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ABSTRACT: Mobile ambient air quality monitoring is rapidly
changing the current paradigm of air quality monitoring and
growing as an important tool to address air quality and climate
data gaps across the globe. This review seeks to provide a
systematic understanding of the current landscape of advances and

applications in this field. We observe a rapidly growing number of sources

air quality studies employing mobile monitoring, with low-cost
sensor usage drastically increasing in recent years. A prominent
research gap was revealed, highlighting the double burden of severe
air pollution and poor air quality monitoring in low- and middle-
income regions. Experiment-design-wise, the advances in low-cost
monitoring technology show great potential in bridging this gap
while bringing unique opportunities for real-time personal
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exposure, large-scale deployment, and diversified monitoring strategies. The median value of unique observations at the same
location in spatial regression studies is ten, which can be used as a rule-of-thumb for future experiment design. Data-analysis-wise,
even though data mining techniques have been extensively employed in air quality analysis and modeling, future research can benefit
from exploring air quality information from nontabular data, such as images and natural language.

KEYWORDS: Air Quality, Pollutants, Mobile Monitoring

1. INTRODUCTION

A majority of the world’s population is exposed to air pollution
levels exceeding the World Health Organization guideline
limits, which led to 4.2 million premature deaths worldwide in
2016." Moreover, this health burden is disproportionately
imposed on low- and middle-income countries. Accurate air
quality data is crucial for tracking adverse health impacts of
poor air quality and developing effective pollution mitigation
plans. However, levels of different pollutants can vary on the
order of a few meters in complex urban environments,”’
potentially rendering even a dense network of stationary air
quality monitors unable to capture hyperlocal pollution
variation.

The miniaturization and cost decrease of air quality sensors
provide new measurement and study opportunities to air
pollution researchers and practitioners in various settings,
stationary or mobile, and closed or open spaces. Mobile
monitoring techniques exhibit great flexibility in various
applications, including indoor air quality characterization,”
automated air quality monitoring,s’6 or wearable sensors as the
base for crowd-sourced environmental monitoring.” In
ambient air quality monitoring practices, mobile monitoring
is a highly scalable method that significantly enhances the
spatiotemporal resolution of air quality data. Recently, it has

© XXXX American Chemical Society

7 ACS Publications A

been attracting prominent attention from both the scientific 46
community and the public to trace emission sources, evaluate 47
ambient air pollution’s spatiotemporal distributions, and assess 48
personal exposures and related public health burdens, among 49
many other applications.””'" Besides being used as a so0
standalone measurement technique, mobile monitoring has s1
been an indispensable data source to complement traditional s2
stationary air sampling, satellite remote sensing, and physical s3
and empirical model simulations.'””"> The growing body of s4
mobile monitoring literature has presented a myriad of ss
confounding factors to consider in study design for future s6
studies, which urgently calls for a systematic organization of s7
existing knowledge in this field. While we acknowledge the ss
diversity and versatility of mobile monitoring studies, we have s9
defined the scope of this review only to address studies on the 60
mobile monitoring of ambient air quality, where measurements 61
are conducted while the sensors are in motion (e.g., carried by 62
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What are common mobile monitoring
study topics/research questions?

‘What are the most studied
pollutants and their sources?

What role are low-cost sensors

Current landscape and prominent
S . . o Study proposal
research gaps in mobile monitoring

What are the most understudied
regions?

playing in mobile monitoring?

‘What are the most commonly

Who are collecting data? 5
= used sensors?

Key factors to consider in mobile
monitoring experiment design

JL{Field experiment design

[\\'har is carrying the sensors’.’] [ How are sensors calibrated? ]

|
What are the spatial What are the temporal ‘
coverages/resolutions? coverages/resolutions?
How many repetitions are needed given various study purposes
and temporal limits?
What analysis/modeling What are the complementary air
methods are used? quality data sources in analysis?
e
How are data aggregated in What is the application status of
analysis/modeling? machine learning techniques?

Analysis tools and use cases of
mobile monitoring air quality data

— Data analysis and modeling
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From initial codes to themes

Figure 1. Conceptual flowchart of a mobile monitoring study.

a pedestrian or deployed on a vehicle). We use the term
“mobile monitoring” to refer to the studies using such a
monitoring scheme for simplicity. It is worth noting that
studies using portable instruments for short-term stationary
measurements are not in our review’s scope.

Previous reviews mainly concentrate on two distinct areas of
the sensing platforms and the data application. On the one
hand, a great amount of attention has been paid to the rapid
development of air quality sensing tools, firmware, or software,
for mobile uses. Idrees and Zheng'® reviewed recent low-cost
air pollution monitoring systems, emphasizing their integration
with enabling technologies, such as wireless sensor networks
and the Internet of Things. They find the enabling
technologies are not ready at the current stage but fast-
evolving. Similarly, Villa et al.'” reviewed the applications of
small unmanned aerial vehicles (UAVs) as the platform for
ambient air quality monitoring. They argue that, even though
the potential of UAVs in air quality monitoring has been
established, the strict civil aviation regulations and laws are the
biggest challenges in its wider adoption. Krl et al.'® and Baron
and Saffell'” examined the development of VOC sensor and
amperometric gas sensor technology, respectively. Specifically,
Krol et al.'® categorized the sensors by the ability to be
transported into those for stationary and mobile use. However,
several types of equipment designed for stationary monitoring
have also been adapted later for successful mobile deploy-
ments.”""** It demonstrates the necessity of reviewing the
current sensor technology in an application-oriented scope, as
in this paper.

On the other hand, environmental researchers and
practitioners are interested in how data collected by mobile
monitoring platforms can be used to inform air pollution
mitigation and management strategies. Kumar et al.”’ and
Morawska et al.”* both focused on reviewing low-cost air
quality sensors from the application perspective. The two
reviews discussed low-cost sensor use cases and opportunities
on mobile platforms while recognizing the potential of these

sensors’ integration with smartphones and wearables for
opportunistic and ubiquitous air quality monitoring. Similarly,
Thompson™ reviewed the current establishments of high
spatiotemporal “crowd-sourced” air quality monitoring net-
works, identifying that the bottleneck of such large-scale
networks is low-cost sensor data quality rather than data
communication. They also suggest that more investment
should be directed to the fundamental analytical chemistry of
the sensing platforms rather than to the immediate deployment
of large smart-city systems. To the authors” knowledge, Gozzi
et al.”® wrote the only review on mobile particulate matter
(PM) monitoring studies. They covered multiple facets of
mobile PM monitoring, including instrumentation, current
status, and critical issues and perspectives. However, they did
not adopt comprehensive literature searching and exclusion
criteria, which might lead to biased conclusions. Despite the
substantial number of reviews performed within the perimeter
of mobile monitoring in the past decade, very few have rooted
their narratives on the values, opportunities, and challenges
that being “mobile” can bring from an air pollution research
perspective. Moreover, there has not been a study that
systematically reviews the past decade’s literature with a
significant meta-analysis part to provide unbiased quantitative
insights into the field.

In this review, we aim to provide a timely and
comprehensive landscape of studies that employ mobile
monitoring to understand, quantify, and mitigate the impacts
of air pollution, emphasizing the rapidly expanding applications
of low-cost sensing and data mining techniques. We distilled
over 300 papers out of the initial 3200+ ones, focusing on
those from the past decade. A taxonomic system was
developed to extract standardized information from key aspects
of mobile monitoring studies, borrowing concepts from
thematic analysis. We employed a meta-analysis approach to
summarize the information and provide insights into the three
stages of a typical study’s life-cycle, including study proposal,
experiment design, and data analysis and modeling. Our work
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is one of the first to review the rapidly growing field of mobile
ambient air quality monitoring in the past decade, revealing
current gaps in research and practices. It sheds light on the
robust design and implementation of mobile monitoring
studies, including practical and innovative research topics,
valid experiment design, and rigorous data analysis. Our
taxonomic information extraction method is highly transferable
to other studies with a significant systematic review element,
which minimizes the effects of authors’ preferences and biases
on knowledge extraction from the literature. Lastly, the review
provides a quantitative reference to future applications,
covering essential aspects throughout the entire life-cycle of
a typical mobile monitoring study. It is of great interest and
relevant to air pollution researchers, citizen scientists, and
practitioners at all experience levels, which can be used as a
guide for future mobile monitoring study designs.

2. REVIEW METHODOLOGY

In this study, we borrowed the concept of thematic analysis, a
research method that identifies, analyzes, and reports patterns
within data, typically texts, such as interviews, transcripts,
questionnaires, and scientific literature. We followed the well-
recognized six-step thematic analysis framework by Braun and
Clarke:*” familiarization with the data, generation of initial
codes, search for themes, review of themes, the definition of
themes, and writeup. The methodology adopted in this work is
presented in Figure 1. We first screened out the papers for final
review using a systematic and reproducible literature search
and selection criteria. A series of codes is developed iteratively
in the reviewing process to extract standardized information
from the papers, which are in the form of small, self-contained
questions that can be answered in standardized responses for
further meta-analysis. The codes are then grouped under three
themes: (1) the current landscape and prominent research
gaps in mobile monitoring; (2) key factors to consider in
mobile monitoring experiment design; (3) analysis tools and
use cases of mobile monitoring air quality data. Each theme is
further related to the main stage in the life-cycle of a mobile
monitoring study, including the study proposal stage, the field
experiment design stage, and the data analysis and modeling
stage. By addressing the questions in the three themes, we
provide critical insights into a typical mobile monitoring
study’s life-cycle and recommendations for the design and
execution of future mobile monitoring studies.

2.1. Literature Search, Selection, and Screening
Criteria. To identify an initial group of papers for review,
we employed Web of Science as the main search engine for
publications that contained the relevant keywords “air quality”,
“air pollution”, and “mobile”. Supplemental Google Scholar
searches were conducted to cross-check that relevant literature
was included. In total, our first-round search returned over
3200 papers. It is important to emphasize that we define the
scope of this review only to address studies on the mobile
monitoring of ambient air quality. Meanwhile, we still use
“mobile monitoring” to refer to these studies for simplicity.
Therefore, the initial results were screened to identify which
papers fell within our review’s scope. It should be noted that
this review did not include “gray literature”, such as non-peer-
reviewed reports from governments, companies, and non-
governmental organizations, working papers, media coverages,
and other web-based resources.

Search from Web of Science and Google Scholar for:
"air quality" OR "air pollu*" OR "particulate matter") AND ("mobile")

3200+ original papers /

Filter article titles and abstract
with Selection Criteria (1) to (3)

/—167 papers for full-text re\'ie“/

Filter article titles and abstract
with Selection Criteria (4) to (7)

/04 papers for meta-analysis/

Figure 2. Literature search and filter flowchart; the selection criteria
numbering corresponds to the text preceding the figure.

As shown in Figure 2, we screened the abstracts of the
papers in the initial group according to the following seven
selection criteria:

(1) The study is a full-length original research article from
an indexed, peer-reviewed journal publication. We
exclude publications in conference proceedings. We are

196 2
197
198

199
200
201

aware that this will lead to an under-representation of 202

papers published in the form of conference proceedings
in domains like electrical engineering. The exclusion is

203
204

intended as this study mainly focuses on the method of 205

mobile monitoring and its applications rather than the
development of mobile monitoring instruments. The
target audience of this review is end-users of air sensors
and instruments, such as environmental scientists,
engineers, and practitioners. To the authors’ knowledge,
the quality of conference publications can vary in a much
larger range than journal publications in the environ-
mental science field. This selection criterion also
contributes to our standardized information extraction,
as conference publications can be in several forms, such
as abstract, extended draft, or full-length articles.

(2) The study is presented in English.

(3) The study is published between January 2012 and
December 2021, inclusive.

(4) The study should have a significant element of air quality
data collection and analysis through mobile monitoring/
sampling rather than using secondary data products.

(5) The study collects and analyzes ground-level air quality
and air pollution.

(6) The study is not focused on closed microenvironments
or indoor air quality.

(7) The study is not focused on firmware development or a
conceptual data collection framework.

Of the 3263 initial papers, 304 were carried through to the
final review stage. Not all 304 papers are cited and discussed in
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Table 1. Definitions of Codes Used in Literature Delineation

Final Code

Standardized Response

Definition

Theme
Current landscape
and prominent

research gaps

Low-cost sensor
used

Yes/ No/ Partially

This code considers if low-cost sensors are used in the study.
The definition of the low-cost sensor in current literature is
ambiguous, as the price gap can be huge for different
pollutants and in different regions. This review defines that
a low-cost sensor should cost no more than $2500 or be
listed as low-cost in papers or both, considering US EPA’s
guidance®®. Specifically, the “Partially” response refers to a
study that used both low-cost and non-low-cost sensors.

Emission source

Stationary/ Mobile/ Multiple

Emission source denotes the target emission sources in the
paper.

Location

Specify city/ region, country

Location refers to where mobile monitoring is carried out at
the level of city, region, or country.

Target pollutant

Specify pollutant names

The target pollutant is the pollutant being monitored and
analyzed in the study. PM refers to all studies examining
the mass concentration of particulate matter with a range of
sizes, excluding black carbon (BC). PN includes all studies
examining particulate matter number concentrations. UFP
refers to particles with less than 0.1 um diameter, mostly
concerning only counts or number concentrations. NOX is
tagged separately with NO and NO2.

Key factors

in

mobile monitoring

experiment design

Architecture refers to the organization of instrumentation.

Architecture Integrated/ Non_integrated An integrated architecture is a collection of sensors
measuring at least two types of pollutants with at least one
of the following features: a common power source, a
common air inlet, or a common data storage/
communication system.
On-road vehicle/ Off-road
Carrier vehicle/ Person/ Bike/ UAV/ Carrier is the moving object that carries the instruments.

Multiple

Sensor model

Specify sensor make and
model

The sensor model provides detailed information on the
instrumentation.

Collection
spatial coverage

Neighborhood/ City/ Multi-
city/ Country/ Multi-country

Data collection spatial coverage is the area in which the
experiment occurred. A neighborhood is defined as a small
portion of a city, usually less than 20% of the area. City and
Country follow the natural definitions of a city and a
country, despite their vastly different sizes.

Data collection spatial resolution denotes the spatial

Collection . detailedness of the experiment. It should be compatible with
. Hyperlocal/ Neighborhood/ .
spatial City/ Region/ Country the temporal resolution, where second-level data have a
resolution yiReg hyperlocal spatial resolution, minute-level data have a
neighborhood spatial resolution, etc.
Collection Data collection temporal coverage is the period during
Days/ Weeks/ Months/ Over which the experiment occurred. Days: 1-7 days; Weeks: 1-
temporal . . . . i .
a year/ Routine sampling 4 weeks; Months: 1-12 months; Over a year: 1-2 years;
coverage . L
Routine sampling: 3 years or over.
Collection Data collection temporal resolution is the frequency at
temporal Second/ Minute/ Hour/ Multi-  which the instruments record air quality data. Second: 1-60
resoliution hour/ Day seconds; Minute: 1-60 minutes; Hour: 1-2 hours; Multi-
hour: 2-24 hours; Day: at least 24 hours.
Personnel defines who conducts the mobile monitoring
- . study. The specialized crew is trained, with a priori
Personnel Specialized crew/ Citizen knowledge of the instruments and mobile monitoring, and
dedicated to data collection.
Samplin The sampling strategy defines how data is collected.
strathyg Pre-defined/ Opportunistic Opportunistic monitoring refers to campaigns where data

collection is not the main purpose of movement.
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Table 1. continued

Theme Final Code Standardized Response

Definition

The analysis method taxonomy used in our tagging system
speaks a lot for the research purpose at a high-level, such as
spatial regression methods used for spatial regression of air
pollution concentrations. The analysis method/research
purpose tag refers to how researchers make use of mobile
monitoring data and what they are used for. Descriptive
includes all studies that only summarize observations, such
as  data-only mapping, hotspot analysis, and

Descriptive/ Spatial species/chemical composition analysis using instruments.
Analysis regression/ Personal exposure  Spatial regression refers to all types and variants of land use
method/ assessment/ Epidemiology/ regression, with or without temporal regression. Personal
research Source apportionment/ exposure assessment refers to the quantification of the
purpose Emission rate  analysis/ inhalation dose of air pollution, excluding those that only

Protocols validation

evaluate concentrations. Epidemiology quantifies the health
impacts of different air pollution concentrations or exposure
levels. Source apportionment attributes air pollution to
individual sources quantitatively, based on positive matrix
factorization and species/chemical composition results.
Emission rate analysis estimates fuel-based or facility-based
emission rates. Protocol validation includes the evaluation
of novel measurement schemes, methods, or dispersion
models using mobile monitoring data as a reference.

Reference station/Reference-

Complementary data is data collected from sources other
than the mobile monitoring campaign described in the study
that are used in data analysis, excluding instrument

Analysis tools and | gra;i ¢ stationary (sel?/ calibration and background correction. Reference-grade
use cases Complementary  Reference-grade mobile stationary (self) is differentiated from reference station, as
data sources (self)/ Remote  sensing/ Y ’

Modeled results/ Specify

other

the former one is usually run by research conductors, but the
latter one is not. Modeled results include physical
experiments in controlled environments, mathematical
dispersion models, and empirical statistical models.

Data  analysis

Data analysis temporal resolution evaluates how data are

Aggregated/ Disaggregated/ aggregated in time in analysis. Aggregated refers to data’s

1 - . : . . .
E::ﬁs:ﬁm Same as in data collection temporal aggregation, such as in land use regression studies.
Disaggregated refers to data’s interpolation in analysis.
Instrument calibration reports the reference that raw air
. li li inst. Simil he definiti
Reference station/ Reference 192 ity data are calibrated against. Similar to tl e definition
Ins ent instruments  (selfy)  Lab in complementary data sources, reference-grade instruments
calibration instruments (self)/  Remote (self) are differentiated from reference stations, as the
sensine/ Specify other former one is usually run by research conductors, but the
&/ speetly latter one is not. Factory calibration by the manufacturer is
not considered reference-grade calibration.
Machine learning distinguishes the empirical modeling tools
used in data analysis only, acknowledging the versatility of
Machine Traditional/ Specify machine machine le_arnmg in stud%es. That is to say, machlne_lear_mng
learnin learning aleorithms if used tools used in data collection are not considered. While linear
& e a8 regression is considered machine learning in the broadest
sense, we classify all statistical models that are variants or
spin-offs of linear regression as traditional.
Repetition Specify the number of Repetition refers to repeated sampling over the same

repetitions

location (e.g., spots, road segments, sites of interest).

231 detail in the main body of this review. A complete bibliography
232 for the 304 final reviewed papers is provided in a separate
233 BibTex file, along with a bibliometric map with interactive
234 resources for the audience to explore more related literature in
235 the Supporting Information, Figure S1. We acknowledge that
236 some relevant literature might be unintentionally excluded,
237 especially when applying selection criteria (4) to (7). However,
238 given the current extent of work in the field and the variety of
239 papers we reviewed, we believe that our bibliography is
240 representative of the current mobile monitoring literature.

241 2.2, The Literature Coding System and Meta-
242 Analysis. A series of codes was developed iteratively before,

during, and after multiple rounds of reviewing all papers in the
final pool. The responses to each code were standardized to
yield uniform and comparable information. The only exception
was the research question code, where each study’s main
research question was reported; thus, no standardized
responses exist. It is important to mention that all authors of
this paper were trained on the review methodology before the
coding process and constantly exchanged thoughts in the
process to guarantee the same understanding and interpreta-
tion of all code responses. Final coding and labeling results for
all included papers are presented in section 1 of the Supporting
Information. Definitions of all 19 codes are detailed in Table 1.
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Figure 4. Target pollutants examined by studies done with (a) and without (b) low-cost sensors.

3. RESULTS AND DISCUSSION

255 3.1. Current Landscape and Prominent Research
256 Gaps in Mobile Monitoring Studies. 3.1.1. Descriptive
257 Analysis of Mobile Monitoring Studies. The total number of
258 mobile monitoring studies has significantly increased in the
259 past decade, as shown in Figure 3, indicating the scientific
260 community’s wider adoption of mobile monitoring. Since
261 2019, the number of low-cost monitoring studies has grown
262 substantially, where one-third of those are published in the
263 later years. The proportion of studies using low-cost sensors
264 (<2500 USD?®) is also rising. From our study, it is hard to

draw a conclusion about the efficacy of mobile monitoring and 26s
low-cost sensors in meeting researchers’ study objectives. 266
There is usually a screening process to find the instrumentation 267
that best serves the study objectives. Moreover, the established 26s
paper reviewing and publishing system increases the bias in 269
such an analysis. Positive results are much more likely to be 270
published than negative results, leading to potential biases in 271
concluding that one method is more effective than another. 272
However, given the exponentially growing number of mobile 273
monitoring and low-cost sensing studies (mostly with positive 274
results), we can infer the growing trend of mobile monitoring 275
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Figure S. Global distribution of review studies (2) and annual average of PM, 5 in 2016 (b).

276 and low-cost sensing’s efficacy. It is worth noting that a “low-
277 cost monitoring” study indicates a study that either completely
278 or partially makes use of low-cost sensors in our context. If no
279 low-cost sensors are involved in the study, it is classified as
280 “non-low-cost monitoring”.

281 We summarize the most studied pollutants in non-low-cost
282 and low-cost sensing studies in Figure 4. Most studies measure
283 more than one pollutant. The top pollutants measured in non-
284 low-cost monitoring studies include black carbon, NOx, and
285 particulate matter. In contrast, particulate matter, carbon
286 monoxide, and NOx remain the most studied pollutants by
287 low-cost sensors. In recent literature, ultrafine particles (UFPs)
288 are increasingly being studied,” 3% as there are mounting
289 questions about their negative health effects. However, there
200 are very few low-cost choices for UFP measurement in the
201 market. None has been evaluated or proven effective in the
202 current literature, presenting a significant gap in their
293 capability. Similarly, while black carbon poses direct threats

to human health and climate change, related low-cost
monitoring studies involve both non-low-cost and low-cost
sensors, necessitating the use of costly sensors for accurate
measurements of these pollutants.

We further examined what types of emission sources were

294
29S
296
297
298

investigated in the literature. Recall that we specify the types of 299

emission sources as “stationary”, “mobile”, and “multiple”.
More than 60% of all studies do not specify a targeted emission
source type, which is coded as “multiple”. More than a quarter
of studies specifically investigate emissions from mobile
sources, such as road and air traffic. Few studies are dedicated
to stationary emission sources, which are typically large-area
sources, such as wildfire, farmland, or burning field.”**** While
mobile monitoring can greatly improve the spatiotemporal
resolution and scope of air quality studies, it cannot
continuously sample the same location in the long run,
limiting its application in assessing stationary emission sources.
Moreover, the confounding factors in uncontrolled environ-
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(a) Strategy in studies without low-cost sensors

Opportunistic (28.6%)

Pre-defined (71.4%)

(¢) Temporal coverage
Routine Sampling (5.9%)

Over a year (9.2%)
Days (35.3%)

Months (24.8%)

Weeks (24.8%)

(e) Studies with specified repetitions vs. unspecified

Specified (48.7%)

Unspecified (51.3%)

(b) Strategy in studies without low-cost sensors

Opportunistic (6.6%)

Pre-defined (93.4%)

(d) Spatial coverage
Multi-Country (0.6%) Country (2.2%)

Neighborhood (30.6%) Multi-City (16.0%)

City (50.7%)
(f) Number of repetitions

<4 reps (13.5%) >=100 reps (7.4%)
50-99 reps (8.8%)

20-49 reps (24.3%)

4-19 reps (45.9%)

Figure 6. Sampling strategy of non-low-cost and low-cost sensor studies (a, b), spatial and temporal coverage (c, d), and repetition (e, f) of all

reviewed studies

312 ments grow exponentially. Thus, it may be difficult to
313 distinguish a single type of emission source without proper
314 methods and tools for source apportionment.

315 3.1.2. Disparities in the Geographic Distribution of Mobile
316 Monitoring Studies. Low- and middle-income regions face a
317 double burden of poor air quality and insufficient air pollution
318 monitoring and management resources. Despite the increasing
319 ubiquity of mobile monitoring studies and the availability of
320 low-cost sensors, there is a notable lack of air quality
321 monitoring infrastructure, and many areas remain severely
322 understudied.”>* It poses a projecting environmental justice
323 problem across the globe.

324  Figure S shows North America, Europe, and East Asia have
325 the highest numbers of mobile air quality monitoring studies.
326 The top countries with the most studies are the United States
327 (115), China (35), Canada (20), Germany (16), and South
328 Korea (12), among which China is the only middle-income
329 country. The United States is by far the most studied country
330 by mobile monitoring researchers. While the studies in the
331 United States are mostly spread throughout the continent, a
332 few clusters emerged in California, the Midwest (especially in
333 Colorado), the Gulf Coast, and the Northeast Corridor. South
334 Asia has the highest levels of ambient PM, 5 levels regionally,

followed by the Middle East, North Africa, and Sub-Saharan
Africa.>”*® However, these regions do not have a significant
body of peer-reviewed research within the scope of our
interview. Of the 52 countries with studies included in this
review, only 2 were low income, 11 were lower middle income,
16 were upper middle income, and 23 were high income.
Low-cost sensors have the potential to change the current
paradigm of air quality monitoring and bridge the gap in air
pollution management in developing regions.”* Nonetheless,
the spatial disparity in low-cost monitoring studies is as
prominent as in mobile monitoring studies. Most low-cost
monitoring studies are conducted in high- and upper-middle-
income countries. The unequal distribution of air quality
burden and the ability to monitor them between developed
and developing countries highlights a critical environmental
justice consideration. Gradually, global researchers are
beginning to fill this research gap. Multiple initial studies in
low-income countries are paving the road toward an equitable
future in air quality measurement and management. In Jordan,
Hussein et al.”” conducted a preliminary mobile monitoring
study on particulate matter that covered more than three-
quarters of the country. One of the only studies from a Pacific
Island nation, focused on Suva, Fiji, detailed the first attempt
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to map and study airborne ultrafine particles in the region,"’
and other work examined fine particulate matter levels in
multiple African countries with low-cost sensors.”***!

3.2. Key Factors to Consider in Mobile Monitoring
Study Design. 3.2.1. Mobile Monitoring Strategies and
Schemes. Currently, there are three types of operational
mobile monitoring sampling strategies that are complementary
to the others. The first is the predefined strategy, which
involves almost all independent mobile laboratories operated
by research groups, governments, and local communities. This
strategy is the most commonly seen in our literature, usually
with research-grade instruments operated by trained personnel
on predefined routes. It serves the purposes of a wide range of
ad hoc mobile monitoring projects but is hard to coordinate
for long-term, large-scale deployments. Second, the City
Scanner initiative at MIT Senseable City Lab represents a
complete opportunistic mobile monitoring strategy with low-
cost monitoring and Internet of Things (IoT) technologies,*”
along with the practices in Hagemann et al.”> and Mueller et
al.* Existing fleets are used as sensing platforms, including
public transit fleets, municipal service vehicles, and on-demand
mobility service fleets. While having the potential to bridge the
global air quality data gap, there is a strong need to balance
such sensor network’s cost, reliability, and longevity. Lastly,
Google employs a hybrid data collection strategy with
sampling campaigns carried out worldwide,” which combines
the predefined and opportunistic strategies. The research-grade
sensors are mounted on Google Street View vehicles that
circulate in the city, which have been successfully implemented
in multiple cities across the globe, including Hamburg, Dublin,
Amsterdam, Copenhagen, London, Houston, and Oakland, for
periods ranging from months to years. Since air quality data
collected by Google is potentially a for-profit product, this
might exacerbate data poverty in less developed regions. In
Figure 6a and b, we observed that more opportunistic mobile
monitoring used low-cost sensors, where data collection is not
the main purpose of the carrier’s movement. It allows mobile
monitoring campaigns to collect data at unprecedented
temporal resolution and spatial coverage that complement
the current stationary monitoring networks.

In terms of the temporal and spatial coverage of mobile
monitoring experiments, Figure 6¢ and d illustrates that more
than 35% of studies only last for days, while only about 15% of
studies last longer than a year. Compared to stationary
measurements, mobile monitoring campaigns are subject to
many sources of uncertainty in an uncontrolled environment
that grows exponentially as the temporal coverage increases,
such as instrument malfunction, disruption caused by weather,
and traffic accidents. The sunk time cost spent in coordinating
and managing both the carrier fleet and the instruments is also
not negligible. The disparities in temporal coverage highlight
that most mobile monitoring campaigns are currently ad hoc
data collection projects capturing snapshots of air quality and
have yet to become an environmental sensing infrastructure
like stationary air quality sites. There are a few exploratory
studies that are exceptions. Hagemann et al.*’ piloted a long-
term deployment of an air quality monitoring system on the
tram system in Karlsruhe, Germany. Mueller et al.** have
deployed a network of particle number counters on the tram
system in Zurich, Switzerland, for more than 1.5 years, where
the sensor network operates as the tram system operates. Both
studies demonstrate the possibility of operating mobile
monitoring sensors on the existing public transit systems in

the long run and eventually as a new type of municipal
infrastructure. A conceptual study by O’Keeffe et al.*® also
confirms the potential of using on-demand mobility services,
such as taxis and ride-hailing services, as mobile monitoring

421
422
423
424

platforms in urban environments. The majority (81.3%) of 425

mobile monitoring studies have a spatial scope no bigger than
a city. Mobile monitoring is helpful in enhancing spatial
coverage when the number of sensors is limited. Nonetheless,
the complexity of mobile monitoring measurements with
predefined sampling routes and frequency grows exponentially
as the sensing nodes and spatial coverage increase, which can
be seen as a traveling salesman problem essentially. Given the
same temporal coverage and amount of sensing nodes, the
spatial coverage of opportunistic measurements is even more
limited than in predefined studies.

A vital element of mobile monitoring experiment design is
the number of repeated measurements at the same location,
especially for studies aiming at generating representative air
quality profiles. Repetition reduces uncertainty in mobile
monitoring data and helps extract information on interest from
numerous confounding factors. Apte et al.*” observed that 10
to 20 repetitions on different days over the course of a year are
able to reproduce key spatial air quality patterns with low
variability in Oakland, CA. Messier et al.*® concluded that 50
times of drive-by sensing over two years on the same road
segment generates robust long-term land use regression maps
in the same study area, but only 4 to 8 repetitions are sufficient
for data-only maps. Similarly, Hatzopoulou et al.*’ found that
model uncertainty and performance gains diminish after ten

426
427
428
429
430
431

442
443
444
445
446
447
448
449

repetitions while arguing that the “optimal” number of 450

segments and visits identified in a specific city might not be
transferable to others due to the complexity of local emission

451
452

sources, urban form, and street topology. Figure 6e and f 453

summarizes the information on repetition from reviewed
studies. Surprisingly, over 50% of all studies did not specify
repetitions, while 13.5% of studies have less than four
repetitions among those specified with this information. We
acknowledge that mobile monitoring studies can be subject to

454
455
456
457
458

a variety of research purposes that require different levels of 4s9

repetitions and temporal aggregation. Therefore, we analyzed
89 studies more closely that last from weeks to months, serving
for emission rate analysis, spatial regression, source apportion-
ment, personal exposure, and model validation. Table 2

Table 2. Number of Repetitions Statistics for Different
Mobile Monitoring Study Methods

Study Method Min Median Max Count
emission rate analysis 1 S 33 12
spatial regression 1 10 600 41
source apportionment 2 20 91 13
personal exposure 6 32 96 10
protocol validation 1 36 1600 17

460
461
462
463 t2

presents the min, median, and max values of the number of 464

repetitions in these studies. Descriptive studies are not
included as they cover a wide range of study scopes and
purposes and do not have universally adopted methods. The
count column adds up to more than 89, as some studies
adopted multiple methods. Study methods are ranked in

465
466
467
468
469

median values of repetitions. Given the smaller number of 470

studies evaluated for emission rate analysis, source apportion-
ment, personal exposure, and protocol validation, one should
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(a) Architecture in studies with low-cost sensors

Not specified (3.3%)

Integrated (35.0%)

Non-integrated (61.7%)

(¢) Carrier in studies with low-cost sensors

Other (3.3%)

Person (21.7%)
Bike (21.7%)

Multiple (3.3%)
Offroad vehicle (3.3%)

Onroad vehicle (46.7%)

(e) Personnel in studies without low-cost sensors

Citizen (33.3%)

Specialized crew (66.7%)

Specialized crew (93.4%)

(b) Architecture in studies without low-cost sensors

Not specified (0.8%)

Integrated (40.6%)

Non-integrated (58.6%)

(d) Carrier in studies without low-cost sensors

Other (0.8%)
Bike (9.0%)

Multiple (4.5%)

Person (10.7%)

Offroad vehicle (5.3%)

Onroad vehicle (69.7%)

(f) Personnel in studies without low-cost sensors

Citizen (6.6%)

Figure 7. Architecture, carrier, and personnel for studies with (a, ¢, e) and without (b, d, f) low-cost sensors.

be cautious when referring to this table to determine suitable
repetitions for a specific study method. For spatial regression
studies, the median value of repetitions is 10, which can be
safely used as a rule-of-thumb for future studies lasting up to a
year. Four repetitions should be considered the bottom line for
any type of analysis. This observation aligns well with findings
from the above-mentioned studies and demonstrates the
current consensus on mobile monitoring repetition.

3.2.2. Sensing Platform Design. In Figure 7, we summarize
three major considerations that are ubiquitous in mobile
monitoring platform design: instrument architecture, carrier,
and personnel. Their respective definitions are detailed in
Table 1. We observe that about 60% of studies employed
nonintegrated instrumentation, where each sensor runs
independently instead of being part of the same system. An
integrated design has many edges over a nonintegrated one. A
shared air inlet is important to guarantee consistent airflow for
all instruments. Unified data storage and communication
components can better coordinate and synchronize data
collected from various sensors. Specifically, we would expect
a higher percentage of integrated architecture in studies using
low-cost sensors, as low-cost sensors are considered with
higher integration ﬂexibility.24 Contrary to our hypothesis, the
strength of low-cost sensors in integration is not fully exerted
in current mobile monitoring studies, while about half of the
low-cost monitoring studies deploy a single model of a sensor

for one target pollutant, focusing on establishing a larger
monitoring network.

Mobile monitoring on various carriers provides great
flexibility in collecting air quality data at unprecedented
spatiotemporal resolutions, with 65% of all reviewed studies
carried out by on-road vehicles. For low-cost studies, only
46.7% of studies were performed by on-road studies, while this
percentage is much higher for non-low-cost studies as research-
grade instruments are usually less portable and require regular
maintenance by trained personnel. Studies involving low-cost
sensors demonstrate more diversity in instrument carriers than
those featuring non-low-cost sensors. This is greatly facilitated
by the portability, ease to deploy, and low energy consumption
of low-cost sensors, which offers great flexibility in the study
design. Instrument miniaturization and cost reduction have
allowed studies to comprehensively map air quality by
deploying such devices on transport modes such as trash
trucks, taxi fleets, and trams.>*”°! We notice a significant
increase in studies carried out by bikes and persons,> >
which brings a unique opportunity to assess personal exposure
at unprecedented temporal and spatial resolutions.

Furthermore, low-cost sensors have created opportunities
for members of the public to become key players in mobile
measurement campaigns, which help better disseminate air
quality knowledge, raise awareness, foster behavioral changes,
and advocate for environmental justice among a larger
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(a) Non-low cost BC sensor occurrence in literature

(b) Non-low cost NOx sensor occurrence in literature
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Figure 8. Sensors used in mobile monitoring of black carbon (a), nitrogen oxides (b), and PM (¢, d).
. 56 . . . . . . .
5,5 audience. West et al.”” engaged with a low-income community 3.2.3. Sensing Instrumentation. Figure 8 summarizes the s3;
526 in Nairobi to use these sensors to better characterize the spatial most used low-cost and non-low-cost sensors for the most s3,

studied air pollutants, including PM, NOx, and black carbon. It 533
is worth noticing that, for PM sensors, we include particle s34
number counters and mass concentration impactors for the s3s

o engage with school children to help them learn about whole spectrum of PM from UFP to PMIO, excluding black s3¢
530 pollution. carbon sensors. A detailed list of all accounted PM sensors is 537

, distribution of pollution and potentially important sources in

s their neighborhood. Ellenburg et al.%” used low-cost sensors to
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(a) If used complementary data
Multi-source (7.2%)

No complementary data (43.0%)

Single-source (49.8%)

(¢) If specified calibration process
Multi-calibration (17.0%)

No calibration (41.0%)

One calibration (42.0%)

Figure 9. Complementary data (a, b) and calibration method (c, d).
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Reference-grade stationary Reference station Laboratory

538 documented in the Supporting Information, Table SI. Low-
539 cost sensors for NOx are not included as their distribution
540 among brands is scattered. While reference-grade NOx sensors
s41 are widely used in mobile monitoring (Thermo Model 42i,
s42 Teledyne T500, Horiba Model APNA-370/-360, etc.), mobile
543 PM measurements are dominated by instruments not
s44 identified by the US EPA-regulated Federal Reference
s4s Methods (FRM) and Federal Equivalent Methods (FEM).>®
s46 There is a wide spectrum of portable PM sensors on the
s47 market now that can cater to a variety of mobile monitoring
s48 applications, which are widely used as “research-grade
s49 instruments”. The most notable ones are a series of PM
sso impactors and PN counters manufactured by TSI, whose prices
ss1 usually sit between low-cost and reference instruments. While
ss2 their performances have been widely accepted by the scientific
553 community,””~®* they are currently not recognized as FRM/
ss¢ FEM. Rigorous calibration and data quality assurance
sss procedures are necessary before and during their usage. We
ss6 acknowledge that using EPA’s definitions of reference-grade
ss7 instruments might be biased toward studies done outside of
ss8 the US and regions not accepting EPA’s regulations, but we do
559 not think this will significantly affect this observation.

seo  3.3. Analysis Tools and Use Cases of Mobile
s61 Monitoring Air Quality Data. 3.3.1. Complementary
se2 Data Sources and Data Quality Assurance. Figure 9 presents
563 complementary data sources and calibration methods used in
se4 mobile monitoring studies. Complementary data sources refer
565 to those used in data analysis and modeling rather than in
s66 instrument calibration, data quality assurance, and background
s67 correction. Over half of the studies complement their mobile
ses monitoring data with air quality data from other sources, most
s69 of which are stationary measurements by authors themselves or
570 reference monitoring sites. Studies using more than one
571 complementary data source are still scarce.

572 An unexpected finding is that about 41% of mobile
573 monitoring studies do not explicitly explain how their
s74 instruments are calibrated or only claim their instruments are
575 factory-calibrated, while most instruments used are not

reference-level. Moreover, about half of the studies that s76
reported detailed calibration processes use reference-grade 577
monitors maintained by the researchers rather than at a s7s
reference station or in a laboratory with a controlled 579
environment. Studies involving low-cost sensors should pay sso
extra attention to delineating their calibration procedures due ss1
to the high uncertainty in their instruments. Specifically, it is ss2
crucial to validate low-cost sensors in a mobile setting. 583
Crocchianti et al.*® contrasted mobile low-cost sensors with ss4
high-quality optical instruments. Mui et al”® developed a sss
performance evaluation protocol using a Google Street View ss6
vehicle equipped with both low-cost and research-grade ss7
instruments. They further test the effects of sensor siting, sss
orientations, and vehicle speed on the accuracy of low-cost s89
sensors. Few studies have systematically explored these factors, s90
suggesting that important information that can illuminate so1
uncertainties in mobile low-cost monitoring is missing in so2
existing research. 593

We examined temporal resolution in data collection and s94
analysis to provide insights into how studies are aggregating air 595
quality data. A dominant portion (85.9%) of mobile so6
monitoring campaigns collects highly time-resolved data in s97
less than 1 min intervals. In this case, the response lag of s98
sensors can lead to mismatched air quality and geographic 599
observations and less effective spatial resolution of mobile 600
measurements. Temporal data aggregation is essential to 601
diminish this uncertainty, especially in spatial regression and 602
epidemiological studies aiming to capture the representative air 603
quality profile or its health effects, which is adopted by a 604
majority of studies (73.8%). However, due diligence should be 605
paid to sensor response lag calibration and coordination prior 606
to the measurement in future studies. 607

However, incorporating temporal variations into spatial 608
regression models remains understudied in the mobile 609
monitoring literature. Current alternatives include developing 610
periodical spatial regressions,”* providing multiple snapshots 611
instead of J’ust one, and incorporating time-variant explanatory 612
variables,*” such as meteorology and traffic. These methods 613
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(a) Analysis method
Epidemiological study (1.0%)
Exposure Analysis (7.1%)

Descriptive (36.9%)

Emission quantification (8.0%)

Source apportionment (6.4%)

Figure 10. Analysis method (a) and machine learning (b).
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614 treat observations in the temporal continuum as independent
615 and neglect the effect of spatiotemporal autocorrelation.

616 3.3.2. The Role of Machine Learning in Mobile
617 Monitoring Studies. Figure 10 summarizes the analysis
618 methods used in all mobile monitoring studies. The most
619 adopted analysis methods are descriptive analysis, spatial
620 regression, and protocol validation. Limited studies are
621 concentrating on exposure assessment and air pollution
622 epidemiology. It is mainly attributable to our searching and
623 exclusion criteria, which exclude studies that do not have a
624 significant mobile monitoring data collection component or
625 use only secondary mobile monitoring data products.
626 Specifically, we are interested in the empirical modeling tools
627 employed in spatial regression, exposure assessment, and
628 epidemiological studies that aim to achieve better interpreta-
629 tion and prediction of air quality, recognizing the surging trend
630 of machine learning and data mining algorithms in this area.
631 We filtered out 99 papers that focused on spatial regression,
632 exposure assessment, and epidemiological impacts of air
633 pollution with specified empirical models. Out of these, 24
634 employed machine learning and data-mining techniques, most
635 of which were published within S years (from 2017 to 2021).
636 Eighty-four studies involved traditional regression methods, as
637 multiple studies have utilized more than one empirical model.
638 The most used machine learning algorithms are tree-based
639 ensemble models, including random forest and gradient
640 boosting tree models. Artificial neural networks (ANNs) are
641 also popular in air quality predictions that work with tabular
642 data, focusing on real-time monitoring applications for health
643 risk mapping. Given the lack of global interpretation tools,
644 ANNs can hardly be adopted in air quality modeling for
645 explanatory or causal inference purposes. Moreover, evidence
646 states that ensemble models have better performance when
647 dealing with tabular data.®>°® However, given the increasing
648 trend of machine learning techniques in the mobile air quality

monitoring space, it is likely that we may see further 649
improvements to these techniques or a wider range of 6s0
applications. While a number of studies conclude that machine ss1
learning tools help improve our understanding of air 652
pollution’s spatial distribution, Kerckhoffs et al.®® argue 653
otherwise by contrasting over 20 prediction algorithms of all 6s4
types side by side. 655

Tabular data, such as land use, traffic, points of interest, and 636
other infrastructure information, are often taken for granted in 6s7
developed countries yet extremely difficult to obtain in 6ss
developing and remote regions. Crowd-sourced, nontabular 6s9
data can greatly contribute to air quality information inference 660
and extraction in these data-scarce regions. Several recent 661
studies have explored these possibilities despite relatively low 662
performance in prediction, most notably from street-view 663
images using convolutional neural networks.”"*”*® These 664
studies provided valuable experience in deriving instantaneous 66s
air quality information from hyperlocal visual features. Zheng 666
et al.”” associated expressed happiness on social media with 667
local air quality among Chinese urbanites, even though this is 668
not a study using mobile monitoring data. Computer vision 669
and natural language process techniques have already been 670
widely adopted for various information extraction tasks in 671
urban environments.”’~"* 672

3.4. Recommendations for Future Mobile Monitoring 673
Studies. The continuous expansion of mobile monitoring in 674
scientific research, engineering projects, and citizen science is 675
very likely in the near future. The versatility of mobile 676
monitoring methods brings more opportunities to enhance our 677
understanding of hyperlocal air pollution and its impacts. 678
However, a series of research gaps have yet to be filled in the 679
current applications of mobile monitoring. 680

A glaring gap in mobile monitoring studies is the global 6s1
geographic disparity of mobile monitoring studies. Studies are 6s2
overwhelmingly concentrated in high-income countries, 683

https://doi.org/10.1021/acs.est.2c06310
Environ. Sci. Technol. XXXX, XXX, XXX—=XXX


https://pubs.acs.org/page/pdf_proof?ref=pdf
https://pubs.acs.org/page/pdf_proof?ref=pdf
https://pubs.acs.org/page/pdf_proof?ref=pdf
https://pubs.acs.org/page/pdf_proof?ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.2c06310?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as

Environmental Science & Technology

pubs.acs.org/est

Critical Review

684 despite the necessity of understanding air quality in regions
685 worldwide. Given the notable lack of air quality monitoring
686 infrastructure in many middle- and low-income countries,
687 there is a strong need for the research community to focus
688 efforts on filling these critical information gaps, emphasizing
689 engaging local researchers’ with the international scientific
690 community. While there is an opportunity to carry out mobile
691 air quality monitoring studies similar to those conducted
692 elsewhere, it is also important to build upon existing
693 methodology to adapt studies to the specific needs of these
694 regions.

695 Robust instrument calibration and data quality assurance are
696 at the core of developing valid results in mobile monitoring.
697 We observe that many studies do not report their calibration
698 process or simply state their instruments are factory-calibrated
699 even though they are not using reference instruments. Given
700 the popularity of low-cost sensors, there is an urgent need for
701 the wider application of standard sensor calibration processes
702 in the future. The European Metrology Research Programme
703 of EURAMET”® proposed a calibration and evaluation
704 protocol for low-cost gas sensors. The US EPA recently
705 published sensor performance target reports’’> for gaseous
706 and particulate matter low-cost sensors, providing consistent
707 testing protocols and metrics to evaluate low-cost sensor
708 performance for nonregulatory uses. Both guidelines suggest a
709 two-phase testing process, consisting of a laboratory and a field
710 test, whereas the EPA guideline only recommends the
711 laboratory test wherever it is available. However, few studies
712 involving low-cost sensors followed regulated sensor perform-
713 ance evaluation protocols, while most studies adopted project-
714 specific protocols. It limits the intercomparison between
715 different air quality data products and the reproduction of
716 observations and results. Moreover, instrument calibration and
717 data quality assurance for mobile monitoring should go beyond
718 reporting correct values. Researchers should pay due diligence
719 to account for sensor response lag, sensor synchronization if
720 there are multiple sensors involved, and geo-positioning data
721 processing, which can all result in a mismatch of air quality
722 data and geo-information. Specifically, transparency is
723 especially called for in geo-positioning data collection,
724 correction, and paring, as we noticed that this information is
725 missing in a large number of studies.

726 Mobile monitoring brings an unprecedented opportunity for
727 implementing big data and data mining tools in air quality
728 studies. These tools help better understand air quality in two
729 ways. On the one hand, data mining tools have broadened the
730 channel to more relevant data, especially nontabular data. The
731 development of computer vision and natural language
732 processing empowers researchers to extract air quality
733 information from satellite images, street view images, and
734 social media postings. Still, more forms of nontabular data
735 should be explored to complement tabular data to understand
736 air quality better. On the other hand, data mining tools have
737 great potential to improve performance with the help of big
738 data. These tools can better capture complex nonlinearity
739 relationships between emission sources and air quality. Future
740 studies should better exploit the potential of data mining in
741 time series analysis to reflect both temporal and spatial
742 variations of air quality. Moreover, more attention should be
743 paid to the transferability and interpretability of complex
744 nonlinear models, especially those with a black-box nature.
745 Many countries and regions have established periodical air
746 quality databases using data from reference monitors. The
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most notable ones include the US EPA’s Air Quality System 747
database and the European Environmental Agency’s air quality 748
database, both of which provide convenient data access via 749
APIs. Unlike stationary monitoring and satellite remote sensing 750
maintained by governmental agencies, mobile monitoring 751
campaigns are mostly run by individual research groups, 752
private companies, and nonprofit organizations receiving 753
funding from various sponsors. Understanding the existence 754
of various data disclosure restrictions in these studies, sharing 7ss
and publishing mobile monitoring data products is tricky yet 756
crucial for raising public awareness, knowledge dissemination, 757
and promoting result reproducibility. Moreover, maintaining 7ss
open access to air quality data, models, and results is also a key 759
step in fighting for local, regional, and global environmental 760
justice. Currently, there are relatively fewer open data 761
platforms that provide public access to mobile monitoring 762
data compared to stationary data. The South Coast Air Quality 763
Management District is a leading regulatory agency in testing 764
mobile air sensors, conducting mobile monitoring campaigns, 765
and publishing mobile monitoring data focusing on air 766
pollution in South California.”® OpenAQ is a nonprofit 767
organization that maintains an open-source platform’” with a 76s
mobile monitoring database from multiple studies, including 769
Apte*” and Messier,*® but the latest update was 2 years ago. A 770
similar nonprofit HabitatMap operates the AirCasting Web site 771
that shares mobile and stationary air quality monitoring data 772
collected by their low-cost sensor network.”® Google’s 773
Environmental Insights Explorer’” analyzes and visualizes 774
various urban environmental data collected by Google Street 775
View cars, including air quality, tree canopy, and urban 776
emissions. Hyperlocal mobile measurements, ranging from 1 to 777
2 years, are available via their Web site for London, 778
Copenhagen, and Amsterdam. 779

4. CONCLUDING REMARKS

This paper presented a systematic review and meta-analysis of 780
current literature on mobile ambient air quality monitoring, 781
emphasizing the increasingly important roles of low-cost 7s2
sensors and data mining techniques in the field. The 783
unprecedented popularity of mobile monitoring and fast- 784
evolving methodology in the field have made this work timely. 7ss
Borrowing the concept of thematic analysis, we highlight the 786
relevant themes, trends, and drivers of mobile monitoring that 787
have important implications for its future deployment. This 788
review examines three major stages in the life-cycle of a typical 789
mobile monitoring study, including study proposal, experiment 790
design, and data analysis. We summarize our insights into each 791
of them as follows. 792

We first discussed the current landscapes and prominent 793
research gaps in the field relevant to the study proposal. This 794
study reveals a huge research gap in mobile monitoring 795
applications, and in general insufficient ambient air quality 796
measurements,” in the Global South, including Sub-Saharan 797
Africa, Latin America, and South and Southeast Asia. It 798
demonstrates an urgent but long-lasting environmental justice 799
problem globally with a double burden of worse air quality and 800
scarcer air pollution management and healthcare resources in so1
these regions. Among other methods, mobile monitoring with 8oz
low-cost sensors can bridge this research gap and advance the 803
current situation in low- to middle-income counties. However, 804
while capturing spatial variability continuously, mobile sos
monitoring can only provide intermittent air quality snapshots sos
for the same location. Thus, it is less useful for studies so7
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emphasizing temporal air quality rather than spatial informa-
tion.

We analyzed the key factors to consider in mobile
monitoring experiment design. It is worth noting the unique
opportunities brought by low-cost sensors in real-time personal
exposure and acute health effect assessment due to their
versatility in instrument carriers and operating personnel. We
further highlighted three successful mobile monitoring
programs that can serve as blueprints for future implementa-
tion of mobile monitoring, including predefined, opportunistic,
and hybrid strategies. A critical element in mobile monitoring
experiment design is repetition, which is under-reported in the
current literature. We encourage future studies to provide this
information to enable a better understanding of best practices
for application-specific repetitions. Our meta-analysis demon-
strates that spatial regression studies can use 10 unique
repetitions at the same location as a rule-of-thumb in future
studies lasting up to a year and four repetitions should be
considered the bottom line for any type of analysis.

Regarding data analysis and modeling, our results revealed
that an astoundingly large number of papers have reported
sensor calibration and data quality assurance information
poorly, despite the wide adoption of non-reference-grade
instruments. Even fewer studies followed the recommended
calibration guidelines by the regulating agencies. To comple-
ment the voluntary calibration efforts from the researcher’s
side, we further recommend that reviewers should ask authors
to provide an appropriate description of calibration and data
quality assurance to ensure more rigorous documentation of
these processes in the scientific community. We further
demonstrated the popularity of ensemble regression models
in air quality prediction and interpretation. Meanwhile, there is
much more to explore in extracting air quality information
from nontabular data, such as text and images, and joint
analysis of temporal-spatial patterns of air quality using data-
mining techniques.

Finally, we acknowledge several limitations of this review.
This study only includes publications in the English language,
which can be biased for applications in non-English-speaking
countries. Moreover, only peer-reviewed papers are included in
the review. We recognize that local communities and
environmental advocates, not-for-profit organizations, compa-
nies, and government-led projects do not prioritize scientific
publication as an outcome, while such efforts also contribute to
advancing mobile monitoring and global environmental justice.
Lastly, our review excluded papers without a significant mobile
monitoring data collection component or using only secondary
mobile monitoring data products, which could lead to an
under-represented number of personal exposure and epide-
miological studies.

B ASSOCIATED CONTENT

© Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.est.2c06310.

Complete bibliography and related sources, landscape of
mobile air quality monitoring literature in a word cloud,
list of journals that publish most related studies, and list
of non-low-cost particulate matter sensors (PDF)

B AUTHOR INFORMATION

Corresponding Authors
An Wang — Senseable City Lab, Department of Urban Studies
and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States;
orcid.org/0000-0002-1874-2702; Email: an_wang@
mit.edu
Simone Mora — Senseable City Lab, Department of Urban
Studies and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States;
Department of Computer Science, Norwegian University of
Science and Technology, Trondheim 7491, Norway;
orcid.org/0000-0002-7991-1346; Email: moras@
mit.edu

Authors

Sanjana Paul — Senseable City Lab, Department of Urban
Studies and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States

Priyanka deSouza — Department of Urban and Regional
Planning, University of Colorado Denver, Denver, Colorado
80202, United States; © orcid.org/0000-0002-2618-4050

Yuki Machida — Senseable City Lab, Department of Urban
Studies and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States

Fabio Duarte — Senseable City Lab, Department of Urban
Studies and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States

Carlo Ratti — Senseable City Lab, Department of Urban
Studies and Planning, Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.est.2c06310

Author Contributions
IA:W. and S.P. contributed equally to the paper.

Notes
The authors declare no competing financial interest.

B REFERENCES

(1) WHO. Air pollution. https://www.who.int/health-topics/air-
pollution#tab=tab_1 (accessed May 11, 2022).

(2) Brantley, H. L.; Hagler, G. SW.; Deshmukh, P. J.; Baldauf, R. W.
Field Assessment of the Effects of Roadside Vegetation on Near-Road
Black Carbon and Particulate Matter. Science of The Total Environment
2014, 468—469, 120—129.

(3) deSouza, P.; Anjomshoaa, A.; Duarte, F.; Kahn, R;; Kumar, P,;
Ratti, C. Air Quality Monitoring Using Mobile Low-Cost Sensors
Mounted on Trash-Trucks: Methods Development and Lessons
Learned. Sustain Cities Soc. 2020, 60, No. 102239.

(4) Fritz, H; Kinney, K. A.;; Wu, C.; Schnyer, D. M,; Nagy, Z. Data
Fusion of Mobile and Environmental Sensing Devices to Understand
the Effect of the Indoor Environment on Measured and Self-Reported
Sleep Quality. Build Environ 2022, 214, No. 10883S.

(5) Jin, M; Liu, S.; Schiavon, S.; Spanos, C. Automated Mobile
Sensing: Towards High-Granularity Agile Indoor Environmental
Quality Monitoring. Build Environ 2018, 127, 268—276.

(6) Hu, Z.; Cong, S.; Song, T.; Bian, K; Song, L. AirScope: Mobile
Robots-Assisted Cooperative Indoor Air Quality Sensing by
Distributed Deep Reinforcement Learning. IEEE Internet Things J.
2020, 7 (9), 9189—9200.

(7) Koelmel, J. P.; Lin, E. Z.; DeLay, K.; Williams, A. J.; Zhou, Y.;
Bornman, R.; Obida, M.; Chevrier, ].; Godri Pollitt, K. J. Assessing the
External Exposome Using Wearable Passive Samplers and High-
Resolution Mass Spectrometry among South African Children

https://doi.org/10.1021/acs.est.2c06310
Environ. Sci. Technol. XXXX, XXX, XXX—=XXX

868

874

898
899

900
901

907

924


https://pubs.acs.org/doi/10.1021/acs.est.2c06310?goto=supporting-info
https://pubs.acs.org/doi/suppl/10.1021/acs.est.2c06310/suppl_file/es2c06310_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22An+Wang%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-1874-2702
https://orcid.org/0000-0002-1874-2702
mailto:an_wang@mit.edu
mailto:an_wang@mit.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Simone+Mora%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-7991-1346
https://orcid.org/0000-0002-7991-1346
mailto:moras@mit.edu
mailto:moras@mit.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Sanjana+Paul%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Priyanka+deSouza%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-2618-4050
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Yuki+Machida%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Fa%25CC%2581bio+Duarte%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1=%22Carlo+Ratti%22&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/page/pdf_proof?ref=pdf
https://www.who.int/health-topics/air-pollution#tab=tab_1
https://www.who.int/health-topics/air-pollution#tab=tab_1
https://doi.org/10.1016/j.scitotenv.2013.08.001
https://doi.org/10.1016/j.scitotenv.2013.08.001
https://doi.org/10.1016/j.scs.2020.102239
https://doi.org/10.1016/j.scs.2020.102239
https://doi.org/10.1016/j.scs.2020.102239
https://doi.org/10.1016/j.buildenv.2022.108835
https://doi.org/10.1016/j.buildenv.2022.108835
https://doi.org/10.1016/j.buildenv.2022.108835
https://doi.org/10.1016/j.buildenv.2022.108835
https://doi.org/10.1016/j.buildenv.2017.11.003
https://doi.org/10.1016/j.buildenv.2017.11.003
https://doi.org/10.1016/j.buildenv.2017.11.003
https://doi.org/10.1109/JIOT.2020.3004339
https://doi.org/10.1109/JIOT.2020.3004339
https://doi.org/10.1109/JIOT.2020.3004339
https://doi.org/10.1021/acs.est.1c06481?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c06481?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c06481?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.2c06310?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as

Environmental Science & Technology

Critical Review

pubs.acs.org/est

928 Participating in the VHEMBE Study. Environ. Sci. Technol. 2022, 56
929 (4), 2191-2203.

930 (8) Zhao, B.; Yu, L.; Wang, C.; Shuai, C.; Zhy, J,; Qu, S.; Taiebat,
931 M.; Xu, M. Urban Air Pollution Mapping Using Fleet Vehicles as
932 Mobile Monitors and Machine Learning. Environ. Sci. Technol. 2021,
933 55 (8), 5579—5588.

934 (9) Eilerman, S. J.; Peischl, J.; Neuman, J. A.; Ryerson, T. B.; Aikin,
935 K. C.; Holloway, M. W,; Zondlo, M. A; Golston, L. M,; Pan, D,;
936 Floerchinger, C.; Herndon, S. Characterization of Ammonia,
937 Methane, and Nitrous Oxide Emissions from Concentrated Animal
938 Feeding Operations in Northeastern Colorado. Environ. Sci. Technol.
939 2016, 50 (20), 10885—10893.

940 (10) Kerckhoffs, J.; Hoek, G.; Gehring, U.; Vermeulen, R. Modelling
941 Nationwide Spatial Variation of Ultrafine Particles Based on Mobile
942 Monitoring. Environ. Int. 2021, 154, No. 106569.

943 (11) Patton, A. P.; Zamore, W.; Naumova, E. N; Levy, J. L; Brugge,
944 D.; Durant, J. L. Transferability and Generalizability of Regression
945 Models of Ultrafine Particles in Urban Neighborhoods in the Boston
946 Area. Environ. Sci. Technol. 2015, 49 (10), 6051—6060.

947 (12) Southerland, V. A,; Anenberg, S. C.; Harris, M.; Apte, J;
948 Hystad, P.; van Donkelaar, A,; Martin, R. v.; Beyers, M.; Roy, A.
949 Assessing the Distribution of Air Pollution Health Risks within Cities:
950 A Neighborhood-Scale Analysis Leveraging High-Resolution Data
951 Sets in the Bay Area, California. Environ. Health Perspect 2021, 129
952 (3), EHP7679.

953 (13) Simon, M. C.; Patton, A. P.; Naumova, E. N.; Levy, J. L;
954 Kumar, P.; Brugge, D.; Durant, J. L. Combining Measurements from
955 Mobile Monitoring and a Reference Site To Develop Models of
956 Ambient Ultrafine Particle Number Concentration at Residences.
957 Environ. Sci. Technol. 2018, 52 (12), 6985—6995.

9ss (14) Kerckhoffs, J; Hoek, G.; Messier, K. P.; Brunekreef, B.;
959 Meliefste, K.; Klompmaker, J. O.; Vermeulen, R. Comparison of
960 Ultrafine Particle and Black Carbon Concentration Predictions from a
961 Mobile and Short-Term Stationary Land-Use Regression Model.
962 Environ. Sci. Technol. 2016, 50 (23), 12894—12902.

963 (15) Leifer, L; Melton, C.; Chatfield, R,; Cui, X.; Fischer, M. L.;
964 Fladeland, M.; Gore, W.; Hlavka, D. L.; Iraci, L. T.; Marrero, J.; Ryoo,
965 J.-M.; Tanaka, T.; Yates, E.; Yorks, J. E. Air Pollution Inputs to the
966 Mojave Desert by Fusing Surface Mobile and Airborne in Situ and
967 Airborne and Satellite Remote Sensing: A Case Study of Interbasin
968 Transport with Numerical Model Validation. Atmos. Environ. 2020,
969 224, No. 117184.

970 (16) Idrees, Z.; Zheng, L. Low Cost Air Pollution Monitoring
971 Systems: A Review of Protocols and Enabling Technologies. J. Ind. Inf
972 Integr 2020, 17, No. 100123.

973 (17) Villa, T.; Gonzalez, F.; Miljevic, B.; Ristovski, Z. D.; Morawska,
974 L. An Overview of Small Unmanned Aerial Vehicles for Air Quality
975 Measurements: Present Applications and Future Prospectives. Sensors
976 2016, 16 (7), 1072.

977 (18) Krdl, S.; Zabiegala, B.; Namiesnik, J. Monitoring VOCs in
978 Atmospheric Air I. On-Line Gas Analyzers. TrAC Trends in Analytical
979 Chemistry 2010, 29 (9), 1092—1100.

980 (19) Baron, R;; Saffell, J. Amperometric Gas Sensors as a Low Cost
981 Emerging Technology Platform for Air Quality Monitoring
982 Applications: A Review. ACS Sens 2017, 2 (11), 1553—1566.

983 (20) Zhuy, Y.; Chen, J,; Bi, X.; Kuhlmann, G.; Chan, K. L.; Dietrich,
984 F.; Brunner, D.; Ye, S.; Wenig, M. Spatial and Temporal
985 Representativeness of Point Measurements for Nitrogen Dioxide
986 Pollution Levels in Cities. Atmos Chem. Phys. 2020, 20 (21), 13241—
987 13251.

988 (21) Dragomir, C. M.,; Constantin, D.-E.; Voiculescu, M,;
989 Georgescu, L. P.; Merlaud, A.; van Roozendael, M. Modeling Results
990 of Atmospheric Dispersion of NO 2 in an Urban Area Using METI—
991 LIS and Comparison with Coincident Mobile DOAS Measurements.
992 Atmos Pollut Res. 2015, 6 (3), 503—510.

993 (22) Tan, W,; Liu, C.;; Wang, S;; Liu, H; Zhu, Y.; Su, W,; Hu, Q;
994 Liu, J. Long-Distance Mobile MAX-DOAS Observations of NO2 and
995 SO2 over the North China Plain and Identification of Regional

Transport and Power Plant Emissions. Atmos Res. 2020, 24S,
No. 105037.

(23) Kumar, P.; Morawska, L.; Martani, C.; Biskos, G.; Neophytou,
M.; di Sabatino, S.; Bell, M.; Norford, L.; Britter, R. The Rise of Low-
Cost Sensing for Managing Air Pollution in Cities. Environ. Int. 20185,
75, 199-208S.

(24) Morawska, L.; Thai, P. K; Liu, X.; Asumadu-Sakyi, A.; Ayoko,
G.; Bartonova, A.; Bedini, A.; Chai, F.; Christensen, B.; Dunbabin, M.;
Gao, J.; Hagler, G. S. W,; Jayaratne, R.; Kumar, P.,; Lau, A. K. H;
Louie, P. K. K; Mazaheri, M,; Ning, Z.; Motta, N.; Mullins, B,;
Rahman, M. M,; Ristovski, Z.; Shafiei, M.; Tjondronegoro, D.;
Westerdahl, D.; Williams, R. Applications of Low-Cost Sensing
Technologies for Air Quality Monitoring and Exposure Assessment:
How Far Have They Gone? Environ. Int. 2018, 116, 286—299.

(25) Thompson, J. E. Crowd-Sourced Air Quality Studies: A Review
of the Literature & Portable Sensors. Trends in Environmental
Analytical Chemistry 2016, 11, 23—34.

(26) Gozzi, F.; della Ventura, G.; Marcelli, A. Mobile Monitoring of
Particulate Matter: State of Art and Perspectives. Atmos Pollut Res.
2016, 7 (2), 228—234.

(27) Braun, V.; Clarke, V. Using Thematic Analysis in Psychology.
Qual Res. Psychol 2006, 3 (2), 77—101.

(28) US EPA. Air Sensor Guidebook. https://cfpub.epa.gov/si/si
public_record Report.cfm?Lab=NERL&dirEntryld=277996 (ac-
cessed May 12, 2022).

(29) Austin, E.; Xiang, J.; Gould, T. R; Shirai, J. H.; Yun, S.; Yost,
M. G.; Larson, T. v.; Seto, E. Distinct Ultrafine Particle Profiles
Associated with Aircraft and Roadway Traffic. Environ. Sci. Technol.
2021, 55 (S), 2847—2858.

(30) Luengo-Oroz, J.; Reis, S. Assessment of Cyclists” Exposure to
Ultrafine Particles along Alternative Commuting Routes in
Edinburgh. Atmos Pollut Res. 2019, 10 (4), 1148—1158.

(31) Lloyd, M.; Carter, E.; Diaz, F. G.; Magara-Gomez, K. T.; Hong,
K. Y.; Baumgartner, J.; Herrera, G. V. M.; Weichenthal, S. Predicting
Within-City Spatial Variations in Outdoor Ultrafine Particle and Black
Carbon Concentrations in Bucaramanga, Colombia: A Hybrid
Approach Using Open-Source Geographic Data and Digital Images.
Environ. Sci. Technol. 2021, S5 (18), 12483—12492.

(32) Hofman, J.; Staelens, J.; Cordell, R.; Stroobants, C.; Zikova, N.;
Hama, S. M. L; Wyche, K. P; Kos, G. P. A; van der Zee, S,;
Smallbone, K. L.; Weijers, E. P.; Monks, P. S.; Roekens, E. Ultrafine
Particles in Four European Urban Environments: Results from a New
Continuous Long-Term Monitoring Network. Atmos. Environ. 2016,
136, 68—81.

(33) Kredl, P.; de Lima, C. H.; Dal Bosco, T. C.; Targino, A. C;
Hashimoto, E. M.; Oukawa, G. Y. Open Waste Burning Causes Fast
and Sharp Changes in Particulate Concentrations in Peripheral
Neighborhoods. Science of The Total Environment 2021, 76S,
No. 142736.

(34) Aurell, J.; Gullett, B.; Holder, A.; Kiros, F.; Mitchell, W.; Watts,
A.; Ottmar, R. Wildland Fire Emission Sampling at Fishlake National
Forest, Utah Using an Unmanned Aircraft System. Atmos. Environ.
2021, 247, No. 118193.

(35) Raheja, G.; Sabi, K.; Sonla, H.; Gbedjangni, E. K.; McFarlane,
C. M,; Hodoli, C. G.; Westervelt, D. M. A Network of Field-
Calibrated Low-Cost Sensor Measurements of PM2.5in Lomé, Togo,
over One to Two Years. ACS Earth Space Chem. 2022, 6, 1011—1021.

(36) deSouza, P. N.; Oriama, P. A.; Pedersen, P. P.; Horstmann, S.;
Gordillo-Dagallier, L.; Christensen, C. N.; Franck, C. O.; Ayah, R;;
Kahn, R. A; Klopp, J. M,; Messier, K. P,; Kinney, P. L. Spatial
Variation of Fine Particulate Matter Levels in Nairobi before and
during the COVID-19 Curfew: Implications for Environmental
Justice. Environ. Res. Commun. 2021, 3 (7), No. 071003.

(37) WDL The global distribution of air pollution. https://
datatopics.worldbank.org/world-development-indicators/stories/the-
global-distribution-of-air-pollution.html (accessed May 12, 2022).

(38) World Health Organization. SDG Indicator 11.6.2 Concen-
trations of fine particulate matter (PM2.5). https://www.who.int/

https://doi.org/10.1021/acs.est.2c06310
Environ. Sci. Technol. XXXX, XXX, XXX—=XXX

996
997

999

1000
1001
1002
1003
1004
100S
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063


https://doi.org/10.1021/acs.est.1c06481?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c08034?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c08034?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b02851?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b02851?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b02851?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.envint.2021.106569
https://doi.org/10.1016/j.envint.2021.106569
https://doi.org/10.1016/j.envint.2021.106569
https://doi.org/10.1021/es5061676?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/es5061676?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/es5061676?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1289/EHP7679
https://doi.org/10.1289/EHP7679
https://doi.org/10.1289/EHP7679
https://doi.org/10.1021/acs.est.8b00292?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b00292?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b00292?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b03476?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b03476?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.6b03476?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.atmosenv.2019.117184
https://doi.org/10.1016/j.atmosenv.2019.117184
https://doi.org/10.1016/j.atmosenv.2019.117184
https://doi.org/10.1016/j.atmosenv.2019.117184
https://doi.org/10.1016/j.jii.2019.100123
https://doi.org/10.1016/j.jii.2019.100123
https://doi.org/10.3390/s16071072
https://doi.org/10.3390/s16071072
https://doi.org/10.1016/j.trac.2010.05.007
https://doi.org/10.1016/j.trac.2010.05.007
https://doi.org/10.1021/acssensors.7b00620?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acssensors.7b00620?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acssensors.7b00620?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.5194/acp-20-13241-2020
https://doi.org/10.5194/acp-20-13241-2020
https://doi.org/10.5194/acp-20-13241-2020
https://doi.org/10.5094/APR.2015.056
https://doi.org/10.5094/APR.2015.056
https://doi.org/10.5094/APR.2015.056
https://doi.org/10.1016/j.atmosres.2020.105037
https://doi.org/10.1016/j.atmosres.2020.105037
https://doi.org/10.1016/j.atmosres.2020.105037
https://doi.org/10.1016/j.envint.2014.11.019
https://doi.org/10.1016/j.envint.2014.11.019
https://doi.org/10.1016/j.envint.2018.04.018
https://doi.org/10.1016/j.envint.2018.04.018
https://doi.org/10.1016/j.envint.2018.04.018
https://doi.org/10.1016/j.teac.2016.06.001
https://doi.org/10.1016/j.teac.2016.06.001
https://doi.org/10.1016/j.apr.2015.09.007
https://doi.org/10.1016/j.apr.2015.09.007
https://doi.org/10.1191/1478088706qp063oa
https://cfpub.epa.gov/si/si_public_record_Report.cfm?Lab=NERL&dirEntryId=277996
https://cfpub.epa.gov/si/si_public_record_Report.cfm?Lab=NERL&dirEntryId=277996
https://doi.org/10.1021/acs.est.0c05933?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c05933?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.apr.2019.01.020
https://doi.org/10.1016/j.apr.2019.01.020
https://doi.org/10.1016/j.apr.2019.01.020
https://doi.org/10.1021/acs.est.1c01412?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c01412?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c01412?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c01412?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.atmosenv.2016.04.010
https://doi.org/10.1016/j.atmosenv.2016.04.010
https://doi.org/10.1016/j.atmosenv.2016.04.010
https://doi.org/10.1016/j.scitotenv.2020.142736
https://doi.org/10.1016/j.scitotenv.2020.142736
https://doi.org/10.1016/j.scitotenv.2020.142736
https://doi.org/10.1016/j.atmosenv.2021.118193
https://doi.org/10.1016/j.atmosenv.2021.118193
https://doi.org/10.1021/acsearthspacechem.1c00391?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acsearthspacechem.1c00391?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acsearthspacechem.1c00391?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1088/2515-7620/ac1214
https://doi.org/10.1088/2515-7620/ac1214
https://doi.org/10.1088/2515-7620/ac1214
https://doi.org/10.1088/2515-7620/ac1214
https://datatopics.worldbank.org/world-development-indicators/stories/the-global-distribution-of-air-pollution.html
https://datatopics.worldbank.org/world-development-indicators/stories/the-global-distribution-of-air-pollution.html
https://datatopics.worldbank.org/world-development-indicators/stories/the-global-distribution-of-air-pollution.html
https://www.who.int/data/gho/data/indicators/indicator-details/GHO/concentrations-of-fine-particulate-matter-(pm2-5)
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.2c06310?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as

Environmental Science & Technology

Critical Review

pubs.acs.org/est

1064 data/gho/data/indicators/indicator-details/ GHO/concentrations-of-
1065 fine-particulate-matter-(pm2-5) (accessed May 31, 2022).

1066 (39) Hussein, T.; Boor, B. E,; dos Santos, V. N.; Kangasluoma, J.;
1067 Petdji, T.; Lihavainen, H. Mobile Aerosol Measurement in the
1068 Eastern Mediterranean - A Utilization of Portable Instruments. Aerosol
1069 Air Qual Res. 2017, 17 (7), 1875—1886.

1070 (40) Isley, C. F; Nelson, P. F.; Taylor, M. P.; Mazaheri, M.;
1071 Morawska, L.; Atanacio, A. J.; Stelcer, E.; Cohen, D. D.; Morrison, A.
1072 L. Airborne Ultrafine Particles in a Pacific Island Country:
1073 Characteristics, Sources and Implications for Human Exposure.
1074 Environ. Pollut. 2017, 231, 367—378.

1075 (41) Singh, A.; Ng'ang’a, D.; Gatari, M. J.; Kidane, A. W.; Alemu, Z.
1076 A.; Derrick, N.; Webster, M. J.; Bartington, S. E.; Thomas, G. N.; Avis,
1077 W.; Pope, F. D. Air Quality Assessment in Three East African Cities
1078 Using Calibrated Low-Cost Sensors with a Focus on Road-Based
1079 Hotspots. Environ. Res. Commun. 2021, 3 (7), No. 075007.

1080 (42) Anjomshoaa, A,; Duarte, F.; Rennings, D.; Matarazzo, T. J;
1081 deSouza, P.; Ratti, C. City Scanner: Building and Scheduling a Mobile
1082 Sensing Platform for Smart City Services. IEEE Internet Things ].
1083 2018, S (6), 4567—4579.

1084 (43) Hagemann, R.; Corsmeier, U.; Kottmeier, C.; Rinke, R;
1085 Wieser, A.; Vogel, B. Spatial Variability of Particle Number
1086 Concentrations and NOx in the Karlsruhe (Germany) Area Obtained
1087 with the Mobile Laboratory ‘AERO-TRAM.’. Atmos. Environ. 2014,
1088 94, 341—352.

1089 (44) Mueller, M. D.; Hasenfratz, D.; Saukh, O.; Fierz, M.; Hueglin,
1090 C. Statistical Modelling of Particle Number Concentration in Zurich
1091 at High Spatio-Temporal Resolution Utilizing Data from a Mobile
1092 Sensor Network. Atmos. Environ. 2016, 126, 171—181.

1093 (45) Google. Air Quality — Google Earth Outreach. https://www.
1094 google.com/earth/outreach/special-projects/air-quality/ (accessed
1095 May 8, 2022).

1096 (46) O’Keeffe, K. P.; Anjomshoaa, A,; Strogatz, S. H.; Santi, P.;
1097 Ratti, C. Quantifying the Sensing Power of Vehicle Fleets. Proc. Natl.
1098 Acad. Sci. U. S. A. 2019, 116 (26), 12752—12757.

1099 (47) Apte, J. S.; Messier, K. P.; Gani, S.; Brauer, M.; Kirchstetter, T.
1100 W.; Lunden, M. M.; Marshall, J. D.; Portier, C. J.; Vermeulen, R. C.
1101 H,; Hamburg, S. P. High-Resolution Air Pollution Mapping with
1102 Google Street View Cars: Exploiting Big Data. Environ. Sci. Technol.
1103 2017, 51 (12), 6999—7008.

1104 (48) Messier, K. P.; Chambliss, S. E.; Gani, S.; Alvarez, R.; Brauer,
1105 M.; Choi, J. J.; Hamburg, S. P.; Kerckhoffs, J.; Lafranchi, B.; Lunden,
1106 M. M,; Marshall, J. D,; Portier, C. J; Roy, A; Szpiro, A. A;
1107 Vermeulen, R. C. H.; Apte, J. S. Mapping Air Pollution with Google
1108 Street View Cars: Efficient Approaches with Mobile Monitoring and
1109 Land Use Regression. Environ. Sci. Technol. 2018, 52 (21), 12563—
1110 12572.

111 (49) Hatzopoulou, M.; Valois, M. F.; Levy, L; Mihele, C.; Lu, G;
1112 Bagg, S.; Minet, L.; Brook, J. Robustness of Land-Use Regression
1113 Models Developed from Mobile Air Pollutant Measurements. Environ.
1114 Sci. Technol. 2017, S1 (7), 3938—3947.

1115 (50) Crocchianti, S.; del Sarto, S.; Ranalli M. G.; Moroni, B.;
1116 Castellini, S.; Petroselli, C.; Cappelletti, D. Spatiotemporal
1117 Correlation of Urban Pollutants by Long-Term Measurements on a
1118 Mobile Observation Platform. Environ. Pollut. 2021, 268, No. 115645.
119 (S1) Chiang, Y.-L.; Wang, J.-C.; Sun, C.-H.; Wen, T.-H,; Juang, J.-Y,;
1120 Jiang, J.-A. Mobile Measurement of Particulate Matter Concentrations
1121 on Urban Streets: System Development and Field Verification. IEEE
1122 Access 2020, 8, 197617—197629.

1123 (52) Hankey, S.; Sforza, P.; Pierson, M. Using Mobile Monitoring to
1124 Develop Hourly Empirical Models of Particulate Air Pollution in a
1125 Rural Appalachian Community. Environ. Sci. Technol. 2019, 53 (8),
1126 4305—431S.

1127 (53) Lim, C. C; Kim, H.; Vilcassim, M. J. R;; Thurston, G. D.;
1128 Gordon, T.; Chen, L. C,; Lee, K; Heimbinder, M.; Kim, S. Y.
1129 Mapping Urban Air Quality Using Mobile Sampling with Low-Cost
1130 Sensors and Machine Learning in Seoul. South Korea. Environ. Int.
1131 2019, 131 (March), No. 105022.

(54) Minet, L.; Liu, R; Valois, M.-F.,; Xu, J.; Weichenthal, S.;
Hatzopoulou, M. Development and Comparison of Air Pollution
Exposure Surfaces Derived from On-Road Mobile Monitoring and
Short-Term Stationary Sidewalk Measurements. Environ. Sci. Technol.
2018, 52 (6), 3512—3519.

(55) Liu, X.; Zhang, X.; Schnelle-Kreis, J.; Jakobi, G.; Cao, X.; Cyrys,
J.; Yang, L.; Schloter-Hai, B.; Abbaszade, G.; Orasche, J.; Khedr, M,;
Kowalski, M.; Hank, M.; Zimmermann, R. Spatiotemporal Character-
istics and Driving Factors of Black Carbon in Augsburg, Germany:
Combination of Mobile Monitoring and Street View Images. Environ.
Sci. Technol. 2021, 55 (1), 160—168.

(56) West, S. E.; Biiker, P.; Ashmore, M.; Njoroge, G.; Welden, N.;
Muhoza, C.; Osano, P.; Makau, J; Njoroge, P.; Apondo, W.
Particulate Matter Pollution in an Informal Settlement in Nairobi:
Using Citizen Science to Make the Invisible Visible. Applied
Geography 2020, 114, No. 102133.

(57) Ellenburg, J. A.; Williford, C. J.; Rodriguez, S. L.; Andersen, P.
C.; Turnipseed, A. A,; Ennis, C. A.; Basman, K. A.; Hatz, J. M.; Prince,
J. C; Meyers, D. H.; Kopala, D. J,; Samon, M. J.; Jaspers, K. J;
Lanham, B. J,; Carpenter, B. J.; Birks, J. W. Global Ozone (GO3)
Project and AQTreks: Use of Evolving Technologies by Students and
Citizen Scientists to Monitor Air Pollutants. Atmos Environ. X 2019, 4,
No. 100048.

(58) United States Environmental Protection Agency. List of
Designated Reference and Equivalent Methods. UNITED STATES
ENVIRONMENTAL PROTECTION AGENCY LIST OF DESIG-
NATED REFERENCE AND EQUIVALENT METHODS; 2021.
www.epa.gov/ttn/amtic/criteria.html (accessed April 3, 2022).

(59) Kozawa, K. H; Park, S. S.; Mara, S. L.; Herner, J. D. Verifying
Emission Reductions from Heavy-Duty Diesel Trucks Operating on
Southern California Freeways. Environ. Sci. Technol. 2014, 48 (3),
1475—1483.

(60) Goin, D. E; Sudat, S.; Riddell, C.; Morello-Frosch, R.; Apte, J.
S.; Glymour, M. M,; Karasek, D.; Casey, J. A. Hyperlocalized
Measures of Air Pollution and Preeclampsia in Oakland. California.
Environ. Sci. Technol. 2021, 55 (21), 14710—14719.

(61) Hankey, S.; Marshall, J. D. On-Bicycle Exposure to Particulate
Air Pollution: Particle Number, Black Carbon, PM 2.5, and Particle
Size. Atmos. Environ. 2015, 122, 65—73.

(62) Lane, K. J.; Levy, J. L; Scammell, M. K; Peters, J. L.; Patton, A.
P.; Reisner, E.; Lowe, L; Zamore, W.; Durant, J. L; Brugge, D.
Association of Modeled Long-Term Personal Exposure to Ultrafine
Particles with Inflammatory and Coagulation Biomarkers. Environ. Int.
2016, 92—93, 173—182.

(63) Mui, W.; der Boghossian, B.; Collier-Oxandale, A.; Boddeker,
S.; Low, J.; Papapostolou, V.; Polidori, A. Development of a
Performance Evaluation Protocol for Air Sensors Deployed on a
Google Street View Car. Environ. Sci. Technol. 2021, SS (3), 1477—
1486.

(64) van den Bossche, J.; de Baets, B.; Botteldooren, D.; Theunis, J.
A Spatio-Temporal Land Use Regression Model to Assess Street-
Level Exposure to Black Carbon. Environmental Modelling & Software
2020, 133, No. 104837.

(65) Shwartz-Ziv, R.; Armon, A. Tabular Data: Deep Learning Is
Not All You Need; 2021.

(66) Kerckhoffs, J.; Hoek, G.; Portengen, L. Brunekreef, B.;
Vermeulen, R. C. H. Performance of Prediction Algorithms for
Modeling Outdoor Air Pollution Spatial Surfaces. Environ. Sci.
Technol. 2019, 53 (3), 1413—1421.

(67) Liu, X; Schnelle-Kreis, J.; Zhang, X.; Bend], J.; Khedr, M,;
Jakobi, G.; Schloter-Hai, B.; Hovorka, J.; Zimmermann, R. Integration
of Air Pollution Data Collected by Mobile Measurement to Derive a
Preliminary Spatiotemporal Air Pollution Profile from Two
Neighboring German-Czech Border Villages. Science of The Total
Environment 2020, 722, No. 137632.

(68) Qi, M.; Hankey, S. Using Street View Imagery to Predict Street-
Level Particulate Air Pollution. Environ. Sci. Technol. 2021, 55 (4),
2695-2704.

https://doi.org/10.1021/acs.est.2c06310
Environ. Sci. Technol. XXXX, XXX, XXX—=XXX

1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199


https://www.who.int/data/gho/data/indicators/indicator-details/GHO/concentrations-of-fine-particulate-matter-(pm2-5)
https://www.who.int/data/gho/data/indicators/indicator-details/GHO/concentrations-of-fine-particulate-matter-(pm2-5)
https://doi.org/10.4209/aaqr.2016.11.0479
https://doi.org/10.4209/aaqr.2016.11.0479
https://doi.org/10.1016/j.envpol.2017.08.021
https://doi.org/10.1016/j.envpol.2017.08.021
https://doi.org/10.1088/2515-7620/ac0e0a
https://doi.org/10.1088/2515-7620/ac0e0a
https://doi.org/10.1088/2515-7620/ac0e0a
https://doi.org/10.1109/JIOT.2018.2839058
https://doi.org/10.1109/JIOT.2018.2839058
https://doi.org/10.1016/j.atmosenv.2014.05.051
https://doi.org/10.1016/j.atmosenv.2014.05.051
https://doi.org/10.1016/j.atmosenv.2014.05.051
https://doi.org/10.1016/j.atmosenv.2015.11.033
https://doi.org/10.1016/j.atmosenv.2015.11.033
https://doi.org/10.1016/j.atmosenv.2015.11.033
https://www.google.com/earth/outreach/special-projects/air-quality/
https://www.google.com/earth/outreach/special-projects/air-quality/
https://doi.org/10.1073/pnas.1821667116
https://doi.org/10.1021/acs.est.7b00891?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.7b00891?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b03395?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b03395?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b03395?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.7b00366?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.7b00366?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.envpol.2020.115645
https://doi.org/10.1016/j.envpol.2020.115645
https://doi.org/10.1016/j.envpol.2020.115645
https://doi.org/10.1109/ACCESS.2020.3034489
https://doi.org/10.1109/ACCESS.2020.3034489
https://doi.org/10.1021/acs.est.8b05249?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b05249?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b05249?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.envint.2019.105022
https://doi.org/10.1016/j.envint.2019.105022
https://doi.org/10.1021/acs.est.7b05059?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.7b05059?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.7b05059?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c04776?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c04776?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c04776?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.apgeog.2019.102133
https://doi.org/10.1016/j.apgeog.2019.102133
https://doi.org/10.1016/j.aeaoa.2019.100048
https://doi.org/10.1016/j.aeaoa.2019.100048
https://doi.org/10.1016/j.aeaoa.2019.100048
http://www.epa.gov/ttn/amtic/criteria.html
https://doi.org/10.1021/es4044177?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/es4044177?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/es4044177?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c02151?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.1c02151?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.atmosenv.2015.09.025
https://doi.org/10.1016/j.atmosenv.2015.09.025
https://doi.org/10.1016/j.atmosenv.2015.09.025
https://doi.org/10.1016/j.envint.2016.03.013
https://doi.org/10.1016/j.envint.2016.03.013
https://doi.org/10.1021/acs.est.0c05955?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c05955?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c05955?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.envsoft.2020.104837
https://doi.org/10.1016/j.envsoft.2020.104837
https://doi.org/10.1021/acs.est.8b06038?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.8b06038?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1016/j.scitotenv.2020.137632
https://doi.org/10.1016/j.scitotenv.2020.137632
https://doi.org/10.1016/j.scitotenv.2020.137632
https://doi.org/10.1016/j.scitotenv.2020.137632
https://doi.org/10.1021/acs.est.0c05572?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
https://doi.org/10.1021/acs.est.0c05572?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.2c06310?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as

Environmental Science & Technology

pubs.acs.org/est

Critical Review

1200 (69) Zheng, S.; Wang, J.; Sun, C; Zhang, X; Kahn, M. E. Air
1201 Pollution Lowers Chinese Urbanites’” Expressed Happiness on Social
1202 Media. Nature Human Behaviour 2019, 3 (3), 237—243.

1203 (70) Kang, Y,; Zhang, F.; Gao, S.; Peng, W, Ratti, C. Human
1204 Settlement Value Assessment from a Place Perspective: Considering
1205 Human Dynamics and Perceptions in House Price Modeling. Cities
1206 2021, 118, No. 103333.

1207 (71) Zhang, F; Zu, J.; Hu, M.; Zhu, D; Kang, Y.; Gao, S.; Zhang, Y.;
1208 Huang, Z. Uncovering Inconspicuous Places Using Social Media
1209 Check-Ins and Street View Images. Comput. Environ. Urban Syst 2020,
1210 81, No. 101478.

1211 (72) Kruse, J.; Kang, Y.; Liu, Y. N.; Zhang, F.; Gao, S. Places for
1212 Play: Understanding Human Perception of Playability in Cities Using
1213 Street View Images and Deep Learning. Comput. Environ. Urban Syst
1214 2021, 90, No. 101693.

1215 (73) Spinelle, L.; Aleixandre, M.; Gerboles, M. Protocol of
1216 Evaluation and Calibration of Low-Cost Gas Sensors for the
1217 Monitoring of Air Pollution; 2013. DOI: 10.2788/9916.

1218 (74) US EPA. Performance Testing Protocols, Metrics, and Target
1219 Values for Ozone Air Sensors: Use in Ambient, Outdoor, Fixed Site,
1220 Non-Regulatory and Informational Monitoring Applications; 2021;
1221 EPA/600/R-20/279.

1222 (75) US EPA. Performance Testing Protocols, Metrics, and Target
1223 Values for Fine Particulate Matter Air Sensors: Use in Ambient, Outdoor,
1224 Fixed Sites, Non-Regulatory Supplemental and Informational Monitoring
1225 Applications; 2021; EPA/600/R-20/280.

1226 (76) South Coast Air Quality Management District. AQMD - Home.
1227 http://www.aqmd.gov/home (accessed August 23, 2022).

1228 (77) OpenAQ. https://openaq.org/#/ (accessed May 12, 2022).
1220 (78) HabitatMap. AirCasting is an open-source environmental data
1230 visualization platform. https://www.habitatmap.org/aircasting (ac-
1231 cessed August 23, 2022).

1232 (79) Labs - Google Environmental Insights Explorer - Make
1233 Informed Decisions. https://insights.sustainability.google/labs (ac-
1234 cessed May 12, 2022).

1235 (80) Martin, R. v.; Brauer, M.; van Donkelaar, A.; Shaddick, G.;
1236 Narain, U,; Dey, S. No One Knows Which City Has the Highest
1237 Concentration of Fine Particulate Matter. Atmos Environ. X 2019, 3,
1238 100040.

https://doi.org/10.1021/acs.est.2c06310
Environ. Sci. Technol. XXXX, XXX, XXX—=XXX


https://doi.org/10.1038/s41562-018-0521-2
https://doi.org/10.1038/s41562-018-0521-2
https://doi.org/10.1038/s41562-018-0521-2
https://doi.org/10.1016/j.cities.2021.103333
https://doi.org/10.1016/j.cities.2021.103333
https://doi.org/10.1016/j.cities.2021.103333
https://doi.org/10.1016/j.compenvurbsys.2020.101478
https://doi.org/10.1016/j.compenvurbsys.2020.101478
https://doi.org/10.1016/j.compenvurbsys.2021.101693
https://doi.org/10.1016/j.compenvurbsys.2021.101693
https://doi.org/10.1016/j.compenvurbsys.2021.101693
https://doi.org/10.2788/9916
https://doi.org/10.2788/9916
https://doi.org/10.2788/9916
https://doi.org/10.2788/9916?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as
http://www.aqmd.gov/home
https://openaq.org/#/
https://www.habitatmap.org/aircasting
https://insights.sustainability.google/labs
https://doi.org/10.1016/j.aeaoa.2019.100040
https://doi.org/10.1016/j.aeaoa.2019.100040
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.2c06310?urlappend=%3Fref%3DPDF&jav=AM&rel=cite-as

