive to data inconsistencies, especially outliers. Hence, the data quality presented a

signi�cant challenge in the proposed data assimilation. A conservative tuning was

de�ned to address the issue, but it slowed the detection of outbreaks and limited

the tuning with respect to targets from observational studies.
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Figure 4.4: Parameters estimations of� 0, � c, and � m in the analysis period calculated by the estimators in all case studies.
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Table 4.4 pointed out MHE as the more accurate estimator, followed by CEKFS

and CEKF, as expected. However, CEKFS had worse estimations withNS = 28

than with NS = 7, resulting in more aggresive estimations of� 0 and � m according to

Figure 4.4. Initially, the worse performance forNS = 28 was correlated to violations

of T < 0 in the smoothing pass, which are further increased in the longer horizon

despite their subsequent correction in the forward passes. A deeper analysis was

considered to be beyond the scope of this study; however, a later study found that

the constraint violations in the smoother were a signi�cant source of uncertainty

in forward-backward �ltering, such as the CEKFS (SILVA and SECCHI, 2025).

Regarding the computational cost, average simulation times of 25.4, 136.7, 498, and

10265 seconds were found for the CEKF, CEKFS (NS = 7), CEKFS (NS = 28),

and MHE, respectively, with average execution times ranging from 0.1 s to 38 s

across the �lters evaluated. Hence, all data assimilation algorithms were suitable

for real-time monitoring following daily samples. In addition, it should be noted

that CEKFS ( NS = 7) achieved results similar to those of the MHE, but with an

execution time nearly 100 times faster, which favored subsequent studies to follow

its estimations.

4.4 Conclusion

Modeling in this study followed several assumptions based on the mitigation of

model uncertainties in the data assimilation. This assumption proved to be reason-

able based on the successful identi�cation of Zeta and Gamma outbreaks, coupled

with the characterization of dynamics corresponding to their infections. Recursive

estimations found that the Gamma variant increased the transmissibility between

43% and 119%and mortality between between 44% and 107% with respect to an-

cestral strains. In addition, Zeta variant infection was attributed to increases of

transmissibility between 10% in RJ to 37%, and increases of mortality between 11%

and 30%. Major challenges in the research were the underreported noti�cations and

the poor quality overall; however, these drawbacks did not prevent data assimilation

from achieving realistic estimations.
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Chapter 5

Analysis of Covid-19 dynamics in

Brazil by recursive state and

parameter estimations

The study presented in Chapter 4 successfully validated the recursive estimation

methodology for �ve BFUs. Hence, the next step was to extend the methodology to

all BFUs, incorporating more recent data, including higher vaccination coverage and

outbreaks from Delta and Omicron variants. However, research development faced

several challenges, which were addressed by the extension presented in this chap-

ter, and the data preprocessing steps presented in Chapter 3. Data inconsistencies

hindered the epidemiological dynamic assessment on several BFUs past the Gamma

epidemic wave due to subsequent corrections of the noti�cations. Hence, Algorithms

1 and 2 were proposed in this study to handle the issue, followed by the de�nition of

moving averages for the measurements. Furthermore, the previous methodology was

extended by de�ning a �ne-tuning procedure for the state estimators to facilitate

the tracking of dynamics on more heterogeneous case studies.

The objective of this study was to evaluate local government policies and virus

spread patterns during the COVID-19 pandemic, rather than characterizing circu-

lating variants with transmissibility advantages. Hence, recursive estimations of

COVID-19 epidemiological dynamics were carried out to assess the connectivity

among all BFUs, particularly during the Omicron variant wave. Omicron variant

outbreaks occurred under less rigid movement restrictions at national and feder-

ative unit levels; thus, corresponding results were compared to estimations from

the �rst epidemic wave. This assessment followed parameter estimations based on

simulations using historical data from October 1, 2020, to October 1, 2022, with a

preceding interval used for model identi�cation. Results validated the alternative

application of recursive estimation algorithms; however, they highlighted the weak-
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ness with respect to poor data quality and meaningful model uncertainties (SILVA

and SECCHI, 2023).

5.1 Modeling

The modeling in this study, denoted as Model M2, followed the main assump-

tions from Model M1: uniform rates, homogeneous compartments, closed systems,

and virus spread limited to undetected symptomatic and asymptomatic individu-

als. Hence, connectivity across the BFUs was evaluated by outbreak times rather

than the estimation of migration rates. The Model M2 con�guration only di�ered

from the Model M1 based on the de�nition of a neglectful immunity loss rate

' H = 0:0001d� 1 to facilitate the tuning of the state estimators, resulting in the

con�guration presented in Figure 5.1. Reinfection cycles were known for Gamma,

Delta, and Omicron infections; however, they were neglected, assuming that inher-

ited model uncertainty would be mitigated in the data assimilation. Hence, Model

M2 also followed the assumptions about equivalent incubation and latent periods,

along with faster testing dynamics, and severe illness leading to a positive diagnosis.

Figure 5.1: Schematics of Model M2 compartment con�guration.

The social distancing indexm was reformulated for Model M2 because several

BFUs across the North region had discontinuities in several categories in the early

stages of the COVID-19 pandemic, including� 3 (GOOGLE LLC, 2025). Hence,

m was de�ned according to Equation (5.1) as a function of� 5 and � 6, based on

boundaries� 6;lkd = 30 and � 6;opn = � 30 estimated from historical data.
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m(t) = �
wu h� 6(t)i + (1 � wu) h� 5(t)i � 70

140
(5.1)

Furthermore, a� a = a� s was de�ned to reduce the numbers of �tted parameters,

resulting in the state transition function given by Equation (5.2).

dS
dt

= � �S + ' H (HD + HT + HU ) (5.2a)

dE
dt

= �S � �E (5.2b)

dI
dt

= p�E � (" I + 
 I )I (5.2c)

dQ
dt

= " I I � 
 I Q (5.2d)

dA
dt

= (1 � p)�E � ("A + � A + 
 A )A (5.2e)

dR
dt

= "A A � (� A + 
 A )R (5.2f)

dT
dt

= � A (A + R) � (� + � )T (5.2g)

dHD

dt
= 
 I Q + 
 A R � ' H HD (5.2h)

dD
dt

= �T (5.2i)

dHT

dt
= �T � ' H HT (5.2j)

HU = 1 � S � E � I � Q � A � R � T � HD � D � HT (5.2k)

� = � (I + A) (5.2l)

� = � 0(1 � m) (5.2m)

m(t) = �
wu h� 6(t)i + (1 � wu) h� 5(t)i � 70

140
(5.2n)

" I = � "I ~"; 
 I = (1 � � "I )~
 (5.2o)

"A = � "A ~"; 
 A = � 
 ~
; � A = (1 � � 
 � � "A )~� (5.2p)

� = � � ~� ; � = (1 � � � )~� (5.2q)

� "I =
(1 � � a)~


(1 � � a)~
 + � a~"
(5.2r)

� "A =
(1 � � c � � s)~
 ~�

(1 � � c � � s)~
 ~� + (1 � � c)� s~" ~� + � c� s~" ~

(5.2s)

� 
 =
� s� "A ~" + (1 � � "A )� s~�

(1 � � s)~
 + � s~�
(5.2t)

� � =
� m ~�

(1 � � m )~� + � m ~�
(5.2u)

� s = a� s

�
1 �

a�

1 + exp (� b� (t � c� ))

�
(5.2v)
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Therefore, the state transition equation of Model M2 was de�ned by the in-

tegration of Equation (5.2) using the ode45 routine from MATLAB subject to

x = [ S; E; I; Q; A; R; T; H D ; D; H T ]> , u = m, con�gured with relative and absolute

tolerances of10� 3 and 10� 6, respectively. The integration algorithm was changed to

an explicit fourth-order Runge-Kutta method to yield faster solutions in agreement

with the �ne-tuning procedure for the state estimators. The measurement equation,

on the other hand, followed the same de�nition of Equation (4.3) from Model M1.

Despite similar formulations between Models M1 and M2, this study comprised

more signi�cant model uncertainties because it encompassed infection from the Omi-

cron variant and a higher vaccination coverage. Vaccination a�ected overall COVID-

19 epidemiological dynamics, with protection levels varying with respect to the vari-

ant of infection. Hence, they were a meaningful source of uncertainty for Model

M2, which was neglected in Model M1, because the analysis period ended before a

relevant vaccination coverage. The Omicron infections, on the other hand, short-

ened the COVID-19 generation time, including several rates within, and resulted

in a test shortage during its �rst nationwide outbreak. Hence, the transmissibility

assessment was evaluated by the reproduction numberR 0 instead of � , and it was

a�ected by the violation of constant testing dynamics in the data assimilation. The

mortality assessment was still de�ned by Equation (4.4); however,� c and � m had

additional uncertainties inherited from violations of assumptions about faster test-

ing dynamics, and constant average rates throughout time. Furthermore, this study

incorporated relevant data inconsistencies, which were addressed with the heuristic

�lters and moving averages discussed in Chapter 3, but further contributed to the

uncertainties in the epidemiological assessment.

The reproduction numberR 0 was calculated based on the NGM matrix (VAN

DEN DRIESSCHE and WATMOUGH, 2002) according to:

F =

2

6
6
6
6
6
6
6
6
6
4

�SI

0

0

0

0

0

3

7
7
7
7
7
7
7
7
7
5

; I =

2

6
6
6
6
6
6
6
6
6
4

�E

� p�E + ( 
 I + " I )I

� " I I + 
 I Q

� (1 � p)�E + ( "A + � A + 
 A )A

� "A A + ( � A + 
 A )R

� � A A � � I Q + ( � + � )T

3

7
7
7
7
7
7
7
7
7
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Thus, the JacobiansF and V in the DFE are:

F =

2

6
6
6
6
4

0 � 0(1 � m) 0 � 0(1 � m) 0 0

0 0 0 0 0 0

0 0 0 0 0 0

0 0 0 0 0 0

3

7
7
7
7
5
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V =

2

6
6
6
6
6
6
6
6
6
4

� 0 0 0 0 0

p� � (
 I + " I ) 0 0 0 0

0 " I � 
 Q 0 0 0

(1 � p)� 0 0 � ("A + � A + 
 A ) 0 0

0 0 0 "A � (� A + 
 A ) 0

0 0 0 � A � A � (� + � )

3

7
7
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7
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which substituted in Equation (2.11) yields:

R 0 = � (F(� V )� 1) =
� 0(1 � m)p


 I + " I
+

� 0(1 � m)(1 � p)
"A + � A + 
 A

(5.3)

The model identi�cation faced several challenges to satisfy the prevalence con-

straints simultaneously for all BFUs. Realistic solutions were not found for all

BFUs based on Equation (4.24), consideringTp 2 f 20; 21; : : : ; 90g, ~� 2 [1=5; 1=2],

~
 2 [1=15; 1=7], and relaxations for the �rst and second EPICOVID19-BR phases,

whereTp refer test sensitivity windows in days. Hence, prevalence constraints were

reformulated to Equations (5.4) and (5.5) to address the issue based on an additional

degree of freedom, the sensitivity waning rate' prev , while holding � = 1=5:2 d� 1,

~" = 1 d� 1, ~� = 1=5 d� 1, ~
 = 1=15 d� 1, and boundaries from Table 3.5. In addition,

~� and ~� were de�ned by average rates in the Brazilian SARS database (MINISTRY

OF HEALTH OF BRAZIL, 2025d,e), according to Table 3.4. Prevalence constraints

in the �rst or second EPICOVID19-BR phases were neglected to concur witht0 by

f T(k0) > 0:00003; Tp � Nep;3 � k0 � 0; k0 2 Ng, or address infeasibility problems in

certain case studies.

I prev;j;min �
1

Nep;j

Nep;j � 1X

k=0

I prev (Nep;j + k) � I prev;j;max (5.4)

dIprev

dt
= 
 I (I + Q) + 
 A (A + R) + �T � ' prev I prev (5.5)

The R 0 calculation incorporated an upper constraintR 0 � 3:44 from a meta-

analysis of COVID-19 ancestral strains (BILLAHet al., 2020). Its lower boundary;

however, was relaxed to yield feasible solutions with Equations (5.4) and (5.5).

Hence, migration events and other model uncertainties posed a challenge to de�ne

the prevalence constraints among the heterogeneous case studies. In addition, several

BFUs were modeled in shorter intervals; thus, the derivative of Model 5.2v was

constrained according to Equation (5.6) to yield constant testing dynamics in the

data assimilation. Hence, the feasible regionG in the model identi�cation was

de�ned by Equations (5.4), (5.5), and (5.6), along withS(t0) 2 [0:9; 1]; � 0 � 0; a� s 2

[0:9; 1:0]; � c 2 [0; 1]; � m 2 [0; 1]; a� 2 [0; 1]; b� 2 [0; 0:25]; c� 2 [0; 100]; � s 2 [0; 1],

� s + � c 2 [0; 1], and R 0 � 3:44.
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10� 4 �
d
dt

�
1 �

a�

1 + exp((� b� (t � c� )))

�
=

a� b� exp(� b� (kf � c� ))
(1 + exp(� b� (kf � c� ))) 2

(5.6)

The feasibility issues were also addressed by the de�nition of a hybrid opti-

mization framework in the model identi�cation. Initially, an optimization problem

was solved for all case studiesJ = f RO, AC, . . . , DFg and ' prev according to

X = f x �t J ; ' prev g. Then, its solution de�ned ' prev and the initial guessx �t ;0 j of

subsequent optimization problems solved for each case studyj 2 J according to

X = x �t j . Both problems were formulated by Equation (5.7), consideringx �t j =

[S(t0); � 0; � c; � m ; a� s ; a� ; b� ; c� ; wu]> , gj (x �t j ) � 0 , x �t j 2 Gj , and the weights

W g = 1014I and W �t for each case studyj . Constraints were incorporated based on

quadratic penalty functions de�ned with constraint functionsg(x) strongly weighted

by tuning of W g , along with a W �t calculated using thecov routine from MAT-

LAB in the analysis period. Furthermore, simulations in model identi�cation started

at x(t0) = [ S(t0); (1 � S(t0) � y1(t0)) ; 0; 0; 0; � C=2; y3(t0); � C=2; y2(t0); y4(t0)]> ,

where� C = y1(t0) � y2(t0) � y3(t0) � y4(t0).

min
X

X

j 2J

2

4



 max

�
0; gj (x �t j )

	 


 2

W g
+

kf;jX

k= k0;j

kŷk � ykk2
W �t j

3

5 (5.7a)

Subject to:

x̂k+1 ;j = f (x̂k;j ; uk;j ); k = k0;j ; k0;j + 1; : : : ; kf;j � 1; j 2 J (5.7b)

yk;j = h(x̂k;j ); k = k0;j ; k0;j + 1; : : : ; kf;j ; j 2 J (5.7c)

x �t j 2 Gj ; j 2 J (5.7d)

The initial and the subsequent optimization problems were solved by a particle

swarm optimization (PSO) (KENNEDY and EBERHART, 1995), followed by se-

quential quadratic programming (SQP) (GILL et al., 1981), respectively. The PSO

algorithm was de�ned according to theparticleswarm routine from MATLAB, with

100 particles and an objective function tolerance of10� 4, while the SQP was de-

�ned by the fmincon routine in MATLAB, with tolerances of 10� 6. Hence, model

identi�cation found solutions according to Table 5.1 based on SQP calculations, and

' prev = 0:0191� 0:02d� 1 given by the PSO execution. The solutions found were

highly heterogeneous with several active constraints across di�erent case studies, de-

spite the relaxation of prevalence constraints. Data quality and model uncertainties

explain poor �tting; however, this variability also pointed out identi�ability issues,

which led the study in Chapter 6 to de�ne fewer degrees of freedom in the model

identi�cation.
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Table 5.1: Model identi�cations of Model M2 for each Brazilian federative unit.

BFU t0 (2020) S(t0) � 0 � c � m a� s a� b� c� wu

RO Apr 28 0.972 0.208 0.0116 0.412 0.973 0.120 0.0725 31.6 0.000
AC Apr 23 0.955 0.255 0.0126 0.625 0.987 0.177 0.0517 17.0 1.000
AM Apr 03 0.911 0.204 0.0139 0.391 0.964 0.089 0.109 31.6 0.000
RR Apr 10 0.921 0.333 0.00567 0.553 0.992 0.450 0.0730 98.0 0.802
PA Mar 31 0.918 0.193 0.0126 0.462 0.987 0.273 0.0510 72.1 0.770
AP Apr 27 0.900 0.269 0.0100 0.556 0.900 0.224 0.152 23.3 0.955
TO May 13 0.985 0.221 0.0176 0.409 0.901 0.300 0.0397 38.8 0.340
MA Apr 13 0.929 0.253 0.00557 0.556 0.934 0.076 0.0402 64.6 0.931
PI May 04 0.923 0.254 0.00958 0.313 0.968 0.091 0.0513 57.3 0.551
CE Apr 07 0.921 0.278 0.00877 0.455 0.990 0.065 0.250 47.9 0.000
RN May 06 0.978 0.181 0.0310 0.472 0.953 0.315 0.246 35.0 0.000
PB Apr 29 0.970 0.170 0.0314 0.408 0.919 0.428 0.0404 27.5 0.031
PE Apr 10 0.986 0.218 0.0581 0.486 0.942 0.392 0.0300 59.2 0.523
AL Apr 25 0.967 0.192 0.0208 0.405 0.979 0.282 0.0623 40.8 0.251
SE May 04 0.994 0.409 0.0458 0.525 0.900 0.500 0.0713 39.9 1.000
BA May 12 0.974 0.188 0.0141 0.413 0.900 0.171 0.0880 46.7 0.000
MG Jun 06 0.988 0.250 0.0359 0.280 0.900 0.254 0.0595 35.9 1.000
ES Apr 10 0.991 0.350 0.0300 0.690 0.900 0.500 0.0657 39.1 0.975
RJ Apr 02 0.948 0.234 0.0152 0.440 0.985 0.085 0.250 58.4 0.236
SP Mar 03 0.993 0.378 0.0931 0.274 0.900 0.500 0.0401 75.6 1.000
PR Jun 06 0.992 0.201 0.0506 0.288 0.900 0.323 0.0946 29.8 0.155
SC Jun 06 0.984 0.267 0.0314 0.292 0.969 0.420 0.0374 0.035 0.925
RS May 27 0.993 0.221 0.0507 0.309 0.949 0.282 0.0526 0.256 0.036
MS Jun 06 0.973 0.185 0.0206 0.266 0.900 0.122 0.0377 11.7 0.315
MT May 19 0.990 0.210 0.0528 0.416 0.900 0.500 0.0723 45.3 0.018
GO Jun 06 0.982 0.183 0.0278 0.356 0.972 0.237 0.0504 22.9 0.148
DF May 02 0.993 0.359 0.0729 0.237 0.900 0.500 0.1089 29.3 0.443

5.2 Data assimilation

The data assimilation in this study followed estimations from a modi�ed CEKFS for

each BFU individually. Simulations were de�ned fromt(kf ) = October 1, 2020 to

t(ksim ) = October 1, 2022; thus, analyzes included the Gamma, Delta, and Omicron

epidemic waves. The CEKFS algorithm proposed by SALAUet al. (2012) was

modi�ed to update the measurement error covariance matrixR obs according to the

proposal of AKHLAGHI et al. (2017) based on the formulation of Equation (5.8).

Hence, these updates followed the moving average of residual errors weighted by

a forgetting factor � obs = 0:9. In addition, subscripts denoted in the form ofj jk

refer to estimations at a timej based on the information available at the timek, a

notation followed throughout the document to describe this relationship in the data

assimilation calculations. For instance,P kjk� 1 in Equation (5.8) refers to the error
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covariance matrix estimated at timek based on prior information up to timek � 1,

without the consideration ofyk .

R obs ;k+ 1 = � obsR obs ;k + (1 � � obs)
�
H obs P kjk� 1H >

obs + (5.8)

1
NS + 1

kX

j = k� NS

�
y j � H obs X̂ j j j

� �
y j � H obs X̂ j j j

� >
!

Data assimilation calculations in this study followed recursive iterations of

Algorithm 3, where FCEKF refers to CEKF solutions based on the proposal of

GESTHUISEN et al. (2001),K S is the smoothing gain, and the superscript �S� refers

to the estimations in the smoothing pass. In addition,� k =
�

@fobs (X k ; uk ; ! k)
@X k

�

and H obs =
�

@hobs (X k ; vk)
@X k

�
are the state transition matrix and the measurement

matrix, respectively, both intrinsic to the linearizations of extended Kalman �lters.

Algorithm 3 CEKFS algorithm modi�ed to update R obs ;k+ 1 over time.

Input : X S
k� NS � 1jk� 1, PS

k� NS � 1jk� 1, uk� NS � 1:k� 1, R obs ;k� NS :k , Qobs ;k� NS � 1 :k � 1 , NS

X̂ k� NS � 1jk� 1  X S
k� NS � 1jk� 1

P k� NS � 1jk� NS � 1  PS
k� NS � 1jk� 1

� obs  0:9
for j 2 f k � NS � 1; k � NS; : : : ; k � 1g do

f X̂ j +1 jj +1 ; P j +1 jj +1 ; � j g  FCEKF (X̂ j j j ; P j j j ; u j ; R obs ;j + 1 ; Qobs ;j )
end for
PS

kjk  P kjk

X S
kjk  X̂ kjk

vk� NS :k  yk � H obs X̂ kjk

for j 2 f k � 1; k � 2; : : : ; k � NSg do
vk� NS :k  vk� NS :k + y j � H obs X̂ j j j

X̂ j +1 jj  fobs (X̂ j j j ; u j ; 0)
P j +1 jj  � j P j j j � >

j + Qobs ;j

K S;j  P j j j � >
j P � 1

j +1 jj

X S
j jk  X̂ j j j + K S;j

h
X S

j +1 jk � X̂ j +1 jj

i

PS
j jk  P j j j + K S;j

h
PS

j +1 jk � P j +1 jj

i
K >

S;j

end for
R obs ;k+ 1  � obsR obs ;k + (1 � � obs)

�
H obs P kjk� 1H >

obs + vk� NS :kv>
k� NS :k=(NS + 1)

�

Output : X S
k� NS :kjk , PS

k� NS :kjk , R obs ;k+ 1

The algorithm 3 describes a forward-backward �ltering, analogous to an MHE, in

which historical estimations were calculated based on̂X kjk therein. The initialization

of R obs ;kf was de�ned from the average residual error in the model identi�cation ac-

cording to Equation (5.9) as Equation (5.8) was expected to correct them afterward.
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In addition, P kf was initialized based on the solution of Equation (5.10) calculated

with the idare routine from MATLAB, which de�nes the beginning of data assim-

ilation at an endemic point. ' H was included in the modeling to produce feasible

solutions in this calculation. The remaining tuning parameter,Qobs ;kf � 1 , was de-

�ned as a diagonal matrix, with the diagonal elements calculated in optimization

problems.

R obs ;kf =
1
kf

kfX

j =1

(y j � h(x̂ j )) ( y j � h(x̂ j ))
> (5.9)

P kf = � kf P kf � >
kf

+ Qobs ;kf � 1 � � kf P kf H >
obs (Sobs ;kf )

� 1H obs P kf � >
kf

(5.10)

Sobs ;kf = H obs P kf H >
obs + R obs ;kf

The �ne-tuning of Qobs ;kf � 1 was designed as a two-layer optimization problem,

as state estimations were calculated by optimization problems over time. Hence, the

simpli�cation of Qobs ;kf � 1 into a diagonal matrix and the data assimilation calcula-

tions based on the CEKFS instead of the MHE aimed to reduce the computational

cost, which was a limitation for evaluating all BFUs. These elements were con-

strained according to Equation (5.11) based on the magnitude of the state and the

parameter values, including the higher process noises intrinsic toS to describe the

reinfection cycles.

Qlin =

8
>>><

>>>:

�
Qobs ;kf � 1

�
j;j

�
�
Qobs ;kf � 1

�
1;1

� 0; j = f 2; 3; : : : ; 11g
�
Qobs ;kf � 1

�
12;12

�
�
Qobs ;kf � 1

�
j;j

� 0; j = f 11; 13g
�
Qobs ;kf � 1

�
j;m

= 0; j 6= m

9
>>>=

>>>;

(5.11)

Furthermore, data assimilation assumed time-invariant process noises; thus, the

tuning of Qobs ;kf � 1 de�ned average average covariance estimates throughout the

analysis period. Process noises were expected to change over time due to govern-

ment policies, circulating variants, and vaccination coverage, among others. How-

ever, adaptive estimations ofQobs were infeasible due to the partial observability of

the system. Hence, additional constraints were incorporated to improve estimations

based on the known dynamics of previous predominant circulating variants. For in-

stance, transmissibility was constrained for the Delta variant (LIU and ROCKLÖV,

2021) and the Omicron (LIU and ROCKLÖV, 2022) variant based on meta-analysis

estimations, but the same approach was not followed for mortality to avoid un-

certainties inherited from vaccination. The Gamma variant, on the other hand,

was constrained at a single day, according to the estimation range from FARIA

et al. (2021), and a terminal constraint to improve the optimization algorithm.

The single day was de�ned by the maximumIFR estimations in the historical
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data. Hence, an additional set of constraintsQvar was de�ned by Equation (5.12),

considering predominant periodst Delta 2 [October 1, 2021; November 1, 2021], and

t Omicron 2 [February 1, 2022; October 1, 2022] de�ned from genomic surveillance

countrywide (KHARE et al., 2021).

Qvar =

8
>>>>>>>>><

>>>>>>>>>:

3:2 � R 0(t Delta ) � 8:0

5:5 � R 0(t Omicron ) � 24

tGamma = argmax
t

IFR (t) 2 [December 1, 2020; October 1, 2021]

1:2 � IFR (tGamma )=IFR(December 1, 2020) � 1:9

IFR (tGamma ) � IFR (October 1, 2022)

9
>>>>>>>>>=

>>>>>>>>>;

(5.12)

Then, the �ne-tuning procedure was formulated according to Equation (5.13),

where Qopt =
h�

Qobs ;kf � 1
�

1;1
;
�
Qobs ;kf � 1

�
2;2

; � � � ;
�
Qobs ;kf � 1

�
13;13

i >
. Equation

(5.13) was solved in a hybrid optimization framework based on an initial solution

of a PSO subject toNP = 0, which yielded the initial guess of a subsequent SQP

solution subject to NP = 14. This approach improved the state estimator forecast

capabilities in the SQP solution, while the PSO focused on achieving feasible esti-

mations. The PSO calculations were solved using theparticleswarm routine from

MATLAB with a quick stopping criterion given by Objectivelimit = 1, while the SQP

calculations were solved using thefmincon routine from MATLAB with tolerances

of 10� 6, whose results are presented in Table 5.2

min
Qopt

kmaxf 0; g(Qopt)gk2
W g

+
ksimX

k= kf

� 




 yk � H obs X̂ kjk








2

W �t

+ (5.13a)

min f NP ;ksim � kgX

j =1






 yk+ j � H obs

~X k+ j jk








2

W �t

1

A

Subject to Qopt 2 [10� 12 ; 10� 2], Algorithm 3 and:

~X kjk = X̂ kjk (5.13b)

~X k+1 jk = Fobs ( ~X kjk ; uk ; 0) (5.13c)

Qopt 2 (Qlin [ Q var ) , g(Qopt) � 0 (5.13d)

5.3 Simulations

The main results of this study refer to the state and parameter estimations for all

BFUs between October 1, 2020, and October 1, 2022. Initially, a validation of the

�ne-tuning strategy is presented in Figure 5.2 based on theR 0 and IFR estimations

for each BFU.R 0 estimations had an increasing trend, except for summer vacations
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Table 5.2: Optimal state estimator tunings found for the case studies of Model M2,
in which Q̂j = � log10

�
(Qopt) j

�

BFU Q̂1 Q̂2 Q̂3 Q̂4 Q̂5 Q̂6 Q̂7 Q̂8 Q̂9 Q̂10 Q̂11 Q̂12 Q̂13

RO 3.96 11.1 9.92 11.1 12.0 8.28 7.75 9.52 4.41 6.77 5.01 11.3 2.56
AC 3.96 8.78 4.04 6.31 6.13 11.5 8.41 10.9 3.96 11.8 2.65 7.90 5.59
AM 4.03 8.79 9.90 5.02 10.9 9.25 5.00 10.8 6.41 11.5 2.15 6.01 2.00
RR 3.99 6.50 10.7 11.8 11.4 10.1 6.52 5.12 9.53 4.31 2.64 5.85 5.06
PA 3.96 7.40 7.26 10.8 12.0 7.12 11.9 8.59 3.96 11.9 4.62 11.7 3.75
AP 4.50 9.93 4.55 10.8 7.69 8.44 9.91 9.56 8.30 9.45 4.98 11.0 2.72
TO 4.36 9.47 11.9 11.7 9.72 12.0 6.12 12.0 10.5 12.0 6.69 9.67 2.44
MA 4.46 8.30 11.6 9.96 11.0 11.8 9.79 10.5 8.55 10.5 4.23 7.37 4.50
PI 5.64 8.62 11.3 11.7 9.40 10.5 12.0 8.87 9.24 7.59 5.08 9.85 7.72
CE 3.98 4.12 10.8 11.0 12.0 12.0 12.0 8.46 12.0 4.18 4.04 10.3 2.03
RN 3.97 11.0 11.8 11.9 7.89 11.0 12.0 9.03 11.5 4.97 5.16 11.7 4.23
PB 3.96 12.0 11.1 12.0 11.7 11.1 7.11 11.0 5.38 4.52 6.13 11.9 2.06
PE 3.96 11.1 10.5 11.9 9.65 11.5 10.9 12.0 5.33 4.65 5.64 9.02 5.73
AL 3.97 12.0 8.83 12.0 11.8 12.0 11.5 11.2 12.0 10.9 5.17 9.83 9.00
SE 4.10 12.0 10.4 12.0 10.4 12.0 8.98 9.87 11.4 8.42 5.50 12.0 4.77
BA 3.96 12.0 12.0 12.0 8.72 12.0 12.0 12.0 11.9 11.8 5.55 7.44 5.90
MG 3.96 12.0 12.0 11.1 11.7 11.7 11.8 11.3 5.50 10.7 6.13 11.7 7.81
ES 3.97 11.8 11.6 10.9 9.36 12.0 7.93 11.7 10.1 10.3 5.73 7.20 2.10
RJ 4.04 6.50 11.2 11.9 12.0 11.0 10.6 5.85 8.35 9.32 4.09 12.0 3.13
SP 3.96 12.0 9.23 10.1 11.8 11.8 9.33 9.63 4.08 9.25 4.45 12.0 4.88
PR 4.18 10.1 6.95 11.0 9.86 11.2 7.49 11.0 5.54 5.78 5.71 10.7 3.94
SC 3.96 11.7 11.9 10.1 12.0 8.63 11.4 11.7 9.96 12.0 5.04 11.6 5.29
RS 4.20 11.2 7.80 8.18 11.9 11.6 11.9 7.96 11.7 11.5 4.27 9.42 5.96
MS 4.01 11.2 7.44 10.7 9.00 10.9 12.0 8.81 9.76 8.52 4.62 9.59 6.32
MT 3.97 10.9 6.43 10.5 8.83 11.3 11.8 11.1 4.82 7.47 4.55 9.78 5.12
GO 3.97 7.98 10.3 11.4 11.5 10.5 9.95 11.1 7.22 5.91 5.86 7.71 4.95
DF 3.96 10.1 11.8 7.55 9.56 9.20 11.9 8.21 5.19 8.69 5.01 11.3 5.85

in January 2021 and 2022. Correlated constraints were satis�ed across the case

studies, despite the di�erent transmissibility ratiosR 0(t Omicron )=R 0(t Delta ) therein.

This discrepancy was more signi�cant for theIFR estimations, which were disclosed

in three main patterns. One pattern clearly de�nes the gamma epidemic wave with

a mortality peak between January 2021 and July 2021. Another one unites Gamma

and Delta epidemic waves in a steadyIFR , which decreased following the Omicron

outbreaks in January 2022. The last pattern was de�ned by noisy estimations and

less distinguishable epidemic waves, including the mortality decrease of the Omi-

cron variant in 2022. Hence, constraints from Equation (5.13) failed to guarantee

realistic estimations due to heterogeneous data quality, model uncertainties, and

time-varying process noises; however, all case studies satis�ed the established con-

straints. The �rst IFR pattern referred to expectations, considering the elevated
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vaccination rates during the Delta epidemic wave. Hence, data assimilation was

considered to yield acceptable results for subsequent spatial trend analysis.

The �ne-tuning of the state estimators followed information from genomic

surveillance; thus, the connectivity assessment was delimited by the lack of con-

tinuous monitoring in most of the BFUs. Hence, the estimation procedure proposed

in this study represents an alternative method for assessing virus spread based on

available data. Connectivity was evaluated by the transition period required for an

emerging variant to reach approximately steady estimations following an outbreak.

In this de�nition, IFR was unsuitable for the analysis, andR 0 was suboptimal due

to variations caused bym. Hence, connectivity assessment followed� 0 estimation,

and the transition between the Delta and Omicron variants, which were faster and

subject to less rigid movement restrictions. Furthermore, results were compared

with �ndings of a study on the spread of COVID-19 during the �rst epidemic wave

in Brazil, considering before and after the implementation of movement restrictions

(CANDIDO et al., 2020).

The Omicron outbreak start and �nish were manually de�ned by� 0 estimations

based on a sudden increase followed by stabilization in agreement with the Omicron

outbreak countrywide. Hence, individual evaluations were carried out for each BFU,

according to the results presented in Figure 5.3. The heat map highlights that the

Omicron variant circulation in Brazil followed two to four local outbreaks, with

subsequent spread mostly a�ected by spatial proximity. Hence, the connectivity

analysis was carried out according to the o�cial Brazilian geographical regions,

which reasonably concurred with the observed spread patterns.

Figure 5.3 shows that one clear Omicron variant outbreak started in the south re-

gion in SC and RS, with a later spread to PR. SC and RS were the sixth and seventh

highest international importers of the virus among the BFUs in the �rst epidemic

wave (CANDIDO et al., 2020); thus, an investigation was conducted to identify the

cause of the di�erence observed with the Omicron outbreak. A neighboring coun-

try to these BFUs, Argentina, had earlier Omicron outbreaks, which explains this

di�erence. Brazil closed its ground borders at the beginning of the COVID-19 pan-

demic, leading to another set of conditions in the study of CANDIDOet al. (2020).

Hence, di�erent virus importation orders were a�ected by border control policies,

highlighting their e�ectiveness in mitigating the virus spread. The fast transition

periods of the Omicron variant in PR, SC, and RS, on the other hand, highlight

their less rigid movement restriction policies therein. For instance, Figure 5.4 shows

that these BFUs had a steady estimation before the Omicron outbreak and imme-

diately afterward, indicating uniform government policies since before the Omicron

outbreak. It is noteworthy that PR, SC, and RS had relevant vaccination coverages,

similar to Argentina; thus, contextualizing the lack of movement restrictions therein.
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Figure 5.2: Time evolution of the infection-fatality ratio (IFR) and the basic repro-
duction number (R 0) estimations across the BFUs based on Model M2.
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