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Annual average PM2.5 concentrations in μg/m3, 2006.
EPA Report: 
“Latest Findings on National Air Quality”

EPA PM2.5 sensor network is unequally distributed with more 
sensors in the East



PM2.5 exhibits unique multiscale variability

Meteorological Conditions,
Secondary Chemical Formation

Spatial Variability Temporal Variability



Annual average PM2.5 concentrations in μg/m3, 2006.

Current EPA PM2.5 sensor network designed with 1980s air 
pollution in mind

OurWorldInData. 2021



Rise of low-cost sensors and citizen science monitoring 
networks still unable to capture PM2.5 variability

“Democratization of air-quality data”

Purple Air sensors …
1) “are deployed in significantly Whiter, higher 

income census tracts relative to the national 
average” 

2) “are in locations with lower annual-average PM2.5

concentrations than [EPA] monitors [except 
California].”



Few studies have considered both spatial features and temporal 
dynamics in determining the placement of PM2.5 sensors

Waeytens and Sadr, 2018

Sun et al, 2019

Manohar et al., 2019



1. Can we design an ‘optimal’ sensor network 
for the United States?

2. Are there gaps in coverage for the current 
EPA network?



Machine-learned data fusion dataset provides the most 
representative PM2.5 concentration fields

Di et al., 2019

Traffic ~ Population GEOS-Chem
CMAQ



2000-2016 



Dynamic mode decomposition (DMD): 
dynamical system of coupled spatial temporal modes
1) Collect Data
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PM2.5 concentration fields

3) DMD
a) Diagnostics

b) Future state prediction
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Dominant DMD mode for 2000-2016 reveals localized 
hotspots of high PM2.5 variability

Mean

Std. Dev.

DMD mode



Kutz et al., 2015

Multi-resolution dynamic mode decomposition (mrDMD) 
allows for incorporation of transience



mrDMD modes reveal most air pollution episodes occur on time scales between 
one week and one month, with many of these events arising from wildfires

San Joaquin Valley Unified Air Pollution Control District “PM2.5 Challenges and Trends in the San Joaquin Valley"

Pt 1



mrDMD modes reveal most air pollution episodes occur on time scales between 
one week and one month, with many of these events arising from wildfires

Pt 1



mrDMD modes reveal most air pollution episodes occur on time scales between 
one week and one month, with many of these events arising from wildfires

2000-2011: 72 modes
27 fires (38%)

2006-2016: 77 modes
46 fires (60%)

Pt 2



We can perturb our mrDMD modal library to find the 
locations with the largest PM2.5 information content

Lat x Lon

Modal information

QR pivot

Lat x Lon



West of 100th meridian:

EPA: 32%  (694 out of 2156)
mrDMD: 53% (726 out of 1369) 

mrDMD tracks EPA 
network in the East 
with reduced density 



EP
A mrDMD

mrDMD identifies significantly more sensors in the San Joaquin Valley and in 
Northern California, and the Pacific Northwest than the current EPA sensor 
network

2004-2009
Marlier et al., submitted to ERL
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Application to urban air sheds: incorporating environmental 
justice  metrics 

Houston, TX St. Louis, MO



Median Annual 
Household IncomeProportion NonwhiteAverage PM2.5

Concentration (2006-2016)
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n=12
Mean annual PM2.5: 11.2 (0.5) 𝜇g m-3

Mean income: $59,751 ($32,322)
Mean nonwhite: 45% (29%) 

Purple Air sensors

St. Louis, MO



n=250
Mean annual PM2.5: 11.0 (0.6) 𝜇g m-3

Mean income: $74,293 ($35,403)
Mean nonwhite: 32% (29%) 

mrDMD mrDMD - nonwhite mrDMD - income

n=250
Mean annual PM2.5: 11.0 (0.6) 𝜇g m-3

Mean income: $77,053 ($35,099)
Mean nonwhite: 27% (29%) 

n=250
Mean annual PM2.5: 11.0 (0.5) 𝜇g m-3

Mean income: $91,481 ($63,417)
Mean nonwhite: 40% (32%) 

Note std dev 
are also much 

higher here 

St. Louis, MO data-driven EJ networks

More sensors in Granite Falls 
steel mills in E. STL

More sensors in Jennings 
and Ferguson

Mean and 
Standard 

Deviations:



Cumulative distribution of 
sensors show that mrDMD-
EJ optimizations capture 
more nonwhite + low-
income neighborhoods

PM2.5 concs
are similar among sensor
optimizations

Race-optimized network 
captures high density of 
nonwhite neighborhoods

Income-optimized network 
capture more low-income 
neighborhoods

PM2.5

Proportion non-white Median annual income



Median Annual 
Household IncomeProportion NonwhiteAverage PM2.5

Concentration (2006-2016)
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Purple Air sensors

n=34
Mean annual PM2.5: 12.0 (1.0) 𝜇g m-3

Mean income: $80,685 ($39,904)
Mean nonwhite: 60% (25%) 

Houston, TX



n=250
Mean annual PM2.5: 11.7 (0.9) 𝜇g m-3

Mean income: $112,138 ($72,645)
Mean nonwhite: 67% (27%) 

n=250
Mean annual PM2.5: 11.6 (0.9) 𝜇g m-3

Mean income: $85,428 ($43,023)
Mean nonwhite: 63% (23%) 

n=250
Mean annual PM2.5: 11.5 (0.9) 𝜇g m-3

Mean income: $83,963 ($45,738)
Mean nonwhite: 51% (25%) 

Houston, TX data-driven EJ networks
mrDMD mrDMD - nonwhite mrDMD - income

More sensors in Ship Canal 
region where oil refineries 
dominate + Trinity/Houston 

Gardens (majority black 
neighborhood)

More sensors in Ship Canal region 
where oil refineries dominate + 

Southwest Houston (majority black 
neighborhood)

Mean and 
Standard 

Deviations:



Takeaways
-First national-scale study that diagnoses the 
optimal placement of PM2.5 sensors based on air 
pollution modal information

-Results underscore the large impact that wildfires
have on PM2.5 concentrations and variability, 
especially in the West:

-53% of mrDMD sensor locations west of the 
100th meridian vs 32% for the current EPA network

-Suggest that the mrDMD sensors identified here 
may help capture high PM2.5 episodes not optimally 
monitored by EPA sensors:

-We recommend adding PM2.5 sensors in the 
San Joaquin Valley in CA, northern CA, and in the 
PNW (ID and the eastern parts of OR and WA). 

-Promising preliminary results for urban areas with 
environmental justice used in the data-driven 
network design





Clark et al., 2020

Incorporate multifidelity: high- and low-cost sensors



Clark et al., 2019

Population Elevation EJ metrics

Incorporate community-driven cost constraints into 
the optimization 

Non-white share of population by county





mrDMD identifies more sensors along the coast of Texas than the current EPA 
sensor network





Other monitors in the West



2013 PM2.5 NAAQS exceedances



1) Compute the singular value decomposition (SVD) of X

Noise

20

202400

Dynamic mode decomposition (DMD): 
dynamical system of coupled spatial temporal modes

2D FFT

5% of r



Dynamic mode decomposition (DMD): 
dynamical system of coupled spatial temporal modes

2) Compute an approximation Ã

1) Compute the singular value decomposition (SVD) of X



Dynamic mode decomposition (DMD): 
dynamical system of coupled spatial temporal modes

2) Compute an approximation Ã

1) Compute the singular value (SVD) decomposition of X

3) Perform eigendecomposition of Ã

W = eigenvectors of reduced Ã
Λ = eigenvalues of reduced Ã



Dynamic mode decomposition (DMD): 
dynamical system of coupled spatial temporal modes

2) Compute an approximation Ã

1) Compute the singular value (SVD) decomposition of X

a) Diagnostics

b) Future state prediction

Regression
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Pollution episode3) Perform eigendecomposition of Ã

4) Compute DMD modes Φ; Tu et al., 2013

𝑋 𝑡 ΦΛ 𝑏

DMD modes:
Spatial correlations between
data snapshots 

Eigenvalues: 
growth/decay oscillations



Lat x Lon

Modal information

Lat x Lon location matrix

Take measurements matrix

Inversion 
coefficients 

We may also reconstruct PM2.5 concentration fields from only measurements 
taken at point locations 
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Di et al., 2019

2002 California Fire

mrDMD better captures the spatial distribution of PM2.5 from wildfires and smoke than either the inte
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EPA interpolation DMD mrDMD

RMSE: 
2.86 ug/m3

RMSE: 
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2007 Summer
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mrDMD is relatively less accurate for periods in which pollution episodes are less extreme, though it 



PCA



n=18
Mean annual PM2.5: 11.4 (0.6) 𝜇g m-3

Mean income: $66,093 ($70,383)
Mean nonwhite: 47% (33%) 

EPA sensors

n=12
Mean annual PM2.5: 11.2 (0.5) 𝜇g m-3

Mean income: $59,751 ($32,322)
Mean nonwhite: 45% (29%) 

Purple Air sensors



n=14
Mean annual PM2.5: 12.0 (1.1) 𝜇g m-3

Mean income: $54,941 ($18,399)
Mean nonwhite: 80% (18%) 

EPA sensors

n=34
Mean annual PM2.5: 12.0 (1.0) 𝜇g m-3

Mean income: $80,685 ($39,904)
Mean nonwhite: 60% (25%) 

Purple Air sensors


