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Abstract: The COVID-19 health emergency is impacting all of our lives, but the living conditions and
urban morphologies found in poor communities make inhabitants more vulnerable to the COVID-19
outbreak as compared to the formal city, where inhabitants have the resources to follow WHO
guidelines. In general, municipal spatial datasets are not well equipped to support spatial responses
to health emergencies, particularly in poor communities. In such critical situations, Earth observation
(EO) data can play a vital role in timely decision making and can save many people’s lives. This work
provides an overview of the potential of EO-based global and local datasets, as well as local data
gathering procedures (e.g., drones), in support of COVID-19 responses by referring to two slum
areas in Salvador, Brazil as a case study. We discuss the role of datasets as well as data gaps that
hinder COVID-19 responses. In Salvador and other low- and middle-income countries’ (LMICs) cities,
local data are available; however, they are not up to date. For example, depending on the source,
the population of the study areas in 2020 varies by more than 20%. Thus, EO data integration can help
in updating local datasets and in the acquisition of physical parameters of poor urban communities,
which are often not systematically collected in local surveys.

Keywords: pandemic; urban health; urban remote sensing; informal settlements; deprived areas

1. Introduction

COVID-19 was declared, by March 11, 2020, a global pandemic [1]. Recently, infection rates are
increasing in many low- and middle-income countries (LMICs), as well as mortality rates, which are
particularly high in deprived communities [2,3], pointing to high vulnerabilities of the urban poor
in LMICs. The large differences in infection and mortality rates between LMICs and high-income
countries (HICs) can be attributed to poor environmental and housing conditions, together with
pre-existing health issues in LMICs, forming hotspots of infections in deprived communities. With an
accelerated spread of COVID-19 in LMICs, municipalities and deprived communities, such as slums,
need to be urgently prepared for appropriate responses [4]. The potential gain in the experience of
mitigating negative impacts of pandemics in slums would also apply to many vulnerable populations
other than slum dwellers outside of cities, such as indigenous groups. According to existing studies,
it is worth mentioning that the most severe impacts of the epidemic also occur in other groups such as
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indigenous people, and these should be included in the risk group designation [5–8]. These indigenous
groups, located in- or outside of cities, are often recognized as hard-to-access communities and prone to
underestimation of the actual situation. Thus, spatial tools are highly demanded for the identification
of hotspots and applying spatial measurements [9].

A large part of the increasing urban growth in LMICs is unplanned or informal [10]. Inhabitants are
often excluded from access to essential basic services and are commonly not seen as a fully recognized
part of the city [11]. In general, spatial data of such areas, e.g., about infrastructure or socio-economic
conditions, are often missing in municipal databases [12] and maps [13]. This social exclusion and the
lack of data are preventing effective responses from public health sectors. To effectively deal with a
large health emergency triggered by a pandemic, such as COVID-19, the spatial dimension of health
risks needs to be well understood in terms of locating and assessing risks at household and area levels.
In the case of COVID-19, characterizing the spatio-temporal burden of diseases at a community scale
provides critical support to city authorities and community-based organizations for the development
of targeted strategies to minimize virus transmissions and provide better healthcare. This problem is
not specific to the COVID-19 pandemic, as UN-Habitat also acknowledges that, within cities, there is a
“lack of data” on deprived areas that do not allow for effective responses to most emergencies [14].
Data on such areas often lack reliability and information about the number of people, along with their
health conditions. These data gaps lead to inappropriate or false responses, which have been observed
during the 2014–2016 Ebola outbreak in several West African countries [15]. In this situation, remotely
sensed data and maps, among others, are urgently required. However, data, especially regarding the
spatial dimension, are commonly scarce and not available to support effective responses. Thus, it is
essential to identify what are the key spatial datasets for geolocating health risks in slums.

Risk, in the context of natural hazards, is frequently defined as a function of the hazard and
exposure of vulnerable elements (Figure 1) [16,17]. In the context of COVID-19, this concept can be
applied to account for the combination and interaction of hazardous environmental variables and
vulnerabilities of slum communities that might contribute to the risk of increasing infection, mortality,
and morbidity. With COVID-19 as a given hazard, vulnerability would be the main focus for the
preparedness against the risk. The critical examples of environmental and social vulnerabilities which
challenge the COVID-19 response capacity in slum communities are:

(a) Lack of basic services (e.g., clean water, sanitation and soap) which do not allow adherence to
WHO guidelines for basic hygiene [18];

(b) High density in both population and built environment that eliminate social distancing [19];
(c) Access to work, livelihood, and food supply obligating dwellers to break social isolation

recommendations (the informal economic section has been under particular threat by the
lockdowns) [20];

(d) The concentration of pre-existing health conditions such as chronic diseases (e.g., diabetes,
hypertension [21], and respiratory diseases [22,23]) and infectious ones (e.g., malaria or
leptospirosis [24]) because of poverty. Such vulnerabilities lead to a disease severity that
requires an intensive care unit (ICU), and ultimately to mortality;

(e) Unhealthy and dangerous environmental conditions (e.g., poor indoor ventilation, air pollution,
open sewers, or living in humid areas, such as flood plains [22,23,25,26]);

(f) Increased accumulation of waste (trash piles) caused by missing or insufficient public waste
collection systems and increase of waste during the lockdown (raising heath fragility due to the
increase of all sorts of associated diseases [27,28]);

(g) Limited access to information, public health facilities, and social or financial aid [29];
(h) Community organizations and empowerment through local leadership and available

infrastructure for humanitarian aid actions, such as schools, community centers, and religious
buildings [4].
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Figure 1. Conceptualization of COVID-19 risks and the role of Earth observation (EO)-based data
(based on [17,29]).

These vulnerabilities due to multi-dimensional deprivation lead to different levels of health
risks, such as morbidity and mortality, when intersecting with extreme events such as pandemics.
This intersection is rendered by its explicit spatial dimension, where it is crucial to locate how and
where to deploy responses. Thus, Earth observation (EO)-based data have the potential to add an
important component to understand the health risks of COVID-19 in slums, in addition to information
on demographic, social, and economic conditions. Figure 1 presents a conceptual framework based
on natural hazards risks evaluation [17] and current experiences at Salvador, Brazil [30], locating the
potential role of EO-based data for assessing the health risk of COVID-19.

EO has proved to be efficient in deriving timely spatial information and bridging spatial data
gaps [31,32]. Satellite imagery is globally available at various resolutions and is applicable for
different purposes. The increasing temporal resolution of satellite imagery data also allows monitoring
dynamics across days, weeks, months, and years. Presently, commercial data providers have made
their repositories publicly available, e.g., Digital Globe provides access to very high-resolution data
on several large cities, in response to the COVID-19 outbreak [33]. Thus in cases of crises, there are
resources to cover urgent applications with high resolutions in both space and time. For example,
base maps were derived from satellite imagery data for tracking Ebola in West Africa [34,35].

The usefulness of satellite data for emergency responses has been proved for many years; however,
such data have fixed resolutions in space and time, and, if not available, they can be expensive.
Therefore, unmanned aerial vehicles (UAVs) have recently been explored as a flexible alternative
platform that can provide spatial information in crisis situations [12,34,35]. Recently, UAVs have been
successfully applied for use in agriculture [36], mapping [37], surveying and cadastral applications [38],
architecture and archaeology [39], and cultural heritage [40], among others. Recent research has shown
the potential of UAVs in tracing the source of diseases such as malaria and tuberculosis in Spain [34].
The main advantage of using UAVs is that flights can be performed at a low altitude, which allows
obtaining very high spatial resolution (2–10 cm) data. Furthermore, they are affordable, small in size,
and easy to operate. Therefore, they are suitable for fast, cheap, and accurate data acquisition, and are
nowadays increasingly used in health research [41]. For COVID-19, UAVs can efficiently provide
necessary physical information on the built environment. Depending on the availability of the sensors
onboard, UAVs can also be used for tracking temporal variations of temperature, radiation, noise,
or pollution [42]. In addition, UAVs can be used for the transportation of medical supplies to access
areas which are under serious infection [43]. Having the ability to process videos in real time, UAVs
can, in principle, also be used in monitoring stress among people and following their movement
patterns [44]. Among the many advantages of using UAVs, safety and privacy topics should not be left
unmentioned [45]. Nowadays, many countries have regulations related to the usage of UAVs [46];
however, in most of the LMICs, such regulations are still not in place. In general, UAV data are
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relatively easy to collect for small areas at a relatively low cost; such data combined with low-cost or
free EO-image allow for updating small areas where changes occurred.

In addition to the data obtained from satellites and UAVs, LiDAR, which stands for Light Detection
and Ranging data, can also be used to derive highly accurate vertical information. The obtained point
cloud information and elevation data can be used for 3D models, evaluation of soil displacement,
flood simulation, detection of moving objects, etc. They can also be valuable for mitigation strategies
in case of disasters [47].

The strength of the EO-based data could be especially magnified with auxiliary spatial information
to obtain a full picture of the production and transmission of diseases. Therefore, as suggested by
Elden [48], a terrestrial view considering the vertical dimension can be of great help. Many ground-based
sensors and methods have been developed for obtaining useful geospatial data, such as Google Street
View, images from web or video cameras, crowdsourcing, or social media posts. The ground-based
perspective of Google Street View may provide valuable historical data that can be used for tracing
specific disease patterns, including the third dimension, and can be efficiently used in combination
with the EO methods mentioned above. Another useful resource of information for tracking human
mobility, as discussed above, is crowdsourced data, such as Open Street Map (OSM). In recent decades,
the use of social media has grown significantly. Algorithms that detect positive and negative posts
for Facebook, Twitter, or Flickr were developed and can provide signals where people have health
problems, and even locate them [49–51]. In times of pandemics or disasters, the combination of the
sources mentioned above of geospatial information and using the analytical capabilities of GIS systems
can play a huge role [52–54]. However, existing applications of EO-based data in the health community
are still too limited to fully cover the potential of spatial datasets in assisting responses to a pandemic,
such as COVID-19 responses, and also in support of public health in general. This gap is also stressed
by the missing maps initiative [55] by the Red Cross.

Therefore, this paper aims to discuss how the EO-based datasets can potentially support a risk
assessment of COVID-19 from the spatial dimension. We use the information from selected slum
communities in Salvador, Brazil, as a study case of the role of EO-data in supporting the city’s Secretary
of Health, Crises Committee, and communities to deal with the COVID-19 pandemic. Moreover,
we show the potential of EO-data to encourage the public administration, research centers, and the
civil society, stimulating them to think and act together in the territory. We see that this approach
is not very common. Usually, health experts work only with epidemiological data from hospital
registries. We propose a complementary approach that is essential to guide actions such as mobility
restrictions, local disinfection, water supply verification, arbovirus control [56], humanitarian aid,
etc. Here, we will focus on a range of socio-environmental determinants potentially associated with
COVID-19 transmission and lethality. Examples are provided to illustrate the importance and potentials
of appropriated spatial data for COVID-19 responses at city and community levels. Therefore, the
paper demonstrates a conceptual frame of the multi-source geospatial solutions for adequate reactions
in emergency health situations. We use the word slum as a translation of favela, which is recognized at
both governmental and community levels [57,58].

In the following sections, we continue our discussions by answering one overarching research
question: how can EO data help to identify specific intra-urban vulnerability during a pandemic?
This question is detailed out in Section 2.

2. Materials and Methods

This section shows the concept of spatial information gaps hindering effective COVID-19 responses
and the potential of EO-based data to fill these common gaps in slum communities. This concept of
information needs and EO data is based on reviewed literature of COVID-19 responses [3,4,9,12,29–31]
and voices from slum communities in Salvador and different places of the world [58–60] on the
difficulties of fighting against the pandemic and following the Global North’s health advice. In Salvador,
those voices were from the community leaders of the neighborhoods of Alto Do Cabrito, Marechal
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Rondon, and Península de Itapagipe, and of the Comitê Comunitário Virtual de Monitoramento
das Ações de Enfrentamento da COVID-19 nos Bairros Populares de Salvador. Information about
their difficulties has been gathered through publications on social media, interviews in local news,
organization of local webinars, and through telephone calls and videoconferences held since April by
one of the authors of this paper. We focused on EO-based data products that are readily available and
also allow access for non-EO experts.

2.1. The Conceptual Frame of Information Needs and Spatial Data to Support COVID-19 Responses

Based on the spatial information needs and spatial data gaps found in slum communities,
three major dimensions were summarized, i.e., density, facility, and environment-related data (we also
acknowledge the importance of other dimensions, e.g., socio-economic data, which are not easy to
extract from EO data, but are essential for COVID-19 responses). Within these three dimensions,
we also saw two levels of information:

• Static: distribution of spaces, such as dense buildings, narrow footpaths, and houses in flooding
areas (water sinks). These are physical and environmental conditions (variables) potentially
associated with a higher risk of COVID-19 transmission or morbidity.

• Dynamic: distribution of potential movements, e.g., the spatial relation between residents and
work/money/water/food supply, which leads to possible exposure to COVID-19.

Table 1 provides an overview of relevant spatial data, often missing for slums. For example,
high population densities will cause serious problems for following the guidelines of social distancing.
In many slums, in a very small house, like those in Figure 2, more than three people share one room [61].
Open spaces are scarce, and many footpaths are less than 2 m wide, which makes social distancing
difficult when passing by people [19]. For the management of the COVID-19 pandemic, it is crucial
to isolate symptomatic community members but also to ensure their supply of health care, food,
and basic necessities. For this purpose, the identification of open spaces, community facilities, etc.,
that might be able to serve as isolation units is critical both within and in the immediate surroundings
of communities [4]. On the other hand, it is important to monitor information flows related to the
above mentioned dynamic level. Many times, connectivity may matter more than density for the virus
spreading [20,62].ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 6 of 19 
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Figure 2. Scenes of Salvador’s slums, Brazil: (a) children either barefoot or with no clothes on playing
in a lowland open area and watching the unmanned aerial vehicle (UAV) take-off; (b) narrow pathways
and typical occupation of slopes; (c,d) open ground photo data archive Mapillary showing a humid
unpaved pathway and house typology (Photos a and b by Patricia Brito).
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Table 1. Relevant spatial information in responding to the COVID-19 outbreak in slums and the
potential of Earth observation (EO) based data.

Spatial Information EO-Based Data (Potential) Dimension

Population V/HR-imagery + demographic data Density
Buildings V/HR-imagery Density

Road and pathways types V/HR-imagery Density
Road width V/HR-imagery Density

Open spaces within communities V/HR-imagery Density
Surrounding open spaces V/HR-imagery Density/Facilities

Local markets Community-based mapping Facilities
Health facilities Community-based mapping Facilities

Schools Community-based mapping Facilities
Community centers Community-based mapping Facilities

Religious places Community-based mapping Facilities
Water collection points Community-based mapping Facilities

Open severs VHR aerial and UAV imagery Environmental
Slopes LiDAR point clouds or VHR stereo-images Environmental

Standing water (sinks) LiDAR point clouds or VHR stereo-images Environmental
Open waters V/HR-imagery Environmental
Trash piles VHR and drone imagery Environmental

Heat accumulation TIR images Environmental

For the current research, global data and examples of local datasets for the city of Salvador were
explored. The city was used as an example case (please refer to Section 3 about the rationale for
selecting this case). Therefore, Table 2 provides a list of EO-based and other important spatial data
with the potential to provide COVID-19 relevant information. Data sets include basic land cover data
(10 m resolution), access to roads, built-up areas, and population data. Global data typically provide
a general assessment of entire urban areas and an indication of basic settlement data. In contrast,
local data provide detailed spatial information, such as a detailed LiDAR based surface model.

Table 2. Relevant global data and local repositories relevant to provide base data for COVID-19
responses for the example of Salvador, Brazil (for non-EO experts).

Data Links Scale

(1) Access to roads https://millionneighborhoods.org/
#14.31/-12.99896/-38.48936 Global

(2) Population densities (Sedac) https://sedac.ciesin.columbia.edu/
mapping/popest/covid-19/

Global

(3) TEP Urban platform https://urban-tep.eu/#! Global
(4) Global Human Settlement Layer https://ghsl.jrc.ec.europa.eu/ Global

(5) Population and health data
(Worldpop) https://www.worldpop.org/ Global

(6) Open cities project https:
//opencitiesproject.org/about/ Global

(7) OpenStreetMap https://www.openstreetmap.org/ Global

(8) Global elevation model

https://www.usgs.gov/centers/
eros/science/usgs-eros-archive-
digital-elevation-shuttle-radar-

topography-mission-srtm-non?qt-
science_center_objects=0#qt-

science_center_objects

Global

(9) Global Land Cover http://data.ess.tsinghua.edu.cn/
fromglc10_2017v01.html Global

(10) OpenAerialmap https://map.openaerialmap.org/# Global
(11) Missing Maps https://mapswipe.org/data.html Global (no data on case)

(12) Geo-Referenced Infrastruc-ture
and Demographic Data for

Development
https://grid3.org/ Global (no data on case)

https://millionneighborhoods.org/#14.31/-12.99896/-38.48936
https://millionneighborhoods.org/#14.31/-12.99896/-38.48936
https://sedac.ciesin.columbia.edu/mapping/popest/covid-19/
https://sedac.ciesin.columbia.edu/mapping/popest/covid-19/
https://urban-tep.eu/#!
https://ghsl.jrc.ec.europa.eu/
https://www.worldpop.org/
https://opencitiesproject.org/about/
https://opencitiesproject.org/about/
https://www.openstreetmap.org/
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-non?qt-science_center_objects=0#qt-science_center_objects
http://data.ess.tsinghua.edu.cn/fromglc10_2017v01.html
http://data.ess.tsinghua.edu.cn/fromglc10_2017v01.html
https://map.openaerialmap.org/#
https://mapswipe.org/data.html
https://grid3.org/
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Table 2. Cont.

Data Links Scale

(13) Salvador Municipal base data http:
//cartografia.salvador.ba.gov.br/ Local

(14) Estate and Municipal health and
social economic data

http://estudoscolaborativos.sei.ba.
gov.br/covid19/?p=607 Local

(15) Brazil spacial Data Infrastructure
visualiser https://visualizador.inde.gov.br/ Local

(16) Bahia Spacial Data Infrastructure http://geoportal.ide.ba.gov.br/
geoportal/consulta Local

(17) Aglomerados subnormais (official
slums polygonals) https://covid19.ibge.gov.br/ Local

(18) Socioeconomic Index of the
Geographic Context for Health Studies

(GeoSES)

https://opendatasus.saude.gov.br/
ne/dataset/geoses Local

(19) Institute of Applied Economic
Research (IPEA) https://www.ipea.gov.br/portal/ Local

(20) Centro de Estudos da
Metrópole—DataCEM

http://centrodametropole.fflch.
usp.br/pt-br/downloads-de-

dados/datacem
Local

(21) Data Liberation Project Brasil.io 1 https://brasil.io/home/ Local
(22) Salvador Orthoimages Web Map

Services, flight year 2016/2017 1,2
http://mapeamento.salvador.ba.

gov.br/wms Local

(23) IBGE 2010 Census Tract 1 https://portaldemapas.ibge.gov.br/
portal.php#homepage Local

(24) Salvador COVID-19 Data 1
http:

//www.saude.salvador.ba.gov.br/
covid/notas-e-boletins-e-censo/

Local

(25) Orthoimages of A. Cabrito e M.
Rondon (DJI Mavic Pro UAV with a

FC220 Camera) 1

https://map.openaerialmap.org/#/
-38.4686279296875,-12.

913468738705538,13/square/
211021021210012?_k=t5rtu2

Local

(26) Google Earth Images (visual
interpretation of 2008 and 2019 images

1)

https://www.google.com.br/earth/
download/gep/agree.html Global

(27) DSM image of Alto do Cabrito 1

https://map.openaerialmap.org/#/
-38.4686279296875,-12.

913468738705538,13/square/
211021021210012?_k=t5rtu2

Local

(28) Buildings Footprints (for
identification of blocks of houses 1,3)

https://www.openstreetmap.org/
#map=16/-12.9113/-38.4741 Local

1 Resources used in this paper; 2 Built with nadir images from a DJI Mavic Pro FC220 camera and Agisoft
Photoscan Pro Processing software; 3 Vectorisation on Salvador Orthoimages WMS and on HOT Task Manager
(https://tasks.hotosm.org/projects/8788) processed using QGIS Software.

2.2. The Use Case of Spatial Data to Support COVID-19 Responses in Salvador, Brazil

To analyze the potential of spatial, in particular EO, data to support COVID-19 responses, we used
a local case of slum communities in Salvador, Brazil, where several authors have detailed local
knowledge. This allowed assessing three main questions:

• What are the key spatial (EO) data needed to understand physical variations (spatial patterns) of
COVID-19 infections?

• What are the key spatial (EO) data needed to support local (municipal but also community-based)
responses to prevent and respond to COVID-19 cases?

• What are the specific spatial (EO) data needed to support slum communities (e.g., to support
community-based organizations)?
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These questions are taken up in Section 3 and used to review the existing data in the city of
Salvador (Brazil) and their potential to fill existing data gaps in COVID-19 responses while also
critically discussing their limitations.

3. The Case of Salvador in Brazil

3.1. The General Context of Salvador

The city of Salvador is located on the coast of northeastern Brazil (Figure 3). Founded in 1549,
it had its most significant expansion between the 1950s and 1970s, reaching, in 2019, an estimated
population of 2,872,347 million people in the municipality of Salvador (Figure 4), and 3,929,209 million
people in its metropolitan region [63].

Salvador has a human development index (HDI) of 0.743 [64] and a GDP of USD 6634 million [64],
which can be considered good for the Brazilian reality (9th of the country). However, the city has
great social heterogeneity. In December 2019, the Brazilian Institute of Geography and Statistics (IBGE)
calculated that 41.83% of the housing units in Salvador are within subnormal agglomerates or in
precarious areas [57]. In such areas, inhabitants face deprived living conditions, making the city the
third with an absolute number of housing units in slums, following São Paulo and Rio de Janeiro.
With another assessment called LIT (Territorial Information Assessment) [65], made by IBGE in 2013
using the 2010 census results and EO data from 2010 to 2013, Gomes and Pedrassoli [66] pointed
out that about 50% of the households in Salvador slums occupy areas with a slope higher than 30%.
Furthermore, 87% of slum households had two or more floors, and 94% of the households had virtually
no space between them.ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 9 of 19 
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Figure 4. Population growth trends of the Salvador municipality (in steps of 10 years, from 1959 to
2019) (data source: Brasil.io).

3.2. COVID-19 Crisis in Salvador

The city’s first COVID-19 case was registered on March 13, and it was a case imported from
Spain. The expansion of the disease in Salvador is worse than in São Paulo and Rio de Janeiro, but
not as bad as Manaus, where the health system has already collapsed. When comparing Salvador’s
curve to two other large cities well known for their high transmission rates, it is possible to see that
Brazilian cities did well, in the beginning, in holding back the growth of the disease, but the rates kept
growing, passing New York City’s stabilization rate and reaching not too far from the slope of Milan’s
curve. Thanks to the new ICUs at the campus hospital, occupation rates did not reach 100%. However,
on June 26, they were at 83%. After June, during the holiday period, many people visit their families in
the countryside. Therefore, it is expected that many new cases will appear which will increase the
demand for the state capital (Salvador) health infrastructure after the summer break (Figure 5).
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USA municipalities—John Hopkins CSSE GIS and Data.
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3.3. Examples of Spatial Data to Support COVID-19 Responses

To analyze the specific spatial data needs for deprived communities in the COVID-19 context, we
used the example of two areas where the group has established long-standing research on infectious
diseases [67,68] and a partnership with community representatives. The neighborhoods of Alto do
Cabrito (AC), and Marechal Rondon (MR) are in a peripheral region of the city (Figure 3). According
to IBGE census data in 2010, it has a total of 36,521 dwellers, with 19,470 inhabitants in MR and
17,051 inhabitants in AC. Although the neighborhoods have internally different degrees of deprivation,
these differences are relatively small compared to other neighborhoods in the city. In 2010, the two
neighborhoods had a human development index (HDI) considered average, with values ranging from
0.647 to 0.712 [69]. The two areas had 31% of households with an income of half of the minimum wage
per capita or less, which corresponded to USD 9.70 per day per person. About 99% of households
had access to a water supply and 98% to sewerage systems [70]. The population over 60 years
old was 3330 (8.5%), the illiteracy rate among youths aged between 7 and 18 years was 95% [70],
and 34% of households had more than two people per bedroom [69]. As the graphic in Figure 5 shows,
the COVID-19 incidence rate in the two neighborhoods was higher than in the average of the city of
Salvador. It took 78 days after the first case was registered in the area. This sums up to a total of 208
cases and an incidence rate of 569.5 cases per 100,000 inhabitants.

These two neighborhoods have four community associations that have been acting in accordance
with WHO guidelines, state, and municipal government. Even so, leaders reported a large circulation of
people and crowded situations at religious ceremonies, commerce, or even at soccer events and parties.
Additionally, intermittent water supply services, serious financial difficulties for informal workers,
and the existence of more families that, due the pandemic, depend on donations to feed themselves
have increased given the delay and difficulty in accessing emergency government assistance. Figure 6
shows the population density based on census tract data from 2010 for the two settlements. In general,
the areas have not changed much since the last census. However, in the highlighted areas 1, 2, and 3,
changes have been observed. In addition, to visualize these changes, fragments from Google Earth
images from 2008 and 2019 are shown.
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From Figure 6, it became clear that the biggest changes occurred in the area shown in image
2. To explore these changes in more detail, we used UAV images (Figures 7–9) with the respective
digital elevation model (DEM) information. The images were acquired with a Mavic Pro drone in
two subsequent flights: one in a linear way with the camera at 90◦ (nadir), and a second flight with
the camera configured in an oblique view (45◦). As a result, 557 images were acquired for both
neighborhoods of Alto do Cabrito and Marechal Rondon in June and July 2019, and processed by
Agisoft Photoscan Pro software using the Structure from Motion (SfM) algorithm. The results of the
3D point cloud model and the 2.8 cm spatial resolution orthophoto are shown in Figure 8. In addition,
an extended view of the oblique images is visualized in Figure 8.

The UAV data helped in the estimation of floors per building by subtracting the digital surface
model values from the digital terrain model values. Having oblique images, the façades of the buildings
were visible; therefore, based on the number of windows, building density, and the estimated number
of floors, a population estimation could be done [71]. This is an important aspect to consider since
population numbers vary from different data sources, especially when global and local data are
compared. Such bottom-up population estimates commonly reflect the actual population numbers of
slums much better as compared to top-down estimates (typically based on census data which have low
temporal granularity and often large data gaps in slums) [72,73]. The results of a global top-down
model are shown in Figure 10. This globally available population dataset allows users to indicate
areas of interest and provide population counts and age distributions, both being relevant aspects of
assessing vulnerabilities. However, population data for slum areas typically have high uncertainties.
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Having the precise number of residents and their space distribution in slums is important for
the correct dimensioning of humanitarian aid, such as the provision of basic food and hygiene kits or
masks. It is also important for planning COVID-19 testing campaigns since the number of tests is very
limited and requires statistical sampling calculation. By comparing the census statistics with a global
population dataset (Figure 7), differences can be observed. In the area presented for this research,
depending on the source of information, the total population of the area in 2020 may vary by more
than 20% (7064 inhabitants), as shown in Table 3. In these neighborhoods, the population increase
occurred mainly in residential condominiums that are not characterized as slums.
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Table 3. Comparison of three available population datasets that allow estimating how many people
live within the two selected communities.

Data Layer Year Population Estimate

Worldpop 2020 40,011
SEDAC * 2020 * 32,947
Census 2010 36,521

Census (projected) [74] * 2020 39,271

* Based on estimates of 2010 data.

Details on the demography and morphology of slums are also very relevant to understand their
vulnerabilities. For example, communities with high population densities and large numbers of
people above 60 years old are more vulnerable as compared to lower density areas with less senior
inhabitants [75]. In Figure 10, the spatial variations within the two settlements in terms of built-up
density variations are visible. Adding the height information allows us to indicate areas of standing
water (sinks), which could be reservoirs of several pathogens and breeding places of vector-borne
diseases [76]. These places are where rainwater will usually accumulate, signalizing flood-prone
areas, adding humidity and insalubrity to the interior of the house [23]. From Figure 9d, it is possible
to identify blocks of houses that are less than 2m apart, making their proximity another essential
component for virus transmission [19]. This information may help local health agents to define priority
surveillance areas for COVID-19 testing and monitoring when a resident is diagnosed with the disease.

Thus, to support COVID-19 responses, accurate and up-to-date locational, physical, environmental,
socio-economic, and population data are required. However, census-based data available in rapidly
growing cities are usually out-of-date by the time they are used, and often have much higher
uncertainties and data gaps in slums. EO data are commonly used to update outdated census-based
population data. However, top-down population estimates (e.g., WorldPop or LandScan) combine
census, spatial, and EO data [77,78], and consequently also suffer from data gaps in slums. Top-down
approaches commonly use census data (e.g., aggregated ward population), which are disaggregated
to smaller spatial units using ancillary data (e.g., land-cover), resulting in disaggregated spatial
representations of the census population distribution. Therefore, bottom-up population estimation
models are often more suitable to provide realistic population data for the local context of slums.
Bottom-up models typically combine spatial data (e.g., building outlines and the height of buildings,
such as extracted from UAVs) with local data (e.g., from NGOs, surveys, and Volunteered Geographic
Information (VGI)) to model the variation of the built-up area per person ratio across the city.
The outputs produce localized estimates of the population densities.

Such bottom-up models have been used as complementary approaches to fill important data gaps
in the COVID crisis response in Salvador by non-governmental and academic groups. One example is
the GeoCombate COVID-19 BA that has used OSM pedestrian pathway data associated with digital
terrain model data of Salvador to calculate walking times for elderly or infirm people to their closest
public health care unit. The study has shown the urgent demand for safe alternative transportation to
support suspected COVID-19 patients since this population does not have their own vehicle and must
not use public transport [29]. The same group has also started a campaign in Humanitarian Open Street
Map (HOT) Task Manager to add to OSM information about informal commercial and service buildings
classified as local trip attractor agglomeration points. Concentrations of market places, convenience
stores, and bank agencies, among others, need to be combined with the location of health facilities,
population distribution, and roads indicating priority areas for public hygiene equipment installation,
street disinfection, sensibilization campaigns, COVID-19 test application, etc. [29]. These actions will
support appropriate health strategies and responses in slums.
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4. Discussion

It is important to go back to the initial concept of COVID-19 risks, which characterized the risks
and impacts of COVID-19. Inhabitants of favelas are most vulnerable to the increase in transmissions
of the disease. They are more vulnerable due to the pre-existing precariousness that reflects on the
health of residents and on the access to services and resources for fighting against the disease. In
slums, the majority of inhabitants cannot perform a home office regime; most inhabitants need to
continue working. For example, many inhabitants are essential workers and their livelihood depends
on being in contact with people. Thus, inhabitants are required to continue their livelihood activities
to feed their families. This, combined with the need to use public transport, increases their risks of
getting the disease. EO-based data can help reveal these conditions and provide information about the
spatial context and stress demands for help from public institutions and calls for humanitarian support.
The disease does not originate in slums, and slums are not the disease. “Fighting the pandemic requires
more than technical solutions based on data. It is essential to establish a political commitment that
involves the whole of society for the protection of the peripheral population during and after the
pandemic” [79].

Findings from the review of data gaps and available EO-based data sources for the case study
have been summarized in Figure 11. In general, in Salvador and all other municipalities of Brazil,
the last census was conducted 10 years ago, and the non-homogeneous way in which the city grows
constitutes the first obstacle for the development of effective and spatially explicit actions. The second
obstacle is the lack of zoning, where it is recognized that there are areas occupied by residents living in
different conditions of precariousness. Third, it would be important to exclude, from the limits of the
census, tract areas where there are no dwellings. This would allow a better assessment of densities.
Fourth, the lack of knowledge on the location of small or informal activities is also an obstacle to the
identification of places likely to have great exposure to the virus. These places need organization, street
disinfection, hygiene equipment, mass testing, and other protection measures. Closing such places
should be avoided as much as possible, as this would counteract with the local economy and financial
rehabilitation of the community. For example, as observed in many African cities, the hunger crisis
caused by the COVID-19 lockdown measurements is very serious [80]. Given the rugged topographic
characteristic of the city, information extracted from the digital terrain model is relevant for pedestrian
accessibility to health facilities and for the identification of valleys where residents are more exposed
to unhealthy conditions. A public regulation agency, primary health care programs of the city hall,
and community-based organizations have shown great interest in the use of vulnerability indicators,
among other information, generated with the support of EO data. EO data would allow us to define
priority sites for multisectoral health campaigns, and to carry out preventive surveys on essential
services, such as water supply, garbage collection, and the combat against vector-borne diseases,
which add to the vulnerabilities in slums.
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In essence, EO-based data, along with auxiliary spatial information, would bridge data gaps by
complementing the spatial dimension and helping to identify the spatial foci for COVID-19 control
measurements. Thus, this would allow knowing where vulnerable groups and individuals are, who
they are, and how people are exposed. Specifically, the EO-based approach supports the answer
to “how people are exposed” by providing spatiotemporal information encoding different aspects
of vulnerability. For instance, static information can be derived about the location of groups and
individuals, the density of dwelling units and population, the environmental context of households
and communities, as well as dynamic information of potential movements, along with road networks,
facility accessibility, and relocation and development of households. Most importantly, the EO-based
information could be ensured by timely access and used for either post-pandemic management or
future risk preparedness. In summary, the study case has shown and/or discussed that EO-based
approaches could support:

(1) Rapid problem-oriented data acquirement;
(2) Rapid and timely access to information encoding spatiotemporal dynamics of disease exposure

in a household or area;
(3) Assessment of the vulnerability level of an area or household in terms of information regarding

density, facility accessibility, and environmental context;
(4) Measurement of different aspects of vulnerability;
(5) Estimation and prediction of the population at risk.

The strengths shown here also answer the questions posed in Section 2.2. In addition, EO-based
products could be reasonably aggregated to different levels, for instance, from household level to
community level, and thus are also suitable for area-level mapping, and, therefore, are very relevant to
support area-based intervention which should address key problems related to health, environmental,
and socio-economic conditions [81]. Such area-based mapping is complementing household-level
information about deprivation (poverty), e.g., captured by surveys. To effectively target vulnerable
populations in the context of COVID-19, we need to understand both the vulnerabilities of “slum
households” and the area level risks inhabitants face when living in slums. Therefore, openly accessible,
up-to-date, and accurate maps and images of slums in LMICs are essential to ensure relevant COVID-19
responses. However, most LMIC cities do not yet have operational spatial data systems in place that
could support responses. Spatial data are urgently required to locate slum areas and support COVID-19
responses by local authorities, civil society organizations, and aid agencies. After the end of lockdown
measurements, when economies reopen, slum maps will be extremely valuable to develop recovery
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strategies (e.g., economic recovery) and to manage COVID-19 s-wave outbreaks with context-relevant
interventions while ensuring local access to health care, food, and basic necessities. To create maps that
support COVID-19 responses and recovery, the global EO community can support local governments
in developing spatial databases that are accessible to all groups of stakeholders but also respect
privacy and data ethics. It will be important that such spatial databases include base maps, but also
demographic and socio-economic information. The use of VGI platforms and community contributions,
such as Open Street Map, can be of great help to convert EO data into vector-classified ready-to-use
data, especially in places such as LMIC cities and slums, with few investments on mapping [55,82,83].
It has great potential for engagement in crisis situations and, as an external outcome, may also help raise
risk awareness, citizen empowerment, and community resilience [54,84,85]. Sufficient and up-to-date
data will support much more tailored COVID-19 responses as compared to present responses. At the
moment, slums are requested to follow general health guidelines developed in Europe or North
America without a clear understanding of how they need to be adapted to local conditions and also
between different types of slums (e.g., considering differences in development stage, environmental,
physical and socio-economic conditions). In this respect, too little attention is given to combine
community-based data with available data products for adapting recommendations to communities,
or even, more appropriately, to co-develop measurements with communities. Therefore, listening to
the voices and needs of communities and using rich community-based data are critical to develop
solutions that are also understood and accepted by communities in LMICs.

5. Conclusions

Illustrated by the case of Salvador, Brazil, a city with a large number of slum communities,
we showed that extensive data gaps exist in the location and the physical, environmental,
socio-economic, and demographic characteristics of slums. This prevents effective responses that are
tailored to the needs and realities of the communities. Therefore, we explored the potential of EO
data, which can provide urgently required base data. However, available global spatial datasets are
not sufficiently equipped to be fully operational for local responses. The locally very rich open data
repository, available for many cities in Brazil, has enormous potential for answering key questions.
Such questions are related to physical (e.g., the location of high densities) risks, access to services,
environmental risks, and open spaces and would allow for updating the very outdated census data.
Optimally, these EO-based data need to be combined with community-based data, which could
use VGI methods (e.g., data collected via mobile phones) to avoid risks during data collection.
Such rich, up-to-date, and spatially detailed data will be the first step towards community-based
COVID-19 responses.
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