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ABSTRACT

Poor air quality is detrimental to health and is a leading environmental risk factor
for early death globally. The massive scale of urbanization and population growth has led
urban air quality to become a global concern as the release of air pollutants into the
atmosphere continues to increase. Air quality has traditionally been monitored using
reference-grade monitoring stations that are expensive and sparsely distributed. Low-cost
sensors can complement existing regulatory networks to provide more spatial detail,
capturing fine-scale variations. This study investigates spatiotemporal pollutant patterns,
exposure disparities and environmental justice using data collected from a two-year (2019-
2021) deployment of a multi-pollutant (PM2s, CO, Oz, NO2, NO, SOz, PM1o) low-cost
sensor network located in the Minneapolis-St Paul metropolitan area. The study focuses on
45 sensors in the network to identify fine-scale spatial variations within an urban region.
This study uses several data analysis techniques to investigate the spatiotemporal
variability of pollutant concentrations across Twin Cities, MN. Measurement of air quality
at a fine-scale can provide insight to pollution hot spots and transient peaks and help
improve efforts to protect the health of vulnerable populations. The analyses conducted
demonstrate the utility of a dense air quality sensor network and the techniques used can

easily be replicated for low-cost networks located elsewhere.
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1. INTRODUCTION

Poor air quality is detrimental to health and is a leading environmental risk factor
for early death globally (State of Global Air Report, 2020). According to the World Health
Organization, approximately seven million premature deaths attributable to air pollution
occur each year worldwide (WHO). The massive scale of urbanization and population
growth which has resulted in increase of traffic, industrialization and energy use has led
urban air quality to become a global concern as the release of air pollutants into the
atmosphere continues to increase (Kumar et al., 2014).

In the United States, air quality has traditionally been monitored using stations
equipped with Federal Reference Method (FRM) or Federal Equivalent Method (FEM)
instruments. These traditional networks produce high quality data as the FRM and FEM
designation for instruments is established through a strict testing protocol (Jiao et al.,
2016). However, the typical purchase cost of these reference monitors ranges from $15,000
to $40000 (USD) and their operation costs are high due to the need for shelter to house the
instrumentation, the need for highly trained technical staff, maintenance, repair and quality
assurance (US EPA, 2019). As a result, existing networks consist of only a limited number
of monitoring sites within an urban environment. Field studies (Jiao et al., 2016; Tanzer et
al., 2019) have shown that there are fine-scale spatial variations in outdoor air quality due
to localized impacts of source emissions and traditional networks are too sparse to capture
these variations.

Owing to recent advances in sensor technology, traditional networks can now be

supplemented using lower-cost air quality monitors to enhance spatial coverage. As



reported by US EPA (2019), the typical purchase cost of a low-cost sensor is in the range
of $200 to $5000 (USD), a fraction of the price of a reference monitor. The lower cost as
well as greater flexibility in where they can be installed, makes it possible to capture fine-
scale spatial variations within an urban area, as low cost sensors can be deployed at higher
density and can provide more spatial detail than traditional air quality monitoring stations
(Schneider, 2018).

This study presents results from a two-year deployment of a low-cost sensor
network in Twin Cities, MN, USA, focusing on 45 sensors in the network to identify fine-
scale spatial variations within an urban region. Within this study, “fine-scale” is defined as
variations among US ZIP codes throughout the Minneapolis-St Paul metropolitan area. The
objective of this study is to use this widespread network of low-cost air quality monitors,
to investigate disparities in air pollution exposure and environmental justice within the
Twin Cities region.

Environmental justice is the fair treatment and meaningful involvement of all
people regardless of race, color, national origin, or income, with respect to the
development, implementation, and enforcement of environmental laws, regulations, and
policies (US EPA). Previous research shows that the health burden of air pollution is not
evenly shared and that certain populations such as those residing in low income
communities and communities of color in the United States are exposed to higher-than-
average levels of air pollution (Liu et al., 2021). In this study, a network of low cost sensors
is used to investigate exposure disparities across income groups in the city-scale (Twin
Cities, MN) and whether vulnerable populations are disproportionately impacted by

specific air pollutants. This dense network of air quality monitors is used to investigate
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whether low income sites do in fact have higher concentrations of specific EPA criteria
air pollutants in comparison to sites with higher income. Studies have found associations
between redlining— a racially discriminatory housing policy that was outlawed in 1968—
and present-day environmental health disparities in the United States (Lane et al., 2022).
As reported by Lane et al. (2022), there is limited research on air pollution exposure and
redlining. In this study, the network of low-cost sensors in urban Minnesota is also used to
explore associations between Home Owners’ Loan Corporation (HOLC) grade and air
pollution disparities in the Twin Cities.

It is noteworthy to mention that this study is observational and examines
associations between socioeconomic factors and air pollutant concentration levels and is
not designed to distinguish causation. It is also important to note that, currently, low-cost
sensors cannot replace traditional monitors for regulatory monitoring or personal exposure
quantification. However, this study demonstrates the potential of low-cost sensor networks
to complement existing regulatory networks to understand air quality variability at a fine

spatial scale.



2. MATERIALS AND METHODS

2.1. SENSOR NETWORK

Figure 2.1 Map of sensor sites.

This study focuses on data from 45 air quality monitors that were deployed
throughout Minneapolis-St Paul (Figure 2.1) over June 2019- June 2021, under the
Assessing Urban Air Quality Project conducted by the Minnesota Pollution Control
Agency (MPCA). The Assessing Urban Air Quality Project aims to understand small-scale
variability of harmful air pollutants within densely populated regions and the sensor

network has at least one monitoring unit in each ZIP code in the Twin Cities, with multiple



monitoring sites in ZIP codes that cover a larger area. The network consists of AQMesh

pods and each monitoring unit reports data for particulate matter (PM1o, PM2s, and PMy),
carbon monoxide (CO), ozone (Oz), nitrogen dioxide (NO), nitric oxide (NO), and sulfur
dioxide (SO2) and the sensors are able to obtain a reading every minute to provide the
average pollutant concentration for each hour. AQMesh air quality monitoring systems
have demonstrated reliability and performance through global co-location comparison

trials against calibrated reference stations (Randle, 2016).

2.2. SENSOR DATA ANALYSIS

2.2.1. Time Variation Plots of Concentration. To assess sensor performance
seasonal and diurnal trends were generated using data from all 45 sensor locations over the
years 2019-2021. Median pollutant concentrations were considered instead of the mean to
avoid influence of extreme outlier values. To explore monthly patterns over 2019-2021,
hourly air pollutant concentration data were assigned into half-month bins and a median
concentration was obtained for each bin. The objective of using 15-day median
concentrations was to observe monthly trends more closely. To observe daily trends for
each of the pollutants during 2019-2021, concentration data were binned into each hour of
the day and a median value was obtained for each bin. In addition to the median values, q1
(25th percentile) and g3 (75th percentile) were also plotted to obtain a general idea on the
distribution of pollutant concentrations.

2.2.2. Coefficient of Divergence (COD). Coefficient of Divergence (COD) was
computed to evaluate the significance of concentration differences among sensor sites

(Krudysz et al., 2008; Tanzer et al., 2019). The COD was computed using equation (1)



(Tanzer et al., 2019). COD values range from 0 to 1; 0 indicating similar concentrations

and 1 indicating extreme concentration differences among a sensor pair (Pakbin et al.,
2010). COD values greater than 0.2 were considered to be indicative of significant spatial
heterogeneity on an hourly basis (Krudysz et al., 2008; Tanzer et al., 2019). Due to data
incompleteness, only the measurements from the year 2020 were considered and only the

sensor sites having readings for every hour of 2020 have been included in the analysis.

XiA+XiB

coD = \/%Z’Ll(w)z (1)

Where,
N: number of paired observations
i :time period (each hour)
Xia: hourly pollutant concentration measured at site A

xig: hourly pollutant concentration measured at site B

2.2.3. Power Spectral Analysis. To identify significant periodicities within the
time series of air quality data, the spectral density was estimated for each frequency using
the mvspec package in R. To smooth the data, a Hann window was applied (Marinescu et
al., 2019) considering frequency resolution, amplitude resolution and leakage reduction.
Median values were calculated for each hour of the day for the entire dataset (45 sites).
Frequencies with the highest spectral densities were identified as significant periodicities
in the time series. When conducting the spectral analysis, data over the years 2019-2021
were separated into seasons. Throughout this paper, seasons are defined as follows: winter

(December- February), spring (March- May), summer (June-August), and fall (September-



November) and accordingly, the dataset was categorized into eight subsets as summer
2019 (SM19), fall 2019 (FL19), winter 2019 (WN19), spring 2020 (SP20), summer 2020
(SM20), fall 2020 (FL20), winter 2020 (WN20) and spring 2021 (SP21) and the dominant
periodicity of each subset was identified for all seven pollutants.

2.2.4. Exposure Based on Socioeconomic Disparities. Air quality disparities in
relation to level of income were explored among ZIP codes in the Minneapolis-St Paul
area. Per capita income and percent population below poverty line were used as indicators
of socioeconomic status to evaluate variability across income groups. Income statistics data
were obtained from the US Census Bureau's American Community Survey. The sensor
locations were sorted from highest to lowest per capita income ($78295 to $3998) and the
top five sites (namely, City of Lakes Building, Cedar-Isles-Dean, Kenny, MPCA office
and Highland Park Middle School) and bottom five sites (namely, Harding High School,
Jackson Elementary School, Hawthorne, Jordan and Bruce Vento Elementary School) were
identified. It is important to note that sites with missing data and anomalous data were
eliminated during the process of sorting and selecting the top/bottom five sites. After the
selecting the five sites of highest per capita income, the three sites having the lowest percent
population below poverty line were identified as “high income” sites in this study.
Similarly, among the five sites of lowest per capita income, the three sites having the
highest percent population below poverty line were defined as “low income” sites.

By obtaining Pearson correlation coefficients (r), the association between pollutant

concentration and income variables were further investigated.

—_L yn (Xi=X\(yi7¥
rxy_n—l lzl(ax)(ay> 2)



Where,
n: sample size
Xi: X-variable value
X: x-variable sample mean
yi: y-variable value
y: y-variable sample mean
ox. X-variable sample standard deviation

oy. y-variable sample standard deviation

All air pollutant observations were binned depending on the sensor location. Then,
a median air pollutant concentration was calculated from each bin, representative of the
average air quality at each sensor location. Per capita income of each sensor location (ZIP
code) was selected as the desired income indicator. Finally, the Pearson correlation
coefficient was calculated between these 45 observation pairs as a measure of their linear
dependence. Furthermore, it was explored whether a correlation exists between percent
reduction in median pollutant concentration over 2019-2021 and per capita income. Percent

reduction in median air pollutant concentration was obtained as follows:

% reduction in pollutant concentration = 22ezt=Mz010 5 10 (3)

2019

Where,
M2o19: median air pollutant concentration in 2019

M2o21: median air pollutant concentration in 2021



Delving deeper, a Simple Linear Regression (SLR) model was used to explore
whether there is a statistically significant linear relationship between per capita income
(explanatory) and median pollutant concentration/ percent reduction in median pollutant

concentration (response).

y=PBo+pix+e 4)

Where,
y: overall median pollutant concentration
or percent reduction in median pollutant concentration
X: per capita income

¢: random error

The non-parametric counterpart of an independent-means t-test, the Mann-Whitney
U test (also known as the Wilcoxon Rank Sum Test), was used to examine whether there
is a statistically significant difference between median pollutant levels among groups of
high income and low income sites. In determining these groups, the median per capita
income was calculated and this value was considered to be the point separating the income
distribution into two groups as high income and low income (US Census Bureau).
Accordingly, sites having income above the median were defined as high income sites and
those having income below the median were identified as low income sites to conduct this
test. Determination of the Mann-Whitney test statistic “U” involves the following equation:

ny(n, +1
(%)
n,(n, +1)

2 Ry

U, =nyn,
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Where,
Ny, n2; sample size of groupl and group 2 respectively

R1, R2: sum of ranks for group 1 and group 2 respectively

2.2.5. Exposure Based on Historical Redlining Maps. In order to investigate the
association between historical redlining and present day air pollutant concentrations, the
1930s HOLC maps developed by University of Richmond’s Mapping Inequality Project
were used to identify the HOLC grade assigned to mapped sensor sites in the studied
network. Only a single site was found to belong to HOLC category A (‘“best”) in the studied
region. For this reason, this study only evaluates disparities between the three remaining
HOLC grades: B (“still desirable”) — 10 sites, C (“still declining) -15 sites, and D
(“redlined”)-7 sites. Sites that did not fall within the bounds of graded regions were
excluded from analysis (11 sites). Box-whisker plots were generated to visualize variations
in pollutant concentrations across groups B, C and D.

2.2.6. Conditional Bivariate Probability Function (CBPF). Bivariate polar
plots are a useful graphical technique that can display the variation of pollutant
concentration with both the wind speed and wind direction in polar coordinates (Uria-
Tellaetxe and Carslaw, 2014).The basic Conditional Probability Function (CPF) statistic
can show the probability of high pollutant concentrations occurring by wind direction and
thereby help identify source directions that dominate high concentrations (Ashbaugh et al.,
1985; Uria-Tellaetxe and Carslaw, 2014). The CPF is defined as follows (Ashbaugh et al.,
1985; Uria-Tellaetxe and Carslaw, 2014):

CPF,p = —mf |cx (6)

AO
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Where,
me: number of samples in wind sector A© having concentration (c)
greater than or equal to a predetermined threshold value (x)

ne: total number of samples from wind sector A©

The Conditional Bivariate Probability Function (CBPF)—a combination of CPF and
bivariate polar plots—allows the use of a third variable; wind speed. It is defined as (Uria-

Tellaetxe and Carslaw, 2014):

CBPFAG,Au=M @)

N 40,4u

Where,
Mae, au: NUMber of samples in wind sector A© with wind speed interval
Au having concentration (c) greater than or equal to a predetermined
threshold value (x)
Nae, au: total number of samples from wind sector A© and wind speed

interval Au

Therefore, the bivariate case of the CPF function is not only useful in detecting
source regions but also characterizing sources as it offers information on wind speed
dependencies of concentrations (Uria-Tellaetxe and Carslaw, 2014). The polarPlot
function in the openair R package was used to generate CBPF plots for a 75th percentile
threshold. For wind speed (ws) and wind direction (wd) information, NCAR’s CISL

Research Data Archive was used and data for the Minneapolis—Saint Paul International
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Airport station in the year 2020 were obtained. Sensor sites having data for every hour
of the year were selected for analysis and the ws, wd data was used universally for all
selected sensor sites. CBPF plots have been generated for spring 2020 (SP20), summer

2020(SM20), fall 2020(FL20) and winter 2020 (WN20) to observe seasonal variation.
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3. RESULTS AND DISCUSSION

3.1. SEASONAL VARIABILITY
Figure 3.1, (a) through (g) illustrates the monthly trends of each pollutant for the
years 2019 (blue), 2020 (purple) and 2021(green). Seasons are defined as follows: winter

(December- February), spring (March- May), summer (June-August), and fall (September-

November).
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Figure 3.1 Monthly trends of overall network.
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Figure 3.1 Monthly trends of overall network. (Cont.)

Results for CO (Figure 3.1(b)) indicate a high winter- low summer seasonality, with
a highest median concentration of 450 ppb (winter 2020) and a lowest median
concentration of 275 ppb (summer 2020). These seasonal differences may be attributed to
winter heating, higher concentrations of hydroxyl (OH) radical and intense mixing
processes during warmer months (Bi et al., 2022). It can be observed that both NO> (Figure

3.1(d)) and SO2 (Figure 3.1(e)) follow a similar seasonal trend, reaching peak concentration
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in summer. The summer high for NO2 and SO are 20 ppb and 4.5 ppb respectively. The
lowest median concentration for NO> is observed in the spring and fall months (5 ppb)
whereas for SO, concentrations are lowest during spring (2.75 ppb). Both NO2 and SO»
are among the main products of forest fires (Lazaridis et al., 2008) and peak concentrations
observed during summer may be a result of smoke from wildfires originating outside of
Minnesota, in the western U.S. and Canada ( MPCA, 2019).

The concentration of Oz (Figure 3.1(a)) peaks during summer season, reaching a
maximum of approximately 38 ppb (summer 2021). The minimum concentration of Oz
observed is a winter low of 9 ppb (winter 2020). The higher levels of Oz during the summer
reflects increased photochemical activity during warmer months (US EPA, 2003).When
compared to the rest of the pollutants, PM2s (Figure 3.1(c)), PM1o (Figure 3.1(g)) and NO
(Figure 3.1(f)) do not exhibit significant seasonal variations. However, it can be observed
that both PM. s and PM1g follow a similar trend and that median concentrations are highest
during winter months (11.5 pg/m? and 20 pg/m? for PM2s and PMzg respectively). NO

experiences lower concentrations during the summer than in any of the other three seasons

(1 ppb).

3.2. DIURNAL VARIABILITY

Figure 3.2, (a) through (g) illustrates daily trends for each of the pollutants in 2019
(blue), 2020 (purple) and 2021(green). Based on the plots generated, no significant
variation is observed throughout the day for PM2s (Figure 3.2(a)) (in the range of 4-6
pg/m3), PMyo (Figure 3.2(b)) (10-12 pg/m3) compared to the rest of the pollutants (CO, Og,

NO2, NO, SO3). The results for CO (Figure 3.2(c)) show that a peak concentration is
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reached within 7.00 AM - 8.00 AM, which can be attributed to the morning rush
(Jayaratne et al., 2021). After the morning rush hours, median CO concentration levels
continue to decline to a minima of 290 ppb in the hours of early afternoon, between 2.00
PM -3.00 PM possibly due to lower traffic volumes or the contribution in photochemical
reactions as a precursor compound for ozone formation. It can be observed that the CO
concentration increases after 3.00 PM, possibly reflecting the evening rush hours

(Jayaratne et al., 2021) and reaches another peak at about 10.00 PM.
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O3 concentration (Figure 3.2(d)) levels are observed to rise after 7.00 AM, in the
presence of sunlight and peak concentrations are observed within the afternoon hours of
4.00 PM- 5.00 PM (24 ppb, 24 ppb and 19 ppb in 2019, 2020 and 2021 respectively). This
peak in the late afternoon may be attributed to increased photochemical activity (Aneja et
al., 2000). O3 concentrations are found to decline as the intensity of sunlight reduces, after

about 5.00 PM. NO (Figure 3.2(g)), NO2 (Figure 3.2(e)) and SO (Figure 3.2(f)), follow a
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similar hourly trend, reaching a peak around 8.00 AM-9.00 AM, possibly due to the
morning rush (Kendrick et al.,2015; Souza et al.,2019) .A minima is reached around 5.00
PM - 6.00 PM after which increasing concentrations are observed for NO2 and SO,
indicative of evening rush(Kendrick et al.,2015; Souza et al.,2019). However, for NO, a
noticeable increase in concentration is not observed after the late afternoon minima. The
highest median concentrations observed for NO, NO2 and SO are 5 ppb, 15 ppb and 3.75
ppb respectively.

It can be observed that for each pollutant, the results from years 2019-2021 all
follow a similar general diurnal pattern thereby demonstrating the performance of the
studied low-cost sensor network. It is also important to note that when compared to

NAAQS, the concentrations observed are considerably lower.

3.3. SPATIAL VARIABILITY (COEFFICIENT OF DIVERGENCE)

Based on the results (see Appendix A), the maximum COD values computed are
associated with concentrations of NO (Figure A.6) and are within the range of 0.2 - 0.65,
indicating moderate to high spatial heterogeneity (Krudysz et al., 2008). All pairwise COD
values for NO are greater than or equal to 0.2 and about half of the values are greater than
0.4. For NO; (Figure A.3), COD values range from 0.09 to 0.31 and about half of the site
pairs show COD greater than 0.2. It can be observed that COD values of Os (Figure A.4)
vary from 0.08 to 0.34 and those of PM1g (Figure A.7) are within the range of 0.09 -0.21.
The range of COD values computed for NO2, Oz and PMyo indicate spatial homogeneity
and modest spatial heterogeneity (Pakbin et al., 2010).The COD values calculated for

concentrations of PM2 s (Figure A.1), CO (Figure A.2) and SO (Figure A.5) vary between
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0.06 - 0.13, 0.03- 0.17 and 0.03- 0.11 respectively, indicating little to no spatial

variability (Pakbin et al., 2010).

3.4. SPECTRAL ANALYSIS

This section presents the results from power spectral analyses, identifying
significant temporal cycles within the data separated into seasons. Results are summarized
in Table 3.1 below. Based on the results obtained, daily, half month, monthly and month
and a half cycles can be observed within the seasonal data. During the spring of 2020, daily
cycles are dominant for all pollutants except for Particulate Matter (PM2.5, PM1o). During
the winter of 2019, monthly cycles are dominant for all pollutants except for NO, for which

a daily periodicity is dominant.

Table 3.1 Key temporal cycles within pollutant concentration data.

Dominant Periodicity (Days)

Pollutant | SM19 FL19 WN19 SP20 | SM20 FL20 WN20 SP21
PM:s 15 15 30 15 45 15 45 23
Os 1 1 30 1 1 1 45 45
CO 1 45 30 1 1 1 45 1
NO; 1 45 30 1 1 1 30 15
SOz 45 45 30 1 45 13 45 1
NO 1 45 1 1 1 1 9 45
PM1o 15 10 30 15 45 15 45 23
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3.5. EXPOSURE DISPARITIES BY INCOME
Figures 3.3(a) through (n) below illustrate the comparisons between median
pollutant concentrations in the years 2019 vs. 2020 among the “high income” (Cedar-Isles-
Dean, Highland Park Middle School, MPCA Office) and “low income” sites (Jackson
Elementary School, Hawthorne, Bruce Vento Elementary School) selected (site selection
introduced under materials and methods).By comparing the median CO concentrations in
2019 ( Figure 3.3(a)) and 2020 (Figure 3.3(b)), it can be observed that the three low income
sites (red) have higher concentrations in both 2019 (ranging from 300 - 400 ppb) and 2020
(300 - 410 ppb range) throughout most hours of the day relative to the concentrations of
the three sites of higher income (blue) in 2019 (275-360 ppb range) and 2020 (260-360 ppb
range).
Figure 3.3(c) and 3.3(d) illustrate the median pollutant concentrations of PM2s in
2019 vs. 2020. While there is no apparent pollutant trend among high income and low
income sites collectively, when examining the fluctuations in median PM2 s levels for the
selected sites individually, it can be observed that there is a slight increase in concentration
for two out of the three low income sites (namely, Hawthorne and Bruce Vento Elementary
School) when comparing the years 2019 (5.1 ppb- 6 ppb for Hawthorne and 4.9 ppb- 6 ppb
for BVES) and 2020 (5.4 ppb — 6.25 ppb for Hawthorne and 5.2 ppb -6.4 ppb for BVES).
We also find that for two out of the three high income sites (namely, Cedar-Isles-Dean and
Highland Park Middle School), a slight decrease in concentration is observed from 2019
(5.4 ppb — 6.3ppb range for CID and 5.7ppb- 6 ppb range for HPMS) to 2020 (5.3 ppb- 6.1

ppb range for CID and 5.3 ppb — 5.8ppb range for HPMS) at all hours.
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Table 3.2 below shows the correlation between per capita income and median
pollutant concentrations. The correlation between median pollutant concentration over the
years 2019 and 2021 and income is represented by “r 2019 2021 whereas “r 20197,
“r 2020” and “r 2021 each represents the correlation between median pollutant
concentration during that respective year and income. The correlation between percent
reduction in median pollutant concentration over 2019-2021 and income is represented by

“r_reduction”.

Table 3.2 Correlation between median pollutant concentration and income.

Pollutant | r 2019 | r 2020 | r 2021 | r_2019 2021 | r_reduction

CO -0.1365 | 0.0826 | 0.1987 0.1597 0.1541

NO 0.0959 | -0.0369 | 0.0069 0.0154 0.0574

NO2 0.2656 | -0.0182 | 0.1711 0.3084 -0.1174
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Table 3.2 Correlation between median pollutant concentration and income. (Cont.)

Os 0.2264 | -0.1548 | 0.1971 0.2092 -0.3059
PM1o 0.0564 | 0.0006 | -0.0814 -0.043 -0.1063
PMz2s 0.0094 | -0.0268 | -0.0436 -0.0983 -0.0469
SOz -0.3896 | 0.1592 | 0.0062 -0.0585 -0.2605

The Pearson correlation coefficients calculated indicate weak positive and weak
negative correlations between per capita income and median pollutant concentrations over
the years 2019-2021. Correlations between per capita income and median CO, NO, NO;
and O3 concentrations over 2019-2021 are weak positive (0.1597, 0.0154, 0.3084 and
0.2092 respectively) whereas PM1o, PM25 and SO show weak negative correlations (-
0.043, -0.0983 and -0.0585 respectively). Per capita income and median NO, show the
highest positive correlation of r =0.3084. Percent reduction in concentrations over 2019-
2021 were found to be weakly negatively correlated with per capita income for all
pollutants except for CO and NO which exhibited weak positive correlations (0.1541 and
0.0574 respectively).

The use of a SLR model suggested that there is no statistically significant linear
relationship between per capita income and overall median pollutant concentrations except
for NO». The SLR model fitted between NO> and per capita income had a p value=0.0417
< 0=0.05 indicating a significant linear relationship between the two variables. High p-

values (> a = 0.05) yielded from the Mann-Whitney U test, suggests that there is no
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statistically significant difference between the pollutant levels of high income and low

income sites.

3.6. EXPOSURE DISPARITIES BY HOLC GRADE

From the box-whisker plots of concentration vs. HOLC grade, it can be concluded
that there is no significant variation in median concentration levels among site groups of
HOLC grades, B, C and D. The median CO concentrations for groups B, C and D are within
the range of 300-350 ppb. Median PM_ s varies within the range of 2-5 pg/m?3 and median
levels of PMyg range from 6-10 pg/m3. Oz, NO, NO>, and SOz lie within the ranges of 15-

17 ppb, 0.5-2 ppb, 10-12 ppb and 3.25-3.75 ppb respectively.

3.7. SOURCE CHARACTERIZATION (CBPF)

The CBPF results for gaseous pollutants, CO, Oz, NO2, NO, SO and particulate
matter fractions, PM1o, PM2 s are included in the Appendix section of this paper. The plots
generated (see Appendix B), illustrate seasonal variation over a one-year period (2020). It
can be observed that similarities exist among dispersion of PM2s and PMzo, notably in the
spring and in the fall. In the spring (Figure B.1 and Figure B.25), highest probabilities for
high concentrations appear in a southerly direction at relatively high wind speeds (between
8 ms?to 12 m s™). During the fall (Figure B.3 and Figure B.27), high probability areas
occur under relatively low wind speed conditions (lower than 6 m s for a majority of the
sites) under which directionality is not well defined. Therefore, we can infer that, in the

spring, sources that contribute to high concentrations of PM.s and PM1o are not in the
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immediate vicinity whereas dominant sources for high concentrations during fall are
local in origin.

Figures B.13, B.14, B.15 and B.16 present the results for SO in the spring (SP20),
summer (SM20), fall (FL20) and winter (WNZ20), in that order. During SP20, FL20 and
WN20, probability is highest under low wind speeds (<4 ms™ for SP20, <2 m s for FL20
and <4 m s for WN20), indicating that local sources contribute to high concentrations. In
SM20, areas of high probability appear toward a southwesterly direction at relatively high
wind speeds (between 6 m st and 10 ms™?). Thus, it can be deduced that long range
transport may contribute to high SO concentrations during SM20. Interestingly, a peak in
SO2 concentration is observed during SM20 in the seasonal time variation plots (Figure
3.1(e)). The seasonal time variation plots also show that SO, and NO> (Figure 3.1(d))
follow a similar trend and a peak in NO, concentration is observed during SM20 as well.
When comparing the CBPF plots of SO2 and NO, during SM20, it can be seen that the
dispersion pattern of NO: closely resembles to that of SO, indicating that NO is
transported. These results support the previous interpretation that the peak concentrations
of SO, and NOz observed during SM20 may be owing to emissions from wildfires

originating outside of Minnesota, in the Western United States and Canada.
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4. CONCLUSION

A dense network of 45 low-cost multi-pollutant air quality sensors were deployed
in Twin cities, Minnesota over the years 2019-2021 under MPCA’s Assessing Urban Air
Quality Project. Through the data analyses conducted, clear trends are observed for daily
and monthly pollutant concentrations, which can be explained by traffic routines and
atmospheric chemistry. Assessment of spatial variability between sensor sites indicates
spatial homogeneity and modest spatial heterogeneity for all pollutants except NO, for
which moderate to high spatial heterogeneity is observed. CBPF plots generated help
identify impacts from local and distant emission sources and clear variation is observed
across seasons. Also, the monthly pollution peaks observed for certain pollutants (SOz,
NO3) can be justified through long range transportation, as indicated by the CBPF plots.
Daily, semimonthly, monthly and month and a half cycles are dominant within the time
series separated into seasons. Several statistical methods were used to evaluate exposure
disparity across income groups in the city-scale and although some disparity is observed
between sites of highest and lowest income, overall, it can be concluded that there is little
to no correlation between pollutant exposure and income for the 45 locations studied in
this work. There is no significant variation in median concentration levels among site
groups of different redlining grades. However, replicating these analyses for low-cost
sensor networks deployed elsewhere can deliver insight as to whether such exposure

disparities exist within other urban areas.
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COEFFICIENTS OF DIVERGENCE (COD)
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APPENDIX B.

CONDITIONAL BIVARIATE PROBABILITY FUNCTION (CBPF) PLOTS
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Figure B.1. CBPF plots for a 75th percentile threshold of PM2 s Concentration SP20
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Figure B.2. CBPF plots for a 75th percentile threshold of PM2s Concentration SM20
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Figure B.3. CBPF plots for a 75th percentile threshold of PM2 s Concentration FL20
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Figure B.4. CBPF plots for a 75th percentile threshold of PM2s Concentration WN20
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Figure B.5. CBPF plots for a 75th percentile threshold of CO Concentration SP20
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Figure B.6. CBPF plots for a 75th percentile threshold of CO Concentration SM20
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Figure B.7. CBPF plots for a 75th percentile threshold of CO Concentration FL20
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Figure B.8. CBPF plots for a 75th percentile threshold of CO Concentration WN20
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Figure B.10. CBPF plots for a 75th percentile threshold of Oz Concentration SM20
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Figure B.11. CBPF plots for a 75th percentile threshold of O3z Concentration FL20
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Figure B.12. CBPF plots for a 75th percentile threshold of OsConcentration WN20
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Figure B.13. CBPF plots for a 75th percentile threshold of SO, Concentration SP20
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Figure B.15. CBPF plots for a 75th percentile threshold of SO. Concentration FL20
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Figure B.16. CBPF plots for a 75th percentile threshold of SO, Concentration WN20



NO, SPRING 2020

[ -3 ,

005 01 015 02 025 03 035 04 045
CPF probability
NO;

Figure B.17. CBPF plots for a 75th percentile threshold of NO2 Concentration SP20
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Figure B.18. CBPF plots for a 75th percentile threshold of NO2 Concentration SM20
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Figure B.19. CBPF plots for a 75th percentile threshold of NO2 Concentration FL20
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Figure B.20. CBPF plots for a 75th percentile threshold of NO2 Concentration WN20
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Figure B.21. CBPF plots for a 75th percentile threshold of NO Concentration SP20
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Figure B.22. CBPF plots for a 75th percentile threshold of NO Concentration SM20
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Figure B.23. CBPF plots for a 75th percentile threshold of NO Concentration FL20
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Figure B.24. CBPF plots for a 75th percentile threshold of NO Concentration WN20
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Figure B.26. CBPF plots for a 75th percentile threshold of PM1o Concentration SM20
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Figure B.27. CBPF plots for a 75th percentile threshold of PM1o Concentration FL20
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Figure B.28. CBPF plots for a 75th percentile threshold of PM1g Concentration WN20
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