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Satellite measurements of atmospheric trace gases provide continuous long-term information
for monitoring the atmospheric chemical environment and air quality at local, regional, and global
scales. Trace gas retrievals play a critical role in chemical data assimilation, air quality modeling
and forecast, and regulatory decision-making. In this dissertation, I present retrievals of three
trace gases species (O3, SO,, and NO,) from measurements of ultraviolet (UV) radiation made
from the imaging spectrometers onboard operational satellites, including the Earth Polychromatic
Imaging Camera (EPIC) onboard the Deep Space Climate Observatory (DSCOVR), the Ozone
Mapping and Profiler Suite - Nadir Mapper (OMPS-NM) onboard Suomi-NPP (SNPP), and the
OMPS-NM onboard NOAA-20 satellite. The retrievals of the trace gas vertical columns are
achieved through the Direct Vertical Column Fitting (DVCF) algorithm, which is designed to

maximize the absorption signature from the Earth’s atmosphere in the UV spectral range.



This dissertation first demonstrates the theoretical basis and mathematical procedures of
the DVCF algorithm used for retrieving total vertical columns of ozone (O3) and sulfur dioxide
(S0O,) from DSCOVR EPIC. We describe algorithm advances, including an improved O3 profile
representation that enables profile adjustments from multiple spectral measurements and the
spatial optimal estimation (SOE) scheme that reduces Og artifacts resulted from EPIC’s band-
to-band misregistrations. Furthermore, we present detailed error analyses to quantify retrieval
uncertainties from various sources, assess EPIC observed volcanic plumes, and validate O3 and
SO, retrievals with correlative data.

The second part of this dissertation presents a suite of efforts to retrieve the tropospheric
and stratospheric NO;, vertical columns from the new NOAA-20 OMPS hyperspectral ultraviolet-
visible (UV-Vis) instrument, covering retrieval algorithm, Stratosphere-Troposphere Separation
(STS) scheme, measurement sensitivity assessment, inter-comparison with the Ozone Monitoring
Instrument (OMI), evaluation with ground-based Pandora spectrometers, as well as a case study
of drastic NO, changes during COVID-19 pandemic.

The third part of my dissertation focuses on validation and algorithm improvements for
the tropospheric NO, retrievals from SNPP OMPS UV measurements. OMPS column NO, was
validated against coincidence measurements from two ground-based MAX-DOAS spectrometers
deployed in eastern China. To achieve higher retrieval accuracy, we developed and implemented a
series of algorithm improvements, including an explicit aerosol correction scheme to account for
changes in measurement sensitivity caused by aerosol scattering and absorption, the replacement
of climatological a priori NO, profile with more accurate NO, vertical distribution from high-
resolution CMAQ model simulations, and the application of model-derived spatial weighting

kernel to account for the effect of heterogeneous subpixel distribution. These improvements yield



more accurate OMPS NO, retrievals in better agreement with MAX-DOAS NO, measurements.
The analysis concluded that explicit aerosol correction and a priori profile adjustment are critical
for improving satellite NO, observations in highly polluted regions and spatial downscaling is

helpful in resolving NO, subpixel variations.
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Preface

Materials presented in Chapters 1 to 6 of this dissertation are adapted from two published
articles I lead. Materials presented in Chapters 7 and 8 are expected to be submitted soon. Please

refer to the list of publications with corresponding Chapters below.

e Chapters 1 to 4

Huang, X., Yang, K., 2022. Algorithm Theoretical Basis for Ozone and Sulfur Dioxide
Retrievals from DSCOVR EPIC. Atmos. Meas. Tech., 15, 5877-5915, 2022. https://doi.

org/10.5194/amt-15-5877-2022.

» Chapters 5 and 6

Huang, X., Yang, K., Kondragunta, S., Wei, Z., Valin, L., Szykman, J., Goldberg, M.,
2022. NOs retrievals from NOAA-20 OMPS: Algorithm, evaluation, and observations of
drastic changes during COVID-19. Atmos. Environ. 290, 119367. https://doi.org/10.1016/

j-atmosenv.2022.119367.

* Chapters 7 and 8

Huang, X., Yang, K., He, H., Wang, Y., Wagner, T., Chang, X., Zhao B., Wang, S.,
Dickerson, R. R., 2023. Tropospheric NO, from Suomi-NPP OMPS: validation and algorithm

improvements. Atmos. Meas. Tech., to be submitted.
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I have conducted an extensive amount of original investigations to complete my Ph.D.
research. In the following, I will highlight some of the new discoveries that were presented in the
dissertation.

For many remote sensing retrieval algorithms, radiance matching between forward modeling
and measurement is needed for accurate retrievals. In Chapter 1, we demonstrated that forward
modeling needs to properly simulate the atmosphere’s photon sampling (or photon mean paths),
in addition to radiance matching. This discovery suggests that many radiance correction schemes
attempted before are bound to fail because they did not consider improving the photon mean path
representation in the correction scheme. This finding points out the direction of future improve-
ments in remote sensing retrieval algorithms. In Chapter 2, we presented a new ozone profile
representation scheme that allows for first-time profile retrieval with a small number of spectral
measurements. Furthermore, we developed a novel spatial optimal estimation technique, which
was applied to the EPIC measurements for artifact correction.

The other Chapters focus on the actual retrieval procedure (including algorithm & algorithm
improvements we have developed), the error analysis, as well as the validation of the retrieval
products. These results elucidate the new knowledge and skills that my dissertation has developed

to advance trace gas retrievals from spaceborne UV measurements.
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Chapter 1: Introduction

1.1 Background

Ozone (Q), sulfur dioxide (SQ), and nitrogen dioxide (N are important trace gases in
the Earth's atmosphere affecting human health and climate (Lelieveld et al., 2015; Seinfeld and
Pandis, 2016).

Os is a highly reactive trace gas that occurs in both Earth's stratosphere and troposphere. In
the stratosphere, the ozone layer is vitally important to life because it absorbs biologically harmful
UV radiation coming from the Sun. Ozone received much public attention when in the 1980s
its enormous reduction was observed during Antarctic spring (Farman et al., 1985). This so-
called ozone hole is the result of human-made chloro uorocarbon compounds and the recovery
of the ozone hole is monitored continuously. In the troposphesés @ secondary air pollutant
formed primarily from the photochemical reactions between the volatile organic compounds
(VOC) and nitrogen oxides (NQ. High ambient ozone concentrations are typically observed
in the summer months when sunlight and heat are the most intense. Tropospheric ozone causes
premature aging of the lungs (Bell et al., 2004) and stunts the growth of plants (Sandermann Jr,
1996) under high concentrations. To protect human health and agriculture, the US Environmental
Protection Agency (EPA) limited ambient ozone to an 8 hr daily maximum mixing ratio of 70
parts per billion by volume (ppbv) in 2015. The tropospheric ozone levels are determined by
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emissions of ozone precursors, atmospheric photochemistry, and transport (Jacob et al., 1993).
Understanding the nonlinear relationship between ozone production and its precursors is critical
for the development of an effective ozone control strategy (Sillman, 1999).

SO, is emitted by both volcanoes and anthropogenic activities. It is a major air pollutant
and a precursor to sulfate aerosols. Sulfates have long residence time (up to a few years),
depending mostly on their altitudes in the atmosphere. They can be deposited back to the ground
where they have an adverse impact on the environment or reside in the atmosphere as aerosols
and affect radiative forcing, either directly by re ecting the incoming solar radiation or indirectly
by changing the cloud albedo and lifetime &n et al., 2002; Gaés 2008). Anthropogenic
sources of S@come from the burning of sulfur-rich fossil fuels such as coal and petroleum,
and they can also be produced from the smelting of ores. Thanks to new technologies such as

ue gas desulfurization and sulfur scrubbers implemented in coal- red power plants, the level of
sulfur pollution can be greatly reduced. While anthropogenig &issions have gone down in
recent years (Li et al., 2017a; Zheng et al., 2018), natural sources,df@®volcanic eruptions

are known to in uence global or hemispheric climate (Robock, 2000). The strongest eruption
in the twentieth century (Pinatubo, June 1991), released about 20 million tons (Mt)0f SO
directly into the stratosphere and caused an average global cooling of 0.3C @hat lasted

for about 2 years (Robock, 2000; Stenchikov et al., 2021). Although eruptions of this magnitude
rarely happen, volcanic degassing is continuous and smaller eruptions occur sporadically (a few
times in a year) in various regions. The cumulative contributions from volcanic emissions (large
and small) over the globe play a major role in regulating the burden of sulfate aerosols in the
troposphere and stratosphere (Vernier et al.,, 2009). In order to understand their impacts on
atmospheric chemistry and climate, it is important to measure both the abundance and altitude
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of these volcanic SPemissions (Yang et al., 2010). In many cases volcanig &@ ash are
collocated, thus making SCa useful proxy for the location of the ash plume. This makes
routinely volcanic S@monitoring very helpful for aviation hazard mitigation and volcanic plume
forecasting (Carn et al., 2009).

Nitrogen oxides (NQ@ = NO, + NO) relate strongly to ozone destruction and halogen
compound reactions in the stratosphere (Wennberg et al., 1994) and work as important precursors
of ozone and nitrate aerosols in the troposphere (Sillman, 1999). NO is quickly oxidized,to NO
in the atmosphere via ozone or in the presence of hydroperoxy)(bt@rganic peroxy radicals
(RO,), on a timescale of seconds, and the photolysis of B@wverts NQ back into NO. Thus,
the NO and N@species are often grouped into a single species called NO, is a regulated air
pollutant toxic to both human health and crop growth (Chauhan et al., 2003; Lobell et al., 2022).
There are some natural sources of nitrogen oxides, such as from soil microbial processes (Conrad,
1996), lightning (Ridley et al., 1996), and natural wild res (Val Maret al., 2006), but the
majority of the NQ in the atmosphere today originates from anthropogenic sources related with
fossil fuels combustion (van Vuuren et al., 2011). The ultimate sink of tropospherddNgGten
nitric acid (HNG;), a chemical species easily dissolved in the water and responsible for acid
rain. During the day, the formation of HN®@ccurs via the reaction of NGand hydroxyl radical
(OH). During the night, heterogeneous hydrolysis ofOy on the surface of aqueous aerosol
particles represents another possibility for N0 be removed from the atmosphere and leads to
HNOs formation (Riemer et al., 2003). The photochemical lifetime of,N&short, which varies
from 2 -6 hrin summerto 12 - 27 hr in winter (Beirle et al., 2011; Laughner and Cohen,
2019; Shah et al., 2020). Due to its short lifetime, tropospherig diidcentrations are spatially
correlated with local NQ emissions at spatial scales of.0 km (Beirle et al., 2019).
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Concentrations of atmospheric trace gases can be measured locally by in-situ monitors and
detected remotely in an atmospheric column by ground-based or airborne instruments. However,
these measurements often only cover a limited region and or during a short time period such
as deployed in designated eld campaigns. The satellite-based remote sensing technique offers
continuous long-term observations of the atmospheric chemical environment with spatial coverage
over the entire globe, enabling a wide range of research applications including many not feasible
from in-situ, ground-based, and campaign-based airborne measurements.

In Chapter 1, we describe the theoretical basis for satellite remote sensing of these three
gaseous light-absorbers and provide detailed mathematical procedures of the direct vertical column
tting (DVCF) algorithm that our retrievals are built upon. We outline in Section 1.4 several
applications of the DVCF algorithm as well as the algorithm improvements we developed in this

thesis to provide critical data products for three NASA/NOAA satellites.

1.2 Theoretical basis of satellite remote sensing: algorithm physics

In this section, we describe the algorithm theoretical basis of satellite remote sensing using
EPIC retrievals of @and SQ as an example. These algorithmic basis are general principles that
apply to the retrievals of trace gas and other geophysical quantities from any satellite instrument,
including the OMPS-NMs N@retrievals elucidated later in this dissertation.

Algorithm physics is a term rst used by Chance (2006) to denote the physical processes
contributing to the spaceborne measurement of radiance spectra. A measured ragligimce
units of W sr * m 2 nm 1) from space consists of sunlight photons within a narrow spectral

range (typically< 2 nm), speci ed by the instrument spectral response fun@g¢IsRF, e.g.,



Figure 1.1: Filter transmission functions for the four EPIC UV channels. The widths are

1 nm for EPIC bands 1 and 2, similar to those for TOMS and OMPS-NM. Note that the lter
transmissions as functions of wavelength are measured in the air (see Figure 1 in Herman et al.
2017). Here we have converted the wavelength in the air to wavelength in vacuum using the
formula of Eden (1966). The lter values are normalized to 1 at band centers (noted on top of

each panel with uncertainty).



EPIC UV lter transmissions shown in Fig. 1.1), and is modeled as

R
S( )toa( )F( )d

LM = ; (11)

F\(S( )d
whereF ( ) (in units of W m 2 nm 1) is the monochromatic spectral solar irradiance, and
ltoa( ) the sun-normalized monochromatic top-of-the-atmosphere (TOA) radiance (in units of
sr 1) for a wavelength (in units of nm). The sun-normalized measured radidngefor a
spectral band is de ned ds, = Ly =Fyv, whereF,, = RS( )F( )d= I:QS( )d , and the
integrations in these equations are performed over the valid range of theS &tFhe spectral

band. Hereafter we drop "sun-normalized' when referringtowhich is simply called measured
radiance. Quantities for a spectral band are ux-weighted bandpass averages to account for
the differential contributions from individual wavelengths within the bandpass. Without loss
of generality,l toa () and other spectral-dependent quantities are hereafter used to denote ux-
weighted bandpass averages, witlepresenting the characterized wavelength of the spectral
band.

To reach a sensor at TOA, sunlight photons are either back-scattered by air molecules or
particles or re ected by the underlying Earth surface. As these photons traverse through the
atmosphere along many possible optical paths connecting the Sun to the sensor, they may be
absorbed by the underlying surface or by some atmospheric constituents, such as trace gases (e.g.
O3z and SQ) and light-absorbing particles (e.g. dust and smoke). The photons that complete
the journey carry information about atmospheric absorbers along their paths. The accumulation
of photons from each contributing path yields the TOA radiance, which may be modeled with
radiative transfer (RT) simulation if the properties of surface re ection and atmospheric absorption
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and scattering are known explicitly. The ability to model the TOA radiance accurately is the
prerequisite for interpreting the observations and relating the gas absorptions with TOA radiance
measurements.

We describe next the characteristics of UV photon sampling of the atmosphere, and the
construction of surface and atmospheric models to enable proper simulation of the photon sampling
of the atmosphere. Dividing the atmosphere into in nitesimal thin layers, the quantity that
speci es the photon sampling is the mean path length of photons traversing through a layer.
This mean path length normalized by the geometric thickness of the layer is the local or altitude-
resolved air mass factor (AMI,). The proper simulation of photon sampling requires that
the modeled mean path length through each layer closely matches that in the actual observing
condition.

Intheory, a TOA radiance;oa, depends on the viewing-illumination geometry, the optical
properties of the atmospheric constituents (both absorbers and non-absorbers), and their amounts
and vertical distributions, as well as on the re ective properties of the underlying surface. For a

wavelength , Itoa can be expressed as the sum of two contributions,

ltoa = lat Is; (1.2)

wherel, consists of solar photons scattered once or more by molecules and particles in the
atmosphere without interacting with the underlying surface,lgradte solar photons re ected at

least once or multiple times by the underlying surface.



1.2.1 Path radiance

| o is also known as the atmospheric path radiance, i.e., photons backscattered to the sensor
along a path without any intersection with the underlying surface. Conceptually itis the accumulation
of TOA photons that are last backscattered toward the sensor along the line of sight from atmospheric
layers at different levels of extinction optical depths. Algebraically it is expressed as the path
integration of virtual emissiod (t) (Dave 1964) in the direction speci ed by the view zenith
angle (), attenuateddq © , where = cos ,) by atmospheric scattering and absorption, over
the extinction optical depthalong the path of line of sight from the top £ 0) to the bottom
(t = ) of the atmosphere: ,

lo=  J() e ® I (t) dt=: (1.3)
0

The source of virtual emissiod,(t), consists of all the photons scattered towards to the sensor,
including photons of the direct solar radiation being scattered once only and photons of diffuse
radiation (i.e. photons scattered to levgbeing scattered once moretatThe strength of the
virtual emission of a thin layer dtis proportional to its scattering optical thickness, which is
equal to the product of the layer total optical thickne#t3 &nd the single scattering albeti¢t)

(de ned as the ratio of layer scattering optical thickness over the layer total optical thickness).
Here we use( t) = J(t)e © ! (t)= to represent the radiance contribution per unit optical
thickness td , from a layer at. Eq. (1.3) describes how the solar photons sample the atmosphere
from top to bottom and how atmospheric absorption is directly imprinted (via the attenuation
e ¥ ) on the path radiance.

A path radiancd , for a molecular (i.e., an aerosol- and cloud-free) atmosphere with



Figure 1.2: Sample results from RT simulations for a molecular atmosphere wighoQes X ;
andX, in panel (a). BottX ; andX , are mid-latitude zone (30 latitude 60 ) climatological

O3 pro les with the same total vertical column of 275 Dobson units, where 1 DU = 2.69
10'® molecules/crA RT simulations are performed for two viewing-illumination geometries:
1) low zenith angles,s = , = 5 and relative azimuthal angle (RAA), = 45 and 2) high
zenith angles,s = , = 70 and = 45 . (b) Path radiancek,(X ) for the low and high
zenith geometries, and their fractional changes$.El,) when G pro le is changed toX,.

(c) Normalized RCFs, for EPIC bands 1 and 2. Here(t) is converted into (InP) by the
multiplication of factordt=dnP. (d) Mean photon path lengthsnf) of EPIC bands 1 and 2
as functions of altitude for the low and high zenith geometries, normalized by the respective
geometric air mass factonss.

absorption from trace gases can be accurately determined with RT simulations. For example,
the path radiances for the low and high zenith angle geometries (see Fig. 1.2b) are calculated
with a vector RT code (e.g., TOMRAD, Dave 1964, or VLIDORT, Spurr 2006) as a function of
wavelength for a molecular atmosphere with thep@ le X ; in Fig. 1.2a, and the corresponding
radiance contributions to the path radiances at EPIC bands 1 and 2 are shown in Fig. 1.2c.
The radiance contribution function (RCF) for a wavelength in the UV range (300 — 400 nm) is
determined by Rayleigh scattering and absorption by trace gases (primgril@{ls ubiquitous

in the atmosphere, with the bulk of it located in the stratosphere (e.g., Fig. 1.2a or Fig. 2.2),
and its absorption cross-sectionfO3) increase rapidly with shorter wavelengths in the UV
range (see Fig. 1.10). Rayleigh scattering, whose cross-sections are proportigpaktso

increase with shorter wavelength. The strongaBsorption and large Rayleigh cross-sections



at short wavelengths greatly reduce the number of solar photons reaching the lower atmosphere.
Conversely, at longer wavelengths, weakerdDsorption and smaller Rayleigh cross-sections
allow more solar photons to reach the lower atmosphere where higher air density increases the
intensity of backscattering. Similar to the effect of reducing wavelength, lengthening the slant
path (by increasing solar or viewing or both zenith angles) would enhance ozone absorption and
Rayleigh scattering along the slant path, raising the altitude pro le of RCF. These spectral and
angular characteristics of RCF are illustrated in Fig. 1.2c, which shows the normalized RCFs
( = =l of EPIC bands 1 and 2 for two different observation geometries and a mid-latitude
Oz pro le labeled asX ; in Fig. 1.2a. The results in Fig. 1.2c show that at longer wavelengths and
lower zenith angles, path radiance contains more photons that are backscattered from the lower
atmosphere. The RCF peak reache&skm altitude for band 2 at &zenith angle, while at shorter
wavelength and higher zenith angle, the RCF peak moves to the higher altitude, and it rises to

10 km for band 1 at 70zenith angle. The shifting shapes of RCF shown in Fig. 1.2c illustrate
the changes in the photon sampling of the atmosphere with different wavelengths and zenith
angles. The rising RCF peak position signi es diminishing sensitivity to absorptions below the
peak while favoring those above it.

The measurement sensitivity to a thin molecular absorber layer is equal to the product of
the absorption cross-sections @nd the mean path lengtmg) of photons passing through the
layer, wherem, = @nl,=@, and ; is the absorption optical depth at the layer center altitude
z. Note that the photon path length is equal to the geometric AWM= 1=cos(s)+1=cos( ),
for a plane-parallel atmosphere if there is no scattering. Figure 1.2d shows the mean optical path
lengths of EPIC bands 1 and 2 as a function of altitude for the low and high zenith viewing-

illumination geometries, showing that, decreases rapidly as the layer descends nearing the
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surface due to fewer photons reaching the lower atmosphere whilepproachesng as the

layer rises towards TOA due to fewer path altering scatterings resulted from lower air density.
In the upper troposphere and lower stratosphere (UTioQ)of the low zenith geometry usually
exceedsng due to a signi cant fraction of photons undergo multiple scattering below and within
UTLS, while m, of the high zenith geometry drops continuously from TOA down to the surface

in the case when the RCF peak is suf ciently high that fewer multiple scatterings contribute to the
path radiance. In general, the mean path lemgths shorter for a wavelength with strongeg O
absorption, which reduces the number of photons reaching the lower atmosphere. The variation
of m, with a changing altitude signi es the path radiance dependence on the absorber pro le.

The path radiance fractional change due to pro le changé & X, X) can be expressed as

o 1aX2) la(Xa) _ 2

Ia Ia(xl) 0

X(2) (T;) madz; (1.4)

whereT, is the atmospheric temperature add(z) and X,(z) are absorber concentration at
altitudez. Figure 1.2b illustrates the change in path radiance caused bypeo@e change while

keeping its total vertical column the same: lowering theptb le (e.g., X1 to X, in Fig. 1.2a)

tend to increase the path radiance. Path radiance changes more with shorter wavelengths at
higher zenith angles, thus becoming more sensitive to the shape of @ @. At low zenith

angles, the change may have the opposite sign of the change at large zenith angle for certain
wavelengths (e.g., the changes plotted as red solid lines>3or316 nm in Fig. 1.2b), but the
magnitude of change is much smaller, indicating the path radiances under these conditions are
primarily functions of total columns, since they are less sensitive to the pro le shapes. The

differential responses of the spectral path radiance to pro le changes imply that more than one
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piece of information about ©may be contained in the multi-spectral measurements. Retrieval
constrained by multi-spectral radiances instead of a single spectral band may achieve a more

accurate @ measurement.

1.2.2 Surface re ection

The path radianck, includes backscattered photons that are independent of the underlying
surface, while the surface contribution to TOA radiantg(referred to as surface radiance
hereafter), consists of photons re ected once or more from the surface. For a molecular atmosphere
bounded by a surface with well-characterized optical re ection properties, the surface radiance
can be accurately predicted with RT modeling. For a Lambertian surface, which re ects radiation
isotropically independent of the incident direction, the surface radidg@an be expressed
as (Dave, 1964)

TurTe

lg= ———; 1.5
T 1 r.s, (1.5)

wherer is the re ectance or albedo of the Lambertian surfagdas the total (direct and diffuse)
transmittance from the Sun to the surface along the direction of incoming solar irradiation and
T. from the surface to the TOA along the viewing direction, &ds the atmospheric spherical
albedo, which is the fraction of the re ected radiation backscattered from the overlaying atmosphere
to the surface. The surface contribution from the Lambertian surfgc@ay be described as the
once-re ected radianceTgrsT-), enhanced by the series of interactions: backscattering from

the overlaying atmosphere and re ection from the underlying surface, which are accumulated to
produce the ampli cation factat=(1 rsSy).

The re ection property of a surface is represented by a bidirectional re ectance distribution
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function (BRDF), which speci es the angular distribution of re ected radiance as a fraction
of directional incident spectral irradiance. Field measurements (Brennan and Bandeen, 1970)
demonstrate that the re ection from natural surfaces (such as cloud, water, and land surfaces)
are anisotropic in the UV, exhibiting different apparent re ectances when viewed from different
directions. For instance, a water surface looks bright when viewed from the direction near the
specular re ection, but is much darker outside the glitter (e.g., see Fig. 1.3a). Here the apparent
re ectance is the Lambertian-Equivalent re ectivity (LER), i.e., the isotropic re ectanctnat
reproduces the radiante from a surface with an anisotropic BRDF at a viewing-illumination
geometry. This LER is also referred to as geometry-dependent surface LER (GLER) to indicate
its dependence on the viewing-illumination geometry.

Re ection of UV sunlight from natural surfaces has long been measured by instruments
onboard satellites in sun-synchronous polar orbits (e.g. Eck et al., 1987). Since BRDFs for most
natural surfaces (except for water surfaces) have not been adequately characterized in the UV,
satellite measurements provide scene re ectivities that are quanti ed with LERs at wavelengths
in the range of weak gaseous absorption. To derive LERRom a measured radiandg , the
atmospheric path radiantg, transmission3; andT-, and re ectances, for a spectral band are
calculated for a molecular atmosphere and the inversion of Eq. (1.5) yields

I
= T ¥ s, (1.6)

wherels = Iy 14, A vast majority of scene LERs derived from satellite observations contain
contributions from scattering from clouds or aerosols or both (see section 1.2.3 for their treatment).

To characterize re ective properties of natural surfaces, many investigations have devoted to
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creating global LER climatologies by selecting gridded LERs that are minimally affected by
clouds or aerosols from the repeated observations over a period of time (typically a calendar
month). These climatologies include spectral surface LER databases constructed from the TOMS
radiance measurements between 340-380 nm from 1978-1993 (Herman and Celarier, 1997),
GOME-1 between 335-772 nm from 1995-2000 (Koelemeijer, 2003), SCIAMACHY between
335-1670 nm from 2002-2012 (Tilstra et al., 2017), OMI between 328-499 nm from 2005—
2009 (Kleipool et al., 2008), and GOME-2 between 335-772 nm from 2007-2013 (Tilstra et al.,
2017). Inter-comparisons of these spectral LERs from different satellite missions show good
agreement among corresponding measurements (Tilstra et al., 2017) despite differences in observation
time periods, viewing-illumination geometry, and footprint size. For a location on Earth, its
surface is usually observed at nearly the same local solar time from a sun-synchronous orbit, thus
the sampling of its surface BRDF is limited to a small range of SZAs. Furthermore, the selection
of cloud- and aerosol-free LERSs tends to favor low LER values, thus likely excluding the LERs at
high VZAs. LER values of natural surfaces tend to be quite close when SZAs fall within a small
range and large VZAs are excluded, hence these LER climatologies are presented as independent
of viewing-illumination geometry. The low LER sensitivity to varying viewing-illumination
geometry (within limited ranges of SZA and VZA) indicates that natural surfaces (excluding
glittering water surface) have weak anisotropy and can be treated as Lambertian surfaces. These
climatological data reveal that the surface LER in the UV for snow- and ice-free areas vary
within the range of 0.02-0.1 for most land and (off-glint) water surfaces, except for a few places
on Earth, such as the Saharan desert and the salt at in Bolivia, where surface LERs may exceed
0.1. These low surface LER values derived from satellite observations have been validated in
eld experiments (Coulson and Reynolds 1971; Doda and Green 1980, 1981; Feister and Grewe
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Figure 1.3: Apparent re ectances of an ocean surface, described by a Cox-Munk BRDF (Cox
and Munk 1954a,b) for a wind speed of 6 m/s, viewed along the plane of incidence with the Sun
at a zenith angle ofs = 15 . (a) GLER at four EPIC UV bands vs viewing zenith angleHere
positive , denotes = 0 and negative, for = 180 . (b) GLER at several viewing zenith
angles vs. wavelength

1995), which have found that the spectral re ectances of natural surfaces, such as the open
ocean, forest, grassland, and desert, fall within the same range of satellite LER measurements.
These eld experiments have also demonstrated that the spectral re ectances of natural surfaces
vary slowly and smoothly with changing wavelengths. The spectrally smooth GLER of natural
surfaces permits accurate estimation of GLER within the UV range with measurements at two or
more wavelengths, and speci cally, the extrapolation of GLERs determined at the long (weak O
absorption) wavelengths to estimate the GLERSs at short (strgraip&brption) wavelengths.

Based on the re ective characteristics of natural surfaces described above, the forward
model for retrieval treats the re ections from a surface as Lambertian, whose re ectance is
determined from the radiance measurement of the spectral band with weak gaseous absorption
or is extrapolated from the weak to the strong absorption band. We use the re ection from
an ocean surface as an example to illustrate the success and de ciency of the isotropic surface
treatment and the GLER extrapolation, since a water surface is likely the most anisotropic surface

encountered in satellite remote sensing. Figure 1.3a displays the GLERs of an ocean surface at
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the four EPIC UV bands as a function of VZA along the incident plane with the Suy=ai5 .
Viewing in the specular direction { = 15 and = 180 ), the GLER decreases with longer
wavelengths but the reverse is true when viewing in directioBS or greater away on either

side of it. In other words, the re ection appears to be less anisotropic at shorter wavelengths.
This is due to less direct beam, thus more diffuse radiation (resulted from more photons are
Rayleigh scattered by air molecules) at the shorter wavelengths. While the re ection of a direct
beam yields anisotropic outgoing radiation according to the BRDF, the diffuse radiation impinges
on the surface from every possible direction of the hemisphere above, usually resulting in a
much less anisotropic re ected radiation, which follows the angular distribution speci ed by
the hemispherically averaged BRDF. Figure 1.3b shows the spectral dependence of GLER on
wavelength, illustrating that linear extrapolation of GLER at longer wavelengths (340.0 nm and
388.0 nm) yields highly accurate GLER estimations at shorter wavelengths (317.5 nm and 325.0
nm), usually with errors much less than 1%.

The Lambertian surface treatment enables an accurate estimation of the surface tadiance
without the knowledge of the actual BRDF, provided that the GLERs estimated at some (usually
the weak absorbing) wavelengths can be extended (linearly extrapolated) to other wavelengths
accurately. However, the paths traversed by photons re ected from a Lambertian surface differ
from those from an anisotropic one, as illustrated in Fig. 1.4, which displays the mean optical
path lengthsms = @nls=@,, of EPIC band 1 as a function of altitude for two viewing-
illumination geometries. As shown in Fig. 1.4, the path lengths differ the most just above the
surface, but the difference decreases with higher altitudes due to less course-altering atmospheric
scattering resulting from lower air density and vanishes around 25 km above the surface. Thus

the Lambertian treatment of an anisotropically re ective surface may introduce an error, called
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Figure 1.4: Mean path lengths{) of EPIC band 1 re ective photons from an ocean surface
(with the same BRDF described in Fig. 1.3) and its Lambertian equivalent surfaces. Here the
mean path length®s, normalized by the respective geometric air mass factogg (are plotted
as functions of altitude for two viewing-illumination geometries: one view from the direction
of specular re ection,, =15 ; =180, and the other at, =50 ; =0 , while the Sun at

s =15 for both geometries.
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the AMF error, in accounting for atmospheric absorption due to the difference in the photon
sampling of the atmosphere. Since this difference is larger in the lower troposphere, but becomes
negligible in the stratosphere, implying that the effect of anisotropic re ection, i.e., the BRDF
effect, has a larger impact on the quanti cation of trace gas absorption in the troposphere, but a
smaller one for trace gases in the stratosphere. Because the H(lk @%) is located in the
stratosphere, the Lambertian treatment does not introduce a signi cant AMF error in total O
absorption.

As described above, UV re ectivities for most natural surfaces are quite low (GLBR),
therefore the surface contributiohsare typically much smaller than (j 10% at 317.5 nm) the
path radiancé, (see Fig. 1.5). In modeling a measured radidigean error in surface radiance
| s is compensated for with the path radiamgeThe uncertainty of extrapolated GLER is usually
less than 1%, corresponding to a less than 1% errdg,itence less than 0.1% error in the
path radiancé,. Furthermore, the AMF error due to the Lambertian treatment of an anisotropic

surface is insigni cant, since the combined mean photon path lengths,

m;= @lroa=@; = (lama+ Ismg)=lt0a; (1.7)

contain minor contributions from surface radiamge

Natural surfaces with high UV re ectivities (GLERO0.2) are surfaces covered with snow
or ice or both. The highest GLER values are found over Antarctica and Greenland, where typical
GLER values are higher than 0.9, as shown in Fig. 1.6). Figure 1.6 shows sample results of
a climatological GLER database for Antarctic ice constructed from the observations of polar-

orbiting instruments, including Aura OMI and SNPP OMPS, and it reveals a sizeable dependence
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Figure 1.5: Example path radiandg, and surface radiandg for ¢ = 45, , = 40, and
=135 . |, is the middle line in black, anb, for LER = 0.1 and LER =0.94 are the lower (red)
and upper (blue) lines, respectively.

of ice GLER values on the viewing-illumination geometry, indicating that the re ection from ice

is signi cantly anisotropic. Since the much higher surface radidgde.g., Fig. 1.5 blue line),

the Lambertian treatment of ice surface can lead to large AMF errors. However, the ice GLER
varies within a small range (0.94 to 0.98) and hence ice re ection has weak anisotropy for low
SZA and VZA (< 70). Because the stronger@bsorption and Rayleigh scattering at shorter
wavelengths reduce the fraction of direct solar beam but increase that of the diffuse radiation
reaching the surface, further weakening the BRDF effect, the error of Lambertian treatment of
ice surface in the sampling of atmosphericadsorption is suppressed for the low SZA and VZA

observations.
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Figure 1.6: Climatological Antarctic GLER values at 331 nm as functions of S2MNd¢r three
viewing geometries, revealing a signi cant dependence of ice GLER on the viewing-illumination
geometry.

1.2.3 Particle scattering and absorption

Atmospheric particles, including clouds and aerosols, reside mostly in the troposphere
and cover a large portion 7% by clouds alone, King et al. 2013) of the Earth's surface.
Radiative transfer modeling of sunlight through a particle-laden atmosphere can be performed to
guantify the TOA contributions from possible light paths, provided that the optical (scattering and
absorption) properties of these particles, their amounts, and vertical distributions are speci ed.
However, for UV remote sensing observations, the quantitative information about particles needed
for radiative transfer modeling is in general not known suf ciently, precluding their explicit
treatment. In this section, we describe an implicit treatment of atmospheric particles for the
simulation of measured radiances with the mean photon path approximately matching that through
the particle-laden atmosphere.

Atmospheric particles scatter and possibly absorb UV photons, thus can signi cantly alter
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their paths through layers from closely above the particles down to the ground surface, usually
shortening the path lengths below while lengthening those above the particles. Observing from
space, the apparent effect of atmospheric particles is the enhancement of the TOA radiance
contributed by backscattering from them. Since this effect is very similar to the consequence
of an increased surface albedo, it is often referred to as the albedo effect. The albedo effect can
be modeled by placing in a molecular atmosphere an elevated bright surface that partially covers
an IFOV. This treatment is called the mixed Lambertian-equivalent re ectivity (MLER) model,
which is frequently employed by many algorithms for trace gas retrievals. Based on the MLER

model, the TOA radiance for an IFOV is expressed as

lToa = Ig(Rg; pg)(l fe) + 1c(Re; pe)fe; (1.8)

the weighted sum of two independent contributibpgndl .. Herelg is the radiance from the
cloud-free portion of the IFOV, containing a Lambertian surface of re ectiigyat pressur@,.
Similarly, I . is from the cloudy portion, antl. is the cloud fraction an&. the re ectivity of the
Lambertian surface at pressyse

The MLER model can reproduce measured radiangeshrough the determination of
cloud fractionf.. First, the scene LERs at surface pressung is estimated using Eq. (1.6).
If rs is less than or equal to the climatological LER vaRg (e.g. Kleipool et al., 2008), this
IFOV is treated as patrticle-free scerig € 0). If rg is greater than or equal to the LER value
for cloudR. = 0:8 (Ahmad et al., 2004; Koelemeijer and Stammes, 1999), this IFOV is treated

as fully cloud coveredf¢ = 1). Whenrs is in betweerRy andR¢, the cloud fraction is inverted
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Figure 1.7: Four examples of cloud fractioms)(derived from explicitly modeled TOA radiances
for particle-laden atmospheres. The rst of these is the atmosphere with a 1.5-km-thick layer
of C1 cloud (CLD, Deirmendjian 1969) with a single scattering albede 1 and an optical
thickness =5 at 340 nm centered at 5 km altitude (or pressure level of 545 hPa). The others are
atmospheres with a 1-km-thick layer of aerosols, including SLE 0:996), BIO (! = 0:92)),
and DST [ = 0:900 aerosols (SLF, BIO, and DST models are taken from Torres et al. 2007),
with an optical thickness = 1:5 at 340 nm centered at 3 km altitude (or pressure level of 703
hPa). The insets list the MLER parameteRg, py, Rc, andp, as well as the anglesg, ,, and

) that specify the viewing-illumination geometry.

from Eq. (1.8), which yields

fo= w_ g, (1.9)

In case off . = 0 or 1, surface LERy or cloud LERr. is determined using Eq. (1.6) to ensure
that modeled radiande o, is equal to the measuremdnt. Figure 1.7 shows cloud fractions
(f¢) as a function of wavelength for several examples of particle-laden atmospheres.

The radiance intensity scattered from atmospheric particles varies with wavelength smoothly
without high-frequency spectral structures. For instance, the contributions to TOA radiances
(ITo0a) from backscattering by meteorological clouds change smoothly and slowly with wavelength

(see Fig. 1.7, the CLD curve). The selectiorRyf= 0:8 facilitates the MLER model to closely
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simulate the spectral variation of clouds observed from space (Ahmad et al., 2004), such that
retrievedf . has a small spectral variation (i.¢, nearly the same for different wavelengths)

for most cloudy observations. The small and smooth chande with wavelengths allows its
extrapolation to provide a reliable estimatd gt shorter wavelengths from those determined at
longer wavelengths.

Certain types of aerosols, such as continental aerosols containing soot, smoke from res,
mineral dust from deserts, and ash from volcanic eruptions, both scatter and absorb UV photons
passing through them. Usually, aerosol absorptions cause the underlying surface (including
clouds) to appear darker, more so at shorter wavelengths. The changgairdue to the
addition of aerosols and hence the cloud fractibndr the surface LERry) are smooth in
wavelength (e.g., see Fig. 1.7, smooth curves for weakly absorbing sulfate-based aerosols (SLF),
carbonaceous aerosols from biomass burning (BIO), and mineral dust (DST), Torres et al. 2007).
Thereforef . (whenf. > 0, from Eq. 1.9) ory (whenf. = 0, from Eq. 1.6) determined at longer
wavelengths where atmospheric absorption is weak, maybe linearly extrapolatgde¢osiiive
wavelengths for estimation of contributions to TOA radiance from surface re ection and particle
backscattering (referred to as thg . extrapolation method hereafter).

The UV aerosol index (Al) (Herman et al., 1997; Torres et al., 1998), which measures the
deviation of spectral variation of TOA radiance from that of a pure molecular atmosphere, is
proportional to the spectral slopeused in the 4f . extrapolation scheme. Algebraically, Al is

calculated as the N-value (de ned ad.00 log, | ) difference between the modeldd ) and
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the measured (; ) radiances at a wavelength

Im ()
Al =100 log,, ————M—— 1.10
glo'TOA(;R c) ( )
@ogyyltoa(;R)
=100 ¢ : (1.11)
@R R=Re

Here, the modeled radianteoa ( ;R ¢) is calculated for a molecular atmosphere with an estimated

re ectivity parameteiR, which may be the LER valug or the MLER cloud fractioffi . determined

at a well-separated wavelength € ). The pair of wavelengths used for the Al calculation

are in the UV spectral range with weak molecular absorption and their separati@iould

be suf ciently large & 10 nm) to capture the spectral contrast of Rayleigh scattering. Using

Im( )= ltoa(;R m)=l10a(;R et R),since the re ectivity parametdr,, is derived from

Im( )and R=R;, Re= ¢ ,wearrive atEq. (1.11) from the de nition of Al, Eq. (1.10).

In short, the spectral slope is equivalent to the Al, which is signi cantly positive for particles

(such as smoke, dust, and volcanic ash) with large absorption and slightly positive to negative for

non-absorbing and weakly absorbing particles (such as clouds and sulfate aerosols). Note that

for the conventional Al (a.k.a. LER Al) calculation, radiance)s is modeled for a Rayleigh

scattering-only atmosphere over a Lambertian surface. To capture the spectral slopefaf the

extrapolation scheme, we switch the LER treatment with the MLER modelingf for Al

calculation. The resulting MLER Al is usually higher than the corresponding LER Al when

fc > 0, but otherwise can be similarly used to indicate the presence of UV-absorbing aerosol.
The MLER treatment enables the modeling of measured radiances without the knowledge

of the optical properties or the full vertical distributions of atmospheric particles. The accuracy

of the modeled radiances at the extrapolated wavelengths depends on how close the MLER
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Figure 1.8: Mean photon path lengting, normalized by the geometric AMfAg, of EPIC bands

1 and 2 as functions of altitudefor particle-laden atmospheres and their MLER treatments. See
the caption of Fig. 1.7 for the description of aerosol characterizations, MLER treatments, and the
viewing-illumination geometry.

parameterr( or f ;) follows the linear relationship among different wavelengths. In reality, the
spectral dependence of natural surface re ectigh@r particle scattering and absorptidp)are
nonlinear, though moderately as exempli ed in Figs. 1.3b and 1.7, therefbgeextrapolation

yields small errors img or f c at the extrapolated wavelengths. The radiance uncertainties associated
with ther 4f . extrapolation error are below 1% for the vast majority of remote sensing observations.
Higher radiance uncertainties usually occur in the presence of highly elevated or strongly absorbing
aerosols. These observations may be agged with high Al values.

In addition to the mostly small radiance errors at the extrapolated wavelengths, the MLER
treatment can simulate the photon sampling of particle-laden atmospheres with a diverse range of
particle types and vertical distributions. Figure 1.8 shows comparisons of mean photon path
lengths of particle-laden atmospheres with those from the corresponding MLER treatments.
These comparisons illustrate that the layer mean photon paths based on the MLER model deviate

from those of the particle-laden atmospheres, mostly in the region immediately above the particles

25



down to the underlying surface. These deviations diminish with higher altitudes where lower
air density reduces the chance of photons being scattered. Since the vast majority of clouds
and aerosols are in the lower troposphetre (0 km), the MLER treatment does not introduce
signi cant AMF errors in accounting for @absorption, which occurs mostly in the stratosphere.
This is similar to how the Lambertian treatment of surface re ection works for the estimation of
total O; absorption (see section 1.2.2).

The MLER treatment relies on a few adjustable parameters, including the cloud fraction
f. and cloud pressurg;, to model a vast range of conditions encountered in remote sensing of
Earth's atmosphere. The cloud fractibg) obtained directly from radiance measurements using
Eqg. (1.9), provides an estimate of the cloud amount in an IFOV. The pregsaféhe elevated
Lambertian surface needs to be set at a proper level to best approximate the layer mean photon
paths of a particle-laden atmosphere. As seen in Fig. 1.8, the optimal placement of the elevated
Lambertian surface is within the particle layer,mdocates too high or too low from the optical
centroid pressure (OCP) (Joiner and Vasilkov, 2006; Vasilkov et al., 2008) would make layer
mean photon paths deviate further from those of the particle-laden atmosphere. The effective
cloud pressures retrieved from the EPIC measurements, gi-8and (Y.Y.Yang et al. 2019)
are usually located within the particle vertical distributions and therefore used to set the cloud
pressureg. for processing EPIC observations.

The use of OCP fop. enables the MLER model to account for the measurement sensitivity
change when a layer of particles is introduced into the atmosphere: enhancing the photon attenuation
by absorbers inside and above the layer, while reducing them below, as the mean photon paths or
AMFs from the MLER model lengthen aboysg, but shorten below it, as illustrated in Fig. 1.8.

Since the MLER model captures the enhancement and shielding effects on trace gas absorption by
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Figure 1.9: Filling-in factors%='sss e 100 for EPIC UV bands as a function zenith
angle at two surface pressumgg = 0:7 ATM and p; = 1:0 ATM, with a surface albedo of
rg=0:1L

atmospheric particles, itis widely adopted due to its simplicity for retrievals of trace gases besides
O3, such as N@and SQ in the troposphere. However, sizeable AMF errors are prevalent for
modeling tropospheric absorptions based on the MLER treatment, which usually yields signi cantly

different mean photon paths from those of explicit treatment in the troposphere.

1.2.4 Inelastic molecular scattering

The scattering of sunlight with atmospheric constituents is mostly elastic, i.e., the energy
and thus the wavelength of a photon remain the same before and after the interaction. But a
small portion ( 4%) of molecular scattering is inelastic, resulting in energy gain or loss of the
scattered photons. Speci cally, the rotational Raman scattering (RRS) from air molecules (such
as nitrogen and oxygen) can alter the wavelengths of scattered photons, with UV wavelength
shifts < 2 nm (Chance and Spurr, 1997; Joiner et al., 1995; Vountas et al., 1998). These
inelastic scatterings cause the lling-in of telluric lines (i.e., trace gas absorption features) and
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solar Fraunhofer lines (also known as the Ring effect, which was rst noticed by Grainger and
Ring 1962).

The lling-in effect is a function of wavelength and depends on the optical properties of
the atmosphere, the viewing and illumination geometry, and the surface re ectivity and pressure.
The lling-in effect also depends on the ISRF, especially on the instrument spectral resolution,
which is the width of its ISRF, since the measured radiance of a band is a convolution of spectral
radiance and the ISRF (see Eq. 1.1). This effect is quanti ed with the lling-in factors, de ned
as%= (lrrs lEeLa )=leLa , Wherel g a is the TOA radiance calculated assuming all molecular
scattering is elastic, whilégrs includes the inelastic (RRS) contributions. To illustrate the
signi cance of RRS, we show in Fig. 1.9 examples of the lling-in factors, calculated for EPIC
bands using the scalar LIDORT-RRS radiative transfer code (Spurr et al., 2008). Since RRS is
weakly dependent on polarization, a scalar radiative transfer model, from whichattand
|rrs are calculated without including radiation polarization, can accurately provide lling-in
factors (Landgraf et al., 2004; Wagner et al., 2010).

The lling-in factors provide estimates of the modeling error$iga when RRS contributions
are neglected, and results in Fig. 1.9 show variations of modeling errors with different observing
conditions. These errors are usually systematic for a spectral band and are between half to
one percent for measurements of EPIC bands 1 and 2. These errors are suf ciently large that
corrections are required for achieving high1%6) O; retrieval accuracy. The lling-in factors
(%, modeled using a scaler code (like LIDORT-RRS), may be used to correct the résght3 (
from vector radiative transfer codes (e.g. Dave, 1964; Spurr, 2006) that perform elastic modeling

only, i.e., the RRS corrected TOA radianed 1oa (%+ 1).
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1.3 Inversion technique

Section 1.2 describes algorithm physics treatments of interactions of solar radiation with
atmospheric particles and surfaces to enable RT modeling of photons traversing through a molecular
atmosphere to reproduce the measured TOA radiances with photons that follow the paths similar
to those through the actual atmosphere and therefore establish the relationship between spectral
measurements and the atmospheric state, as well as surface re ectivity and instrumental parameters.
At its core, the RT modeling sets up a forward mapping from the vertical distributions of gaseous
absorbers and the surface re ectivity parameters to measured TOA radiances. The retrieval of
gas absorbers, such as @nd SQ, is the inverse of this mapping, i.e., to nd their vertical
distributions and the surface re ectivity parameters for which forward modeling closely reproduces
the measured TOA radiances. However, this inverse mapping is inherently an ill-posed problem,
as the solution is not unique, i.e., more than one set of pro les and surface parameters can yield
the same measurements. This problem is made worse with measurement uncertainties, which
expand the pro le and surface combinations that can reproduce, within error bars, the measured
spectra.

For successful inversion, analytical constraints are placed on the pro les of gas absorbers
and the spectral variations of ground re ectivity and atmospheric particle (aerosol and cloud)
back-scattering. For Oretrieval, Eg. (2.1) embodies the pro le constraint, while the MLER
model withr ¢f . extrapolation regulates the surface re ection and particle back-scattering. These
constraints control the dimension of the inverse mapping space and manifest themselves as the
retrieval (i.e., adjustable) parameters, which, in the case sofe@ieval, consist of total ©

column , a number ) of modal expansion coef cients ;k = 1:::pg, surface LER I(s)

29



or cloud fraction {), and a numberd) of polynomial coef cientsf¢;l = 1:::0g of thersf.
extrapolation. The set of adjustable parameters forms the state verteh¢se lengthrf) is

the dimension of inverse mapping space. Proper selection of adjustable parameters by limiting
the number of the modal coef cientp ( 0) and the polynomial coef cientsg 1) ensures

the inverse problem is well-posed and simultaneously maximizes the amount of information
collected from the spectral measurements. Herel indicates no modal expansion, equivalent

to restricting the pro le to a climatological column-dependent o le, and g = 0 for the

spectral invariant re ectivity parameter.

1.3.1 Exact solution

Conceptually, the inversion is to nd the state vectoythat satis es a set ah simultaneous
equationsf y; = 0;i = 1:::mg, one for each spectral band differencey; = In Iy ( )
Inltoa(X; i), between the radiance measurenigntand the forward modelintroa. Here
the wavelength that characterizestfle(1 i  m) spectral band andy; the residual of this

band. In matrix form, then simultaneous equations can be expressed as

y =0; (1.12)

where vy isresidual column vectdr y;;i =1 :::mg. Since the forward mappingoa (X) is a
nonlinear function of the state vectorand has no analytical inverse, the solution to Eq. (1.12) is

usually obtained iteratively. The iteration is started with an initial (i.e., iteration nuinbeD)
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state vectok to linearize the equation between residuals and the state vector

X -
Vi =1In IM( i) |n|TOA(X|_; i) | (Xj XLj)@ang?((X, |) _ ’

(1.13)

wherex; andx,; are thej ' components ok andx, respectively, x; = x; XLj thejth
components of state adjustment vector, #nd= €reelel - the Jacobian, also known
as the weighting function for the retrieval parametgrat spectral band;. The m residual

elements, each written in Eq. (1.13), can be expressed in matrix form as

y= vy K x; (1.14)

where vy, isthe columnvectofinly( i) Inltoa(XyL; i);i=1:::mg, X=X X_ the
state adjustment vector, akdthem n Jacobian matrix withthéK; ;i =1:::m;j =1:::ng

as its elements. Putting Eq. (1.14) into Eq. (1.12) yields

I
~
~.><

YL (1.15)

which may be solved exactly (under strict conditions) to determine state adjustment vector

After each iteration, the linearization state vector is updated to

Xi+1 = XL+ X: (1.16)

The nal statex is found when the iteration converges, i.e., when the absolute change of state

vector Xx is below a threshold.
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The linear equation (Eqg. 1.15) may be solved exactly only when the number of measurements
is equal to the number of retrieval parameters (ne= n) and the Jacobian matrk is invertible
(i.e., non-singular matrix), as exempli ed in the well-known TOMS-V8 totglayorithm (Bhartia
and Wellemeyer, 2002). The TOMS-V8 algorithm determines the two-component state vector,
x = f ;rsorf.g, fromradiance measurements of two spectral bands: one with ise3itivity
to estimate the MLER parametear; (0r f ), and the other with high ©sensitivity to derive total
Os3 column . However, few other algorithms adopt this inversion method, since it requires
n andK being a nonsingular matrix. Even if both these conditions are met, inverting Eq. (1.15) to
obtain exact solutions tends to enhance the impact of measurement uncertainties (noises) on the
retrieved results, as in cases tKaimatrices are nearly but not quite singular. These cases occur
when the spectral variation of a Jacobian has some similarity or a high degree of correlation with
that of another retrieval parameter, leading to algorithm dif culty in distinguishing two retrieval
parameters corresponding to the two Jacobians, thus yielding unstable retrieval results, such as

in the case of simultaneous retrieval of total&nd SQ columns from EPIC UV measurements.

1.3.2 Direct tting

Since spectral measurements have errorsnar@l n in general, the inversion is achieved

by nding the solutionx that minimizes the cost function

I
<
_|
)]
.
<

(x)= S 2y 2 (1.17)

= SRR (1.18)
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whereS is the measurement error covariance matrix, withiftsdiagonal element equal to
i2. Here ; is the fractional standard deviation of radiance error of itheband. In case
of independent measurement error, i.e., no error correlation between different spectral bands,
Eq. (1.17) can then be explicitly written as Eq. (1.18), which is the formulation of the least-
squares method.
The minimization of the cost function can be started by linearizing the residuals with an

initial (i.e., iteration numbek = 0) state vectok, . Substituting y (Eg. 1.14) into Eq. (1.17),

we minimize this cost function to obtain the state adjustment vector

x=(KTS '*K) *KTS ' y = Gpr yi; (1.19)

which is the solution of linear weighted least-square regression. Bege= (K™S K) KTS 1!
is the direct tting (DF) gain matrix.

This procedure of iterative minimization of the difference between measurements and
modelings to determine the bulk parameters is called the direct vertical column tting (DVCF)
algorithm. The DVCF algorithm is quite general and valid for both discrete-wavelength and
hyperspectral measurements, as well as for different types of retrieval parameters, such as MLER
parameters, layer partial columns of various absorbing trace gases, and their total vertical columns.
This algorithm has been applied to retrievals of totglv@rtical column (Joiner and Bhartia,
1997; Lerot et al., 2014; Yang et al., 2004), combo of totala®@d SQ vertical columns (Yang
et al., 2007, 2009a, 2013), combo of &nd altitude-resolved SQrertical columns (Yang et al.,
2009b, 2010), and stratospheric and tropospherig M&tical columns (Yang et al., 2014).

This algorithm is named DVCF to contrast with the DOAS (the Differential Optical Absorption
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Spectroscopy) method (Platt, 2017), which derives a slant column and then uses an air mass factor
(AMF) at a single wavelength §) to converts it to a vertical column.

In general, the DVCF algorithm works well when the changes in radiance measurements
responding to changes in the state vectors are signi cantly different between any two retrieval
parameters, i.e., that columnskf which are the Jacobians of a retrieval parameter at different
wavelengths, exhibit signi cantly different spectral dependence from one another. This is usually
true for any two bulk retrieval parameters over a suf ciently broad spectral range, such asgtotal O
column () and an expansion coef cient () of differential pro le ex (see Eq. 2.1), or the SO
vertical column and its layer altitude. With measurements from a broad spectral range, the DVCF
algorithm can discriminate subtle spectral features contained in hyperspectral measurements to
enhance the retrieval accuracy (e.g., Yang et al. 2009b, 2010). Besides contrasting with the
DOAS method, the name DVCF emphasizes vertical column because this algorithm is usually
not suitable for traditional pro le retrieval, due to the high similarity of partial column Jacobians

between adjacent layers and hence the dif culty in distinguishing their partial columns.

1.3.3 Optimal estimation

In many cases, such as sparse spectral sampling or narrow spectral range, the performance
of the direct tting inversion method may decline as a result of limited information contained
in the spectral measurements. For stabilizing the retrieved results, the inversion process can be
regulated with an additional constraint, which is frequently based oa ftv@ri knowledge of

the retrieval parameters. Algebraically, addingaapriori constraint to Eq. (1.17) yields a new
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cost function

()= y'St y+(x xa)'S;'(x Xa); (1.20)

wherex, is thea priori state vector ané, the a priori state vector covariance matrix. The

rst term on the right-hand side (r.h.s) of Eq. (1.20) strives to diminish the difference between
measured and modeled radiances, performing the same function as the direct tting retrieval,
while the second r.h.s term seeks to reduce the deviation of retneveam the a priori Xs.

This a priori constraint effectively stabilizes the retrieval by guiding the state vector adjustment
when the measurements contain little information to differentiate the contributions from different
components of the state vector. Using the optimal estimation (OE) technique (Rodgers, 2000) to

minimize the cost function Eq. (1.20) yields a posterior state adjustment vector &t iteration

x=(S,*+KT'S '*K) {K's ' y. +S, xa) (1.21)
=(S,'+KTS 'K) ' KTS ' KGpr yL + St Xa (1.22)
= XaL t SaKT(KSaKT + S) l( yL K XaL); (1-23)

where Xz = X; X, and the primed quantities are de ned in section 1.3.2. Insetting
(KTS IK)KTS 1K) t ann nidentity matrix in front of theternK 'S ' vy, in Eq. (1.21)
yields Eq. (1.22). At iteration. = O, a state vector close to the actual one is sought to be the
initial state vectorxy, and a frequent selection is tlepriori state vectorxo = X,. Thisis a
more robust inversion scheme that worksior> n, m = n, andm < n. Eq. (1.23) is often
used in the case oh < n, as the inversion deals with am m (i.e., a smaller) matrix.

Eqg. (1.22) describes the difference between the current and previous state vectssa
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combination of the direct tting solutiopr Yy, (see Eq. 1.19, which is derived without any
a priori constraint) and the difference between ¢hpriori and the previous state vectorsc,.
weighted by matrice& 'S K andS,? respectively. For the state vector component with a
stronga priori constraint, i.e., a small variance 83, the retrieved result gravitates towards the
value of thea priori state vector, while for the one with a weak constraint, i.e., a high variance in
Sa, its retrieved value is primarily determined from the measurements.

The variance of a retrieved parameter is equal to the corresponding diagonal element of the
covariance matriXS,! + KTS 1K) ! (see Eq. 1.22), thus less or equal to the corresponding
a priori variance in thea priori S, matrix. In other words, the change magnitude of a retrieval
parameter at each iteration is usually smaller thaa psiori standard deviation. Consequently
the OE method can be used as an inversion scheme to ensure retrieval stability and preserve the
dependence of the retrieved results on the measurements, through a careful construction of the
a priori covariance matribS,. To further reduce the dependence ondheriori state vector, it
is updated at each iteration with the linearization point, setting x._, and hence Eq. (1.21)
becomes

x=(S,*+KT'S K) '*K'S?! y =G vy; (1.24)

whereG = (S,'+ KTS 1K) KTS 1listhe optimal estimation gain matrix. This setting oats
the anchor point of the retrieval, allowing the measurements to drive the iteration to its nal state,
with thea priori covariance to limit the deviation from the anchor.

By relaxing thea priori constraints through increasing the diagonal terms (i.e., the variances)
of S, such thatS,* ! 0, G becomesGpr and Eq. (1.21), as well as Eq. (1.24), becomes

Eqg. (1.19). In other words, the direct tting inversion is a special case of the OE inversion scheme,
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Figure 1.10: EPIC bandpass-averaged cross sectidasO; and SQ at 280 Kelvin and their
ratio, = (SQ,)/ (O3).

which is more appropriately called the regulated direct tting inversion. Using the knowledge of
their variances §,) to limit some of their ranges while allowing others to change freely, the
DVCF algorithm with regulated inversion scheme is suitable for retrieving multiple parameters
from discrete measurements . It is applied to EPIC UV observations for simultangaausdO

SO, retrievals.

1.4 Outline of the thesis

This dissertation addresses the current status & recent progress regarding trace gas retrievals
from spaceborne UV measurements via the DVCF algorithm, including retrievyran@® SQ

from DISCOVR EPIC, and retrieving NGrom NOAA-20 OMPS and SNPP OMPS instruments.

» Chapter 1 describes the general background and theoretical principle for satellite remote
sensing of trace gases, including the physical processes contributing to the satellite spectral
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measurements, mathematical procedures, and retrieval inversion techniques.

» Chapter 2 to 4 discuss the retrieval processespai@ SQ from EPIC UV bands. We
present two innovative algorithm improvements (improvedp@ le representation and
the SOE scheme), a thorough error analysis to quantify retrieval uncertainties due to various
sources and simpli ed algorithm physics treatments, and validation of ERI&@n@ SQ
products with correlative data (Brewer spectrometers, MERRA-2 reanalysis, and OMPS-

NM on SNPP).

» Chapter 5 to 6 present a suite of efforts behind the new NOAA-20 OMP§g iN@luct
development, including retrieval algorithm, instrument measurement sensitivity assessment,
inter-comparison with OMI tropospheric and stratospheric columns, validation against Pandora

measurements, and an application during COVID-19 pandemic.

» Chapter 7 to 8 focus on validation and algorithm improvements for the troposphegic NO
column retrievals from SNPP OMPS UV measurements. OMPS colunmnis\@lidated
against MAX-DOAS measurements acquired from two stations in eastern China. We
proposed three algorithm improvements with demonstrated success in improving the accuracy

of OMPS NQ retrievals.

» Chapter 9 presents a summary of this thesis and future research directions.
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Chapter 2: @Qand SQ retrievals from EPIC UV channels

2.1 The DSCOVR EPIC instrument

The Deep Space Climate Observatory (DSCOVR) was launched on theflRebruary
2015, and after a 116-day journey maneuvered successfully into its Lissajous orbit around the rst
Earth-Sun system Lagrangian (L1) point, which is about 1.8k from the Earth and located
between the Sun and the Earth on the ecliptic plane. At the L1 point, where the net gravitational
forces equal the centrifugal force, DSCOVR orbits the Sun at the same rate as the Earth, staying
close in line along the Sun and the Earth and thus allowing the Earth-pointing EPIC to monitor
the entire sunlit planet continuously.

The Earth Polychromatic Imaging Camera (EPIC) measures the solar backscattered and
re ected radiances from the Earth using a 2-dimensional (2@8!8) charged-coupled device
(CCD), recording a set of ten spectral images using different narrowband lIters successively.
While EPIC may observe the Earth continuously from the vicinity of the L1 point, only a number
of spectral image sets are taken in a day, limited by accessible contact windows of the two ground
stations located in Wallops island (Virginia) and Fairbanks (Alaska). Currently, between 13 and
22 spectral image sets, recorded at a sampling rate of one set in every 110 minutes during boreal
winter and every 65 minutes during boreal summer, are transmitted back to the ground stations
in a day.
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EPIC takes about six and a half minutes to complete an image set. The rst in the set
is the blue band (centered at 443 nm), which také& minutes to complete the imaging at
native resolution (20482048 pixels). The images of the nine remaining bands are recorded
sequentially at a reduced resolution (102024 pixels, achieved through an onboard average of
2 2 pixels), separating by a time cadence &0 seconds between adjacent bands. Due to the
Earth rotation and spacecraft jitter, each spectral image records a slightly different (i.e., rotated)
sunlit hemisphere. As a result, the images of two different channels appear to be displaced
from each other, usually by a distance of about one to a few native pixels, depending on their
observation time difference.

Each native pixel has al arc second or 2.778L0 4 degree angular instantaneous eld
of view (IFOV), yielding a geometric ground footprint size oB 8 kn? at the image center
of the sunlit disk. The effective footprint size is about 1M kn?, which is larger than the
geometric one due to the effect of the optical point-spread function of the EPIC imaging system.
For a reduced resolution image (1024024 pixels), the effective central ground IFOV size is
about 18 18 kn?, which is signi cantly smaller than the nadir footprints of some past and
present satellite instruments that provided global ozone mapping from the low Earth orbit (LEO),
such as the Total Ozone Mapping Spectrometer (TOMS, nadir pixel siz&®®&nY) on a
series of satellites, the Scanning Imaging Absorption Spectrometer for Atmospheric Cartography
(SCIAMACHY, 60 30 kn?, Bovensmann et al. 1999) on ESA's ENVIronmental SATellite (ENVISAT),
the Ozone Mapping and Pro ler Suite Nadir Mapper (OMPS-NM, 50 kn?, Flynn et al.

2014) on Suomi National Polar Partnership (SNPP), the Global Ozone Monitoring Experiment-2
(GOME-2, Callies et al. 2000; Munro et al. 2016) on Metop-A (40 kn¥), Metop-B (80 40

km?), and Metop-C (8040 kn?). Though it is slightly larger than the nadir footprint of the
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Figure 2.1: (a) Example of EPIC Field of View (FOV): EPIC earth image at 11:40:31 UTCon 4
September 2015. Image source: NASA EPIC Team, https://epic.gsfc.nasa.gov. (b) Viewing and
illumination angles are taken from FOV on the left. The subsolar point is marked on the map
with a yellow dot. The area shaded with midnight blue is in the dark, i.e., without direct sunlight,
while the unshaded area is the sunlit hemisphere, with sunrise on the left (west of subsolar point)
and sunset on the right (east of subsolar point). Contours of solar zenith angles (SZAs, blue
dashed lines) and viewing zenith angles (VZAs, red dashed lines), going froto 80 with a

step 10, are shown in the sunlit area. Note that the SZ§ énd VZA ( ,) of an EPIC IFOV

have similar values and both angles increase as the IFOV moves from the center towards the edge
of the sunlit disk.

Ozone Monitoring Instrument (OMI, 1324 kn¥, Levelt et al. 2006) on Aura and the OMPS-NM
(17 13 kn?, Flynn et al. 2016) on NOAA-20, and much bigger than that of the TROPOspheric
Monitoring Instrument (TROPOMI, 5.53.5 kn¥, Veefkind et al. 2012) on the ESA Sentinel-5
Precursor (S5P), EPIC's spatial resolution are suf ciently high to map small-scaleatral
variations and observe many volcanic emissions, from degassing to eruption.

EPIC, combining moderate spatial resolution with high temporal cadences from the unique
vantage point of L1, provides unprecedented Earth observations, from sunrise to sunset simultaneously
(see Fig. 2.1). This synoptic (i.e., concurrent, globally uni ed, and spatially resolved) perspective
is quite distinctive from satellite observations from a LEO or a geostationary Earth orbit (GEO):

LEO observations are often made within a narrow range of local time with a small number of

samplings at a location per day, while GEO observations have limited spatial coverage, constrained
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to roughly 60 away from its position. The EPIC observations can have simultaneous co-located
observations with measurements from any contemporaneous LEO and GEO platforms, allowing
direct comparisons and synergistic use of data acquired from different perspectives. This overlapping
feature has been exploited to calibrate some EPIC channels by matching its measured albedo
values to those of OMPS-NM on SNPP (Herman et al., 2017).

The ten narrow bands of EPIC, spanning ultra-violet (UV), visible, and near-infrared wavelengths,
are selected to yield diverse information about the Earth, from atmospheric compositions to
surface re ectivity and vegetation. Four of the ten bands measure UV spectral radiances, which
are used primarily for total ozone §iretrievals. These UV bands also provide sensitive detection
of sulfur dioxide (SQ) and volcanic ash, both of which may be episodically injected into the

atmosphere during explosive volcanic eruptions.

2.2 The improved @and temperature vertical pro les

As shown in section 1.2.1, the;®ertical distribution or pro le directly affects the magnitude
of a measured radiance in the spectral region with signi cayal@orption. Hence the interpretation
of radiance change due to;@bsorption requires some knowledge of its pro le. In general, the
retrieval of quantitative information about a gaseous absorber (such andSQ) requires
a model to prescribe its vertical distribution. The skill of this model in representing the actual
vertical distribution of the absorber contributes signi cantly to the quanti cation accuracy. In this
section, we describe a recently developg®p® le model for remote sensing retrieval algorithms
and its improvements over the model commonly used by other tgtalgorithms.

Ozone is naturally present throughout the atmosphere and its spatial and temporal distribution
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controlled by atmospheric processes gfgoduction, destruction, and transport. ThedBtribution
exhibits a high abundance og@® the stratosphere and a minor portiorl{0%) in the troposphere,
with the peak @ concentration occurring at a lower altitude as the latitude increases towards
the poles. These characteristics are well captured Hppr@le climatologies (e.g. Fortuin and
Kelder, 1998; McPeters and Labow, 2012; McPeters et al., 2007), which provide the mean
and variance of @ vertical distribution as a function of latitude and calendar month. These
climatologies also reveal that;ro le has the highest variability in the upper troposphere and
lower stratosphere (UTLS), contributing the most to the natural variations in tetdll@s high
O3 variability is the consequence of atmospheric movements that blend air masses with different
O3 concentrations, such as uplifting og @oor air in the troposphere or lowering o @ch air in
the stratosphere resulting from the rise and fall of the tropopause. Predictos$od @ shape,
including tropopause pressure and total €@@lumns, are developed to capture the dynamical
in uences on Q@ vertical distributions, resulting in the construction of tropopause-sensitive (Bak
et al., 2013; So eva et al., 2014; Wei et al., 2010) and total-column-dependent (Bhartia and
Wellemeyer, 2002; Labow et al., 2015; Lamsal et al., 2004; Wellemeyer et al., 193tp@e
climatologies.

The G; pro le model for the Total Ozone Mapping Spectrometer Version 8 (TOMS-V8)
total O; algorithm combines the latitude-dependent monthly mean Labow-Logan-McPeters (LLM)
climatology (McPeters et al., 2007) with the latitude- and total-column-dependent annual mean
climatology (Bhartia and Wellemeyer, 2002) to determine th@R le as a function of latitude,
time (day of year, DOY), and total {column. This model has been adopted by nearly all the
contemporary total @algorithms (e.g. Bhartia and Wellemeyer, 2002; Eskes et al., 2005; Lerot
et al., 2010, 2014, Loyola et al., 2011; Van Roozendael et al., 2006, 2012; Veefkind et al., 2006;
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Wassmann et al., 2015), owing to its capability of characterizigg le variation with the
total column.

To improve the representation ok @ro le, we construct both tropopause-dependent and
total-column-dependent climatologies using the Modern-Era Retrospective Analysis for Research
and Applications version 2 (MERRA-2, Bosilovich et al. 2015; Gelaro et al. 20%7)e€ord
between 2005 and 2016. The total-column-dependent climatology, named M2TCOS3, is more
appropriate for use as the@ro le model needed by a total{algorithm, as it is generally more
reliable than the tropopause-dependent version in prescribing realighio@es (Yang and Liu,

2019).

Figure 2.2 compares daytime M2TCO3 (Yang and Liu 2019, referred to as M2TCO3
hereafter) and TOMS-V8 pro les for two months and four latitude zones, illustrating the similarities
and differences between the twg @odels. Both show north-south asymmetry, i.e., pro les
in the northern hemisphere differ from those in the southern hemisphere for the corresponding
months and latitude zones (e.g., September an8-680 S vs. March and 5(N—60 N in Fig. 2.2),
substantial seasonal variations (e.g.,$€b0 S, March vs. September in Fig. 2.2), strong dependence
on latitude, exhibiting lower altitudes ofsoncentration peaks at higher latitudes for similar
total columns, and characteristic dependence on the total column, which gets smaller with a
higher Q peak altitude (e.g., March and 30-60 N in Fig. 2.2). Figure 2.2 shows good
agreements of zonal mean pro les (e.g., close matches between solid black and dotted black
curves in each panel of this gure), but signi cant differences between M2TCO3 and TOMS-V8
pro les for similar total columns. These differences are due to TOMS-V8's use of annual mean
column-dependent climatology to account for pro le variations with the total column throughout

the year (Bhartia and Wellemeyer, 2002), thus ignoring the signi cant seasonal dependence. An
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Figure 2.2: Prole comparisons between M2TCO3 and TOMS-V8 for two months (March
and September) and four latitude zones: $&60S, 30S-20S, 20N-30 N, and 50N-60 N.
Colored solid lines represent M2TCO3 pro les, while the dotted ones for TOMS-V8 pro les.
The color of a solid line indicates the percentage occurrence of the climatological pro le, and its
line legend displays the mean tropopause altitude and the mean total colofrif@ pro le.

The solid black lines represent the downgraded M2TCO3 (i.e., the monthly zonal mean) pro les
and dotted lines are TOMS-V8 monthly zonal mean (i.e., the LLM climatological) pro les.
Here pressure altitude is de ned ds = 16 Ioglo[%s], wherep is pressure level (in hPa) and

ps = 1013:25hPa.
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Figure 2.3: Examples of M2TCO3 climatological pro les for the southern midlatitude zone

in March (panel a) and the northern midlatitude zone in September (panel b), the associated
correlation matrices (panels ¢ and f), and the corresponding mogat@es (panels b and

e). The blue shaded areas in panels a and d are within one standard deviation of the mean.
The correlation matrices in panels ¢ and f are standardized (i.e., diagonal element normalized
to 1) covariance matrices. The ve modal pro les in panels b and e are the rst ve ordered
eigenvectors (also known as empirical orthogonal functions or EOFs) of the corresponding
covariance matrices, with percentages of the pro le variance explained by the EOFs displayed in
the line legends. The text box in each panel displays the average tropopause altitude (in km) and
the average total £column (in DU) for the climatological pro le.
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additional de ciency of TOMS-V8 contributing to the differences is its inadequate representation
of latitude-dependent £pro le variation with the total column, including broad (30atitude
zones and omission of north-south asymmetry. These de ciencies are eliminated with M2TCO3,
which improves the realism of {pro le representation.

In short, M2TCO3 better captures the dynamical changes and spatiotemporal variations in
O3 pro les with higher resolutions in total £column (25 DU), latitude (10, and time (monthly).
Taking into account the substantial change of atmospherm/@r a long time, M2TCO3 is more
accurate to represent atmosphericv@rtical distribution from recent past to near future than the
TOMS-V8 model, which was compiled from earlier satellite and ozonesonde data (mostly from
the 1980s and 1990s, McPeters et al. 2007; Wellemeyer et al. 1997). Hence we use the M2TCO3
climatology as the @pro le model for total G retrieval from EPIC.

The M2TCO3 climatology contains not only mean pro les that represent the likgly O
vertical distributions, but also the moda} @djustment pro les that specify the probable deviations
from the means. These modal pro les are determined from ther@le covariance statistics,
as illustrated in Fig. 2.3, showing examples of M2TCO3 climatologicalp@® les and the
associated modal pro les, which are the eigenvectors (also known as the Empirical Orthogonal
Functions or EOFs) of the pro le covariance matrices. Algebraically the representation gf an O
pro le X is expressed as

xP
X =Xm(v)+ k e(v); (2.1)
k=1
whereX 1, (V) is a climatological pro le that depends on a set of variabewhich for M2TCO3

consists of the total column ), time, and locationg,(v) is thek™ modal pro le, | thek"

coef cient, andp the number ok (v), with a maximum equal to the number of levels used to
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represent an ©pro le in the climatology. Usually, a few modal pro les are suf cient to account

for the majority of pro le variance. For example in Fig. 2.3, the rst ve EOFs (panels b and
e) of the covariance matrices (panels ¢ and f) account for 80% pro le variances (blue shaded
area in panels a and d). An actua fro le X, which deviates invariably from the mea,,,

can be accurately represented using Eq. (2.1) with a small number of expansion coef gients
Much like the mean the pro l&X , represents the most probable vertical distribution gf tBe
modal pro les,feg; k = 1:::9, describe the most, the second most, and so on, likely vertical
patterns of deviations from the mean pro le. Each modal pro le describes a rearrangement,
like shifting, shrinking, or broadening, of the mean pro le without substantially changing the
total column. With these modal pro les constraining how a pro le can be adjusted, the retrieval
algorithm can exploit the ©pro le information contained in multi-spectral measurements to
improve the Q pro le representation by determining one or more linear expansion coef cients

f «;k =1:::9. Note that for most total ozone algorithms, thgpo le representation is limited

to the climatological mean only, equivalent to restrictipg= 0 for all k in Eq. (2.1).

The total column is a good predictor of ag @ro le, especially accurate for the shape in the
stratosphere, but less so in the troposphere. Troposphgextbits characteristic spatiotemporal
distribution, which is captured in the MERRA-2 tropospherig imatology (Yang and Liu,
2019). To better represent thg Pro le, the tropospheric part of a column-dependent M2TCO3
prole, X, is scaled with the ratio of the MERRA-2 climatological tropospheric column to the
tropospheric column integrated from the downgraded M2TCO3 pro le (see Fig. 2.2 for sample
M2TCO3 and downgraded M2TCO3 pro les). In other words, the prakg, in Eq. (2.1) has
its tropospheric part tied to the spatiotemporally varying climatological tropospheric column, to

which the tropospheric column of the meXdg, pro le (obtained by averaging over the different
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column amounts) is matched.

In addition to knowledge of pro les of light-absorbing trace gases, suchs;aan@ SQ,
radiative transfer modeling of measured radiance requires knowledge of the atmospheric temperature
pro le because the absorption cross-sections of these trace gases depend on temperature signi cantly.
For total G retrieval from EPIC, this knowledge is taken from the temperature pro le climatology
created from MERRA-2 data together with the ozone pro le climatlogy (Yang and Liu, 2019).
This temperature climatology provides mean temperature pro les corresponding to the climatological
Oz pro les, capturing the dependence of temperature pro le on season and location, as well as the
variation of temperature with £pro le. It is an improvement over the TOMS-V8 temperature
pro le climatology, which provides latitude-month dependent temperature pro les, but without

accounting for the strong correlation between temperature gmuiddes.

2.3 Retrieval procedures using the DVCF algorithm

EPIC have four UV channels (see Fig. 1.1), referred to as B1, B2, B3, and B4 and characterized
by wavelengths ; = 317:5 nm, , = 325:0 nm, 3 = 340:0 nm, and , = 388:0 nm,
respectively. The radiance measurements from shorter UV channels, EPIC B1 and B2, are
sensitive to both @and SQ absorptions (see Fig. 1.10), containing information that allow the
retrieval of total @ and SQ vertical columns, provided that the re ectivity of the underlying
surface is known. This knowledge is obtained from the radiance measurements of EPIC B3
and B4, the longer wavelength channels. These channels provide information about the surface
re ection and particle back-scattering and have very low sensitivitiesstar@ SQ absorption,

such that changes in;@&nd SQ amounts result in little difference in the radiance measurements
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of these two bands. The re ectivity determined from B3 and B4 is used to estimate the re ectivity
at the shorter wavelength {Gsensitive) channels, accomplished with thé. extrapolation
scheme (see section 1.2.3). The re ectivity spectral slkpmé this extrapolation is proportional
to the Al (see Eq. 1.11). The re ectivity paramet®)(is either the LER valueg estimated from
Eqg. (1.6) or the MLER cloud fractioh, from Eq. (1.9) depending on the valuefef R = rswhen
fc=0,R = f.whenf. > 0, and its spectral slope is calculatedcas (Rs R3)=( 4 3).

In this section, we describe the application of the DVCF algorithm to EPIC UV measurements,
the scheme to solve the dif culty arisen from the non-coincidence among the different EPIC

spectral observations, and examples to illustrate the success of this application.

2.3.1 Re ectivity correction by spatial optimal estimation (SOE)

The estimation of @column from EPIC radiance measurements requires accurate re ectivity
information of the underlying surface, which is extrapolated from the re ectivity determined at
the longer wavelength bands (B3 and B4), but the uncertainty of this extrapolation becomes large
due to EPIC's asynchronous spectral measurements. Unlike most space-borne UV instruments
which provide coincident measurements from different spectral bands, EPIC takes the spectral
images sequentially, separating by a time delay 8D seconds between adjacent UV bands.
Due to the Earth's self-rotation and spacecratt jitter, different spectral images record slightly
different (i.e., rotated) sunlit hemispheres. The geolocation procedure of EPIC (Blank, 2019)
aligns different spectral images and further re nes the band-to-band registration using the image
correlation technique (Yang et al., 2000), which is estimated to provide better than 0.1-pixel (a

pixel refers to an IFOV) registration accuracy for EPIC bands. Despite this high registration
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Figure 2.4: Retrieved 9from EPIC measurements of bands B1, B3, and B4 on December 3,
2015. (a) Optimized (i.e., = 0:5; = 0:5) O3 map based on SOE method; (b) a comparison
of optimized (orange) and independent-pixel (blue= 0; = 1) Oz along the horizontal
line (left-to-right) across the middle of thes@nap in (a); (c) the @difference map: O 3 =
O3(Optimized)  Oz(IndependentPixel) (d) the G difference along the horizontal line across
the middle of the map in (c); (e) a zoom-in of the independent-pixein@p; (f) the optimized

O3 corresponding to the rectangle in (a); (g) cloud fracfipnorresponding to (e) and (f); (h):O
difference (Optimized — Independent-pixel), a zoom-in corresponding to the rectangle in (c).
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accuracyrsf . extrapolation (see section 1.2.3) becomes less accurate for a signi cant fraction of
EPIC IFOVs as substantial re ectivity changes may occur with small shifts in viewing and solar
zenith angles since near the direct backscattering direction the particle scattering phase functions
have a high angular sensitivity and the shadow areas of structured scenes change non-linearly with
viewing-illumination geometry. This dif culty is unlikely to improve even with better alignment
and requires a new approach to correct the extrapolated re ectivity.

The basic idea to obtain a more accurate re ectivity at areénsitive band is to derive it
from the radiance measurement of this band with an optimally estimated tptal@nn from
the nearby @distribution. This Q estimation is attainable because an actual spatial distribution
of total O; column is a smooth function of geolocation and exhibits a high degree of close-range
correlation (Liu et al., 2009). Algebraically, the Spatial Optimal Estimation (SOE) method nds
the re ectivity (Rg) at EPIC band B by minimizing the cost function that embodiesatpeiori
knowledge ofRg and G spatial distribution. The rst part of cost function supports a smooth
(i.e., homogeneous) Qlistribution, while the second part penalizes the difference betRgen
and itsa priori value, which is the extrapolated re ectivityRE) from the longer wavelength

EPIC bands. Hence the cost function is written as

Xin . . 2 Xn . . 2

_ wi(iij ) % ; RB('F){ (iF;E(') 2.2)
J_iﬂ i=1 E

_R X () ()7, Re()) Re()? _ X

= ~ . wt(i;j ) i + Re () = . i (2.3)

subject to the measurement constraifig ( g;i) = ltoa(( 1);Rg(i); 8), IOFV indexi =
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1:::n, the size of the IFOV group which is linearized to become

@nltoa @nlyon
QR Re=Reg @ =( Reg)
@

= ( Re)+ @R (Re Re)= ( Re)+ S(Re Reg) (2.4)
Rg = Re

=( Rg)+ (Re  Re)

whereS = -@_ Cr The IFOV index is dropped in Eq. (2.4) without losing clarity. Hgrés
also an index, labeling the pairing (or other) IFOV in the groupwt(d j ) is the weighting factor
that depends on the distance betweenithepair. h i is the average 9column for the group.
GivenRg, which is the band B re ectivity extrapolated from the longer wavelength bands, the
total O; column ( Rg) is retrieved from band B radiance measurement using the exact solution
method (see section 1.3.1), and the associate@r@le is the column-dependent M2TCO3
climatological prole X () . The equation of measurement constraint (Eq. 2.4) describes a
positive (sinceS > 0 usually) linear relationship between totat @olumn and the surface
re ectivity (in the neighborhood oRg), increasingRg requires more @absorption to maintain
Im = 7oA.

Minimizing only the rst r.h.s term of Eq. (2.2) leads to the samg @Ilumn for all the
IFOVs (i.e.,f (i)= h i;i =1:::ng), while minimizing only the second term makes = Rg
for each IFOVs. The constantsand are weights to emphasize respectively the smoothness of
O3 spatial distribution and the closeness of re ectivity between extrapolation and estimation. In
the SOE scheme, weights are= 0 and =1 for the traditional Q retrieval, also referred to as
independent-pixel retrieval, while for optimized retrieval, equal weights = 0:5 are used.

For optimized retrieval, the minimization of the cost functioEq. 2.2) can be accomplished
by iteratively ndingRg (i) to minimizing each component;. The solutiorRg (i) that minimizes

53



i is found by solving this equation

@; _ Re() Re(), X (i) (i)sS _ .
R0 RZ() + . wt(i;j ) hiz =0; (2.5)
which yields
. . . P .
_ , RE(WS n°(iRe()) {4 ()
Re (i) = Re(i) : (2.6)

hi2+ nORZ(i)S?

From Eq. (2.5) to Eqg. (2.6), only the® nearby IFOVs are included, i.ewt(i;j) = 1 for i-j

separation within a few<{ 4) adjacent IFOVs, otherwisat(i;j ) = 0. At the start of iteration,

f(j)=( J;REe);1:::ng, and they are then updated using Eq. (2.4) Wg(i) from Eq. (2.6)

for the next iteration, which stops until changesfiRg (i);i = 1 :::ng becomes suf ciently

small. In practice, no more than a couple of iterations are needed to reach convergence.
Figure 2.4 shows an example of simultaneous retrieval from the IFOVs of an EPIC hemispheric

view using the SOE method. The high variability @ap (Fig. 2.4e) from the independent pixel

retrieval contains many artifacts (high spikes and low dipsde@umns), which are substantially

reduced using the SOE method, resulting in a much more realistic (smopthp@(Fig. 2.4f).

The O differences () between optimized and independent-pixel retrievals (see Fig. 2.4c, d,

and h) illustrate the quantitative improvements, with a small meamlierence (mean

within  0:5 DU) and a sizeable reduction in;Moise level (standard deviation of 7

DU). The corresponding re ectivity corrections are quite signi cant0:02 on average, with a

maximum of 0:1 deviation from the sf . extrapolations.

In summary, the SOE method performs single band (B1 or B2) multiple IFOVs (or image-
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based) retrieval, yielding re ectivityR) and total Q column ( ), with the associated pro le
determined by the @model (Eqg. 2.1) that retains only the column-dependent M2TCO3 climatological
pro le X ,. Thea priori knowledge of the @distribution, which is spatially smooth, provides the

extra information to correct the initial re ectivity estimation extrapolated from the characterization

based on the longer wavelength bands.

2.3.2 Total Q column retrieval

Radiance measurements of EPIC B1 and B2 radiances hapeoe sensitivity, which is
higher at B1 than at B2, especially at high zenith (SZA or VZA or both) angles (as illustrated in
Fig. 1.2). Compared to the measurement of a singleddsitive band, both bands jointly provide
more information that allows the re nement of climatological representation of thpr@le.

This re nementis performed by adjusting the climatological pro le with the most probable modal
pro le (e, see EQ. 2.1) so that both B1 and B2 yield the same tojaldumn.

For retrieval from EPIC, the full state vector to be invertekiss f o; 1; ;R1;R2g,
where ¢ is the total Q column, ; the O pro le adjustment factor, the total vertical S@
column,R;, R, the MLER parameters at EPIC B1 and B2. The regulated direct tting of EPIC
B1 and B2 radiances is applied to obtain retrieved full state vector

For each IFOV of EPIC, the Qvertical column is estimated rst assuming there is ngSO
The iteration starts with an initial state vectay = f o=  1=0; =0 ;R; = R};Ry =
R3g, where . is the climatological total column selected from the M2TCO3 climatology based
on time and locationR$ andR$ are the corrected MLER parameters at B1 and B2 respectively

using the SOE method (see section 2.3.1).
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