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Abstract— This paper describes an information service that 
personalizes air pollution monitoring by considering the fine 
grained user location, her microenvironment, and her activity. 
Personalization is obtained by integrating a large number of 
information sources including the Environmental Protection 
Agency (EPA) monitoring stations, traffic, weather, portable 
air pollution data from sensors carried by a small fraction of 
the population, smartphone sensors, vehicle sensors data 
captured via on-board diagnostics. 
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I.  INTRODUCTION 

This paper describes an ongoing project whose objective is 
to provide personalized air pollution information. The 
project is conducted in collaboration with the EPA.   
 
Background 
Air pollution has been identified by the World Health 
Organization (WHO) as the world’s largest single 
environmental health risk. In the year 2012 alone around 7 
million people died - one in eight of total global deaths - as 
a result of air pollution exposure [1]. In India pollution 
levels often exceed 20 times the maximum indicated by the 
WHO [2]. In the U.S., 166 million people live in areas with 
unhealthy air [3]. Pope III et al. [4] found that each 10 μgm-

3 elevation in PM2.5 air pollution was associated with 
approximately a 4%, 6%, and 8% increased risk of all-
cause, cardiopulmonary, and lung cancer mortality, 
respectively. In the context of COVID-19, air pollution is 
important for two reasons: 

1. The virus may attach to air-pollution particles, 
which turn into vehicles for its spread (see [5]). 

2. Patients who live in air-polluted areas are more 
vulnerable to the disease (see [6]-[8]). 

In the U.S., the Environmental Protection Agency’s AirNow 
program has been providing hourly air quality data and daily 
forecasts to the public since 1998 [9]. The data source for 
AirNow is the ambient air quality monitoring data obtained 
from the U.S. EPA’s air monitoring station network. 
AirNow uses the EPA Air Quality Index (AQI) (see sec. 2.1 
for further AQI details) to ensure that the data is presented 
with human health in mind [10]. The AQI is often displayed 
by weather apps, as shown in Figure 1.  

The problem addressed in 
this project is that the 
AQI is not personalized 
to an individual, and by 
this we mean that the 
AQI is not specific to the 
user location, breathing 
rate, and 
microenvironment (i.e. 
indoors1, outdoors2, in-
vehicle). The 
microenvironment can be 
automatically detected by 
the smartphone activity 
recognition API (e.g. 
[11]), and other methods 
(e.g [12]).  

Let us consider first the 
user location. Currently 
42 million people reside 
in populated places 
farther than 40 km from 
the nearest EPA AirNow station. The reason is that an air 
monitoring station costs over $200,000 and over 
$30,000/year to maintain, so even densely populated areas 
have very few of them. For example, the city Chicago has 
only six stations covering an area of about 240 mi2. 
Considering that some sources of pollution such as traffic 
and industrial plants affect mainly their immediate 
surrounding, the EPA stations provide only a very coarse 
estimate for the exposure of a particular individual in the 
city. More specifically, a station does not capture the 
significant spatial variations in pollution concentration 
levels.   

                                                           
1 The indoor air quality depends on many factors including Heat, 
Ventilation, and Air Conditioning (HVAC), building material, air 
filtering, window status, cooking activities. Thus indoor air quality 
is outside the scope of this project.  
2 The outdoor microenvironment of a person refers to the 
immediate neighborhood, e.g. within 1km of her location, as 
opposed to the location of the closest EPA station which may be 
many kilometers away. 

Figure 1: AQI in Chicago 



Now consider the user’s microenvironment and breathing 
rate. The EPA-published AQI, or pollutant concentration 
values, do not reflect the actual pollutant intake of 
individuals. This is because the personal pollution intake 
also depends on whether the person is indoor, outdoor, in-
vehicle, on the user- physiology (age, gender, health 
condition) and activity (sitting, sleeping, running, walking, 
biking etc.). For example, the breathing rate of a healthy 
adult at rest is approximately 12 breaths per minute, 
whereas the same adult may exceed 60 breaths per minute 
when running. Clearly, with a higher breathing rate comes a 
higher pollution intake. 
    
Relevant Work  

Generally, there are two purposes for statistical analysis 
of air quality data, interpolation and forecasting. 
Interpolation refers to estimating the air quality at a location 
other than that of an EPA air monitoring station, or an 
available measurement site, at the time of querying. 
Forecasting refers to predicting the air quality in the future. 
In the existing literature this prediction is usually performed 
at the location of an EPA station, and the prediction pertains 
to that location.  

In terms of methodologies, broadly speaking, there are 
two approaches  1. Atmospheric physical models that use air 
dispersion mechanisms and spatial statistics for 
interpolation and forecasting (e.g. [13]), and 2. Data driven 
models that rely on (deep) machine learning (ML) 
techniques (e.g. [14]). The data driven models have been 
shown superior to the physical ones in recent literature (see 
[15]). However, even in the data driven models the reported 
accuracy of the interpolation is not very high. For example, 
for PM2.5, ADAIN obtains an accuracy of 0.6, and this beats 
the other existing methods [15]. Obviously, such accuracy 
leaves a lot to be desired. 

Another approach to provide air-quality data is reflected 
in experimental systems that use mobile pollution sensors. 
For example, a project involving bicycle mounted pollution 
sensors in Copenhagen [16], buses-mounted sensors in 
Switzerland [17], Google’s Air View project in which 
Google Street View cars are equipped with pollution sensors 
[18]. These projects simply use, serve or display the 
readings of the mobile sensors, so they can be used by 
citizens in spatio-temporal vicinity. However, the value of 
these readings decays with both time and distance from the 
reading location and time. Furthermore, these projects do 
not personalize the readings of the mobile sensors by 
considering users’ activities and intensity of these activities, 
physiology, etc.  
 
Approach and Challenges 
We hypothesize that the accuracy of existing models can be 
improved using a very recent development, i.e., the 

availability of personal portable air pollution sensors3. For 
example, the Flow air pollution sensor (Figure 2) is a small 
and light (0.1 lbs) 
particle sensor which 
is self-calibrating and 
has a 90-95% 
accuracy [19]. It is 
designed to be carried 
by a user throughout 
the day and connects 
to her smartphone by 
Bluetooth Low 
Energy. Miniature 
mobile sensors for air 
pollutants are 
currently in the 
research and 
development stage, according to a recent EPA report [20]. 

Furthermore, some other data sources affect local 
pollution (e.g., wildfires, major transportation activities, 
weather conditions, locations of emission sources such as 
factories). We propose to also take advantage of these 
sources in order to address the problem of the sparsity of the 
U.S. EPA stations. More specifically, the first challenge of 
this project is to generate fine-grained spatial estimates of 
pollutant levels, by integration of the following data 
sources: 
 the AirNow ground measurements at the EPA air 

monitoring stations,  
 local conditions affecting pollution (e.g., traffic and 

weather conditions), and  
 current and historical samples obtained by the portable 

sensors. 
The second challenge is to adjust the fine-grained spatial 

estimates of pollutant levels to the microenvironment and 
breathing rate of a user. This involves two sub-challenges. 
First is to automatically recognize the micro-environment 
and breathing rate, and second is to adjust the air pollution 
intake accordingly.  

Finally, let us mention that the approach in this project is 
general and applies to other problems (e.g. noise pollution). 
Abstractly, consider a geographic area with a few fixed 
sensors, and a number of mobile sensors. The readings of 
the sensors are spatially and temporally auto-correlated, and 
also correlated with other variables such as traffic, weather, 
and Land Use (e.g. industrial, residential, commercial, etc.). 
The first challenge is to devise a method of estimating the 
current reading at a location that is not covered by any 
sensor. This will be done by integration of readings from the 
existing sensors, as well as data sources providing values for 
the other variables. The second challenge is to personalize 
the estimates to a user- microenvironment and activity.  

                                                           
3 We assume that only a small fraction of the population, perhaps 
mainly the sick and vulnerable, will continuously carry such 
sensors.  

Figure 2: The Flow air 
pollution sensor [19] 



Project Objectives 
The objectives of the project are as follows.  
1. improve the accuracy of current pollution-estimates at 

fine spatio-temporal granularities by data integration 
(Task 1); 

2. provide personalized pollution inhalation (or intake) 
estimates (Task 2); and 

3. build the Monitor Your Air-pollution Intake and Risk 
(MY-AIR) app to validate the approach, and 
experimentally quantify the improvement and the 
remaining errors (Task 3). 

The rest of this paper describes the tasks to achieve the 
above objectives in sec. II, and concludes in sec. III. 

II. TASKS TO ACHIEVE THE OBJECTIVES 

II.1 Task 1: Improve the interpolation of EPA air-
pollution stations 
To improve the interpolation of EPA stations readings we 
integrate these with mobile sensor readings and local 
conditions (e.g. traffic and land use information).  Observe 
that for most locations, the only available local 
measurements are outdated (to various degrees) samples of 
the mobile sensors. These samples are obtained 
opportunistically. The proposed methodology of integrating 
data from EPA stations, mobile sensors and local conditions 
outlets is to estimate the value of the pollutant PM2.5 as 
follows4: 
1. Divide an area, initially Chicagoland, into a grid of 

cells, say 1 km x 1 km each. Similarly, time is divided 
into intervals, e.g. of 1 hour each. In this case, PM2.5 is 
estimated for each spatio-temporal prism of 1km2 x 
1hour. 

2. For each spatial cell c, the numeric value v of PM2.5 in c 
is estimated every hour with an error called age, where 
age is the age of the latest PM2.5 reading in c. If c 
contains an EPA station, then it is called strongly 
labeled, and the current value v of PM2.5 is read from 
the station and given an age of 0. If c does not contain 
an EPA station, then it is called weakly labeled, and its 
value v is the average of the mobile-sensor readings in c 
in the latest time interval in which such readings exist5; 
and age is the difference between the current hour and 
the hour of the reading; older readings are less accurate 
than more recent ones6. 

                                                           
4 The proposed approach is also applicable to other pollutants. 
5 Example: suppose that the value for 9:00a is currently calculated, 
and the latest hour for which there are mobile-sensor readings in c 
is 6-7am; and then there are 2 readings 15 at 6:25a and 25 at 6:40. 
Then the value v of c is taken to be 20 with an age of 2 (hours). 
6 An alternative is to consider a time series of the latest x hours, 
based on which the value of the current time interval (e.g. hour) is 
predicted using an air-quality forecasting method. Each member of 
the time series is the average of the mobile sensor readings in the 
corresponding hour. The standard error of the forecast depends on 
the ages of the times series members, and it can be computed by 
the method proposed in [L. Zhu, N. Laptev, “Deep and Confident 

3. Refine the  estimate v of each cell by interpolation 
considering the ages of the weakly labeled cells, traffic, 
weather, and land use information including pollution 
sources (available for the Chicagoland area at [21]). 

Steps 2 and 3 above will use variants of existing 
interpolation and forecasting methods for air pollution. 
Since existing methods do not use or account for different 
confidence levels for different cells, they will have to be 
adjusted to account for lower confidence in the values as 
their ages increase.  

We will start with the methods of interpolation and 
forecasting that we developed in [22]. The Land Use Data 
were obtained from [23] and projected into the Chicago 
map. For each 1km x 1km grid cell we calculated the 
percentage of each land use class that is contained inside it. 
In total eleven land uses (features) were extracted: % 
Agriculture Land, % Commercial Land, % Industrial Land, 
% Institutional Land, % Non-Parcel Land, % Open Space, 
% Transportation Land, % Unclassified Land, % Urbanized 
Land, % Vacant Land, and % Water. Additionally, traffic 
data were retrieved from the Chicago Traffic Tracker 
(https://webapps1.cityofchicago.org/traffic). By using the 
GPS traces retrieved from the CTA buses, real time hourly 
traffic congestion on Chicago’ s arterial streets was 
estimated by the Chicago Traffic Tracker. Communities 
with similar traffic conditions are typically grouped together 
to form a region. 

The resulting data driven model will provide local 
estimates of ambient outdoor and in-vehicle air pollution. 
The estimates can be accessed in real-time, without the 
burden and expense of carrying a Flow sensor. Thus, in the 
project we will determine: (a) the data driven interpolation 
and forecasting methods to use, (b) the prism granularity7, 
(c) to what extent the portable sensors can improve the 
existing data driven models, and (d) how the improvement 
depends on the density of portable air pollution sensors. 
 
II.2 Task 2: Personalization of AQI Information 
In this section we first explain the concept of AQI (sec. 2.1), 
and then its personalization (sec. 2.2). Then we discuss the 
work that will be performed in this task (2.3). 
2.1 The Air Quality Index 
Each EPA station monitors concentration levels of 
pollutants. Instead of concentration values of the various 
pollutants, which would be meaningless to the average 
person, the EPA publishes an Air Quality Index (AQI) for 
each pollutant p. The AQI is standardized to be common to 

                                                                                                  
Prediction for Time Series at Uber”, 2017 IEEE International 
Conference on Data Mining Workshops] 
7 An additional option that will be explored is dividing the 
geography into uniform areas in terms of some semantic property, 
instead of equal area-sizes. For example, each cell may have an 
equal population size. For this purpose zip codes or traffic analysis 
zones (see https://datahub.cmap.illinois.gov/dataset/cmap-
modeling-zone-systems) may be used. The average area of a traffic 
analysis zone is 1.77mi2. 



all pollutants; thus an AQI of 152 is unhealthy, regardless of 
whether it is the AQI for PM2.5, or O3, or SO2. And the 
lower the AQI, the better.  Furthermore, the range of 
possible AQI values is divided into color-coded intervals, so 
each AQI value falls in an interval. There are six intervals, 
ranging from good to hazardous. For example, Table 1 
shows the PM2.5 average concentration values and their 
corresponding AQI published by EPA [24]8. Specifically, 
the EPA uses Eq.(1) below (see [10]) to convert pollutant p 
concentration to AQIp, i.e. the AQI value for pollutant p 
(which is PM2.5 in our case):  

  

where,  is the concentration value of pollutant ;  is 
the upper bound of the concentration-interval in which 

falls (as given by Table 1 for PM2.5), and  is the 
lower bound of the same concentration interval.  is the 
AQI value corresponding to ; and  is the AQI 
value corresponding to . Essentially Eq.(1) represents 
the linear interpolation of AQI between  and . 
For example, if the PM2.5 concentration  is 9 μg/m3, then 
the corresponding  value is 37.59.  

                                                           
8 Similar tables are published for other pollutants. 
9 Concentration and AQI are values that pertain to an instance of 
time. The color-codes indicate the health implications of exposure 
to the corresponding concentration over a 24 hour period.  So for 

Currently, the AQI value is calculated based on an area-
wide ambient concentration value  measured at an EPA 
station. As indicated, this often does not represent the 
actual local pollutant concentration an individual is 
exposed to in his/her microenvironment (outdoors or in 
vehicle). Nor does it take into account the possible elevated 
intake levels due to the person’s intensity of an activity 
such as running. In other words,  is the same 
regardless of the individual, her physiology, and her 
activity. Hence, the AQI is informative but not 
representative of the actual inhalation level of an 
individual. 
 
2.2 Personalization of the AQI 
We will personalize the AQI by taking into consideration 
the location, microenvironment, physiology, and activity of 
a person i. We will do so as follows. First, the user’s intake 
will be adapted to her microenvironment; for example, 
vehicles usually use air filters which reduce pollution. 
Second, the user’s physiology, including age, gender, 
health conditions will be taken into consideration. And 
finally, the activity, e.g. running, and its intensity also 
clearly affect breathing rate, and in turn pollution 
inhalation, thus will be taken into consideration.   

More specifically, we will personalize the AQI of Eq (1) 
to produce the personalized AQI for individual i, denoted 
PAQIp,i, and defined as follows:  

      

The only difference between formulas 1 and 2 is that Eq (2) 
uses the modified  for individual i, denoted rather 
than . In other words, PAQIp,i , which is updated hourly 
on the user’s smartphone, is a color coded value 
representing the pollutant p (i.e. PM2.5 in our case) intake 
outdoors and in-vehicle of individual i during the past hour. 
The MY-AIR app also displays the number of minutes 
during the last hour that the user spent in these two 
microenvironments.  

So, for example, MY-AIR will update its value at 9:00a to 
the pair (75, 45), where 75 will be yellow coded. It indicates 
that between 8am and 9am the user spent in-vehicle or 
outdoors 45 minutes, and during this time her inhalation of 
PM2.5 was equivalent to her inhalation of PM2.5 while at rest 
in an area where the AQI is 75. 

For the rest of this subsection we explain how to calculate 
used in Eq (2). Observe that during the past hour the 

user may have been in multiple locations, and furthermore, 
multiple spatial grid cells. Specifically, is given by the 
following formula: 

  

                                                                                                  
example, it is “unhealthy (red)” if a person is exposed to a PM2.5 
concentration of 60 μg/m3 over a 24-hour period. 

Table 1. EPA’s PM2.5 standards (μg/m3) ([24]) 



Since all the variables on the right hand side of Eq (3) 
pertain user i and pollutant PM2.5 the subscripts p and i are 
omitted. 

Intuitively, formula 3 gives the average (over all the 
minutes of the last hour) intake of PM2.5 by the user i. In 
order to obtain this intake, during each outdoor minute the 
ambient PM2.5 concentration is multiplied by the ratio of the 
user’s breathing rate and her resting breathing rate; and 
during each in-vehicle minute the ambient PM2.5 
concentration is multiplied by a factor that depends on the 
status of the vehicle’s windows (open or closed). 

Now we explain formula 3 more precisely and define 
each one of its variables. Assume that the user visited the set 
of spatial cells G during the last hour.  The formula 
averages, over all the minutes spent during the hour 
outdoors and in vehicle, two terms per cell, A and B. These 
terms are defined for each cell c∈G as follows:  

1). A = The concentration of PM2.5 inhaled during the 
time (in minutes) outdoors in c, multiplied by the time 
outdoors in c, tc

out; and  
2). B = The concentration of PM2.5 inhaled during the 

time in-vehicle, multiplied by the time in-vehicle tc
veh.  

Term A is obtained by multiplying the ambient pollutant 
concentration in the cell, computed by task 1 and denoted 
Cc

out, by the ratio between the average heart rate of the user 
while outdoor in the cell, denoted AHrc

out, and the resting 
heart rate of the user10 denoted RHr.  

Term B is obtained using the ambient pollutant 
concentration in a vehicle Cc

veh.  In turn, Cc
veh is obtained by 

assuming that the user’s smartphone is connected to her 
vehicle’s onboard diagnostics (OBD). Then the smartphone 
can determine car-windows open/closed status, air 
conditioning/ventilation on/off status, and air recycling 
on/off status; and based on these use the appropriate 
conversion ratios between outdoor and in-vehicle 
concentrations of p (see [25-28]). The ratio between Cc

out 

and Cc
veh given in these references ranges between 0.76 and 

2.68 depending on these factors.   
 
2.3 Model Development and Its Evaluation 
The objective of the work performed in this task is to 
automatically and seamlessly, i.e. without user intervention, 
determine the variables used in Eq (3) in order to calculate 

and produce the output of MY-AIR according to Eq (2). 
This will be done as follows. We assume that the user will 

enter her physiology information when installing the MY-
AIR app, and only then. This information includes age, 
gender, categorical health condition (i.e. excellent, good, 
mediocre, poor) and resting heart rate RHr.   

Using existing work on activity and microenvironment 
recognition [29-31], MY-AIR can determine when the user 

                                                           
10 The formula uses the heart rate as a proxy for the breathing rate 
(see [43] for the empirical linear relationship between heart rate 
and oxygen consumption). 

is outdoor and in-vehicle, and thus the periods of time tc
out 

and  tc
veh for each geographic cell that the user visits.             

Now we discuss our proposed approach to determine the 
heart rate AHrc

out during outdoor activities. Obviously, we 
would like to do so continuously and unobtrusively, i.e. 
without burdening the user to manually enter the value. 
There are devices such as smart watches that continuously 
monitor and report the heart rate, and our prototype will be 
able to ingest these reports. However, the majority of the 
population do not continuously wear such devices. Thus, for 
the cases where a feed of the heart rate is not available, we 
will construct a model that machine learns the heart rate as 
follows. First we will determine the activity using the 
ios/android activity recognition; and if the activity is 
walking, cycling, or running, and if the microenvironment is 
outdoors (see [29,30]), then we will determine the 
corresponding heart rate.  

Observe that the breathing rate associated with an activity 
depends not only on the activity, but also on its intensity. 
For example, running at x miles/hr the heart rate is a, 
whereas running at y the heart rate is b. Thus the heart rate 
will be determined based on sensors such as GPS, 
accelerometer, compass, meteorological features such as 
wind speed and direction (since the effort of running at the 
same speed with the wind is higher than that against it), and 
physiological features such as age, gender, health-condition. 
Labeled data will be collected by having subjects (e.g. 
students and faculty) wear a heart rate monitor (see e.g. 
[32]). The labeled data will consist of features (moving 
speed, moving direction, wind direction, wind speed, age, 
gender, health condition), and the label will give the 
corresponding heart rate. Based on the labeled data, the 
heart rate will be machine-learned. The most appropriate 
machine learning method will be determined as part of this 
project.  Our preliminary work on activity recognition with 
power consumption constraints will serve as a starting point 
for this work [33][34].  

The evaluation of the model will include a ten-fold cross 
validation using the collected data. Additionally, we will 
consider an individual who did not participate in the training 
of the model. The evaluation will compare the prediction of 
the machine learning model with the actual heart rate 
measured by a monitor. Obviously, the purpose of the study 
will be to determine feasibility, rather than high-accuracy 
for demographic groups and weather conditions that did not 
participate in the training. For example, we expect that the 
accuracy for an 8 year old boy running in unusual wind 
conditions will be lower since the training data did not have 
such demographic; however, adding similar labeled data to 
the training stage will improve the accuracy. Indeed, we 
expect the initial machine learning model to serve as a basis 
for further training after the end of the project; perhaps as 
part of a commercialization effort. 
 
III.3 Task 3: The MY-AIR App and Evaluation 



In this section we first discuss the application (Section 3.1), 
and then our experimental evaluation and validation 
(Section 3.2). Additional considerations including privacy 
and incentives for crowd-sourcing will be discussed in 
Sections 3.3 and 3.4, respectively. 
 
3.1 The MY-AIR application 
The MY-AIR app will include prototype software to collect 
data and train the interpolation (Task 1) and personalization 
(Task 2) models. The data collection will be performed on 
smartphones, and the training will be performed in the 
cloud. The collected data will include the features indicated 
in Tasks 1 and 2, and the labels will be provided by the 
PM2.5 reading on the mobile pollution sensor, and by the 
wearable heart rate monitor.  

Now we discuss the MY-AIR architecture. The 
interpolation engine that estimates for every hour (or 
alternate time unit) the AQI in each geographic cell will be 
deployed at a server or in the cloud. The personalization 
engine that determines each minute the user’s 
microenvironment and heart rate and computes the PAQI by 
Eq (2) will reside in the smartphone11. The architecture is 
illustrated in Figure 3.  

The AQI in each geographic cell is computed every hour, 
but the PAQI can be calculated and displayed by the 
smartphone more frequently. For example, if in the middle 
of the hour the PAQI moves into the red zone, then it is 
displayed, and optionally triggers an alarm. Otherwise, it is 
displayed (and obviously recorded for further analysis) 
every hour. 

Of course, when it comes to health impact, cumulative 
effects are more important than instantaneous pollution 
readings. And MY-AIR will be built with extension 
capabilities, e.g., producing daily, weekly, monthly 
inhalation reports; or making suggestions in terms of 
alternative routing (e.g. walk on Franklin rather than 
Roosevelt) or activity (wearing an air-pollution mask, 
circulating in-vehicle air, etc.). Furthermore, observe that 
although we use forecasting for the purpose of interpolation, 
this project does not address pollution forecasting per se. 
However, when designing MY-AIR we will ensure that it 
can be extended with forecasting capabilities. This will be 
useful, for example, in making alternative routing 
suggestions. 

Battery consumption on the smartphone will be 
considered as follows. First observe that the critical power 
hungry sensor is the GPS. The other sensors used are very 
efficient in terms of power consumption. GPS power 
consumption will be reduced by Geofencing. This will 
ensure that the GPS sensor will not be activated if the user is 

                                                           
11 An alternative is that both engines reside in the smartphone. This 
increases privacy, but also increases power and computation 
consumption; this architecture will be considered. Another 
alternative is that both engines reside in the cloud. This decreases 
privacy,  but also decreases power and computation consumption 

stationary or does not deviate significantly from the last-
transmitted location. Our target battery consumption for 
MY-AIR is 7% or less of battery capacity. 

 
Figure 3: The architecture and User Interface of the 
MY-AIR app 
 
3.2 Research Results Validation Using MY-AIR  
Recall that the main novelties of the project are: 1. the use 
of mobile air pollution sensors for improving air-pollution 
interpolation, and 2. the personalization of AQI information. 
We will consider our approach as success if with 0.1% of 
the population of an area carrying the mobile sensors and 
sharing their generated data, the accuracy of the air 
pollution interpolation in the area will increase from 60% 
reported in [15] to at least 80%. In terms of personalization, 
we will consider our method a success if based on training 
data generated by 0.1% of the population, 95% of the heart-
rate predictions are within 15% of the actual readings of the 
heart rate monitors. 

The project is conducted in the Chicagoland area. Of 
course, the scope of this project does allow us to provide 
sensors to 0.1% of Chicagoland population. Thus we will 
restrict attention to the UIC area covering several square 
kilometers, and 0.1% of the UIC population which consists 
of about 30,000 students and faculty. Thus the study 
involves about 30 UIC students and faculty. These are 
called the experiment participants. They will carry a Flow 
sensor and will wear a heart rate monitor. Data collection by 
the participants will start after the app has been developed, 
and will continue throughout the project. We will measure 
battery consumption, accuracy improvement of PM2.5 
interpolation due to Flow air pollution sensors, heart rate 
accuracy prediction, and user-privacy sensitivity.       

We will also determine the model-accuracy improvement 
as a function of the number of experiment participants. This 
will be achieved by elimination from the training set of the 
data of 1, 2, 3,…, 20 random participants. 

We are collaborating on this project with the EPA. If MY-
AIR becomes available for download, e.g. as part of EPA’s 
TracMyAir 12app [35], the interpolation and personalization 
models built in this project can be continuously improved 
even after the end of the proposed project. The interpolation 

                                                           
12 Currently TracMyAir takes the air pollution readings from the 
closest EPA station to be the local pollution-value; as indicated 
above, this may be highly inaccurate since the closest station may 
be many miles away. Also, automatic personalization is not 
performed in TracMyAir. 



model can be improved if wearers of portable pollution 
monitors contribute their labeled data. Similarly, the 
personalization model can be improved if wearers of heart 
rate monitors contribute their data.  Incentives for such 
crowdsourcing are discussed next. 
 
3.3 Incentives for providing sensor readings  
Why would carriers of air-pollution monitors send their 
readings along with their location to enhance a machine 
learning model? The answer is that MY-AIR will provide 
the personalization component, indicating the individual 
intake of PM2.5. In our experiment we will test the 
hypothesis that personalization provides a sufficient 
incentive for data sharing. Specifically, 20 months into the 
experiment, we expect that the heart rate machine learning 
model will be complete. By that time we will recruit a new 
set of experiment participants, but provide them only with 
the Flow sensors, not the heart rate monitor. We will test 
their willingness to share the Flow sensor data in exchange 
for the personalization provided by the MY-AIR app. 

A similar question arises for wearers of heart rate 
monitors, and the answer is symmetric: If wearers of heart 
rate monitors provide their data, then MY-AIR will provide 
them with more accurate personalized air-pollution 
inhalation information, based on an interpolation that uses 
mobile sensors. 

An additional possible incentive for sensor data sharing is 
inspired by recent work on a Marketplace for personal 
spatio-temporal data [36]. In this vision, personal sensor 
data collected by mobile users is offered for sale through 
micro-transactions. In other words, carriers of air-pollution 
monitors sell their data for dollars or cents. The buyers may 
be integrators of pollution data that supply precise, accurate, 
spatially fine-grained information to health care facilities, 
nursing homes, contact tracers, epidemiologists, and real-
estate developers. Furthermore, climate change and 
COVID-19 may produce significant business opportunities 
for such integrators. 
 
3.4  Privacy considerations  
Users carrying mobile devices that periodically transmit 
time- and location-stamped information may be concerned 
about their location privacy. Location privacy has been a 
topic of active research conducted by us (e.g. [37]) and 
others [38]. However, [39] reveals that by and large people 
are not particularly sensitive to location privacy. 
Nevertheless, privacy can be addressed as follows:  
a) Allowing users to configure My-Air for privacy (this 

will indicate the sensitivity of users to privacy concerns 
in the context of air-pollution).  We discuss this option 
for two types of users:  
 

a.1) The users that do not wear heart rate monitors nor 
pollution sensors and use the model that has been trained 
previously. This means that their data is not used to train the 
model, but they provide their location to the MY-AIR cloud 

to receive interpolated pollution information specific to this 
location. In this case, configuration of MY-AIR for privacy 
means that the user will be allowed to download the 
interpolation model to their smartphone, thus avoiding the 
transmission of potentially sensitive information to the 
server. Obviously, this privacy protection comes at the 
expense of higher power and compute consumption. 
Another option for these users is to keep the interpolation 
engine on the server, but request from the server the 
interpolated information for multiple geographic cells 
around them, thus cloaking their exact location. 
 

a.2) The users that wears sensors, pollution, or heart rate, or 
both. Then collection of heart rate or pollution information 
is used to refine the model. In this case, configuration of 
MY-AIR for privacy also means that the user will be 
allowed to download the interpolation and personalization 
models to their smartphones. But in this case, it also means 
that refining of the model based on local sensor information 
will occur on the smartphone. And in this case there are 
again two options:  

i. The user chooses to keep the refinement private.  
ii. The user is willing to share the revised model 

(observe that since the user is not sharing raw sensor 
data, the risk to privacy violation is drastically 
reduced). If so, then a mechanism such as Google’s 
federated learning [40][41] can be used in order to 
combine the refined models of different users. 
Obviously, a federated learned model will be less 
accurate than a centralized trained model that uses 
the raw data. We will quantify the loss of accuracy 
that is a result of privacy protection enabled by local 
refinement of the model. 

b) Changing pseudonyms [42], and  
c) Specifying a variable level of location privacy, 

including increasing obfuscation for certain locations 
such as home and work, and studying the tradeoffs 
between privacy and accuracy when location 
obfuscation is used. 

If and when MY-AIR becomes available for use by the 
general public, a combination of the three methods above 
can be used. In this project we will only explore method a). 

III. CONCLUSION 

This paper described a project that personalizes air-quality 
information. The project has three novel aspects: 1. 
incorporation of opportunistic air-quality readings obtained 
from portable sensors to improve estimation of the Air 
Quality Index (AQI) at the user location, 2. personalization 
of the AQI based on the user activity, intensity, and 
microenvironment,  and 3. estimation of user’s heart rate to 
enable determination of the intensity of an activity such as 
running. These novel aspects are integrated with existing 
work on AQI forecasting and interpolation, and with 
existing work on activity recognition. 
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