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• First to study the impact of the chemical
explosion on air quality with sensors

• The chemical explosion disproportionally
affected disadvantaged communities.

• PM levels vary with COVID policies.
• Low-cost sensor networks provide high
spatiotemporal variability.
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Objectives: To examine the impact of the Intercontinental Terminals Company (ITC) fire and COVID-19 on airborne partic-

ulate matter (PM) concentrations and the PM disproportionally affecting communities in Houston using low-cost sensors.
Methods:We compared measurements from a network of low-cost sensors with a separate network of monitors from the
Environmental Protection Agency (EPA) in the Houston metropolitan area from Mar 18, 2019, to Dec 31, 2020. Further,
we examined the associations between neighborhood-level sociodemographic status and air pollution patterns by linking
the low-cost sensor data to EPA environmental justice screening and mapping systems.
Findings:We found increased PM levels during ITC fire and pre-COVID-19, and lower PM levels after the COVID-19 lock-
down, comparable to observations from the regulatory monitors, with higher variations and a greater number of locations
with high PM levels detected. In addition, the environmental justice analysis showed positive associations between higher
PM levels and the percentage of minority, low-income population, and demographic index.
Implication:Our study indicates that low-cost sensors provide pollutant measures with higher spatial variations and a better
ability to identify hot spots and high peak concentrations. These advantages provide critical information for disaster re-
sponse and environmental justice studies.
Synopsis: We used measurements from a low-cost sensor network for air pollution monitoring and environmental justice
analysis to examine the impact of anthropogenic and natural disasters.
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1. Introduction
Houston, TX, is one of the cities with significant air pollution health
risks in the United States (US) due to its metropolitan population and in-
dustrialization. Particulate matter (PM), one type of air pollution com-
monly present in the ambient air (American Lung Association, n.d.;
United States, n.d.), considerably impacts human health (American
Lung Association, n.d.; United States, n.d.). The World Health Organiza-
tion (WHO) estimated that, in 2016, PM from ambient air pollution con-
tributed to 4.2 million premature deaths annually worldwide and
77,550 deaths in the U.S. (World Health Organization, n.d.) PM is asso-
ciated with multiple health outcomes, including cardiovascular disease
(Brook et al., 2010), respiratory disease (Hao et al., 2015; Krall et al.,
2017), neurological disease (Younan et al., 2020), and mortality (Liu
and Zhang, 2015). PM1 (aerosol particulate matter with a median aero-
dynamic diameter≤ 1 μm) represent a subtype of PM that is more likely
to penetrate the lower respiratory regions than larger size fractions of
PM, such as PM10 (diameter ≤ 10 μm) (California Resources Board),
and has been associated with stroke, dementia, Alzheimer's disease,
and autism in a recent systematic review (Fu et al., 2019). Other PM
size fractions, including PM10 and PM2.5, have also been reported to
associate with respiratory diseases such as asthma, and cardiovascular
disease, including myocardial infarction (Yang et al., 2018).

Air quality in the US is typically monitored by regulatory monitoring
networks at the federal and state levels. These networks are systematically
managed, yet, do not provide adequate exposure data for health-related re-
search. Thus, some of the regulatory monitoring data are not ideal for
assessing population exposures since monitors are limited in the number
of pollutants they measured. And because monitors might not be where
most civilian activity occurs, this creates a bias for ecological research.
Second, expanding the monitoring areas and the range of pollutants is pos-
sible, yet quite expensive if done under a traditional regulatory monitoring
network. But the expansion of monitoring can be less daunting and more
affordable with the implementation of low-cost sensor networks that
can significantly help capture more accurate air pollution data for health
research without greatly increasing monitoring costs. The application of a
low-cost sensor network has been carried out in several communities
in California, finding that low-cost sensor networks can identify
under-reported pollution and provide more details when mapping pol-
lution over smaller areas. Several communities in California have
taken this route (English et al., 2020). For example, in a 4-year observa-
tion comparison, English et al. found monitor variability was higher
among low-cost sensors than regulatory monitoring data, which indi-
cated low-cost sensor observations couldmore accurately reflect the dis-
tribution of pollution in the communities (English et al., 2020). A more
recent study found a decrease in outdoor PM2.5 concentration and an
increase in indoor PM2.5 concentration during the urban COVID-19
lockdown in California (Mousavi and Wu, 2021).

OnMarch 17th, 2019, an industrial fire accident ignited at the Intercon-
tinental Terminals Company (ITC) Deer Park facility in Houston, TX. The
fire began at one of the facility's storage tanks, which contained naphtha.
It then spread to other nearby tanks over the next six days (Deer Park
Emergency Services, 2019). Part of the safety containment wall was
destroyed in the process, leading to a major chemical leak into the Tucker
Bayou and Houston Ship Channel, along with the water used to fight the
fire. Local environment protection agencies and university research teams
conducted air pollution sampling and analysis in and around the incident
area to evaluate the aftermath of the ITC fire. These analyses showed
increased levels of PM, black carbon, and volatile organic compounds dur-
ing and shortly after the fire (Han et al., 2020; Texas Commission on
Environmental Quality, 2020). However, to what extent and how this fire
affected local communities still remains unclear because of the limitedmea-
surements during a short time period in previous studies. Additionally,
while regulatory monitors provide critical information for decision-
makers, they have several disadvantages, including a limited number of
available sensors and higher maintenance costs. This study was designed
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to fill this gap by implementing a low-cost sensor network that consists of
air quality sensors with high deployment density and low cost.

In early 2020, soon after COVID-19 was declared a pandemic by the
WHO, reports from Asia, Europe, and North America suggested a steep
decline in air pollutant concentrations compared to the same time in
2019 (Berman and Ebisu, 2020; Patel, 2020; European Environment
Agency, 2020; Bechle et al., 2013; Gautam, 2020). However, publications
on associations between air pollution and a temporary decline in human
activities during COVID-19 were inconclusive. A recent study found that
the decreased traffic flow during COVID-19 lockdown in Italy was associ-
ated with the decrease in nitrogen oxides (Rossi et al., 2020). Another
study from China suggested that even though biomass burning emission
was reduced during COVID-19 lockdown, therewas no association between
reduced human activity and air pollution when adjusting for meteorologi-
cal data (Wang et al., 2020). Therefore, there is still a need for research
examining how air quality is affected by dramatic changes in human
behavior related to industrial accidents (e.g., ITC fire) or pandemics
(e.g., COVID-19). This research will provide important clues regarding air
pollution control.

In this study, we will, first, present the data collected from low-cost
sensor networks during the ITC fire incident and COVID-19 in Houston,
TX; second, compare sensor data with regulatory monitoring data from
the Environment Protection Agency (EPA) to examine the reliability of
low-cost sensor networks and the impact of major accidents and anthropo-
genic behavior changes on air pollution levels; third, examine the associa-
tion between low-cost sensor monitors observations and environment
justice factors.

2. Methods

2.1. Sampling using low-cost sensor

2.1.1. Sensor operation principle
The Clarity Node-S (Clarity Movement Co., Berkeley, CA) is a low-cost

sensor (LCS) that provides near-real-time data for PM, nitrogen dioxide,
internal temperature, and relative humidity. The Node-S includes a laser
particle counter (Plantower PMS6003) that operates using light scattering
to generate an electrical signal converted to mass and number concentra-
tion measurements for 3 PM size cuts (PM1, PM2.5, PM10). The Node-S
sampling interval comprises three stages: a 90 s sample period, followed
by a one- to two-minute upload period where the device transmits themea-
surement data to a data cloud, followed by a 15-min sleep period where the
device powers off. The effective sampling frequency is the combined time
of these three stages or about 17 to 19 min. The Clarity Node-S principle
of operation has been described previously (Clarity, n.d.) and evaluated
by AQ-SPEC (Air QSPECA-S, 2018a; Air QSPECA-S, 2018b), AirParif
(Airparif-Airlab, 2018), and San Joaquin Valley Air Pollution Control
District (SJVAPCD) (San JV-APCD, 2018).

2.1.2. Field deployment and instrument calibration

2.1.2.1. Data calibration and quality assurance. A regional Houston/Harris
County PM2.5 correction model was developed using data from three
Houston-area colocations (Supplementary Table 1). Based on hourly-
averaged data from these three colocations, a multiple linear regression
model (MLR) was developed using a random selection of 80 % of the
hourly measurements for all sensors in the calibration group. Models
using combinations of the following features were developed with 10-fold
cross-validation repeated five times: PM1, PM2.5, and PM10mass concentra-
tion; PM1, PM2.5, and PM10 number concentration; Temperature, Relative
Humidity. The model with the highest R2 was selected as the final
Houston/Harris County regional model.

2.1.2.2. Measurements of air pollutants and weather parameters. The final
regional model was applied to the hourly data for the complete set of
20 nodes to create a calibrated PM2.5 value (Supplementary Table 2).
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Additional QA was done after calibration to remove data where the
sensors may have been malfunctioning, including filtering data where rela-
tive humidity was >100 or below 0 % or when PMmass concentration was
below −10 or above 2250 μg/m3.

2.1.2.3. Site selection and characteristics. In March 2019, twenty Clarity
Node-S devices were deployed in Harris County, TX, to monitor the air
quality impacts of a chemical explosion and fire at the ITC chemical plant
in Deer Park. Deployment of the network was done by City of Houston
Health Department staff and employees of the non-profit Environmental
Defense Fund (EDF) in collaboration with the Houston Fire Department.
Nodeswere concentrated on the east side of the city to capture impacts clos-
est to the fire. Emphasis was placed on siting sensors within several neigh-
borhoods of interest, especially those without existing regulatory monitors.
Several sensors were placed in central and western Houston to measure
potential changes in secondary PM formation. Devices were placed on roof-
tops of fire stations and private residences.

2.2. PM measurements at EPA monitors

Air pollution regulatory monitoring data were downloaded from the
EPA Interactive Map of Air Quality System site (https://www.epa.gov/
outdoor-air-quality-data). PM2.5 data were provided as daily averages
from four monitors in the Houston area (Aldine, Houston east, Deer Park,
and north loop). The first three monitors are reported daily, while the
north loop sensor reports once every three days. PM10 data were reported
once every six days from five monitors in the Houston area (Clinton,
Monroe, West hollow, Lang, and Texas city fire station). Meteorological
data for the Houston area were collected from National Oceanic and
Atmospheric Administration (NOAA) National Centers for Environmental
Information (NCEI) (https://www.ncdc.noaa.gov/cdo-web/datatools/lcd).

2.3. Statistical analysis

To compare the data from low-cost sensors to EPA regulatory monitors,
daily averages for each network were calculated. We used hourly average
PM1 and PM2.5 data from the twenty low-cost sensors to calculate daily av-
erages. For PM10, ten low-cost sensors' hourly data were included in the cal-
culation. Based on ITC fire accident time and COVID case records and local
regulations, we grouped the data into time ranges based on Harris County
Judge and Texas Governor's Executive Orders (Table 1). We used a time-
series plot to demonstrate the overall distribution of the data. To compare
the network differences, we conducted two-sample t-test and F test with
p-values of 0.05 considered statistically significant. We also calculated be-
tween (inter-) and within (intra-) monitor variance using maximum likeli-
hood estimates for each pollutant and time range. Bland-Altman plots
were used to examine the degree of agreement between the two networks.
All computations were performed using R (version 4.0.5). We used ArcGIS
to graphically examine the potential interaction between pollution distribu-
tion from the low-cost sensor network and environmental justice variables,
including percentages of minorities, percentages of the low-income
Table 1
Analysis time ranges based on Harris County and Texas COVID-19 policies.

Analysis period Start date Related policy

ITC fire March 18th, 2019 start date of the incident
1-week post ITC fire March 23rd, 2019 –
pre-COVID November 1st, 2019

COVID lockdown March 18th, 2020
Texas issued an executive state-wide order
limited social gathering to 10 people or less
all bars and restaurant

COVID reopen stage-1 May 1st, 2020 Texas Stay-at-home executive order was lift

COVID reopen stage-2 September 23rd, 2020
1 week from Texas Executive Order 30 whe
occupancy exemption was given in the orde

COVID winter wave November 11th, 2020 daily tested and hospitalization starts increas
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population, percentages of low-education level populations, percentages
of households in linguistic isolation, and demographic index which was
the averaged sum of percent low-income and percent minority in each
census block. Then we used linear regression to quantitatively examine
the association of environmental justice variables with the statistical signif-
icance level of 0.05. Statistical analysis was completed using R (version
4.0.5), and geospatial analysis was completed using ArcGIS.

3. Results

3.1. Air quality results

After data calibration and quality assurance, we had 126,097 hourly
observations on average from each low-cost sensor in the network for
each pollutant, accounting for 656 days, which was the full length of our
observation window. Regulatory data were provided in a daily format.
PM2.5 had 656 observations, while PM10 only had 134 observations ranging
from March 22nd, 2019, to December 29th, 2020.

Fig. 1 shows the time series plots for the mean weekly concentrations
for each pollutant from March 2019 to December 2020. For PM1, concen-
trations were on average higher in winter months than in summer. For
PM2.5, observations were mostly consistent between low-cost sensors and
regulatory monitors. Peak values were observed from both networks in
Dec 2019 and July 2020. Only the low-cost sensor network had continuous
observations for PM10. The distribution of PM10 concentration was similar
to PM1 with higher levels reported during winter.

Table 2 shows the descriptive analysis results and comparison of obser-
vations from each network in selected time periods. In general, the low-cost
sensor network had a higher number of observations per day and less miss-
ing data.

Concentrations of PM1, PM2.5 and PM10 from low-cost sensors de-
creased one week after the ITC fire incident (Table 2). A similar trend
was also found in the PM2.5 concentration from regulatorymonitors. No sta-
tistically significant differenceswere observed between the twomonitoring
networks. Data showed comparable variability between low-cost and regu-
latory networks during the ITC fire incident and higher variability among
low-cost sensors post-fire. Inter- and intra-monitor variances were similar
between both networks.

The average level of PM1was higher pre-COVID than after, with slightly
higher intra-variance in low-cost sensor observations (Table 2). Low-cost
sensor data showed that levels of PM2.5 were slightly higher pre-COVID
and during the lockdown, but such a difference was not observed from reg-
ulatory monitors. No statistically significant difference was found between
PM2.5 levels between the two networks, except for the variance of average
PM2.5 during COVID lockdown. The differences in PM10 levels between the
two networks were not consistent throughout the COVID-19 periods. Low-
cost sensors detected higher levels of PM10 pre-COVID compared to regula-
tory monitors with small data variability. The difference was statistically
significant. When reopening first started (reopen stage 1: 5/1/2020–6/
25/2020), low-cost sensors reported a significantly lower level of PM10

with smaller variability, whereas, during the COVID winter wave came,
End date Related policy

March 22nd, 2019 the last day with live fire
March 29th, 2019 –
March 17th, 2020 Harris County closed all bars and restaurants

which
and closed June 10th, 2020

Harris County “Stay Home, Work Safe” order
expired

ed June 25th, 2020
Texas paused further reopening followed by
the re-shut down of all bars and limited
restaurant activities

re business
r

December 31st, 2020

ing rapidly December 31st, 2020

https://www.epa.gov/outdoor-air-quality-data
https://www.epa.gov/outdoor-air-quality-data
https://www.ncdc.noaa.gov/cdo-web/datatools/lcd


Fig. 1.Time series plots of PM2.5, PM10, and PM1weekly concentrations observed through EPA and low-cost sensor networks fromMarch 18th, 2019 to December 31st, 2020.

Table 2
Low-cost sensor and regulatory network particulate matter averages, standard deviations, and t-test results.

Low-cost sensora Regulatory t-Test Levene’s test

N Mean SD CV Inter
Variance

Intra
Variance

N Mean SD CV Inter
Variance

Intra
Variance

t p F p-value

PM1

ITC fire 73 11.12 1.87 16.9 % −4.78 32.61 – – – – – – – – – –
1-week post fire 136 8.99 1.41 15.6 % 0.94 7.57 – – – – – – – – – –
pre-COVID 2425 11.08 1.32 11.9 % 1.52 43.04 – – – – – – – – – –
COVID lockdown 1431 9.70 0.96 9.9 % 0.52 39.39 – – – – – – – – – –
reopen stage 1 942 6.81 0.85 12.5 % 0.38 21.89 – – – – – – – – – –
reopen stage 2 1493 8.72 2.71 31.0 % 2.37 30.16 – – – – – – – – – –
COVID winter wave 757 8.72 1.50 17.2 % 1.71 33.33 – – – – – – – – – –

PM2.5

ITC fire 71 11.48 2.04 17.8 % 2.14 8.13 19 13.45 2.49 18.5 % 3.37 8.57 1.21 0.26 1.21 0.30
1-week post fire 136 8.64 1.57 18.2 % 2.36 1.8 30 8.60 1.19 13.8 % 1.07 1.4 −0.08 0.94 1.28 0.28
pre-COVID 2425 10.03 2.76 27.5 % 7.61 17.87 572 9.67 1.44 14.9 % 1.69 52.77 −0.58 0.56 1.26 0.26
COVID lockdown 1432 9.82 1.87 19.0 % 3.58 12.99 362 9.37 1.44 15.3 % 0.89 14.23 −0.85 0.39 10.57 <0.01
reopen stage 1 942 8.81 2.59 29.4 % 2.12 7.81 242 9.76 0.71 7.3 % 0.61 9.23 1.13 0.26 1.54 0.22
reopen stage 2 1493 8.78 1.45 16.5 % 5.89 11.03 407 8.09 1.02 12.6 % 0.15 16.63 −1.34 0.18 3.70 0.06
COVID winter wave 757 8.46 2.46 29.0 % 6.22 10.95 206 9.77 1.10 11.2 % 0.37 17.89 0.97 0.33 1.61 0.21

PM10

ITC fire 73 22.36 4.82 21.5 % −13.87 146.27 – – – – – – – – – –
1-week post fire 136 18.00 3.63 20.2 % 10.53 20.19 – – – – – – – – – –
pre-COVID 2425 27.51 6.45 23.5 % 34.18 212.29 143 18.86 4.90 26.0 % 19.55 93.22 −3.18 <0.01 0.50 0.48
COVID lockdown 1431 19.98 3.14 15.7 % 8.64 150.95 89 19.52 3.96 20.3 % 12.23 31.53 −0.23 0.81 12.80 <0.01
reopen stage 1 942 13.25 2.47 18.7 % 5.54 56.59 56 17.25 3.75 21.7 % 10.35 31.41 2.26 0.03 12.98 <0.01
reopen stage 2 1493 19.54 6.80 34.8 % 23.81 128.9 105 21.70 4.36 20.1 % 12.66 116.41 0.32 0.75 0.89 0.35
COVID winter wave 757 21.39 5.02 23.5 % 23.08 173.36 55 18.69 3.46 18.5 % 5.05 62.41 −0.92 0.37 3.11 0.08

Time periods: ITC fire, 3/18/2019–3/22/2019; 1-week post fire, 3/23/2019–3/29/2019; pre-COVID, 11/1/2019–3/17/2020; COVID lockdown, 3/18/2020–6/10/2020;
reopen stage 1, 5/1/2020–6/25/2020; COVID winter wave, 11/11/2020–12/31/2020; reopen stage 2, 9/23/2020–12/31/2020.
–, not enough data for calculation; N, number of days with available data; CV, coefficient variance; t, t-Test statistics; F, F-test statistics.

a The minimum detection size for Optical Particle Counters used are 0.3 μg, thus ultrafine particles are not collected.
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Table 3
Lin's concordance correlation coefficient (Rho) between low-cost sensors and regu-
latory network particulate matter daily averages during 2019–2020.

Rho 95 % CI b

PM2.5 0.77 0.75–0.80 0.93
PM10 0.23 0.07–0.37 0.91

95 % CI: 95 % confidence interval; b: bias correction factor.

G. Liu et al. Science of the Total Environment 849 (2022) 157881
low-cost sensors reported a higher level of PM10 with significantly greater
variability.

We used the daily average data of each monitor from both networks to
compare the data variance between (inter-) andwithin (intra-) their respec-
tive networks (Table 2). For both low-cost sensors and regulatory networks,
the majority of the variance were from intra-monitor. Both inter-monitor
variances were higher in the low-cost sensor network for PM2.5, except
Fig. 2.Windrose plots for ITC fire and COVID periods using w
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during the ITC fire period. Intra-monitor variances were mostly higher for
the regulatory network. For PM10, intra-monitor variances were higher
for the low-cost sensor network, and inter-monitor variances were higher
for low-cost sensors before COVID lockdown and after the reopening
stage 1. Concordance coefficients showed a higher level of agreement for
PM2.5 between the two networks, compared to PM10 (Table 3).

Meteorology data fromNational Centers for Environmental Information
(NCEI) showed the patterns of wind in Houston (Fig. 2). Winds in springs
and summers were averagely 30 % of the time towards the southeast at
20 miles per hour (mph). In autumns and winters, the wind speed and
direction varied between the year 2019 and 2020. In the first week after
ITC fire, wind was mostly towards southeast at 21mph, while during the
fire wind was multi-directional. During COVID-19 lockdown, 15 % of the
time wind was southeasterly at 20 mph.

Bland-Altman plots (Fig. 3) showed a bias of −0.18 and an agreement
range of −5.59 to 5.22 for PM2.5, and a bias of 2.65 with the agreement
eather data measured at Houston Intercontinental Airport.



Fig. 3. Bland-Altman plots for the relationship between air pollutions measured by
regulatory monitors and low-cost sensor networks.
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range from −31.06 to 36.37 for PM10. This suggests that PM2.5 data from
regulatory monitors were on average 0.18 lower than low-cost sensors,
whereas for PM10, regulatory observations were on average 2.65 higher.

3.2. Air pollutions exposure inequality

Fig. 4 shows the distribution of PM1 between March 2019 to December
2020 and the different environmental justice variables in the region. Higher
levels of PM1 were associated with areas with higher percentages of low-
income populations and higher percentages of the population with less
than high school education. The distribution of PM2.5 was similar to PM1

(Fig. 5). In areas near major highways with higher percentages of minori-
ties, levels of PM10 were higher than in areas with lower percentages of
minorities (Fig. 6). For example, along highway I-10, there were seven
low-cost sensors. Four of these were in or near areas with a higher propor-
tion of minority populations and showed higher levels of PM10.

In the linear regression between exposure level and census block en-
vironmental justice variables, we found that demographic index was
significantly associated with PM1 (β [95 % CI] = 2.93[0.91,4.95]),
PM2.5 (β [95 % CI] = 5.62[1.21,10.03]), and PM10 (β [95 % CI] =
14.61[4.80,24.42]) during pre-COVID, as well as percentage of minority
and percentage of low-income population (Table 4). Higher levels of PM1

and PM10 were associated with demographic index and percentage
6

minority population during and after the ITC fire. Environmental justice
variables were associated with higher levels of PM10, compared to PM1

and PM2.5. The percentage of low education and linguistic isolation was
not significantly associated with pollutant levels. Using all-time average
data, only PM10was consistently associatedwith environmental justice var-
iables (Table 4).

4. Discussion

In this study, we examined the observations of the low-cost sensor
network in the Houston-Harris County area between March 2019 and De-
cember 2020, assessing the impact of both an anthropogenic incident
(ITC fire) and a natural incident (COVID-19) and the association with
the environment inequality. We also conducted a sensitivity analysis com-
paring the results from low-cost sensors with data collected from the EPA
regulatory network.

4.1. Low-cost sensor and regulatory monitoring networks

Our study found that the low-cost sensor network reported comparable
PM2.5 data to the regulatory network and more robust PM1 and PM10 data
with a greater spatial variety and a greater number of hotspots with high
pollutants concentration. Concentrations were higher in areas with greater
socioeconomic disadvantages. In addition, we observed decreased pollu-
tion levels upon the implementation of lockdown restrictions related to
the COVID-19 pandemic and 1 week after the ITC fire was extinguished.
It is worth noting that, while regulatory monitors were not able to provide
data on PM1 and PM10 around the time of the ITC fire, data from low-cost
sensors in the surrounding communities nearby Deer Park showed in-
creased levels of pollution during the ITC explosion and immediate de-
creases one week after the explosion. This suggests that air pollution
levels could be underestimated or overlooked without low-cost sensors
due to lack of monitoring data in cases of anthropological incidents such
as chemical explosions.

The pattern of PM levels detected during and after the ITC fire was sim-
ilar to that of fire-related incidents. A recent study on the wildfires' contri-
bution to PM2.5 levels found that wildfire smoke in the summer could
partly account for the increased levels of fine particle pollution in the west-
ern US, compared to the seasonal reduction of PM2.5 in spring and summer
in the eastern US (O’Dell et al., 2019). The study used the trend data from
2006 to 2016, suggesting the impact of wildfires on PM2.5 levels was consis-
tent and reoccurring during those years. A study onmetropolitan fireworks
showed a substantial increase in fine particles and ultrafine particles 24-h
after major holidays with fireworks events (Hoyos et al., 2020; Seidel and
Birnbaum, 2015). Another example of human-induced disaster is the
2001 World Trade Center Disaster. Study showed PM2.5 levels were ele-
vated in the surrounding areas until mid-October (Landrigan et al., 2004).
Wind and rain decrease the concentration while thermal inversion in-
creases the concentration. The same mechanism also applies to ITC fire
pollutants. Internationally, a study of 23 major industrial fires from the
United Kingdom (UK) reported PM behavior similar to what was found in
our analysis (Griffiths et al., 2018). The UK study used the UK Air Quality
in Major Incidents service network with Osiris laser light scattering moni-
tors and detected incident-average PM2.5 levels up to 258 μg/m3 and
PM10 levels up to 1450 μg/m3. The emission from these incidents could
have more significant impacts during seasons with higher background am-
bient pollution levels or periods where atmospheric conditions inhibit
mixing. In our study, PM2.5 is the only pollutant measured in both low-
cost sensors and the regulatory monitors during the ITC fire. While the
average differences between the two monitoring networks were not statis-
tically significant, the mean concentration of PM2.5 during the ITC fire was
13.45 μg/m3 from regulatory monitors which is greater than the EPA stan-
dard −12 μg/m3. However, the average concentrations from the low-cost
sensor were below the national standard. The precision for low-cost sensors
was overall lower than the regulatory network. Low-cost sensors had higher
inter-and intra- variance than regulatory monitors with the exception of the



Fig. 4. Maps of PM1 concentration with environmental justice factors. (A) ITC PM1 levels with demographic index, (B) Average PM1 levels with demographic index,
(C) Average PM1 levels with percentage of low-income population, (D) Average PM1 levels with percentage of low-education population, (E) Average PM1 levels with
percentage of minority population, (F) Average PM1 levels with percentage of households in linguistic isolation.
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intra-variance for PM2.5. These results are expected, as there were a greater
number of low-cost sensors than regulatory monitoring sites, resulting in
more spatial heterogeneity of monitor locations and a greater number of
observations in low-cost sensor network. Previous low-cost sensor studies
reported similar results (English et al., 2020). These characteristics of
low-cost sensors are also beneficial for public health equality and equity re-
search. For example, a large spatial variation in the network coverage area
of various land use, demographic characteristics, and distance to a major
highway is beneficial for capturing real-time data in numerous locations
with varying socioeconomic conditions, which is useful for conducting
environmental justice analyses.

This study found that low-cost sensors provided more comparable data
to the regulatory network for PM2.5 than PM10 over the 1.25 years period.
This was partly due to the long interval of PM10 data collection from the
regulatory network. For PM2.5 data, low-cost sensors captured more
7

extreme value than regulatory monitors. It is unlikely such differences
were caused by measurement technological limitations of regulatory mon-
itors, andmore likely due to themeasurement interval and spatial variation
differences, though there is higher uncertainty in the optical particle coun-
ter sensors for PM10 than PM2.5. Previous studies indicated that consider-
ably more episodes of high PM2.5 were observed by low-cost sensors
compared to regulatorymonitors (Seto et al., 2019). While regulatorymon-
itors are geographically located to measure average regional air pollution
levels and enforce environmental regulations, the low-cost sensor network
can serve many more objectives, including environmental research and
neighborhood real-time pollution reports.

In our study, we observed a decrease in PM2.5 and PM10 concentrations
after COVID-19 started in March. Since all of our low-cost sensors were
located inside Houston metropolitan area, we were unable to examine dif-
ferences in the impacts of COVID-19 between urban and rural areas.



Fig. 5. Maps of PM2.5 concentration with environmental justice factors. (A) ITC PM2.5 levels with demographic index, (B) Average PM2.5 levels with demographic index,
(C) Average PM2.5 levels with percentage of low-income population, (D) Average PM2.5 levels with percentage of low-education population, (E) Average PM2.5 levels with
percentage of minority population, (F) Average PM2.5 levels with percentage of households in linguistic isolation.
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Previous studies on COVID-19s impact on air pollution suggested PM2.5

levels showed a consistent decrease in March 2020 in the urban area
compared to the same time period in 2019 (Tanzer-Gruener et al., 2020;
Chadwick et al., 2021).

4.2. Environmental disparity in air pollution

Both graphical and statistical examinations showed that, air pollutant
levels and environmental justice variables in race and income were highly
correlated both during normal conditions and after major anthropogenic
or natural incidents in the Houston area. In the ITC fire accident, tanks con-
taining xylene, toluene, gasoline, blendstock, base oil, and naphthawere in-
volved in the direct collision, combustion of which releases hazardous with
short-term and long-term exposure. This incident released toxic organic
materials and PM into the local and surrounding neighborhoods, causing
8

public health safety to be compromised in these areas. Work and school
activities were canceled in response to the neighborhood concerns of a
potential increased outdoor air pollution exposure (Deer Park Emergency
Services, 2019). During and after the ITC fire, we found that pollution
disproportionally affected the disadvantaged neighborhoods. Levels of PM1,
PM2.5, and PM10 were all higher in areas with greater demographic
index (higher percentage of minority and low-income population).
This emphasized the importance of developing continuous monitoring
in these neighborhoods to obtain more accurate estimates of the pollu-
tion exposure. The lack of monitoring data limits the research ability
to evaluate the impacts of short industrial incidents on health for resi-
dents in disadvantaged neighborhoods (Goldman et al., 2021).

The analysis of impacts of the COVID-19 lockdown showed lockdown
policies impacted the association between PM and neighborhoods with
larger minority populations. This suggests these neighborhoods might be



Fig. 6. Maps of PM10 concentration with environmental justice factors. (A) ITC PM10 levels with demographic index, (B) Average PM10 levels with demographic index,
(C) Average PM10 levels with percentage of low-income population, (D) Average PM10 levels with percentage of low-education population, (E) Average PM10 levels with
percentage of minority population, (F) Average PM10 levels with percentage of households in linguistic isolation.
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exposed to higher concentrations of traffic-related PM. Our findings ranged
from the northwest to southeast of Houston. The distribution of the sensors
may bring some bias since it was not evenly distributed around Houston
communities. This suggests a need to increase the number of air monitors
inside the community to improve our understanding of air pollution dispar-
ities and injustice, especially in populated areas including Humble, Fresno
and Missouri City. Using low-cost sensors can help measure environmental
injustice and provide evidence for public health policy and urban planning.
It can also raise awareness in environmental injustice, and collect data for
for education purposes, without unbearable costs for local governments,
communities, and school districts.

To our knowledge, this is the first study using low-cost sensor observa-
tions to examine PM levels during ITC and COVID-19, with a comparison to
regulatory air monitors in the Houston area. Previous studies looked into
the association between low-cost sensor networks and sociodemographic
9

factors, but these studies have not examined this in the Houston area. We
have reliable PM measurements from the low-cost sensor network over a
wide variety of locations. Other benefits of the low-cost sensor network
include a faster administrative process when adding new sensors to the
low-cost network than the regulatory network and capturing more peak
value than regulatory monitors. Some of the disadvantages of utilizing
the low-cost sensor network are requirements for ample data storage and
processing, sensor hardware maintenance, and software development. It
also poses challenges in data sharing and public availability with the
current underdeveloped information channels.

5. Conclusion

In this study, we presented the data collected from the low-cost sen-
sor network in the Houston area and examined the impact of ITC fire



Table 4
Linear regression between low-cost sensor observations and environmental justice factors.

Environmental justice factors Analysis period PM1 PM2.5 PM10

β (95 % CI) β (95 % CI) β (95 % CI)

Demographic index all time 3.48(−0.66,7.62) 3.36(−0.14,6.87)⁎ 10.97(3.54,18.40)⁎⁎
ITC fire 3.11(−0.12,6.35)⁎ 2.66(−0.96,6.28) 9.47(2.33,16.61)⁎⁎
1-week post fire 2.13(−0.23,4.49)⁎ 2.35(−0.29,4.99)⁎ 7.59(2.01,13.17)⁎⁎
pre-COVID 2.93(0.91,4.95)⁎⁎ 5.62(1.21,10.03)⁎⁎ 14.61(4.80,24.42)⁎⁎
COVID lockdown 1.13(−0.71,2.98) 2.89(−0.55,6.34) 4.60(−1.24,10.44)
reopen stage 1 1.61(0.11,3.11)⁎ 3.11(0.67,5.55)⁎⁎ 5.01(0.75,9.26)⁎⁎
reopen stage 2 2.16(−3.34,7.65) 4.11(−0.80,9.02) 7.44(−6.11,20.98)
COVID winter wave 2.79(0.04,5.55)⁎ 4.60(0.09,9.11)⁎ 9.63(0.50,18.77)⁎

Percentage of minority all time 2.80(−1.30,6.89) 3.36(−0.14,6.87)⁎ 10.97(3.54,18.40)⁎⁎
ITC fire 3.58(0.61,6.55)⁎⁎ 2.66(−0.96,6.28) 9.47(2.33,16.61)⁎⁎
1-week post fire 2.24(0.00,4.49)⁎ 2.35(−0.29,4.99)⁎ 7.59(2.01,13.17)⁎⁎
pre-COVID 2.64(0.65,4.63)⁎⁎ 5.62(1.21,10.03)⁎⁎ 14.61(4.80,24.42)⁎⁎
COVID lockdown 1.07(−0.61,2.75) 2.89(−0.55,6.34) 4.60(−1.24,10.44)
reopen stage 1 1.46(0.09,2.83)⁎ 3.11(0.67,5.55)⁎ 5.01(0.75,9.26)⁎⁎
reopen stage 2 1.53(−3.46,6.53) 4.11(−0.80,9.02)⁎⁎ 7.44(−6.11,20.98)
COVID winter wave 2.28(−0.28,4.83) 4.60(0.09,9.11) 9.63(0.50,18.77)⁎

Percentage of low income people all time 3.27(−1.06,7.59) 3.88(0.26,7.51)⁎ 10.97(3.54,18.40)⁎⁎
ITC fire 1.80(−1.88,5.48) 2.48(−1.51,6.47) 9.47(2.33,16.61)⁎⁎
1-week post fire 1.47(−1.09,4.03) 2.39(−0.42,5.19) 7.59(2.01,13.17)⁎⁎
pre-COVID 2.13(0.05,4.21)⁎ 6.71(2.29,11.12)⁎⁎ 14.61(4.80,24.42)⁎⁎
COVID lockdown 0.44(−1.61,2.48) 3.65(−0.27,7.57)⁎ 4.60(−1.24,10.44)
reopen stage 1 1.22(−0.51,2.95) 3.59(0.79,6.38)⁎⁎ 5.01(0.75,9.26)⁎
reopen stage 2 2.64(−4.00,9.28) 6.13(0.53,11.73)⁎ 7.44(−6.11,20.98)⁎⁎
COVID winter wave 2.69(−0.59,5.97) 6.38(1.28,11.47)⁎⁎ 9.63(0.50,18.77)

Percentage of Lower education people all time 1.45(−6.57,9.47) 6.49(0.23,12.76)⁎ 8.73(−7.06,24.52)
ITC fire 4.54(−1.72,10.80) 6.17(−0.31,12.64)⁎ 14.32(0.15,28.50)⁎
1-week post fire 2.57(−1.91,7.05) 4.86(0.20,9.52)⁎ 10.72(−0.15,21.59)⁎
pre-COVID 2.76(−1.45,6.98) 7.47(−1.07,16.01) 13.68(−6.97,34.33)
COVID lockdown −0.05(−3.31,3.21) 4.60(−1.27,10.48) 3.76(−6.68,14.19)
reopen stage 1 0.46(−2.41,3.32) 4.57(0.24,8.90)⁎ 4.58(−3.45,12.62)
reopen stage 2 −3.49(−13.13,6.15) 4.05(−5.09,13.18) −0.84(−25.47,23.79)
COVID winter wave 2.40(−3.39,8.18) 8.39(−0.19,16.98)⁎ 14.53(−3.70,32.75)

Percentage of people in linguistic isolation all time −5.71(−19.09,7.68) 10.60(−0.15,21.35)⁎ 8.73(−7.06,24.52)
ITC fire −4.85(−15.71,6.00) 9.75(−1.69,21.20) 14.32(0.15,28.50)⁎
1-week post fire −1.13(−7.77,5.51) 8.37(0.57,16.18)⁎ 10.72(−0.15,21.59)⁎
pre-COVID −0.17(−6.50,6.16) 10.79(−5.58,27.15) 13.68(−6.97,34.33)
COVID lockdown −1.16(−6.23,3.91) 10.76(0.11,21.42)⁎ 3.76(−6.68,14.19)
reopen stage 1 −2.31(−6.69,2.07) 7.94(−0.24,16.12)⁎ 4.58(−3.45,12.62)
reopen stage 2 −5.68(−22.93,11.58) 10.71(−5.21,26.63) −0.84(−25.47,23.79)
COVID winter wave 1.65(−6.67,9.96) 15.75(1.68,29.81)⁎ 14.53(−3.70,32.75)

⁎⁎ P < 0.05.
⁎ P < 0.1.
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accident and COVID-19 on air quality in environmental justice commu-
nities. We found that observations from a low-cost sensor network were
reliable and provided larger spatial coverage and higher temporal reso-
lution to identify hotspots and peak concentrations than regulatory
monitoring. Low-cost sensor data also showed environmental justice
communities with higher minority and lower socioeconomic status
(SES) were exposed to higher pollutant levels. Future low-cost sensor
networks in the Houston area should expand further to Houston's low
SES communities for community-based monitoring. Low-cost sensors
provide critical information for stakeholders and communities to re-
spond to disasters as well as environmental injustice.
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