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Disclaimer

This technical report presents work performed by the U.S. Environmental Protection Agency
(EPA) Office of Research and Development (ORD) with technical support provided by Eastern
Research Group (ERG) under Work Assignment 2-14 (Performance Targets for Air Sensors)
under EPA Contract No. EP-C-17-011.

Mention of or referral to commercial products or services, and/or links to non-EPA sites does not
imply official EPA endorsement of or responsibility for the opinions, ideas, data, or products
presented at those locations, or guarantee the validity of the information provided. Mention of
commercial products/services on non-EPA websites is provided solely as a pointer to
information on topics related to environmental protection that may be useful to EPA staff and the
public.
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1.0 Introduction

The rapid growth of low cost air sensors market has resulted in their adoption for numerous air
quality monitoring needs. However, concerns over the quality of the data they generate persist.
Reference grade instruments (Federal Reference Methods [FRM] and Federal Equivalent
Methods [FEM]) can achieve the strictly defined data quality levels for regulatory needs by
requiring periodic calibration and other carefully outlined quality assurance procedures found in
the Code of Federal Regulations (CFR). These procedures ensure data quality by defining data
quality objective and data quality indicators that conform to the stringent requirement for
regulatory applications. No such requirements currently exist for the low cost air sensor market
and there is no current guidance for data quality indicators either from the EPA or the sensor
manufacturers. The availability low cost sensors is continuously expanding, and the lack of
known data quality indicators is creating confusion among users of low cost sensors and which
sensors are fit for a given purpose.

In an effort to understand the reliability and resultant data quality indicators, in 2018 EPA
published the results of a survey of the literature to discover what had been published regarding
the data quality for low cost air sensor devices over the period from 2007-2017
(https://www.epa.gov/air-research/peer-review-and-supporting-literature-review-air-sensor-
technology-performance-targets). The goal was to compile what had been published regarding
the low cost air sensor performance parameters and metrics used to determine data quality and, if
possible, the numeric levels for those parameters deemed acceptable for a broad range of Non-
regulatory supplemental and informational monitoring (NSIM) applications. The air pollutants
considered for the literature review were particulate matter ( PM1o), carbon monoxide (CO),
nitrogen dioxide (NO.), sulfur dioxide (SOz), and ozone (Oz). The objective was to use the
information from the published literature, along with views and opinions from various
stakeholders and subject matter experts, to establish a set of criteria by which to evaluate low
cost air sensor performance. These evaluation criteria might include both laboratory and field-
testing protocols. The 2018 literature review and this 2019 supplemental along with subject
matter expert input was intended to improve the quality of data resulting from the use of low cost
Sensors.

This supplemental document expands the previous 2018 literature review, containing data and
information from a second literature review for the intervening period of January 1, 2017 —
March 31, 2019. In addition to expanding the time available for published literature, additional
criteria were included in the search. The quality of the information sources were based on five
different factors: Performance Assessments, Evaluations, or Specifications; Testing
Methodologies and Protocols; Initial and On-going Calibration; Analyzing and Interpreting
Sensor Data; and Best Practices. Sources ranked highest for these factors when they contained
guantitative, application-focused performance data for low cost sensors and PM2.5 was also
included.


https://www.epa.gov/air-research/peer-review-and-supporting-literature-review-air-sensor-technology-performance-targets
https://www.epa.gov/air-research/peer-review-and-supporting-literature-review-air-sensor-technology-performance-targets

There were 288 potentially relevant information sources identified. After screening those results,
a much smaller subset of 41 sources contained relevant information for all 6 pollutants (CO,
NO., O3, PM2s, PM1o, and SOy) for the five categories listed in Table 2-1. Given, that the
performance measures for PM2.5 and O3 were still under development, the choice was made to
continue to literature search to include all six pollutants. While this supplemental follow up
report does expand on the previous work and includes some metrics that were not mentioned in
the previous report, it does not substantively change the overall understanding of the landscape
of data quality information found in the published literature.

Tables I-1 and 1-2 present the results of the information review and synthesis of the field and
laboratory data identified by the entire search (the previous one from 2007-2017 and this
supplemental search). In general, the range of data quality indicators reported, and their
calculated levels indicate wide variability in performance of air sensors in both collocated
evaluations and application. Standardization on a set of indicators would greatly help in
interpreting the results of evaluation and intercomparison of sensors for a given application.
Thus, much more information, research, and resources are needed to determine fit-for-purpose
air monitoring performance requirements for non-regulatory supplemental and informational
(NSIM) uses of air sensors. Of the 41 sources, only 21 contained information more directly
useful to the development of performance parameters/metrics and target values. This illustrates
that, even in the published literature, performance criteria are not always employed or fully
reported.

Shown in the tables below are a summary of the performance metrics reported from field and
laboratory tests of sensors for the four pollutants of interest (CO, NO>, PM1o, and SO3). These
tables differ from the tables given in the main report because the tables below are a summary
from both literature reviews (2007-2017 and 2017-2019), while the tables in the main body
reflect only the results from the supplemental search from 2017-2019. The available data
illustrate that for any given metric the values range widely among the sources reviewed. The
results of the two time periods investigated did not yield significant differences and sensor
performance but rather a better understanding of data analysis. The results also indicated a higher
acceptance of low cost sensor data and the continued determination of application opportunities.

Table I-1. Summary of Field Performance Parameter Data from the Supplemental Literature

Review
Field Test Parameter CO Sensors NO2 Sensors PMao Sensors SO2 Sensors
(C,%”mat'on coefficient 0.18t0 0.88 0.30 t0 0.99 0.14 t0 0.78 0.30 0 0.99
Coefficient of
determination (R?) 0.03t0 0.97 0.02 t0 0.99 0.02 to 0.91 0.02 to 0.99




Slope 7.99E-04 t0 0.91 0.20to 2.60 0.12 to 1.34 0.20 to 2.60
Intercept 0.06 to 166 ppbv 3.80t016 ppbv |-1.60 to 5.60 ug/m3 3.80 to 16 ppbv
RMSE 7.32-170.99 ppmv | 9 to 30.30 ppbv | 13.83-64.38 ppbv | 9 to 30.30 ppbv
Completeness 44 10 99% 37 10 93% 47 t0 93% 37 10 93%

Table E-2 reveals that EPA did not identify any laboratory data for PM1o and SO.. The other
point to note is that the list of parameters presented differs slightly between filed and laboratory
testing.

Table I-2. Summary of Laboratory Performance Parameter Data from the Supplemental
Literature Review

Lab Test Parameter CO Sensors NO2 Sensors PMazio Sensors | SOz Sensors
?Fg’)”e'a“on coefficient 0.99 0.96 t0 0.99 No data No data
Coefficient of
determination (R?) 0.99 0.99 No data No data
Slope 0.86 0.891to0 1.22 No data No data
Intercept 0.07 ppbv -1.02 to 5.50 ppbv No data No data
Detection limit <4 to 20 ppbv <1to 6 ppbv No data No data

This remainder of the report summarizes the results of EPA’s supplemental literature search and
review effort conducted to cover the 2017-2019 range to identify peer-reviewed literature and
other resources that can inform the EPA’s development of non-regulatory performance targets
and testing protocols for gas and PM sensors used for non-regulatory, ambient, outdoor, fixed-
site, NSIM applications. This report is organized as follows:

Section 2.0 - Outlines the literature search, the sources used, the subject area categories of
information considered shown in table 2-1, and the results returned.

Section 3.0 through Section 6.0 focus on the categories of information in Table 2-1, namely
Sensor Performance Evaluation and Calibration Resources, Sensor Testing Methodologies and
Protocols, Analyzing and Interpreting Sensor Data, and Best Practices for Selecting, Deploying,
Maintaining, and Assessing Sensors.

Section 7.0 lists all the detailed references obtained and used to generate the tables in Section 3,
namely, Tables 3.1 through 3.5.




Finally, the Appendices summarize the contribution to each of the categories of information in
Table 2-1. Appendix A, lists all the citations found, the pollutants assessed in each citation, and
the categories of information (A-E) to which they contribute as delineated in Table 2-1.
Appendix B, provides a quality rating on citations contributing to sensor performance evaluation
and calibration. Appendix C, provides a listing of the mathematical equations used in calculating
parameters or metrics. Appendix D, summarizes sensor testing resources. Appendix E provides
a summary of resources pertaining to sensor data interpretation. Appendix F, summarizes sensor
best-practice resources.

2.0 Literature Search

In March of 2019, EPA conducted a supplemental literature search with the objective of
identifying resources that were not found under the 2018 report. For the 2019 search, EPA used a
broader set of key words (i.e., “sensor” plus target pollutants) in searching the following
databases to maximize the initial return of potentially useful peer-reviewed literature and other
resources that became available between January 1, 2017 and March 31, 2019:

EBSCO Environment Complete
Web of Science

Science Citation Index
ProQuest — Science

Google Scholar

The initial search returned 288 resources and EPA screened these initial results to remove
resources previously identified in the 2017 search and irrelevant resources that pertained to: (1)
sensor technology development, (2) mobile and indoor sensor applications, and (3) remote
sensing. Following screening of the initial search results, 41 references remained that contained
potentially relevant data and information for EPA’s consideration in developing the performance
targets and testing protocols for CO, NO2, O3, SO2, PM25, and PM1o NSIM sensors. To facilitate
the in-depth review of the potentially relevant resources, EPA flagged each resource as
pertaining to one or more of the general categories presented in Table 2-1, based on the
information contained in the resource titles and abstracts. Appendix A presents the 41 potentially
relevant resources and the associated pollutants and subject area categories.



Table 2-1. Subject Area Categories

Category Contents

Resources providing quantitative data and information
characterizing the measurement performance of air
Sensors.

Performance Assessments,
Evaluations, or Specifications

Resources describing procedures used to assess sensor

B | Testing Methodologies and Protocols performance in the laboratory and field.

Resources describing procedures and approaches used to

C | Initial and On-going Calibration calibrate sensors before and after deployment.

Analyzing and Interpreting Sensor Resources using the sensor measurements to inform a
Data study objective.

Resources presenting best practices for selecting,

E | Best Practices . S X
deploying, maintaining, and assessing sensors.

3.0 Sensor Performance Evaluation and Calibration Resources

The 2019 literature search identified 23 published resources that contained data and information
potentially relevant to EPA’s development of key performance parameters and target values for
CO, NOg, O3, SO2, PM25, and/or PM1o NSIM sensors (subject area categories A and C). The
2019 literature search did not identify any state or federal regulations beyond those identified by
EPA in the 2018 literature review report. Appendix B summarizes the purpose and available
information from each of the 23 published resources that could potentially inform EPA’s
development of performance targets for NSIM sensors. EPA used a three-tier quality rating (poor
=0, good = 1, excellent = 2) to characterize the relative quality of the resource and how
potentially useful the resource is in informing the development of sensor performance targets
Appendix C presents the equations cited by the resources used to calculate the statistical
parameters for assessing the performance of sensors and calibration models.

Of the 23 published resources, two resources did not contain performance data (one resource
discussed a chain calibration methodology, and one resource discussed the deployment of a
sensor network to monitor air quality after the regional regulatory monitoring network was
disabled by power outages caused by a natural disaster). Of the 21 published resources that
contained sensor performance data, 18 publications focused primarily on characterizing sensor
performance relative to the performance of a collocated reference monitor under ambient, urban
conditions with the objectives of developing and validating approaches for calibrating or
correcting the output from sensors as supplied by manufacturers, and/or assessing the feasibility
of using sensor measurements to supplement existing ambient air monitoring networks. Only 1
of the 21 published resources conducted a laboratory-only evaluation of sensor performance. 4 of
the 21 published resources discussed minimum or pre-established performance targets necessary
for accepting sensor data (two resources referenced the guidelines in the European Air Quality
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Directive?, one resource referenced the performance criteria discussed in EPA’s Air Sensor
Guidebook?, and one resource discussed targets for statistical parameters that reflected
reasonable performance).

The majority (15 resources) focused on the performance of NO. sensors, followed by Oz (9
resources), CO (7 resources), PM1g (6 resources), PMas (5 resources), and SO> sensors (three
resources) with some publications addressing more than one pollutant. However, most of the
performance evaluations presented sensor data that incorporated calibrations or corrections rather
than performance data for sensors as supplied by the manufacturer (i.e., data that reflected out-
of-the-box performance).

Tables 3-1 and 3-2 summarize the available field performance data for gas sensors from the five
resources that presented performance data for the sensors as supplied by the manufacturers.
Table 3-1 presents the data from resources that evaluated different types of sensors, and Table
3-2 presents the data from resources that evaluated the same types of sensors. All performance
data for gas sensors presented in Tables 3-1 and 3-2 are based on analysis of 1-hour average
values. Of these five resources for gas sensors, only one resource contained performance data for
an evaluation conducted in the U.S, with the remaining resources conducting performance
evaluations in Norway, the United Kingdom (UK), Portugal, and Italy. Tables 3-3 and 3-4
summarize the available field performance data from the four resources that presented
performance data for PM2.s and PM1o sensors as supplied by the manufacturers. Of these four
PM resources, two resources contained performance data for evaluations conducted in the U.S,
with the remaining resources conducting performance evaluations in the UK, Portugal, and Italy.
Additionally, one resource provided data for a laboratory evaluation of a single PM sensor that
reflected performance as supplied by the manufacturer (see Table 3-5).

Table 3-1. Field Performance Data for Gas NSIM Sensors as Supplied by the Manufacturer
(Different Types of Sensors Tested)

Pollutant?
Performance Parameter CcQP NO° O3 SO
4.16 to 10.16 parts
%th&rgg)mm Mmean square error 0'0;;%3'14 per billion by volume | 5.09 to 10.20 ppbv¢ 0.33 t0 0.49 ppbv
(ppbv)
. -~ 0.29 to 0.82¢

Correlation coefficient (R) 0.18t0 0.88 0.10t0 0.93 -0.06 10 0.96¢ 0.11 t0 0.80

- — 0.11 to 0.68¢

2

Coefficient of determination (R?) 0.03t00.78 0.04 to 0.86 0.85 t0 0.99f 0.01 to 0.63




Table 3-1. Field Performance Data for Gas NSIM Sensors as Supplied by the Manufacturer
(Different Types of Sensors Tested)

Pollutant®
Performance Parameter CcoP NO2° O3 SOf
-27.14t0 10
parts per
Factor of exceedance (FOEX) million by -35.71 to 12.86 ppbv -32.86 to 10 ppbv¢ -21.43 t0 1.43 ppbv
volume
(ppmv)
Fractional bias (FB) -o.osptr?“?.og 1.05t00.15ppbv | -0.49100.36 ppbv® | -0.11t0 0.02 ppbv
-39 to -0.004 ppbv®
0.07 t0 16.11
Intercept micrograms per cubic
Linear regression Not evaluated Not evaluated meter (ug/m?)" Not evaluated
Slone -0.04 to 1.03¢
P 0.51 to 1.08
0.05t00.11 d
Mean absolute error (MAE) ppmv 1.41 to 8.73 ppbv 2.47 to 8.64 ppbv 0.27 to 0.43 ppbv
Mean bias error (MBE) 'O'Oplptr?“?'Ol -6.90 to 1.18 ppbv -4.19 to 3.54 ppbv¢ -0.09 to 0.02 ppbv
Mean relative error (MRE) 0'2[5);%3'34 0.19 t0 0.95 ppbv 0.13 to 2.95 ppbv* 0.18 to 0.25 ppbv
Normalized mean square error 0.31t010.45 q
(NMSE) ppmv 0.20 to 151.87 ppbv 0.52 to 20.39 ppbv 6.90 to 10.74 ppbv

All performance data are based on analysis of 1-hour average values and reflect the performance of the sensors as supplied by the

manufacturers.

b Data range based on 4 different sensors from Assessment of Air Quality Microsensors Versus Reference Methods: The EuNetAir Joint
Exercise - Part Il (2018). Reference data on the x axis.

¢ Data range based on 6 different sensors from Assessment of Air Quality Microsensors Versus Reference Methods: The EuNetAir Joint
Exercise - Part 11 (2018). Reference data on the x axis.

4 Data range based on 5 different sensors from Assessment of Air Quality Microsensors Versus Reference Methods: The EuNetAir Joint
Exercise - Part 11 (2018). Reference data on the x axis.

¢ Data range based on two groups of sensors (1 group of 2 identical sensors and 1 group of 3 identical sensors) from Long-Term
Evaluation of Air Sensor Technology under Ambient Conditions in Denver, Colorado (2018). Reference data on the x axis.

T Data range based on 2 different sensors from Temporal Changes in Field Calibration Relationships for Aeroqual S500 O3z and NO2

Sensor-Based Monitors (2018). Reference data on the x axis.
Data range based on 2 different sensors from Assessment of Air Quality Microsensors Versus Reference Methods: The EuNetAir Joint
Exercise - Part 11 (2018). Reference data on the x axis.



Table 3-2. Field Performance Data for Gas NSIM Sensors as Supplied by the

Manufacturer (Same Types of Sensors Tested)

Pollutant?
Performance Parameter NO2 O3
0.84 t0 0.87° .
R 0.21 to 0.72° 0.09t0 0.81
Coefficient of efficiency (COE) 0.05 ppbv® NA
R? 0.15¢ 0.85 to 0.99°
Fraction of predictions within a factor of two d
(FAC2) 0.78 Not evaluated
Linear rearession Intercept -10 to -15 ppbv® 0.07 t0 16.73 ug/m*
g Slope 0.65 t0 0.67° 0.51 to 1.08°
Mean bias (MB) _22'7;;&34'66 -28.66 to 40.71 ppbv©
Mean gross error (MGE) 12.56 to 74.69 ppbv® 9.60 to 40.96 ppbv°
i . -1.31 to 5.42 ppbv°© i c
Normalized mean bias (NMB) 0.013 ppby* 1.9 to 3.52 ppbv
Normalized MGE 0.85 to 5.42 ppbv°© 0.79 to 3.53 ppbv°©
15.52 to 81.60 ppbv°© c
Root mean square error (RMSE) 10.15 ppby® 11.77 to 44.27 ppbv

@ All performance data are based on analysis of 1-hour average values and reflect the performance of the sensors

as supplied by the manufacturers.

b Data range based on 3 identical sensors from Long-Term Evaluation of Air Sensor Technology under Ambient
Conditions in Denver, Colorado (2018). Reference data on the x axis.

¢ Data range based on 24 identical sensors from Mapping Urban Air Quality in Near Real-Time Using
Observations from Low-Cost Sensors and Model Information (2017). Reference data on the x axis.

4 Data for simple linear regression of average value from 10 identical sensors from Analyzing the Performance
of Low-Cost Air Quality Sensors, Their Drivers, Relative Benefits and Calibration in Cities - a Case Study in

Sheffield (2019). Reference data on the x axis.

¢ Data range based on 2 identical sensors from Temporal Changes in Field Calibration Relationships for
Aeroqual S500 O3 and NO; Sensor-Based Monitors (2018). Reference data on the x axis.




Table 3-3. Field Performance Data for PM NSIM Sensors as Supplied by the
Manufacturer (Different Types of Sensors Tested)

Pollutant
Performance Parameter PM2s PM1o
CRMSE 13.35t0 18.27 pug/m* | 22.95 to 26.03 pg/m*®
a
R 8:% :8 8:?;, 0.14 t0 0.78¢
0.01 to 0.29°
R’ 0.40t0 0.71° 0.02 to 0.60°
FOEX -5.14 to 10 pg/m* -30 to 12.86 pg/m™
FB -0.26 t0 0.27 pg/m* 0.06 t0 0.36 pg/m*
_ Intercept -1.66 to 15 pg/m*
Linear 1.92 to 4.91 pg/m*
: b Not evaluated
regression Slope 0.07t0 0.76
0.13 to 0.40%
MAE 10.37 to 13.92 pg/m*® | 18.12 to 22.19 pug/m*
MBE -2.15t0 1.98 pg/m* 1.19 to 6.15 pg/m*
MRE 0.93 to 1.17 pg/m*® 0.69 to 3.38 pg/m*
NMSE 2.96 to 36.78 pg/m* 1.71 to 4.86 pg/m*

@ Data range based on 1-hour (hr) values for two groups of sensors (1 group of 2 identical
sensors and another group of 2 identical sensors) from Assessment of Air Quality Microsensors
Versus Reference Methods: The EuNetAir Joint Exercise - Part 11 (2018). Reference data on

the x axis.

b Data range based on 1-hr values for 9 sensors (3 identical sensors by each of 3 types) from
Long-Term Evaluation of Air Sensor Technology under Ambient Conditions in Denver,
Colorado (2018). Reference data on the x axis.

¢ Data range based on 1-hr values for two groups of 3 identical sensors (two different types)
from Assessing the Utility of Low-Cost Particulate Matter Sensors over a 12-Week Period in
the Cuyama Valley of California (2017). Reference data on the x axis.

4 Data range based on 1-hr values for a single sensor, 1 group of 2 identical sensors, and another
group of 2 identical sensors from Assessment of Air Quality Microsensors Versus Reference
Methods: The EuNetAir Joint Exercise - Part Il (2018). Reference data on the x axis.




Table 3-4. Field Performance Data for PM NSIM Sensors as Supplied by the
Manufacturer (Same Type of Sensor Tested)

Pollutant
Performance Parameter PMz25 PMaio
R Not evaluated 0.20 to 0.682
0.84°
R? 0.90° 0.81 to 0.84°
0.53 to 0.81¢
FAC?2 0.987° 0.987°
-1.06 t0 2.98 pg/m*
Intercept Not evaluated 2.81 t0 5.36 pg/m>°
Linear regression 0.32 to 4.62 pg/m™
0.12 to 0.542
Slope Not evaluated 0.12 t0 0.20°
0.13 to 0.23¢
MAE 4.827 ng/m® 5.103 pg/m®
MB 4.394 pg/m® 0.720 pg/m*®
NMB 21.401%" 2.863%"
Normalized root mean square
ertor (NRMSE) a 38.746%" 31.011%"
RMSE 7.955 ug/m® 7.802 ug/m

2 Data range based on 1-hr values for 3 identical sensors from Long-Term Evaluation of Air Sensor
Technology under Ambient Conditions in Denver, Colorado (2018). Reference data on the x axis.

b Data (24-hr value) for a single sensor from Development of Low-Cost Air Quality Stations for Next
Generation Monitoring Networks: Calibration and Validation of PM2s and PMyo Sensors (2018).
Reference data on the y axis.

¢ Data range based on 1-hr values for 3 identical sensors and a GRIMM 11-R from Assessing the
Utility of Low-Cost Particulate Matter Sensors over a 12-Week Period in the Cuyama Valley of
California (2017). Reference data on the x axis.

4 Data range based on 1-hr values for 3 identical sensors and a beta attenuation monitor from
Assessing the Utility of Low-Cost Particulate Matter Sensors over a 12-Week Period in the Cuyama
Valley of California (2017). Reference data on the x axis.
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Table 3-5. Summary of Available Laboratory Performance Data for NSIM Sensors as
Supplied by the Manufacturer

Pollutant?

Performance Parameter PM2s PMio
R? 0.8095 0.6747
MB -0.0388 pg/m® 0.0836 pg/m®
RMSE 3.3 pg/m3 4.5 pg/m®

: 0.6228 (milligrams per

Sum of squares due to regression (SSR) cubic n(weter,gmg/m%? 0.5532 (mg/m?)?
Sum of squared errors (SSE) 0.1475 (mg/m?®)? 0.2667 (mg/m?®)?
Total sum of squares (SST) 0.7743 (mg/m?®)? 0.8199 (mg/m?®)?

@ Data based on 2-minute values for 1 sensor from Development of Low-Cost Air Quality Stations for Next
Generation Monitoring Networks: Calibration and Validation of PM2s and PMio Sensors (2018).

4.0 Sensor Testing Methodologies and Protocols

The 2019 literature search and review identified 6 published resources that contained detailed
descriptions of test methodologies or protocols for evaluating sensor performance (subject area
B). 5 of the 6 published resources discussed testing of CO sensors, followed by NO- and O3 (four
resources), SO (two resources), and PM1g (one resource), with some resources discussing testing
of more than one pollutant. None of the published resources discussed testing of PM25 sensors.
Three of the published resources discussed combined laboratory and field testing of sensors, two
resources discussed laboratory-only testing, and one resource discussed field-only testing. For
the field tests, the resources provided limited details regarding the conduct of the field tests
beyond the sensor measurement height. The literature review did not identify any information
regarding specific sensor placement decisions (e.g., considerations to avoid inducing turbulent
conditions at the inlet to the sensor or reference monitor) beyond sampling height and distance
from the reference monitor. Appendix D summarizes the available testing methodologies and
protocol information from the six published resources.

5.0 Analyzing and Interpreting Sensor Data

The 2019 literature search and review identified 13 resources that discussed analyzing or
interpreting sensor data to inform a study objective (e.g., spatiotemporal air quality monitoring,
emissions source apportionment). None of the 13 resources discussed analyzing or interpreting
data with the objective of informing sensor selection. Appendix E summarizes the available
sensor data interpretation information. Most of the resources (approximately 50 percent)
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discussed combining sensor data with other information (e.g., wind speed, wind direction, and
traffic data) to identify or monitor hotspots, or to apportion impacts on air quality to emissions
sources. Four of the references used sensor networks to conduct a spatiotemporal assessment of
community air quality including an emergency deployment of sensors to monitor air quality in a
community after the reference monitoring network had been disabled by a hurricane. Two
references discussed data handling and outlier identification of sensor data. One reference
presented an approach that used atmospheric dispersion modeling of historical data, Bayesian
maximum entropy (BME) approach, and a multi-objective optimization model for determining
deployment locations for a sensor network.

6.0 Best Practices for Selecting, Deploying, Maintaining, and Assessing
Sensors

The 2019 literature search and review identified 18 resources that contained information
regarding best practices for selecting the appropriate sensor technology for the application and
calibration, deployment, maintenance, and assessments of sensors. The review also identified
best practices related to planning of community air quality monitoring projects and securing on-
line sensor data. Appendix F summarizes the best-practice information by resource. The tables in
Appendix F indicate the pollutant(s) that were the focus of the resource from which EPA
extracted the potential best-practice information to provide some context for the resources;
however, the best practices identified are not necessarily pollutant specific.
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Appendix A. Potentially Relevant Resources Identified by the 2019 Literature Search and Review

Year

Title

Pollutant

Subject Area
Category

2017

Castell, N., Schneider, P., Grossberndt, S., Fredriksen, M. F., Sousa-Santos, G., Vogt, M., and
Bartonova, A. Localized real-time information on outdoor air quality at kindergartens in Oslo,
Norway using low-cost sensor nodes. Environmental Research, 165, 410-419. 2017.

NO-

Aand D

2017

Clements, A. L., Griswold, W. G., Abhijit, RS, Johnston, J. E., Herting, M. M., Thorson, J.,
Collier-Oxandale, A., Hannigan, M. Low-Cost Air Quality Monitoring Tools: From Research
to Practice (A Workshop Summary). Sensors, 17(11). 2017.

Not pollutant
specific

2017

Cross, E. S., Williams, L. R., Lewis, D. K., Magoon, G. R., Onasch, T. B., Kaminsky, M.,
Worsnop, D. R., Jayne, J. T. Use of electrochemical sensors for measurement of air pollution:
Correcting interference response and validating measurements. Atmospheric Measurement
Technigues, 10(9), 3575-3588. 2017.

CO, NOz, and O3

2017

English, P. B., Olmedo, L., Bejarano, E., Lugo, H., Murillo, E., Seto, E., Wong, M., King, G.,
Wilkie, A., Meltzer, D., Carvlin, G., Jerrett, M., and Northcross, A. The Imperial County
Community Air Monitoring Network: A model for community-based environmental monitoring
for public health action. Environmental Health Perspectives, 125(7), 074501. 2017.

Not pollutant
specific

2017

Fang, X., and Bate, I. Issues of using wireless sensor network to monitor urban air quality. In:
International Workshop on the Engineering of Reliable, Robust, and Secure Embedded
Wireless Sensing Systems (FAILSAFE). ACM. 2017.

NO;

2017

Fang, X., and Bate, I. Using multi-parameters for calibration of low-cost sensors in urban
environment. Networks, 7, 33. 2017.

NO;

2017

Gualtieri G., Camilli F., Cavaliere A., De Filippis T., Di Gennaro F., Di Lonardo S., Dini F.,
Gioli B., Matese A., Nunziati W., Rocchi L., Toscano P., Vagnoli C., Zaldei A. An integrated
low-cost road traffic and air pollution monitoring platform to assess vehicles’ air quality
impact in urban areas. Transportation Research Procedia, 27, 609-616. 2017.

CO and NO;

2017

Han, 1., Symanski, E., and Stock, T. H. Feasibility of using low-cost portable particle monitors
for measurement of fine and coarse particulate matter in urban ambient air. Journal of Air
Waste Management Association, 67(3), 330-340. 2017.

PM2s

2017

Khedo, K. K., and Chikhooreeah, V. Low-Cost Energy-Efficient Air Quality Monitoring
System Using Wireless Sensor Network. In Wireless Sensor Networks-Insights and
Innovations: IntechOpen, 2017.

CO, NOy, and SO>

2017

Kok, I., Simsek, M. U., and Ozdemir, S. A deep learning model for air quality prediction in
smart cities. Paper presented at the 2017 IEEE International Conference on Big Data (Big
Data). 2017.

Not pollutant
specific

D

2017

Kuula, J., Mékeld, T., Hillamo, R., and Timonen, H. Response Characterization of an
Inexpensive Aerosol Sensor. Sensors, 17(12), 2915. 2017.

PMyo

A, B,and C
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Appendix A. Potentially Relevant Resources Identified by the 2019 Literature Search and Review

Subject Area

Year Title Pollutant Category
Mukherjee, A., Stanton, L., Graham, A., and Roberts, P. Assessing the utility of low-cost

2017 | particulate matter sensors over a 12-week period in the Cuyama valley of California. Sensors, PM25 and PM1g A
17(8), 1805. 2017.

2017 Nthusi, V., Klopp, J. M., Shaw, B. E., Ho, W. O., Saffell, J., Jones, R., and Ratti, C. A Nairobi | NO2, SOz, PM2s, D and E
experiment in using low cost air quality monitors. Clean Air Journal 27(2), 12-42. 2017. and PMso
Pavani, M., and Rao, P. T. Urban air pollution monitoring using wireless sensor networks: a Not pollutant

2017 | comprehensive review. International Journal of Communication Networks and Information specific E
Security, 9(3), 439-449. 2017.

2017 Penza, M.; Suriano, D.; Pfister, V.; Prato, M.; Cassano, G. Urban Air Quality Monitoring with PMio Aand E
Networked Low-Cost Sensor-Systems. Proceedings, 1, 573. 2017.
Schneider, P., Castell, N., Vogt, M., Dauge, F. R., Lahoz, W. A., and Bartonova, A. Mapping

2017 | urban air quality in near real-time using observations from low-cost sensors and model NO; and O3 A
information. Environment International, 106, 234-247. 2017.
Smith, K. R., Edwards, P. M., Evans, M. J., Lee, J. D., Shaw, M. D., Squires, F., Wilde, S. and

2017 | Lewis, A. C. Clustering approaches to improve the performance of low cost air pollution CoO B,C,and E
sensors. Royal Society of Chemistry, 200, 621-637. 2017.
Afshar-Mohajer, N., Zuidema, C., Sousan, S., Hallett, L., Tatum, M., Rule, A. M., Thomas,

2018 G., _Peters, T. M, ar_ld Koehler, K. Eva_lluation o_f Ic_>w—cost electro-chemicgl sensors for CO, NO,, and O; A B, and C
environmental monitoring of ozone, nitrogen dioxide, and carbon monoxide. Journal of
Occupational Environmental Hygiene, 15(2), 87-98. 2018.
Barzyk, T.M.; Huang, H.; Williams, R.; Kaufman, A.; Essoka, J. Advice and Frequently Asked Not pollutant

2018 | Questions (FAQs) for Citizen-Science Environmental Health Assessments. International specific E
Journal of Environmental Research and Public Health, 15, 960. 2018. P
Bigi, A., Mueller, M., Grange, S. K., Ghermandi, G., and Hueglin, C. Performance of NO,

2018 | NO; low cost sensors and three calibration approaches within a real world application. NO; A
Atmospheric Measurement Techniques, 11(6), 3717-3735. 2018.
Borrego, C., Ginja, J., Coutinho, M., Ribeiro, C., Karatzas, K., Sioumis, T., Katsifarakis, N.,
Konstantinidis, K., De Vito, S., Esposito, E., Salvato, M., Smith, P., André, N., Gérard, P., CO. NO,, Os

2018 Francis, L. A., Castell, N., Schneider, P., Viana, M., Minguillén, M. C., Reimringer, W., Otjes, S0, ,PMZQ, an,d A D. and E
R. P., von Sicard, O., Pohle, R., Elen, B. D., Suriano, Pfister, V., Prato, M., Dipinto, S., and ! PM ! T
Penza, M. Assessment of air quality microsensors versus reference methods: The EuNetAir 10
Joint Exercise - Part I1. Atmospheric Environment, 193, 127-142. 2018.
Cavaliere, A.; Carotenuto, F.; Di Gennaro, F.; Gioli, B.; Gualtieri, G.; Martelli, F.; Matese, A.;

2018 Toscano, P.; Vagnoli, C.; Zaldei, A. Development of Low-Cost Air Quality Stations for Next PMas and PMio A

Generation Monitoring Networks: Calibration and Validation of PM,s and PMyo Sensors.
Sensors, 18, 2843. 2018.
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Appendix A. Potentially Relevant Resources Identified by the 2019 Literature Search and Review

Subject Area
Year Title Pollutant Category
De Vito, S., Esposito, E., Salvato, M., Popoola, O., Formisano, F., Jones, R., and Di Francia,
G. Calibrating chemical multisensory devices for real world applications: An in-depth
2018 . L . . ) . CO and NO; A
comparison of quantitative machine learning approaches. Sensors & Actuators: B. Chemical,
255, 1191-1210. 2018.
Feinberg, S., Williams, R., Hagler, G. S. W., Rickard, J., Brown, R., Garver, D., Harshfield,
2018 G., Stauffer, P., Mattson, E., Judge, R. and Garvey, S. Long-term evaluation of air sensor NO3, O3, PMzs, A
technology under ambient conditions in Denver, Colorado. Atmospheric Measurement and PMyg
Techniques, 11(8), 4605-4615. 2018.
Hagler, G. S. W., Williams, R., Papapostolou, V., and Polidori, A. Air Quality Sensors and Not pollutant
2018 | Data Adjustment Algorithms: When Is It No Longer a Measurement? Environmental Science specific E
& Technology, 52(10), 5530-5531. 2018.
Kizel, F., Etzion, Y., Shafran-Nathan, R., Levy, I., Fishbain, B., Bartonova, A., and Broday, D.
2018 | M. Node-to-node field calibration of wireless distributed air pollution sensor network. O3 C
Environmental Pollution, 233, 900-909. 2018.
Luo, L., Zhang, Y., Pearson, B., Ling, Z., Yu, H., and Fu, X. On the Security and Data
2018 Integrity of Low-Cost Sensor Networks for Air Quality Monitoring. Sensors, 18(12). 2018. PM25 and PMio E
Masey, N., Gillespie, J., Ezani, E., Lin, C., Wu, H., Ferguson, N. S., Hamilton, S., Heal, M. R,
2018 | and Beverland, I. J. Temporal changes in field calibration relationships for Aeroqual S500 O3 NO; and O3 AandE
and NO; sensor-based monitors. Sensors & Actuators: B. Chemical. 273, 1800-1806. 2018.
Mijling, B., Jiang, Q. J., de Jonge, D., and Bocconi, S. Field calibration of electrochemical A C D. and
2018 | NO2 sensors in a citizen science context. Atmospheric Measurement Techniques, 11(3), 1297- NO; ' ’E '
1312. 2018.
Pang, X. B., Shaw, M. D., Gillot, S., and Lewis, A. C. The impacts of water vapour and co- CO. NO». Os. and
2018 | pollutants on the performance of electrochemical gas sensors used for air quality monitoring. ' Sg » A, B,and C
Sensors & Actuators: B. Chemical, 266, 674-684. 2018. 2
Popoola, O. A. M., Carruthers, D., Lad, C., Bright, V. B., Mead, M. I., Stettler, M. E. J.,
2018 | Saffell, J. R., and Jones, R. L. Use of networks of low cost air quality sensors to quantify air NO; D
quality in urban settings. Atmospheric Environment, 194, 58-70. 2018.
2018 Ramos, F., Trilles, S., Munoz, A., and Huerta, J. Promoting Pollution-Free Routes in Smart Not pollutant D
Cities Using Air Quality Sensor Networks. Sensors, 18(8), 2018. specific
Reece, S., Williams, R., Colon, M., Southgate, D., Huertas, E., O'Shea, M., Iglesias, A., and
2018 | Sheridan, P. Spatial-Temporal Analysis of PM.s and NO2 Concentrations Collected Using PM25 and NO; Dand E
Low-Cost Sensors in Penuelas, Puerto Rico. Sensors, 18(12). 2018.
2018 Rogulski, M. Using Low-Cost PM Monitors to Detect Local Changes of Air Quality. Polish PMuo D

Journal of Environmental Studies, 27(4), 1699-1705. 2018.
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Year

Title

Pollutant

Subject Area
Category

2018

Subramanian, R., Ellis, A., Torres-Delgado, E., Tanzer, R., Malings, C., Rivera, F., Morales,

M., Baumgardner, D., Presto, A., and Mayol-Bracero, O. L. Air Quality in Puerto Rico in the
Aftermath of Hurricane Maria: A Case Study on the Use of Lower Cost Air Quality Monitors.
American Chemical Society (ACS) Earth and Space Chemistry, 2(11), 1179-1186. 2018.

CO, NOy, 03, and
SOy, and PM_5

Cand D

2018

van Zoest, V. M., Stein, A., and Hoek, G. Outlier Detection in Urban Air Quality Sensor
Networks. Water, Air, & Soil Pollution, 229(4), 111. 2018.

NO;

D

2018

Wei, P., Ning, Z., Ye, S., Sun, L., Yang, F., Wong, K. C., Westerdahl, D., and Louie, P. K. K.
Impact Analysis of Temperature and Humidity Conditions on Electrochemical Sensor
Response in Ambient Air Quality Monitoring. Sensors, 18(2). 2018.

CO, NOz, and O3

A /B, C,and E

2018

Wong, M., Bejarano, E., Carvlin, G., Fellows, K., King, G., Lugo, H., Jerrett, M., Meltzer, D.,
Northcross, A., Olmedo, L., Seto, E., Wilkie, A., and English, P. Combining Community
Engagement and Scientific Approaches in Next-Generation Monitor Siting: The Case of the
Imperial County Community Air Network. International Journal of Environmental Research
and Public Health, 15(3), 14. 2018.

PM; s and PM1o

2018

Z Zhu, B Chen, S Qiu, R Wang, Y Wang, L Ma, X Qiu. A data-driven approach for optimal
design of integrated air quality monitoring network in a chemical cluster. Royal Society Open
Science, 5(9), 180889. 2018.

SO,

2018

Zimmerman, N., Presto, A. A., Kumar, S. P. N., Gu, J., Hauryliuk, A., Robinson, E. S.,
Robinson, A. L., and R. Subramanian. A machine learning calibration model using random
forests to improve sensor performance for lower-cost air quality monitoring, Atmospheric
Measurement Techniques, 11, 291-313. 2018.

CO, NOy, O3, and
SO,

A B, C,and E

2019

Munir, S., Mayfield, M., Coca, D., Jubb, S. A., and Osammor, O. Analysing the performance
of low-cost air quality sensors, their drivers, relative benefits and calibration in cities-a case
study in Sheffield. Environmental Monitoring and Assessment, 191(2), 94. 2019.

NO;
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 2 groups of 3 identical PM.s sensors (2 different types of sensors)
and 3 identical PMg sensors with 2 collocated reference monitors (GRIMM 11-R and
Met One beta attenuation monitor (BAM) 1020) at the Cuyama Valley High School in
New Cuyama, California from April 14 to July 6, 2016 to determine whether:
e Low-cost PM sensors can detect dust events.
e Sensor precision is sufficient for use in monitoring the spatial variability of PM
or providing local data to augment the regional monitoring network.
Assessing the Utility of e Sensors operate continuously and meet data completeness requirements for
Low-Cost Particulate reliably detecting dust events.
2017 Matter Sensors over a | PM2s and e Sensors could be used as part of an “early warning system” to reduce exposure to 2
12-Week Period in the PMyo high PM concentrations.

Cuyama Valley of
California

Performance Data:

e Between-sensor precision (as supplied by the manufacturer) determined by linear
regression of 1-hr sensor concentration values to calculate slope, intercept, and R2.

e Sensor accuracy (as supplied by the manufacturer) determined by linear regression of
1-hr concentration values from sensors and the reference monitors (reference data on x
axis) to calculate, intercept, and R? (see Tables 3-3 and 3-4).

e PMy sensor measurements during the last week of the study were ~ 65% of the
measurements made during the first week relative to reference monitor data.

e Completeness: 88.7 to 95.4% for PMyg, and 100% for PMs,

e The study did not discuss pre-established performance targets for sensors.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 6 sensors and a collocated reference monitor (Aero-Laser AL5002)
installed in an air-conditioned mobile laboratory supplied with ambient air sited in
. central Beijing, China from November 21 to December 6, 2016 to evaluate the
Clustering Approaches “q] s h for deplovi . o th di 6
to Improve the clustere approachn 1or dep oylng Sensors _(1.e., us1ngt _e n_le_ 1an measurement from a
set of collocated sensors to minimize the drift effects of individual sensors).
2017 | Performance of Low CO , 0
- . Performance Data:
Cost Air Pollution - . .
Sensors o The_ study discusses and presents graphically the performance of the met_jlan sensor value
against the reference monitor (in terms of R?) and the range of sensor drift at the
conclusion of the field deployment (~ 370 ppbv between the lowest and highest sensor
measurements).
e The study did not discuss pre-established performance targets for sensors.
Purpose:
e Field deployment of one sensor with a collocated reference monitor (GRIMM 11-R) in
Feasibility of Using Houston, TX from December 10, 2015 to January 10, 2016 to assess the:
Low-Cost Portable e Feasibility of using the sensor to measure PM_.
Particle Monitors for e Effects of relative humidity and particle size on sensor measurements.
2017 | Measurement of Fine PM2s Performance Data: 0

and Coarse Particulate
Matter in Urban
Ambient Air

The study used linear regression of reference monitor concentrations and sensor particle
counts (sensor data on the x axis) to develop equations to convert particle number count
concentrations to mass concentrations.

The study did not provide performance data for the sensor as supplied by the
manufacturer or discuss pre-established performance targets.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 23 identical sensors in Oslo, Norway (17 sensors installed around
kindergartens and 6 sensors installed on city streets) from January 1 to 31, 2016 to
demonstrate the:
Localized Real-Time e Adequacy of sensors for characterizing air quality.
Information on e Use of data fusion techniques.
2017 Outdoor Air Quality at NO, Performance Data: 1
Kindergartens in Oslo, e Sensors collocated with field reference monitor (type not specified) from April 13 to June
Norway Using Low- 24, 2015 to develop the calibration equation.
Cost Sensor Nodes e Statistical parameters used to assess calibrated sensor data (1-hr values) against the
reference monitor (reference data on x axis) included: bias, standard deviation, RMSE,
mean absolute deviation (MAD), intercept, slope, and R2.
e The study did not provide performance data for the sensors as supplied by the
manufacturer or discuss pre-established performance targets for sensors.
Purpose:
e Demonstration of a data fusion methodology that combined sensor data with urban-scale
air quality modeling to graphically depict a concentration field that reflects the spatial
. . patterns from the model and the concentration adjustments based on the sensor network
Mapping Urban Air
litv in near Real- measurements.
?il;’?e L)J/sing NO, and Performance Data:
2017 . e The study used the data set from Localized Real-Time Information on Outdoor Air 2
Observations from O3

Low-Cost Sensors and
Model Information

Quality at Kindergartens in Oslo, Norway Using Low-Cost Sensor Nodes (2017).
Performance data for the following parameters (based on statistical analyses of 1-hr
sensor and reference monitor values, with the reference data on the x axis) provided for
sensors as supplied by the manufacturer (see Table 3-2): MB, MGE, NMB, normalized
MGE (NMGE), RMSE, and R.

The study did not discuss pre-established performance targets for sensors.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Lab evaluation of 2 different sensors using an exposure chamber and monodisperse test
aerosols generated from dioctyl sebacate and palmatic acid to determine sensor bias and
Response dgtection_ efficiency. _ . '
Characterization of an e Field validation of lab ol_aservat!on§ using 2 sensors and collocated reference monitor
2017 . PMio (GRIMM model 1.108) in Helsinki, Finland from February 1 to 18, 2017. 0
Inexpensive Aerosol .
Sensor Performance_Dat_a. _ _
e Field validation assessment used linear regression of 1-hr sensor values and reference
monitor concentration measurements (with reference data on y axis); however, the sensor
values expressed as signal % rather than concentration.
e The study did not discuss pre-established performance targets for sensors.
Purpose:
e Field deployment of 10 identical sensors in Bari, Italy from June 2015 to December 2017
to:
Urban Air Quality o 'r?est?/f}/zsr iEhe use of sensors to supplement the existing reference monitoring
o017 | Monitoring with PMyo o Enhance community awareness of air quality. 0

Networked Low-Cost
Sensor-Systems

Performance Data:

e Sensor performance evaluation based on statistical analysis (MAE and MAE/mean of
reference data) of 1-hr sensor values and air quality data published by the local
environmental authority (rather than using data from a collocated reference monitor).

e The study did not discuss pre-established performance targets for sensors.




Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 2 identical sensors with collocated reference monitors (Teledyne
Model 300EU for CO, Teledyne Model T200 for NO2, and Teledyne Model T400 for Os)
in Boston, MA from July to November 2016 to:
Use of Electrochemical o Assess sensor performam_:e. _ _ _
Sensors for o Demonstrate the use of hlgh—d!mensmnal model representation (HDMR) to
Measurement of Air correct for the effects of chemical and meteorological interferents.
. . CO, NO,, | Performance Data:
2017 | Pollution: Correcting . . . 0
Interference Response and Oz | e Sensor performancg assessment based on !mear regression of 5-r_mnute values of raw
T llivolts, mV), model-derived sensor concentration measurements, and
and Validating Sensor output (_m| Lol . ) ) '
Measurements reference monitor concentrations to calculate: slope, !ntercept, anc_i R2. _
e Performance assessment of HDMR model based on linear regression of calibrated sensor
values (mV) and reference monitor concentrations to calculate: slope, intercept, R?,
RMSE, MAE, and MBE.
e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration model.
Purpose:
o Field deployment of 11 identical sensors with a collocated reference monitor (type not
specified) at the University of York and at the city center of York in the UK for 2 months
(season not specified) to demonstrate the importance of using stepwise multiple least
Using Multi- squa_re_regression analysis to develop calibrat_ion models ir_lcorpor_ating 05 concentration,
Parameters for humidity, temperature, dust, VOC concentration, and ambient noise.
2017 | Calibration of Low- No, | erformance Data: 0

Cost Sensors in Urban
Environment

e Intercept, slope, and R (derived from least squares linear regression with the reference
data on the y axis) presented for sensor as supplied by the manufacturer; however, the
resource does not specify the measurement units or time frame of the data.

e Performance assessments of calibration models based on RMSE (results presented
graphically).

e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration model.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 19 identical sensors with collocated reference monitors (Teledyne
Model 300U for CO, 2B Technologies Model 405 nm for NO,, Teledyne Model T400 for
O3, and Teledyne Model T100A for SOz) in Pittsburgh, PA from August 3, 2016 to
February 7, 2017 to assess the performance of three calibration models:
o Univariate linear regression model based on lab tests.
o Multiple linear regression model of net sensor response, relative humidity, and
. . temperature against reference monitor measurements.
A l\/!achl_ne Learning o Random forest (RF) model of all sensor responses, relative humidity, and
Ca_llbranon Model temperature to predict reference monitor responses.
2018 ;S;;%Eigdggs?rem COO' ;%2’ e Sensors intermittently deployed to on-going field monitoring projects (durations ranged 0
3 from 30 days to 16 weeks; median deployment of 9 weeks) during the collocation period
Performance for SO,

Lower-Cost Air
Quality Monitoring

with a reference monitor.

Performance Data:

No performance data provided for sensors as supplied by the manufacturer.
Performance assessments of calibration models based on R and the coefficient of
variation of the MAE (using 15-min data with the reference monitor data on the x axis).
Compared RF model to other published studies using MBE, MAE, and linear regression
slope and R2.

The study compared the performance of the RF-calibrated sensor to the recommended
values for accuracy and precision for Tier IV monitoring specified in EPA’s Air Sensor
Guidebook.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 4 identical sensors in November 2017 to measure air quality
following a hurricane event in Puerto Rico that disabled the reference monitoring
network.
. I Performance Data:
Air Quality in Puerto . . .
. e No performance data provided for sensors (only 15-minute sensor concentration
Rico in the Aftermath
of Hurricane Maria: A | €9 NO2 Mmeasurements).
2018 Case Study on the Use Os, SOz, | e  Sensors calibrated prior to field deployment using multiple linear regression (sensor 0
p . and PM2s response, relative humidity, and temperature):
of Lower Cost Air Lo . .
Quality Monitors o CO call_bratl_on based on a 28-day c_ollocatlon_ stugiy in Allegheny County, RA.
o SO; calibration based on a collocation study in Liberty-Clairton, PA (duration
not specified).
o Factory calibration used for PM;s.
o O3 calibration not discussed in resource.
e The study did not discuss pre-established performance targets for sensors.
Purpose:
o Field deployment of 10 different sensors with collocated reference monitors (types not
specified) in the city center of Aveiro, Portugal for 2 weeks in October 2014 to assess:
o Sensor measurement uncertainty.
A nt of Ai o Improvements in sensor performance due to calibration models:
ssel's:imﬁ/l_ of AIr CO. NO = Simple linear regression.
Quality Microsensors NG = Multivariate machine learning (feed forward neural networks and RF).
Versus Reference O3, SOy, )
2018 Performance Data: 2
Methodg: Th_e PM:s, e Performance data provided for sensors as supplied by the manufacturer (see Tables 3-1
EuNetAir Joint and PMyo

Exercise - Part |1

and 3-3).

Performance assessments of calibration models based on statistical analysis of 1-minute
and 1-hr data (reference data on the x axis): MBE, R, R?, CRMSE, NMSE, FB, FOEX,
MAE, and MRE.

Sensor measurement uncertainty determined in accordance with the data quality
objectives (DQOs) of the European Air Quality Directive (2008/50/EC).
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Study used existing sensor data sets (1 field test in Cambridge, UK; 1 field test in Italy,
Calibrating Chemical and 1 lab-based test from the Qniversity of California, San Di_ego)_ to compare the
Multisensory Devices performance of multiple machine Iearnmg. approaches for calibrating sepsors_(neural
for Real World network, support vector regressors, Gaussian processes regressors, multiple linear
2018 | Applications: An In- CO and regressors, and reservoir computing). 0
) NO> Performance Data:

Depth Comparison of
Quantitative Machine
Learning Approaches

e No performance data provided for sensors as supplied by the manufacturers.

¢ Performance assessments of calibration models based on MAE and its standard deviation
(1-hr values).

e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration models.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Laboratory evaluation of one sensor to develop calibration equations using sensor
measurements and measurements from a reference monitor (TSI DustTrak DRX model
8533):
o Simple linear regression.
o Advanced linear regression (w/residual analysis and outlier removal).
o Robust linear regression.
Development of Low- o Non-linear regression.
COSF Air Quality e Field validation of calibration models using one sensor and a collocated reference
Statlons_for Next_ . monitor (same type as lab test) deployed in Florence, Italy from November 1, 2016 to
2018 Generation qultormg PMz2; and April 15, 2017. 2
Networks: Calibration PM1o

and Validation of
PMz,s and PMlo
Sensors

Performance Data:

e Performance data provided for the sensor as supplied by the manufacturer (see
Table 3-4).

e Performance assessments of lab calibration models based on statistical analysis of 2-
minute values: R%, RMSE, MB, SSE, SSR, and SST.

e Field validation assessments based on statistical analysis of 24-hr values: R?, RMSE,
NRMSE, MB, NMB, MAE, and FAC2.

e Reference data assigned to the y axis for lab and field regressions.

e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration models.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Labevaluation in U.S. of 3 identical sensors to determine sensor linearity, accuracy (as
determined by bias and coefficient of variation, CV), and response time.
Performance Data:
e Sensor performance assessment based on sensor voltage readings, rather than
Evaluation of Low- concentration values.
Cost Electro-Chemical e Biasrange:
Sensors for CO. NO o CO:-51022.9%.
2018 | Environmental an,d 032’ o NO3: -24.0to 4.7%. 0

Monitoring of Ozone,
Nitrogen Dioxide, and
Carbon Monoxide

o Os:-40.6 to 10.3%.
CV range:

o CO: 0.4 to 37.8%.

o NO3: 4.6t018.2%

o 0s:4.41024.6%
Response time to 90% of target concentration (tg) for CO and NO- sensors 45 and 48
seconds, respectively; ~ 20% drift after 9 months of continuous sensor operation.
The study did not discuss pre-established performance targets for sensors.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 16 identical sensors in Amsterdam, Netherlands from June to
August 2016 to assess the:
o Potential for sensors to supplement air quality monitoring networks.
o Performance of multiple linear regression calibration models (including
combinations of NO; sensor voltage, O3 concentration, relative humidity, and
temperature).
o Sensor drift.
Field Calibration of e Sensors collocated with reference monitor (Teledyne API 200E or Thermo Electron 421)
2018 Electrochemical NO; NO from June 6-10, 2016 for the pre-deployment calibration period and from August 18-29, 1
2

Sensors in a Citizen
Science Context

2016 for the post-deployment calibration period.

Performance Data:

e No performance data provided for sensors as supplied by the manufacturer.

e Performance assessments of calibration models based on statistical analysis of 1-hr
adjusted sensor and reference monitor values (reference data on the x axis): R?, R?%gj, and
RMSE.

e 3-month sensor drift ranged from -0.9 to 21 pg/m?®.

e Data completeness: > 20 valid 1-min values required per hourly average.

e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration models.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Lab evaluation of 3 identical sensors to:
o Determine sensor linearity, 2-month drift, and the effects of relative humidity,
temperature, and cross interferences with CO, NO, NO,, and Osa.
o Develop three models to correct sensor data for relative humidity and
temperature effects.
o Field deployment of 3 identical sensors in Hong Kong to assess performance of
correction models.
Impact Analysis of o First 3 days of field deployment with collocated regulatory reference monitor
Temperature and used to develop sensor calibration equations.
Humidity Conditions | ~4 o o Data from February 17-21, 2015 used to determine the coefficients for each
2018 | on Electrochemical an, 4 032’ model; data from February 22-25, 2015 used to evaluate predictive performance 1

Sensor Response in
Ambient Air Quality
Monitoring

of each model.

Performance Data:

¢ No performance data provided for sensors as supplied by the manufacturer.

¢ Performance assessments of calibration models based on statistical analysis of 5-minute
adjusted sensor and reference monitor values: R? and error analysis.

o All calibration models that incorporated relative humidity and temperature variables
performed better than the calibration model that did not include these terms.

e No evidence of cross interference for the CO and NO- sensors tested.

e Overall average drift 2 ppbv/month for NO, and 0.2 ppbv/month for CO.

e The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration models.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 9 different sensors (in triplicate) and a collocated reference monitor
(federal equivalent method, FEM, type not specified) in the Denver, CO from September
2015 to March 2016 to:
o Assess sensor performance under cool, dry conditions.
o Investigate whether sensors can measure similar pollutant event trends as
. measured by reference monitors.
Long-Term Evaluation Performance Data:
2018 gchi:;gﬁ)r;S;Lnder NpO|\2/| 2?3’ e Sensor performance assessment based on _stat?stical analysis of 1-hr sensor and reference 5
. N > measurements (reference data on the x axis): intercept, slope, and R.
Ambient Conditions in | and PMyo . .
Denver. Colorado e Performance data provided for sensors as supplied by the manufacturer (see Tables 3-1,
' 3-2, and 3-3).
e Completeness range:
o NO2: 29 to 63%.
o 032910 82%.
o PM: 73to 87%.
e The study did not discuss pre-established target values for assessing the performance of
the sensors.
Purpose:
e Study in Haifa, Israel presented a chain calibration methodology where the network
operator calibrates one sensor in each chain of a deployed network against reference
Node-to-Node Field measurements and calibrates the other sensors in the network sequentially one against the
Calibration of Wireless other while they remain deployed.
2018 | Distributed Air O3 e Chain calibration resulted in minimal interruption to the continuous measurement and 0

Pollution Sensor
Network

fewer trips of the sensors between their deployment sites and the reference site.
Performance Data:
e No performance data provided for sensors as supplied by the manufacturer.
e The study did not discuss pre-established target values for assessing the performance of
the sensors.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 4 identical sensors at 2 urban sites (one background, one traffic) in
Harkingen, Switzerland from July 28 to December 5, 2017 to:
o Compare data-driven calibration algorithms (including NO and NO; sensor
voltage, relative humidity, and temperature) under ambient conditions.
o Investigate sensor performance over time and after relocation.
Performance of NO, o Quantify sensor measurement uncertainty and investigate whether sensors are
NO, Low Cost Sensors suitable for mapping intra-urban NO; concentration gradients.
2018 and Three Calibration NO, e Sensors collocated with reference monitor (type not specified) from April 13 to July 20, 1

Approaches within a
Real World
Application

2017 to develop, train, and validate calibration algorithms (multivariate linear regression
model, support vector regression model, and RF model).

Performance Data:

No performance data provided for sensors as supplied from the manufacturer.
Performance assessments of calibration algorithms based on statistical analysis of 1-hr
adjusted sensor and reference monitor values (reference data on the x axis): RMSE,
CRMSE, MBE, MAE, and R2,

Sensor measurement uncertainty determined in accordance with the data quality
objectives (DQOs) of the European Air Quality Directive (2008/50/EC).
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 2 identical NO- sensors and 2 identical O3 sensors with collocated
reference monitors (Teledyne APl 200A for NO, and Thermo Scientific Model 49i for
0s) in the city center of Glasgow, UK from November 2015 to May 2016 to assess the
performance of three field calibration approaches for addressing sensor drift derived
using:
o The first 48 hours of each deployment period (training data) to correct the sensor
data for the same deployment period (i.e., the next 48-96 hr).
Temporal Changes in o A combination of training data from all deployment periods to develop a single
Field Calibration global calibration equation for each sensor that is applied to the training data for
2018 Relationships for NO; and each period. 1
Aeroqual S500 O3 and O3

NO, Sensor-Based
Monitors

o The calibration equation derived from the training data from the first study
period (November) to correct the test data from all the subsequent study periods.

Performance Data:

Performance data provided for the O3 sensors as supplied from the manufacturer (see
Table 3-2): slope, intercept, and R2.

Performance assessments of calibration models based on statistical analysis of 1-hr
sensor and reference monitor values (reference data on the x axis): ordinary least squares
regression slope, intercept, and R?; RMSE; MB; and NMB.

No performance targets for statistical parameters provided (only relative improvements
in parameters for the different calibration approaches).
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Lab tests of 5 different sensors (2 SO, sensors and one sensor each for CO, NO, NO,, and
0s) to determine the:
o Effects of relative humidity and cross interferences with CO, NO, NO,, O3, and
SO..
o Correction factors based on sensor and reference monitor measurements when
sampling ambient air in the lab.
¢ Field deployment of the sensors and collocated reference monitors (TA3000R RGD gas
analyzer for CO, Air Quality Design high-sensitivity analyzer for NO2, Thermo Electron
The Impacts of Water Corp. Model 49C UV photometric analyzer for Os, and Thermo Electron Corp. Model
Vapour and Co- 450i analyzer for SO2) on the campus of the University of York, UK from August 7 to
Pollutants on the CO, NO, 25, 2015 {0 assess:
2018 Performance. of Os, and o Sensor performance under ambient conditions. 1
Electrochemical Gas SO2

Sensors Used for Air
Quality Monitoring

o Applicability of the lab-derived correction factors for relative humidity and
interferents.

Performance Data:

No performance data provided for sensors as supplied from the manufacturer.

Sensor performance assessment based on statistical analysis of 5-minute adjusted sensor
and reference monitor values (reference data on the x axis): intercept, slope, and R2.

CO and SO; sensor readings positively correlated with increasing relative humidity; NO,
sensor relatively insensitive to relative humidity.

Co-pollutant interference ranged from 1 to 10% of the measurement.

The study did not discuss pre-established target values for assessing the performance of
the sensors or calibration models.
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Appendix B. Summary of Available Data and Information from Performance Evaluation and Calibration Resources

Relative
Quality
Year Resource Title Pollutant Potentially Relevant Data and Information Rating®
Purpose:
e Field deployment of 10 identical sensors on the campus of the University of Sheffield in
Sheffield, UK from October 2016 to September 2017 to:
o Assess the potential for sensors to contribute to real-time air quality monitoring
networks.
o Develop calibration models using measurement data from sensors and nearby
reference monitor (type not specified):
= Multiple linear regression model for NO; incorporating mean sensor
nitrogen oxide (NO) and NO; sensor concentrations, reference monitor

Analyzing the NO concentration, wind speed, relative humidity, and temperature.

Performance of Low- = Generalized additive model (GAM) incorporating the mean NO and NO-

Cost Air Quality sensor concentrations, reference monitor NO concentration, wind speed,

2019 Sensors, Their Drivers, NO relative humidity, and temperature and smoothing and error terms. )

Relative Benefits and 2 Performance Data:

Calibration in Cities - e Performance data provided for sensors as supplied from the manufacturer (see Table

a Case Study in 3-2).

Sheffield e Sensor performance assessment based on statistical analysis of 1-hr sensor measurements

and measurements from nearby reference instruments of the local air quality monitoring
network (reference data on the x axis): R?, RMSE, NMB, FAC2, and COE.
e Performance targets for acceptable statistical parameters:
o NMB values between -0.02 and 0.02 show acceptable model performance.
o R values at close as to one as possible, but +/- 0.5 +/- 0.99 indicates reasonably
good model performance.
o FAC2 should satisfy 0.5 <= Mi/Oi < = 2, where Mi represents the modeled
(sensor) values and Oi represents the observed (reference) values.
o COE should be <1, but > 0.

2 This rating assigned by EPA (poor = 0, good = 1, excellent = 2) characterizes the relative quality of the resource and how potentially useful the resource is in

informing the development of sensor performance targets.
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Appendix C. Statistical Equations Cited in Performance Evaluation Resources

Parameter

Equation

Variable Definitions

Reference Title

Centered root
mean square

Equation not provided by the reference.

Assessment of Air Quality Microsensors
Versus Reference Methods: The EuNetAir

error (CRMSE) Joint Exercise - Part 1l (2018)
R;_Tgtal number oi;oli[):servatlons. tat Mapping Urban Air Quality in Near
i i = SENSOF COMNCENIration Measufement d Real-Time Using Observations from Low-
Ime, 1. . Cost Sensors and Model Information
M = Average of sensor concentration (2017)
measurements.

1 o(M—_MYo -6 Oi = Reference instrument concentration
Z i ' measurement at time, i.
(n _1) -1 Om %o 0= Average of sensor concentration Analyzing the Performance of Low-Cost
measurements. Air Quality Sensors, Their Drivers,
om = Standard deviation of sensor Relative Benefits and Calibration in
. oo = Standard deviation of reference
Correlation instrument concentration measurements.
coefficient (R)

Y (M, - M)(M, - RM)

\/ﬁiwi—Wii(RMi—W)z

M; = Sensor concentration measurement at
time, i.

M = Average of sensor concentration
measurements.

RM; = Reference method concentration
measurement at time, i.

RM = Average of reference method
concentration measurement.
n = Total number of observations.

Assessment of Air Quality Microsensors
Versus Reference Methods: The EuNetAir
Joint Exercise - Part 11 (2018)

Equation not provided by the reference.

Long-Term Evaluation of Air Sensor
Technology under Ambient Conditions in
Denver, Colorado (2018)

Coefficient of
determination
(R

SSR/SST

SSR = Sum of squares due to regression.
SST = Total sum of squares.

Development of Low Cost Air Quality
Stations for Next Generation Monitoring
Networks (2018)
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Appendix C. Statistical Equations Cited in Performance Evaluation Resources

Equation not provided by the references.

Assessment of Air Quality Microsensors
Versus Reference Methods: The EuNetAir
Joint Exercise - Part 11 (2018)

Temporal Changes in Field Calibration
Relationships for Aeroqual S500 O3z and
NO. Sensor-Based Monitors (2018)

Coefficient of

S

e n = Total number of observations.
e M; = Sensor concentration measurement at
Oi| time, i.

Analyzing the Performance of Low-Cost
Air Quality Sensors, Their Drivers,

efficiency 1.0 - o e O = Reference instrument concentration Relative Bensfits and Calibration in
A measurement at time, i. - . .
(COE) > |0~ 0| ~ _ Cities-A Case Study in Sheffield (2019)
i1 e O = Average of sensor concentration
measurements.

The reference does not provide an equation, but notes that the FOEX measures the over or . . .
Factor of N . _ Assessment of Air Quality Microsensors

under estimation of observed measurements against reference data (FOEX = -50 means . .
exceedance . _ Versus Reference Methods: The EuNetAir

complete underestimation of measurements, and FOEX = 50 means complete over . ;
(FOEX) S Joint Exercise - Part 1l (2018)

estimation).
Fraction of e M= Sensor concentration measurement at Analyzing the Performance of Low-Cost
predictions 05< m <20 time, i. Air Quality Sensors, Their Drivers,
within a factor T 0, - e O; = Reference instrument concentration Relative Benefits and Calibration in
of 2 (FAC2) measurement at time, i. Cities-A Case Study in Sheffield (2019)
Eractional bias HZM- HZRM Assessment of Air Quality Microsensors
(FB) 1, ., ) The reference does not define pim or prm. Versus Reference Methods: The EuNetAir

E(H mT 1rm) Joint Exercise - Part 1l (2018)

Linear
regression
intercept and
slope

Equation not provided by the references.

Assessing the Utility of Low-Cost
Particulate Matter Sensors over a 12-
Week Period in the Cuyama Valley of
California (2017)

Long-Term Evaluation of Air Sensor
Technology under Ambient Conditions in
Denver, Colorado (2018)




Appendix C. Statistical Equations Cited in Performance Evaluation Resources

Parameter Equation | Variable Definitions Reference Title
Temporal Changes in Field Calibration
Relationships for Aeroqual S500 Oz and
NO. Sensor-Based Monitors (2018)
e M = Sensor concentration measurement at
Mean absolute 13 time, i. _ Assessment of Air Quality Microsensors_
error (MAE) —Z:|Mi - RMi| e RM; = Reference method concentration Versus Reference Methods: The EuNetAir
L= measurement at time, i. Joint Exercise - Part 11 (2018)

n = Total number of observations.

Mean bias (MB)

1 n
_E (Mt'ot)
[ =)

Mt = Sensor concentration measurement at
time, t.

O = Reference instrument concentration
measurement at time, t.

n = Total number of observations.

Mapping Urban Air Quality in Near
Real-Time Using Observations from Low-
Cost Sensors and Model Information
(2017)

Mean bias error
(MBE)

The reference does not provide an equation, but notes the MBE estimates the magnitude of
differences between sensor values and reference values averaged over the whole sampling

period.

Assessment of Air Quality Microsensors
Versus Reference Methods: The EuNetAir
Joint Exercise - Part 11 (2018)

Equation not provided by the reference.

Development of Low-Cost Air Quality
Stations for Next Generation Monitoring
Networks: Calibration and Validation of
PM2s and PM3o Sensors (2018)

M: = Sensor concentration measurement at

Mapping Urban Air Quality in Near

time, t. : ; -
Mean gross 1< _’ . . Real-Time Using Observations from Low-
error (MGE) szt_ Ot| * O=Reference instrument concentration Cost Sensors and Model Information
t=1 measurement at time, t. (2017)
e n = Total number of observations.
Mapping Urban Air Quality in Near
_ . Real-Time Using Observations from Low-
n e M = Sensor concentration measurement at .
N . Z(M -0,) . Cost Sensors and Model Information
ormalized 4 t~ Yt time, t. (2017)
mean bias . e O = Reference instrument concentration Analvsing the Performance of Low-Cost
(NMB) ZQt measurement at time, t. ysing

n = Total number of observations.

Air Quality Sensors, Their Drivers,
Relative Benefits and Calibration in
Cities-A Case Study in Sheffield (2019)
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Appendix C. Statistical Equations Cited in Performance Evaluation Resources

Parameter Equation Variable Definitions Reference Title

n M; = Sensor concentration measurement at . . I
Normalized Z|Mt_ Ot| tint1e t Mapping Urbz_an Alr Quallt_y in Near

=1 L . . Real-Time Using Observations from Low-
mean gross error —_— O: = Reference instrument concentration Cost Sensors and Model Information
(NMGE) Zo measurement at time, t.

t . (2017)
t=1 n = Total number of observations.
M; = Sensor concentration measurement at
n , time, i.

Normalized Zl (Ml —RM i) M = Average of sensor concentration Assessment of Air Quality MiCI’OSEI’ISOI’S_
mean square = — measurements. Versus Reference Methods: The EuNetAir
error D (M, -M)? RM; = Reference method concentration Joint Exercise - Part 11 (2018)

i-1

measurement at time, i.
n = Total number of observations.

Normalized root
mean square

Equation not provided by the reference.

Development of Low-Cost Air Quality
Stations for Next Generation Monitoring
Networks: Calibration and Validation of

error (NRMSE) PM_ and PM; Sensors (2018)
Mapping Urban Air Quality in Near
M; = Sensor concentration measurement at Real-Time Using Observations fr(?m Low-
time. t Cost Sensors and Model Information
" . . (2017)

O: = Reference instrument concentration Analvsing the Pert Low-Cost
Root mean measurement at time, t. halysing the Ferformance of Low-.0s
square error n = Total number of observations Air Quality Sensors, Their Drivers,
(RMSE) Relative Benefits and Calibration in

Cities-A Case Study In Sheffield (2019)

Equation not provided by the reference.

Development of Low-Cost Air Quality
Stations for Next Generation Monitoring
Networks: Calibration and Validation of
PM;s and PMyo Sensors (2018)
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Appendix C. Statistical Equations Cited in Performance Evaluation Resources

Parameter Equation Variable Definitions Reference Title
yi = i value of the variable to be predicted
Surm of souared n ) (sensor measurement). Development of Low Cost Air Quality
q Z (y.—V.) y. = Predicted response value of y; (value Stations for Next Generation Monitoring
errors (SSE) . toa
- from regression) Networks (2018)
n = Total number of observations.
y. = Predicted response value of yi (value
jllj;ntgf squares n , fy' . P i Development of Low Cost Air Quality
: Z(yi -Y) fom regression). . Stations for Next Generation Monitoring
regression — y = Mean value of the response variable. Networks (2018)
(SSR) n = Total number of observations.
Development of Low Cost Air Quality
Total sum of SSE = Sum of squared errors. . . o
+
squares (SST) SSE + SSR SSR = Sum of squares due o regression. Stations for Next Generation Monitoring

Networks (2018)




Appendix D. Summary of Sensor Testing Resources

Year

Resource Title

Pollutant

Description

2017

Clustering Approaches to
Improve the Performance of
Low Cost Air Pollution
Sensors

CO

Field study of effectiveness of clustered sensor deployment (6 CO sensors deployed for 4 weeks in
November and December 2016 in Beijing, China).

Sensors mounted in a flow cell, inside an air-conditioned mobile reference laboratory.

Ambient air supplied to flow cell at 1.5 liters per minute (L/min); sample gas not controlled for
relative humidity and temperature.

Allowed a 12-hr warm up period for tested sensors.
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Appendix D. Summary of Sensor Testing Resources

Year

Resource Title

Pollutant

Description

2017

Response Characterization
of an Inexpensive Aerosol
Sensor

PMyo

Lab setup to assess bias and detection efficiency of PM1o sensor included vibrating orifice aerosol
generator (VOAG) and aerodynamic particle sizer as the reference instrument.
VOAG operating parameters:
o Diffusion air flow rate 20 L/min.
Dispersion air flow rate 1,500 cubic centimeters per minute (cc/min).
Liquid feed rate ~ 2.98 cubic millimeters per second (mm?/s).
Droplet breakup frequency 45 kilohertz (kHz).
Orifice diameter 20 um.
Dioctyl sebacate solution 10 grams per liter (g/L) 2-propanol.
Palmitic acid solution 10 g/L 2-propanol.
o 2-propanol maximum evaporation residual 0.0001%.
Used separate syringe pumps with a manually operated three-way valve that allowed for
uninterruptedly switching of VOAG solution feed.
Monodispersed test aerosol fed to sensor and reference monitor using 25-mm diameter sampling line.
Dioctyl sebacate solution used to generate transparent particles; palmitic acid used to generate white
crystalline particles.
Technique used to achieve a gradient-like generation of different size monodisperse aerosols as a
function of time:
o Feed an isopropanol solvent to the VOAG system to generate small particles.
o Switch to a high-concentration aerosol solution (dioctyl sebacate or palmitic acid) after
achieving stable aerosol generation using the isopropanol solvent.
A single test run lasts less than 15 min.
Over pressurization of the system by dilution air at high flow rates prevented by using a filtered
exhaust.
Test method limitations:
o Inability to produce particles smaller than the evaporation residual of the isopropanol solvent
allows.
o Uncertainty of the reference monitor counting efficiency increases gradually when measuring
submicron particles.

O O O O O O
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Appendix D. Summary of Sensor Testing Resources

Year Resource Title Pollutant Description
Lab tests:
e Pre-deployment calibration (3 to 4 points in range):
o CO:0to 1,600 ppbv.
o NOz2: 0to 50 ppbv.
. . o SO;: not specified.
A Machine Learning o Os: not performed due to lack of suitable calibration gas.
Calibration Model Using CO, NO,, | ® Each concentration step held for 20 minutes with sensor response averaged after achieving a steady
2018 Random Forests to Improve 03, and sensor output voltage.
Sensor Performance for ! . . . .
Lower-Cost Air Quality SO, ) Fgce velocity perpendicular to the sensor surface: 1.2 m/s (represents the low-end wind speed of the
Monitoring Pittsburgh, PA area). _ By N _
e Temperature and relative humidity conditions during the lab tests not controlled (~ 20 degrees
Centigrade (°C) and < 5% relative humidity, based on use of dry calibration gases).
Field test:
e Sensors placed 1.5 meters above ground level.
e Ambient sample for reference monitor located at 2.5 meters above ground level.
e Lab tests to evaluate the measurement performance (accuracy and linearity) and response time of 3
identical sensors.
e Zero air produced by filtering compressed house air using a combination of a high-efficiency
Evaluation of Low-Cost particulate air (HEPA) filter, silica gel, purafilm and charcoal columns.
Electro-Chemical Sensors e NO; test gas concentrations (0.2, 0.5, 1, and 1.5 ppmv) based on typical atmospheric concentrations
2018 for Environmental CO, NO,, and occupational environments.
Monitoring of Ozone, and O3 e CO test gas concentrations: 2, 5, 10, 12, 15, 25, 30, and 50 ppmv.

Nitrogen Dioxide, and
Carbon Monoxide

05 test concentrations: 2, 5, 10, 12, 15, 25, 30, and 50 ppmv

Tests included 3 phases: (1) ascending from baseline to target concentration, (2) steady state, and (3)
descending from target concentration to baseline.

Sensors tested at 0.25 and 0.5 L/min.

Span gas used for response time (tso and tgo) assessment: 15 ppmv CO and 2 ppmv NO,.
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Appendix D. Summary of Sensor Testing Resources

Year

Resource Title

Pollutant

Description

2018

Impact Analysis of
Temperature and Humidity
Conditions on
Electrochemical Sensor
Response in Ambient Air
Quality Monitoring

CO, NOg,
and O3

Lab tests:

Test of sensors to determine sensor linearity and the effects of relative humidity, temperature, and
cross interferences with CO, NO, NO», and Oz and field assessment of 2-month drift and correction
models in Hong Kong.
CO test gases created by diluting standard gas with zero air; NO- test gas produced by reacting NO
from a cylinder using a dynamic dilution calibrator (capable of 3 ppbv NO,); Os test gas.
Flow rate through the sampling manifold was 1 liter/minute.
Sample temperature maintained at 22 +/- 0.5 °C.
Temperature controlled using a heat exchanger (target temperature range 15 to 34 °C to simulate
Hong Kong conditions); humidity controlled by mixing test gas with saturated zero air.
48-hr initial stabilization period for sensors.
Zero air supplied for 15 minutes before calibration and performance tests.
Linearity tests conducted at:

o CO0:0.1,05,1.0, 1.5, and 2 ppmv.

o NOz: 5,50, 100, 150, and 250 ppbv.

o 22°C and 40% relative humidity.
Each step held for 15 minutes with the first 2 minutes discarded.
Effects of relative humidity tested at 17, 30, and 48%; effects of temperature tested at 16, 19, 33, and
36 °C.
2-month drift: zero air at 22 °C and 40% relative humidity supplied for 1 hr/day and ambient air
sampled 23 hr/day.
Meteorological conditions during 2-month drift test: 17 to 24 °C and 54 to 95% relative humidity.

Field test:

Sensors placed 1 to 2 meters from collocated reference monitor.
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Appendix D. Summary of Sensor Testing Resources

Year

Resource Title

Pollutant

Description

2018

The Impacts of Water
Vapour and Co-Pollutants
on the Performance of
Electrochemical Gas
Sensors Used for Air
Quality Monitoring

CO, NO,
O3, and
SO,

Lab tests:

Tests to determine the effects of relative humidity and cross interferences with CO, CO2, NO, NOg,
O3, and SO, and field validation of 5 different (one for each pollutant) gas sensors in the UK.
Zero air contained less than 10 parts per trillion by volume (pptv) of CO, NO, NO,, O3, and SO,.
Humidity adjusted using dew point generator.
Sensors calibrated to target gases simultaneously with the co-pollutants at relative humidity levels of
15, 30, 45, 60, 75, and 80%.
Co-pollutant concentrations:

o 0,25, and 50 ppbv for CO.

o 0,20, 40, 80, and 160 ppbv for NO,.

o 0,50, 100, 150, and 200 ppbv for Os.

o 0,50, 100, 150, and 200 ppbv for SO,.
Sample gas lines constructed from ¥ inch polytetrafluoroethylene (PTFE) tubing with stainless steel
fittings.
Separate sensors used to measure inline temperature, relative humidity, and atmospheric pressure.
Lab temperature maintained at 20 +/- 1 °C.

Field test:

Sample air drawn 10 meters above ground using a bellows pump and delivered to the gas hood of
each sensor at 1.0 L/min.
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Appendix E. Summary of Sensor Data Interpretation Resources

Year Title Pollutant Description
Combined sensor concentration measurements (5-minute values for CO, NO, PM and SO,)
A Deep Learning Model metgorologiga_l, and road traffic data from Aarhus, Der)mark and Brasov, Romania, Study and
- . applied artificial recurrent neural network (RNN) architecture (Long Short-Term Memory) to
2017 E)r g\."tQ“?"‘g . Not pOIiIfL;tant develop a model for predicting air quality in smart cities.
Clir'?ielsc lon i smar specttic Sensor measurement data expressed in terms of the EPA’s AQI standard.
~70% of data set used for model training, and ~30% used for model testing.
RMSE and MAE used to evaluate model performance.
Spatiotemporal assessment of the air quality in a community in Kenya, Nairobi from May 1,
2016 to 2017 to determine the feasibility of using a sensor network.
Used R to assess correlation between PMio and gas emissions at each monitoring location and
A Nairobi Experiment NO;, SO, humidity and temperature (included negative gas concentrations in correlations).
2017 | in Using Low Cost Air PM. s, and o Negligible correlation between PM1 and humidity and temperature.
Quality Monitors PMuo o Low correlation between temperature and NO, and SO emissions.
o High temperatures (> 20 °C) corresponded to negative NO; values.
Used the OpenAir model to combine sensor data with data for wind speed and direction to
investigate observed correlations between PMyo and gas concentrations.
Combined sensor concentration measurements from a roadside deployment in Florence, Italy
with vehicle traffic data (vehicle count, speed, and category) for real-time monitoring of traffic
flow- and vehicle-related air pollution in urban areas.
An Integra‘ged LOW'.COSt Hourly wind speed and direction, air temperature, and relative humidity data provided by a
Roﬁd _Trafflc a_nd A'r reference meteorological station in the center of the city.
2017 E?at?(;[lrcr)rz] tl(\)/lzr;;teosr;ng CO and NO; Deployment duration: February 1, 2016 to January 31, 2017.
Vehicles’ Air Quality Investlgate_d mflu_ence o_f local road t_rafflc and meteorolo_g!cgl conditions on CO, NO;, and CO;
Impact in Urban Areas concentrations using a linear regression n_10de| and an artificial neura_l network (ANN).
Used R to evaluate the degree of association between all parameters in the data set.
Used R? to evaluate the performance of the linear regression model and ANN.
Used polar plots to show pollutant concentrations relative to wind speed and direction.
Localized Real-Time Combined sensor concentration measurements (1-hr values) with EPISODE (a 3-D
"A”ifroémugﬂi’naot” Outdoor Eulerian/Lagrangian dispersion model that provides urban and regional-scale atmospheric
2017 y NO; pollutant concentrations) to provide near-real time, high-resolution spatial maps of air quality.

Kindergartens in Oslo,
Norway Using Low-Cost
Sensor Nodes

Developed web portal to present visualization of collected data using a 5-color scale based on
Common Air Quality Index.
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Appendix E. Summary of Sensor Data Interpretation Resources

Year Title Pollutant Description
Proposed approach using atmospheric dispersion modeling of long-term (e.g., 10 yr) air quality
data, BME, and multi-objective optimization model to determine the placements of sensor in a
distributed network.
BME estimates spatiotemporal pollutant concentration distribution using long-term data from
multiple monitoring sites and the optimization model determines the sensor placements based on
the concentration distribution.
Used data from reference monitoring sites for the BME analysis because long-term sensor data
A Data-Driven were not ayallable. -
: The objectives of the sensor network were to cover the grids in the target area that:
Approach for Optimal . . .
Design of Integrated o Have the highest incidence of pollutant above a threshold or standard value (i.e.,
2018 | .. . o SO; maximum concentration detection capability).
Air Quality Monitoring . .
Network in a Chemical o Receive the largest accumulated dosage relative a threshold or standard value due to
Cluster long-term exposure (i.e., maximum dosage detection capability).
Findings:

o The approach is most suitable for target areas that have high pollutant concentrations
and low variability in wind direction.

o Wind field analysis played an important role in the initial layout of the network (i.e.,
most of the sensors are placed downwind of emission sources relative to the prevailing
wind direction.

o The accuracy of air quality predictions improves with increasing numbers of facilities in
the target area.

A!r Q_uallty In Puerto Emergency deployment of a sensor network in the San Juan Metropolitan Area in Puerto Rico to
Rico in the Aftermath of . : . . L
: . CO, NO, monitor air quality after a hurricane damaged the reference monitoring network and the
Hurricane Maria: A . .
2018 Case Studv on the Use O3z, and SOy, electrical grid.
y and PMs Data from the sensor network confirmed degradation in air quality following the hurricane due

of Lower Cost Air
Quality Monitors

to increased SO, concentrations from widespread use of backup generators.
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Appendix E. Summary of Sensor Data Interpretation Resources

Year Title Pollutant Description
Assegsmen_t of Air Combined sensor data with data for wind direction and speed to generate pollution rose plots
Quality Microsensors CO, NOz, O, hat ted the direction of the potential emission sources

2018 | Versus Reference SOz, PMzs, that sugges . . Fe potential T .

Methods: The EuNetAir and PMuo U_sed a machine I_earnl_ng algo_rlthm_(t-Dlstrlbuted Stochastic Nelghbor_Embeddlng) to
Joint Exercise - Part Il simultaneously visualize relationships between sensor and meteorological data.
Data filtering approach:
Field Calibration of o Considered raw 1-min data for the sensor working and auxiliary electrodes +/- 10% of
2018 Electrochemicgl_ NO, NO, their mean value over the measurement period to be outliers.
Sensors in a Citizen o Discarded sensor measurements made > 30 °C to avoid non-linear temperature
Science Context dependence of the sensor (high internal sensor temperatures caused negative
concentration measurements).
Approach for identifying outliers in sensor data based on dividing the sensor measurements into
Outlier Detection in 16 spatiotemporal categories (e.g., sensor data collected at an urban traffic site during weekday
2018 | Urban Air Quality NO; rush hours, sensor data collected at an urban background site during weekend night hours).
Sensor Networks Each category represented a range of typical concentrations and sensor data values above the
upper limit in each category were considered to be outliers (at a confidence interval of 99.7%).
Proposed methodology for mapping hourly measurements from a 42-node sensor network in
Promoting Pollution- Madrid, Spain and providing that information to the public for selecting travel routes with better
Free Routes in Smart Not air quality.

2018 | Cities Using Air pollutant Developed a new Madrid Local Air Quality Index based on the framework of air quality index
Quality Sensor specific used in Madrid, Spain and the European Union (EU) Common Air Quality Index that
Networks accommaodates the data collected by the sensor network (not all sensors measured the same set

of pollutants).
Spatiotemporal assessment of air quality in Puerto Rico using a sensor network.
. Deployment period: October 2016 to February 2017.
Spatial-Temporal Installed 2 sensors at the same location to assess the change in correlation and precision over
Analysis of PMs and time 9 P
2018 (Nzoolzleccger:jcijnsti;aéligiv_ pMNzgjnd Hourly and 5-minute data used for collocated sensors (hourly data used to show that longer

Cost Sensors in
Penuelas, Puerto Rico

averaging times improve data quality).

Combined sensor data and wind speed and direction data to identify spatial relationships
between pollutants at the sensor locations for 3 categories of wind conditions: inactive, coastal-
originated, and mainland-originated.
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Appendix E. Summary of Sensor Data Interpretation Resources

Year Title Pollutant Description

g;ztoli';%vgg”f of Low Field deployment of 40 sensors around London Heathrow Airport to apportion emissions
y between airport and non-airport activities.

2018 | Sensors to Quantify Air NO2 Lo . A .
Quality in Urban Used_ sensor data to develop emissions mo!lces and factors fo_r airport activities an_d to constrain
Settings the air quality model used to estimate the impacts of future airport expansion projects.

Field deployment of 5 prototype sensors in Poland to explore the concept of using sensors to
Using Low-Cost PM support the reference monitor network.
9 Combined sensor data with data for wind speed and direction to identify potential local hotspots.
Monitors to Detect . . .
2018 PMuo Sensors provided measurements each minute; average hourly values presented for public

Local Changes of Air
Quality

consumption.
Study showed negative correlation between wind speed and sensor measurements (i.e., sensor
measurements were lower than the nearby reference monitor on days with strong winds).
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Appendix F. Summary of Sensor Best-Practice Resources

Year

Title

Pollutant

Description

2017

A Nairobi Experiment
in Using Low Cost Air
Quality Monitors

NO.,
SO,
PM_s,
and
PMyo,

Deployment:

Sensors deployed 1.2 to 2 meters above ground (compromise between adult breathing height
and sensor security).

Wall deployment limits sampling area (by 180 degrees); wind direction a particular
consideration (e.g., if plotted sensor data shows hot spot coming from the west, it could be
because the sensor is mounted on a wall facing west).

Emission sources near sensor can show up as spikes in concentration.

Maintenance:

Cost of sensors is only a small fraction of the total cost of network deployment which also
includes maintenance, calibration, and data analysis.

2017

Clustering Approaches
to Improve the
Performance of Low
Cost Air Pollution
Sensors

CO

Deployment:

Field study of the effectiveness of clustered sensor deployment (i.e., more than one sensor
per location) and using the median concentration value from the cluster, rather than
individual sensor values, to minimize the randomized sensor drift.

6 CO sensors deployed at 5 m above ground level for 4 weeks in November and December
2016 in Beijing, China.

Approximately 32% spread between the highest and lowest sensor response by the end of the
1-month study period.

Using the median value from a sensor cluster lengthens period between calibrations and
increases the applicability of using linear interpolation for correcting sensor measurements.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description

Assessment:

o Visually inspect sensor data to identify normal and abnormal (e.g., data gaps) patterns, based
on knowledge of the sampling area.

¢ Identifying data anomalies is difficult without ground truthing (e.g., collocation with a
reference monitor).

o Aligning time frames used for reference monitors and sensors; likely will require aggregation
of sensor data; average vs. mean: average affected by sample size; median affected by
extreme values.

Deployment:

Issues of Using o Deployment locations can be constrained due to power availability (if sensors are not solar or
Wireless Sensor battery powered).
2017 NO2

Network to Monitor
Urban Air Quality

Third-party cooperation may be needed for deployment (e.g., agreement from utilities to
mount sensors on power poles).

Deployment can be labor and capital intensive.

Concerns regarding sensor security overrode sampling height to approximate adult or child
breathing levels.

Housing to protect sensors from physical damage can interfere with wireless
communications.

o Heavy wireless traffic volume can periodically interfere with sensors communications.
Selection:

e On-board data aggregation can reduce the amount of data transferred from each sensor to the
server, but these types of sensors do not typically provide back up of the raw sensor data.

F-2




Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description
Calibration:
e Ata minimum, calibrate sensors (e.g., by collocation with a reference monitor) prior to deployment or
field study.
¢ Including post-deployment calibration helps to quantify sensor drift and uncertainty.
e Long-term deployments often rotate sensors through several short collocation periods to continually
monitor for drift and sensor failure.
Deployment:
e The research question being addressed and the pollutant of interest should govern the size and siting of
the sensor network.
e Because sensor lifetime is a concern for long-term deployments, purchase additional backup sensors
and continually monitor sensors for failure and declining performance.
Selection:
e Review the available sensor evaluation reports to better understand how the sensor might perform
under the meteorological and pollutant concentration conditions expected in the area of interest.
Low-Cost Air Quality Project Planning:
Monitoring Tools: Not e During the study design phase:
2017 | From Research to pollutant o Discuss the responsibilities and expected outcomes with all key partners (e.g., community
Practice (a Workshop specific members, scientists, and regulatory bodies).

Summary)

o Establish agreements regarding data sharing and ownership, communication of results, and
publication.

o Explain the capabilities of sensor measurements at the time of the partnership and educate all
parties on the current challenges regarding the use of sensors for field measurements.

e Clarify expectations for:
o Questions that the sensor data can and cannot address.
o Comparing sensors to federal reference method (FRM)/FEM instruments.
o Handling data during and after the study.

e OQutline the limitations for how sensor data could be used by regulatory agencies.

e  Prepare community residents for various outcomes (e.g., the sensor measurements do not support
the community perceptions regarding air quality).

Data Interpretation:

e Use of standardized data formats by sensor developers and users could facilitate the aggregation
of data and development of data products and applications that can help users understand
community air quality.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description
Eficent Alr Qual Deployment
2017 | Monitorina S stemy CO, NOg, | o Study presented the use of a Hierarchical Based Genetic Algorithm (HBGA), rather than
Usin WirgIeZs Sensor and SO» Low-Energy Adaptive Clustering Hierarchy (LEACH) protocol, to extend the lifetime of the
Netw%rk sensor network in Mauritius by minimizing the energy consumed by data communication.
Project Planning:
o Clearly define the purpose of the monitoring network with an understanding of how sensor
data may inform personal and community action to improve health.
The Imperial Count o Clearly define the roles and responsibilities of all study partners (e.g., community,
Commupni tv Air y researchers, and government agencies) to ensure that critical functions are covered, manage
Moni toring Network: A Not expectations, avoid miscommunication, and identify opportunities for knowledge transfer and
2017 | Model for Community- | pollutant capa}cny bU|'Id|_ng. .
Based Environmental specific e Equitably distribute project resources among all study partners.

Monitoring for Public
Health Action

Present scientific information in an accurate and accessible manner tailored to the cultural
and socioeconomic attributes of the community in question so that the data are
understandable and useful for the public to apply in public health campaigns.

Emphasize community involvement and training during the project period and novel
fundraising and interest from regulatory agencies to ensure that the project continues to
collect useful data into the future.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description

Data Security:

e The sensor networks should be designed to maintain the integrity of data with each sensor
node and the base station having the capability to verify the data received from the trusted
sender.

Deployment:

e Sensors consume energy through data collection, processing, and communication. Hardware
architecture and software algorithms and protocols should be designed to be energy efficient,

Urban Air Pollution particularly in cases where the sensor if battery powered.

Monitoring Using Not e The wireless sensor network (WSN) should able to manage the network configuration and
2017 | Wireless Sensor pollutant conduct maintenance and repair after deployment without any human intervention.

Networks: A specific | Selection:

Comprehensive Review e Hardware components and software should be inexpensive and economically viable.

e The WSN operating system for wireless sensor networks should support a simple
programming environment.

e The communication network should provide an excellent quality of service level to users
(e.g., quality of service should not be affected by adding or removing the nodes in the sensor
network).

e The sensor hardware architecture should be scalable and the software should have efficient
energy protocols.

Urban Air Quality
2017 Monitoring with PMuo Calibration:
Networked Low-Cost ¢ Intensive re-calibration of sensors during long-term operation is crucial for better accuracy.
Sensor-Systems
A Machine Learning
Calibration Model :
Using Random Forests | CO, NO-, Deployment:
2018 | to Improve Sensor Ovand | ® Sensors ~ 1.5 meters above ground level. _
p 3
Performance for S0, ¢ For alarge urban deployment, recommend preparing a set of sensors at a regulatory

Lower-Cost Air Quality
Monitoring

monitoring site and exchanging sensors as they malfunction or as the calibration models drift.
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Appendix F. Summary of Sensor Best-Practice Resources

Year

Title

Pollutant

Description

2018

Advice and Frequently
Asked Questions
(FAQs) for Citizen-
Science Environmental
Health Assessments

Not
pollutant
specific

Project Planning:

o EPA’s lessons learned from environmental health assessments (EHAS) conducted by
community groups:

O

Delineate specific goals and objectives for each participant group and individual and
discuss and revisit the goals and objectives at planned intervals throughout the
project.

Engage all decision-making authorities early in the process; develop a scientifically
defensible, peer-reviewed research plan; and develop early and ongoing consensus
for how the participants will respond to reduce subjectivity in interpreting and acting
on the sensor data results.

Question and clarify expectations of study participants constantly to determine
whether the sensor data will support project goals and objectives and use adaptive
management to remain focused on the original goal or develop a new goal when
applicable.

e Presented 30 FAQs related to EHAS:

O
O
O
O
o

What is the purpose of the study?

What is the end goal of the study? How will the results be used?
How will information be shared with the community?

What topics and research methods does the study include?
Other studies of analyses?

2018

Air Quality Sensors
and Data Adjustment
Algorithms: When Is It
No Longer a
Measurement?

Not
pollutant
specific

Calibration:

e Incorporating parameters for which the effect on sensor measurements has not been
demonstrated into calibration models can lead to significant data integrity issues and
undermines the usability of the data (adjustments to raw sensor data should not become a
predictive model).

e Transparency is essential to building trust in sensor data; however many sensor developers
consider the algorithms used to convert raw sensor output into pollutant concentrations to be
proprietary; possible solution is for sensor manufacturers to provide unprocessed sensors
output, identify the parameters incorporated in the calibration model or post-processing
algorithms, compare the adjusted and unadjusted data, and to communicate when they have

updated

calibration models or algorithms.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description

Calibration:

o Because of the heterogeneity of sensor hardware and calibration procedures, sensors should
be calibrated before using in an air quality information system.

Assessment of Air CO. NO Deployment:
Quality Microsensors 0 ’ SO 2 | o Sensors deployed 2.5 to 3 meters above ground level.
2018 | Versus Reference % ©%2 | o Deployment locations driven by the feasibility of providing power (unless the sensors are
) . PM2s,
Methods: The EuNetAir solar or battery powered).
. . and PMyo A . . .
Joint Exercise - Part |1 e Wi-Fi connections can be an issue for very large spatial deployments.

Selection:

¢ In selecting a sensor, consider the manufacturer-recommended maintenance schedule
(frequent calibration may be an issue for some networks).

Combining Community Deplovment:
Engagement and Deployment . . . T .
Scientific Approaches e Approach for deploying a network of 40 sensors in Imperial County, California consisted of
; PPro: designing a community engagement structure and deploying sensors in 2 phases (1% phase
in Next-Generation PMz2; and . i e ond

2018 X L deployment based on community site selections; 2™ phase deployment based on data
Monitor Siting: The PM1o . 4 o

. obtained from sensors deployed in the 1% stage).

Case of the Imperial . . o ; e
County Community Air e Project recognized by California state legislators and California Air Resources Board
Network (CARB) as a potential model for implementing Assembly Bill (AB) 617.

Calibration:

e Periodic recalibrations (e.g., return sensors to the manufacturer for calibration, in-field
calibration using a mobile reference monitor) are essential to account for sensor degradation
over time which complicates the practical application of urban sensor networks.

¢ Minimum sensor calibration period of several days, but sensor degradation over very long

Field Calibration of calibration periods (e.g., months) can interfere with the calibration results.
2018 Electrochemical NO; NO Deployment:
2

Sensors in a Citizen
Science Context

o Estimated 4-hr initial stabilization time needed for electrochemical sensors during field
evaluation.

¢ Sensor housing should be actively ventilated (in sensors where the housing is not actively
vented, the internal sensor temperature was 2 to 5 °C higher than the ambient temperature).

Selection:

e Poor Wi-Fi connectivity can greatly reduce data availability from sensors that do not have
on-board data storage.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description
Impact Analysis of
Temperature and Calibration:
Humidity Conditions o Direct usage of sensor output data assuming linear relation with target gas concentrations will

. CO, NOg, s . ) . . g

2018 | on Electrochemical and O yield substantial errors due to the impact of ambient conditions and cross interference of
Sensor Response in 3 gases.
Ambient Air Quality e Careful data analysis and correction protocols are essential to guarantee good data quality.
Monitoring

Data Security:

e Suggested strategies for improving sensor data security and integrity based on study that
demonstrated the capability to attack the sensor communication system and fabricate data for
an individual sensor or for any sensor in the network:

o Use secure boot to prevent the manipulation of the sensor firmware.

On the Security and o Use flash encryption to protect sensitive data (e.g., Wi-Fi credentials).
Data Integrity of Low- PM. - and o Use certificate-based mutual authentication with transport layer security (TLS) to defeat
2018 | Cost Sensor Networks Pijl the man-in-the-middle (MITM) attacks and protect the communication.
for Air Quality 10 o Use secure storage for the sensor’s private key so that the adversary cannot obtain the
Monitoring private key for the MITM attack and use different private keys so that even if one sensor
is compromised, the other sensors in the network are not affected.

o Use Wi-Fi localization, rather than a global positioning system (GPS) module, to obtain
the sensor location (an adversary could replace the sensor GPS module with an artificial
module).

o Provide secure firmware upgrades in case vulnerabilities are found in the system.

Spatial-Temporal Assessment; . . . .
Analysis of PM and o Degradation of sensor performance over time demonsf[rates the need for routine quality
p assurance checks during the deployment period to verify sensor measurements.
2018 NO, Concent_ratlons PM5 and Calibration:
Collected Using Low- NO: RERPSATI

Cost Sensors in
Penuelas, Puerto Rico

e Collocation of sensors with a reference monitor pre- and post-deployment can account for
sensor degradation over the study period, but this approach cannot identify in real time when
sensors fail or provide unrepresentative data.
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Appendix F. Summary of Sensor Best-Practice Resources

Year Title Pollutant Description
Calibration:
Temporal Changes in o Field collocation of 2 sensors with a reference monitor in Glasgow, UK to investigate the
Field Calibration changes in calibration relationships between the sensors and a reference monitor suggested
2018 Relationships for NO; and thaft sev_eral short-term calibrations over an exteqded mopitori_ng period, rather than a single
Aeroqual S500 O3 and Os calibration, more accurately represent the changing relationship between the sensors and

NO; Sensor-Based
Monitors

reference monitor.

Uncalibrated sensor data indicated sensor drift over the 6-month study period and the sensor

drift may not be constant.
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