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Executive Summary
Air quality has been identified as the single largest environmental risk factor to human health. Poor
air quality is estimated to be responsible for at least seven million premature deaths annually. This
issue is especially critical in developing nations in Africa, which have some of the highest
estimated levels of ambient pollution, but the poorest infrastructure in place for monitoring and
tracking air quality. The health and economic impacts of poor air quality in Africa, exacerbated by
the lack of monitoring and mitigation infrastructure, are only projected to get worse in the future
as further industrialization and climate change contribute to diminishing air quality globally, and
for Sub-Saharan Africa in particular.
Traditional air quality measurements are made by highly accurate but expensive instruments
measuring the various atmospheric gases and particles that contribute to poor air quality. It is these
traditional data sources that are especially scarce for Africa. Several additional sources of air
quality information exist to supplement these, however. Low-cost sensor systems, including
electrochemical gas sensors and optical particulate matter detectors, represent an emerging
technology with the potential to greatly expand access to in situ air quality measurements for
national governments as well as citizens, scientists, and community groups with an interest in air
quality monitoring. Satellite data provides the possibility of remotely measured air quality,
covering a large fraction of the globe at relatively little marginal cost to end users once the systems
have been deployed. Computational air quality models also seek to cover wide spatial domains,
with more accurate ground level concentration estimates, but requiring a commensurate increase
in input data and computational time. Each of these information sources have their own pros and
cons, but there exists the opportunity to combine these multisource data and create a
comprehensive picture of air quality, where the benefits of certain data sources can cover for the
drawbacks of others.
This project proposes the development of a system for assimilating air quality data from disparate
sources using Bayesian learning and inference methods. In doing so, it will create a multisource
database for timely local information on ambient air quality, allowing scientists, policy makers,
and the general public to have access to the information they need to better understand and respond
to their air quality situation. This project is envisioned in three broad phases. The first phase, or
the technical phase, involves the development of the several components necessary for the
proposed system. Broadly, this includes capacities to interface with existing free online sources of
air quality data (e.g. from traditional measurement stations, low-cost sensor, satellite data, and
computational simulations), to integrate these data into a unified database, to perform Bayesian
learning and appropriately quantify the uncertainties of different data sources, to perform Bayesian
inference for spatial interpolation and temporal forecasting of air quality using these multisource
data, and to present and visualize the resulting information. The second phase, or implementation
phase, involves combining these components into a coherent system which allows users to access
these data online, especially through applications optimized for smartphone use. The third phase,
or usage phase, refers to the deployment of this system, including a pilot deployment which will
focus on a relatively small geographical area, such as the city of Kigali, Rwanda, Nairobi, Kenya,
and Lagos, Nigeria and seek feedback from stakeholders including local community groups,
educators, scientists, and policy makers.
The primary end goal of this project is the creation of a system which, in a semiautonomous
manner, will gather recent air quality information from a number of freely available sources,
integrate these data in such a way that respects the relevant uncertainties associated with each
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source, and provide users with comprehensive air quality information covering historical trends as
well as the current situation and short term (several hours or days ahead) forecasts based on a
statistical interpretation of the available information. In all these cases, accurate quantification and
presentation of the uncertainties in both measurements and estimates will be of foremost
importance. Development of this project will involve the participation of computer scientists and
programmers, air quality researchers and data technicians, social scientists, and local experts and
community stakeholders. To achieve this, the project will draw extensively on local expertise,
especially students, scientists, and developers from the Kigali Collaborative Research Center, the
University of Rwanda College of Science and Technology, CMU-Africa, and the sensors.AFRICA
project incubated by Code for Africa. In particular, the project will work with local students to
develop the necessary software applications, thereby building capacity, providing opportunities
for hands-on technical experience, and encouraging entrepreneurship.
Although the development of this project will focus on the specific needs of African nations, the
project itself will have global applicability. The techniques and tools for multisource data
aggregation developed as a part of this project will be broadly applicable to other domains seeking
to utilize multisource data. The insights generated from such a rich set of data will also be of
interest to air quality scientists globally. Many project outcomes can be expressed in terms of
various international development goals and policy mandates. With respect to the UN 2030
Agenda for Sustainable Development, the project will support the good health and wellbeing of
people by providing timely, actionable information on local air quality which can be used to make
decisions about where and when to limit exposures in the near term and where efforts at air quality
improvement and pollution mitigation might be focused in the long-term. It also supports quality
education by providing a broadly accessible resource of air quality information which educators
can use to engage with students on issues of environmental quality and justice, as well as directly
supporting the education of the computer science students who will be involved in the project. In
terms of the Paris Climate Agreement, the strong link between climate change and air quality
means that a system for gathering and interpreting air quality data will also be useful in helping
nations track various greenhouse gas levels and levels of other airborne contributors to global
warming such as black carbon. With respect to the Sendai Framework for Disaster Risk Reduction,
this project provides a focus on monitoring and assessment of hazards posed by poor air quality.
It also represents a platform for the free dissemination of such information, substantially increasing
access to risk warning via a website application as well as a SMS-based air quality warning tool
which will be implemented as part of the project. The different needs of different classes of users
of the system, ranging from the general public, community groups, and air quality activists to
educators, scientists, and policy makers, will also be considered and incorporated at all phases of
the project. Finally, with its focus on the specific needs and concerns of African nations, the project
will integrate into the goals of AfriGEOSS by increasing accessibility for earth observation data
in Africa and by combining it with other data sources. This includes a special emphasis on the
inclusion of low-cost sensor data with other data sources, since these low-cost sensors represent a
highly cost-effective way to expand air quality data coverage in previously unmonitored or undermonitored regions such as those in Africa.
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Figure 1: Schematic of the proposed project system.
The goal of this proposal is to use Amazon Web Services to develop a backend that assimilates
data from various sources with associated uncertainties determined through expert input and
machine learning, and produces real-time visualizations and short-term air quality forecasts to help
residents in Sub-Saharan Africa (SSA) reduce their exposure to ambient air pollution. We envision
the following system: the back end will have a database combining multiple data sources, including
measurements of traditional monitoring stations, low-cost sensor systems, simulation results, and
satellite observations. This will be coupled with a system for online learning to improve data
assimilation. Starting from prior assumptions about data quality, the system will learn the relative
uncertainties of different data sources to appropriately assign uncertainties to them as part of the
combined database. From this database, the system front end will provide a web based interactive
map of local air pollution in near real time, accessible by the general public using smartphones or
other devices, and capable of providing various data visualization products, including:
•
•

•

•

Easy to interpret qualitative near real time maps for the best estimates of current pollution
(up to date to within the last hour), at a high spatial resolution (neighborhood-scale).
Quantitative spatial interpolation maps and near-term forecasts (several hours to several
days in advance) showing predicted pollution levels based on historical trends, simulations,
and all available assimilated data.
Long term averages and trends based on historical simulations and measured trends to
allow for decision making about areas of chronic pollution and impacts of policy and
technology changes over time.
For all of the above, uncertainty estimates will be available, and options for average or
different worst- or best-case scenarios depending on residual uncertainties will be possible.

The system front end will be optimized for use on smartphones, due to the relative prevalence of
such devices in Africa for internet access (versus desktop or laptop computers). Furthermore, a
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SMS based air quality alert system will be developed to provide real time information to interested
individual users about their local air quality using this system, to avoid the need to have access to
the full visual interface via smartphone in order to receive this information.
The fundamental goal of this project is to develop, test, and deploy the system as outlined above
and illustrated in Figure 1. This implies several subsidiary goals as well. One key scientific and
technical goal is to develop and verify the methodologies for Bayesian data assimilation which
will combine data from multiple sources into a single coherent database. Solutions to this open
technical problem will have wider application and interest to the physical and computer science
communities. Additionally, tools for spatial interpolation and temporal forecasting of air quality
will be of interest in the broader global air quality community, as the specific forms of these models
will be of interest and utility for other air quality modeling and forecasting projects worldwide.
Another major goal associated with the deployment of the system is to gain a better understanding
of how users will interact with and make use of the system. Data will be gathered on what
information different types of users (ordinary citizens, policy makers, educators, scientists, etc.)
find most useful or access most frequently. Discussions with users will identify how they might
like to see the information better presented to improve its clarity and utility for their purposes.
This project will necessitate the collaboration of many individuals with diverse backgrounds,
including computer scientists and programmers, air quality researchers and data technicians, social
scientists, and local experts and community stakeholders. The CMU Africa campus in Kigali,
Rwanda (www.africa.engineering.cmu.edu) has Masters programs in electrical and computer
engineering (MSECE) and information technology (MSIT), in which students learn data science,
machine learning, and software development. As part of these degree programs, students take
practicum courses and collaborate on research projects. This provides opportunities for the
students to collaborate on the development of the systems envisioned for this project as part of
their coursework. These students will develop the necessary software applications, thereby
building local capacity, providing opportunities for hands-on experience, and encouraging
entrepreneurship. Several members of the project team (Subramanian, Brown, Jaramillo) are also
fellows at the Kigali Collaborative Research Center (KCRC; www.kcrc.rw). They work with and
mentor students and researchers at CMU Africa and at the University of Rwanda College of
Science and Technology (cst.ur.ac.rw), and we will use their connections to support interactions
with local stakeholders. Project members Subramanian and Malings are supported by the French
National Research Agency (ANR) through the “Make Air Quality Great Again” project, which
will support other aspects of project development not covered by the Amazon Web Services grant.
Code for Africa (CfA) is the continent’s largest federation of independent civic technology
laboratories, which use open source software and open data to build digital democracy services
that give citizens timely and unfettered access to actionable information that empowers them to
make informed decisions and that strengthens civic engagement for improved public governance
and accountability. Backed by CfA, sensors.AFRICA is a network of citizen sensor projects with
air quality sensors deployed in Kenya, Nigeria, South Africa, and Tanzania.
Background
Key atmospheric pollutants
Air quality is the largest environmental risk factor for human health; exposure to outdoor air
pollution is estimated to cause about 4.2 million premature deaths annually (WHO, 2016, 2018a),
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Air quality guidelines by the WHO describe particulate matter, ozone, sulfur dioxide, and nitrogen
dioxide as the main pollutants of concern (WHO, 2006).
Particulate matter (PM) mass is one of the most commonly tracked pollutants, as it has the largest
health impact among the pollutants listed above. PM represents a mixture of solid and liquid
substances, including organic aerosol, sulfates, nitrates, ammonia, mineral dust, and black carbon
(e.g. from fuel combustion). PM can be naturally occurring or anthropogenic, including emissions
from the burning of fuels, and from cooking, which is a major source in the developing world. PM
mass concentration is typically tracked as both PM10, the total mass of PM with a diameter of 10
micrometers or less, and PM2.5, the total mass of PM with diameter below 2.5 micrometers (and a
subset of PM10). PM10 is the inhalable fraction of ambient PM, and particles smaller than 2.5 µm
(PM2.5) can reach deep into the lungs and eventually enter the bloodstream. These particles are
closely linked to lung cancer as well as cardiovascular and respiratory diseases (e.g. Schwartz et
al., 1996; Pope et al., 2002; Brook et al., 2010). Even low PM concentrations can have noticeable
health impacts (Bell et al., 2007; Apte et al., 2015), especially among low-income communities
(Di et al., 2017; Ren et al., 2018).
Ozone (O3) forms as a result of photochemical reactions of nitrogen oxides and volatile organic
compounds emitted by vehicles and industry. Thus, ozone can be used as a proxy for some of these
other pollutants. However, it is also more directly harmful, causing lung inflammation and
triggering asthma in susceptible individuals, as well as contributing to photochemical smog.
Nitrogen dioxide (NO2) is related to the production of PM2.5 and ozone, and is emitted mainly from
combustion, including power generation and use of vehicles. Thus, it can also be used as a proxy
for combustion emissions generally. It is toxic in high concentrations, and at lower concentrations
it contributes to reduced lung function and bronchitis symptoms in asthmatic children.
Sulfur dioxide (SO2) is emitted through the burning of fossil fuels (for vehicles, heating, and power
generation) and processing of ores containing sulfur. Exposure to SO2 causes irritation of the eyes
and lungs, causing coughing and aggravation of chronic bronchitis and asthma. Higher SO2 levels
are correlated with increased hospital emissions and mortality from cardiac diseases. Furthermore,
it combines with water to produce acid rain, causing damage to infrastructure and deforestation.
Besides the pollutants mentioned by the WHO, several other pollutants are of interest for air quality
and environmental monitoring. Carbon Monoxide, emitted through fuel combustion, reduces
oxygen supply to the body, causing loss of consciousness or death at high concentrations. It is
especially dangerous when emitted by cookstoves or heaters in poorly ventilated buildings. Carbon
dioxide, though typically not directly dangerous, is the most prevalent greenhouse gas. Black
Carbon, emitted from vehicles, power plants, and cookstoves, is associated with respiratory and
cardiovascular diseases, and is the second largest climate forcing agent after carbon dioxide (Bond
et al., 2013). Volatile organic compounds (VOCs) represent a variety of compounds which
contribute to poor health (in indoor environments) and photochemical smog (outdoors). This
category also includes methane, a major contributor to global warming (although methane is
sometimes also considered separately because of this).
Air quality impacts and measurements in Africa
Open burning and residential use of biofuels for heating and cooking are the main anthropogenic
sources of air pollution in Africa (Liousse et al., 2010). Additional natural sources include dust
from the Sahara desert and smoke from grassland fires (Naidja et al., 2018). In Africa, about 10%
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of communities assessed by the WHO met recommended air quality guidelines, which is below
the average of 18% globally, and well below the 40-80% rates found in high income countries in
Europe and North America (WHO, 2018b). A study of infant mortality in SSA found that a 10
μg/m3 increase in PM2.5 concentrations was associated with a 10% increase in infant mortality, and
that 22% of infant deaths could be attributed to high PM2.5 concentrations (Heft-Neal et al., 2018).
It is further estimated that every child under the age of five in SSA has been exposed to unsafe
levels of air pollution, which is expected to have lifelong consequences in terms of a greater risk
of chronic respiratory and cardiovascular diseases (Matshidiso Moeti, 2018). In 2013, gross
domestic product growth in SSA was reduced by an estimated 3.8 percent, or $114 billion, due to
the impacts of poor air quality on the economy (World Bank, 2016).
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Figure 2: Scatterplot comparing estimated annual average pollutant levels (for PM10 and PM2.5)
versus number of monitoring stations of these pollutants per million people, broken down into
several global region. Sizes of the points roughly correspond to the population of each region.
African countries have some of the highest modeled annual average PM10 and PM2.5 levels, yet are
simultaneously among those with the lowest number of in situ measurements per capita. In Figure
2, we present information about the density of monitoring in different regions versus the estimated
average annual PM10 and PM2.5 concentrations for these regions, based on information from the
Global Health Observatory (WHO, 2017). Countries in Africa, especially in West and North
Africa, have some of the highest average PM pollution levels, second only to regions like South
and East Asia and the Middle East. However, these regions also have the fewest per capita air
pollution monitoring stations for either PM10 or PM2.5. While countries like China and India have
significant air pollution problems, they also have at least modest monitoring networks, e.g. about
350 PM10 monitoring sites in India, and more than 1000 PM2.5 monitoring sites in China (although
this is still well below per capita monitoring levels in developed countries in Europe, for example).
For all of Africa, on the other hand, there are less than 150 PM10 and 50 PM2.5 monitoring stations,
and just Egypt and South Africa together account for more than half of these stations, leaving most
of the continent quite sparsely monitored.
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Quantifying air pollution levels and identifying their sources and dispersion in the atmosphere are
the first steps toward pollution mitigation activities. However, many countries in Africa lack even
a basic air quality monitoring network for this purpose (Petkova et al., 2013). In 2018, only 41
cities across 10 countries in SSA tracked their air quality (Matshidiso Moeti, 2018). Furthermore,
global efforts like the Global Burden of Disease Project (Brauer et al., 2012), which aims to
identify the contribution of air pollution and other factors to human mortality and disease, are
hindered by the lack of ground based air quality monitoring for Africa, and therefore may
misrepresent the burden of disease for the continent.
Recent work (REMA, 2018) in Rwanda towards the development of a national air quality control
strategy has identified vehicle emissions as the largest contributor to poor air quality in urban areas,
while rural areas are most impacted by domestic stove emissions. However, the lack of a national
air quality monitoring network was identified as a major impediment to future work, and it was
recommended that such a network be deployed to better understand the spatial distribution of air
pollution and to track air quality changes to assess the impacts of any future air quality control
strategies (REMA, 2018). The government of Rwanda has purchased eight low-cost RAMP
sensors systems to meet this need following the success of a pilot deployment project (see “lowcost sensors” below).
Several research groups have established long term air quality monitoring networks for Africa.
These include the International Network of Deposition and Atmospheric chemistry in Africa
(INDAAF) network (https://indaaf.obs-mip.fr/), Figure 3, which maintains a total of 13 stations
across the continent measuring the gases NO2 and ozone, as well as PM10. The Rwanda Climate
Change Observatory at Mount Mugogo has been recently established with support by MIT to
monitor greenhouse gases and air pollution, including black carbon particles, carbon dioxide,
carbon monoxide, nitrous oxide, and ozone (DeWitt and Gasore, 2018). The Henties Bay Aerosol
Observatory (HBAO) monitors total suspended particulate matter (TSP) and black carbon mass
(http://www.hbao.cnrs.fr/).

Figure 3: Map of the INDAAF Network in Africa. Each site includes passive gas and PM
samplers which must be periodically sent elsewhere in the world (typically the Laboratoire
d’Aerologie in Toulouse, France) for analysis (https://indaaf.obs-mip.fr/).
At current rates of development in Africa, anthropogenic emissions from industrial activity and
transportation will overtake residential pollution sources as the main contributors to poor air
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quality in African nations by 2030 (Liousse et al., 2014). Climate change will also likely contribute
to poorer air quality in the future. Increased use of energy for cooling will lead to increased
emissions from power generation worldwide, including in Africa (Abel et al., 2018). Increasing
frequency and severity of dust storms will loft more particulate matter into the atmosphere,
independent of the pollution impacts of human activity (UNEP, 2016). Different rainfall patterns
could lead to less effective and/or consistent removal of this PM from the atmosphere through the
“washing out” effect of rainfall (Silva et al., 2017). These climate related trends will only
exacerbate the impacts of increasing urbanization and industrialization on air quality in Africa.
Traditional air quality monitoring, especially in Africa, is too sparse to meet the growing
challenges of development and climate change. More information is needed in growing urban areas
to determine specific contributors to local air pollution, which can support the development cityspecific air quality management plans. This project seeks to develop and deploy a system for
integrating air quality data from disparate sources, including traditional ground based monitoring,
satellite retrievals, computational and statistical air quality models, and low-cost sensor networks.
Low-cost sensors
Currently, in countries with air quality standards, regulatory monitoring is carried out by a network
of fixed monitoring stations (e.g. Snyder et al., 2013). Due to their relatively high setup and
operating costs, only a few are established, typically in major urban areas. Even in developed
nations such as the United States, the Environmental Protection Agency (EPA) determines
compliance at the county level, with many rural counties having at most a single monitoring site.
However, air pollutant concentrations can vary greatly at smaller spatial scales, especially within
urban areas with their large numbers and varieties of pollutant sources (Marshall et al., 2008;
Karner et al., 2010; Tan et al., 2014). This variability means that even air quality estimates based
on high accuracy, high cost monitoring stations may underrepresent the variability or extremes in
local air pollution (Jerrett et al., 2005b). Of course, in regions where such a monitoring network is
not present in the first place, this problem is only exacerbated.
Low-cost sensor packages represent one alternative for increasing the spatial density of air quality
monitoring. Low-cost monitors combine several comparatively inexpensive air pollutant sensors
(typically electrochemical or metal oxide sensors for gases and laser optical sensors for particulate
matter) with an independent power source and wireless communication capability. Since each
monitor has a relatively small purchase cost and is designed to operate autonomously for extended
periods of time, low-cost monitors can allow a relatively larger number of measurement stations
to be deployed for a similar cost to a more traditional monitoring network. This can be done for
the purpose of supplementing traditional monitoring networks where they are available, or for
establishing new networks in previously unmonitored areas; the latter is typically the use case for
developing countries. These monitors also allow for increased community involvement and
education in air quality monitoring, as it is often convenient to distribute these simple low-cost
instruments to concerned citizens and community groups, allowing them to participate in, identify
with, and directly benefit from the information that the instruments collect (Snyder et al., 2013;
Loh et al., 2017; Turner et al., 2017). Several pilot deployments of low-cost sensor networks have
occurred in Cambridge, UK (Mead et al., 2013), Imperial Valley, California (Sadighi et al., 2018;
English et al., 2017), and Pittsburgh, Pennsylvania (Zimmerman et al., 2018).
Tradeoffs must of course be made in the use of low-cost sensors, which tend to have lower signal
to noise ratios and higher cross sensitivities to other atmospheric pollutant and ambient
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environmental factors than traditional monitors (Popoola et al., 2016). Methods for reducing the
impacts of these factors through improved calibration have been attempted (e.g. Masson et al.,
2015; Spinelle et al., 2015; Cross et al., 2017; Hagan et al., 2018). In particular, the research team
has recently focused on the development of the Realtime Affordable Multi Pollutant (RAMP) lowcost monitor. This monitor, jointly developed with SENSIT Technologies (USA), combines lowcost sensors measuring carbon monoxide, sulfur dioxide, nitrogen dioxide, and ozone with data
storage and cellular communications capabilities. Calibration using random forest machine
learning algorithms was found to be effective for most of the pollutant gases (Zimmerman et al.
2018), and it was found that the same generalized calibration models could be used across multiple
monitors without sacrificing measurement accuracy (Malings et al., 2019a). Furthermore, RAMPs
may be paired with low-cost PM sensors, such as PurpleAir’s PA-II, which make use of Plantower
PMS5003 optical sensors. Such PMS5003 sensors, alogn with Shinyei PPD4NS and Nova SDS011
sensors, are also used by sensors.AFRICA, which, with the support of CfA, locally assembles lowcost air quality sensors using off-the-shelf components. The sensors.AFRICA kits measure PM1,
PM2.5, PM10, temperature, and humidity. Academic research and empirical data shows the
shortcomings of some optical sensors, where high relative humidity (above 50%) negatively
impacts the sensor’s performance. The PMS5003 was found to be better characterized and has
been shown to perform well in field evaluation studies conducted by authorities such as the US
EPA (AQ-SPEC, 2017) and academic groups (Malings et al., 2019b). In particular, using
appropriate calibrations incorporating basic environmental factors, the accuracy of the lost-cost
PM2.5 sensors associated with the RAMPs could be improved to the point where measurement
uncertainties were reduced to about ±4 µg/m3 for hourly measurements and ±1 µg/m3 for annual
averages, a significant improvement over the un-corrected measurements (Malings et al., 2019b).

a)

b)

Figure 4: Results from low-cost sensor deployments. a) deployments in Puerto Rico following
Hurricane Maria identified elevated levels of SO2 due to the use of high-sulfur-content fuels for
emergency generators. b) in Kigali, Rwanda, low-cost sensors identified the impact of Car-free
Sunday policies as reducing ambient PM2.5 levels by up to 7 µg/m3 in the morning.
Data from low-cost sensor have yielded several new scientific insights (see also Figure 4). From
2016 to 2019, a network of about 50 RAMPs was deployed around Pittsburgh, Pennsylvania as a
proof of concept for a dense low-cost monitoring network for an urban area. In the aftermath of
Hurricane Maria, four RAMPs were deployed in Puerto Rico, where they assessed the impact of
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the hurricane and subsequent recovery efforts (during which diesel with higher than normal sulfur
content was used to power emergency generators) on local air quality (Subramanian et al., 2018).
RAMP deployments in Kigali, Rwanda showed high nighttime PM2.5 levels resulting from cooking
emissions, as well as significant diurnal variations in both CO and PM2.5.
Satellite data
Satellites remotely monitor atmospheric pollution over wide areas of the earth’s surface by
measuring Aerosol Optical Depth (AOD) or other atmospheric properties. Multispectral analysis
of IASI and GOME-2 measurements has provided a new capacity to estimate tropospheric ozone
pollution levels down to the atmospheric boundary layer using satellite data (Cuesta et al., 2013).
Some satellites, like the Sentinel-5P of the Copernicus Program with its TROPOMI instruments,
can remotely monitor multiple air pollutants, including NO2, ozone, sulfur dioxide, carbon
monoxide, and airborne particulate matter (PM2.5 and PM10), as well as several greenhouse gases
such as carbon dioxide and methane (http://www.tropomi.eu/). The US MODIS system provides
AOD measurements across the entire Earth every two days (Engel-Cox et al., 2004). Satellite air
quality data products from many sources are available through the GEOSS portal. Satellites thus
have the potential to provide data on a number of pollutants of interest at a worldwide scale.
However, there exist several limitations to satellite data. Satellite coverage is not continuous, and
for a given point there may be hours or days between satellite passes. Even during satellite passes,
cloud cover or atmospheric irregularities can disrupt data acquisition, and some instruments only
acquire daytime data. Satellites do not necessarily measure pollutant concentrations at or near
ground level, where pollutants impact human health directly (Cuesta et al., 2013). Furthermore,
the algorithms used to extract air quality information from satellite data are not necessarily
applicable worldwide or under all weather and atmospheric conditions, and may introduce
significant bias between the remotely measured and true concentration; this is especially the case
for Africa, where dust and fine aerosols are typically found much higher into the atmosphere than
in other parts of the world, making assumptions about the relationship between PM and AOD less
applicable here (van Donkelaar et al., 2015). To compensate, in situ measurement data may be
used to recalibrate the concentration estimates from satellites (e.g. Han et al., 2018); unfortunately,
Africa’s sparse network of in situ monitors makes this especially difficult. Satellite downtime and
delays in processing satellite data also mean that these data are not typically available in real time.
Finally, the spatial resolution of satellite retrievals is limited to lower resolutions, from about 1 km
for MODIS AOD data to about 7km or more for other pollutants from TROPOMI
(http://www.tropomi.eu/), meaning local scale variability cannot be captured. These shortcomings
can be mitigated by coupling satellite data to ground based monitoring. This allows for “filling the
gap” between satellite passes, as well as providing a point of reference to recalibrate the satellite
data so they better agree with the ground based measurements at locations where these overlap
(i.e. so that any biases introduced by the calibration methods can be identified and removed).
Modeling approaches
Air quality models, such as CHIMERE (Menut et al., 2013) or PMCAMx (Fountoukis et al., 2016)
allow the simulation of past, present, and future air pollution. These models range in scale from
global simulations to highly specialized local models, taking into account factors such as street
canyons in urban areas. A big advantage of such models is the ability to predict temporal variations
in air quality based on available and predicted meteorology. However, these models are
computationally expensive and limits in the available input data will lead to unrealistic model
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outcomes. To compensate, model predictions are typically calibrated against in situ measurements
such as those provided by traditional air quality monitoring networks (Jerrett et al., 2005a), much
like what is done with satellite measurements. Even so, the models may not adequately capture
local scale variability; analysis for RAMP data collected in Kigali, Rwanda has shown that, while
global pollution models can capture background concentrations, they can significantly
underestimate pollution in cities where population, emissions, and exposure are concentrated.
Simpler statistical models of air pollution, such as land use regression, attempt to explain air
pollution as a function of the land usage, geographic, and demographic conditions of the
surrounding areas and (in some cases) the time of day. However, these models tend to generalize
poorly to regions different from those where they were developed (Hoek et al., 2008; Sally Liu et
al., 2012) and cannot account for transient pollution events (e.g. from fires or dust storms). Models
can fill in gaps in other data sources, including satellite data and locations unmonitored by
traditional networks. However, all models require calibration against in situ measurements,
meaning their applicability will continue to be constrained by the availability of data sources.
Bayesian probabilistic inference and learning
Air quality data from traditional in situ monitoring networks, low-cost sensor systems, satellite
retrievals, and computational models all have certain benefits and drawbacks. In many cases, the
shortcomings of one system can be mitigated, at least in part, if data from other sources is available
for calibration and to “fill in” gaps in the data. Bayesian probabilistic modeling provides a
consistent theoretical framework under which such a multisource data fusion can be accomplished
(Waltz and Llinas, 1990; Castanedo, 2013). In general, Bayesian probabilistic modeling implies
the development of a statistical model of the quantity or quantities of interest (in this case, the
concentrations of various air pollutants), serving as a “prior” model. Various sources of evidence
or observations of the quantities of interest can be used to update this model, with the uncertainties
in this evidence treated appropriately, resulting in a “posterior” model.
The use of probabilistic models to describe phenomena which vary in space and time (so called
spatiotemporal random field modeling), together with the use of Bayesian techniques to update
these probabilistic models using uncertain observations of the random fields, has an extensive
history (see e.g. Cressie and Wikle, 2011). Malings et al. (2017) used a form of Bayesian
probabilistic modeling know as a Gaussian Process modeling framework for the modeling of urban
temperatures in heat wave scenarios via a probabilistic prior model. This model was then combined
with temperature data from a variety of sources (such as long term regional temperature forecasts
from computational weather models, high resolution urban microclimate simulations, and in situ
weather station temperature measurements). The resulting posterior urban temperature models
could be used to make improved predictions about the severity and duration of heat wave events,
taking into account information from these various sources to better represent the intensity and
duration of the heat wave overall as well as the specific effects in different areas of a city due to
the urban heat island effect (Malings et al., 2017, 2018). This work provides a complete case study
for the use of Bayesian spatiotemporal probabilistic modeling for phenomena such as air
temperature (or even air quality) which vary over space and time and which can be measured by
various instruments at different spatial and temporal resolutions.
Finally, Bayesian probabilistic modeling allows for preposterior analysis, or an analysis of the
impacts of various information sources on the reduction of uncertainties between the prior and
posterior models (Berger, 1993). Such an analysis can evaluate the relative “value” of different
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sources of information, in terms of how their use leads to an improvement and reduction in
uncertainty with respect to the prior model. Utilizing such an approach, not only can a Bayesian
model incorporate information from different sources with different levels of uncertainty, but over
time the system can “learn” the relative uncertainties, and thus the relative benefits, of different
sources of information (Bergerson and Muehleisen, 2015; Maddox et al., 2019). Initially, such a
system would have to be provided with an assumed “best guess” as to the uncertainties of different
information sources. Over time, the system will be presented with more data from each source,
and will be able to compare the evidence provided by each source to the “aggregate truth” derived
from all data sources. In doing so, it would recalibrate its estimates of the uncertainties and/or
biases inherent in each source. Thus, when new data were obtained from this source, the system
would be able to more appropriately handle them in terms of their uncertainties compared with
other sources and therefore in terms of their potential to improve the final aggregate truth model.
Identification of needs and project contributions
No one source of air pollution information is sufficient to provide citizens, scientists, and policy
makers with the measurement accuracy, spatial coverage and resolution, and timeliness to meet all
of their data needs. Satellites may only provide coverage once or twice per day; computational
models can provide higher temporal resolution, but both these and satellite data require calibration
against ground-based monitors. This situation is exacerbated for Africa, where high accuracy in
situ monitors are rare, global satellite information coverage may not accurately reflect local
conditions, real time simulation models are too computationally costly to run, and low-cost sensors
to fill gaps in the above systems are still an emerging and relatively inaccurate technology.
However, together, these sources can fill in the gaps and cover the weaknesses of each other, with
Bayesian probabilistic modeling providing a theoretical framework for integrating these data.
What is needed, and what we will develop in this project, is a practical implementation of a system
as outlined above. It will interface with multiple open source online databases and correctly
interpret and integrate their data, creating a single unified estimation of air quality across space
and time and for different pollutants. This system will also be able to “learn” and adapt, for
example by comparing data from different sources to appropriately assign uncertainties to these
data based on how often and to what extent the different sources agree or disagree with one another.
Project Implementation Plan
Phase 1: Technical
Task 1: Gathering and interfacing data from multiple sources
Multiple sources of freely available air quality data for Africa will be considered for this project.
This includes, but is not limited to, existing and future RAMP low-cost sensor data
(pghaqmap.com), sensors.AFRICA’s low-cost PM sensors (sensors.africa), air quality data
available through the OpenAQ API (openaq.org), the PurpleAir network of low-cost PM sensors
(purpleair.com), and satellite data accessible through the GEOSS Platform. In interfacing these
sources, the project will make use of GEOSS technical standards to ensure compatibility.
Goals: To develop a system to automatically query various databases for freely available air
quality data from worldwide sources. This system should be inherently adaptable and expandable
to include new data sources as they become available, with data from all sources being translated
to a common format and integrated into a common multisource database.
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Task 2: Bayesian data fusion and learning
Initially, uncertainties will be assigned to different data sources based on a literature review of
uncertainty estimates, as well as prior assessments conducted with RAMP sensors and
sensors.AFRICA’s sensors. Uncertainties will be divided into “bias” and “noise”, representing
systematic offsets to which the sources are susceptible (including how offsets might change over
time) and instantaneous differences between measurements due to inherent sensor noise. These
prior estimates of uncertainty will be updated over time through Bayesian learning techniques. For
example, the database of Task 1 will be periodically queried to identify collocated measurements,
which can be compared to each other to revise uncertainty estimates.
Goals: To develop, test, and implement a system for quantifying the uncertainties in data from
disparate sources using Bayesian techniques. This system must operate alongside the multisource
database developed in Task 1, using information provided by this database to update its uncertainty
estimates while feeding these estimates back to the database for use with later tasks.
Task 3: Spatial interpolation of data
Simple spatial interpolation between measurement locations based on relative distances is often
insufficient to capture gradients in an urban environment (e.g. Schneider et al., 2017). A
probabilistic prior model making use of factors such as land use may therefore be necessary to
provide the necessary spatial fidelity. In specific regions, high resolution satellite or model
simulation data may be available to substitute for these land use-based estimates. These two
methods may also be combined; land use regression models can be calibrated using high resolution
multisource data where available, and then generalized to other regions where data are sparser.
Thus, this task will determine generally applicable methods of utilizing the dense multisource data
from Task 1 to learn spatial patterns and relationships between air quality and geographic or land
use factors. These patterns will form the priors for Bayesian inference of spatial pollution, to be
combined with local multisource data to create the posterior pollution and uncertainty maps.
Goals: To develop, test, and implement a system for performing spatial interpolation of air
pollution information using multisource data as compiled in Task 1. This system must respect the
relative uncertainties of different sources quantified in Task 2 and must recognize spatial patterns
and features of air pollution and replicate these where applicable as part of its interpolations.
Task 4: Temporal forecasting of data
Short term air quality forecasting will use common recurring patterns (e.g. diurnals) of air quality
in different areas from the data of Task 1. These patterns (the prior) will be combined with recent
air quality data (reflecting transient pollution events) via Bayesian inference to create the posterior
forecast. As in Task 3, the appropriate methods for doing this remain an open research question.
Therefore, as part of this task, different methods of performing this integration will be investigated
and tested. Finally, residual uncertainty in forecasts will be quantified (e.g. we expect uncertainty
to increase as prediction lead time increases, up to the limit of longterm aleatory uncertainty).
Goals: To develop, test, and implement a system for performing temporal forecasting of air
pollution information using multisource data as compiled in Task 1, respecting the relative
uncertainties of different data sources as quantified in Task 2. This system will make use of
recurring temporal pollution patterns and extrapolate these forwards in time where applicable.
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Phase 2: Implementation
Task 5: Visualization of data interpolation and forecasting
The data and Bayesian inference tools described previously must have their results presented in a
suitable manner. Therefore, in this task, a web based tool for querying the multisource dataset of
Task 1, as well as accessing the inferences of Task 3 and Task 4, will be created, building upon
the existing system of sensors.AFRICA (map.aq.sensors.africa). Options will be provided for data
screening, e.g. only presenting data from certain sources, or presenting multisource data without
interpolation or forecasts. Options for quantitative or qualitative presentations will also be given,
e.g. a quantitative presentation including uncertainties versus a qualitative presentation of “clean”
versus “polluted” areas. Different timescales will be considered, including near real time
information, near term forecasting, and historical information on seasonal or annual averages.
Goals: To present the results of products generated in Task 3 and Task 4, including residual
uncertainties, in a clear visually interpretable manner, e.g. using maps. Where desired, methods
for converting quantitative into qualitative information will be used. This task will require input
from social scientists concerning the best way to convey these various data to different audiences.
Task 6: Program integration and testing
Integration of all the previously described components of the project into a single cohesive
program is encapsulated under this task. It must be ensured that the resulting program can run
under a variety of different usage cases and on a variety of platforms, especially smartphones.
Additional elements necessary for the project, such as SMS based alert systems and user feedback
collection tools, will be developed in collaboration with CfA as part of this task.
Goals: To combine outputs of Tasks 1-5 in a system implemented using cloud computing services.
Task 7: Pilot deployment and user interaction studies
Once system development is completed under Task 6, a pilot deployment of the program will be
conducted. This will represent a limited release of the system to selected users (e.g. air quality
specialists including researchers, activists, educators, and decision makers worldwide) and to
general users in a small geographical area (e.g. Kigali, Rwanda; Nairobi, Kenya; and Lagos,
Nigeria). This task requires extensive coordination with local community groups and stakeholders
to ensure participation of a representative group of anticipated product users, as well as to facilitate
the gathering of anonymous user feedback though the website. KCRC and CfA will provide the
necessary on-the-ground support at this stage. Engagement with key stakeholders of interest, such
as local environmentalists, decision makers, educators, and researchers, is of particular importance
during the pilot deployment to ensure their needs are being met.
Goals: To collect information on the performance of the complete program, especially on the ways
users interact with the system and how useful its features are to different groups of users.
Phase 3: Usage
Task 8: System refinement and launch
Following Task 7, modifications of the system will be made. It is likely that many modifications
will be required for the user interface system, to ensure that the information which is most useful
to the general public is most readily accessible, and that the interface strikes an appropriate balance
between ease of use and comprehensiveness in the data it provides. An additional round of pilot
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testing for the system may also be required. Once these refinements are substantially completed,
the system will be released generally. At this stage, the finalized system’s source code, including
tools for interfacing with and combining data from existing free online data sources, will be made
freely available to the general public, in accordance with GEOSS Data Sharing Principles.
Goals: To adapt and improve the existing program, based on the results of Task 7, to the point
where it can be deployed for use by the general public.
Task 9: System management and expansion in cooperation with local users and developers
As the project’s system is deployed, we will seek new opportunities to continue and expand the
project’s tools into the future. This effort will heavily focus on involving local users and software
developers in the project, especially students who were involved in initial pilot deployments. It is
especially important at this stage to involve educators who will make use of the system as a tool
to educate students about air quality and other environmental health and justice issues. The
involvement of computer engineering and information technology students at CMU-Africa and
CfA contributors from a variety of backgrounds will foster a new generation of computer scientists
who will support and expand the system in the future.
Goals: To facilitate the operation and expansion of the system through interactions with local users
and developers, building local and community capacity to interact with and improve the system.
Task 10: Ongoing improvement and expansion based on user and stakeholder input
Beginning with the initial deployment of the system and continuing into the future, periodic
reassessments of the system in terms of its functionality, how it is being used, and how it might be
expanded should be conducted. Again, involvement of a broad range of stakeholders will be
important to ensure these reevaluations are honest and beneficial. Through the efforts of Task 9,
the pool of engaged active users who can provide beneficial inputs, as well as the pool of
programmers and local entrepreneurs capable of expanding the system, should be continuously
expanding. A system of accountability of the managers of the system to its users should also be
established to ensure that the recommendations of these reevaluations are implemented.
Goals: To conduct periodic reassessment of the system and any new functionalities which might
be added, based on feedback from users and engagement with community groups and stakeholders.
Web Services Needs
A preliminary analysis of the web services needs of this project was conducted using the Amazon
Web Services simple monthly calculator tool (http://calculator.s3.amazonaws.com/index.html).
This estimate used the template of a large web-based application as a starting point, and several
specific additional capabilities were added. Ultimately, it was determined that a web services cost
of approximately $2750 per month is likely required to support the needs of this project. This
translates to a total cost of $99000 over three years. This estimate includes:
•
•
•
•

At least 6 large servers for running data analysis and web based applications, allowing for
redundancy and simultaneous operations of multiple instances for testing purposes.
At least 2 Terabytes of data storage for multisource air quality data; this may need to be
expanded depending on the number of different sources incorporated into the project.
At least two large database instances for multisource air quality data storage and storage of
additional data generated as a result of Bayeisan learning and inference processes.
Access to a large computing cluster for computationally intensive Bayesian learning.
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•

Amazon simple notification services, processing at least 1000 mobile notifications per
month (this may need to be increased based on results of the pilot deployment of Task 7).

Other Sources of Support
Other needs of this project, including coordination activities and meetings with local stakeholders,
will be supported through the “Make Air Quality Great Again” project (http://osu-efluve.upec.fr/presentation/actualites/programme-make-our-planet-great-again-l-upec-encore-a-lhonneur-avec-l-accueil-d-un-laureat-a-l-osu-efluve-841917.kjsp). This project is supported by the
French National Research Agency (Project number ANR-18-MPGA-0011) as part of the “Make
Our Planet Great Again (MOPGA)” program. This grant supports PI Subramanian through 2022
and Malings through 2020, and can be used to support additional activities of the project as needed.
CfA uses civic (open source) technology and open data to empower citizens since 2012. CfA is a
registered not for profit organization in South Africa with subsidiary organizations in Kenya and
Nigeria. We work as a federation of country-based Code organizations in Kenya, Morocco,
Nigeria, Sierra Leone, South Africa, Tanzania, Uganda with additional affiliate networks in 10
other African countries. CfA was established with a seed grant by the Bill & Melinda Gates
Foundation (BMGF) in 2012, and has since won renewed grants from BMGF, as well as other
major impact investors/donors in the “tech for good” space based on the success and impact of our
work. sensors.AFRICA is a CfA initiative which uses low-cost air quality sensors to monitor and
collect data in real-time, working with community organizations in a number of African countries.
Project Timeline
Table 1 presents the proposed project timeline. Initial system development (Tasks 1 through 5)
will begin in year 1, continuing on as required. An initial pilot deployment (Task 7) is scheduled
for year 2. The result of this pilot deployment will inform final redesign and launch of the system
(Task 8) during year 3, when project sustainment activities (Tasks 9 and 10) will also begin.
Table 1: Proposed project timeline
Q1

Year 1
Q2 Q3

Q4

Q1

Year 2
Q2 Q3

Q4

Q1

Year 3
Q2 Q3

Q4

Task 1
Task 2
Task 3
Task 4
Task 5
Task 6
Task 7
Task 8
Task 9
Task 10
Anticipated Outcomes
Besides the development of a system for multisource air quality data assimilation, interpolation,
prediction, and presentation, as outlined above, several additional outcomes are anticipated.
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Research relevant outcomes
The proposed research into Bayesian learning methods and data fusion will have applications well
beyond the current project. For air quality researchers, the developed techniques and the platform
for multisource air quality data integration will be widely applicable globally. Insights gained into
spatial and temporal patterns of air pollution via Bayesian learning from a rich multisource dataset
will provide numerous opportunities for air quality research and discovery. For the larger scientific
community, innovations in Bayesian modeling of spatiotemporal phenomena and multisource data
assimilation and integration developed as a result of this project will be widely disseminated in
journals and at conferences (IEEE, American Geophysical Union and European Geosciences
Union meetings, Africa Innovation Summit), such that these innovations can be applied to other
realms of research.
Policy relevant outcomes
UN 2030 Agenda for Sustainable Development: The primary goal of this project, to provide a
system for disseminating multisource information about air pollution, directly supports Goals 3
and 4 of the UN 2030 Agenda for Sustainable Development. Namely, it supports health and
wellbeing by providing timely, actionable information on local air quality. It also supports
education by providing a broadly accessible resource of air quality information which educators
can use to engage with students on issues of environmental quality and justice, as well as directly
supporting the education of students who will be involved in the project. This project is also
aligned with Goal 9 (providing freely accessible digital infrastructure for air quality data) and Goal
13 (the air quality parameters included in this project include several greenhouses gases).
Paris Agreement: The UN and WHO emphasize the link between air quality and climate change,
stating that “climate change is intricately tied to air quality” (Sarmad, 2018). Thus, by providing a
global platform for access to multisource air quality data, this project will provide an important
tool for assessing climate change drivers and impacts as well. This will be especially important for
developing nations, which do not have access to dense networks for collecting local air quality
data and therefore must rely on other sources of information to track greenhouse gases.
Sendai Framework for Disaster Risk Reduction: The Sendai Framework for Disaster Risk
Reduction includes “focusing on monitoring, assessing and understanding disaster risk and sharing
such information”; this project proposes a platform for freely disseminating information on the
risks of air pollution. The framework also proposes to “substantially increase the availability of
and access to multihazard early warning systems and disaster risk information and assessments to
people by 2030”; this project proposes a form of local air pollution hazard information system,
combined with near term forecasts for early warning. The frameworks also advocates accounting
for the needs of different classes of users of hazard data, as well as promoting real time access to
space based and in situ data and utilizing advances in information and communications technology
to improve data analysis and dissemination. This project develops such a system for data analysis
and dissemination and will incorporate feedback from different users in the development of its
data visualization tools.
AfriGEOSS: Through coordination with GEOSS, this project will contribute to the goals of
AfriGEOSS by increasing accessibility for earth observation data in Africa and by combining it
with other data sources. Also, coordinated in situ observations networks in Africa, especially those
involving low-cost sensors for previously unmonitored or undermonitored regions, will be
facilitated by this program, as their data will also be integrated into the proposed system.
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