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ABSTRACT: Nitrogen dioxide (NO2) pollution is associated
with adverse health effects, but its spatial variability between
ground monitors is poorly characterized. NO2 column observa-
tions from the Tropospheric Monitoring Instrument (TROPOMI)
have unprecedented spatial resolution and high accuracy over the
globe. Land-use regression (LUR) models predict surface-level
NO2 with relevance for epidemiological and environmental justice
studies. We use TROPOMI NO2 columns in a land use regression
(LUR) model to improve surface NO2 concentration estimates
over the United States. The TROPOMI LUR predictions have
improved correlation with ground monitors (Adj. R2 = 0.72) and
bias (Mean Bias, MB = 14.2%) compared with an existing LUR
using less granular NO2 data from a legacy satellite instrument
(Adj. R2 = 0.54 and MB = 49%; for North America). Removing TROPOMI NO2 from the LUR decreased R2 by 29.1%, 8.1 times
the impact of removing road system information. These findings reveal that novel Earth observing satellites can enhance surface NO2
surveillance by capturing pollution variation between monitors without relying heavily on other data sources.
KEYWORDS: air quality, pollution, health, environmental justice, nitrogen dioxide, statistical modeling

1. INTRODUCTION
Nitrogen dioxide (NO2) is an air pollutant that is emitted
during fossil-fuel combustion1 and is associated with adverse
health effects.2−6 The short atmospheric lifetime of NO2

7 leads
to spatial heterogeneity in its surface-level concentrations due
to its 5−8 h daytime lifetime.8,9 Statistical models that predict
surface-level NO2 generally assume that NO2 is strongly
associated with land-use characteristics linked to its emission�
as examples, road systems and built-environment�given this
short atmospheric lifetime.10 These statistical land-use
regression (LUR) models balance the influence of predictor
variables like land-use characteristics and remote-sensing
observations of atmospheric column NO2 and use ground-
level observations to develop predictions of surface-level
concentrations at fine spatial resolution and with wide spatial
coverage that are needed for many types of studies. For
example, epidemiological and risk assessment studies charac-
terize the relationship between NO2 exposure and adverse
health effects�such as pediatric asthma incidence6 and
cardiovascular mortality.11 These studies require fine-scale
(≤1 km) estimates of NO2 to accurately capture the colocation
of peaks in concentration with high population density to avoid
underestimating health effects.12 Additionally, environmental
justice studies that investigate the spatial distribution of air
pollution to determine if marginalized groups bear a
disproportionate share of pollution13,14 require data inputs

that capture neighborhood-scale variability in concentration
patterns. Prior LUR models have featured the use of numerous
land-use characteristics simultaneously; however, this approach
has potential disadvantages. For example, these LUR models
may pick up on patterns in combinations of land-use variables
that are correlated with NO2 concentrations but that predict
unrealistic patterns in surface-level concentrations. New
satellite-based remote-sensing observations at finer spatial
resolution may enable the development of LURs that depend
on fewer land-use variables while still maintaining or improving
upon the statistical performance of older models; however, this
has not yet been tested.

In recent years, satellite remote-sensing instruments have
improved our understanding of the spatial distribution of
column NO2.

15,16 Diurnal patterns,17 vertical mixing,18

horizontal advection,19 boundary-layer heights,20 and chemical
interactions8 lead to differences between column and surface-
level NO2 that can complicate the conversion of columns to
surface-level concentrations. To account for this, both
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deterministic modeling21,22 and statistical modeling23,24

approaches have been developed to infer surface-level NO2
concentrations from remote-sensing column observations.
These approaches have used remote-sensing observations
from different instruments. The TROPOspheric Monitoring
Instrument (TROPOMI) observes atmospheric slant columns
of NO2 globally�once per day at approximately 13:30 local
time (LT)�at a resolution of 5.5 × 3.5 km2.25 These slant
columns are converted to vertical columns using an air mass
factor26 and�given the variable day-to-day observation angle
of TROPOMI�these vertical columns can be spatially
averaged through oversampling to capture spatial variability
in column values at fine resolution (e.g., 1 × 1 km2) at the
expense of the temporal resolution.16 The spatial resolution of
TROPOMI is improved compared to its predecessor�the
Ozone Monitoring Instrument (OMI)�that observes slant
columns of NO2 at a much coarser resolution of 24 × 13
km2.27 Roughly 16 TROPOMI pixels are contained in a single
OMI pixel. On the other hand, OMI has a greater temporal
coverage (October 2004 to present) than TROPOMI (April
2018 to present).

TROPOMI data have been used extensively in statistical
models to estimate surface-level NO2 concentrations. These
data have been used in kriging,28 machine-learning,29,30 and
land-use regression31 models for predicting NO2 in East Asia
and similar techniques have been applied for California32,33

and in Europe.34 Other studies have combined these satellite
remote sensing data with chemical transport model simulations
to predict surface-level NO2 globally,22 in Europe,35−37 and in
East Asia.38 Global LUR models that have incorporated OMI
data23,24 have had a high dependence on land-use character-
istics in their predictions. To date, no study has investigated
how the enhanced spatial resolution from TROPOMI could
affect the influence of land-use characteristic predictor
variables�in comparison to satellite remote-sensing observa-
tions�on LUR predictions. Additionally, the effect of
TROPOMI observations on LUR performance compared to
older OMI-derived models remains poorly understood.

In this study, we explore how the inclusion of oversampled
remote-sensing observations from TROPOMI at fine spatial
resolution (1 × 1 km2) impacts LUR modeling. To investigate
this, we develop a TROPOMI-derived LUR (TROPOMI-
LUR) model to predict monthly average surface-level NO2
concentrations from 2019 to 2022 across the CONUS. This
TROPOMI-LUR is trained with ground-level observations of
monthly averaged NO2 concentrations from the US Environ-
mental Protection Agency (EPA) Air Quality System (AQS)
from 516 instruments across 48 months for a total of 20394
observations after filtering. This TROPOMI-LUR is built using
predictor variables from three distinct categories: land-use
characteristics, TROPOMI satellite remote-sensing observa-
tions of NO2 columns, and meteorological reanalysis data. To
explore how TROPOMI data impact LUR modeling we
formulate two specific research questions that we investigate
through application of the TROPOMI-LUR: first, will the
inclusion of high spatial resolution oversampled TROPOMI
observations improve the predictive accuracy of the LUR
compared to an older OMI-derived LUR (OMI-LUR)24 and
second, second, how is the comparative influence of land-use
characteristics and remote-sensing observations affected by the
inclusion of TROPOMI observations? Through addressing
these two questions, we aim to characterize how TROPOMI
data affect the prediction of surface-level NO2 and determine if

any improvements are associated with an increased emphasis
on TROPOMI data in place of land-use characteristics. These
fine-resolution estimates can enable the broader community to
better understand recent NO2 trends, conduct quantitative risk
assessments, and assess inequities in population exposure and
health impacts attributable to NO2.

2. MATERIALS AND METHODS
2.1. Experimental Design. In this study we design a land-

use regression (LUR) model informed by TROPOMI
observations to 1) identify if including high spatial resolution
oversampled satellite observations improves the predictive
accuracy of LUR modeling of surface-level NO2 compared to
older products, and 2) determine how influential land-use
characteristics are compared to satellite remote-sensing
observations on LUR predictions to identify if satellite data
from TROPOMI can simplify future modeling. To achieve
these objectives, we download and process observations of
surface-level NO2 from the US EPA AQS, download and
oversample TROPOMI observations of column NO2, down-
load other LUR predictor variables such as road systems, built
environment, and elevation, perform feature selection on these
predictor variables, build our LUR model, and carry-out cross-
validation statistical testing.

2.2. Ground-Level Observations of NO2. We obtain
hourly observations of surface-level NO2 from 516 unique
instruments located throughout the CONUS from 2019 to
2022 for the purpose of training the TROPOMI-derived LUR
model; these hourly data are downloaded from the US EPA
AQS Web site (https://aqs.epa.gov/aqsweb/airdata/
download_files.html: accessed Jan 28th, 2024). We follow
the averaging approach used in a previous study24 to calculate
monthly averaged surface-level NO2: we average data based on
local time and remove daily observations from monitors with
less than 18 h and monthly observations from monitors with
less than 50% of days in a month. We further filter these data
by removing any monthly averaged observations that are
unrealistically high (above 200 ppb). Given that some
locations have multiple unique instruments, we perform
these averaging and filtering steps for each instrument and
each site. A majority of the EPA AQS monitors measure NO2
using chemiluminescence instruments that have demonstrated
a consistent high bias27 due to the counting of other reactive
nitrogen species as NO2; this bias is seasonally dependent and
higher in rural sites compared to urban; we do not correct for
this bias so that our predicted model is comparable to the
OMI-LUR and because many past epidemiological studies
have derived statistical relationships between health effects and
this uncorrected NO2. We weight monitor values when
building the LUR based on a formula from a prior study.23

We investigate patterns in the distribution of surface-level
NO2 using observations from the EPA AQS to identify
potential deficiencies in our predictive model that could arise
due to data sparsity. Understanding over- and under-
represented characteristics of monitors in our training data
set is necessary to qualitatively characterize where our LUR
model is most applicable and where there is more uncertainty;
features that are not captured or underrepresented in the
training data set will consequently not be well represented in
LUR predictions. Similarly, features that are overrepresented in
the training data set may appear in LUR predictions even if
they are unrealistic. Given that a focus of our analysis is to
determine the comparative influence of specific predictor
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variables (i.e., land-use characteristics compared to remote-
sensing observations), it is especially relevant to consider
features of the ground-level monitors used in our training data
set that could influence predicted patterns in surface-level
NO2. We examine the features of our training data set by
mapping the distribution of ground-level monitors across the
CONUS for 2019 (Figure 1a) and consider seasonal (Figure
1b) and interannual (Figure 1c) patterns across four of the
largest metropolitan areas in the US. Additionally, we calculate
summary statistics of the monthly average (Table S1) and
annual (Table S2) observation overall and for specific years,
seasons, and monitor characteristics (i.e., near-road and urban
classifications).

Throughout our analysis and model building we consider
specific monitor characteristics to identify unique patterns in
observations and predictions associated with specific seasons,
years, and monitor types. We identify the observation as being
in one of four seasons�December, January, February (DJF),
March, April, May (MAM), June, July, August (JJA), and
September, October, November (SON) based on the month
the measurement was taken. We also identify the observations
by the year that they occurred in between 2019 and 2022.
Lastly, we identify two additional characteristics of monitors,
whether they are “near-road” and if they are “urban” or “rural”.
Near-road monitors�those that are within 50 m of a major
highway feature�are tracked by the US EPA;39 all monitors
that are not “near-road” are denoted as “non-road”, however,
we note that these “non-road” monitors can still be near
smaller roads and/or slightly outside of the 50 m buffer defined
by the US EPA. We identify urbanicity using global built-up
data from GHS-SMOD40 following previous methods;5,41,42

this data set identifies urban boundaries by considering grid
cell contiguity, population density per grid cell, and total
population across the extent. Monitors that are located within
one of the cities identified in the US using these data are
considered “urban” and monitors that are not located in any
one of these cities are considered “rural”.

2.3. Oversampled TROPOMI NO2 Columns. We obtain
publicly available daily observations of column NO2 from the
TROPOMI instrument on board the Sentinel-5 Precursor
satellite (https://data-portal.s5p-pal.com/products/no2.html)
coincident with our model time frame (2019−2022) and
spatial domain (CONUS). For this study we use L2 data from
version 2.4.0 (RPRO Jan 1, 2019−July 25 2022, OFFL July 26,
2022−Dec 31, 2022) that are vertical columns derived from
slant columns using the operational AMF from GEOS-CF;
data with a quality assurance flag below 0.75 were discarded.
The TROPOMI instrument observes column NO2 at a native
pixel size of 5.5 × 3.5 km2 and approximately once per day at
1:30 PM and has made observations from August 2018 to
present.

For this study, we further process these TROPOMI data
through an oversampling that spatially averages the coarse size
variable pixels of TROPOMI to a standard grid of 0.01° ×
0.01° resolution�that is, approximately 1 km × 1 km�using
the technique introduced by Goldberg et al. 2021.16

Specifically, in this method we identify whether the center
grid point of a 0.01° × 0.01° grid cell is within any portion of a
valid TROPOMI pixel. If so, the value of the 0.01° × 0.01°
degree grid cell is the value of the overlapping TROPOMI
pixel for the overpass time, and then all valid observations over
the month are averaged (method depicted in Figure S1). We
perform this oversampling for each month of our study

domain, and oversample seasonal averages for the four sets of
three months described in section 3.3. During cloudier and
colder months TROPOMI observations in the northern US�
especially in the Great Lakes region�are sparse; in these areas
the oversampled NO2 columns can be missing or retain
discontinuities associated with the TROPOMI pixel shapes. To
account for this, we modify the oversampled products based on

Figure 1. NO2 concentrations observed by EPA AQS monitors, for
2019 annual average (a), 2019 monthly averages in four metropolitan
areas (b), and monthly averages in March across four years for the
four same metropolitan areas (c). Lines on these plots indicate major
highways and primary roads. Monitor characteristics are indicated by
shapes: circular points refer to near-road monitors in urban areas
(UNR), triangular points refer to near-road monitors in rural areas
(RNR), squares refer to monitors in urban areas that are not classified
as “near-road” (U), and diamonds refer to monitors in rural areas that
are not classified as “near-road” (R).

ACS ES&T Air pubs.acs.org/estair Article

https://doi.org/10.1021/acsestair.4c00153
ACS EST Air 2025, 2, 187−200

189

https://pubs.acs.org/doi/suppl/10.1021/acsestair.4c00153/suppl_file/ea4c00153_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acsestair.4c00153/suppl_file/ea4c00153_si_001.pdf
https://data-portal.s5p-pal.com/products/no2.html
https://pubs.acs.org/doi/suppl/10.1021/acsestair.4c00153/suppl_file/ea4c00153_si_001.pdf
https://pubs.acs.org/doi/10.1021/acsestair.4c00153?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.4c00153?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.4c00153?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.4c00153?fig=fig1&ref=pdf
pubs.acs.org/estair?ref=pdf
https://doi.org/10.1021/acsestair.4c00153?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


the number of overpasses that are included in each pixel. For
each month and each grid cell, if a cell has fewer than five
overpasses included in the averaging then we instead use the
seasonal average of the same year. If the seasonal average also
has fewer than five overpasses, we replace it with the annual
oversampled TROPOMI values from the same year. In doing
so we ensure that oversampled data that is noisy is not
included in our LUR model; however, we note that this could
weaken seasonal trends, especially in the wintertime, at higher
latitudes given that�for some grid cells�annual values are
used instead of the monthly or seasonal values.

2.4. Other Predictor Variables Included in LUR Model.
Beyond the remote-sensing observations from TROPOMI�
discussed in the prior section�we include predictor variables
of two other types: characteristic of or associated with land-use
data and meteorological reanalysis data from ERA-5.43 These
variables are downloaded from three sources: OpenStreetMap
(OSM), Google Earth Engine, and from the European Centre
for Medium-Range Weather Forecasts (ECMWF) Reanalysis
Model v5 (ERA5) database.44 We provide summary
information for these predictor variables in Table 1 below:

OpenStreetMap is an open and editable database of
geographic information; in this study we use data identifying
roads and railways. We downloaded road and rail information
from OSM and followed classifications established by Larkin et
al. 202324 to differentiate “major”, “minor”, and “residential”
roads and “major” and “minor” railways. We convert these data
from vectors to raster density values by overlaying the vector
data onto the 0.01° × 0.01° TROPOMI-LUR grid and then by
counting the number of segments for each feature that passes
through each grid cell. We note that the road data in this study
is pulled for a different year (i.e., 2019) than used by Larkin et
al. 202324 (i.e., 2018).

ERA5 is a reanalysis product that contains hourly estimates
of different meteorological properties. For the TROPOMI-
LUR we consider boundary layer height, 2-m temperature,
total precipitation, and surface pressure that were downloaded
from the ERA5 database of the monthly average 24-h average
levels. These data are available at a 31 × 31 km2 resolution and
they are linearly interpolated onto the 0.01° × 0.01° grid using

a bilinear interpolation to smooth out discrete boundaries
between grid cells. These data�along with the TROPOMI
observations�are the only time-varying predictor variables;
the rest are considered static in time.

The remaining predictor variables�that is, elevation, water,
built environment, and population�were downloaded from
Google Earth Engine at a resolution of 0.001° × 0.001°
(approximately 100 m × 100 m). These products come from
different sources that are indicated in Table 1. We process the
elevation data as an “elevation-differential” that considers
elevation levels relative to surrounding elevation by calculating
the average within a certain radius of each grid cell and
differencing each grid cell based on this relative average.
Specifically, we calculate the average elevation for each 1°
increment and then perform a bilinear-interpolation to the
0.01° resolution; we then take the difference between these
values and the native elevation values to calculate the
difference relative to the nearby area. The rest of these
predictor variables are not adjusted with the exception that all
variables are spatially aggregated to the LUR grid of 0.01° ×
0.01°.

2.5. Development of the LUR and Statistical Analysis.
At the start of the development of the TROPOMI-LUR we
consider all the above predictor variables; however, we perform
feature selection steps to narrow down the list of relevant
predictor variables. We perform a Lasso regression50 that has
been widely used in LUR models23,24 to identify the variables
that have no impact on predictions through minimization of
their coefficients; the Lasso regression adds a L1 regularization
term to the linear regression model that shrinks coefficients to
zero for predictor variables that do not have a strong statistical
relationship to the dependent variable. The first step of feature
selection is to transform the predictor variables and
observations. For all the observations and all variables�except
TROPOMI observations�we apply a square root trans-
formation to the data; for TROPOMI observations we apply
a natural log transformation. To avoid including noisy data
from observations with low NO2 levels from TROPOMI, we
set a lower bound for TROPOMI values of 9E14 molecules
cm−2 such that all values below this cutoff are set to a value of
9E14 molecules cm−2. We do this to stabilize variances across
the predictor variables and linearize relationships between
these predictor variables and the observations. Additionally, we
standardize the predictor variables so that they are centered
around zero and so that they have comparable standard
deviations.

We construct the TROPOMI-LUR by processing the land-
use characteristic, remote-sensing observations, and meteoro-
logical reanalysis predictor variables (Section 2.3 and 2.4) and
training the predictions using EPA AQS monitor observations
of monthly surface-level NO2 (Section 2.2 and 3.1) by
applying a least absolute shrinkage and selection operator
(Lasso) regression analysis (Section 2.4). The predictive
accuracy of this TROPOMI-LUR model is then evaluated by
performing 10,000 “leave 10% out” cross-validations in which
we reserve 10% of monitor locations for testing and use the
other 90% for building the TROPOMI-LUR model. In this
cross-validation analysis, we evaluate the TROPOMI-LUR
predictions against the 10% testing data set and calculate the
average statistical performance across all 10,000 runs for the
monthly predictions (Table 4) and for the annual averages of
the monthly predictions (Table 5). We choose to perform a
site-specific cross-validation�leaving out 10% of monitors as

Table 1. Basic Information for All Predictor Variables
Considered in TROPOMI-Derived LUR Modela

aSelected variables are shaded in grey.
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opposed to leaving out 10% of all observations�as this allows
us to not only evaluate the performance of the overall
TROPOMI-LUR predictions but also the performance for
different years, seasons, and monitor characteristics. We
calculate annual average predictions by averaging the monthly
predictions from the TROPOMI-LUR; however, we also
tested an annual model and found comparable performance.

After this first feature selection step, the predictor variables
are further narrowed down by considering their statistical
impact on predictive accuracy of the model. We remove each
remaining predictor variable from the model and quantify the
change in R2 and MSE compared to the base model; predictor
variables that worsened both R2 and MSE or that did not have
a notable (>0.1%) impact on either measure were removed.
We identify the regularization coefficient (α = 0.0013) through
built-in cross-validation in the Lasso LUR model from the
python scikit-learn package and use this model as the final
statistical model.

We evaluate the performance of the Lasso LUR through
10,000 cross-validation runs in which we randomly select 10%
of all instruments and reserve these as a testing data set and
build the model using the other 90%. We calculate the
performance statistics for each of these runs, the performance
statistics for specific subcategories of monitors, and the
performance statistics if each of the selected predictor variables
were removed. When we present cross-validated statistics in
the results section we take the mean values of the statistics
across all 10,000 runs. Any subcategory that had fewer than 15
monitors in the testing data set were excluded from the
average.

For each predictor variable, we compare the TROPOMI-
LUR predictions against the testing data and calculate R2

values for two cases: 1) if all predictor variables are included
and 2) if the predictor variable is removed. We then calculate
the extent to which the R2 value decreased by removing the
predictor variable and calculate the average reduction in R2

value across all 10,000 cross-validations. Through this analysis,
we identify how impactful each predictor variables is on the
predictive accuracy of the TROPOMI-LUR and then consider
the influence of these predictor variables on the TROPOMI-
LUR compared to the OMI-LUR.24

The influence of predictor variables differs dramatically
between the TROPOMI-LUR and OMI-LUR and thus we
anticipate that these two models will predict distinct spatial
distributions of surface-level NO2. Additionally, we anticipate
that these models will have different performance when
compared to overall and subgroups of EPA AQS observations.
To evaluate this, we compare the annual average predictions
for 2019�the only year in which the two models over-
lapped�from the TROPOMI-LUR to the OMI-LUR directly
to compare the spatial distributions of surface-level NO2
predicted by these two models (Figure 4a). We then compare
these predictions to annual average observations across the
EPA AQS monitors in 2019 (Figure 4b and Table 3). We
perform a nearest-neighbor interpolation of the coarser
TROPOMI-LUR predictions to the OMI-LUR grid so that
we can calculate spatial absolute and relative differences
(Figure 3a); however, the performance statistics (Figure 4b
and Table 3) were calculated at the native resolutions of each
LUR�approximately 1 × 1 km2 for the TROPOMI-LUR and
50 × 50 m2 for the OMI-LUR�by identifying, for each
monitor, its grid cell location.

3. RESULTS
3.1. Exploratory Analysis of Ground-Level Observa-

tions and Predictor Variables. We present patterns in the
distribution of surface-level NO2 observations from EPA AQS
monitors (Figure 1) and summarize statistics of the monthly
average (Table S1) and annual average (Table S2)
observations overall and for specific years, seasons, and
monitor characteristics (i.e., near-road and urban classifica-
tions).

Across the EPA AQS monitors, observations of monthly
surface-level NO2 from 2019 to 2022 exhibit regional, seasonal,
and interannual patterns that have been previously docu-
mented.51 The most extreme concentrations of NO2 are
located in areas of high population density including the
Northeastern US and Southern California (Figure 1). These
regions have among the highest density of monitors
throughout the US which suggests that the TROPOMI-LUR
model built from these data will exhibit features specific to
these areas and predictions will be less uncertain for these
regions. Notably, there are few monitors within the Central US
and Northwestern US�besides in urban areas�and thus we
anticipate LUR predictions will be more uncertain in these
areas. We find that average NO2 observations in the winter
months of December, January, and February (DJF)�when
there are more favorable photochemical conditions for NO2
formation and persistence52�were 66% higher than in the
summer months of June, July, and August (JJA) (Table S2)
when considering observations across all four years. Addition-
ally, there was greater variability in winter months (σ2 = 5.42)
than in summer months (σ2 = 4.14) as expected due to the
greater data spread (8% larger range). Monthly average (Table
S1) and annual average (Table S2) observations did not
exhibit notable interannual patterns except for a drop in mean
values (−7%) from 2019 to 2020, consistent with observed
decreases in NO2 associated with lockdowns in response to the
COVID-19 pandemic.14,22,53−55

Most of the monthly observations in our training data set fall
into one of three categories: urban nonroad (N = 9057), rural
nonroad (N = 8276), and urban near road (N = 2965). The
“non-road” sites specifically refer to monitor locations that are
not directly adjacent (within 50 m) to major roads or major
road features (e.g., on-ramps); these sites may still be near less-
trafficked roads and/or outside of the 50-m range near major
roads. Urban near-road sites have higher mean NO2 values
(12.6 ppb) than the nonroad urban (9.1 ppb) sites due to their
immediate proximity to high vehicle emissions of nitrogen
oxides (NOx). Additionally, NO2 observations are 135%
greater at the urban nonroad sites than at the rural nonroad
sites; this is consistent with prior studies that find that the
largest sources of NO2 are well correlated with urbanicity.56,57

3.2. Evaluating the Predictive Accuracy of the
TROPOMI-LUR Model. We present an evaluation of the
LUR predictions using cross-validation (for methodological
details see Section 2.3) to determine the performance of the
monthly average surface-level NO2 predictions (Table 2) and
the annual-averages of our monthly predictions (Table 3).
After evaluating the predictive accuracy of the TROPOMI-
LUR at the monthly and annual time scales, we present the
distribution of annual predictions from the TROPOMI-LUR
for 2019 and assess its capability for capturing seasonal and
interannual variability (Figure 2) and investigate interurban
patterns in predicted NO2 (Figure 3). Definitions of all
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statistics�including root-mean-square error (RMSE), Pearson
R-squared (R2), adjusted R-squared (Adj. R2), mean percent
bias (MB), and Normalized Mean Bias (NMB)�are
presented in the supplement (Section S2).

The TROPOMI-LUR predictions of monthly surface-level
NO2 are well correlated with observations (R2 = 0.72) with
some unsystematic error (RMSE = 2.6 ppbv) and minimal
biases (MB = 14.2% and NMB = −2.7%) (Table 2).
Ultimately, across all monitors (total) the TROPOMI-LUR
captures general patterns in observations without any major
biases; we compare this performance to the OMI-LUR24 in
section 3.4 and primarily focus on the comparative perform-
ance across different subcategories of monitors in this section.
In general, the predicted NO2 values are well correlated (R2

between 0.51 and 0.75) with observations regardless of the
monitor subgroup (Table 2). Biases are also generally minimal
(NMB between −4.7% and 4.6%) except for the urban near-
road monitors where there is a large negative bias (−20.5%)

that is discussed in greater detail in the next paragraph. Overall,
the TROPOMI-LUR model has consistently strong predictive
accuracy regardless of year; however, there are greater
variations in performance when considering observations
across different seasons and monitor types.

The TROPOMI-LUR predictive accuracy is consistent
regardless of year from 2019 to 2022: RMSE ranges between
2.5 and 2.8 ppbv, R2 ranges between 0.72 and 0.74, and NMB

Table 2. Mean Statistics of 10,000 “Leave 10% of Monitors
out” Cross-Validation Runs That Compare TROPOMI-LUR
Predictions of Monthly Surface-Level NO2 Across the
Continental United States to United States Environmental
Protection Agency (EPA) Air Quality System (AQS)
Observations in the 10% Testing Dataset Across All
Monitors (Total) and Across Different Years, Seasons, and
Monitor Types

N RMSE R2
Adj.
R2 MB (%)

NMB
(%)

Year
2019 507 2.79 0.72 0.71 10.72 −4.71
2020 518 2.52 0.74 0.74 15.46 −2.21
2021 519 2.61 0.72 0.71 16.24 −1.16
2022 516 2.62 0.72 0.72 14.18 −2.47
Season
DJF 513 2.72 0.75 0.75 9.22 −3.66
MAM 515 2.50 0.66 0.65 15.11 −0.61
JJA 519 2.62 0.60 0.59 16.77 −1.94
SON 514 2.68 0.73 0.73 15.54 −3.47
Type
Urban Nonroad 915 2.60 0.69 0.68 13.93 4.58
Urban Road 298 3.91 0.51 0.49 −18.53 −20.49
Rural Nonroad 838 1.87 0.54 0.54 26.72 1.89
Total 2061 2.64 0.72 0.72 14.17 −2.66

Table 3. Average Statistics of 10,000 “Leave 10% Of
Monitors out” Cross-Validation in Predicting Annual
Surface-Level NO2 Across the CONUS and Across Different
Years and Monitor Types as for Table 2, but Using Annual
Surface-Level NO2 Concentrations

Number RMSE R2
Adj.
R2 MB (%)

NMB
(%)

Year
2019 46 2.32 0.76 0.72 6.74 −3.80
2020 45 2.08 0.77 0.73 10.32 −1.78
2021 47 2.20 0.75 0.71 10.94 −1.10
2022 45 2.22 0.74 0.70 8.81 −2.24
Type
Urban Nonroad 82 2.04 0.70 0.67 8.68 4.83
Urban Road 28 3.49 0.51 0.35 −18.97 −20.26
Rural Nonroad 75 1.55 0.56 0.52 20.07 2.30
Total 183 2.22 0.75 0.75 9.25 −2.25

Figure 2. TROPOMI-LUR predictions of annual-average surface-level
NO2 across the CONUS for 2019 (a). TROPOMI-LUR predictions
of monthly-average surface-level NO2 January, April, July, and
October 2019 across four major US metropolitan areas demonstrating
monthly variability in the TROPOMI-LUR predictions (b).
TROPOMI-LUR predictions of monthly-average surface-level NO2
for March 2019−2022 for four major US metropolitan areas
demonstrating annual variability in the TROPOMI-LUR predictions
(c).
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% ranges between −1.2 and −4.7. There are greater variations
in TROPOMI-LUR predictive accuracy when evaluating
observations for different seasons. Predictions of surface-level
NO2 in the spring�March, April, and May (MAM)�and
summer months are more poorly correlated (R2 = 0.66 and
0.60, respectively) than the fall�September, October, and
November (SON) and winter months (R2 = 0.73 and 0.75,
respectively). This degradation in correlation is likely
attributable to lower NO2 magnitudes in the spring and
summer and is consistent with lower unsystematic errors in the
spring (RMSE = 2.5 ppbv) and summer (RMSE = 2.6 ppbv)
than in the fall (RMSE = 2.7 ppbv) and winter (RMSE = 2.7
ppbv). Normalized mean biases are generally consistently
minimal across all four seasons; however, there is a more
pronounced low-bias in the winter (NMB = −3.7%) and fall
(NMB = −3.5%) than in summer (NMB = −1.9%) and spring
(NMB = −0.6%). For urban nonroad monitor locations, the
TROPOMI-LUR predictions have similar correlations and
errors (R2 = 0.69, RMSE = 2.6 ppbv) as predictions across all
sites; however, predictions for this subgroup are slightly biased
high (NMB = 4.6%). The predictions at rural nonroad
monitors have worse correlation to observations (R2 = 0.54)
than other locations; however, this is likely due again to lower
NO2 magnitudes at these sites and we note that the
unsystematic error is lower at these locations than across any
other subgroup (RMSE = 1.9 ppbv). Observations at rural
nonroad monitors are biased positive (NMB = 1.9%)
indicating that the TROPOMI-LUR slightly overpredicts
concentrations for these rural nonroad monitors. The LUR
predictions are generally well-correlated with observations
from near-road monitors with some unsystematic error at (R2

= 0.51; RMSE = 3.9 ppbv); however, predictions for near-road
locations have a notable low bias (NMB = −20.5%).

Next, we evaluate the predictive accuracy of the annual
average surface-level NO2 predictions that are calculated by
taking the annual average of the monthly TROPOMI-LUR
predictions of surface-level NO2. Overall, we find that the
TROPOMI-LUR annual averages agree well with annual
average observations from the EPA AQS monitors. Across all

locations, the annual-average predictions from the TROPOMI-
LUR (Table 3) are improved (R2 = 0.75; RMSE = 2.2 ppbv;
MB% = 9.3; NMB% = −2.3) compared to monthly LUR
(Table 2) predictions (R2 = 0.72; RMSE = 2.6 ppbv; MB% =
14.2; NMB% = −2.7), albeit slightly. The adjusted Pearson
correlation coefficient squared (Adj. R2) values were lower�
especially for the urban road locations�due to the limited
number of observations nearing the number of predictor
variables. This is a current limitation of our evaluation method
that is attributable to the low number of annual observations
which are restricted by the shorter record of TROPOMI
observations, as more years of data become available the
adjusted R2 values should approach the R2 values. To avoid
evaluating cross-validations with very few samples, we only
calculated the averages for cross-validations in which there was
a minimum of 15 observations in the testing data set for each
subcategory.

The TROPOMI-LUR model predicts surface-level NO2
patterns that are consistent with the spatial and temporal
patterns of the EPA AQS observations (Figure S2 and S3) as
well as similar patterns to the distribution of population
density (Figure S4). Specifically, the TROPOMI LUR captures
wintertime peaks and summertime lows as exhibited by the
EPA AQS observations and there is no apparent seasonal
pattern in the differences between LUR predictions and AQS
observations (Figure S5). For 2019, the TROPOMI-LUR
predicts the colocation of peaks in surface-level NO2 and high
population density (Figure 2a); these areas of high population
generally have a greater density of sources of NOx (e.g.,
elevated vehicle traffic and industrial emissions). In general,
there are higher levels of NO2 in the Eastern US than in the
Western US outside of major urban areas such as Los Angeles,
San Francisco, Portland, and Seattle. In background areas, the
TROPOMI-LUR predicts only minor variations in surface-
level NO2 compared to other areas. When we zoom into the
four cities and consider predicted annual surface-level NO2 for
2019, (Figure 3) we find that the spatial distribution of
concentrations captures some elements of built environment
and road networks; however, gradients in concentration are

Figure 3. TROPOMI-LUR predictions of annual-average surface-level NO2 for 2019 across the four same major urban areas compared to
OpenStreetMaps road networks in gray.
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generally gradual as informed by the oversampled TROPOMI
NO2 column observations.

Considering the monthly predictions across the four major
urban areas in 2019 (Figure 2b)�Los Angeles, Houston,
Chicago, and New York City�we find that the TROPOMI-
LUR predictions capture seasonal patterns that are consistent
with what was found in the EPA AQS observations.
Specifically, there are elevated concentrations of NO2 in
colder months (e.g., January) than in warmer months (e.g.,
July) that is attributable to lower rates of photolysis in the
wintertime. The TROPOMI-LUR predictions also capture
expected patterns in interannual variability when we compare
predictions across the month of March for the four years
(Figure 2c). We note that the model captures the decrease of
NO2 during the COVID-19 pandemic (Figure S3). Many
process-based models struggled to capture the pronounced
decreases during 2020−2021 (e.g., Kerr et al., 2022);58

incorporating TROPOMI NO2 measurements in our model
allows us to avoid relying on NOx emissions inventories, which
are exceedingly difficult to update in near-real time to reflect
natural changes in air quality like those induced by behavioral
changes related to COVID-19.

3.3. Influence of Predictor Variables on TROPOMI-
LUR Predictive Accuracy. We next evaluate how the
inclusion of the high spatial resolution remote-sensing
observations from TROPOMI influence the predictive
accuracy of the TROPOMI-LUR. In this section we compare
the influence of the predictor variables for our TROPOMI-
LUR to the older OMI-LUR;24 however, we emphasize that
these two data sets have different characteristics, respectively:
monthly vs daily temporal resolution, CONUS vs global
coverage, and 0.1° × 0.1° vs 50 m × 50 m resolution. Thus,
differences in predictor variable influence are not solely driven
by the choice of remote-sensing data (i.e., TROPOMI vs
OMI) but also these other distinctive characteristics.

In the TROPOMI-LUR, the influence of remote-sensing
observations supplanted that of land-use characteristics�the
most influential predictor variable in the global OMI-LUR24

�making TROPOMI column NO2 the dominant predictor
variable. Removing remote-sensing observations from the
TROPOMI-LUR led to a 29.1% reduction in R2 values
which was by the far the most influential predictor variable.
Comparatively, removing remote-sensing observations from
the global OMI-LUR only led to a 6.2% reduction in R2 values.
We note that the OMI-LUR was also evaluated for the
maximum reduction in R2 values across all regions and by this
metric the % reduction in R2 was higher −15.2%�but, since it
is unclear which of the regions this reduction corresponded to,
we only compare to the global statistics for the OMI-LUR in
Table 4.

For the TROPOMI-LUR, built environment and major
roads were the only land-use characteristics which had a
notable impact on R2 values when they were removed (−3.6%
and −3.3% respectively). Meteorological properties including
surface pressure (−2.4%), UV backscatter (−1.9%), and 2-m
temperature (−0.6%) had a comparable influence on LUR
predictive accuracy as the land-use characteristics. These
results differ dramatically from the OMI-LUR in which land-
use characteristics including major roads (−8.6%), built
environment (−1.6%), population density (−1.5%), tree
cover (−1.1%), and residential roads (−0.8%) had the greatest
influence on the model. Remote-sensing observations from
OMI (−6.2%) had less than half as much influence on R2

values when they were removed from the global model than
the land-use characteristics. Meteorological properties such as
temperature (−0.5%) and surface pressure (−0.1%) had little
influence on the OMI-LUR predictive accuracy. Overall, this
evaluation suggests that remote-sensing observations are the
major contributor to the statistical performance of the
TROPOMI-LUR whereas the statistical performance of the
OMI-LUR was more dependent on a combination of land-use
characteristics and remote-sensing observations with minimal
influence from meteorological properties.

3.4. Comparison between TROPOMI-LUR and OMI-
LUR Predictions of Surface-Level NO2 in 2019. We
compare the predictions of surface-level NO2 from the
TROPOMI-LUR (this study) to the OMI-LUR24 directly
(Figure 4; top) and then evaluate the predictions from these
two models against US EPA AQS monitor observations
(Figure 4; bottom) for the only year in which there were
overlapping predictions�2019.

Patterns in the spatial distribution of the TROPOMI-LUR
are distinct from the OMI-LUR and they highlight the
influence of different predictor variables (Figure 4a). Both
models capture peaks in the urban cores of the four cities�
Los Angeles, Houston, Chicago, and New York City�
however, the OMI-LUR predicts sharp gradients around
road-systems that are not predicted in the TROPOMI-LUR.
Gradients in surface-level NO2 are more diffuse in the latter
product within the urban core; however, they generally drop to
lower background levels more sharply than the OMI-LUR.
Overall, the OMI-LUR predicts higher values of surface-level
NO2 in 2019 throughout much of the domain especially near
road systems.

We next evaluate the predictions of surface-level NO2 in
2019 across 458 monitors and consider the performance across
specific subgroups of monitors (Figure 4 and Table 5). We find
that, generally, the TROPOMI-LUR predictions of surface-
level NO2 agree better with observations than the OMI-LUR
predictions. Across all locations, the TROPOMI-derived LUR
has improved correlation (R2 = 0.76) and bias (MB = 6.4%)
compared to the OMI-derived LUR (R2 = 0.70 and MB =

Table 4. Average Influence of Each Predictor Variable on R2

Across 10,000 Cross-Validations for the Monthly
TROPOMI-Derived LUR at 0.1° × 0.1° (TROPOMI-LUR)
(This Study) and the Global Daily OMI-Derived LUR
(OMI-LUR) at 50 m × 50 m from Larkin et al. 2023 and
LUR Model Characteristics

% Reduction in R2

Predictor Variable TROPOMI LUR OMI LUR

Satellite Remote Sensing 29.1 6.2
All Major Road 3.6 8.6
Built Environment 3.3 1.6
Surface Pressure 2.4 0.1
UV Backscatter 1.9 N/A
Temperature 0.6 0.5
Population Density N/A 1.5
Tree Cover N/A 1.1
All Residential Road N/A 0.8
Water Body N/A 0.7

Characteristics
Time scale Monthly Daily
Spatial Coverage CONUS Global
Spatial Scale 0.01° 50 m
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66.6%) indicating that the TROPOMI-LUR predicts values
that are more likely to explain variance in observations without
bias. Given that remote-sensing observations from TROPOMI
were responsible for substantial improvements in R2 (Section
3.3), it is likely that this statistical improvement is at least

partially attributable to the inclusion of these TROPOMI data
in place of OMI data.

We also consider the performance of the two LUR models
across different subgroups of monitors. Considering the
monitors that are not located within 50 m of a major road

Figure 4. Annual average predicted surface NO2 concentrations across four major urban areas for LURs using remote sensing observations from
TROPOMI and OMI, and their absolute and relative differences (OMI − TROPOMI) (top). Comparisons of the predicted NO2 from
TROPOMI-LUR (red) and OMI-LUR (blue) compared to annual averaged EPA AQS surface-level NO2 observations in 2019 across all locations,
at the urban near-road, urban nonroad, and rural nonroad monitors (bottom).
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system first, for these “urban non-road” sites, the TROPOMI-
LUR (R2 = 0.67 and MB = 8.1%) outperforms the OMI-LUR
(R2 = 0.44 and MB = 48.6%). Additionally, at the rural
nonroad sites, there is improved performance in the
predictions of the TROPOMI-LUR (R2 = 0.57 and MB =
14.8%) compared to the OMI-LUR (R2 = 0.43 and MB =
98.7%). Lastly, we note that the TROPOMI-LUR has
enhanced predictive performance for near-road monitor
locations than the OMI-LUR despite its much coarser (1 ×
1 km2) resolution (compared to 50 × 50 m2). For these sites,
the TROPOMI-LUR was better correlated with a more
minimal error and bias (R2 = 0.51, RMSE = 3.73 ppbv, and
MB = −20.3%) compared to the OMI-LUR (R2 = 0.25, RMSE
= 5.4 ppbv, and MB = 35.6%).

We note that these statistics are not cross-validated (see
Tables 2 and 3 for cross-validated statistics from this study)
and that these are based exclusively on the final LUR models
for the TROPOMI-LUR and OMI-LUR, respectively. Given
that the monitors used to build these models are included in
the evaluation statistics for Figure 4b and Table 5, these
statistics should only be considered in a comparative sense
between the two LUR models and should not be used to
evaluate the model accuracy. To evaluate the TROPOMI-LUR
model accuracy the cross-validated statistics in section 3.2
should be used instead.

To further investigate how the inclusion of TROPOMI data
affects the model capabilities compared to OMI, we developed
a LUR prediction in which we include annual oversampled
data from OMI for 2021 in place of TROPOMI and compared
it to the original TROPOMI-LUR predictions (Figure S6). In
this sensitivity analysis, we generally find decreased correlation
and increased biases when replacing TROPOMI observations
with OMI observations especially for near-road and rural
locations.

4. DISCUSSION
Given the greater reliance on satellite remote-sensing
observations and less dependence on land-use data, we
anticipate that the predictions of the TROPOMI-LUR�that
was developed in this study�will be more representative of
areas not near surface-monitors and that patterns in these
predictions will more accurately represent surface-level NO2.
This data set is especially relevant for research in assessing
exposure, health impact, and equity in recent years following
the COVID-19 pandemic. The monthly and annual
TROPOMI-LUR surface NO2 estimates are freely available

as a public good via Zenodo as version V1.01 (accessible at:
https://doi.org/10.5281/zenodo.14646033). As TROPOMI
continues to collect observations of column NO2 these add
to the record of remote-sensing observations that in turn can
be included in building LUR models; we intend to maintain
and update the TROPOMI-LUR with the availability of new
remote-sensing observations and ground-level monitor ob-
servations.

Previous work5,23,24 has noted that OMI LUR modeling
predicts a substantial high rural bias that has been greatly
improved (from MB = 98.7% to 14.8% in 2019) with the
inclusion of TROPOMI observations. Beyond this, the
relationships between land use categories and surface-level
NO2 are often nonlinear (e.g., some cities with built up areas
have strong public transportation infrastructure and others do
not) and they will likely change in the future (e.g., as
transportation transitions to electric vehicles in the US, road
systems will be a weaker marker of NO2).59 Thus, the inclusion
of refined satellite remote sensing in LUR modeling will allow
for more dynamic models that can predict pollution levels
across disparate geographies. TROPOMI is currently the most
empirical way to surveil NO2 globally, so we anticipate that a
model more heavily based on TROPOMI might mitigate some
of the issues from other models that assume NO2
concentrations are in lockstep with land use. As satellite
remote sensing observations of atmospheric composition
become more accurate and finely resolved, future LUR models
will likely become more capable at predicting surface-level
NO2 while simultaneously relying on fewer land-use predictor
variables.

The inclusion of TROPOMI remote-sensing observations
impacts LUR predictions by improving the predictive accuracy
and supplanting the influence of land-use characteristic
variables with remote-sensing observations. Specifically, the
TROPOMI-LUR predicts monthly surface-level NO2 in the
CONUS that is well correlated (Adj. R2 = 0.72) and minimally
biased (MB = 14.2%) across 10,000 cross-validations for
2019−2022 compared to predictions from a global OMI-LUR
(Adj. R2 = 0.54 and MB = 49% in North America) for 2005−
2019. Additionally, we find that the TROPOMI-LUR has a
greater dependence on remote-sensing observations (29.1%
reduction in R2 when removed) than the OMI-LUR (6.2%
globally; 15.2% max regional value). Our results suggest that
finer-resolution remote-sensing observations of column NO2
from TROPOMI improves the predictive capacity of LUR
models and that TROPOMI-derived models rely less on land-
use characteristics and depend more on remote-sensing
observations. This implies that LUR models built using OMI
observations may overemphasize the relationship between
surface-level NO2 and land-use characteristics as the latter have
a greater influence on predictive accuracy. Additionally, the
inclusion of observations from TROPOMI, instead of OMI,
improves the ability of our LUR model to differentiate surface-
level NO2 concentrations across specific regions (see Figure S6
for an illustration in 2021). The inclusion of TROPOMI NO2
in other statistical models would likely have similar impacts
relative to OMI on the estimation of NO2 concentrations,
although we caution directly comparing model evaluation
metrics across studies given the different spatiotemporal
resolutions and coverage.

The TROPOMI-LUR predictions have similar accuracy and
minimal biases across specific subgroups of monitors. For
example, statistical performance was comparable throughout all

Table 5. Statistical Performance of the TROPOMI-Derived
LUR and OMI-Derived LUR Predictions of Annual Average
Surface-Level NO2 Across All Monitors and Different
Subgroups of Monitors in 2019

N RMSE R2 MB (%) NMB (%)

TROPOMI LUR
All 458 2.32 0.76 6.41 −3.84
Urban Nonroad 205 2.22 0.67 8.11 3.44
Urban Road 67 3.73 0.51 −20.27 −21.39
Rural Nonroad 184 1.55 0.57 14.81 −0.14
OMI LUR
All 458 4.23 0.70 66.63 39.17
Urban Nonroad 205 4.72 0.44 48.62 37.39
Urban Road 67 5.40 0.25 35.60 30.44
Rural Nonroad 184 3.01 0.43 98.70 56.32
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four years indicating that the monthly TROPOMI-LUR
predictions are equally accurate regardless of the year for
which they are predicting and suggests that the modeling
framework can be extended to future years without major
concerns for changes in predictive accuracy if there are not
major shifts in the patterns represented by the static predictor
variables. One exceptional subgroup of monitors are the “urban
near-road” monitors for which predictions are low biased. This
low bias is likely at least partially attributable to the resolution
of our TROPOMI-LUR model; the 1 × 1 km2 resolution of
our model is less likely to capture the fine-scale variability
(∼50 m) in surface-level NO2 that is observed by near-road
monitors, which leads to a systematic underprediction of NO2
at these locations. For a 1 × 1 km2 LUR model, the
performance at these near-road locations could only be
improved at the detriment of nonroad locations, given that
these monitors can occupy the same grid cell. This low bias
could likely be addressed through the development of a fine-
resolution (∼50 m) TROPOMI-LUR model in which sharper
near-road gradients in NO2 concentrations could be captured
through the increased influence of predictor variables
associated with fine-scale road systems.

The above findings and discussion should be considered
together with potential uncertainties in our results and
alongside assumptions that are made in our analysis. The
applicability of LUR predictions is dependent on the
representativeness of the monitor observations that the
model is trained on; while we find that the TROPOMI-LUR
predictions better capture patterns in EPA AQS observations
at monitor locations than the OMI-LUR, we are unable to
determine the efficacy of either LUR model for locations that
are not well-represented in our training data set (e.g., rural
mountain-west). This is especially notable as previous work60

has found that TROPOMI may be unable to differentiate
patterns in background NO2. This poorer performance in the
background could be attributed to sources of NO2 away from
the surface (i.e., lightning NOx, advected wildfire plumes, and
aircraft emissions) that are observed by TROPOMI but not
picked up by ground-level monitors. Given the strong
dependence of the TROPOMI-LUR on TROPOMI observa-
tions, the improvement found in predicted NO2 compared to
the OMI-LUR may be lessened in background areas in which
we do not have observations. Another potential source of
uncertainty in our analysis is the differences in resolution
between the TROPOMI-LUR and OMI-LUR given that the
TROPOMI-LUR developed in this work is much coarser (1 ×
1 km2) than the OMI-derived LUR (50 × 50 m2). This
resolution effect could also impact how predictor variables
affect R2 (Table 4) and perhaps lead to an underestimate of the
influence of road systems. When developing the TROPOMI-
LUR, we do not correct for a well-established high bias27,61 in
observations from chemiluminescent monitors for the purpose
of comparison to the OMI-LUR which also did not
incorporate this correction; additionally, many epidemiological
studies have derived relationships between NO2 and health
effects that do not correct for this bias; however, we note that
this could lead to an overestimate in predicted surface-level
NO2 by the TROPOMI-LUR.

While we find improved predictive accuracy in the
TROPOMI-LUR model we note that there are still many
applications for the inclusion of OMI observations. Given the
greater temporal coverage of OMI (2005-present) there are
more observations from OMI and subsequently more years of

observations from which to build LUR models. This is
especially applicable for multiyear retrospective epidemiolog-
ical studies that require a long record of observations to
determine statistical relationships between NO2 exposure and
health effects. For these types of studies, multidecadal products
built by combining observations from different satellite
instruments62 could be used. Ultimately, the correlation
between TROPOMI-LUR predictions and observations is
much stronger than for the OMI-LUR indicating that variance
in predicted NO2 is captured with more accuracy when
TROPOMI data is included.

The findings of this study could have significant impacts for
applications in epidemiological and environmental justice
studies. Given their stronger correlation and lower error
when compared with observations, predictions generated by
the TROPOMI-LUR demonstrate an increased capacity to
differentiate NO2 levels in different environments than the
previous OMI-LUR that will have implications for multicity
epidemiological studies. Comparative differences across differ-
ent regions and cities are likely better captured in TROPOMI-
LUR predictions which could have implications for both risk
assessment and environmental justice analyses. For studies that
focus on understanding the health effects associated with near-
road exposure�within 50 m of a major highway�a negative
bias (MB = −18.5%) in the TROPOMI-LUR should be
considered and accounted for. The distribution of NO2 within
cities differs dramatically in the TROPOMI-LUR compared to
the OMI-LUR; the former captures more diffuse gradients in
NO2 concentrations while the latter predicts sharper gradients
associated with land-use characteristics. Given this, the NO2
distributions predicted by the TROPOMI-LUR will be
relatively higher for populations that are not directly adjacent
to road systems but likely reduced for populations directly near
roads compared to the OMI-LUR.

We find that the inclusion of finer-resolution oversampled
remote-sensing observations from TROPOMI reduces the
influence of land-use characteristics on predicting surface-level
NO2 and suggest that patterns in NO2 distribution are less
predictably related to land-use data than previously LUR
models have estimated. With the availability of hourly surface-
level NO2 data at even finer spatial-resolution in the US from
the NASA Tropospheric Emissions: Monitoring of Pollution
(TEMPO) instrument, there is opportunity to further
understand the distribution of surface-level NO2 and how
well it correlates with land-use characteristics. Considering the
findings of this study, inclusion of finer resolved and more
accurate satellite remote sensing observations of atmospheric
composition leads to more accurate predictions of surface-level
NO2 that rely on fewer data inputs. As satellite remote-sensing
capabilities continue to improve in the future, LURs that
incorporate these data will likely be more straightforward,
applicable to greater geographic extents, and more dynamic in
the face of changing relationships between land-use categories
and surface-level NO2.
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