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Abstract.

Over the past two decades, satellite instruments have provided unprecedented

information on global air quality, and yet the remote sensing of surface ozone remains

elusive. Here we propose a new method to infer spatial gradients in surface ozone

by combining multispectral ozone retrievals using radiances from the Tropospheric

Emission Spectrometer (TES) thermal infrared (TIR) instrument and the Ozone

Monitoring Instrument (OMI) ultratraviolet/visible (UV/VIS) instrument with a

chemical reanalysis. We find that our inferred surface ozone in summertime China and

the United States has regional biases of less than 4 ppb and a high spatial correlation

when validated against independent surface measurements. Over the broader Asia

region, our analysis results in a spatial pattern of summertime surface ozone that can

largely be explained by a combination of the Asian monsoon circulation and NOx

emissions. Our results show the potential of combining satellite measurements and

chemical reanalyses to provide critical air quality information in regions of limited

surface networks, thereby augmenting the global air quality observing system.

1. Introduction

Tropospheric ozone is a greenhouse gas and pollutant that is detrimental to human

health and ecosystem productivity. While particulate matter accounts for much of the

health risk from air pollution, ozone exposure was responsible for 427,000 premature

deaths from chronic obstructive pulmonary disease (COPD) in 2017, most of which

occurred in South and East Asia [1]. Ozone also damages plant metabolic function

and is responsible for $11-18 billion USD in crop losses each year [2]. Nevertheless, the

current ground-based measurement network is not sufficient to monitor ozone changes,

especially in developing countries [3].
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Over the last two decades, satellite-based measurements of the ozone column and

its vertical distribution have played an increasingly important role in global tropospheric

ozone monitoring [4]. These measurements exploit ozone molecular absorption in the

ultraviolet (UV, Hartley and Huggins band), visible (VIS, Chappuis band), and the

thermal infrared (TIR) [5]. UV/VIS instruments measure ozone by backscatter of solar

radiation from the Earth’s surface, with sensitivity to the lower troposphere limited

by atmospheric scattering [6]. The Chappuis bands are less limited by molecular and

aerosol scattering but they are very weak, resulting in low signal to noise. In addition

to low surface sensitivity, UV backscatter instruments provide limited information on

the vertical distribution of tropospheric ozone [7] [8], [9]. TIR instruments provide more

vertical information by measuring ozone via thermal emission from the atmosphere, but

sensitivity to the lower troposphere is limited by clouds and low temperature contrast

with the surface [6].

The global distribution of tropospheric ozone has been retrieved from the Global

Ozone Monitoring Experiment (GOME) and Ozone Monitoring Instrument (OMI) [8–

10]. OMI and GOME retrievals typically have 0.5-1.5 Degrees of Freedom for Signal

(DOFS-a measure of the independent pieces of information in the retrieval [11]) for

the troposphere, which limits the measurements to total or tropospheric columns [7].

The Tropospheric Emission Spectrometer (TES) typically provides 1.6 DOFS in the

troposphere and thus provides information about the tropospheric profile, generally

limited to the free troposphere above 3 km altitude [7, 12–14]. These limitations extend

to more recent TIR sounders such as the Infrared Atmospheric Sounding Interferometer

(IASI) [15] and the Cross-track Infrared Sounder (CrIS) [16].

Over the last decade, the idea of combining TIR and UV radiances as a way to

enhance sensitivity to ozone in the lower troposphere has been explored [7, 12, 14, 17,

18]. [14] were able to observe the spatial distribution of ozone plumes in the lowermost

troposphere using combined TIR radiances from IASI and UV radiances from GOME-

2. The joint TES/OMI retrieval, which combines the radiances measured by the two

instruments on the Aura satellite provides 2 DOFS in the troposphere with improved

sensitivity to the lowest 3 km column with DOFS of up to 0.4 in that altitude range

[19]. While it has been established that TES/OMI provides enhanced sensitivity to

lower tropospheric column ozone compared to either instrument alone, the relationship

of lower tropospheric column to surface ozone has not been fully explored.

To that end, we propose a new method to evaluate spatial gradients in surface

ozone using the TES/OMI multispectral retrievals, in conjunction with information

provided by a well-validated chemical reanalysis product [20] as a transfer function. The

chemical reanalysis provides information about the spatio-temporal relationship between

the lower tropospheric ozone column and surface ozone. The surface ozone inferences

are then evaluated against independent ground truth observations from the relatively

dense surface measurement networks. While the proof-of-concept of this methodology
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Figure 1. Overview of the characteristics of data used in this study. The images in the

top row illustrate the spatial capabilities of each of these data, whereas the bottom row

highlights their ability to detect the vertical ozone profile for (a)-(c). For (d), each of

the rows in the ground networks column highlights the spatial extent of the two surface

monitoring networks used in this study. (a) The TES/OMI satellite retrievals provide

global coverage of ozone profiles (top row) with enhanced sensitivity to approximately

the lowest 3 km (bottom row). The sampling density shown here represents 3 months

of data (June, July, August) from each year for 2005-2009. (b) The chemical reanalysis

provides gridded complete global data of ozone (top row) at each level throughout the

troposphere. (c) The ozonesonde measurements provide vertical profiles of ozone but

with limited spatial and temporal coverage. (d) The in-situ surface ozone stations used

in this study include the TOAR (top row) and MEE (bottom row) networks.

is demonstrated with TES/OMI retrievals, the proposed approach itself can be applied

more generally to other satellite datasets with sensitivity to the lower troposphere, e.g.,

AIRS+OMI [16], which provides increased coverage by 2 orders of magnitude compared

to TES/OMI.

2. Data

2.1. TES/OMI ozone retrievals

We use the joint ozone retrieval product from TES and OMI [19] (Fig. 1a), both of

which are on the Aura spacecraft. The NASA Aura platform was launched in 2004 in

a near-polar, sun-synchronous, 705 km altitude orbit whose ascending node has a 13:38

equator crossing time. TES is a Fourier transform spectrometer that measures radiances

in the TIR (650-3050 cm−1) with an apodized spectral resolution of about 0.1 cm−1 in
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the nadir. TES measurements provide a single nadir profile, with a footprint size of 5.3

km (across track) x 8.5 km (along the spacecraft ground track), every 182 km along

track [21]. The revisit time is 16 days. TES global measurements ended in 2011 and

were switched to targeted observation mode until decommissioning in 2018.

OMI is a nadir-viewing push broom ultraviolet-visible (UV-VIS) imaging

spectrometer. OMI provides global measurements of backscattered radiances covering

the 270-500 nm wavelength range, with the ground pixel size at nadir position of 13

km (along the ground track) × 24 km (across track). Unlike TES, OMI is a swath

instrument that samples 2600 km across-track. However, only the OMI pixel closest to

the TES footprint is used.

The TES and OMI retrieval algorithms are based upon optimal estimation, which

executes a nonlinear optimization algorithm that minimizes the difference between

observed and simulated radiances subject to prior knowledge of second-order statistics

[22]. This framework leads to formal characterization of error statistics and observation

operators (averaging kernels) needed for model evaluation and assimilation [23, 24].

The joint TES/OMI retrieval algorithm builds on the operational TES retrieval

algorithm but integrates radiances from both instruments [12, 19]. While TES typically

provides 1.6 DOFS and OMI provides less than 1 DOFS for the troposphere, the joint

TES/OMI (Fig. 1a) provides 2 DOFS for the troposphere with approximately 0.4 DOFS

for near surface ozone in average (surface to 700 hPa, [19], Fig. S1). We excluded

TES/OMI data with the 0-3km column DOFS of less than 0.2 and those with a poor

quality control flag. Approximately 7,000 TES/OMI profiles were available after the

filtering for the United States and China for the 2005-2009 summertime (June-August)

period.

2.2. Surface ozone observations

The Tropospheric Ozone Assessment Report (TOAR) database [25] (Fig. 1d top row)

provides the largest collection of global in-situ surface ozone data available; it combines

nearly 10,000 measurement sites located in Europe, North America, and Japan. We

used gridded (2×2◦) hourly TOAR data at 13:00 local time, corresponding to the Aura

overpass (https://doi.org/10.1594/PANGAEA.876108) to evaluate the satellite-derived

surface ozone over the United States for 2005-2009.

We also used China’s Ministry of Ecology and Environment (MEE) surface network

(http://datacenter.mep.gov.cn/index) (Fig. 1d bottom row) that consists of 450

measurement sites and provides hourly data from 2013 to 2017. We used the MEE data

at 13:00 local time. The MEE network data is only available after 2013. To evaluate

the satellite-derived surface ozone during 2005-2009, the MEE data was converted from

observed values in 2013-2017 to estimated values during the 2005-2009 period based on

the mean temporal changes at each grid point in the chemical reanalysis. The estimated

country-averaged surface ozone for summer months (JJA) is lower in 2013-2017 (50.4
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ppb) than in 2005-2009 (56.9 ppb). This conversion approach provides observationally-

constrained information on the 2005-2009 surface ozone. Nevertheless, in the chemical

reanalysis, direct aerosol emissions and VOC emissions were not constrained by any

observations. Because surface ozone responds to various factors, including the NOx-

V OC chemical regime, the unconstrained emissions could lead to a biased change from

the 2005-2009 to 2013-2017 periods, which needs to be further addressed in a future

study.

The two regions, China and the United States, were chosen due to their ample

amount of surface ozone data for validation and for the fact that they have substantial

spatial gradients in ozone across the countries. We focus our analysis on summer

months, when the TES/OMI retrievals have the highest DOFS due to the high surface

temperature (TES) and high solar elevation (OMI).

2.3. Chemical reanalysis products

We use a tropospheric chemistry reanalysis, which was produced using the assimilation

of multiple updated satellite measurements of ozone, CO, NO2, HNO3, and SO2 from

multiple satellite instruments [20]. The global gridded ozone data from the chemical

reanalysis provides vertical profiles of ozone for any given grid point across the globe

(Fig. 1b).

Comparisons against independent aircraft, satellite, and ozonesonde observations

demonstrate the quality of the analysed O3, NO2, and CO concentrations on regional

and global scales and for both seasonal and year-to-year variations from the lower

troposphere to the lower stratosphere [20]. The chemical reanalysis products have

already been employed in various air quality studies [26], [27], [28] [29], [30], [31], [32].

2.4. Ozonesonde observations

The ozonesonde network (Fig. 1c) exhibits limited spatial coverage, but with robust

vertical profiling capabilities from the surface to the stratosphere with a vertical

resolution of approximately 150 m and an accuracy of ±5% [33]. The ozonesonde

stations are mostly located in the northern hemisphere over the continents, with

sampling intervals of typically 1-2 weeks.

While the ozonesonde network doesn’t cover a dense geographical region, these

measurements provide unique information to evaluate the bias in the chemical reanalysis

product at the 0-3 km level for the 2005-2009 period. For the United States, we used

ozonesonde measurements from 23 stations across the continental United States. For

China, ozonesonde data from Hong Kong are used.
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Figure 2. Schematic detailing how surface ozone inferences are made from TES/OMI

lower tropospheric column measurements for China as an example. (1) The regional

bias in seasonal mean ozone in the reanalysis is evaluated for both the surface and 0-

3km column. (2) Bias corrections are made to the reanalysis based on the comparison

results from (1). (3) The relationship between bias-corrected surface and 0-3 km

column reanalysis is then used as a transfer function to infer surface ozone using the

TES/OMI column retrievals. (4) These surface ozone inferences are validated against

individual observations from the TOAR and MEE surface ozone networks.

3. Methodology

As illustrated in Fig. 2, the approach uses four different types of information in the

following steps.

3.1. Reanalysis bias correction: 0-3 km column

The reanalysis provides the global spatial and vertical distributions of ozone.

Nevertheless, its systematic bias could affect the accuracy of surface ozone estimation.

To remove possible bias in the reanalysis 0-3 km column at regional and seasonal scales,

we applied a bias correction using independent ozonesonde data for the western and

eastern United States, and China, separately. The bias in the 0-3 km column ozone was

evaluated by taking the seasonal, regional mean difference between the reanalysis and

ozonesonde observations at ozonesonde sampling sites for each year during 2005-2009.

Then, we take the spatial and multi-year average of the seasonal means of reanalysis and

observation differences, so that we have one bias value for each region (step 1 in Fig. 2).

The estimated bias is summarized in Section S1. We then subtracted the bias from all
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0-3 km reanalysis data at all grid points within each region (step 2). The bias-corrected

reanalysis uniquely provides spatial and temporal variability of the lower tropospheric

column within each domain.

Because of the limited spatial coverage of the ozonesondes [34], the ability of the

bias correction is limited, especially in China, where the only ozonesonde site is Hong

Kong. Nevertheless, we note that the increase in surface ozone and decrease in 0-3 km

ozone needed to match the observations in China (Figure 2) is consistent with excessive

vertical mixing in the model boundary layer, which has been noted in other studies. A

careful consideration of the measurement representativeness, considering atmospheric

variability and sampling frequency, would benefit the bias correction [35].

3.2. Reanalysis bias correction: surface

The process for correcting bias in the reanalysis surface ozone concentrations is the same

as that of the 0-3 km column, except we now use surface ozone observations from the

TOAR and MEE networks to estimate seasonal and regional averaged surface ozone

bias over the three regions (step 1). The use of the seasonal, regional mean in the

bias correction ensures independence of the data used for calibration (step 2) versus

validation (step 4). In the validation step, the TOAR and MEE networks provide

unique information on the spatial and temporal variation of surface ozone against which

to evaluate the ability of TES/OMI to capture these variations. For China, the MEE

data converted to the 2005-2009 values are used. The estimated surface ozone bias is

shown in Section S1.

3.3. Derive surface ozone from TES/OMI 0-3 km column

In step 3, the relationship between bias-corrected reanalysis 0-3 km column and

reanalysis surface ozone is used as a transfer function to infer surface ozone from the

TES/OMI 0-3 km column retrieval for each satellite pixel separately as follows:

rsurf (satellite) = rcol(satellite) ×
rsurf (reanalysis)

rcol(reanalysis)
(1)

The ratio between bias-corrected reanalysis surface and 0-3 km column mean ozone

concentration,
rsurf (reanalysis)

rcol(reanalysis)
, is multiplied by the TES/OMI 0-3 km column mean

ozone concentration, rcol(satellite), for overlapping grid points in time and space. The

reanalysis surface versus 0-3 km column average ratio at each grid box is applied to

TES/OMI 0-3 km column measurements to infer surface ozone concentrations. This

approach allows us to determine whether TES/OMI can resolve spatial gradients in

surface ozone.
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3.4. Validation

The TES/OMI surface ozone inferences for the United States and China are directly

compared to the TOAR and MEE observations. We focus our analysis on summer

months, when TES/OMI has the highest DOFS. There are approximately 7000

TES/OMI profiles that match ground network observations during JJA of 2005-2009.

We use standard major axis (SMA) regression, which assumes errors in both the x

and y variables, to determine the spatial correlation between TES/OMI surface ozone

inferences and network observations.

4. Results

4.1. Bias-Corrected Reanalysis Ozone Fields

The bias-corrected reanalysis shows a compact relationship between the surface and 0-3

km column over the TES/OMI sampling points (13:00 local time) for both the United

States (Fig. 3a) and China (Fig. 3b), with a correlation coefficient of 0.83–0.86 and slope

of the linear regression of 1.62 for China and 1.95 for the United States. The uncorrected

reanalysis has similarly high correlation coefficients of 0.81 and 0.86, but shallower slopes

of 1.3 and 1.7 for China and the United States, respectively. The steeper slopes after

the bias correction likely reflect the underestimation of surface ozone in the western

United States and overestimation of 0-3 km column ozone in China, respectively, in the

reanalysis (Sections 3.1 and 3.2). The fact that the slopes are greater than 1 suggests a

larger variability in surface ozone than in the LT column, with a positive vertical gradient

under low surface ozone conditions and a negative vertical gradient when surface ozone

is high. Taken together, these results indicate that it is very difficult to evaluate surface

ozone directly from the 0-3 km column. The novel use of the reanalysis presented here

represents an exciting new approach that accounts for the differences in vertical ozone

gradients under different surface conditions.

4.2. Inferred Surface Ozone from TES/OMI Column (0-3 km)

4.2.1. The United States The satellite-derived surface ozone is evaluated against the

surface measurements from the TOAR network for the United States (Fig. 4) and MEE

network for China (Fig. 6) for each grid point for each day separately. The regional,

summertime 2005-2009 mean for the western United States (30-50N, 100-125W) was

49.9 ppb for the TES/OMI 0-3 km averages (Fig. 4a) 51.6 ppb (95% confidence interval

[49.5 53.7], based on error in reanalysis bias) for the TES/OMI surface inference (Fig.

4b) and 51.1 ppb for the TOAR network (Fig. 4c), whereas those for the eastern United

States (25-50N, 65-100W) were 51.3 ppb, 42.7 ppb (95 % confidence interval [41.0 44.5],

based on error in reanalysis bias) and 46.1 ppb, respectively. The low bias in the inferred
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Figure 3. Scatter plots of summertime bias-corrected reanalysis surface (y-axis) and

column (0-3 km) ozone at TES/OMI sampling sites (x-axis) for years 2005-2009 for

(a) the United States and (b) China.

TES/OMI surface ozone for the eastern United States mainly reflects underestimation

of ozone in the Northeast.

The SMA regression shows an R=0.69 and a slope of 1.4 for the United States,

demonstrating that TES/OMI surface ozone inferences show a similar spatial pattern

to temporally and spatially coincident TOAR grid points. Both data commonly reveal

the highest surface ozone concentrations over the Southwestern United States and lowest

concentrations over the Northeastern United States. A relatively large discrepancy (up

to 5 ppb) between the surface ozone data is seen over the Southwestern United States,
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Figure 4. Spatial distributions of (a) TES/OMI mean 0-3 km column ozone

concentrations averaged over JJA, (b) the TES/OMI inferred surface ozone (ppb), and

(c) the surface ozone observations at 13:00 local time from the TOAR. (d) The scatter

plots of the TES/OMI surface ozone inferences (y-axis) and the surface observations

from the TOAR network (x-axis).

which could be affected by local bias in the surface to column relationship. At all sites,

the surface ozone inferences show more variability than the TOAR observations, which

could be attributed to random errors in TES/OMI data. While we focused on summer

months, we find that the SMA regression for the United States for Fall (SON), Spring

(MAM), and Winter (DJF) shows an R=0.64, R=0.54, and R=0.46 with slopes of 1.2,

1.4, and 1.5, respectively, in contrast to R=0.69 and a slope of 1.4 for Summer (JJA).

4.2.2. China For China (20N-50N, 100E-130E), the regional mean ozone concentration

was 51.0 ppb for the TES/OMI 0-3 km column (Fig. 5a), 53.8 ppb (95% confidence

interval [51.3 56.3] based on error in reanalysis bias) for the TES/OMI surface inferences

(Fig. 5b), and 55.1 ppb for the MEE network (Fig. 5c), with increasing ozone from south

to north across the country in all data. In Bejing, where high ozone is observed, mean
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Figure 5. Same as in Fig. 4, but for China using the MEE surface observations.

JJA ozone in MEE was 72.1 ppb, similar to 69.0 ppb in the surface ozone inference.

The surface ozone over Hong Kong shows anomalously high concentrations relative

to the rest of Southern China, 54.7 ppb in MEE and 51.2 ppb in TES/OMI surface

inferences. Overall, the TES/OMI surface ozone inferences capture the observed spatial

ozone gradients. The overestimation by about 5 ppb in southern China is likely due

to high levels of single scattering albedo (> 0.98) over these areas as seen in the OMI

retrieval (Fig. S2), which may be indicative of confounding multiple scattering processes.

The SMA regression shows an R=0.79 and a slope of 0.94 (Fig. 5d), demonstrating

strong agreement between TES/OMI surface inferences and MEE network data.

We also compared TES/OMI inferences directly to MEE network data from the

2013-2017 period (Fig. S3 and S4). The converted MEE data for the 2005-2009 periods

show better agreement with the satellite-derived surface ozone, demonstrating the power

of the reanalysis for extending the spatial and temporal coverage of validation data.

We have taken the spatial standard deviation of the average summertime ozone

concentrations from Figs. 4 and 5 in order to understand the differences in spatial

variability of ozone for each dataset. The standard deviations (i.e spatial variability)

are 7.5 ppb, 9.4 ppb, and 11.3 ppb for the TES/OMI 0-3 km column, TES/OMI surface
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Figure 6. Estimated mean JJA surface ozone in Asia for 2005-2009.

inferences, and surface observations, respectively, for the United States, and 12.7 ppb,

13.7 ppb, and 15.6 ppb, respectively for China. For both regions, the TES/OMI 0-3

km column ozone shows less variability than the surface ozone inferences, in agreement

with Fig. 3. Inferred surface ozone concentrations are lower over southern China and

higher over northern China and the southwestern United States compared to the 0-3

km column. The fact that the variability in the TES/OMI surface inferences is higher

than the ground networks for both regions may be due to random errors in TES/OMI

data.

4.2.3. Broader Asia region We extended the analysis of ozone in China to a wider

area in Asia (8-50N, 64-150E) that is largely unsampled in order to demonstrate the

capability of the proposed approach to overcome the limitation of the current in-situ

observing system (Fig. 6). The aforementioned bias corrections made for China are

used for the entire East Asia region. This assumption may result in inaccurate bias

corrections over some of the regions.

Although we cannot validate the surface ozone distribution because of the lack

of independent observations, the general spatial structure is consistent with previous
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studies and our understanding of ozone chemistry and transport. Overall, surface

ozone patterns, such as high ozone in Northwestern China, are consistent between

our TES/OMI inferences and a regional high-resolution chemical reanalysis [36] that

assimilates surface measurements. The relatively low ozone concentrations over South

Asia are consistent with the influence of the South Asian Monsoon, which leads to ozone-

unfavorable meteorological conditions that suppresses chemical ozone production [37].

In northern India, hot spots in ozone generally correspond to enhanced NOx emissions

(Fig. S5) from coal fired power plants. The contrast between high ozone in North India

and low ozone in South Asia in this season can be attributed to temporal differences in

the start of the monsoon and the arrival of pristine marine air masses to the respective

regions [38]. Summertime water vapor concentrations are significantly lower over North

India compared to South Asia [38], which would also affect the regional differences in

the relative balance of ozone production and loss. The high ozone in Mongolia and the

Middle East correspond to a string of coal fired power plants (Fig. S5) surrounded by

a low NOx emitting region. Additionally, enhanced ozone in the Middle East during

summer has been explained by the Arabian anticyclone, which facilitates large scale

subsidence and the buildup of ozone [39],[40].

The high spatial variability in the ratio between reanalysis surface versus 0-

3 km column ozone (Fig. S6) could reflect various factors, including near surface

photochemical production, vertical mixing in the boundary layer, and convective

transport. Strong photochemical production near the surface is expected to increase

the ratio, whereas strong boundary layer mixing and convective transport act to flatten

the vertical gradients. The overall spatial structure of the ratio can be largely affected by

the presence of the Asian monsoon, which suppresses near surface photochemical ozone

production, induces long-range transport of ozone-poor marine air masses into polluted

areas in South and Southeast Asia [38]. These processes exhibit complex spatial and

temporal patterns and inhibit understanding of surface ozone variations directly from

the 0-3 km column.

In places with high NOx emissions (Figure S5), such as northern China, a large

surface:column ratio (nearly 2:1)implies high surface ozone and a boundary layer that

is not well-mixed. In particular, persistent clear sky conditions in East Asia provide

ozone-favorable meteorological conditions near the surface and inhibit vertical mixing.

In contrast, there are various regions where we see a high ratio without high NOx

emissions, such as southern India and parts of the Middle East. This suggests that

dynamics must play an important role, and could indicate that the 0-3 km column

includes some free tropospheric air that is low in ozone concentration, which would act

to increase the ratio. The estimated ratio from the reanalysis is close to 1:1 in Mongolia,

suggesting that ozone within the boundary layer is well-mixed (Fig. S6).
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5. Discussion

Exploring whether joint satellite retrievals have the capability to spatially resolve

gradients in surface ozone is crucial in knowing the extent to which they can provide a

tool to assess changes in air quality, especially in developing nations where few surface

monitoring stations exist. Our results demonstrate the capability of combined UV

and TIR instruments to detect spatial gradients in surface ozone when combined with

a chemical reanalysis. This type of analysis can potentially be extended to provide

global maps of surface ozone. The data could then be used to inform policy decisions

and provide critical information relevant to human health in developing countries.

However, the reanalysis used in this study does not provide urban scale surface to

column relationship because of its relatively coarse spatial resolution. To explore urban

scale changes, higher resolution reference data to convert satellite column to surface

would be required.

Given the rapidly changing patterns of precursor emissions over the decade,

including those of NOx [41] and aerosols [42], it is likely that the relative contributions

of local and non-local sources and consequent ozone variations are different between the

TES/OMI analysis period (2005-2009) and more recent time periods. These temporal

changes can be investigated by applying the approach proposed in this study to other

satellite products such as AIRS+OMI, CrIS+OMPS, and IASI+GOME2 [16], [18] for

the wider Asia region, along with surface measurements for limited areas.

The insights regarding the potential of combined UV+TIR retrievals to infer surface

ozone gained in this paper come as a new wave of UV/VIS geostationary and Low

Earth Orbiting (LEO) satellites aimed at observing air quality are launched. The

Geostationary Environment Spectrometer (GEMS) ([43]), Sentinel-4, and Tropospheric

Emissions: Monitoring of Pollution (TEMPO, [44]) missions will provide hourly

measurements of tropospheric composition at high spatial resolution. Furthermore,

recent UV/VIS LEO satellites including the Sentinel-5 Precursor [45], Sentinel-5 [46]

and the Ozone Mapping and Profiler Suite (OMPS, [47]) provide daily measurements

of global ozone profiles. While TIR composition measurements are available from

meteorological sounders including AIRS, CrIS, IASI, and MetOP-SG, these instruments

have coarser spectral resolution and thus lower tropospheric DOFS than TES. The

combination of these instruments with UV/VIS instruments will provide less sensitivity

to the 0-3 km ozone column than TES/OMI. Developing a satellite mission specifically

aimed at combining TIR and UV/VIS radiances for optimizing the vertical sensitivity

and resolution of ozone profiles near the surface is a crucial step forward in our ability

to measure and understand changes in surface ozone in undersampled regions.
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6. Conclusion

We have combined information from TES/OMI 0-3 km column retrievals and a chemical

reanalysis in order to infer surface ozone concentrations for the United States, China,

and broader Asia. The chemical reanalysis was used as a transfer function to convert

the lower tropospheric column to surface ozone. Overall, the TES/OMI surface ozone

inferences show a robust ability to capture the spatial gradient of ozone from south to

north China, with a spatial correlation of 0.79. For the United States, they also show

similar patterns to the TOAR observations, with a bias of < 1 ppb for the western U.S

and < 4 ppb for the eastern U.S and a spatial correlation of R=0.69. The estimated

surface ozone map for the broader Asia region can be explained by the Asian monsoon

and the location of coal fired power plants and corresponding NOx emissions. The

obtained implications can further be explored in following studies, while expanding to

other regions of the world.

Previous assessments of multispectral satellite instruments have focused on their

ability to resolve ozone in the lower tropospheric column. The framework developed

in this study provides a new way to determine detailed spatial gradients in surface

ozone, by combining satellite retrievals with chemical reanalysis. This takes the analysis

of multispectral instruments a step further and provides a better assessment of their

ability to capture air quality variations. Furthermore, by converting column ozone

measurements observed by the satellite observations to surface ozone inferences, we are

able to better assess the sensitivity of the measurements by comparing them to surface

network measurements as opposed to ozonesonde or aircraft data, the former of which

provide a much higher volume of data in time and space.
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