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Chapter 1

Introduction

In the last decades, satellite instruments have proven to be very useful in
studying and monitoring the chemical composition of the atmosphere. In-
struments such as GOME-2, and OMI look at backscattered sunlight in nadir
view, measuring the ultraviolet and visible spectrum in high resolution. Com-
bining the spectral measurements with radiative transport models, concen-
trations can be inferred for important trace gases such as ozone and nitrogen
dioxide. Chemical transport models can be used to calculate the strength and
location of the underlying emissions. Long time series of satellite retrievals
give insight on how human activity contributes to changes of atmospheric
composition, affecting health and climate.

1.1 Atmospheric composition

The most common ingredients of the Earth’s atmosphere are nitrogen molec-
ules (78%), oxygen (21%), and argon (0.93%) molecules and a variable amount
of water vapour. The rest of the gaseous part of the atmosphere is composed
of so-called trace gases, most abundantly carbon dioxide (currently around
390 ppm), the noble gases neon (13 ppm) and helium (5.2 ppm). Being all
inert molecules, they are relatively well mixed throughout the lowest 80 km
of the atmosphere (the homosphere). For an atmosphere in hydrostatic equi-
librium the barometric law can be derived (from the ideal gas law and as-
suming constant temperature), stating that atmospheric pressure decays ex-
ponentionally with height. Every 17 km the pressure reduces with a factor 10.
The average surface pressure at sea level is 1013 hPa; at 80 km the pressure
has dropped to 0.02 hPa, meaning that 99.9995% of the atmospheric mass is
below this altitude.

The temperature dependency on altitude is more intricate, see Figure 1.1.
The troposphere is the lowest layer of the atmosphere where temperature
drops steadily with altitude, around 6.5◦C per km. The vertical temperature
gradient drives or inhibits buoyancy (vertical transport) in the atmosphere. A
rising air parcel will expand its volume due to the lower pressure at higher
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CHAPTER 1. INTRODUCTION

Figure 1.1: Layered structure of the atmosphere.

altitude. In doing so its temperature will cool down adiabatically. If its new
temperature is higher than the ambient temperature at this height, the air
parcel will keep rising. By comparing the atmospheric temperature gradient
with the adiabatic lapse rate we can determine if the atmosphere is stable or
unstable with respect to vertical motion.

The lowest part of the troposphere, directly in contact with the surface, is
the planetary boundary layer (PBL). Air masses in the boundary layer are
mixed by two sources of turbulence: wind shear and thermal convection.
Daytime heating thickens the boundary layer as air masses near the surface
rise after heating, and become increasingly mixed with air masses aloft. This
convective PBL reaches a typical height of 1 km at noon at mid-latitudes.
After sunset the surface cools and thermal convection stops. During calm
weather at night, the air directly above the surface cools and a thin, stable
boundary layer is formed where mixing is dominated by wind shear and
surface roughness. Typical height values of this PBL are 450 m for large cities
and 200 m for open sea. The boundary layer height and the vertical diffu-
sion coefficient define how air pollution, emitted at the surface, is mixed in
the lower atmosphere. For example, a thin boundary layer together with low
vertical diffusion results in high pollutant concentrations. This explains why,
although emissions are lower during night time, surface pollutant concentra-
tions can be significantly higher at night than during the day. The free tro-
posphere is the part above the boundary layer, where atmospheric processes
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1.2. ATMOSPHERIC CHEMISTRY

are not directly influenced by the surface.
The tropopause is the boundary between the troposphere and the stra-

tosphere, where the air masses are separated by a temperature inversion.
The World Meteorological Organization (WMO) defines the tropopause in
terms of an abrupt change of the temperature gradient. More specifically, it
is defined as the lowest level at which the lapse rate decreases to 2 ◦C/km
or less, provided that the average lapse rate between this level and all higher
levels within 2 km does not exceed 2 ◦C/km. The tropopause height ranges
from several km in polar regions to about 17 km in tropical regions. Rather
than an well-defined altitude, the tropopause is often a transition region of
a few km thick. Above the tropopause, temperature starts to rise again: here
the ozone layer heats up the air by the absorption of ultraviolet radiation.

The ionosphere starts at about 80 km altitude, where ionisation of atmo-
spheric particles by solar radiation is significant. Atmospheric constituents
are not mixed homogeneously anymore. At these altitudes, gas concentra-
tions are so low that slow gravitational separation of the air mixture by mo-
lecular diffusion takes over from turbulent vertical mixing: the light particles
are separated from heavier ones by gravitational forces (the heterosphere).
There is no clear border between the atmosphere and interplanetary space:
oxygen atoms have been detected at 1000 km, while helium and hydrogen
atoms have been found at 2400 km altitude.

Water and water vapour play an important role in atmospheric processes.
Water vapour mixing ratios of surface air vary from being practically zero
over desert regions to about 4% over the oceans. When moist air is lifted
its temperature drops by adiabatic cooling. Once below the condensation
temperature, the water vapour in the saturated air can condense to cloud
droplets.

Apart from cloud droplets, the atmosphere also contains other air borne
particles, called aerosols, in liquid or solid state. Their size is so small that
the constant motions of the air molecules keep them suspended in the air
for a long time. They originate from geophysical processes (e.g. sea salt or
desert dust; primary aerosols), or are formed by chemical reactions of gases
(secondary aerosols).

1.2 Atmospheric chemistry

The atmosphere is a complex chemical laboratory. When atmospheric part-
icles collide chemical reaction can occur: particles can merge, break apart or
rearrange. The reaction rate depends on the kinetic energy and collision rate,
controlled by temperature and pressure. A photolysis reaction takes place if
an incident photon from sun light breaks a chemical bond in a molecule. Be-
cause gases are present at low concentrations in the atmosphere, especially
when compared to concentrations used in laboratory experiments or indus-
trial processes, most reactions which proceed at appreciable rates involve at
least one radical. Due to their unpaired electrons, radicals are more likely to
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CHAPTER 1. INTRODUCTION

react than molecules or atoms with paired electrons.
The atmosphere is an oxidizing medium, meaning that most chemical re-

actions result in new chemical bonds with oxygen atoms. Many environ-
mentally important trace gases, such as methane and carbon monoxide, are
removed by oxidation.

1.2.1 Stratospheric processes

An important photolysis reaction is the slow dissociation of oxygen molec-
ules by energetic ultraviolet (UV) radiation of the sun.

O2 + hν→ 2O , λ < 240 nm (R1)

The produced oxygen atoms quickly rearrange with oxygen molecules to
form ozone:

O + O2 → O3 (R2)

Once formed, ozone easily absorbs (even weak) UV radiation:

O3 + hν→ O2 + O , λ < 320 nm (R3)

Reactions (R2) and (R3) describe a rapid cycling between O and O3 in pres-
ence of O2 and light. Ozone is slowly transformed back to O2 when it reacts
with an oxygen atom:

O3 + O→ 2O2 (R4)

The four reactions above form the Chapman mechanism, which explains the
formation of an ozone layer around 15–30 km height. Above this layer not
enough oxygen molecules are available to produce ozone, below this layer
most UV radiation from sunlight (needed to photolyse more oxygen molec-
ules) has already been absorbed. The absorption of ultraviolet radiation in
(R1) and (R3) prevents harmful radiation reaching Earth’s surface. At the
same time, the UV absorption results in heating of the upper troposphere /
lower stratosphere (UTLS) resulting in a temperature inversion, which separ-
ates the troposphere from the stratosphere.

Although the Chapman mechanism explains the shape of the vertical ozone
distribution, it overestimates the amount of ozone by a factor of 2, as was
revealed by improved measurements of stratospheric ozone in the 1950s. Re-
sponsible for the lower amount of ozone are catalytic loss cycles in the gas
phase, most importantly facilitated by the presence of hydrogen oxide radic-
als (HOx; produced from water vapour), chlorine radicals (ClOx; mostly ori-
ginating from man-made chlorofluorocarbons, i.e. CFCs), and stratospheric
nitrogen oxide radicals (NOx). Here we concentrate on the latter.

Apart from aircraft emissions, the most important source of stratospheric
NOx is N2O (i.e. nitrous oxide or laughing gas). This very stable molecule
is produced in the troposphere by different biogenic (natural) and anthro-
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1.2. ATMOSPHERIC CHEMISTRY

pogenic (man-made) sources; an increasingly important source of N2O is the
growing use of fertilizer for agriculture [WMO, 2007]. Transported to the stra-
tosphere it meets high concentrations of oxygen atoms, allowing oxidation to
NO by

N2O + O→ 2NO (R5)

In presence of ozone and sunlight a null cycle starts between NO and NO2

NO + O3 → NO2 + O2 (R6)

NO2 + hν→ NO + O , λ < 424 nm (R7)

O + O2 + M→ O3 + M (R8)

Ozone loss starts if NO2 in (R7) is not photolyzed, but reacts with O [Crutzen,
1970]:

NO2 + O→ NO + O2 (R9)

The catalytic reaction for ozone destruction is therefore (by (R6) and (R9)):

NO + O3 → NO2 + O2

NO2 + O→ NO + O2

Net: O3 + O→ 2O2

These catalytic loss cycles can explain the amount of ozone in the ozone
layer, but not the formation of the ozone hole, which observed in Antarctica
every springtime (September–November) since its discovery [Farman et al.,
1985]. The ozone hole is a phenomenon of severe ozone depletion, causing
the ozone at altitudes between 15–20 km to disappear almost completely.

An important cause of the emergence of the ozone hole are anthropogenic
emissions of chlorine and bromine containing gases, most notably CFCs. In
the previous century, CFCs have been widely used as refrigerants, propellants
(in aerosol applications), and solvents; exploiting their low toxicity, low react-
ivity, and low flammability. Being inert and volatile molecules, these halogen
source gases live long enough to be transported into the stratosphere. In the
presence of abundant UV sunlight they convert photochemically to the re-
active halogen gases chlorine monoxide (ClO) and bromine monoxide (BrO),
and reservoir species such as chlorine nitrate (ClONO2) and hydrogen chlor-
ide (HCl).

The formation of the ozone hole requires abundant reactive halogen gases,
temperatures low enough to form polar stratospheric clouds (PSCs), isolation
of air from other stratospheric regions, and sunlight. These conditions occur
in the Antarctic region at the late winter/early spring months of September,
October, and November.
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Sunlight is needed to maintain a catalytic cycle which destructs ozone. In
one of these ozone destruction cycles two ClO radicals merge together:

ClO + ClO→ (ClO)2 (R10)

With sunlight (not necessarily shortwave UV) photolysis occurs:

(ClO)2 + hν→ ClOO + Cl (R11)

ClOO produces an additional Cl atom:

ClOO→ Cl + O2 (R12)

Both Cl atoms react with ozone and produce ClO again:

2(Cl + O3 → ClO + O2) (R13)

Net: 2O3 → 2O2

When stratospheric temperatures fall below −78◦C, PSCs can form from
the condensation of nitric acid (HNO3) and water on pre-existing sulphur-
containing particles. At even lower temperatures, ice particles are also formed.
PSCs are important in the ozone hole depletion process, because of there role
in heterogenic catalytic reactions. Reactions on the surfaces of the PSC part-
icles convert the abundant reservoir species ClONO2 and HCl to the reactive
ClO radical. These heterogeneous reactions are much faster than the gas-
phase reactions discussed earlier.

Ozone depletion is further activated because the PSC particles move down-
ward by gravity. Their downward movement removes HNO3 from the re-
gions of the ozone layer; a process called denitrification. With less HNO3, the
ClO radicals remain active for a longer period, thereby increasing chemical
ozone destruction.

Another important ingredient for the formation of the Antarctic ozone hole
are the strong westerly winds during the winter months, which prevent mix-
ing of the ozone depleted polar air masses from the ozone rich air at lower
latitudes.

Ozone hole formation usually does not occur in the Arctic regions, because
the topography prevents the build-up of a stable vortex. Furthermore, Arctic
temperatures are generally higher and more variable, preventing PSC form-
ation and subsequent denitrification for a substantial period. An exception
occurred in early 2011, when unusually long-lasting cold conditions in the
Arctic lower stratosphere led to unprecedented ozone loss, comparable to
that in the Antarctic ozone hole [Manney et al., 2011].

6



1.2. ATMOSPHERIC CHEMISTRY

1.2.2 Tropospheric processes

The hydroxyl radical OH is a strong oxidant in both stratosphere and tropo-
sphere, acting as a cleansing agent for many harmful trace gases. The pre-
cursor of OH formation is ozone. In the first step a high-energy oxygen atom
is created by reaction (R3), followed by a collision with a water molecule:

O + H2O→ 2OH (R14)

In the troposphere the production of high-energy O atoms by photolysis is
slower than in the stratosphere, because most sunlight at short wavelengths,
needed for (R3), is already absorbed by the ozone layer. However, this is
compensated by the larger abundance of water vapour.

NOx is built from nitrogen and oxygen, the most abundant elements in the
atmosphere. Due to the stability of nitrogen molecule (N2), it normally does
not react with oxygen. But at high temperatures as in a combustion chamber
(around 2000 K), oxygen will thermolyze:

O2
heat←→ O + O (R15)

A subsequent reaction of O with N2 produces NO:

O + N2 ←→ NO + N (R16)

N + O2 ←→ NO + O (R17)

At high temperatures these equilibria are shifted to the right, promoting NO
formation. NOx is mainly emitted as NO in combustion processes, but it is
followed by a cycling between NO and NO2:

NO + O3 → NO2 + O2 (R18)

NO2 + hν
O2−→ NO + O3 , λ < 424 nm (R19)

The rapid cycling between NO and NO2 (during daytime on a time scale of
a minute) is the reason they are usually taken together as NOx. Note that the
absence of light (i.e. during night time) causes NOx to be present exclusively
as NO2. Figure 1.2 shows an example of how NO2 concentrations vary during
the day.

Production of tropospheric ozone

The cycle between NO and NO2 of (R18) and (R19) does not result in net
production of ozone. Additional tropospheric ozone can be produced, how-
ever, in polluted environments. Key is the presence of HO2, which offers an

7



CHAPTER 1. INTRODUCTION

Figure 1.2: Diurnal variation of tropospheric NO2 columns (in 1015 molec.cm−2) ob-
tained from the CHASER chemical transport model simulation with (solid line) and
without (broken line) the diurnal variability scheme for surface NOx emissions over
Europe (10◦W–30◦E, 35–60◦N) in July 2005. Corresponding columns from satellite re-
trievals of SCIAMACHY and OMI (DOMINO v1 and v2) are also plotted. The dotted
line represents the diurnal variability factor used for NOx emissions. Figure adapted
from Miyazaki et al. [2012].

alternative way of transforming NO into NO2:

NO + HO2 → NO2 + OH (R20)

When this NO2 photolyzes according to (R19) it produces new ozone. It is
the start of a cycle: the OH production by (R20) produces more HO2 that can
be used in extra ozone production via (R19). One mechanism of producing
HO2 from OH is the presence of carbon monoxide (CO), a common reaction
product of incomplete combustion of hydrocarbons:

OH + CO + O2 → CO2 + HO2 (R21)

Another important mechanism for HO2 production involves the oxidation of
volatile organic compounds (VOCs). It starts with the reaction with a hydro-
carbon RH (in which R represents an organic group):

RH + OH→ RO2 + H2O (R22)

followed by a reaction of the peroxy radical (RO2) with NO:

RO2 + NO→ RO + NO2 (R23)

Note that (R23), like (R20), is an alternative pathway to produce NO2 from
NO, which also results in net ozone production when photolyzed by (R19).
The RO radical can react in different ways (e.g. thermal decomposition or

8



1.2. ATMOSPHERIC CHEMISTRY

Figure 1.3: Ozone concentrations (ppb) simulated by a regional photochemical model
as a function of NOx and hydrocarbon emissions. The thick line separates the NOx-
limited (top left) and hydrocarbon-limited (bottom right) regimes. Figure taken from
Jacob [1999].

isomerisation), but typically it reacts with oxygen to an aldehyde and HO2:

RO + O2 → R′CHO + HO2 (R24)

The chain (R20)–(R24) is broken when OH or HO2 radicals are lost. At low
NOx concentrations, this usually happens if HO2 reacts with itself to hy-
drogen peroxide (H2O2) and oxygen. At high NOx concentrations, this is
dominated by the reaction of OH with NO2 (see R25).

The dependence of tropospheric ozone production on NOx and hydrocar-
bons can be very different, as can be seen in Figure 1.3. In the NOx-limited re-
gime, ozone production increases with increasing NOx concentrations, while
being insensitive to hydrocarbon concentrations. In the hydrocarbon-limited
regime, at high NOx concentrations, ozone production increases with increas-
ing hydrocarbon concentrations, but it decreases with growing NOx con-
centrations (ozone titration). For a successful policy against air pollution by
ozone it is therefore important to know in which chemical regime the emis-
sions are adjusted. Decreasing hydrocarbon emissions in the NOx-limited
regime does not have much effect on ozone concentration, while decreasing
NOx emissions in the hydrocarbon-limited regime even causes ozone levels
to rise.
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Sources and sinks of tropospheric NOx

Monitoring tropospheric NOx is important, because

• being a toxic gas, it is an important air pollutant;

• it is a catalyst in the formation of tropospheric ozone, see Section 1.2.2;

• it is a precursor of acid rain (by wet deposition of HNO3 formed in
(R25));

• it effects climate change, see Section 1.6.2;

• it is an indicator for human activity, and therefore a proxy for other
(more difficult detectable) air pollutants.

Nitrogen oxides occur naturally as a result of bacterial processes in soils,
biological growth and decay, lightning, and forest and grassland fires. It is
difficult to give exact estimates of biogenic emissions. Soil emissions, for in-
stance, are estimated between 5–12 Tg N/yr [Delon et al., 2008] and lightning
emissions between 2–8 Tg N/yr [Schumann and Huntrieser, 2007].

Globally (especially in the populated world), however, the primary NOx
source is anthropogenic. It is mostly produced in combustion processes in
power production, industry, transport, and biomass burning. Table 1.1 lists
the anthropogenic NOx emissions by sector and by region, according to the
EDGAR v4.2 emission inventory by EC-JRC/PBL [2011]. Power plants, espe-
cially coal-fired power plants, are the dominant source in the power sector.
In the transport sector, road transportation dominates over transport by air,
by rail, or over inland waters. International shipping accounts for 29% of
the global transport emissions. Emissions in China by the power sector and
industrial sector are significantly larger than for other regions, while in the
USA the emissions by the transport sector are largest. In Africa, biomass
burning (mainly savanna burning and forest fires) is the dominant source of
NOx emissions.

The balance between production and loss of NOx determines the NOx con-
centration. The loss rate can be expressed in term of NOx lifetime, i.e. the time
for emitted NOx to decay by a factor of e. The lifetime of NOx depends on
external factors such as temperature, sunlight, precipitation, and presence of
other chemical species and aerosols. In clean environments, the lifetime of
NOx is around a day, but within pollution plumes with active photochem-
istry and enhanced OH levels, it is only a few hours [Beirle et al., 2011].

The main sink of NOx during daytime at warm temperatures is the reaction
of NO2 with OH, produced by (R14):

NO2 + OH + M→ HNO3 (R25)
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Table 1.1: Anthropogenic NOx emissions for five regions and global totals
in 2008 in Tg N/yr according to the EDGAR v4.2 emission inventory.

Europe USA China India Africa World

Power1 1.15 1.34 2.77 0.98 0.45 9.97

Industry 0.45 0.46 1.83 0.32 0.13 4.79

Transport 1.42 2.15 1.12 0.48 0.50 14.442

Biomass burning3 0.02 0.02 0.02 0.11 3.81 4.95

Other 0.48 0.36 0.58 0.28 0.27 3.03

Total 3.53 4.33 6.31 2.17 5.17 37.19

1 Electricity and heat production.
2 Global transport includes international shipping and aviation.
3 Burning of savanna, forest, grassland, peat, and agricultural waste.

Most HNO3 is subsequently removed by wet or dry deposition. In the dark,
the formation of NO3 and N2O5 becomes important [Dentener and Crutzen,
1993]:

NO2 + O3 → NO3 + O2 (R26)

NO3 + NO2 + M→ N2O5 + M (R27)

The ratio of N2O5 to NO3 is very temperature dependent, promoting N2O5
at the lowest temperatures. Lack of sunlight prevents photolysis of NO3 or
N2O5. In the presence of wet aerosols, a heterogeneous reaction can trans-
form N2O5 into HNO3:

N2O5 + H2O aerosol−→ 2HNO3 (R28)

This sink is especially important during cold and dark periods at high lat-
itudes during winter time, although the NOx lifetime will be significantly
larger than for destruction by R25.

Recent laboratory experiments by Butkovskaya et al. [2005] revealed a
branch of reaction (R20) which produces HNO3 instead of NO2 and OH:

NO + HO2 → HNO3 (R29)

The yield depends on temperature, pressure and water vapour content. It is
less than 1% in dry air, but can increase an order of magnitude in the presence
of water vapour [Butkovskaya et al., 2009], which suggests that reaction (R29)
might be an important sink for NOx in polluted environments under certain
meteorological conditions.
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CHAPTER 1. INTRODUCTION

Figure 1.4: Solar radiance spectrum (light grey) compared with a theoretical black
body curve at 5523K, and the solar radiation measured at sea level (dark grey).

1.3 Measuring atmospheric trace gases from space

The Sun radiates approximately as a black body with a temperature of 5500
K, see Figure 1.4. Planck’s law describes the radiation intensity as a function
of the wavelength. Solar radiation peaks in the visible spectral range (VIS)
from λ=400–700 nm; its maximum is in the green at λ=500 nm. Earth itself
radiates with an average temperature of 255 K, having a radiation peak in
the infrared (IR) at 10 µm. It does not emit significantly in the visible range.
Part of the solar radiation is absorbed by chemical elements in the Solar
atmosphere, giving rise to spectral absorption lines (Fraunhofer lines) in the
extraterrestrial spectrum.

Earth’s atmosphere is not transparent for all solar radiation, as can be seen
in the measured solar spectrum at sea level. Figure 1.5 shows the reflect-
ance spectrum, i.e. the fraction of backscatter solar radiation by surface and
atmosphere towards the satellite sensor. High energetic ultraviolet solar ra-
diation is absorbed almost completely by the ozone layer. Less energetic UV
penetrates deeper into the ozone layer. The transmitted signal in this spectral
regime contains therefore information on the height distribution of the ozone
layer; it does not contain information about Earth’s surface.

In the visible regime, sunlight penetrates almost undisturbed through the
atmosphere. Backscattered light contains information on the reflectance of
the Earth’s surface (albedo) and contains weak spectral signatures of trace
gases absorbing at these wavelengths such as NO2. The activity of NO2 in the
visible regime explains its reddish-brown colour at high concentrations. The
transmitted radiance in the infrared regime contains heat radiation of surface
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Figure 1.5: Reflectance spectrum in UV/VIS/IR measured at 8 June 2010 by GOME-2
over The Netherlands (see inset; the grey box indicates the satellite footprint) at a
cloud fraction of 18% and cloud height of 3.9 km. The upper inset shows the spectral
features of NO2 in its retrieval window (405–465nm). Clearly visible is the oxygen A
absorption line at 760 nm. The ozone height distribution is inferred from the sharp
decrease in absorption between 265 and 330 nm.

or clouds. Because the energy of photons in this regime is lower, the spectral
features of trace gases in IR are associated with vibrational and rotational
quantum transitions of the molecules, whereas they are of electronic nature
for UV/VIS.

Because of the physical distance to their subject, satellites can only re-
motely measure trace gas concentrations. There are active and passive remote
sensing techniques. In active remote sensing, the instrument transmits a sig-
nal and analyses its response (e.g. radar or lidar). In passive remote sensing,
the instrument derives information on atmospheric composition with spec-
troscopic techniques that analyse sunlight, starlight, or thermal infrared radi-
ation from the Earth system, which has interacted with the atmosphere. From
the spectral data a hierarchy of data products can be derived, see Table 1.2

The satellite instruments used in this thesis infer information on atmo-
spheric composition by measuring backscattered sunlight at a high spectral
resolution in UV and VIS. The instruments are looking in downward direc-
tion (nadir). Their sun-synchronous orbit at around 800 km altitude has its
orbital plane always at the same orientation with respect to the sun. This
means that, while the satellite flies from pole to pole, the Earth is turning be-
low it, enabling the instrument to scan each day the Earth’s surface in 14–15
orbits.

The GOME-2 instrument [Callies et al., 2000] is carried on the MetOp-A
satellite, which was launched in October 2006. It uses four channels to cover
a spectral range from 240 to 790 nm, from which O3, SO2, NO2 and CH2O
can be retrieved. A moving scan mirror mechanism enables a view of 1920
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Table 1.2: Satellite derived products.

Level 0 Raw measurements (photon counts) of backscattered radiance spec-
trum and the solar irradiance.

Level 1 Calibrated reflectance spectrum with ancillary data such as geoloca-
tion.

Level 2
Quantity of interest (such as trace gas column concentration or ver-
tical distribution) derived from the spectrum on the satellite foot-
print.

Level 3 Gridded (and averaged) level 2 data.

Level 4 Data product of new quantity based on assimilation of level 2 or
level 3 data.

km across track, therefore having near-global daily coverage. In forward scan
its footprint is 80×40 km2; overpass time is around 9:30 local time.

The Dutch-Finnish OMI instrument [Levelt et al., 2006] (on board the Aura
satellite, launched on July 2004) measures in the spectral range from 270 to
500 nm with a spectral resolution of about 0.5 nm. It measures the same trace
gases as GOME-2. The 114◦ viewing angle of the telescope corresponds to a
2600 km wide swath on the surface, enabling a daily global coverage of its
measurements. It uses a charge-coupled device (CCD) as a two-dimensional
detector, on which the spectra of the whole cross-track is mapped at once. Its
spatial resolution is 45×13 km2 on average; at best 24×13 km2 in nadir, and
increasing to 128×14 km2 at the swath edges. OMI’s overpass time is in the
afternoon, around 13:30 local time.

To calculate the trace gas concentration for a given location it is important
to know what the exact light path is from the Sun, through the atmosphere,
backscattered towards the satellite detector. Complicating factors that must
be taken into account are multiple scattering (which makes the light path
towards the sensor larger than suspected), and inelastic scattering (in which
energy dissipation changes the wavelength of the scattered photon slightly).
The absorption features for a certain species are usually described with cross-
section, i.e. possibility of an incident photon to interact with a particle of
that species. This cross-section is dependent of wavelength, temperature, and
pressure.

Information on clouds is essential, as they drastically change the light path
through the atmosphere and shield information from trace gases below them.
For GOME-2, cloud information on height and cloud fraction can be derived
from the absorption line of the oxygen A-band at 760 nm in relation to its
neighbouring spectral continuum; for OMI from the O2-O2 absorption fea-
ture at 477 nm is used for cloud detection. Information on the surface albedo
is also important. In most atmospheric retrieval algorithms this is taken from
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a monthly climatology, although in reality surface albedo not only changes
with season, but also with e.g. landuse and snow cover, and depends on
viewing direction due to bidirectional reflectance.

1.3.1 Measuring ozone from space

A straightforward, useful quantity of ozone that can be retrieved from space-
borne measurements is the number of ozone molecules per unit area in
the atmospheric column below the satellite instrument, i.e. the total ozone
column. A convenient unit is the Dobson unit (DU), representing 2.69 1016

molecules/cm2. Typical values of ozone at mid-latitudes are 300 DU, mean-
ing that if this amount of ozone layer would be brought down to sea level
at 0◦C temperature it would occupy a 3 mm thick layer. Total ozone column
retrievals from space have been done uninterruptedly from space since 1978
with different instruments and algorithms. In a recent reanalysis by Van der
A et al. [2010], ozone column retrievals of 14 different instruments have been
merged into a single coherent dataset spanning 30 years. Biases between the
instruments are corrected using ground data as a reference, while the data
assimilation method fills in data gaps in space and time.

Most total column algorithms depend on the Differential Optical Absorp-
tion Spectroscopy (DOAS) approach [Platt et al., 1979], specifically applied
to ozone columns by e.g. Eskes et al. [2005]. Here, the trace gas information
is obtained from differential features that vary rapidly with wavelength. The
smooth wavelength dependence dominated by Rayleigh scattering or surface
albedo variations is removed by introducing a low-order polynomial, acting
as a high-pass filter. DOAS is usually defined as a two-step process. First, the
reflectance spectrum observed is compared with a set of cross sections of spe-
cies absorbing in a chosen wavelength window. The amplitude of the spectral
features is a measure of the trace gas amount along the light path from Sun to
sensor, called the slant column. In the second step the slant column is related
to a vertical column by dividing it by an air-mass factor (AMF) computed
with a radiative transfer model.

Another ozone product that can be retrieved from spaceborne hyperspec-
tral UV/VIS measurements is the vertical ozone distribution, i.e. the ozone
profile. High energetic UV radiation is absorbed in the upper part of the
ozone layer, but less energetic UV penetrates deeper into the ozone layer
before it gets backscattered. The reflectance spectrum in 265–330 nm re-
gime contains therefore information on the height distribution of ozone. The
Ozone Profile Retrieval Algorithm (OPERA), described in Chapter 2, solves
the inverse problem of which vertical ozone distribution underlies the meas-
ured reflectance spectrum. In a first step, a radiative transfer model calculates
the theoretical spectrum for a model atmosphere under the same measure-
ment conditions. The difference between the measured spectrum and the
simulated spectrum contains information on how to change the ozone dis-
tribution in the model atmosphere to get a better agreement. However, this
is an ill-posed problem in the sense that many ozone profiles give similar
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Figure 1.6: The ozone hole at 5 October 2006 (the largest recorded ozone hole in terms
of ozone loss) based on data assimilation of SCIAMACHY retrievals of total ozone
columns.

spectra within error bars of the measurement. By using optimal estimation
techniques [Rodgers, 2000] an optimal solution is selected from all possible
states, using independent a priori knowledge taken from ozone profile cli-
matology. Because of the non-linearity of the problem, an iteration scheme
is used which repeats the forward and the inverse step until a convergence
criterion is met.

Although beneficial at high altitudes, ozone at surface level is a toxic gas.
For air quality applications it is therefore important to infer information of
ozone close to the surface. However, measuring tropospheric ozone from
space is very challenging, because it has to be detected below the ozone layer,
which has by far a stronger signal. Methods to retrieve tropospheric ozone
from satellite measurements are still in development.
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1.3.2 Measuring nitrogen dioxide from space

Compared to ozone, nitrogen dioxide is more difficult to retrieve, because it
is less abundant in the atmosphere, and has smaller absorbing cross-sections
in UV/VIS. Commonly a retrieval window around 405–465 nm in VIS is
selected, where absorption features are maximal and spectral interference
with other trace gases is minimal. Stratospheric NO2 columns range 2–5 1015

molecules/cm2, depending on the seasonal solar angle (see reaction (R7)).
Tropospheric columns are practically zero in clean, remote areas, but can
have values over 30 1015 molecules/cm2 in dirty, industrialised areas.

For both OMI and GOME-2, the vertical tropospheric NO2 columns Vtrop
are taken from the KNMI/BIRA retrieval product, described by Boersma
et al. [2004]:

Vtrop =
Sobs − Sstrat

AMFtrop
(1.1)

Starting point is the observed total slant column Sobs, obtained from a DOAS
retrieval for the selected spectral window. These observations are assimilated
in the TM4 chemistry transport model [Dentener et al., 2003]. The simulated
(smooth) global NO2 concentration fields are used to construct the strato-
spheric slant column Sstrat, which is subtracted from Sobs to get the tropo-
spheric slant column. The same simulated fields are used to calculate the
tropospheric air mass factor AMFtrop, which is used to transform the tropo-
spheric slant column in a vertical column. Apart from concentration fields,
the AMF depends on the viewing angles, surface albedo, and cloud paramet-
ers (taken from the FRESCO algorithm for GOME-2 and the O2-O2 algorithm
for OMI). The uncertainty in NO2 columns for individual retrievals from both
instruments is estimated at 0.5–1.5 1015 molecules/cm2 from the spectral fit-
ting and an additional relative error of 10–40% from errors in the calculation
of the AMF [Boersma et al., 2004].

Figure 1.7 shows the averaged tropospheric NO2 columns of the world
from OMI retrievals from 2005–2008. Because of its short chemical lifetime,
NO2 is found close to its source. Highest values are found in the industrial-
ised and populated areas, most importantly in China, Eastern United States,
and Europe. Within Europe, highest concentrations are found in the Po Valley
(northern Italy) and The Netherlands. Being densely populated, The Nether-
lands generates high NOx emissions, but it also receives a substantial fraction
of NO2 from South England, Belgium, and the German Ruhr area. In South
America and Africa large source areas of NO2 are due to biomass burning.
Also dense shipping routes and isolated coal-fired power plants can be dis-
tinguished.

1.4 Chemical transport models

Chemical transport models (CTMs) are devised to calculate the evolution of
the chemical composition of the atmosphere under prescribed meteorological
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Figure 1.7: World map of tropospheric NO2 column concentration based on retrievals
by the DOMINO version 2 algorithm for OMI observations from 2005–2008.
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conditions. They are used as an important tool to study the behaviour of
complex atmospheric processes, and to forecast the atmospheric composition
for e.g. air pollutants. They are also crucial in the estimation of emissions of
air pollutant from space (see Section 1.5).

A chemical transport model calculates the concentration of chemical spe-
cies from their dependence on emissions, transport, chemistry, and depos-
ition. At the core of each CTM is the three-dimensional continuity equation,
which relates the concentration field of a certain species ci in the atmosphere
to its sources and sinks and to the wind field. For a fixed coordinate system
it can be written as

∂ci
∂t

= −∇ · (uci) + P− L (1.2)

The divergence of flux uci describes the change of ci(x, t) in an elemental
volume due to transport by wind field u(x, t). P represents the source of ci
from emissions or chemical production out of other species, L represents the
sink from chemical loss and deposition.

The calculation of the flux uci is troubled by the turbulent nature of the
wind field. We can parametrise the influence of turbulence by switching to
a time-averaged concentration c̄i and adding an extra term to the mean flux
describing (concentration gradient driven) turbulent diffusion −K∇c̄i:

∂c̄i
∂t

= −∇ · (ūc̄i) +∇ · (K∇c̄i) + P− L (1.3)

where K is a 3×3 diagonal matrix with elements Kx, Ky, Kz representing the
turbulent diffusion coefficients in each transport direction. This equation is
solved numerically subject to initial conditions and boundary conditions.

Global models cover the complete earth, taking both troposphere and stra-
tosphere into account. Due to computational restrictions they simulate the at-
mosphere on a relatively low resolution (typically 2◦ × 3◦). Regional models
restrict their domain to smaller areas: from regional scale (several thousands
of kilometers) to urban scale (100–200 km), with resolutions from 100 km to
1–2 km. This enables them to calculate concentrations on a higher resolution,
making them useful for e.g. air quality purposes. Concentrations are typic-
ally calculated for the first kilometers of the troposphere only; stratospheric
processes are not taken into account explicitly. Therefore, realistic boundary
conditions at the model borders and model ceiling are important. They are
either taken from climatology or from nesting the model in a model run at a
lower resolution.

The regional model CHIMERE [Schmidt et al., 2001; Vautard et al., 2001]
is primarily designed to produce daily forecasts of ozone, aerosols and other
pollutants and make long-term simulations for emission control scenarios.
For our work on air pollution reduction during the Olympic Games (Chapter 3),
and emission estimates in China (Chapter 4 and 5), we implemented CHI-
MERE V200606a over East Asia on a 0.25◦ × 0.25◦ resolution, from 18◦N to
50◦N and 102◦E to 132◦E, containing most populated and industrialised areas
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of China. The atmosphere is divided in 8 horizontal layers up to 500 hPa
(∼5 km).

CHIMERE uses parametrisation schemes for: dry deposition for gases; dry
depositions for aerosols; wet scavaging for gases in clouds, and gases in rain
droplets below clouds; wet scavaging for particles in clouds, and particles
in rain droplets below clouds; resuspension of particulate matter [Bessagnet
et al., 2011].

Originally, chemical reaction schemes are parametrised by the MELCHIOR
scheme [Derognat et al., 2003], describing the gas phase chemistry of more
than 300 reactions of 80 species. In order to reduce computing time, a re-
duced mechanism is derived with 44 species and about 120 reactions, fol-
lowing the concept of chemical operators by Carter [1990]. Photolysis rates
are calculated under clear sky conditions as a function of height; clouds are
taken into account in a highly parametrised fashion. The aerosol module of
CHIMERE accounts for 7 species (primary particle material, nitrate, sulphate,
ammonium, biogenic secondary organic aerosol (SOA), anthropogenic SOA
and water). In its initial version the module uses 6 bins from 10 nm to 40 µm.
The physical aerosol processes accounted for are coagulation, absorption, and
nucleation. The aerosol module of the model also includes important hetero-
geneous reactions, such as reaction (R28), and the formation of secondary
organic aerosol from gaseous species.

CHIMERE requires input data on meteorology, boundary conditions, land-
use, and emissions. Meteorological data (wind fields, humidity, temperature,
precipitation, cloud fraction, etc.) are involved in all aspects of advection
and chemistry. In our implementation, CHIMERE is driven by deterministic
12 h forecast fields from the European Centre for Medium-Range Weather
Forecasts (ECMWF), with a spatial resolution of approximately 0.25◦. Gas
phase boundary conditions are taken from monthly averages of the LMDz-
INCA model, aerosol boundary conditions are taken from monthly averages
of the GOCART model. Land use data (e.g. urban, vegetation type, water) is
important for estimating biogenic emissions, surface roughness, etc. For this
the GLCF database by Hansen et al. [1998] is used. Emission are described by
an external emission inventory, containing for each grid cell the monthly av-
eraged anthropogenic emissions of chemical species and aerosols, separated
by sector. On these average emissions, the model modulates sector-specific
diurnal and weekly cycles.

Initial concentration conditions are taken from the previous model run.
If this is not available, a spin-up time of several days has to be taken into
account to become insensitive for the climatological initial conditions.

1.5 Estimating NOx emissions from space

An emission inventory is an accounting of the amount of pollutants dis-
charged into the atmosphere. Emissions to the environment are the starting
point of every environmental pollution problem. Scientists and policy makers
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need information on emissions to understand these issues and to monitor
progress towards solving them. Emission inventories are also important in-
put data for most air quality forecast systems.

Current NOx inventories are based on “bottom-up” estimates which ag-
gregate information from diverse sources: country-by-country statistics on
fuel and land use, agricultural data, estimates of burned areas, observations
of NOx emissions ratios in pollution plumes, and local measurements of
soil fluxes. However, bottom-up estimates take a long time to compile which
make them often outdated, and their quality depends on the availability and
homogeneity of the data.

Using satellite observations of trace gas concentrations to calculate emis-
sion estimates has the advantage that emission inventories can be updated
soon after the satellite data becomes available. The satellite dataset is ho-
mogeneous. Furthermore, it supplies data for regions for which bottom-up
information is sparse or unavailable. This might turn out to be a major ad-
vantage when considering rapid changes in emissions caused by economic
developments, political measures, or from events such as forest fires.

Emission estimates from space can be made by comparing the observed
column concentrations of a trace gas with its simulated concentration from
a chemistry transport model, based on an emission inventory. The differ-
ence between observed and modelled concentrations contains information
on how to adjust the underlying trace gas emissions. This inverse problem
becomes computationally challenging when the non-local relation between
emission and concentration (i.e. transport from the source) has to be taken
into account, depending on lifetime of the trace gas and the aimed spatial
resolution of the emission estimates.

For NOx emissions, several approaches have been developed, which are
applied to different time scales and emission inventory resolutions. Shorter
assimilation intervals ask for fast data assimilation algorithms, while trans-
port issues become more important for higher spatial resolutions. Following
is an overview of different emission estimate methods. The methods differ
in their emission domain (global or regional), the used satellite data, and the
used chemical transport model. More importantly, the approaches differ in
how the sensitivity of NO2 concentration to NOx emission is determined, key
information for the emission inversion.

Martin et al. [2003, 2006] neglect transport, working with a 2◦×2.5◦ res-
olution and lifetimes of NO2 during summer. They assume a linear relation
between NOx emissions and NO2 tropospheric column concentrations. The
ratio between observed and simulated column concentration is the correction
factor applied to a priori emission. Note that scaling existing emissions has
a consequence that no new emissions can be found where the a priori emis-
sions are zero. Martin et al. [2003] use optimal estimation to weigh the a priori
emission inventory with the top-down estimates, resulting in an a posteriori
inventory with error estimates. Iterative application of this method [e.g. Zhao
and Wang, 2009], resolves non-linear and non-local relations between emis-
sion and concentration indirectly to a certain extent, however at the cost of a
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posteriori inventory error estimates.
To calculate the non-local sensitivities, an adjoint model code of the used

chemistry transport model can be used, if available. For instance, Kurokawa
et al. [2009], and Stavrakou et al. [2008] use the adjoint model together with
4DVAR techniques in their assimilation scheme. Alternatively, Napelenok
et al. [2008] use the Decoupled Direct Method (DDM) to calculate non-local
sensitivities. The DDM technique uses the forward model run to transport
the sensitivities internally as a kind of special tracer. It is applied to a lim-
ited number of sources areas or hot spots; for computational reasons it is
not feasible to calculate the sensitivities for all model grid cells individually.
Performing multiple model runs with different random perturbations on the
emission inventory (Monte Carlo method) is another approach to solve the
sensitivities. Konovalov et al. [2006] use 100 different model runs to calculate
the sensitivities in a 5×5 grid box around a grid cell, allowing for transport
of sufficiently short-lived chemical species.

A popular data assimilation method (e.g. by Miyazaki et al. [2012]) is the
Ensemble Kalman Filter (EnKF) [Evensen, 1994], which does not require an
adjoint model and is relatively easy to implement. As an extension of the
Kalman filter, EnKF employs a Monte Carlo approach to represent the uncer-
tainty of the model system with a large stochastic ensemble. Whenever the
filter requires the mean and covariance, these are obtained from the sample
statistics of the ensemble.

Chapter 4 describes a new approach to use daily satellite observations of
NO2 for fast updates of the NOx emission estimates. The algorithm needs
only one forward step from a chemical transport model to calculate the sens-
itivity of concentration to emission, using trajectory analysis to account for
transport away form the source.

1.6 Effects of anthropogenic change in atmospheric
composition

Man-made emissions have multiplied significantly since the dawn of the in-
dustrial revolution in the 18th century. Substances emitted into the atmo-
sphere by human activities are the cause of many current and potential en-
vironmental problems [EMEP/CORINAIR, 2007], including:

• health problems due to degraded air quality;

• climate change (including global warming);

• stratospheric ozone depletion;

• acidification and eutrophication;

• damage and soiling of buildings and other structures;

• ecosystem exposure to hazardous substances (e.g. mercury).
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1.6.1 Health effects of air pollution

Most air pollutants are formed by combustion processes, needed for energy
generation (e.g. by traffic or power plants), and contain toxic components
such as particulate matter (PM), NO2, sulphur dioxide (SO2), CO. Ground
level ozone is a secondary pollutant produced by the interaction of sunlight
with NO2 and volatile organic compounds (VOCs), see Section 1.2.2. High
NO2 concentrations can often be seen as a reddish-brown layer over urban
areas, while high levels of PM appear as a haze that reduces the visibility.

PM is a mixture of solid or liquid particles suspended in the air. They
vary in size: PM10 refers to particles less than 10 µm in diameter; PM2.5 to
particles less than 2.5 µm. The largest particles, called the coarse fraction,
are usually produced mechanically by the break-up of larger solid particles.
Particles smaller than 1 µm, called the fine fraction, are largely formed from
gases. Once inhaled, PM affects the respiratory system by narrowing and in-
flammation of the airway, causing increased sickness and premature death
from asthma, bronchitis, emphysema, and pneumonia. Long exposure can
develop chronic bronchitis and premature ageing of the lungs. Furthermore,
cardiovascular effects occur when pollutants (especially the fine fraction) pass
the bronchi and enter the blood stream. Here they can cause vascular inflam-
mation, decrease of oxygenation of red blood cells, hearth arrhythmias, and
chances in the autonomic nervous system control of the heart. Increased sick-
ness and premature death related to air pollution has been proven for coron-
ary artery disease, abnormal hearth rhythms, and congestive heart failure.
Negative health effects have been seen at very low levels of exposure, and it
is unclear whether a threshold concentration exists for particulate matter and
ozone below which no effects on health are likely [Brunekreef and Holgate,
2002].

For ozone, there are few epidemiological studies on the chronic effects on
human health. Incidence of asthma, a decreased lung function, lung cancer
and mortality are the main outcomes studied. In short-term studies, O3 ap-
pears to have a direct effect on pulmonary function, lung inflammation, lung
permeability, respiratory symptoms, morbidity and mortality [WHO, 2003].

For NO2, recent epidemiological studies have shown consistent associ-
ations between long term exposure and lung function in children as well
as with lung function and respiratory symptoms in adults. However, these
results are difficult to attribute to NO2 alone, because high concentrations
of NO2 found in an urban environment are accompanied with other traffic-
related air pollution. NO2 is a good indicator of traffic-related air pollution
and an important source of a range of more toxic pollutants that probably act
in combination to produce adverse health effects. There is no evidence for a
threshold below which no effects of NO2 on health are expected to occur for
all people, for either short or long-term exposure [WHO, 2003].

In the CAFE programme [Amann et al., 2004], an attempt has been made
to couple the exposure to anthropogenic emissions in Europe to loss in life
expectancy, see Figure 1.8. This calculation is based on the assumption that
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Figure 1.8: Loss in statistical life expectancy that can be attributed to the identified
anthropogenic contributions to PM2.5 (in months), for the emissions of the year 2000
(left panel), and emissions after the implementation of all presently decided emission-
related legislation in all EU member states (right panel). Figures taken from Amann
et al. [2004]

health impacts can be associated with changes in PM2.5 concentrations. It
transfers the risk of developing a PM2.5 related disease identified by Pope
et al. [2002] for 500.000 individuals in the United States to the European situ-
ation, and calculates mortality for the population older than 30 years. By
neglecting the health impacts for PM from natural sources and for second-
ary organic aerosols, nor quantifying infant mortality, the overall effects are
underestimated.

1.6.2 Climate change

Carbon dioxide (CO2), methane (CH4), nitrous oxide (N2O), and water va-
pour are transparent in the visible spectrum, but they tend to be opaque
at infrared wavelengths. This gives rise to the greenhouse effect: sunlight
can pass unimpeded through the atmosphere and heats the surface, but the
thermal radiation from the surface back to space is partly absorbed by these
gases, and is re-radiated in all directions. Since part of this re-radiation is
back towards the surface, energy is transferred to the surface and the lower
atmosphere. As a result, the average surface temperature is higher than it
would be if direct heating by solar radiation were the only warming mech-
anism.

The balance between natural emission and uptake of CO2 has been dis-
rupted significantly since the start of the industrial revolution. Burning fossil
fuels such as coal or oil derived products (which have been stored in the
Earth’s crust for millions of years) injects large amounts of extra CO2 into
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the atmosphere. As a consequence, the background concentration of CO2 has
risen from a fairly stable 280 ppm to a current level of 390 ppm, see e.g.
http://www.co2now.org. While the global increases in carbon dioxide con-
centration are due primarily to fossil fuel use and land use change, increase
of methane and nitrous oxide concentrations are primarily due to agriculture.
CH4 concentrations increased from a pre-industrial values of 715 ppb to 1774
ppb in 2005, while N2O increased from 270 ppb to 319 ppb in this period.

The Fourth Assessment Report of the IPCC [Solomon et al., 2007] states
with very high confidence that the global average net effect of human activ-
ities since 1750 has been one of warming. Observational evidence from all
continents and most oceans shows that many natural systems are being af-
fected by regional climate changes, particularly temperature increases. Apart
from a rising sea level, global warming causes widespread changes in pre-
cipitation amounts, ocean salinity, wind patterns and occurrence of extreme
weather events including droughts, heavy precipitation, heat waves and the
intensity of tropical cyclones.

Short-lived species and climate change

Not only long-lived greenhouse gases such as CO2 and CH4 cause climate
change. Also short lived species such as NO2 and SO2 contribute significantly.

Sulphuric acid (H2SO4) is formed by the oxidation of SO2 with OH. The
main direct effect of sulphates (SO2−

4 ) on the climate involves the scattering of
light, effectively increasing the Earth’s albedo, which causes global cooling.
Sulphates form aerosols which act as cloud condensation nuclei, which are
believed to form clouds made of more and smaller droplets, and having a
longer cloud lifetime. These clouds scatter the incident light more effectively,
enhancing the net cooling effect [Solomon et al., 2007].

Shindell et al. [2009] assessed the impact of NOx emissions on climate
change. Increased emissions of NOx result in increased levels of tropospheric
ozone (on average, the Earth is in the NOx-limited regime, see Figure 1.3).
Although increased tropospheric ozone has a warming effect [Solomon et al.,
2007], it also produces enhanced OH levels by reaction (R3) and (R14) which
favours conversion of SO2 into sulphate. As a net effect, increased NOx emis-
sions cause substantial cooling. It should therefore be taken into account, that
when only reduction of NOx emission is targeted (e.g. for improving the air
quality), global warming will be enhanced.

1.6.3 Effects of ozone depletion

Apart from the ozone hole, emissions of ozone-depleting substances (ODSs)
have a global impact on stratospheric ozone (see Section 1.2.1). For northern
and southern midlatitudes, observations showed a decline of ozone columns
by about 6% in 1980–1996 [WMO, 2010]. As a result of the Montreal Protocol
on ODSs, ozone abundances are expected to recover in the coming decades.
For northern midlatitudes in 1996-2009, the ozone columns increased from
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the minimum values by about 2% by 1998 and remained at the same level
thereafter. For southern midlatitudes, however, values remained approxim-
ately at the same level. Ground-based UV reconstructions and satellite UV
retrievals, supported in the later years by direct ground-based UV measure-
ments, show that erythemal (“sunburning”) irradiance over midlatitudes has
increased since the late 1970s, in qualitative agreement with the observed
decrease in column ozone. Over-exposure to UV can lead to skin cancer.

The Antarctic ozone hole continues to appear each spring. Its inter-annual
variability in magnitude can be explained by meteorologic processes; on av-
erage the ozone hole does not show a decline. This is expected, because de-
creases in stratospheric chlorine and bromine have been moderate over the
last few years. The October mean column ozone within the vortex has been
about 40% below 1980 values for the past fifteen years. Usually the ozone
hole appears far from the populated world, and its influence on the Antarctic
ecosystem is still largely unknown. In November 2009, however, a vortex an-
omaly located part of the ozone hole over the tip of South America [De Laat
et al., 2010]. For 20 consecutive days, low ozone values caused persistent
large UV index values of 10 or more, usually only found between 40◦ of the
equator. The large UVI values occurred over populated regions, resulting in
prolonged increased UV exposure for humans, animals, and plants.

1.7 Air pollution in China

The strong economic growth of China in the last decades asks for an un-
precedented energy need for its industrial production and for the improved
economic living standard of its inhabitants. Between 2005 and 2010, China
increased its thermal-power generation by 63%, iron and cement production
by 74% and 76%, respectively, and vehicle production by 220% [Zhang et al.,
2012]. The control of air pollution is in a race with the economy. Due to the
vast reserves in the north and northwest of the country, coal is the main en-
ergy source, counting for 80% of the energy production. As a result, China
has now overtaken the USA as world’s largest contributor to carbon dioxide
emissions. The coal consumption is the main source of air pollution of PM,
SO2, NOx and CO.

Attracted by better economic prospects, the rural population moves to the
cities. According to China’s latest census, the urban population has grown
considerably the last decades from 23% in 1985 to 50% in 2010, with over
120 cities having more than 1 million inhabitants. The resulting construction
boom (see Figure 1.9) and traffic densities due to increased vehicle owner-
ship are other important sources for increased air pollution in Chinese cities.
Based on the data of 341 monitored Chinese cities in 2004, 53% of the cities
reported an annual average of PM10 exceeding 100 µg/m3. 14% of the cities
reported an annual PM10 level in excess of 150 µg/m3. In this year, only 1%
of the country’s urban population lived in cities with annual average PM10
levels below 40 µg/m3 [World Bank, 2007].
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Figure 1.9: Construction in Shanghai as an illustration of China’s booming economy.
Left shows the Pudong skyline in 1995, right: the same panorama 15 years later
[Photo’s by Vincent Mentzel and AP].

Figure 1.10: Air pollution in Hong Kong. Right shows a haze-free day as often seen
in Spring/Summer (picture taken in April 2006) and left shows haze as seen in Fall-
Winter (picture taken on 15 September 2007). As can be seen from the sunlight on the
buildings, both days were essentially cloud-free. [Source: Wikipedia]

Especially the air quality situation in Beijing is bad. The Beijing Environ-
mental Protection Bureau reports PM10 levels of 121 µg/m3 on average in
2010, whereas the WHO puts 40 µg/m3 as the limit value. Beijing’s pop-
ulation increased from 13.6 million in 2000 to 19.6 million in 2010. In the
same period, the number of cars increased from 1.5 million to 6 million.
The rapid increase of motor vehicles changed air pollution in Beijing from
the conventional coal combustion type to the mixed coal combustion/motor
vehicle emission type. The city’s geographical location intensifies the air
quality problem with surrounding mountain ranges impeding air circula-
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tion and dispersion of pollutants. Its continental climate causes often stable
and low boundary layers in winter time, preventing mixing of polluted air
with cleaner air in higher atmospheric layers. Air pollution, and especially
traffic-derived particulate matter, is now established as a major cause of car-
dio respiratory morbidity and mortality [e.g. Zhang et al., 2011].

Beijing authorities are well aware of the problem and introduced many
air pollution control measures, most famously during the Olympic Games
of 2008 (see Chapter 3). A wide range of air quality measures were taken:
coal desulphurisation, improvement of public transport system, road traffic
control, change of energy use patterns, closure and translation of polluting
industries. This effort has resulted in a downward trend of SO2 (nationwide
decreased by 11% from 2005 to 2010, mainly due to improved filtering tech-
niques of coal-fired power plants [Li et al., 2010; Zhang et al., 2012]). Annual
PM10 levels, however, remain high. NOx emissions dropped sharply during
the Olympic Games, but recovered in the months hereafter (see Chapter 4).

Non-local effects

The Chinese contribution to global NOx emissions is estimated to be 17%
(see Tabel 1.1). The short lifetime of NOx in polluted environments does
not mean that NOx is only harmful close to its source; bad air quality in
China affects global environmental issues. Reactions (R20)-(R24) produce tro-
pospheric ozone, which has a significant longer lifetime (2–4 weeks), and is
therefore transported further away form its source. Another important long
range transport mechanism of air pollutants starts with the formation of per-
oxyacetylnitrate (PAN) from NOx and aged VOCs [Jacob, 1999]. Although
PAN formation is not an important sink for NOx such as the formation of
HNO3 in (R25), it is less soluble in water and therefore less sensitive to wet
deposition. At low temperatures the lifetime of PAN can be very long (several
months at 250 K). If it is lifted to the middle and upper troposphere, PAN
acts as a reservoir species for NOx. It can be transported over long distances
until it decomposes into NOx in warmer (and lower) atmospheric layers, far
from its source.

Because of predominant westerly winds, this means that it is transported
to Korea, Japan, and further downwind over the Pacific. Cooper et al. [2010]
looked at trends in ozone in springtime of the mid-troposphere (3–8 km) over
western North America, and found a rate of 0.80 ppb/yr between 1984 to
2008 for air masses originating from south and east Asia, significantly larger
than the rate of 0.45 ppb/yr found for air masses originating from the North
Pacific. Given the decreasing North American ozone precursor emissions in
the last decades [Van der A et al., 2008], it is unlikely that North American
emissions are contributing to the increase of background ozone.
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1.8 Research objectives and thesis overview

In the last decades, satellite instruments have proven to be very useful in
studying and monitoring the chemical composition of the atmosphere. In-
struments such as SCIAMACHY, GOME-2, and OMI look at backscattered
sunlight in nadir view, measuring the ultraviolet and visible spectrum in high
spectral resolution. From these measurements information of atmospheric
trace gases can be retrieved.

Chapter 2 deals with the retrieval of the vertical distribution of ozone from
space, and how the global performance of the retrieval algorithm can be
improved. This enables the production of consistent global datasets, while
short computation time facilitates the use of the algorithm in near real time
applications.

Chapter 3 concentrates on tropospheric NO2 and addresses the question
whether the effect of air quality measures can be observed and quantified
from space. The Olympic Games of Beijing in 2008 are used for a case study.

In Chapter 4, we use the difference between NO2 observations and simula-
tions of a chemical transport model to adjust the emission inventory used by
the model. Up-to-date emission inventories are crucial data for policy makers
and for reliable air quality forecasts. A new algorithm is presented, which is
specifically designed to use daily satellite observations of column concentra-
tions for fast updates of emission estimates of short-lived atmospheric con-
stituents on a mesoscopic scale (∼25×25 km2).

In Chapter 5, this algorithm is applied to GOME-2 data to construct a
four-year NOx emission time series for East Asia. Trend analysis show differ-
ent grow rates for different Chinese provinces during 2007–2010, related to
economic growth, power generation, industrialisation and urbanisation. The
algorithm is also used to quantify the consequences of local NOx emissions
on tropospheric NO2 concentration elsewhere.

Finally, in Chapter 6, concluding remarks and future research challenges
are presented.
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Chapter 2

Improving ozone profile retrieval
from spaceborne UV backscatter
spectrometers using convergence
behaviour diagnostics

Abstract

The Ozone Profile Algorithm (OPERA), developed at KNMI, retrieves
the vertical ozone distribution from nadir spectral satellite measurements
of back scattered sunlight in the ultraviolet and visible wavelength range.
To produce consistent global datasets the algorithm needs to have good
global performance, while short computation time facilitates the use of
the algorithm in near real time applications.

To test the global performance of the algorithm we look at the conver-
gence behaviour as a diagnostic tool for the ozone profile retrievals from
the GOME instrument (on board ERS–2) for February and October 1998.
In this way, we uncover different classes of retrieval problems, related to
the South Atlantic Anomaly, low cloud fractions over deserts, desert dust
outflow over the ocean, and the intertropical convergence zone. The in-
fluence of the first guess and the external input data including the ozone
cross-sections and the ozone climatologies on the retrieval performance
is also investigated. By using a priori ozone profiles which are selected
on the expected total ozone column, retrieval problems due to anomalous
ozone distributions (such as in the ozone hole) can be avoided.

By applying the algorithm adaptations the convergence statistics im-
prove considerably, not only increasing the number of successful retriev-
als, but also reducing the average computation time, due to less itera-
tion steps per retrieval. For February 1998, non-convergence was brought
down from 10.7% to 2.1%, while the mean number of iteration steps
(which dominates the computational time) dropped 26% from 5.11 to
3.79.

The content of this chapter has been published as Mijling et al. [2010].
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2.1 Introduction

There is a great need for information on the state and evolution of the global
three-dimensional distribution of ozone in the atmosphere. Time series of
ozone spanning years or even decades are important to detect changes in
ozone which are coupled to climate change, and to monitor and understand
the depletion and expected recovery of stratospheric ozone. Stratospheric
ozone measurements are also used for operational numerical weather pre-
diction models to constrain the energy balance in the stratosphere allowing
improved forecasts. Knowledge on the distribution of ozone in the upper
troposphere is important to quantify its contribution to radiative forcing and
thus improve the understanding of climate change. Ozone in the boundary
layer has adverse health effects and is an important species in air quality.
Although boundary layer ozone is difficult to detect using the ultraviolet
backscattered spectra measured from space, the inferred information on the
tropospheric abundance is relevant for air quality modelling.

The key to retrieve the vertical distribution of ozone in the atmosphere
from ultraviolet (UV) backscattered sunlight is the sharp decrease in the
ozone absorption cross-section between 265 and 330 nm. Photons at the
shortest wavelengths only penetrate the upper part of the atmosphere; there-
fore back-scattered short-wave photons contain information only of the upper
layers of the atmosphere. Moving to longer wavelengths, deeper layers start
to contribute to the back-scattered radiance. Beyond 300–310 nm (depend-
ing on the solar zenith angle) a sizeable fraction of the solar light reaches
the surface. Combining the radiances over the whole wavelength range thus
provides information of the ozone profile.

The Global Ozone Monitoring Experiment (GOME) was launched on the
European Space Agency’s second Earth Remote Sensing (ERS-2) satellite in
April 1995 to measure backscattered ultraviolet (UV) and visible light at
moderate spectral resolution (0.2–0.4 nm). To retrieve ozone profiles from its
measurements in channels 1 and 2 (240–404 nm) several algorithms have been
developed based on different techniques: optimal estimation [Bhartia et al.,
1996; Chance et al., 1997; Munro et al., 1998; Hoogen et al., 1999; Van der
A et al., 2002; Liu et al., 2005], Philips-Tikhonov regularisation [Hasekamp
and Landgraf, 2001], and a neural network approach [Del Frate et al., 2002;
Müller et al., 2003]. An extensive intercomparison of these algorithms has
been done by Meijer et al. [2006]. Similar algorithms have also been applied
to measurements from SBUV, SCIAMACHY, OMI and GOME-2.

At the Royal Netherlands Meteorological Institute (KNMI) the Ozone Pro-
file Retrieval Algorithm (OPERA) [Van Oss and Spurr, 2002; Van der A et al.,
2002] has been developed, based on the optimal estimation technique and
able to ingest data from the satellite instruments GOME, GOME-2, and OMI.
Since 2007, OPERA is used operationally for ozone profile retrievals from
GOME-2 data in near real time. Using an older version of the OPERA al-
gorithm, the quality of the retrievals from GOME data has been validated ex-
tensively by De Clercq et al. [2007] by comparing them with sonde, lidar, and
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microwave and by analyzing the averaging kernels. The validation shows that
for 1996–1998 instrument degradation issues are least, and, consequently, re-
trievals are best. The stratospheric part of the profile typically agrees within
10% with the correlative data. The agreement in the tropospheric part de-
pends mainly on the latitude of the ground-based station. At high latitudes
agreements within 10% are found; in the tropical zone a bias of 35% and
additional seasonal oscillations are found.

In this study, we evaluate the global performance of the algorithm by its
convergence behaviour. Bad convergence statistics indicates where the al-
gorithm has problems to retrieve an ozone profile. In this way we can isolate
geographical problem areas such as South America (Section 2.4) and deserts
(Section 2.5). Studying the convergence statistics also allows us to assess the
influence of the input data (such as the ozone cross section and the ozone
climatology) on the retrieval result, as will be shown in Sections 2.6 and 2.8.
Section 2.7 elaborates on the influence of the starting point of the iterations
on the retrieval results. By implementing the algorithm adaptations and se-
lecting better input data, the larger number of successful retrievals improves
global coverage and increases average retrieval speed, facilitating the use of
retrievals in near real time applications and the reprocessing of large datasets.

2.2 Algorithm overview and retrieval configuration

OPERA solves the inverse problem of retrieving the vertical ozone distribu-
tion from the measured radiance spectrum. In the forward step, it uses a ra-
diative transfer model to calculate the spectrum from a model atmosphere in-
cluding a first-guess ozone profile and estimates of cloud fraction and cloud
height. The single scattering part of the radiation is computed with a fast
single scattering model; the multiple scattering part is computed with the
Linearised Discrete Ordinate Radiative Transfer model (LIDORTA) in four
streams [Van Oss and Spurr, 2002], taking the sphericity of the atmosphere
into account in the pseudo-spherical approximation. To limit calculation time,
LIDORTA calculates scalar radiation fields. Polarisation effects, which cannot
be neglected [Hasekamp et al., 2002], are included afterwards by correcting
with values from a look-up table that is created with the doubling-adding ra-
diative transfer model which does include polarisation [De Haan et al., 1987].
In the inverse step, the difference between measured and simulated measure-
ment is used to update the ozone profile and auxiliary parameters such as
the effective surface albedo. The retrieval is ill-posed in the sense that many
profiles give similar simulated spectra within given error bars. These profiles
differ in their smallscale structures, which are not well constrained. By us-
ing the optimal estimation technique [Rodgers, 2000] an optimal solution is
selected that combines information from the measurement with an a priori,
climatological, ozone profile. Because of the non-linearity of the problem, an
iteration scheme is needed to find the ozone distribution which minimizes
the cost function. In this scheme the forward model and inverse step are re-
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peated until certain convergence criteria are met on the solution (see below).
To ensure a standardised set of starting points we will use the climatolo-
gical profile also as the first guess in Sections 2.4 to 2.6. In the comparison of
the ozone climatologies in Section 2.8 the previously retrieved profile will be
used as a first guess for the iteration, so that the climatology is only affecting
the a priori data.

In this paper we test the performance of our algorithm (OPERA version
1.0.9) with GOME data, taking advantage of the extensive calibration effort
put into the measurements of this satellite instrument [Van der A et al., 2002;
Krijger et al., 2005]. Retrieval of ozone profiles requires absolutely calibrated
reflectivities which makes it very sensitive to the accuracy and precision of
the reflectivity calibration [Van der A et al., 2002]. Our results are based
on the level 1b product extracted with the GOME Data Processor, version
4.01 [Slijkhuis, 2006], which contains corrections for the degradation of the
reflectance, the radiance offset, and the polarisation sensitivity. We restrict
ourselves to data from 1998, i.e. before degradation of the sun-normalised
radiance sets in.

Table 2.1 summarises the most important retrieval settings and input data.
The ozone profile is fitted for 40 atmospheric layers distributed homogen-
eously over altitude from surface level to 0.1 hPa. Furthermore, OPERA fits
either the surface albedo or the cloud albedo, depending on the cloud frac-
tion. Validation studies show that retrieval quality is improved further when
OPERA fits a radiometric offset between measurement and simulated reflect-
ance in the Band 1a window. Cloud fraction and cloud pressure are derived
from the oxygen-A band using the FRESCO algorithm (see Section 2.5).

2.3 Convergence criteria and global retrieval performance

Due to the non-linearity of the retrieval problem, the optimal estimation and
its covariance are calculated numerically by using an iteration scheme which
is based on the Gauss- Newton method [Rodgers, 2000]. This requires a con-
venient criterion for stopping the iteration. Here, we break off the iteration
when the difference between the error-weighted lengths of two consecutive
state vectors S−1/2

x (xi − xi+1) is below a fixed threshold εn:

(xi − xi+1)
TS−1

x (xi − xi+1) < εn (2.1)

in which Sx indicates the covariance matrix of state vector xi , and n is the di-
mension of the “state space”, the vector space spanned by the fit parameters
(here, n = 42). Throughout this study we will use ε = 0.02. A stricter conver-
gence criterion (e.g. taking ε = 0.01) will slightly increase the mean iteration
steps needed to reach convergence, but does not change the retrieval results
significantly.

To investigate the algorithm behaviour for the full range of atmospheric
and observational conditions, we use the algorithm with the default settings
of Table 2.1 on a reference dataset of all retrievals in February 1998 (∼ 69 000
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Table 2.1: Overview of the retrieval settings and input data.

Retrieval algorithm OPERA, version 1.0.9

Satellite data

GOME data (version GDP 4.01) from February and October,
1998;

Pixel size 960 km (across track) × 100 km (along);

Equatorial overpass time around 10:30 LST (local solar time);
Reflectance and error calculated from solar irradiance, earth
shine radiance, and their errors.

Atmospheric model

40 layers between 41 fixed pressure levels from 1000 to 0.1 hPa,
equidistant in height;
ECMWF temperature profiles (ERA-40; see Uppala et al. [2005],
interpolated to time and location of retrieval;

No aerosols.

Cloud parameters Cloud fraction and cloud pressure retrieved from oxygen-A
band by FRESCO version 4. Cloud albedo fixed at 0.8.

Forward model
settings

40 layers between 41 fixed pressure levels from 1000 to 0.1 hPa;

Multiple scattering by LIDORTA (4 streams);

Correction for inelastic rotational Raman scattering included.

Fit parameters, state
vector

Partial ozone columns for 40 atmospheric layers;
Surface albedo (for cloud fraction < 20%) or cloud albedo (for
cloud fraction ≥ 20%);

Additional radiance offset in Band 1a.

Fitting windows

Band 1a (265–307 nm before 8 June 1998; 265–283 nm after-
wards);
Band 1b (308–313.5 nm before 8 June 1998; 282–313.5 nm after-
wards). 8 pixels are co-added to match one Band 1a pixel;
Band 2 (315–330 nm). 8 pixels are co-added to match one
Band 1a pixel.

Ozone climatology (a
priori and initial pro-
file)

Fortuin and Kelder [1998] (reference setting) or McPeters et al.
[2007] or TOMS version 8 [Bhartia and Wellemeyer, 2002].

Ozone cross sections Bass and Paur [1985] (reference setting) or Brion et al. [1993].

Surface albedo Combined GOME/TOMS UV database for λ = 360 nm based on
Herman and Celarier [1997] and Koelemeijer et al. [2003].

Maximum nr of iter-
ations 10
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Figure 2.1: Retrieval statistics for February 1998 with the settings of Table 2.1. 11.4%
of the retrievals do not converge after 10 iteration steps.

retrievals in orbit number 14 557 to 14 957, excluding narrow swaths). On av-
erage, 5.11 iteration steps were needed for convergence; 10.7% of the retriev-
als did not converge within 10 steps. As can be seen from the convergence
statistics in Figure 2.1, it is reasonable to break off the iteration after 10 steps
when convergence criteria are still not met, since these retrievals apparently
never converge.

We construct global monthly average fields of various parameters by pro-
jecting all GOME footprints on a grid of 1◦ × 1◦. Figure 2.2a maps the mean
number of iteration steps per grid cell, while Figure 2.2b shows the mean
fraction of not converged retrievals; a fraction of 1 indicates that for this grid
cell all retrievals did not converge. In this way, different problem areas are
uncovered. Apparently, the algorithm suffers from retrieval problems in dis-
tinct areas such as South America and deserts (e.g. Sahara and West Aus-
tralia). The band-like structure over the Pacific, roughly from Ecuador to
Papua New Guinea, appears to correspond with the position of the inter-
tropical convergence zone (ITCZ) for this month.

The degrees of freedom for signal (DFS) is another useful measure to in-
vestigate the overall performance of the algorithm. Qualitatively, the DFS
indicates how much information has been inferred from the measurements.
If n is the dimension of the state space, we have DFS = n if the measurements
completely determine the state vector, and DFS = 0 if there is no informa-
tion at all in the measurement, and the retrieval is completely determined by
the a priori information. Typically, the DFS for the ozone profile fit paramet-
ers retrieved by OPERA for GOME measurements varies between 4 and 7,
governed by the a priori errors, the measurements errors and the sensitivity
of the radiation to the profile. The latter varies mainly with the solar zenith
angle, the cloud fraction and the surface albedo.

When non-convergence is caused by the quality of the measurements, the
forward model, or its parameters, we will test the goodness of fit with the
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Figure 2.2: (a) Mean number of iteration steps for all retrievals of February 1998.
Non-converging retrievals are broken off after 10 iteration steps. (b) Fraction of not
converged retrievals. Note the distinct areas of non-convergence.

Figure 2.3: Reflectance measurements in Band 1a for a typical measurement outside
the SAA (left), on the edge of the SAA (middle), and in the centre (right). Measure-
ments which pass the filter are indicated by the red dots. Spikes and noisy parts of
the measurements are blocked by the filter.
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reduced chi-square. Here we will use the definition:

χ2
red =

1
N

N

∑
i=1

(
yi − fi(a, x)

σi

)2

(2.2)

which gives the mean squared residue between observed reflectances yi and
the corresponding forward model simulations fi at given ozone profile x
and model parameters a, normalized by reflectance error σi . The reflectance
error is calculated from the relative errors in solar irradiance and earth shine
radiance, both taken from the level 1b product. If χ2

red ≈ 1, the forward
model fits well in the sense that the spectral residues show the spreading of
measurement error. χ2

red > 1 indicates systematic biases in the forward model
(due to an unrealistic model or poor model parameters), or measurement
errors which are larger than assumed.

2.4 South Atlantic Anomaly

The area of non-convergence over South America in Figure 2.2b corresponds
with the location of the South Atlantic Anomaly (SAA). This is the region
where the sunsynchronous satellite orbit (typically at 800 km altitude) inter-
sects the inner Van Allen radiation belt. The high energetic particles (mainly
protons and electrons) trapped inside this belt interact with the instrument,
causing non-Gaussian noise and spikes in the measurements. Due to the
weak signal level at short wavelengths, especially radiance measurements
in Band-1a are affected by the SAA (see Figure 2.3). The distorted spectra can
not be simulated by the radiative transfer model (RTM), and causes conver-
gence problems for the algorithm.

In order to avoid this type of non-convergence, an SAA filter was imple-
mented. Basically, it disqualifies all measurements from the Band-1a fit which
are affected by the impact of high energetic particles. This is done by consid-
ering the reflectance Rref at a certain wavelength λ0 as a reference which is
used to evaluate the validity of the neighbouring reflectance at the shorter
wavelength side R(λi−1). This measurement is considered a statistical outlier
and disqualified if its value is higher than Rref plus n times the reflectance
error σ:

R(λi−1) > Rref + nσ(λi−1) (2.3)

If not, R(λi−1) is taken as a new reference value to evaluate the next meas-
urement. Note that we only test an upper boundary condition; testing for
a lower boundary condition is not as straightforward due to the decreasing
reflectance values towards shorter wavelengths.

Figure 2.4a shows the retrieval results for February 1998, using the SAA-
filter with parameters λ0 = 290 nm and n = 3. By comparing with Figure 2.2a,
one can see that the SAA filter works well. For the region enclosing the SAA
(here taken between 5◦S–40◦S latitude and 5◦W–75◦W longitude), the mean
number of iteration steps is reduced from 7.51 to 6.88, mainly caused by
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Figure 2.4: Retrieval results for February 1998 with the SAA-filter applied. (a) Mean
iteration steps. (b) Mean number of spectral measurements: only measurements in
the SAA are affected by the filter. (c) The reduced number of measurements, however,
results in a decrease of degrees of freedom for signal.
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a drop in non-convergence from 52.6% to 40.7%. Globally, non-convergence
drops from 10.7% to 9.9% for this month.

Filtering the measurements improves the goodness of fit of the forward
model in the SAA region considerably: the reduced chi-square for converged
retrievals drops from 52 to 6.5. Outside the SAA region the converged re-
trievals fit with χ2

red = 1.3.
The effectiveness and selectivity of the filter can be seen in Figure 2.4b,

which shows the mean number of spectral measurements used for the re-
trieval. Although the filter criteria are applied to all observations, the filter
is mainly active in the SAA. Outside the SAA all measurements are used for
retrieval; deep within the SAA the measurements become so noisy that al-
most all measurements in Band-1a are discarded: the total number of used
measurements drops from 587 to 370. This causes the DFS to decrease, as can
be seen in Figure 2.4c.

2.5 Low cloud fractions at deserts

Since clouds in the field-of-view strongly affect the measured reflectance,
they need to be included in the radiative simulation of the atmosphere. The
convergence problems above deserts, as revealed by Figure 2.2, can be re-
lated to the used cloud parameters. OPERA retrieves its cloud parameters by
its in-built FRESCO algorithm, version 4 [Koelemeijer et al., 2001] in which
clouds are represented by a Lambertian reflector described by an effective
cloud fraction and a cloud pressure. The effective cloud pressure Pc and the
effective cloud fraction fc are derived from the reflectivities in the oxygen-
A band (758–766 nm), based on the principle that clouds screen the oxygen
below the cloud. In the continuum the reflectivity depends mainly on the
cloud fraction, the cloud albedo (here assumed to be 0.8), and the surface al-
bedo (taken from a monthly global minimum-reflectivity database; Fournier
et al. [2006]). The depth of the absorption band, however, depends also on
the cloud pressure.

There are several other cloud parameter retrieval methods, such as using
the (much weaker) O2−O2 absorption band at 477 nm [Acarreta et al., 2004].
This is used for retrievals from e.g. the OMI instrument, where measurements
at the oxygen-A band are not available. Van Diedenhoven et al. [2007] use
the oxygen-A band with additional ultraviolet measurements between 350–
390 nm to get extra information on cloud fraction and cloud optical thick-
ness. By neglecting the opacity of clouds multiple scattering of photons in
and below the clouds are not taking into account which introduces an extra
retrieval error (see Liu et al. [2004]). However, the small computational cost
of the FRESCO algorithm compared to a more complex algorithm favours its
application in OPERA.

The cloud parameters are used by the RTM, which performs two calcu-
lations: one cloud-free (Rclear) and one fully clouded (Rcloud) with clouds at
pressure level Pc. The reflectance for the partially cloudy scene is computed
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from R = fcRcloud + (1− fc)Rclear for each wavelength. Depending on the
cloud fraction, either surface or cloud albedo is included in the state vector.
For fc ≥ 0.2, backscattered radiation is dominated by the bright clouds: OP-
ERA takes the surface albedo from a database and will fit the cloud albedo to
find radiance closure at the top of the atmosphere. For fc < 0.2 backscattered
radiation from the surface becomes dominant, and OPERA will fit the surface
albedo and sets the cloud albedo at 0.8.

The majority of convergence problems over deserts is caused by a surface
albedo which is fitted to negative values. FRESCO tends to overestimate small
cloud fractions (see Fournier et al. [2006]), because its minimum-reflectivity
surface albedo database is not sufficiently decontaminated from the presence
of absorbing desert dust aerosols and is therefore too low. The overestimated
cloud fraction results in a simulated spectrum in which radiances are too
high. In order to match the measured spectrum, the inverse step will lower
the surface albedo. Because the initial surface albedo is small (typically 0.05
in the UV spectrum) and negative values are not allowed, there is not enough
flexibility to compensate for the difference in radiance: the algorithm will not
converge.

To prevent this problem, the following workaround has been implemented:
if FRESCO retrieves fc < 0.2 and in one of the consecutive iterations the
surface albedo is fitted below zero, then fc is set to 0 and the retrieval process
is restarted. By doing so, the presence of clouds will be compensated by
adjustments in the surface reflectance.

Although restarting to clear sky conditions takes at least one RTM-inversion
cycle more, overall computation time is gained by avoiding non-convergence.
Compared with Figure 2.4a, Figure 2.5a shows the improvement of retrieval
results above deserts; global non-convergence statistics drop from 9.9% to
5.7%. The selectivity of this workaround is shown in Figure 2.5b by mapping
for each location the fraction of retrievals to which it has been applied. As
can be easily seen, it applies mainly to desert areas, especially Sahara and
Australia, but also other sparsely clouded areas such as Mexico, India, and
Namibia.

The presence of absorbing aerosols, which are not included in the atmo-
spheric model, cause similar radiance closure problems at the top of the at-
mosphere. The proposed workaround also solves these convergence prob-
lems, as can be seen from the dust outbreak event in February 1998 flowing
out from West Africa towards South America (Figure 2.5c). The dust cloud
absorbs radiation in UV, lowering the reflectance measured in this regime. At
the same time, FRESCO attributes the increased reflectance around 750 nm
due to the presence of the dust cloud over a dark ocean to an increased effect-
ive cloud fraction. These two effects will force OPERA to retrieve the surface
albedo below zero, which can be avoided by assuming a cloud-free model
atmosphere.

To investigate the impact of the error which is introduced by neglecting a
small cloud fraction, we select a representative not-converging desert pixel,
the centre of its footprint 900 km west from Lake Chad, with cloud para-
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Figure 2.5: Retrieval results for February 1998 with the desert workaround. (a) shows
the improvement of retrieval results above deserts when compared with Figure 4a;
(b) shows the selectivity of the workaround by mapping for each grid cell the fraction
of retrievals to which it has been applied. The convergence problem due to the dust
outbreak flowing out from West Africa towards South America is also solved; as a
comparison (c) shows the mean aerosol optical depth (AOD) at 500 nm for the same
month (taken from http://www.temis.nl).
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Figure 2.6: (left) Dependence of retrieved surface albedo and total ozone column on
the cloud fraction. In red, the retrieval corresponding to a surface albedo of 0.05,
which is taken as a reference. (middle) All retrieved ozone profiles. Small differences
occur mainly in the lower part of the ozone bulk and in the troposphere. (right) Shows
the absolute deviation of number densities in 1018 molecules/m3 for each atmospheric
layer with respect to the reference profile at fc=0.025.

meters fc=0.105 and Pc= 824 hPa according to FRESCO. We perform a set
of retrievals for this pixel with Pc fixed at 824 hPa and fc ranging from 0 to
0.2. Figure 2.6a shows the dependence of the retrieved ozone column and
the surface albedo on the cloud fraction: overestimation of the real cloud
fraction is compensated by a darker surface and more absorbing ozone. For
fc > 0.07, the retrieved surface albedo becomes negative. Assuming a realistic
surface albedo of 0.05 for our pixel we estimate the true cloud fraction to be
fc = 0.025. In Figure 2.6b all retrievals are plotted; absolute deviations from
the reference retrieval at fc = 0.025 are showed in Figure 2.5c. By switching to
a cloud fraction of 0, the retrieved surface albedo increases to unrealistic high
values (0.08 in our example). The retrieved total ozone column, however, de-
creases with less than 0.2%. This decrease is caused by a decrease in partial
ozone column of the lower model layers up to 17 km; above the ozone bulk
the profile does not change significantly. The goodness of fit of the forward
model is not affected by this workaround, and remains χ2

red = 1.3.

2.6 Ozone cross-sections

Another important quantity that determines the accuracy of the radiative
transfer calculation is the ozone absorption cross-section at vacuum. In OP-
ERA, cross-section values are calculated from a lookup table, which is para-
meterised by wavelength and temperature. Errors in the used crosssections
can change the total retrieved ozone and the vertical distribution of this ozone
significantly, as shown by Liu et al. [2007]. Wrong cross-sections introduce an
additional forward model error which influences the convergence statistics
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of the algorithm.
Here, we compare cross-sections from Bass-Paur (abbreviated BP) [Bass

and Paur, 1985; Paur and Bass, 1985] and Brion (abbreviated BR) [Brion et al.,
1993; Daumont et al., 1992; Malicet et al., 1995]. For both cross-sections the
wavelengths have been converted to vacuum wavelengths (see e.g. Orphal
and Chance [2003]); temperature dependence is described by a second or-
der polynomial fit. BP compares with BR to within ∼ 1% for wavelengths
between 289–307 nm and temperatures between 209–278 K. For 326–337 nm
however, the mean BP cross-sections are higher by 1–2% than BR [Liu et al.,
2007]. Switching from BP to BR ozone cross-sections improves the conver-
gence statistics of the retrieval algorithm considerably: for February 1998 the
non-convergence drops from 5.7% to 4.5% (compare Figure 2.5a with Fig-
ure 2.8a), while the mean number of iteration steps reduces slightly from
4.97 to 4.96. The improved convergence is the result of a better spectral fit of
the forward model. The reduced chi-square drops from 1.3 to 1.2.

Due to the lower values of the BR cross-sections, the algorithm compensates
for the loss of absorbed radiance by increasing ozone in its model atmo-
sphere. The mean retrieved total ozone column in February 1998 therefore
increases from 289.8 DU to 292.1 DU (considering only retrievals which con-
verge for both cross-sections), which is in accordance with the findings of
Liu et al. [2007]. For the same orbital data, the GOME total ozone column al-
gorithm TOGOMI [Valks et al., 2004] retrieves an average column of 292.6 DU.
Compared with BP, BR cross sections cause the average profile to increase
14 DU in the 1000–100 hPa range and to decrease 12 DU in the 100–20 hPa
range.

2.7 First guess

As stated in Section 2.2, the iteration scheme of the algorithm needs a con-
venient starting point. So far, we used the climatological profile as a starting
point for each retrieval, which ensures that the change in convergence beha-
viour of the successive experiments can be fully attributed to the algorithm
adaptations. When processing complete satellite orbits, an common alternat-
ive strategy is to use the previous retrieval as a first guess, which — given
the smooth gradients of the ozone field — provides a starting point close to
the final retrieval. When no previous retrieval is available, due to noncon-
vergence or at the start of the orbit, OPERA will take its first guess from
climatology.

In general, the number of iteration steps will be influenced by the distance
in state space from the first guess to the true ozone profile. If the first guess
is taken too far away, the algorithm can even fail to converge. To study the
sensitivity of the convergence statistics on the first guesses we retrieved ozone
profiles for February 1998 with both sets of starting points. This showed
that the exact location of the first guess in state space hardly influences the
convergence success: for both sets the non-convergence is 4.5%. Even in the
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Figure 2.7: Influence of first guess on number of iteration steps for February 1998: (a)
mean number of iterations when taking the climatological profile as starting point;
(b) mean number of iterations when the previous retrieval is used as starting point.

ozone anomaly of February 1998 above Northern Europe, where the true
ozone column drops 60 DU below to the climatological value, the first guess
has a negligible influence on the convergence success. Also the shape and size
of the retrieved profiles is the same. The partial ozone columns differ within
2% for the lower tropospheric layers, within 0.4% for the layers containing the
ozone bulk, and even less for higher atmospheric layers. The real advantage
of using the previous retrieval as a first guess can be found in the reduction of
iteration steps, as shown in Figure 2.7. The mean number of iterations steps
for all retrievals in this month drops from 4.96 to 3.98. In the ozone anomaly
above Northern Europe the reduction in iteration steps is largest, dropping
from 8 to 5.

In very strong ozone anomalies which are not adequately described by
the climatology (such as the ozone hole of October 1998), the true state can
deviate too far away from the climatological value for the latter to serve as
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a first guess. The retrieval will not converge. Instead, by using the previous
retrieval as a first guess the starting point is kept close to the true state.
The ozone anomaly can be scanned deeper along the satellite orbit, up to
the point where the first non-convergence occurs. Hereafter, the algorithm
is forced to restart from climatology, resulting in non-convergence, until the
anomaly resolves.

2.8 Ozone climatologies

In OPERA, the main use of the ozone climatology is to select an ozone profile
at the latitude and time of retrieval which serves as a priori information
for the optimal estimation. The retrieval benefits from an accurate a priori
in altitude regions where the measurement is less sensitive to the presence
of ozone since the retrieval tends to the a priori in that case. Convergence
problems may arise when the a priori is not representative (either in shape,
total ozone column value, or error) for the actual ozone distribution. To study
the effect of the ozone climatology on the retrieval behaviour, we test three
different ozone climatologies.

2.8.1 Fortuin and Kelder

The Fortuin and Kelder (FK) climatology (see Fortuin and Kelder [1998])
is based on measurements of 30 ozone sonde stations between 1980–1991,
covering the appearance of the ozone hole period but excluding the Pinatubo
eruption. It describes the monthly mean ozone volume mixing ration for 17
zonal bands, ranging from 80◦S to 80◦N, at 19 pressure levels. The sonde
measurements (from surface up to 10 hPa) are extended with the SBUV-
SBUV/2 climatology (described in Randel and Wu [1995]) from 30–0.3 hPa.
The standard deviation used here is the natural variability of ozone at each
zonal band and at each pressure level for a certain month [Fortuin, 1996].
For FK this is given up to 10 hPa; for higher atmospheric layers, OPERA
extrapolates the error towards 0 at the top level. These standard deviations σi
for layer i determine the diagonal elements of the a priori covariance matrix
Sa. To allow for cross-correlations, off-diagonal elements are calculated using

[Sa]ij = exp
(
−
| log Pi − log Pj|

d

)
σiσj (2.4)

in which d is the ozone profile correlation length per pressure decade, here
taken 0.5.

2.8.2 McPeters, Labow, and Logan

The climatology by McPeters, Labow, and Logan (MLL) [see McPeters et al.,
2007] is also based on sonde measurements (1998–2002) for the troposphere,
but is merged with SAGE II measurements (1999–2002) for the higher atmo-
sphere. MLS data (1991–1999) is used at high latitudes where SAGE data is
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not available. MLL describes the monthly mean ozone mixing ratio and its
standard deviation for 18 latitude intervals of 10◦ on 61 altitude levels (0–
60 km). For most months and heights, the variability of the climatology is
smaller than in FK. As for FK, OPERA constructs the covariance matrix with
a correlation length of 0.5.

2.8.3 TOMS version 8

The TOMS version 8 ozone climatology (TOMS) [Bhartia and Wellemeyer,
2002] describes the monthly partial columns for 11 atmospheric layers for
18 zonal bands. In addition, it includes the total ozone column as an extra
parameter to select the most appropriate profile when the total column is
known.

To make a fast estimation of the total ozone column in OPERA, we imple-
mented the Temperature Independent Differential Absorption Spectroscopy
(TIDAS) algorithm by Zehner et al. [2001]. The principle of TIDAS is to use
the difference of reflectance ∆R at two wavelengths λ1 and λ2. By selecting λ1
= 325.944 nm and λ2 = 326.746 nm for the GOME instrument, a compromise
is made in which broadband spectral features can be neglected and ∆R is re-
latively insensitive to the temperature dependence of the ozone cross section,
the influence of the Ring effect, and interfering trace gas species such as NO2,
ClO2, SO2 and BrO. ∆R becomes proportional to the ozone slant column and
with help of a geometric air mass factor the total column can be estimated.

Comparisons of the TIDAS estimates with the vertically integrated column
values retrieved by OPERA show an agreement within 8% for the latitude
range of −60◦ to +60◦. For higher latitudes, the difference can increase to
11%, but the TIDAS estimate is still appropriate for our purpose: selecting an
a priori and initial profile from the climatology based on the estimated total
column.

Unlike the other climatologies, TOMS does not contain error estimation. To
determine its variability we compare the climatological profiles with all ECC
sonde measurements done in 2000–2008 available at the World Ozone and Ul-
traviolet Radiation Data Centre (WOUDC). Most sonde data include the total
ozone column, integrated from its measurements up to balloon burst and
extrapolated with climatology, or taken from parallel ground-based or space-
borne total column measurements. Based on this total column value we pick
a profile from the TOMS climatology, which is interpolated to date, latitude,
and total column value. From the difference between sonde and TOMS pro-
file, the variability is determined for 5 latitude bands and 11 atmospheric
layers (see Table 2.2). Due to balloon burst, not sufficiently statistical data is
available above 8 hPa. Here a fixed 15% is taken, corresponding with the typ-
ical relative variability in and above the ozone bulk of the MLL climatology.
The covariance matrix is constructed as in the FK and MLL climatology (Eq.
2.4).

The variability of TOMS shows that by including the total column as an
extra parameter the base of the ozone bulk is better defined. For mid-latitudes
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Table 2.2: TOMS climatology variability for 11 layers and 5 latitude ranges.

90◦S–60◦S 60◦S–30◦S 30◦S–30◦N 30◦N–60◦N 60◦N–90◦N

1013–506 hPa 17.2% 22.0% 42.1% 15.6% 12.4%

506–253 hPa 20.6% 21.9% 37.0% 18.8% 24.3%

253–127 hPa 22.9% 30.8% 37.9% 27.4% 18.5%

127–63.3 hPa 18.8% 14.4% 25.3% 18.8% 14.6%

63.3–31.7 hPa 12.9% 8.8% 13.6% 8.8% 9.1%

31.7–5.8 hPa 11.2% 10.2% 9.3% 10.1% 14.3%

15.8–7.9 hPa 14.4% 19.5% 13.0% 11.7% 15.1%

7.9–4.0 hPa 15.0% 15.0% 15.0% 15.0% 15.0%

4.0–2.0 hPa 15.0% 15.0% 15.0% 15.0% 15.0%

2.0–1.0 hPa 15.0% 15.0% 15.0% 15.0% 15.0%

1.0–0.0 hPa 15.0% 15.0% 15.0% 15.0% 15.0%

the root mean square (RMS) error is ∼ 30% in the upper troposphere and
lower stratosphere, while a priori profiles taken from FK or MLL typically
show an RMS error over 70% for this region.

2.8.4 Intercomparison

We used the three climatologies for retrievals from GOME measurements of
February and October 1998. For optimal performance, the algorithm is set to
use the SAA filter, the low cloud fractions work-around, and the BR cross
sections. For a fair intercomparison the previous retrieval result is used as
first guess, so that the climatology is only affecting the a priori data.

A straightforward comparison between the climatologies is further com-
plicated by the dependence of the climatological covariance on the DFS and
the convergence criterion (Eq. 2.1). The optimal estimation uses the climato-
logy to select the most probable profile from all profiles which have the same
spectral signature within the given observation errors. Therefore, the retrieval
quality based on a certain climatology can only be determined with an ex-
tensive validation study, which is beyond the scope of this paper. Instead, we
concentrate on the convergence behaviour which displays the potential and
limitations of the different climatologies.

Figure 2.8 shows the mean number of iteration steps for February and
October 1998 (∼ 78 000 retrievals in orbit number 18 021 to 18 464; excluding
narrow swath) for the FK, MLL and TOMS. The convergence statistics and
the mean DFS for February and October are summarised in Table 2.3. To give
a representative value, the mean DFS is calculated for latitudes between 60◦S
and 60◦N only, excluding the SAA.
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Figure 2.8: Mean number of iterations for February 1998 (left panels) and October
1998 (right panels). In the rows the used ozone climatologies: FK, MLL and TOMS at
a fixed relative error of 20%.

Table 2.3: Convergence statistics and mean DFS for different climatologies.

February 1998 October 1998

climatology Not con-
verged

Nr of iter.
steps

Mean
DFS

Not con-
verged

Nr of iter.
steps

Mean
DFS

FK 4.6% 3.98 5.56 7.5% 4.12 5.18

MLL 2.2% 3.79 5.25 6.7% 4.07 4.76

TOMS 3.7% 3.93 5.44 2.0% 3.76 5.14
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For February, the results of the three climatologies are comparable. Best
convergence is obtained with MLL (97.9% converged retrievals, compared
to 95.4% with FK), but at the cost of a lower DFS (5.25, compared to 5.56
with FK). The high convergence rate is facilitated by the small variability of
the climatology, which forces the retrieval towards the a priori. Because less
weight is put to the measurements, MLL shows also better convergence in
the SAA. The weaker regularisation by TOMS takes an intermediate position
with 96.3% converged retrievals at a DFS of 5.44.

In October, the retrieval results are dominated by the presence of the ozone
hole, which is at its maximum at the first weeks of this month. For both FK
and MLL the monthly averaged climatology overestimates the real ozone
column too much, causing the retrieval to take more iteration steps to reach
convergence, or not to converge at all. Because the TOMS climatology uses
an a priori profile based on an estimated total ozone column, it offers a more
accurate profile in these anomalous situations. South of 60◦S, only 2% of
the TOMS retrievals do not converge, opposed to 44% for FK and 41% for
MLL. The DFS for FK and TOMS is comparable at 5.18 and 5.14, respectively.
Again, the DFS for MLL is notably smaller (4.76).

Also visible in Figure 2.8 are the convergence problems around the equator
related to the ITCZ (most notably in February 1998). The powerful convection
in the ITCZ gives rise to a strong gradient in ozone concentrations between
the bulk of the ozone and the very small concentrations in the troposphere.
Here, the retrieval typically tends towards negative values for tropospheric
atmospheric layers. This is not solved by any of the climatologies.

2.9 Discussion and conclusion

Studying the convergence behaviour of the ozone profile retrieval algorithm
is a powerful diagnostic tool to test its overall performance. By mapping the
non-convergence and number of iteration steps geographically for February
and October 1998, we see how the algorithm behaves globally. Slow conver-
gence or non-convergence can be the result of a variety of causes: measure-
ment calibration issues or biases (e.g. in the SAA); bad forward model para-
meters (e.g. prescribed cloud parameters, ozone cross sections); an imperfect
forward model (e.g. neglecting aerosols at dust storm events); bad a priori
data (e.g. at ozone anomalies); first guess too far from the true state; and
non-linearity issues (causing run-away or oscillating solutions). The presen-
ted results are based on GOME measurements, but the different causes of
non-convergence are not unique for the GOME instrument; they will also
show up (though not necessarily at the same strength) when the algorithm is
applied to other spaceborne UV backscatter spectrometers.

Our reference experiment showed 10.7% non-convergence and an average
of 5.11 iteration steps. By implementing an SAA filter, a workaround for low
cloud fractions, better cross-sections and better starting points for the iter-
ation, the mean number of iteration steps is brought down to 3.98, while
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the non-convergence drops to 4.6%. As a consequence, more valid retriev-
als are done in less computational time. The proposed SAA-filter filters out
spiky measurements in the South Atlantic Anomaly region by excluding stat-
istic outliers below 290 nm. The filter is selective, affecting predominantly
measurements within the SAA. The goodness of fit is improved consider-
ably, resulting in better convergence statistics in this area (from 47% to 59%),
although at the cost of loss of DFS. Alternative, more elaborate SAA filter
schemes can be implemented; note however that filtering too much of the
unaffected measurements will cause unwanted information loss.

Problems with small cloud fractions from the FRESCO algorithm can be
avoided by neglecting clouds and switching to clear sky retrieval. The hereby
introduced errors are acceptable (a decrease of ozone in tropospheric layers
cause the total ozone column to reduce ∼ 1%). The workaround is selective
and mainly affects desert areas like Sahara and Australia. It also fixes re-
trieval problems due to absorbing aerosols (such as desert dust outflow above
oceans), which are not included in the atmospheric model. Switching to the
new FRESCO+ cloud algorithm [Wang et al., 2006] in the OPERA software
could also improve retrieval results above deserts. By taking Rayleigh scatter-
ing into account, the retrieved cloud fraction becomes 0.01 lower. Cloud levels
also drop, depending on cloud fractions (e.g. 100 hPa at fc = 0.2). Both effects
decrease the shielding of ozone by clouds in the model, favouring radiance
closure at the top of atmosphere. In the future, the forward model could be
further improved by including aerosols and a more realistic implementation
of clouds, incorporating in-cloud and below-cloud multiple scattering, and
angular dependent scattering.

Using Brion ozone cross-sections instead of Bass-Paur cross-sections strongly
reduces the non-convergence of the algorithm. The improved convergence is
the result of a better spectral fit of the forward model. Using BR cross-sections
in the retrieval results reduces ozone in the lower part of the ozone bulk com-
pensated by increased ozone the troposphere and lower stratosphere.

Two choices of a first guess profile in the iteration scheme are tested: the
profile from the climatology or the profile of the previous retrieval. The choice
of the first guess scarcely influences the convergence success. Also the shape
and size of the retrieved profile is independent on its starting condition. The
convergence speed, however, is improved when the first guess is closer to
the truth. By taking the first guess from the previous retrieval instead from
climatology the number of iteration steps is reduced by 1 on average.

The selection of ozone climatology in the optimal estimation importantly
influences the retrieval results, such as convergence statistics, total column,
profile shape, retrieval error, and DFS. We investigated this influence by com-
paring retrievals done with Fortuin and Kelder, McPeters and Labow, and the
TOMS version 8 climatologies. Implementation of the TIDAS algorithm gives
a quick estimate of the total column, accurate within 8% for the 60◦ to 60◦ lat-
itude range. The TOMS climatology has been extended with an error estimate
by determining its variability against ozone sonde measurements from 2000
to 2008.
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For February, the convergence results of the three climatologies are com-
parable. Retrievals with MLL show the highest convergence and lowest DFS,
which suggest that the variability of MLL is too low to make optimal use
of measurement information content in ozone profile retrievals. Both FK and
MLL cause convergence problems at strong ozone anomalies which are not
accurately enough described by the climatology. These problems are avoided
with the TOMS climatology, which takes the total ozone column as an extra
parameter to select a suitable a priori ozone profile. For studies of the ozone
distribution in ozone anomalies (such as the ozone hole), the use of TOMS
is therefore recommended. The results might be further improved by using a
climatology as introduced by Lamsal et al. [2004], which also takes the total
ozone as a dynamical proxy, but solving discontinuity issues over latitude,
and including a realistic standard deviation.

Good convergence not necessarily implies good retrieval quality; the ozone
profile retrievals based on a certain climatology should always be validated
against independent measurements. But when selecting an ozone climato-
logy for a specific application it is recommended to take also its convergence
behaviour into account (combined with the degrees of freedom), considering
available computational time, the desired use of measurement information
content, and the ratio of successful retrievals in problem areas.
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Chapter 3

Reduction of NO2 detected from
space during the 2008 Beijing
Olympic Games

Abstract

During the 2008 Olympic and Paralympic Games in Beijing (from
8 August to 17 September), local authorities enforced strong measures
to reduce air pollution during the events. To evaluate the direct effect
of these measures, we use the tropospheric NO2 column observations
from the satellite instruments GOME-2 and OMI. We interpret these data
against simulations from the regional chemistry transport model CHI-
MERE, based on a 2006 emission inventory, and find a reduction of NO2
concentrations of approximately 60% above Beijing during the Olympic
period. The air quality measures were especially effective in the Beijing
area, but also noticeable in surrounding cities of Tianjin (30% reduction)
and Shijiazhuang (20% reduction).

3.1 Introduction

Heavy air pollution in Beijing, mainly originating from dense traffic, con-
struction activities, industry, and coal-fired power plants, is a major concern
for local authorities. Important measures have been taken to prevent high
levels of air pollution during the Beijing Olympic Games (8–24 August 2008)
and the Paralympics (6–17 September 2008). In order to reduce anthropogenic
emissions, the Beijing Municipal Environmental Protection Bureau (BJEPB)
and Chinese newspapers report that traffic within the ring roads was restric-
ted to cars with even number plates on even days and with odd numbers on
odd days (from 20 July), see Figure 3.1. 300 000 high-emission vehicles were
banned from the city’s roads (1 July) and the use of governmental and com-
mercial vehicles was restricted (by 50% from 23 June; by 70% after 1 July).

The content of this chapter has been published as Mijling et al. [2009].
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Figure 3.1: Morning traffic flow on the East 4th Ring Road in Beijing. (left) Friday 19
September 2008, during Olympic Games. (right) Monday 22 September 2008, the first
weekday after the alternating odd-even license plate system for the Olympic Games
ended. [source: China Daily]

Access to specific roads (the “Olympic Lanes”) was prohibited for other than
Olympic related traffic. Public transport capacity was increased with the in-
troduction of new metro and bus lines. Polluting industry was shut down
temporarily (20 July) or rebuilt outside Beijing. Energy production in major
coal-fired power plants was reduced by 30% and all construction activities
were put on hold (20 July). Surrounding areas can contribute significantly
to Beijing’s air pollution [Streets et al., 2007], hence similar (but less strin-
gent) measures have been taken in the adjacent Hebei province and in Tianjin
(110 km south-east of Beijing;∼11 million inhabitants). Most restrictions were
lifted on 21 September.

According to the BJEPB, the measures proved successful in reducing air
pollution during the Olympic Games and the Paralympics (see Table 3.1): all
days complied with the Grade II limit (a 24h averaged concentration of PM10
below 150 µg/m3), and even 35% of the days complied with the Grade I
limit ( PM10 under 50 µg/m3), as compared to the pre-Olympic period when
only 3% of the days complied with the Grade I limit and 39% exceeded the
Grade II limit.

Precipitation data taken from the Unified Precipitation Project of the NOAA
Climate Prediction Center [Chen et al., 2008] show that from 8 August to 17
September in Beijing 225 mm rain accumulated in 15 rainy days, substantially
more than 73 and 91 mm in 6 and 7 rainy days for the same period in 2006
and 2007 respectively (Figure 3.2)). Aviation weather reports from Beijing In-
ternational Airport show a different prevailing wind direction (north instead
of south to east), bringing in more clean air from the mountains.

We will show here that significantly reduced air pollution in Beijing (in
the form of NO2 concentrations) is observed from space by the Global Ozone
Monitoring Experiment 2 (GOME-2) and the Ozone Monitoring Instrument
(OMI) during the Olympic period. To compensate for the atypical meteor-
ological conditions, we use the satellite observations in combination with
simulations of a regional transport model to obtain quantitative estimates of
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Table 3.1: Overview of the days complying air quality standards for PM10 for different
periods from May to November 2008, according to BJEPB. For all these days PM10
is the main pollutant. The standards are applied to the 24 h mean of the surface
concentration measured by 8 stations of the monitoring network. Data taken from
www.bjepb.org.cn.

Period Description Days I II IIIa IIIb-V

0-50 51-150 151-250 > 250
µg/m3 µg/m3 µg/m3 µg/m3

2 May – 30 June pre-Olympic 60 21 341 151 81

1 July – 7 Aug transition 38 62 212 62 02

8 Aug – 17 Sep Olympic 41 14 26 13 0

18 Sep – 30 Nov post-Olympic 74 18 43 11 2

1 Data missing for 24 May. 2 Data missing for 3, 13–14, 16–17 July.
3 At 29 August.
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Figure 3.2: (Above) Cumulated rain in Beijing for each period in 2008 compared with
previous years. Above each column the number of rainy days (more than 3 mm/day).
Precipitation data is interpolated to Beijing coordinates. (Below) Distribution of wind
directions for 4 different periods in three years, taken from hourly METAR reports
from Beijing International Airport. The radius indicates the frequency of wind ob-
served in each direction.

the reduction of NO2 concentrations.

55



CHAPTER 3. NO2 REDUCTION DURING THE 2008 OLYMPIC GAMES

3.2 Satellite observations

We use data of two satellite instruments: OMI, taking advantage of its high
spatial resolution and daily global coverage, and GOME-2, taking advantage
of a stronger anthropogenic NO2 signal due to its earlier overpass in the
day [Boersma et al., 2008]. Both instruments are nadir viewing spectrometers
which measure the solar radiation backscattered by the Earth’s atmosphere.

GOME-2 is carried on the MetOp-A satellite which was launched in Octo-
ber 2006. It uses four channels to cover a spectral range from 240 to 790 nm.
Slant columns of NO2 are retrieved in the 425–450 nm spectral window.
The instrument scans with a mirror mechanism 1920 km across track, there-
fore having near-global daily coverage. In forward scan its footprint is 80×
40 km2; overpass time is around 9:30 local time.

OMI (on board the Aura satellite, launched on July 2004) measures in the
spectral range from 270 to 500 nm with a spectral resolution of about 0.5 nm.
Slant columns of NO2 are retrieved in the 405–465 nm spectral window. The
114◦ viewing angle of the telescope corresponds to a 2600 km wide swath on
the surface, enabling a daily global coverage of its measurements. Its spatial
resolution is 24× 13 km2 in nadir, and increases to 68× 14 km2 at the swath
edges (discarding the outer 4 pixels). Overpass time is around 13:30 local
time.

For both instruments the tropospheric NO2 columns are retrieved with the
approach described by Boersma et al. [2004]. Slant columns are assimilated
in the TM4 chemistry transport model [Dentener et al., 2003], which provides
both the stratospheric NO2 background field and the a priori profile needed
for the calculation of the tropospheric air mass factor (AMF). The AMF fur-
ther depends on the viewing angles, surface albedo, and cloud parameters
(taken from FRESCO for GOME–2 and O2-O2 for OMI). The uncertainty in
NO2 columns for individual retrievals from both instruments is estimated at
0.5–1.5 1015 molecules/cm2 from the spectral fitting and an additional rel-
ative error of 10%–40% from errors in the calculation of the AMF [Boersma
et al., 2004]. The OMI dataset was successfully validated in Boersma et al.
[2008]. The NO2 slant columns used in the GOME-2 retrieval algorithm have
been validated by Pinardi et al. [2008].

To assess the quality of the GOME-2 tropospheric NO2 columns, we made
an intercomparison with the NO2 data product from SCIAMACHY [Bo-
ersma et al., 2004] by taking all colocations of both instruments for May 2008
within the model domain (18◦N–50◦N and 102◦E–132◦E). The SCIAMACHY
product has been used and validated successfully in e.g. Blond et al. [2007],
Schaub et al. [2007], Van der A et al. [2008], and Boersma et al. [2008]. As
can be seen in Figure 3.3, there is a strong correlation between the datasets.
The GOME-2 retrievals are slightly lower than corresponding SCIAMACHY
retrievals, but this will not affect our method to estimate NO2 concentration
reduction from relative changes in satellite observations.
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Figure 3.3: Scatterplot for colocated SCIAMACHY and GOME-2 retrievals (n=63239)
of tropospheric NO2 for May 2008 within the model domain (18◦N–50◦N and 102◦E–
132◦E). The grey line indicates a running mean over 0.5 1015 molecules/cm2 wide
GOME-2 bins. The right panel shows the same data pairs on a logarithmic scale.

3.3 Model simulations

The regional chemistry transport model CHIMERE [Schmidt et al., 2001;
Bessagnet et al., 2004] has been implemented over East Asia (18◦N to 50◦N
and 102◦E to 132◦E), containing all important populated and industrialised
areas of China. The horizontal resolution used for this domain is 0.25◦ ×
0.25◦, which for Beijing corresponds to 21 × 28 km2 in longitude and lat-
itude. CHIMERE simulates the atmosphere in 8 layers up to 500 hPa. The
meteorological data is taken from the deterministic forecast of the European
Centre for Medium-Range Weather Forecasts (ECMWF), which is given on 91
atmospheric layers for a horizontal resolution of approximately 25× 25 km2.
The gas-phase chemistry is described by the reduced MELCHIOR scheme
[Derognat, 2002]; aerosol processes are included according to Bessagnet et al.
[2004]. The boundary conditions for the model domain are taken from monthly
climatologies.

In Europe, CHIMERE has been extensively intercompared to other urban
air quality models [e.g. Vautard et al., 2006] and evaluated against ground-
based measurements and satellite data [e.g. Blond et al., 2007]. Anthropo-
genic emissions are taken from the European EMEP inventory, which con-
tains yearly emissions of NOx, SO2, CO, NH3, NMVOC, PM10, PM2.5, POPs
(8), Heavy metals (5), distributed over 11 activity sectors according to the
SNAP 97 classification. For our model implementation we selected the re-
cent INTEX-B emission inventory by Zhang et al. [2009]. It covers Asia on a
0.5◦ × 0.5◦ resolution, containing the yearly totals of SO2, NOx, CO, VOC,
PM10, PM2.5, BC, and OC by 4 sectors (power, industry, residential, and
transportation) for the year 2006. This inventory has been successfully val-
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Table 3.2: Redistribution of INTEX-B sectors over SNAP 97 sectors

Power Indus Resid Trans

Combustion in energy and transformation industries 0.8 – – –

Non-industrial combustion plants 0.2 – 0.4 –

Combustion in manufacturing industry – 0.2 – –

Production processes – 0.2 – –

Extraction and distrib. of fossil fuels and geothermal energy – 0.2 – –

Solvent and other product use – 0.2 – –

Road transport – – – 0.6

Other mobile sources and machinery – – – 0.4

Waste treatment and disposal – – 0.3 –

Agriculture – 0.2 0.3 –

Other sources and sinks – – – –

idated during the INTEX-B campaign [Zhang et al., 2008]. The assumptions
on how the INTEX-B sectors are redistributed over the SNAP 97 sectors are
listed in Table 3.2. As in the original CHIMERE version, the total VOC emis-
sion is desaggregated internally to 32 sub-species according to sector, and
NOx speciation is 90% NO, 9.2% NO2, and 0.8% HONO. The European di-
urnal emission cycles are shifted in time to correspond to local Chinese time.
The weekly cycle distinguishes between weekdays, Saturdays and Sundays;
changes in the weekly cycle due to holidays are not incorporated. No sea-
sonal variation in emissions is implemented. The anthropogenic emission
inventory at 0.5◦ resolution is homogeneously regridded at 0.25◦ model res-
olution (no spatial desaggregation methods applied). Biogenic emissions are
calculated from the landuse, which is taken from the high resolution GLFC
database (1 × 1 km2) which has been regridded to the model grid.

A first validation effort can be seen in Figure 3.4. The main source of model
error originates from the emission estimates, which for China are rapidly
outdated by strong trends in emissions due to increasing economic activity
[Van der A et al., 2008].

3.4 Method and results

We compare satellite observations to CHIMERE simulations using the INTEX-
B emission inventory (which does not account for reductions associated with
the Olympic Games or emission trends between 2006 and 2008). We conduct
the simulation from 2 May to 30 November 2008. To account for the CHI-
MERE model ceiling, we extend the CHIMERE vertical NO2 profiles with
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Figure 3.4: (Above) Comparison of the daily averaged surface concentrations
of NO2 from CHIMERE over Beijing with the concentrations published by
BJEPB (at http://www.bjee.org.cn) for the period 4 May to 30 June 2008. CHI-
MERE values have been scaled by a factor 0.6. (Below) Comparison of the sur-
face concentrations of PM10 from CHIMERE at 13:00 local time with meas-
urements done by the BBC before and during the Olympic Games (published
at http://news.bbc.co.uk/2/hi/in_pictures/7506925.stm). Measurements were done
with a handheld TSI DustTrak instrument for 10 minutes at midday from a 7th floor
balcony close to the southeastern part of the 2nd ring road.

simulated profiles from the global CTM TM4 between 500 hPa and the tro-
popause. The error introduced by this extension is insignificant because the
tropospheric NO2 column is dominated by the contribution from the highly
polluted Beijing boundary layer. We ensure consistency between the CHI-
MERE simulations and the satellite observations by interpolating the simu-
lated concentration fields to the retrieval time and averaging over the spatial
extent of the retrieval footprint. The observed and simulated column concen-
trations are gridded on a high resolution grid of 0.125◦ × 0.125◦.

The dependence of the satellite retrieval xsat on a priori information can
be removed by applying the averaging kernel A to the model profile xmod.
Observation and simulation can now be compared by assuming xsat = (1−
rp) α0 A · xmod, in which α0 corrects for the inconsistencies in the model and
in the modeled emissions (the inventory being outdated, or errors made in
the estimates of monthly, weekly and diurnal cycles), and rp represents the

59



CHAPTER 3. NO2 REDUCTION DURING THE 2008 OLYMPIC GAMES

0 20 40 60 80
CHIMERE   [1015 molec/cm2]

0

20

40

60

80

G
O

M
E

-2
  
 [
1
0

1
5
 m

o
le

c
/c

m
2
]

Period 1
Period 2
Period 3
Period 4

0 20 40 60 80 100
CHIMERE   [1015 molec/cm2]

0

20

40

60

80

100

O
M

I 
  
[1

0
1
5
 m

o
le

c
/c

m
2
]

Period 1
Period 2
Period 3
Period 4

Figure 3.5: Relation between the corrected tropospheric NO2 columns simulated by
CHIMERE and observed by GOME-2 (left panel) and by OMI (right panel) for a 0.125◦

× 0.125◦ grid cell over Beijing. For each period the best relation between model and
satellite concentration has been fitted (dashed lines).

concentration reduction due to the air quality measures in a period p with
respect to a reference period. The mean ratio αp between the collocated ob-
servations and simulations in a period p can be estimated by applying a
weighted least squares method, from which the concentration reduction can
be calculated with rp = 1− αp/α0.

Due to prevailing cloudy conditions during the period of interest, also
cloudy satellite retrievals are taken into account in order to collect suffi-
cient samples for the Beijing area. For GOME-2 cloud fractions up to 20%
are allowed, for OMI cloud fractions up to 40%. By discarding retrievals with
clouds below 800 hPa, we avoid sensitivity problems of the retrieval when
the cloud height intersects the NO2 bulk.

We distinguish 4 periods: a pre-Olympic period (2 May to 30 June 2008)
that serves as a reference, a transition period (1 July to 7 August 2008) char-
acterised by the enforcement of emission reductions, the Olympic period (8
August to 17 September 2008), and a post-Olympic period (18 September to
30 November 2008) when emission restrictions were supposedly lifted. The
results for the grid cell containing the city centre of Beijing are shown in
Figure 3.5 and summarised in Table 3.3. In all periods the simulated and ob-
served tropospheric NO2 columns are well correlated: weighted correlation
coefficients range from 0.55–0.82. This indicates that CHIMERE simulations
capture the day-to-day variations in NO2 driven by changes in meteorology
and chemistry during these periods.

The pre-Olympic period (before any air quality measures were enforced)
spans 60 days in order to collect enough satellite data to act as a solid refer-
ence. Figure 3.5 shows that the satellite observations in this period are gen-
erally higher than the CHIMERE simulations, reflecting model biases and
the NO2 concentration trend between 2006 and 2008 [Van der A et al., 2008].
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Table 3.3: Overview of the results of the comparison between CHIMERE and GOME-2 and OMI
for each period for Beijing.

GOME-2 OMI

Period
days
with
data

weighted
correla-

tion

scaled con-
centration

reduction r

days
with
data

weighted
correla-

tion

scaled con-
centration

reduction r

pre-Olympic 17 0.67 0 19 0.70 0

transition 13 0.76 31% 6 0.55 44%

Olympic 13 0.82 59% 14 0.72 69%

post-Olympic 34 0.60 38% 26 0.76 40%

The concentration scaling factor α0 is assumed to remain constant for all con-
sidered periods, because seasonal trends due to a changing chemical lifetime
of NO2 are taken into account by the model.

In the transition period, GOME-2 and OMI show a reduction of column
concentration of respectively 31% and 44% with respect to the previous period,
indicating that the air quality measures are taking effect.

In the Olympic period, the column concentration reduction is at its max-
imum, as expected. GOME-2 and OMI columns show a reduction of 59%–
69% with respect to pre-Olympic values. Figure 3.6 shows the geographic
extent of the concentration reductions as observed by GOME-2. In the pre-
Olympic period both satellite and model show high concentrations in the
populated and industrialised areas. During the Olympic period, the satellite
observes decreased NO2 concentrations for Beijing, whereas the other cities
continue to show high concentrations. Highest concentration reductions are
found in and around Beijing and the industrial areas in the south and south-
east (60%–70%). The surrounding cities of Tianjin and Shijiazhuang show
smaller reductions of ∼30% and ∼20%, respectively.

The post-Olympic period shows an increase in NO2 concentrations with
respect to the Olympic period: in Beijing the concentration reductions are
38% for GOME-2 and 40% for OMI. The NO2 concentrations do not return to
their high pre-Olympic values.

In the above method, we use the ratio of observed and simulated NO2
columns in the pre-Olympic period as a reference to determine the concen-
tration reductions during subsequent periods. This method relies on the skill
of CHIMERE in accurately simulating the seasonal cycle over the Beijing re-
gion. As an alternative, we evaluate average NO2 columns observed from
space for corresponding periods in different years, see Figure 3.7. During the
Olympic period, we find that GOME-2 observes over Beijing 46% less NO2
in 2008 than in 2007. In the same period, OMI observes 59% less NO2 in
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Figure 3.6: Tropospheric NO2 columns during the pre-Olympic and Olympic periods,
and the associated NO2 reduction over the wider Beijing area (small box on map;
large box indicates the CHIMERE domain). The left panels show the GOME-2 tropo-
spheric NO2 column concentrations; the middle panels the corresponding CHIMERE
simulations. The right panel shows the associated concentration reduction: the air
quality measures were especially effective in the area around Beijing (BJ); the cities of
Tianjin (TJ) and Shijiazhuang (SJZ) showed smaller reductions in air pollution.

2008 against the 2005–2007 average. For the post-Olympic period GOME-2
observes a reduction of 38% (consistent with the results of our model ap-
proach); OMI observes a 4% decrease against the 2005–2007 average.

3.5 Conclusion and discussion

Meteorological conditions during the 2008 Beijing Olympic Games were atyp-
ical. To study the effect of the air quality measures it is therefore essential to
compare the air quality measurements with the simulations of a chemistry
transport model. In this study, we use tropospheric NO2 column retrievals
of OMI and GOME-2, and implemented the CHIMERE model for East Asia
based on the INTEX-B emission inventory.

Comparison of the model with GOME-2 shows a reduction of 59% above
Beijing with respect to pre-Olympic concentrations (with a high correlation
coefficient of 0.82); OMI shows a reduction of 69% (with a correlation coeffi-
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Figure 3.7: Tropospheric NO2 columns observed by GOME-2 for 2007 (left panels) and
2008 (middle panels) for the pre-Olympic, Olympic and post-Olympic period (rows).
In the Olympic period, the strongest concentration reductions (right panels) are found
around Beijing. Concentration reductions are still present in the post-Olympic period.

cient of 0.72). Earlier experiments by the Beijing authorities already showed
the effectiveness of traffic reduction on the air quality. During the Sino-
African summit in 2006, for example, traffic was reduced by an estimated
30% from 1 to 6 November, resulting in a 40% reduction in NOx emissions
[Wang et al., 2007]. If a linear relationship is assumed between local NO2
columns and local NOx emissions (as shown by e.g. Martin et al. [2006],
and reaffirmed by experiments with our model) a 59%–69% concentration
reduction in the Beijing area would correspond with similar reductions in
NOx emissions. This number seems plausible, although it is difficult to make
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an accurate estimate of the expected emission reduction directly from the
long and diverse list of air quality measures. In any case, our results appear
consistent with Wang et al. [2009] who report 36–55% reductions in NOx
emissions during the period of the Olympic Games compared with the same
month one year earlier on in situ measurements and bottom-up estimates.

The satellite measurements confirm that also outside Beijing (although to a
lesser extent) measures have been effective: we find a concentration reduction
of ∼30% in Tianjin and ∼20% in Shijiazhuang.

Without the model, we find a NO2 reduction of 46% over Beijing when
comparing GOME-2 observations in the Olympic period in 2008 with the
corresponding period in 2007; OMI observes 59% less NO2 in 2008 against
the 2005–2007 average. The annual variability in NO2 for this period is very
strong, as is the annual trend for Beijing, which makes it hard to estimate
a reliable concentration reduction from satellite observations alone, but the
results appear consistent with the model comparison.

Our combined observation-model analysis indicates that in the post-Olympic
period the NO2 concentrations increase again, but are still reduced ∼40%
with respect to pre-Olympic values. This strong reduction is confirmed using
only satellite measurements: GOME-2 observes 38% less NO2 in 2008 than in
2007 for this period. This might indicate that after the Olympic Games the
air quality in Beijing has improved systematically, or that economic activity
is only slowly recovering.
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Chapter 4

Using daily satellite observations
to estimate emissions of short-lived
air pollutants on a mesoscopic scale

Abstract

Emission inventories of air pollutants are crucial information for policy
makers and form important input data for air quality models. Using
satellite observations for emission estimates has important advantages
over bottom-up emission inventories: they are spatially consistent, have
high temporal resolution, and enable updates shortly after the satellite
data become available. We present a new algorithm specifically designed
to use daily satellite observations of column concentrations for fast up-
dates of emission estimates of short-lived atmospheric constituents on a
mesoscopic scale (∼25×25 km2). The algorithm needs only one forward
model run from a chemical transport model to calculate the sensitivity of
concentration to emission, using trajectory analysis to account for trans-
port away from the source. By using a Kalman filter in the inverse step,
optimal use of the a priori knowledge and the newly observed data is
made. We apply the algorithm for NOx emission estimates of East China,
using the CHIMERE model on a 0.25 degree resolution together with
tropospheric NO2 column retrievals of the OMI and GOME-2 satellite
instruments. Closed loop tests show that the algorithm is capable of re-
producing new emission scenarios. Applied with real satellite data, the
algorithm is able to detect emerging sources (e.g. new power plants), and
improves emission information for areas where proxy data are not or
badly known (e.g. shipping emissions). Chemical transport model runs
with the daily updated emission estimates provide better spatial and tem-
poral agreement between observed and simulated concentrations, facilit-
ating improved air quality forecasts.

The content of this chapter has been published as Mijling and Van der A [2012].
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Figure 4.1: Average OMI observations over East China of tropospheric NO2 for June–
August 2008 (left), and the colocated model simulations by CHIMERE (middle), based
on the 2006 INTEX-B emission inventory (right).

4.1 Introduction

Emission inventories are usually compiled from statistics on emitting activit-
ies and their typical emission factor. Despite the sustained efforts to provide
complete and accurate databases, bottom-up emission inventories are not
frequently updated, which limits their use. Changes related to recent eco-
nomic developments, or specific political decisions towards emission reduc-
tions have a direct and measurable effect on atmospheric composition which
is not accounted for by common emission inventories. As an example, Fig-
ure 4.1 shows the tropospheric NO2 concentrations over East China in sum-
mer 2008 as observed from space and simulated with a chemistry transport
model (CTM) based on a 2006 emission bottom-up inventory. The regional
differences between observation and simulation can be mainly attributed to
incorrect emission estimates, which for rising economies such as China are
rapidly outdated by strong trends in emissions due to increasing economic
activity [Richter et al., 2005; Van der A et al., 2006, 2008].

Satellite measurements of atmospheric constituents can also be used for
emission estimates, taking advantage of a homogeneous dataset, which also
provides information for regions where statistical data are sparse. Moreover,
these inventories can be updated soon after the satellite data become avail-
able, therefore trends in emissions can be monitored on a regular basis. Emis-
sions, however, cannot be measured directly, hence a CTM is needed to cal-
culate a concentration field from a certain emission inventory. The difference
between observed and modeled concentrations contains information for ad-
justing the underlying emissions. Due to transport away from the source,
however, this inversion problem is computationally complex, because a single
forward model run does not provide information on the (non-local) depend-
ence of concentration on emissions.

In recent years, several studies have been published on estimates of NOx
emissions from satellite observations, with a variety of techniques aimed at
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different spatial resolution and time scales, using different satellite instru-
ments and CTMs.

If transport to neigbouring grid cells can be neglected (either because of
the large size of the grid cells or the short lifetime of the species) the prob-
lem is relatively easy and an approach as in Martin et al. [2003, 2006] can
be applied, in which the NO2 columns are linearly related to the NOx emis-
sions. By optimal estimation, the new emissions are weighted between the
top-down estimates and the a priori inventory (see also Jaeglé et al. [2005]).
Zhao and Wang [2009] apply this method iteratively on a daily basis for a
70 km resolution, assuming that the impact of horizontal transport is accoun-
ted for indirectly by daily assimilation. Alternatively, Lin et al. [2010] make
NOx emission estimates by looking at the concentration difference measured
by two instruments at different times in the day. Knowing the lifetime of the
species (which is taken from a CTM run), and the (prescribed) emission vari-
ation during the interval between the two observations, a new mean emission
for a grid cell can be calculated.

At higher resolutions or for longer lifetimes, transport from the source
becomes important and non-local sensitivities of concentration to emission
must be calculated. When it is available, this can be done with an adjoint
model code [e.g. Kurokawa et al., 2009; Stavrakou et al., 2008]. Another op-
tion is using the decoupled direct method [e.g. Napelenok et al., 2008] where
sensitivities to emission areas are calculated by transporting them in the CTM
through adapted transport equations. An alternative technique is used by
Konovalov et al. [2006], who calculate sensitivities to neighbouring grid cells
by solving a set of linear equations obtained by model runs with random per-
turbations on the a priori emissions. All these methods have in common that
they are time consuming, and concessions have to be made on the number of
emission areas or the distance of transport which is taken into account.

Popular inversion methods are the Kalman filter (applied in e.g. Napelenok
et al. [2008]), in which an emission analysis is done at each observation time,
and 4DVAR (applied in e.g. Kurokawa et al. [2009]), in which an emission
analysis is done for a larger assimilation time window containing observa-
tions at different times. Both methods take the error covariances and their
temporal evolution of the observations and the model into account. By us-
ing the ensemble Kalman filter (EnKF) technique [Evensen, 1994], used in an
NOx emission estimation setting by Miyazaki et al. [2012], there is no need
to calculate explicitly the sensitivities nor the evolution of the emission cov-
ariance. The probability density function of the latter is approximated by the
spread of an ensemble (typically generated by 20–40 forward model runs)
from which the emission estimate and its covariance can be calculated.

The Daily Emission estimates Constrained by Satellite Observations (DECSO)
algorithm is complementary to the techniques above, aiming at emission res-
olutions where transport away from the source cannot be neglected (and
fast inversion schemes as in Martin et al. [2003] cannot be applied), and at
temporal resolutions requiring short calculation times (much faster than es-
tablished techniques such as EnKF). More specifically, it was developed with
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the following requirements in mind:

1. The inversion can be applied to mesoscale emission inventories, and
works at least for short-lived chemical species.

2. The inversion is fast enough to enable daily assimilation of satellite
observations.

3. The inversion is able to detect new emission sources which are not
included in the a priori emission inventory.

4. The inversion method converges sufficiently fast towards the new emis-
sion levels to enable short-term emission trend analysis.

The DECSO algorithm contains a new method of calculating local and non-
local sensitivities of concentration to emission based on a single forward
model run, without using adjoint model code or perturbation techniques (see
Section 4.3). A Kalman filter is used to derive the emissions from the forward
model run, the sensitivities and the covariances (Section 4.4). The inversion
adds an emission update to the apriori emissions, instead of scaling them,
enabling detection of unknown sources. Section 4.5 assesses the performance
of the algorithm with closed loop tests based on synthetic observations, while
some first results based on real satellite data are presented in Section 4.6.

4.2 Observations, model, and emissions

The DECSO algorithm will be applied to estimation of NOx emissions in East
China, where due to the economic growth the emission rates are changing
rapidly. We use satellite retrievals of tropospheric NO2 columns by either
the OMI or the GOME-2 instrument, and compare these by concentration
simulations of the CHIMERE model on a 0.25×0.25 degree resolution, based
on the INTEX-B emission inventory.

4.2.1 Satellite data

OMI and GOME-2 are both nadir viewing, spaceborne spectrometers which
measure the solar radiation backscattered by the Earth’s atmosphere. GOME-
2 is carried on the MetOp-A satellite which was launched in October 2006. It
uses four channels to cover a spectral range from 240 to 790 nm, from which
columns of O3, SO2, NO2 and HCHO can be retrieved. Cloud pressure and
cloud fraction are derived from the reflectivities in the oxygen A-band at
760 nm with the FRESCO algorithm [Koelemeijer et al., 2001]. The instrument
scans with a mirror mechanism 1920 km across track, therefore having near-
global daily coverage. In forward scan its footprint is 80×40 km2; overpass
time is around 9:30 local time. OMI (on board the Aura satellite, launched
on July 2004) measures in the spectral range from 270 to 500 nm with a
spectral resolution of about 0.5 nm, from which columns of O3, SO2, NO2
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and HCHO can be retrieved. Cloud pressure and cloud fraction are derived
from the O2-O2 absorption feature at 477 nm [Acarreta et al., 2004]. The
114◦ viewing angle of the telescope corresponds to a 2600 km wide swath on
the surface, enabling a daily global coverage of its measurements. Its spatial
resolution is 24×13 km2 in nadir, and increases to 68×14 km2 at the swath
edges (discarding the outer 4 pixels). Overpass time is around 13:30 local
time.

OMI has the advantage of a higher spatial resolution and daily global cov-
erage, and GOME-2 has the advantage of a stronger anthropogenic signal of
NO2 due to its earlier overpass in the day [Boersma et al., 2008]. For both in-
struments, the tropospheric NO2 columns are taken from the KNMI retrieval
product (version 2), described by Boersma et al. [2011] and available through
the TEMIS portal (http://www.temis.nl).

Not all satellite retrievals are included in the data assimilation. Retrievals
at cloudy conditions (cloud fractions larger than 20%) are filtered out, to
reduce the influence of the modeled NO2 column below the clouds in the
retrieval. For bright surfaces such as snow (surface albedo larger than 20%)
the cloud fraction from the cloud algorithm becomes uncertain, hence these
retrievals are also discarded. Retrievals with clouds below 800 hPa are filtered
out because the possible intersection of the cloud with the NOx bulk makes
the retrieval too sensitive for the exact cloud height. For OMI, the large outer
4 pixels at either side of the swath are filtered out, as are pixels affected by
the row anomalies (which appear since June 2007). For GOME-2 we discard
the backscan pixels (which are too large), and retrievals in the zoom-mode of
the instrument (which are of unknown quality).

4.2.2 Chemical transport model and emission inventory

The CHIMERE multi-scale model [Schmidt et al., 2001; Bessagnet et al., 2004]
is primarily designed to produce daily forecasts of ozone, aerosols and other
pollutants and make long-term simulations for emission control scenarios.
In the presented configuration, CHIMERE has been implemented over East
Asia (18◦N to 50◦N and 102◦E to 132◦E), simulating the atmosphere in 8 lay-
ers up to 500 hPa, with a horizontal resolution of 0.25◦×0.25◦. The meteoro-
logical data is taken from the deterministic forecast of the European Centre
for Medium-Range Weather Forecasts (ECMWF), which is given on 91 atmo-
spheric layers for a horizontal resolution of approximately 25×25 km2. The
boundary conditions for the domain border and top are taken from monthly
climatologies (no nested run is performed). To reduce the effect of boundary
values on the region of interest, the domain boundaries have been chosen
over relatively unpopulated areas. In Europe, CHIMERE has been extens-
ively intercompared to other urban air quality models [e.g. Vautard et al.,
2006] and evaluated against ground-based measurements and satellite data
[e.g. Blond et al., 2007]. For China, validation results can be found in Mijling
et al. [2009].

As a starting point for our estimates, we use the recent INTEX-B emis-

69



CHAPTER 4. DAILY EMISSION ESTIMATES FROM SPACE

sion inventory by Zhang et al. [2009, and private communication]. It covers
Asia on a 0.2◦×0.2◦ resolution, containing the yearly totals of SO2, NOx, CO,
VOC, PM10, PM2.5, BC, and OC by four sectors (power, industry, residential,
and transportation) for the year 2006. This inventory has been successfully
validated during the INTEX-B campaign [Zhang et al., 2008]. Biogenic emis-
sions are not included, as for the selected domain the anthropogenic signal
is supposed to be dominant. The NOx emission totals are interpolated to the
model grid and distributes over three chemical components: NO (90% of the
NO equivalent mass of NOx), NO2 (9.2%), and HONO (0.8%). The emissions
are disaggregated to hourly values using sector-specific weekly and diurnal
factors; no monthly cycle is postulated.

4.3 The DECSO algorithm

We consider a time interval t = [0, T] between two data assimilation mo-
ments, in our case the 24 h period between two overpasses of the satellite
instrument. At the core of the algorithm is the CTM which calculates the
concentration fields of NO and NO2 at t = T from the initial fields at t = 0,
given the meteorological conditions and a certain emission database. After
the model run, however, there is no information available of the sensitivity
of the final NOx column concentration on the emission field; information
needed by the Kalman filter for the emission inversion. Below, we will derive
a simplified 2D transport equation which describes this relation analytically.
It uses trajectory analysis to transport NOx columns over the model domain
(Section 4.3.2). The aging of the NOx column is described by an effective
lifetime, chosen in such way that it minimizes the calculated concentrations
and the simulated concentrations by the CTM at t = T (Section 4.3.3). The
concentration fields from the CTM are also used to construct the forecasted
tropospheric NO2 column concentration, by interpolation towards the satel-
lite footprint, extension with a climatological column to the tropopause, and
application of the averaging kernel from the satellite retrieval method (Sec-
tion 4.3.4).

4.3.1 Derivation of the simplified 2D transport equation

In order to find the sensitivity of the NOx concentration to emission changes,
we will derive a simple description of the transport of NOx columns over the
model grid with use of trajectory analyses neglecting the height dimension.
Because of the rapid cycling between NO and NO2, and the shift towards
NO2 during night time due to lack of photolysis, our analysis is based on the
bookkeeping of NOx rather than NO2, which is the observed quantity. Let
e, c(0), and c(T) be two-dimensional fields, representing the time-averaged
emission, the NOx column concentration at t = 0, and at t = T, respectively.
They are written as vectors in an n-dimensional space, where n represents
the total number of grid cells in the model domain. In our case, the dimen-
sion of state space n is 121×129=15,609. For a certain grid cell at t = T, the
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NOx column is composed of an aged column from t = 0 which has been
transported into this grid cell, and a column of NOx which has been emitted
during [0, T], aged, and transported into this grid cell. This can be written by
the matrix equation:

c(T) = Gc(0) + He (4.1)

Matrix G describes the advection and decay of the initial concentration c(0)
over the model grid. Matrix H describes how the concentrations at t = T
change if the emissions in time interval T change, i.e. its matrix elements rep-
resent the sensitivities of the NOx column concentrations to the NOx emis-
sion at the model grid:

Hij =
∂ci
∂ej

(4.2)

Both G and H have size n× n, but are sparse if transport to other grid cells
covers only a small fraction of the model domain, which is true for short-lived
species such as NOx (3–9 h in populated areas, see Beirle et al. [2011]) and
typical wind speeds (∼24 km/h at 4 Beaufort) in our mesoscopic domain.

Neglecting NOx sinks, the first term in equation (4.1) describes the advec-
tion of the initial concentration over the model grid. The concentration of
NOx molecules in a certain grid cell column i at t = T can then be written as

cG
i (T) = ∑

j

aj

ai
Ωij(T)cj(0) (4.3)

in which the transport kernel Ωij(T) represents the fraction of the area of
cell j which is transported to cell i during time interval T. To ensure mass
conservation, the equation is scaled with the area a of the corresponding
grid cells. For a regular grid over latitude and longitude a will depend on
latitude φ: aj/ai = cos(φj)/cos(φi). During transport, the number of NOx
molecules in the plume will decay exponentially because of aging. We assume
that the NOx lifetime in the plume can be described by an effective lifetime
τj from its source location. Including aging in equation (4.3) we find for the
concentration (written in terms of the reciprocal lifetime k):

cG
i (T) = ∑

j
e−kjT

aj

ai
Ωij(T)cj(0) , with k j = 1/τj (4.4)

The second term in equation (4.1) represents all "fresh" NOx which has been
emitted at a certain moment in the time interval and subsequently transpor-
ted during the remaining time. Analogous to equation (4.4), and integrating
over all time dependent emission contributions ẽ(t) during T (see Figure 4.2),
we derive the expression:

cH
i (T) = ∑

j

aj

ai

T∫
0

e−kjtΩij(t)ẽj(T − t) dt (4.5)
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Figure 4.2: Schematic representation of the composition of a NOx plume which is
emitted, transported, and aged from t = 0 to t = T in a grid cell j.

The inversion only adjusts time-averaged emissions e; the diurnal and weekly
cycle of the emissions are described by an emission modulation function f (t),
which is copied from the chemistry transport model:

ẽj(t) = f j(t)ej , 〈 f (t)〉1 week = 1 (4.6)

Substituted in equation (4.5) this results in:

cH
i (T) = ∑

j

aj

ai

 T∫
0

e−kjtΩij(t) f j(T − t) dt

 ej (4.7)

Relating equation (4.4) and (4.7) to equation (4.1) gives us expressions for the
elements of matrix G and H in terms of the (unknown) reciprocal lifetimes
k j and the (known) transport kernel Ω(t):

Gij(k j) =
aj

ai
e−kjTΩij(T) (4.8)

Hij(k j) =
aj

ai

T∫
0

e−kjtΩij(t) f j(T − t) dt (4.9)

We will call matrix equation (4.1) with matrix elements defined in (4.8) and
(4.9) the simplified 2D transport equation. Because it does not contain bound-
ary conditions, it does not account for NOx concentrations which are trans-
ported from the outside into the model domain. This will affect sensitivity
relations ∂ci/∂ej (and consequently the assimilation results) close to the do-
main border. We suppress this boundary effect by choosing our domain bor-
ders (where possible) in remote areas with low emissions.
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Note that if there is no transport to neigbouring cells matrix G and H
become diagonal, and the simplified 2D transport equation simplifies to:

ci(T) = exp(−kiT)ci(0) +
T∫

0

exp(−kit)ei(T − t) dt (4.10)

which is the solution of the differential equation of a box model, having a
loss term proportional to the concentration, and a time dependent emission:

dc
dt

= −kc + e(t) (4.11)

Equation (4.9) describes the sensitivity of the NOx concentration in cell i on
the NOx emission in cell j. However, we are interested in the sensitivity H∗ij of
the NO2 concentration on the NOx emission (which is used in Section 4.3.4):

H∗ij =
∂cNO2

i
∂eNOx

j
(4.12)

From the CTM simulation we obtain the NO2/NOx ratio γi for all cells i at
the moment of assimilation T:

cNO2
i (T) = γicNOx

i (T) , 0 ≤ γi ≤ 1 (4.13)

From this and equation (4.9) we get the sensitivities for NO2 column concen-
trations to NOx emissions, both at the model grid:

H∗ij = γi Hij = γi
aj

ai

T∫
0

e−kjtΩij(t) f j(T − t) dt (4.14)

4.3.2 The transport kernel

Driving force behind the transport of NOx is the time and space dependent
wind field. In the simplified 2D transport equation the transport is described
by matrix function Ω(t), whose column j can be interpreted as the advection
of the tropospheric column of NOx of grid cell j over the model grid dur-
ing the time interval [T − t, T]. We discretise Ω(t) at nT instants tn, equally
distributed over the assimilation time interval:

∆t = T/nT , tn =

(
n− 1

2

)
∆t , n = 1, ..., nT (4.15)

If nT is sufficiently large such that the transport distance is small during ∆t
(at wind speed v and grid cell size ∆x this implies ∆t� ∆x/v must hold), the
integral in equation (4.9) can be approximated by a summation over sparse
matrix operations
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Figure 4.3: Advection of 4 sub grid cells from cell j along an averaged wind field.
After time t, 50% of the sub cells are in cell i, hence Ωij(t) = 0.5.

Hij(k j) ≈
aj

ai

nT

∑
n=1

e−kjtn Ωij(tn) f j(T − tn)∆t (4.16)

The matrix elements Ωij are calculated for each tn by trajectory analysis,
which must take the divergence of the wind field and the height dependence
of wind and NOx concentration into account. In remote areas, for example,
the bulk of the NOx tends to be located higher up in the troposphere (mainly
because of uplifting and washing out of the NOx in the lower troposphere)
where wind flows generally faster. A practical method for fast calculation of
Ωij is by dividing the source grid cell j in a large amount of nS randomly
permutated sub grid cells. For each sub grid cell a trajectory is calculated, in
order to sample how the content of the grid cell is distributed over the model
grid. Each of the nS trajectories has a unique injection height, distributed
according to the particle density in the NOx column, after which it is trans-
ported along the time dependent, two-dimensional wind field (based on the
same wind fields that are used in the CTM run) vertically interpolated to this
height. Then Ωij(t) can be found by counting the number of sub cells which
originate in cell j at time T − t and are within cell i at time T, see Figure 4.3.

As a trade-off between accuracy and calculation time, results in this paper
are obtained by choosing nS = 10× 15 sub cells and ∆t=0.5 h.

4.3.3 The effective lifetime

Equation (4.9) gives an expression for the sensitivity which depends on the
lifetime τ of NOx, the time for emitted NOx to decay by a factor of e. The
variation in lifetime, however, is too large to simply assume a fixed value
for τ. The lifetime of NOx can vary between several hours and several days,
depending on factors such as temperature, sunlight, precipitation, altitude,
and presence of other chemical species and aerosols. This dependence is too
intricate to make a straightforward parameterisation of τ which could be
used in look-up tables. Instead, we use the results of the forward chemical
transport model run to retrieve information on the NOx lifetime.

The matrix elements of G and G in equations (4.8) and (4.9) depend on the
unknown reciprocal lifetimes k associated with the grid cells. The residue r
is defined as the difference between the column concentrations cCTM calcu-
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lated with the CTM and the concentrations calculated with the simplified 2D
transport equation, at t = T:

r(k) = cCTM(T)−
(

G(k)cCTM(0) + H(k)e
)

(4.17)

The effective lifetime field is found by minimizing the residue for k numeric-
ally, as explained in the Appendix (Section4.8). This is an ill posed problem:
the exponential dependence in k of the matrix elements and the reciprocal
dependence of τ of k make the residue function relatively insensitive for
variations in both low and high values of τ. Therefore we apply a Thikonov
regularisation, demanding smoothness of the solution field as an a priori
constraint. Unrealistic high or low values are corrected by constraining the
lifetime τ between 2 h and 48 h. The lifetimes are calculated numerically,
using the lifetime results from the previous day as an initial field.

Figure 4.4 shows the averaged fit results for the summer and winter period
in 2008. The observed spatial variability results from the dependence of NOx
lifetime on factors as latitude (photolysis rate and temperature), pollution
composition, and meteorology. Especially in summer, the effective lifetimes
are found lower for the OMI window than the GOME-2 window, which can
be understand with equation (4.10). With kT large and e(t) large (in source
areas), the second term is dominant, so the lifetime fit depends mainly on
e(t) and c(T), the latter being significant lower at OMI overpass time due to
the increased OH-producing photolysis rate in the early afternoon. In winter-
time, the lifetime of the aged NOx plume in remote areas can be longer than
24 h, caused by low OH background concentrations and the bulk residing in
higher layers of the troposphere, where it is less sensitive to uptake by cloud
droplets and wet deposition. In populated areas the NOx bulk is closer to
the surface, and the effective lifetime is found lower. For the OMI time win-
dow, we find a lifetime range of 3.3–12.8 h for Beijing (39.9◦N), 4.3–7.7 h for
Shanghai (31.2◦N), and 6.4–7.0 h for Hong Kong (22.3◦N); the smallest values
found in winter, the highest in summer. Although the results for Hong Kong
are higher than found by Beirle et al. [2011] for the Pearl River Delta (3–4 h),
they agree in their small seasonal variation. Apart from weaker fluctuations
at high latitudes, our results correspond well with the CTM calculations of
Martin et al. [2003]. They find 5–6 h at 30◦N, 5–8 h at 30◦N, and 3–15 h at
40◦N.

4.3.4 Comparing model simulations with satellite observations

For the data assimilation we will compare simulated NO2 columns with ob-
served NO2 columns. The CHIMERE model calculates daily tropospheric
columns up to 500 hPa. In order to extend the NO2 profiles from the model
ceiling to the tropopause, we add a climatological partial column for this
part of the free troposphere. This climatology was compiled from a 2003–
2008 run of the global chemistry transport model TM5, described in Huijnen
et al. [2010], at a 2◦×3◦ resolution and 34 atmospheric layers. Although in

75



CHAPTER 4. DAILY EMISSION ESTIMATES FROM SPACE

Figure 4.4: Averaged effective lifetime fields for the 2008 summer months (top row)
and winter months (bottom row). The left panels show the calculations corresponding
to OMI overpass time, the right panels correspond with GOME-2 overpass time.

populated areas the added free tropospheric column contributes only a few
percent to the total tropospheric column, it can account for up to 50% in
remote areas, where the tropospheric NO2 column is small.

The number of observations m per day is smaller than the number of grid
cells n, because observations are filtered, and the size of the satellite foot-
print is generally larger than a grid cell. For our domain n = 15, 609, and
contains typically 500–900 filtered GOME-2 retrievals; for OMI retrievals m is
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Figure 4.5: Scatter plot for GOME-2 tropospheric NO2 column retrievals and corres-
ponding CHIMERE simulations over mainland China on 3 June 2008, based on the
INTEX-B emission inventory. The black line indicates the line of best fit. Higher NO2
concentrations are mostly underestimated by the model.

in the range of 4500–7500. We interpolate the simulated grid concentrations
to representative values for the satellite footprint, after which the averaging
kernel from the retrieval method (important for a direct comparison between
simulation and observation, see Eskes and Boersma [2003]) can be applied
directly.

We construct a representative vertical NO2 profile pi for the footprint area
by taking a weighted average of the modeled vertical profiles pc

j in contrib-
uting grid cells, taking weight factor Wij from the surface fraction of grid cell
j which is covering footprint i:

pi = ∑
j

Wijpc
j , with Wij normalized ∑

j
Wij = 1 (4.18)

Afterwards, the interpolated profile pi is rebinned to the model layers used in
the tropospheric NO2 retrieval algorithm, so the averaging kernel Ai can be
applied to get the modeled, corrected tropospheric NO2 column at satellite
footprint i:

yi = Aipi (4.19)

This is the observable quantity. An example of how these simulated tropo-
spheric columns relate to the observed columns can be seen in Figure 4.5.

For the inversion we will also need the Jacobian of the model, i.e. the matrix
H which represents the linearisation of the model around a certain emission
field e:

∆y = H∆e (4.20)
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H describes the sensitivity of the modeled observations y (in observation
space) to changes in model emissions e (in state space). We want to find an
expression of H in terms of the model sensitivities we found in equation
(4.14). The gridded concentrations are interpolated to observation footprints
by applying the interpolation matrix H from equation (4.18):

∆ỹ = WH∗∆e (4.21)

in which ∆ỹ represents the change of the total tropospheric NO2 columns
in observation space, simulated by our model. Note that there is no inform-
ation on the vertical profiles, which complicates a direct application of the
averaging kernels. Therefore we assume that an emission change ∆e does
change the total column value ỹi for modeled observation i, but does not
change its vertical profile shape, so we can write the change in averaged,
modeled observation in terms of the change of modeled observations:

∆yi = αi∆ỹi , αi ≡
(

Aipi
ỹi

)
(4.22)

Combining equations (4.21) and (4.22), we get the expression for the Jacobian,
in terms of the model sensitivities, the interpolation matrix, and the averaging
kernels:

∆yi = αi ∑
j

∑
k

WijHjk∆ek ⇒ H = diag(α)WH∗ (4.23)

in which H∗ is the (n × n) model sensitivity matrix described by equation
(4.14) for NO2 columns to NOx emissions on the model grid, and H is the
(m × n) sensitivity matrix for NO2 column observations to gridded NOx
emissions, to be used in the Kalman equations below.

4.4 The Kalman filter for emission estimation

The relation between column concentration difference vector ∆y and emis-
sion update vector ∆e can be written as ∆y = H∆e. Note that solving ∆e
from ∆y and H is an underdetermined problem. Furthermore, the errors in
y are large, and they would propagate non-locally in the solution, causing
strong fluctuations in the emissions if this assimilation scheme is applied it-
eratively. To deal with these issues we use the Kalman filter, which calculates
for every assimilation step the most probable emission field and its covari-
ance, taking into account the errors in the modeled emissions and represent-
ation, and the errors in the observed concentrations. Due to the non-linearity
of the problem the extended Kalman filter is used, which linearises about the
current mean and covariance:

State vector forecast ef(ti+1) = Mi[ea(ti)] (K1)

Error covariance forecast Pf(ti+1) = MiPa(ti)MT
i + Q(ti) (K2)
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Kalman gain matrix Ki = Pf(ti)HT
i [HiPf(ti)HT

i + Ri]
−1 (KG)

State vector analysis ea(ti) = ef(ti) + Ki(yi Hi[ef(ti)]) (K3)

Error covariance analysis Pa(ti) = (I−KiHi)Pf(ti) (K4)

The interpretation of the quantities is as follows:

ea, ef analysis and forecast of the NOx emissions.

Pf, Pa error covariance matrices (n × n) of the forecasted emissions ef

and the analysis of the emissions ea.

M model describing temporal evolution of the emissions. M applied
on the true state is assumed to introduce no bias: et(ti+1) =
Mi[et(ti)] + εi, in which the noise is normally distributed around
0 with covariance Q.

Q covariance matrix (n× n) of the modeled emissions (see Section
4.4.2).

M (n× n) matrix representation of emission model M.

y observations of tropospheric NO2 columns.

H observation operator which relates the emissions of NOx in the
model grid to the observable tropospheric column concentrations
of NO2. H applied to the true state is assumed to introduce no
bias: yo

i = Hi[et(ti)] + εi, in which the noise is normally distrib-
uted around 0 with covariance R.

R (m×m) matrix describing the covariances of the observation op-
erator H (see Section 4.4.1).

H (m× n) Jacobian of the observation model H, linearised around
state e = ea: yf = ya + H(ef − ea), describing how the tropo-
spheric NO2 column of observation i changes when the NOx
emission e in grid cell j is changed.

Note that we use the Kalman equations to update the trace gas emission from
the observation of its concentration. Therefore the attribution of the quant-
ities in the Kalman formalism differs from e.g. data assimilation of ozone
concentration fields (e.g. by Eskes et al. [2003]). In the latter case the state
vector represents the modeled trace gas concentrations, M describes the evol-
ution of this field by the chemical transport model, y represents the trace gas
retrievals, and H the representation of these retrievals on the model grid.
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4.4.1 Covariance of the observation minus forecast

The covariance of the observation minus forecast of the column concentration
consists of three independent components:

ΣOmF = Σobs + Σrepr + HPfHT ≡ R + HPfHT (4.24)

The observation error of the tropospheric NO2 column is composed of er-
rors by the measurement noise of the satellite instrument and the spectral fit-
ting, errors related to the separation of the troposphere and the stratosphere,
and errors due to retrieval method parameters, such as clouds, surface albedo
and a priori profile shape [Boersma et al., 2004]. The second part describes
representation error originating from an inaccurate CTM (due to errors in
e.g. meteorology or chemistry scheme), and errors introduced by adding a
climatological free tropospheric column, and interpolating grid values to the
satellite footprint. Together with the observation errors they are contained in
covariance matrix R. The last part of the OmF error describes how errors in
the emission estimation propagate into the simulated column concentrations.
The sensitivity matrix H is assumed to be exactly known; the error made by
the approximating H with the simplified 2D transport equation is added to
R.

It is the balance between R and HPfHT which determines how much in-
formation from the observed concentration difference is used to update the
emission estimates. We work out a practical method to estimate the covari-
ance matrix R. By neglecting spatial correlations the OmF error σOmF for
observation i can be written, analogous to equation (4.24) as

σ2
OmF,i = σ2

obs,i + σ2
repr,i + σ2

prem,i ≡ σ2
R,i + σ2

prem,i (4.25)

in which σ2
prem,i is the propagated emission variance of matrix HPfHT. The

observation error σobs is known from the satellite product: typically they have
a dominating absolute error at low values (around 0.5 1015 molecules/cm2),
and a dominating relative error at high values (around 30–45%). The repres-
entation error σrepr is unknown, but is assumed to be relative to the simulated
tropospheric column concentration y with a fixed εrel:

σrepr,i = εrelyi (4.26)

For each assimilation a large quantity of observations yobs and forecasts y
are available, enabling the calculation of σrepr from OmF statistics, using the
reduced χ2 criterion:

χ2
red =

1
m ∑

i

(
yobs,i − yi

σOmF,i

)2
(4.27)

We calculate εrel such that χ2
red = 1, meaning that the variation in OmF

is well described by its error σOmF: the distribution of (yobs − y)/σOmF will
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Figure 4.6: (left) Reduced chi-square test for OmF and its error for OMI observations
of May 2008 as function of the relative representation error. (right) Distribution of
OmF/σOmF, with σrepr = 33%. The dotted line represents the Gaussian distribution
around 0 with standard deviation 1.

be Gaussian around 0 with standard deviation 1. By substituting (4.25) and
(4.26) in (4.27) we find the equation:

f (εrel) =

m

∑
i=1

(yobs,i − yi)
2

ε2
rely

2
i + σ2

obs,i + σ2
prem,i

−m = 0 (4.28)

We can find the root of f numerically using its derivative to εrel in Newton’s
method, resulting in εrel=33% for OMI observations in May 2008, see Figure
4.6.

With the daily estimated value of εrel we calculate σR,i according to (4.25).
From these errors we construct the covariances analogous to Eskes et al.
[2003], by decomposing the error covariance matrix as

R = diag(σR) C diag(σR) (4.29)

in which C is a correlation matrix, which elements only depend on the dis-
tance between two observation footprints: Cij = g(rij). Theoretically, function
g can be estimated from the statistics on how the correlation between observa-
tions and forecasts decrease over distance, but here we model g exponentially
dependent on distance:

g(rij) = exp(−rij/L) (4.30)

in which L is the correlation length. Best inversion results are obtained by
taking L small with respect to the footprint size (we will use L=10 km); in
this case the improved condition of the matrix which is inverted in (KG)
suppresses spatially oscillating solutions. Correlations between footprints at
a distance larger than 6L are considered insignificantly: corresponding matrix
elements Cij are set to zero, resulting in a sparse covariance matrix R.
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4.4.2 Emission covariances and inversion behaviour

For the Kalman filter approach we need to assess the emission model M, its
error covariance Q, and the initial covariance of the emission database Pa(t =
0). For these matrices it is important to find realistic estimates, which will
optimise the assimilation for both convergence speed and noise reduction.

Anthropogenic emission trends, if present, are usually very gradual, jus-
tifying a persistent emission model, stating that tomorrow’s emissions are
equal to today’s emissions. This implies that the emission model reduces to
the identity matrix: M = I. Note that our algorithm adjusts weekly averaged
emission totals; the diurnal and weekly cycle is modulated already by the
CTM, see equation (4.6).

After multiple iterations the error covariance analysis Pa(t) becomes inde-
pendent of its initial value Pa(t = 0). However, to get optimal assimilation
results directly from the start, we model Pa(t = 0) from the error distribution
of the emission analysis after a test run of 60 days, sufficiently long for its
errors to be close to their expected limit values.

To assess the influence of the emission covariance Q on the inversion beha-
viour we analyze the Kalman equations for the simple case where the concen-
tration y only depends on one emission source x with a constant sensitivity
factor h. The Kalman filter reduces to the following scalar equations, and
matrix Q becomes a scalar quantity q, dictating how much the error of the
emission increases between two assimilation moments. We find an expression
for the evolution of the error analysis σa

i in terms of its predecessor σa
i−1:

σa
i

2 =
σ2

R,i

h2(σa
i−1

2 + q2) + σ2
R,i

(σa
i−1

2 + q2) (4.31)

We can see with this formula that the limit value of the assimilation error
σa depends on the sensitivity h (a higher h results in faster convergence to a
lower σa), the observation and representation error σR (a lower σR results in a
lower σa), and emission error increment q. q is the only unknown parameter
and its value will affect the noise and convergence in the assimilation. A high
emission uncertainty q results in a large noise on the assimilated emission,
and a low uncertainty q leads to slow convergence.

We model q with a dominating absolute error εabs at low emissions, shifting
to a dominating relative error εrel at high emissions:

q(x) = εabs exp(−εrelx/εabs) + εrelx (4.32)

Note that the absolute error component is essential to be able to pick up
changing emissions in areas where zero emission are defined.

We have tested different settings for q for different emission scenarios, see
Figure 4.7. For all experiments we used observations with a realistic error
model for σR, containing an absolute and relative error analogous to equa-
tion (4.32), with εabs=0.5 1015 molecules/cm2 and εrel=70%. For the sensitivity
we used h = 0.25. For the initial analysis error σa

0 we take the expected limit
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Figure 4.7: Emission inversion behaviour for different emission model errors (rows)
and for different emission scenarios (columns). The dotted lines indicate the true
emission values.
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value as calculated by (4.31). In the first series of experiments we model q
with εabs=0.1 1015 molecules/cm2/h and εrel=10%. Experiments for strong
emission sources (a), (b) and (c) show that the large relative error is propag-
ated to a large emission noise. This is reduced in the second series of exper-
iments by taking εabs=0.1 and εrel=5%, see (f), (g), and (h). The low signal-
to-noise in (i) and (j) is caused by the large absolute error. This is improved
in a third series of experiments with εabs=0.02 and εrel=5%, see (n) and (o),
although at the cost of a slower convergence of emerging strong emission
sources in (m). The occurrence of emission noise in an emission-free area (o)
(which is positively biased because we do not allow negative emissions) can
therefore be controlled by lowering εabs, although it should not be taken too
small, as in the last series where εabs=0.01, where convergence speed of new
strong (r) and weak (s) sources become unacceptably slow.

For our assimilation setup we construct matrix Q analogous to (4.29) and
(4.30), modeling its errors according to (4.32) with εabs=0.02 1015 molec/cm2/h
and εrel=5%, and allowing for weak covariances with its nearest neigbours by
taking the covariance length L=10 km.

4.4.3 The Kalman gain

After establishing the covariance matrices as described in the above sections,
the Kalman equations can be solved numerically. Calculation time and stor-
age space is reduced by making optimal use of the sparseness of the matrices.
Point of concern is the inversion of the symmetric matrix A = HPfHT + R in
the Kalman Gain (equation (KG)), which generally is ill-conditioned and con-
tains a null-space. Note that A being symmetric and positive semi-definite
implies that A has real, positive eigenvalues. The eigenvalues spectrum of
matrix A consists of only a few large eigenvalues and many smaller ones,
which makes solving the inverse of A very sensitive to noise. This sensitivity
issue can be avoided by approximating A with a decomposition

A ≈ UΛUT ⇒ A−1 ≈ UΛ−1UT (4.33)

in which Λ is a diagonal matrix consisting of the mr largest eigenvalues of
A. Here we use the numerical software library ARPACK [Lehoucq et al.,
1998] for a fast calculation of the largest eigenvalues and corresponding ei-
genvectors. Analogous to Segers et al. [2005], we take mr such that the sum
of the largest eigenvalues account for 98% of the value of the trace of A, with
a practical maximum of 1800 eigenvalues. As a result the condition number
(the ratio of the largest eigenvector to the smallest eigenvector) is reduced to
an order of 1000.

For large number of observations, solving the Kalman equations becomes
dominant in the total calculation time. The time spent in the ARPACK al-
gorithm to calculate mr eigenvalues scales with m2. The eigenvector matrix
U in equation (4.33) has dimension m × mr and is generally dense, which
means that A−1 is calculated with mrm2 floating point operations. Another
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time consuming calculation is the Kalman Gain matrix from sparse m × n
matrix PfHT with dense m×m matrix A−1, which takes 2nmq floating point
operations, where q indicates the mean number of nonzero values in a row
of PfHT (q� m).

4.4.4 Calculation of the analysis covariance

Correlations in the emission analysis are introduced because different emis-
sion grid cells contribute to an observation in the satellite footprint. Although
the covariances can be strongly non-local (e.g. when fast winds transport long
living NOx over remote areas), normally the covarying emission area is loc-
alised within a certain distance of the grid cell. Therefore it is not necessary
to calculate all n× n elements of the analysis covariance matrix Pa. Instead
we calculate the diagonal elements Pa

ii = σ2
i using (K4). Off-diagonal, we

only calculate the covariance for grid cells within a radius of 300 km. Only
correlations larger than 0.01 are supposed to contribute significantly to the
analysis:

|ρij| =
∣∣∣∣ Pa

ij

σiσj

∣∣∣∣ > 0.01 (4.34)

By neglecting all smaller correlations the analysis covariance matrix becomes
a sparse matrix.

4.4.5 Emission inventory update

After calculating new emissions we have to make certain assumptions to use
this data to update the emission database. For the moment, we only adjust
the NOx emissions, neglecting the possibility that a change in anthropogenic
NOx is related to a change in other anthropogenic emissions such as particu-
late matter and CO. Furthermore, we assume that the emission change is due
to anthropogenic sources. Since we do not know how the new NOx emis-
sions can be attributed to the different sectors (power, industry, residential,
and transportation in the used INTEX-B inventory), we scale emissions in all
sectors by ratio, assuming that the introduced error (through different sec-
torial diurnal and weekly emission cycles) is small. Because in our method
emissions are updated by addition instead of scaling, emissions can be at-
tributed to grid cells without a priori emission. For new emission sources,
where no sector information is known, the new NOx emissions are distrib-
uted evenly over all sectors. Finally, information about the injection height
of the new emission cannot be inferred with the DECSO algorithm. Instead,
emissions at all heights will be scaled by ratio.
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4.5 Closed loop tests

A closed loop test is performed to assess the performance of the DECSO al-
gorithm. To do so, we implement emission scenarios by adapting the INTEX-
B emission inventory locally. From these new “true” emissions synthetic NO2
observations are constructed. These synthetic observations are calculated by
(1) running CHIMERE with the adapted inventory, (2) extending the column
concentrations to the tropopause, (3) interpolating the results on the satel-
lite footprints from selected real observations of GOME-2 and OMI, and (4)
adding typical instrumental noise (analogous to equation (32), with εabs=0.5
1015 molecules/cm2 and εrel=30%). The sensitivity is made independent of
height by taking a flat averaging kernel. By studying the difference between
the true emissions and the assimilated emissions (based on the synthetic
observations), we assess the characteristics of the assimilation algorithm by
checking the sensitivity, the convergence speed, and the noise.

4.5.1 Emissions increase in populated areas

To test if our algorithm can detect an emission growth in a grid cell while
the emissions in surrounding grid cells remain constant, we assume a 30%
increase in NOx emissions in the grid cell containing the city of Jinan (popu-
lation 6 million in 2006), from 8.43 to 10.96 1015 molecules/cm2/h. Values in
the 8 surrounding grid cells are considerable lower, ranging from 0.5 to 2.8
1015 molecules/cm2/h.

Figure 4.8a shows the results of the closed loop test for synthetic observa-
tions without added noise. The emissions converge almost monotonically to
their true value, faster for OMI than for GOME-2, due its the larger number
of daily observations. The more frequent sampling also results in a smaller
emission analysis error. When noise is added (Figure 4.8b) convergence be-
comes slower. Due to the instrumental noise, emissions can be pushed away
from its equilibrium for a longer period, before it returns to its true value.
The emission estimate for OMI footprints takes 25 days to converge to its true
value, while for GOME-2 observations it takes more than 70 days.

To investigate whether the algorithm is able to detect an emission increase
of an expanding mega city, we assume a scenario where NOx emissions of 8
grid cells in the Pearl River Delta increase by 30%, while the NOx emissions in
the neigbouring Hong Kong area (2× 2 grid cells) decrease by 30%. Figure 4.9
shows the result of the assimilation after a 90 day period with synthetic OMI
observations, where the assimilated emission inventory has been averaged
over the last 30 days. Starting with the unchanged emission inventory, the
algorithm is capable of reproducing the emission scenario.

4.5.2 Detection of a new emission hot spot

To emulate the appearance of a new emission source in remote, clean areas
(e.g. by the introduction of a new power plant or industry, or the occurrence
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Figure 4.8: (above) Time series for emission estimates based on noise-free synthetic ob-
servations based on OMI footprints (blue) and GOME-2 footprints (red). The shaded
areas indicate the emission analysis error. The dotted line indicates the true value.
(below) Same time series, based on synthetic observations with added instrumental
noise.

of a wildfire), we increase the NOx emission of a single grid cell in the Xilin
Gol area of Inner Mongolia from 0.18 to 2.0 1015 moleculs/cm2/h. Values in
the surrounding grid cells remain unchanged, ranging from 0.03 to 0.18 1015

molecules/cm2/h. As can be seen in Figure 4.10a, the new emission is picked
up readily from synthetic OMI observations. The emission analysis based on
GOME-2 observations show significant slower convergence. This can be at-
tributed to a larger foot print size which smears out the emission attribution:
Figure 4.10b shows that if the emission analysis of surrounding grid cells is
taken into account, the area total converges within 40 days acceptably close
to its new level.

Note that, for unknown new sources in remote areas, the model will typic-
ally simulate the height distribution of an aged NO2 plume: a very low NO2
column concentration with a maximum higher up in the troposphere. The
unrealistic vertical profile will overestimate the correction factor α in equa-
tion (4.22), leading to an underestimated emission update ∆e based on the
OmF in equation (4.23) in the first run. However, the iterative application of
the algorithm compensates for this effect: the new surface source (even if it
is small) will shift the maximum of the modeled NO2 profile rapidly down
to the surface, resulting in more realistic emission updates in subsequent
iterations.

87



CHAPTER 4. DAILY EMISSION ESTIMATES FROM SPACE

 

113 114

113 114

2
2

2
3

2
4

2
2

2
3

2
4

(a) True

1015 molecules/cm2/h

0 15

 

113 114

113 114

2
2

2
3

2
4

2
2

2
3

2
4

(b) True - Initial

1015 molecules/cm2/h

-6 6

 

113 114

113 114

2
2

2
3

2
4

2
2

2
3

2
4

(c) Mean assimilated

1015 molecules/cm2/h

0 15

 

113 114

113 114

2
2

2
3

2
4

2
2

2
3

2
4

(d) Mean assimilated - Initial

1015 molecules/cm2/h

-6 6

Figure 4.9: (a) “True” emissions for the Pearl River Delta region for a scenario with a
30% increase of emissions for the Guangzhou area and a 30% decrease for the Hong
Kong area; the emission change is shown in (b). (c) Emission estimates after 90 days,
starting from the initial emission inventory; the emission change shown in (d).

4.6 First results

4.6.1 NOx emission estimates for East China

To assess the algorithm performance in the East China domain with real
satellite data, we compare a model run based on a constant INTEX-B invent-
ory (a-priori) with a model run with estimated emissions based on OMI data
from May to December 2008. The data assimilation clearly results in a better
reproduction of the spatial features of the tropospheric NO2 column concen-
tration, see Figure 4.11. When the mean emission estimates are compared
with the a priori inventory, several features can be noted:

1. Increased emissions along the Yangtze River (inland from Shanghai)
and the Pearl River (inland from Hong Kong).

2. Decreased emission in North Korea.

3. Detection of new emission hot spots in Inner Mongolia, due to the op-
eration of new coal fired power plants [Zhang et al., 2009].
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Figure 4.10: Closed loop test for the detection of a new emission source. (Above)
Time series of the emission analysis towards the true value (dotted line). The blue
line is based on OMI footprints, the red line is based on GOME-2 footprints. The
shaded areas indicate the corresponding emission analysis error. (Below) Although
the GOME-2 emission inversion (red line) does not converge directly to its true value
(red dotted line), if one takes into account the neigbouring emissions (thin grey lines),
the area total (thick black line) converges steadily towards its limit value (black dotted
line).

4. Coastal ship tracks (not accounted for in the a priori inventory) between
the Pearl River delta and the Taiwan Strait, and in the yellow sea, con-
necting Shanghai with the tip of Shandong Peninsula. The locations
correspond with the AMVER-ICOADS shipping database [Wang et al.,
2007]. Shipping routes in the Bohai Sea are diverse, hence they show
up as an area source.

The Kalman filter keeps track of the error estimates of each grid cell emis-
sion. The error of the emission analysis depends on the sample frequency
of the downwind concentration plume, the average sensitivity of the emis-
sion to the observed concentration, and the error growth of the emissions
between assimilation moments (Section 4.4.2). In Figure 4.12 the emission
analysis errors of the entire domain are plotted against the emissions, and
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Figure 4.11: The DECSO algorithm applied for East China with OMI observations
from May–December 2008. The top row compares the mean OMI observations of
tropospheric NO2 with colocated CHIMERE forecasts with and without assimilated
emissions. The bottom row shows the a priori (INTEX-B) emission inventory, the
mean assimilated emissions for this period, and the emission update, respectively.
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Figure 4.12: Scatter plot for emission analysis against its error, for all emissions in
the domain at 1 December 2008. Left panel shows results for OMI, right panel for
GOME-2.

Figure 4.13: Time series from May–December 2008 for NOx emission estimates over
Beijing based on OMI (blue) and GOME-2 (red) observations of tropospheric NO2.
The shaded areas indicate the emission analysis error.

are modeled according to equation (4.32). For OMI data assimilation, we find
a dominating absolute error of 0.38 1015 molecules/cm2/h at low emissions,
and a dominating relative error of 47% at high emissions. Data assimilation
with GOME-2 results in larger emission errors due to the smaller amount
of observations: 0.48 1015 molecules/cm2/h at low emissions, and 74% at
high emissions. Note that when the emissions converge to their true state the
analysis errors become overestimated due to an overestimation of the emis-
sion model covariance Q. However, inflating the emission forecast covariance
by a significant Q at every assimilation cycle is necessary to avoid becoming
insensitive to emission changes.
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Calculating the emission for an area larger than a grid cell reduces the
associated error considerably. For the individual Beijing grid cells in the OMI
time series of Figure 4.13, the mean relative emission error is 58%. By taking
an average over 4 grid cells, the mean error drops to 23%. By taking the
negative covariances between the grid cells into account the emission analysis
error drops further to 20%. For the GOME-2 time series, the errors are 91%,
47%, and 38%, respectively. The effect of the negative covariances is here
stronger for GOME-2 due to the larger footprint size (see Section 4.5.2).

To study the effect of transport on the emission estimates we perform an
additional run with the DECSO algorithm in which the transport to neigbour-
ing grid cells has been disabled by taking the unity matrix for the transport
kernel in equations (4.8) and (4.9). This couples the column concentration
locally to the underlying emissions. Note that this is basically similar to the
method used by Martin et al. [2003], however, it differs on three important
points: (1) it is applied iteratively, (2) its inversion uses a Kalman filter based
on a forecasted emission error and the estimated OmF error, and (3) emis-
sions are updated by addition instead of scaling.

Evaluating of how the emission estimates improve by taking transport into
account is complicated by the lack of knowledge of the true emission in-
ventory. Instead, we look at the improvement of the forecast capability for
tropospheric NO2. We calculate for all locations in the model domain the
root mean square (RMS) of the OmFs, for OMI observations during October–
December 2008, and for forecasted emissions estimated with and without
transport. The observations are taken from OMI for the period October to
December 2008. The RMS is weighted by the retrieval error, which means
that for perfect simulations the RMS would be 1. Higher values indicate lar-
ger errors in the tropospheric NOx simulation.

Especially emission estimates in areas downwind of strong emission sources
are effected when transport is neglected. We select all areas where the ratio
between the mean column concentration and the mean emission is larger than
24 h (i.e. the amount of NOx can not be explained by local emissions only),
which covers 26% of the model domain, for OMI observations in October to
December 2008. By taking transport into account in the emission estimates,
65% of this area improves its RMS of the error weighted OmF. Strong im-
provement is made for instance in North Korea, where NOx concentrations
by local emissions are low compared with the inflow of NOx from China
transported by westerly winds.

4.6.2 NOx emission trends for the Beijing area

As a case study for the performance of the DECSO algorithm with real satel-
lite data, we construct a time series of NOx emission estimates of the Beijing
area, consisting of the average of 4 grid cells which are enclosed by Beijing’s
sixth ring road, which spans 130 km and surrounds the city centre at 15–
20 km distance. Both OMI and GOME-2 estimates show the same emission
trend, see Figure 4.13. For the period May–September 2008 this is a down-
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ward trend, mainly because of the effectiveness of the air quality measures
taken by the authorities before and during the 2008 Olympic and Paralympic
Games, from 8 August to 17 September [Mijling et al., 2009].

Due to cloudy conditions at the start of the Olympic Games, all satellite ob-
servations of NO2 around Beijing are filtered out. At August 15, for the first
time since the start of the Games the Beijing area is fully sampled by OMI,
and the emission are updated towards the new low levels. For GOME-2 this
happens at 23 August. If we compare the emission levels of the last week of
August with the pre-Olympic emission levels in May-June 2008 (with mean
emission levels of 8.1 and 7.8 1015 molecules/cm2/h for OMI and GOME-2
respectively), we find an emission reduction of 45% (OMI) and 50% (GOME-
2). If a linear relationship between surface emissions and column concen-
trations is assumed [Martin et al., 2006], these numbers are lower than the
60% concentration reduction found by Mijling et al. [2009] would suggest.
This implies that, if a linear relation between emission and concentration is
assumed, the concentration drop in Beijing can not be explained by local
emission reductions alone. The non-local contributions to NO2 over Beijing
(from upwind sources outside the city) must have dropped by more than
60%.

After the events, NOx emission for the Beijing area starts to rise again,
in accordance with the increase of in NO2 concentrations observed by Witte
et al. [2009]. In December 2008, emissions are at 75% of their pre-Olympic
levels.

4.6.3 Tropospheric NO2 columns over East China

The ability of the CTM to reproduce realistic concentration fields in popu-
lated areas is especially important for air quality forecast purposes. As stated
in Section 4.1, the quality of the CHIMERE output depends strongly on the
correctness of the emission data. Figure 4.14 compares the East Asian time
series of observed tropospheric NO2 concentration with time series of sim-
ulated concentration, with and without data assimilation, by looking at the
RMS of the error weighted OmFs. For populated areas, the simulations based
on the assimilated NOx emission inventory result in a better agreement (i.e.
lower RMS values) between simulated and observed NO2 concentration, as
expected. Also NO2 concentrations for the Chinese coastal waters improve
by attributing NOx emissions to this area (note that the INTEX-B inventory
does not include shipping emissions).

4.7 Conclusion

We developed a new algorithm, DECSO, which is designed for fast daily
emission estimates from assimilated satellite observations of short-lived spe-
cies. The algorithm was applied to the estimation of NOx emissions over
East-China on a 0.25 degree resolution from daily OMI and GOME-2 ob-
servations of tropospheric NO2 column concentrations. Non-local relations
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Figure 4.14: Agreement between the time series of tropospheric NO2 observed by
OMI and the time series forecasted by CHIMERE, for the period May–December 2008.
(left) RMS of the error weighted OmF for forecasts based on the INTEX-B emissions,
and (right) for forecasts based on the assimilated emissions. Colours of lower value
indicate a better correspondence between the simulations and the observations. Areas
with mean observed columns below 1.0 1015 molecules/cm2 have been filtered out.

between emissions and concentrations due to transport away from the source
have been taken into account, and were obtained from a simplified 2D trans-
port matrix equation. The errors introduced by the assumptions made in this
equation are largely compensated for by fitting an effective lifetime which
gives the best agreement between the concentration forecast of the transport
equation and the forecast of the full CTM run. The CTM forecast is also used
to produce simulated tropospheric NO2 columns which are colocated with
the observations. The difference between the observation and the simulation
and the relation between emission and concentration are used in a Kalman
filter to calculate the new NOx emission inventory.

Closed loop tests with synthetic satellite observations show that the al-
gorithm is capable of reconstructing new NOx emission scenarios from tro-
pospheric NO2 column concentrations. It is also capable of detecting new
emission sources such as power plants and ship tracks which are unaccoun-
ted for in the a priori emission inventory. Using OMI and GOME-2 data, the
algorithm is able to detect emission trends on a monthly resolution, such as
during the 2008 Beijing Olympic Games. Furthermore, the NO2 tropospheric
concentrations calculated with the new emission estimates show better agree-
ment with the observed concentrations, both in space as in time, facilitating
the use of the algorithm in operational air quality forecasting.

The advantage over techniques relating the observed NO2 columns lin-
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early to the underlying NOx emissions is that the DECSO algorithm takes
transport to other grid cells into account, enabling emission estimates at
higher resolution and at longer lifetimes (e.g. NOx in wintertime). Experi-
ments for OMI observations in October–December 2008 show that the results
improve when transport is taken into account, especially above areas where
concentrations by local emissions are low compared to the inflow of NOx
from upwind source areas. Also, the DECSO algorithm updates emissions
by adding contributions, rather than by scaling existing emissions, which en-
ables the detection of new sources that are unaccounted for in the a priori
emission inventory. The main advantage over techniques using 4DVAR or
ensemble Kalman filtering (EnKF) is the calculation speed of the algorithm,
which facilitates e.g. operational application in NO2 concentration forecast-
ing at mesoscale resolution. Only one forward CTM run is needed (taking
1 time unit for CHIMERE, about 18 minutes in our setup), followed by the
calculation of the inversion (taking another 1.1–2.8 time units, depending on
the number of observations for that day). Emission inversion with EnKF or
4DVAR techniques typically take 20–40 time units. Calculation times can be
further decreased by e.g. simplifying the calculation of the transport kernel
(at the cost of accuracy) or parallelisation of the computer code.

A drawback of daily emission inversions on a high spatial resolution, such
as in the presented method, is the higher sensitivity to retrieval noise when
compared to other methods for larger temporal or spatial scales. The high
grid resolution inhibits the use of spatial averaged observations, and the daily
inversion inhibits the use of time averaged observations, both having smaller
associated errors. Strong day-to-day fluctuations, however, are avoided by the
Kalman filter which acts as a low pass filter.

Given the instrument characteristics (observational noise, sampling fre-
quency, and footprint size) a trade-off has to be made between the allowed
emission analysis error and the convergence speed towards the true emission
levels. This can be done by carefully selecting an emission model error cov-
ariance: a high emission uncertainty results in a large noise of the emission
estimates, a low emission uncertainty leads to slow convergence. In our setup,
the relative emission analysis errors are 47% for daily OMI data assimilation
and 74% for daily GOME-2 data assimilation (smaller errors can be achieved
by averaging over time or over area). Emission estimates of new sources based
on OMI observations converge in approximately 25 days to their new values;
estimates based on GOME-2 observations take longer, mainly because their
larger footprint initially distributes the emission analysis over neigbouring
grid cells.

The DECSO algorithm has been developed for assimilation of satellite ob-
servations. Its derivation of emission-concentration sensitivities is not applic-
able for point measurements (since it is unclear which area they represent; in-
formation needed to trace back all contributing emission areas), which makes
the algorithm less suitable for assimilation of ground measurements, but it is
a relevant method for areas where no dense network of air quality monitor-
ing stations are available.
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The algorithm is also applicable in other configurations. The engine of the
algorithm, the CTM, is treated as a black box, which offers the flexibility to
replace it relatively easy by any other CTM. Transformation to other model
domains and other grid resolutions on a mesoscale are possible, as long as
the total number of grid cells and cross-grid cell transport do not slow down
calculation too much. Results improve when more daily observations are
used, but at cost of longer emission inversion calculation time. The algorithm
can estimate emissions from other short-lived trace gasses observed from
space, like sulphur dioxide (SO2) and formaldehyde (CH2O), although the
larger retrieval noise will slow down convergence speed.

4.8 Appendix A

To find a best fitting reciprocal lifetime field k, which minimizes the dif-
ference between the column concentrations calculated by the CTM and the
column concentrations calculated by the simplified 2D transport equation
(equation (4.17)), we introduce a cost function J which sums the squares of
the error-weighted residues:

J(k) = r(k)Tr(k) (4.35)

Generally, the minimum of J cannot be found analytically due to its non-
linear dependence on k, and has to be solved numerically. The dependence
of the matrix elements of G and H on k makes the evaluation of gradient
∇k J expensive, which discards methods such as steepest descent or conjugate
gradient. The dependence of the matrix elements on k can be circumvented
by a linearisation around k0, k = k0 + ∆k. We get for matrix G:

Gij(k0 + ∆k) = Gij(k0
j ) + Ĝij∆k j , with Ĝij ≡

∂Gij

∂k j

∣∣∣∣
kj=k0

j

(4.36)

G(k0 + ∆k)c(0) = G(k0)c(0) + Ĝ(k0)diag(c(0))∆k (4.37)

And similarly for matrix H:

Hij(k0 + ∆k) = Hij(k0
j ) + Ĥij∆k j , with Ĥij ≡

∂Hij

∂k j

∣∣∣∣
kj=k0

j

(4.38)

H(k0 + ∆k)e = H(k0)e + Ĥ(k0)diag(e)∆k (4.39)

The matrix elements in (4.36) and (4.38) can be calculated by taking the partial
derivates to k j in expressions (4.8) and (4.9), while the integral of the latter
equation can be discretised analogous to (4.16) for numerical calculation.

With the linearisation of G and H in (4.37) and (4.5), the residue in defini-
tion (4.17) can be written in terms of a matrix M working on ∆k:
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r(k0 + ∆k) = r0 −M∆k , with

r0 = c(T)−
(
G(k0)c(0) + H(k0)e

)
M = Ĝ(k0)diag(c(0)) + Ĥ(k0)diag(e)

(4.40)
Using these definitions, the cost function (4.35) can be written in the quadratic
form:

J(∆k) = ∆kTA1∆k− 2bT
1 ∆k + c1 , with


A1 = MTM

b1 = MTr0

c1 = r0Tr0

(4.41)

Because matrix A1 is both symmetric and semi-positive definite, J has a
global minimum at ∆k solved from A1∆k = b1. However, the minimalisa-
tion of the cost function is an ill-posed problem. To avoid unrealistic values
and strong spatial fluctuations of the solution, we regularise the problem by
demanding smoothness of the solution field. This can be accomplished by
adding an extra constraint in the cost function (Tikhonov regularisation):

J(k) = r(k)Tr(k) + kTA2k (4.42)

A2 is composed of difference operators Dx and Dy , which return all devi-
ations from a linear interpolation of the nearest neigbours in the zonal and
meridional direction of a solution field k:

dx
i = ki − 1

2 (k
W
i + kE

i ) ⇒ dx = Dxk

dy
i = ki − 1

2 (k
N
i + kS

i ) ⇒ dy = Dyk
(4.43)

kW, kE, kN, kS are the neighbouring values of element k in western, east-
ern, northern, and southern direction, respectively. The regularisation term
in (4.8) consists of a summation of all squared deviations in both directions,
dxTdx + dyTdy, which means that the sparse matrix A2 can be written as

A2 = α(DxTDx + DyTDy) (4.44)

An appropriate value of α, which determines the relative weighting between
the two constraints, is obtained by the L-curve method [Hansen, 1992].

The second term of (4.42) can also be linearised for ∆k and written in
the quadratic form, from which it can be shown that the minimum of the
linearised cost function is found by solving ∆k from A∆k = b, with

A = MTM + A2

b = MTr0 −A2k0
(4.45)

This gives us a recipe for finding the minimum of the non-linear cost func-
tion. We calculate G and H and their derivatives for an initial value k0. Next
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we solve ∆k from A∆k = b with the minimal residual method [Paige and
Saunders, 1975], which gives us a new linearisation point k1 = k0 + ∆k. We
iterate this procedure until the decrease in the cost function J(ki)− J(ki+1)
is less than 1% of J(ki). Because the cost function is approximated by the
quadratic form, the convergence rate will be of the second order.
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Chapter 5

Nitrogen oxides emission trends in
East Asia

Abstract

Monthly emission estimates of nitrogen oxides from space provide
valuable insights in changing anthropogenic and biogenic activity. We
present first results of a new emission estimation algorithm, specifically
designed to use daily satellite observations of column concentrations for
fast updates of emission estimates of short-lived atmospheric constitu-
ents on a mesoscopic scale (∼ 0.25◦ × 0.25◦). The algorithm is used to
construct a monthly NOx emission time series for 2007-2010 from tro-
pospheric NO2 observations of GOME-2 over East Asia. The 2007 es-
timates correspond well with bottom-up inventories of INTEX-B and
EDGAR v4.2. However, most Chinese provinces show a strong posit-
ive trend during 2007-2010, related to the country’s economic develop-
ment, which shows the need to update emission inventories in China on
a regular basis. Negative emission trends are found in Japan and South
Korea, which can be attributed to a combined effect of local environ-
mental policy and global economic crises. Analysis of seasonal variation
distinguishes between regions with dominant anthropogenic or biogenic
emissions. For regions with a mixed anthropogenic and biogenic signa-
ture, the opposite seasonality can be used for an estimation of the separ-
ate emission contributions. Finally, the non-local concentration/emission
relationships calculated by the algorithm are used to quantify the dir-
ect effect of regional NOx emissions on tropospheric NO2 concentrations
outside the region. For regions such as North Korea and Beijing province,
a substantial part of the tropospheric NO2 originates from emissions else-
where.

This chapter is in preparation for submission.
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5.1 Introduction

The Chinese economy grew rapidly over the past two decades. The unpre-
cedented increase in energy demand, industrial production, urbanisation and
car ownership has resulted in significantly increasing air pollutant emissions,
and has changed geographical emission patterns. These changes are not ad-
equately described by bottom-up emission inventories, which, despite the
sustained efforts to provide complete and accurate databases, are easily out-
dated. Especially the emission estimates of short-living species as NO2, SO2
and PM allow monitoring of emission trends, giving important insight in the
environmental impact of socio-economic events.

For SO2, the most important sources are point sources by power plants and
heavy industry. Li et al. [2010] finds that the SO2 trend is in line with the NO2
trend during 2005–2007. Afterwards, however, a sharp drop is observable
from spaceborn observations, due to installation of flue-gas desulphurisation
devices on power plants and phasing out of small power generating units.
The Chinese Ministry of Environmental Protection reports a 9% reduction of
total SO2 emissions during 2005–2009.

Based on aerosol optical depth data from OMI, Lin and McElroy [2011]
see a rapid growth of PM2.5 concentrations over northeast China in October
2004–September 2008, despite national efforts to control emissions of primary
PM and SO2. The growth is attributed to increased formation of secondary
aerosols by increased emissions of precursors such as NH3, volatile organic
compounds, and — most importantly — NOx.

The total Chinese emissions of anthropogenic NOx showed an increase
from 3.8 Tg N/yr in 2000 [Zhang et al., 2007] to 6.3 Tg N/yr in 2006 [Zhang
et al., 2009]. The economic downturn, which affected Chinese economy between
late 2008 and late 2009, caused a decrease in emissions of 20% when compar-
ing January 2008 with January 2009 [Lin and McElroy, 2011], although 11%
might be attributed to a production slowdown related to the Chinese New
Year. The efforts to improve air quality in preparation for the Beijing Olympic
Games resulted in emission drop of 45–50% in Beijing when compared with
the emissions in the months before the event [Mijling and Van der A, 2012].
For the World Expo 2010 in Shanghai also air quality measures were taken,
which, according to Hao et al. [2011], resulted in a decrease of 8% of NO2
over the city during May–October 2010 when compared to mean NO2 con-
centrations of the same period in the three previous years.

In this study, we use the Daily Emission estimates Constrained by Satellite
Observations (DECSO) algorithm to construct monthly NOx emission estim-
ates based on GOME-2 observations of tropospheric NO2 between 2007 and
2010. The yearly emission totals for East China are compared with other satel-
lite derived estimates and bottom-up inventories in Section 5.3. The monthly
emission time series is analysed with a trend model to assess the differences
in emission trends (Section 5.4.1) and seasonalities (Section 5.4.2) between
different Chinese provinces and peripheral countries. In Section 5.5, the non-
local concentration/emission relationships are used to quantify the transport
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effect of regional NOx emissions on tropospheric NO2 concentrations else-
where.

5.2 The DECSO algorithm applied to East-China

The DECSO algorithm [Mijling and Van der A, 2012] is specifically designed
to use daily satellite observations of column concentrations for fast updates of
emission estimates of short-lived atmospheric constituents on a mesoscopic
scale (∼ 0.25◦ × 0.25◦). Central in the algorithm is the approximation of the
dependence Hij of a NO2 column concentration c in grid cell i on the emission
e in grid cell j:

Hij =
∂cNO2

i
∂eNOx

j
= γi

aj

ai

T∫
0

e−t/τj Ωij(t) f j(T − t) dt (5.1)

The integral is taken over a time window [0,T] between two satellite over-
passes (24 h). f j(t) is the modulation factor on the average emission, describ-
ing the diurnal emission cycle. Ωij describes the transport of NOx from cell
j to i during [t,T], based on trajectory analysis. After emission, NOx is de-
cayed with an effective lifetime τj. The factor aj/ai accounts for the ratio in
grid cell area, and γj represents the NO2/NOx ratio. Lifetime τj is found by
minimizing the difference at t = T between the NOx columns of the chemical
transport model (CTM) and the NOx columns calculated with the transport
kernel Ω. The sensitivities H are interpolated to the satellite footprints and
are corrected for by the averaging kernel of the retrieval method. For short
lived species such as NOx, H is a sparse matrix, facilitating a fast calculation
of the inversion by a Kalman filter.

We use the DECSO algorithm together with the regional CTM CHIMERE
[Schmidt et al., 2001; Bessagnet et al., 2004], driven by 24 h operational met-
eorological forecast of the European Centre for Medium-Range Weather Fore-
casts (ECWMF). The CTM is adjusted for application on a 0.25◦ resolution
covering East China from 18◦N to 50◦N and 102◦E to 132◦E, as described
in more detail by Mijling et al. [2009]. Tropospheric NO2 column retrievals
are calculated with the DOMINO v2 algorithm [Boersma et al., 2011] from
spectral measurements of the GOME-2 satellite instrument.

A dataset of NOx emission estimates on the model grid is compiled for
2007 to 2010, based on daily assimilation of GOME-2 observations (typically
500–900 every day after filtering). The emissions have been monthly averaged
to avoid issues related to regional undersampling, and to improve noise char-
acteristics.

5.3 Comparison of DECSO estimates with other inventories

Due to strong human activity, NOx emissions in East China are predomin-
antly anthropogenic. Lin [2012] estimate that biogenic emissions of lightning
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Figure 5.1: Chinese provinces and surrounding countries that are covered by the
model domain. Between parentheses the fraction of the province area within the do-
main is indicated.

and soil account for less than 6% of the total emissions in East China, annu-
ally. In July, when lightning and soil emissions are most dominant, a contri-
bution of 9% and 12% respectively of total emissions is found. Areas with
important biogenic sources are mostly found in Inner Mongolia and West
China. Anthropogenic emissions are largest in cities and areas with extens-
ive use of coal. Figure 5.1 shows the 28 provinces of mainland China that
are completely or partially covered by the model domain. According to the
EDGAR 2008 inventory, this part of China accounts for approximately 94%
of the total Chinese anthropogenic emissions.

Table 5.1 lists the yearly emission totals for East China by the DECSO
algorithm. Direct comparison with other space derived emission estimates
found in literature is troubled by the different periods and regions which are
considered.

Miyazaki et al. [2012] found 5.0 Tg N/yr for East China in 2005, for a
4-month mean of January, April, June, October. They assimilated OMI obser-
vations into the CHASER model using an ensemble Kalman filter approach.

Stavrakou et al. [2008] constructed an emission time series with the IM-
AGES CTM and its adjoint code, based on a combined record of GOME
and SCIAMACHY observations between 1997 and 2006. Total Chinese emis-
sions in 1997 were found to be 3.33 Tg N/yr, with an annual growth rate of
7.3%/yr, which results in 5.52 Tg N/yr for China in 2006.

Lin [2012] used OMI retrievals for 2006 together with the GEOS-Chem
model. They estimated the emissions to be 7.06 Tg N/yr for anthropogenic
sources in East China in 2006. This number might be overestimated by 10–
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Table 5.1: Comparison of yearly NOx emission totals for
East China (18–50◦N and 102–132◦E) in Tg N/yr.

2006 2007 2008 2009 2010

INTEX-B 6.09 – – – –

EDGAR v4.2 5.03 5.34 5.93 – –

DECSO – 5.63 5.91 6.06 7.09

22% due to errors in model simulations [Lin et al., 2012].
Zhao and Wang [2009] found 7.48 Tg N/yr for fossil fuel emissions in

China (6.78 Tg N/yr for East China) in July 2007, based on local inversion of
OMI observations using the method by Martin et al. [2003] in combination
with the REAM CTM.

Lin et al. [2010] used the difference in overpass time between GOME-2 and
OMI to estimate NOx emissions. For July 2008, they found as best estimate
6.8 Tg N/yr for China, and 5.5 Tg N/yr for East China (103.75–123.75◦E,
19–45◦N).

The yearly emission totals by DECSO emission estimates have been com-
pared with the bottom-up inventories INTEX-B and EDGAR v4.2. The re-
gional INTEX-B [Zhang et al., 2009] inventory contains Asian emissions in
2006 on a 0.2◦ resolution divided over the sectors power, industry, transport,
and residential. In this study, it is also used as initial emission inventory
for the DECSO algorithm. The global EDGAR v4.2 inventory [EC-JRC/PBL,
2011] contains yearly emission totals for the period 1970 to 2008 on a 0.1◦ res-
olution. Especially the last two years (referred to as EDGAR 2007 and EDGAR
2008) are interesting for comparison with the DECSO estimates. Both INTEX-
B and EDGAR cover only anthropogenic emissions.

As can be seen in Table 5.1, there is reasonable agreement between these
bottom-up inventories and the estimates from space by the DECSO algorithm,
which gives confidence in the results. The 2007 estimates are 7.6% smaller
than by INTEX-B (for 2006), and 5.4% larger than by EDGAR 2007. The agree-
ment for the 2008 emission estimates is better: the DECSO 2008 estimates are
only 0.4% smaller than EDGAR 2008. On a regional scale, differences are lar-
ger. Of the 28 provinces, DECSO 2007 estimates for 8 provinces are within
10% of the INTEX-B inventory. 4 provinces are estimated higher, and 16 are
estimated lower. Compared to the EDGAR 2007 inventory, for 7 provinces
the DECSO 2007 results are within 10%; 11 are estimated higher, and 10 are
estimated lower. Between 2007 and 2010, the NOx emission estimates for East
China increase by 26%, and the results of 2007 are no longer representative.

Figure 5.2 shows the comparison between the different inventories for eco-
nomically important Chinese provinces and some neighbouring countries.
Emissions in Guangdong (the province with the largest population and hav-
ing the highest gross domestic product (GDP) in China) are overestimated
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Figure 5.2: Comparison of bottom-up inventories INTEX-B and EDGAR v4.2 with
yearly averaged emission estimates by the DECSO algorithm for different Chinese
provinces and countries.

by both INTEX-B and EDGAR for all years in 2007–2010. On the other hand,
emissions in Shanxi are underestimated by both INTEX-B and EDGAR. Due
to its large coal deposit, industry in Shanxi is centred around heavy indus-
tries such as power generation and metal refining. The emission differences
might originate from new power plants which are unaccounted for in the
bottom-up inventories. Also in Mongolia, the DECSO estimates are signific-
ant larger for both INTEX-B and EDGAR. This is however partly due to the
fact that DECSO estimates include biogenic soil emissions, which in Mon-
golia are of importance (see Section 5.4.2), but are not accounted for in the
bottom-up anthropogenic inventories.

5.4 Time series analysis

Following Van der A et al. [2006, 2008], we want to describe the monthly
emission time series E(t) with a trend model which contains a linear trend
and a seasonal cycle:

E(t) = E0 +
1

12
Bt + A sin(ωt + ϕ) + r(t) (5.2)

where t represents the number of months after January 2007, r(t) is the
residue (the part of the emission that is unexplained by the fit function).
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E0, B, A, ϕ are the fit parameters of the model. The angular frequency ω is
taken π/6, representing a periodicity of one year. E0 is the emission offset, B
is the annual trend in emissions, A is the amplitude of the seasonal cycle, ϕ is
the phase of the seasonality (ϕ = 0 corresponding to a maximum in January,
ϕ = π/6 corresponding to a maximum in July). The absolute error on the
monthly estimates is taken a constant value σ. To compensate for the spin-up
error of the algorithm due to wrong initial emissions, we increase the error
for January 2007 to 3σ, and decrease the error linearly to σ in the 4 following
months.

From the fit parameters the fitted mean emission for base year 2007 can be
calculated. Relative emission trends are calculated with respect to emissions
in 2007.

5.4.1 Linear trend in NOx emissions

The linear trend results for Chinese provinces and peripheral countries are
shown in Figure 5.3. The largest NOx emitting provinces are clustered in
northeast China: Shandong (606 Gg N/yr), Hebei (416 Gg N/yr), Shanxi (449
Gg N/yr), Jiangsu (447 Gg N/yr), followed by Guangdong (373 Gg N/yr) in
south China.

Apart from Shanghai, all provinces of mainland China show positive trends
for 2007–2010. In absolute sense, the strongest increase of NOx emissions are
found in Shandong (74 Gg N/yr2), Hebei (73 Gg N/yr2), Inner Mongolia (46
Gg N/yr2), and Henan (45 Gg N/yr2). In relative sense, the strongest increase
of NOx emissions are found in Beijing (22.3%/yr), Shaanxi (20.1%), Sichuan
(17.7%/yr), Hebei (17.5%/yr), Tianjin (17.1%/yr), Jiangsu (15.8%/yr), and In-
ner Mongolia (15.6%/yr). Also in Mongolia (17.6%/yr) the trend is remark-
ably strong.

The linear trend model does not work well for Beijing, due to the trend
break during the Olympic Games in 2008 (see Section 5.5.3). The absolute
emission trend for the entire 2007–2010 period is 13.4 Gg N/yr2, but is in fact
higher for the last two years.

Shanghai has the largest NOx emission flux of all Chinese provinces: it is
estimated to be 9.0 1015 molecules/cm2/h in 2007. Between 2007 and 2010 its
population increased from 18 to 23 million inhabitants, and private car own-
ership increased from 2 million in 2004 to 3.1 million in 2010 [Chen and Zhao,
2011]. However, Shanghai does not show a significant emission trend. One of
the reasons for this atypical disagreement between growth and emissions
might be the effectiveness of local air quality measures, most importantly the
migration of coal-fired power plants away from the metropolitan area [Wang
et al., 2012].

NOx emissions in Inner Mongolia are dominated by power plants and
heavy industry. Inner Mongolia is a developing province with the highest
coal reserve of any province in China. In 2006, 55% of the total NOx emissions
originate from power plants, which are often built close to the coal resource
[Zhang et al., 2009]. Between 2005 and 2007 an additional 18.6 GW electricity
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Figure 5.3: (a) Total NOx emissions in 2007 per region, as fitted by the trend model.
(b) Emissions per unit area per region. (c) Annual absolute trends in total emission
per region. (d) Relative trends in total emission per region.

production from coal-fired power plants was installed in Inner Mongolia,
which increased the NOx emissions by power plants by 51% in this province
[Wang et al., 2012]. Strong negative trends are found for the Japanese Kyushu
island (-8.6%/yr), and for South Korea (-5.7%/yr). These trends can be attrib-
uted to a combined effect of local environmental policy and global economic
crisis. A light negative trends is found for Taiwan (-0.5%/yr).
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Figure 5.4: Emission time series for January 2007 to December 2010 estimated by the
DECSO algorithm for different regions. The black line indicates the best fit of the
trend model.

5.4.2 Seasonal variability of NOx emissions

As can be seen in Figure 5.4, emissions in most regions show a distinct sea-
sonal cycle. This variability can be used to derive more information about the
dominant emission source. Van der A et al. [2006] showed that anthropogenic
sources cause NO2 concentration to peak in wintertime, while soil emissions
and biomass burning peak in summertime. Biomass burning, however, is an
unimportant source of NOx in East China [Wang et al., 2007], contributing
less than 2% to the total emissions.

In regions with dominant anthropogenic emissions, such as Hebei and
Shandong, emissions peak typically in February–March. Important biogenic
emissions are found in e.g. Mongolia, where grasslands dominate 97% of
the country. Soil emissions of NOx are related to the rainy season: 70%–80%
of the annual precipitation falls as rain in the summer season, with a max-
imum in August [Iwasaki and Nii, 2005]. The time delay in the observed
seasonal emission peaks (September 2007, August 2008, September 2009, Oc-
tober 2010) is not well understood. The underlying linear trend in Mongolia
is associated to increasing anthropogenic emissions.

In Inner Mongolia both anthropogenic and biogenic sources are of import-
ance. The positive linear trend (15.6%/yr) is most probably due to increased
anthropogenic emissions by coal-fired power plants and related heavy in-
dustry [Zhang et al., 2009]. The lack of a strong seasonal cycle can be ex-
plained by the trend being a mixed signal of anthropogenic and soil emis-
sions. The opposite seasonality of these sources can be used for a rough
estimate of the separate anthropogenic emissions and soil emissions. Using
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equation (5.2), we can write anthropogenic emissions Ea as:

Ea(t) = Ea
0 +

1
12

Bat + Aa cos ωt (5.3)

The soil emissions Es can be written as

Es(t) = Es
0(1− cos ωt) (5.4)

assuming that soil emissions are perfectly anti-cyclic with anthropogenic
emissions, that they have no trend, and that there are no emissions in winter.
The yearly averaged biogenic emission is Es

0.
The total emission E can now be written as:

E(t) = (Ea
0 + Es

0) +
1
12

Bat + (Aa − Es
0) cos ωt (5.5)

The 8 provinces with dominant anthropogenic emissions which peak at
February–March (Anhui, Hebei, Henan, Jiangsu, Jiangxi, Shaanxi, Shandong,
and Tianjin) exhibit a remarkably constant ratio r between amplitude and
offset for anthropogenic emissions: Aa = rEa

0, with r = 0.20± 0.04. Using
this relation, and assuming that the fit results for Mongolia and Inner Mon-
golia are adequately described by (5.5), we can separate the biogenic from
the anthropogenic contribution. We find for East Mongolia (the 53% within
the model domain) an average biogenic emission of 54 Gg N/yr, and an an-
thropogenic emission in 2007 of 51 Gg N/yr with an absolute trend of 18
Gg N/yr2. For Inner Mongolia (the 83% within the model domain), we find
an average biogenic emission of 56 Gg N/yr, and an anthropogenic emission
in 2007 of 242 Gg N/yr with a trend of 46 Gg N/yr2.

5.5 Non-local contribution to tropospheric NO2

In the DECSO algorithm, the relation between the observable tropospheric
NO2 column c at footprint i at time t = T and the mean NOx emissions e in
grid cell j during time interval [0,T] is described as:

ci(T) = bi +
n

∑
j=1

Ψijej ≡ bi +
n

∑
j=1

pj (5.6)

bi represents the part of the NO2 column which has been emitted before
this time interval (i.e. having an age larger than T), and whose relation with
emission sources is not accounted for. The summation sums over all n grid
cells. Matrix Ψ represents the sensitivity matrix H from equation (5.1) after
interpolating towards the observation footprints and applying the averaging
kernel (see Mijling and Van der A [2012]). The quantity pj = Ψijej can be re-
garded as the partial NO2 column in footprint i due to NOx emissions in grid
cell j during [0,T]. This can be used to study the origin of the tropospheric
NO2 observed in a certain region.
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The mean observed tropospheric column for a region R from m observa-
tions can be written as an weighted average:

c̄R =
m

∑
i=1

wici ≡ b̄R +
n

∑
j=1

p̄j , with
m

∑
i=1

wi = 1 (5.7)

in which wi corrects for the fraction of the footprint covering R (wi = 0 if
the footprint is completely outside R). The mean partial column observed
in region R originating from emissions in a source region S is obtained by
summation over all grid cells associated with S:

c̄R,S = ∑
j∈S

p̄j = ∑
j∈S

n

∑
i=1

wiΨijej (5.8)

We use this relation to study the origin of the tropospheric NO2 over North
Korea, South Korea, and Beijing Province during 2007–2010. To get sufficient
sampling of the selected regions (all observations with a cloud fraction larger
than 20% are filtered out), we look at quarterly averages of NO2.

Note that equation (5.8) calculates the direct contribution to region R from
source region S, i.e. the NOx which has been emitted during [0,T] before
observation. It does not account for NOx which has been emitted before this
time window, or NOx which has been transported in reservoir species such
as PAN.

5.5.1 North Korea

As can be seen from Figure 5.5, mean emissions in North Korea are small
compared to industrialised countries. Emissions are high in the first three
months, due to an overestimation of the initial emissions by INTEX-B, and
the time the DECSO algorithm needs to adjust to the new emission levels.
North Korean emission peaks are in summertime, as are the associated con-
centration maxima. This is characteristic for dominating biogenic soil emis-
sions; see Van der A et al. [2008]. The total NO2 concentrations peak however
in wintertime (except in 2009), indicating that a significant part of NO2 in
the North Korean troposphere is from anthropogenic origin, imported from
elsewhere.

Local emissions of NOx account for 23% of the average tropospheric NO2
concentrations in North Korea. The Chinese contribution to the NO2 concen-
tration in North Korea is at least 20%. Due to predominant northwest winds,
they originate mainly from emissions in Liaoning province, were the city of
Shenyang is a strong source. South Korea contributes at least 7%, mainly
originating from the Seoul area, which is located close to the border. Con-
tribution of international shipping accounts for at least 5.3%. The remaining
part (45%) of the observed concentrations is mainly a background concentra-
tion originating from NOx emitted earlier than 24 h before detection time,
corresponding to b̄R in equation (5.7). Because it is unknown how its origin

109



CHAPTER 5. NOX EMISSION TRENDS IN EAST ASIA

North Korea

0.0

0.5

1.0

1.5

2.0

2.5

3.0

tr
o
p
. 
N

O
2
 c

o
lu

m
n
  
[1

0
1

5
 m

o
le

c
./
c
m

2
]

0.00

0.05

0.10

0.15

0.20

0.25

0.30

N
O

x
 e

m
is

s
io

n
  
[1

0
1

5
 m

o
le

c
./
c
m

2
/h

]

winter
2007

summer
2007

winter
2008

summer
2008

winter
2009

summer
2009

winter
2010

summer
2010

North Korea South Korea China Sea Other

South Korea

0

5

10

15

20

tr
o
p
. 
N

O
2
 c

o
lu

m
n
  
[1

0
1
5
 m

o
le

c
./
c
m

2
]

0.0

0.5

1.0

1.5

2.0

N
O

x
 e

m
is

s
io

n
  
[1

0
1
5
 m

o
le

c
./
c
m

2
/h

]

winter
2007

summer
2007

winter
2008

summer
2008

winter
2009

summer
2009

winter
2010

summer
2010

South Korea North Korea China Sea Other

Beijing province

0

10

20

30

40

50

tr
o
p
. 
N

O
2
 c

o
lu

m
n
  
[1

0
1
5
 m

o
le

c
./
c
m

2
]

0

1

2

3

4

5
N

O
x
 e

m
is

s
io

n
  
[1

0
1
5
 m

o
le

c
./
c
m

2
/h

]

winter
2007

summer
2007

winter
2008

summer
2008

winter
2009

summer
2009

winter
2010

summer
2010

Beijing Hebei Tianjin Other China Other

Figure 5.5: Mean quarterly tropospheric NO2 concentrations over North Korea, South
Korea and Beijing province, divided by their origin. In red the monthly emission
estimates are shown.
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is distributed over the different source areas, the above-mentioned fractions
are lower limit values.

Based on the 9 year dataset of tropospheric NO2 retrievals from SCIA-
MACHY between 2002 to 2011, Schneider and Van der A [2012] find a relat-
ive trend of 5–15%/yr over North Korea. Given the very low anthropogenic
emissions in this country, this concentration trend is most probably due to
increased emissions in neighbouring China.

5.5.2 South Korea

NOx emissions in South Korea are 8–10 times higher than in North Korea,
and have maxima in wintertime (apart from 2010). From 2008 onward they
show a downward trend of 5.7%/year, related to economic recession. Local
emissions contribute at least 70% to tropospheric NO2. Contributions from
China account for only 1–2%, which is less than in North Korea in both
relative and absolute sense. Winds also transport NO2 from shipping into
South Korea, which accounts for at least 7% of the average tropospheric NO2
concentration.

5.5.3 Beijing province

On average, 39% of its tropospheric NO2 originates from local emissions,
and has an age less than 24 h. Because of the relative small size of Beijing
province, large part of its NO2 is emitted elsewhere. At least 22% and 5%
come from its neighbouring provinces Hebei and Tianjin. 12% of Beijing’s
NO2 is imported from more remote provinces. The average concentration
shows a remarkable dip in summer 2008, related to the air quality measures
taken for the Beijing Olympic Games. Compared with summer 2007, NO2
concentrations dropped 38%. Contributions by local emissions dropped 45%,
while NO2 due to emissions in Hebei, Tianjin, and other provinces dropped
38%, 42%, and 32%, respectively. Compared to the previous summer, the
emissions in Beijing were however reduced by only 19% (a 7% reduction in
Tianjin, and a 6% increase in Hebei), showing that an important part of the
improvement in air quality (in terms of NO2) was also due to favourable
meteorological conditions. In the months after the events Beijing emissions
start to rise steadily to reach a new record value in March 2010 (122 Gg N/yr).

5.6 Conclusions

The DECSO estimates for 2007 agree well with the bottom-up inventories of
EDGAR v4.2 for 2007 and INTEX-B for 2006, which gives confidence in the
algorithm. The DECSO estimates for 2010 are significantly higher for most
provinces than the INTEX-B and EDGAR inventories, showing the need to
update emission inventories in China on a regular basis.

Largest NOx emitting provinces are clustered in northeast China: Shan-
dong, Hebei, Shanxi, Jiangsu, followed by Guangdong in south China. Apart
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from Shanghai, all provinces of mainland China show positive trends for
2007–2010, due to the country’s economic development. Yearly emission grow-
ing rates over 17% are found in Beijing, Shaanxi, Sichuan, Mongolia, Hebei,
and Tianjin.

Probably due to air quality measures and the economic crisis, Japan and
South Korea, show a negative relative trend of 8.6%/yr for Japanese Kyushu
island, and 5.7%/yr for South Korea, taking 2007 as the reference year.

The seasonality of the emissions show that anthropogenic emissions dom-
inate in most Chinese provinces and peripheral countries. Emissions in Mon-
golia and Inner Mongolia, however, show a mixed anthropogenic and bio-
genic signature. The opposite seasonality can be used for an estimation of
the separate contributions. In 2007, soil emissions contribute to 51% and 19%
of the total NOx emissions in Mongolia and Inner Mongolia, respectively.

Emissions in North Korea are overestimated by bottom-up inventories. The
relatively high NO2 concentrations over the country cannot be explained
by its own NOx emissions. A significant part originates from emissions in
China and South Korea. The North Korean situation is a showcase of cross-
boundary air pollution, and shows the importance of taking into account the
transport of trace gases in emission estimate algorithms studies.

NO2 concentrations in South Korea are largely produced locally on land,
although at least 7.6% is originating from emissions at sea by ships.

Although Beijing produces large NOx emission by itself, at least 22% and
5.4% of the NO2 concentration is coming from neighbouring provinces Hebei
and Tianjin. During the summer of the 2008 Olympic Games the mean NO2
concentration over Beijing was reduced by 38% with respect to the summer
of 2007. The emissions in Beijing were however reduced by 19%, showing
that an important part of the improvement in air quality (in terms of NO2)
was also due to favourable meteorological conditions.
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Chapter 6

Closing remarks and outlook

6.1 Continuation of Earth observation missions

Monitoring trends in atmospheric composition and emissions from space,
for example with the techniques presented in this thesis, relies on an unin-
terrupted data supply. However, satellite missions are usually guaranteed for
5–7 years only. Within this lifespan, the satellite and its instruments degrade
because of the harsh space environment, or it runs out of fuel needed for es-
sential orbital correction maneuvers. To prevent data gaps, it is important to
renew satellite missions on a regular basis. Due to strong efforts of scientists
and a growing realisation of the importance of Earth-observation satellites
for the well-being of society, a program for future satellite missions has been
developed.

The GOME-2 mission will be extended by the launch of the METOP-B
satellite, expected in September 2012, which carries a copy of the GOME-
2 instrument. METOP-C (with a third GOME-2 instrument) is planned for
launch in 2016.

The successor of the SCIAMACHY and the OMI instrument will be the
Tropospheric Monitoring Instrument (TROPOMI), a Dutch initiative, sched-
uled for launch on ESA’s Sentinel 5 Precursor (S5P) in 2015. Like the OMI
instrument, it will be launched in a sun-synchronous orbit with an overpass
of 13:30 local solar time. It has an improved footprint resolution of 7×7 km2,
which will be unprecedented. Its swath width of 2600 km guarantees daily
global coverage. Apart from an UV/VIS channel of 270–500 nm (for retrievals
of O3, NO2, SO2, CH2O, BrO), it has a near infrared channel at 675–775 nm
for retrieval of cloud parameters in the Oxygen-A band, and a short-wave
infrared channel at 2305–2385 nm enabling retrievals of CO and CH4.

From 2019 onward, ESA’s Sentinel 4 instrument is projected for hyperspec-
tral measurements from a geostationary orbit, while from 2020 onward ESA’s
Sentinel 5 is foreseen as a follow-up of TROPOMI/S5P.
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6.2 Ozone profiles and tropospheric ozone

The study on ozone profile retrievals in Chapter 2 shows that the conver-
gence behaviour of an ozone profile retrieval algorithm is a powerful tool
to test its global performance. We addressed retrieval problems of the OP-
ERA algorithm related to the Southern Atlantic Anomaly, low cloud frac-
tions, ozone cross-sections. By selecting an adequate a priori profile a better
balance can be made between the degrees of freedom (i.e. the amount of
independent information provided from the spectral measurement) and the
convergence rate of the retrievals.

Most algorithm improvements and recommended algorithm settings were
used in the CHEOPS project of the European Space Agency (ESA), in which
a reanalysis was made of all ozone profiles from observations of the GOME
mission between 1996 and 2001. The algorithm performance was evaluated in
order to prepare for operational use in the ozone satellite application facility
(O3M SAF) at the European Organisation for the Exploitation of Meteorolo-
gical Satellites (EUMETSAT). The O3M SAF uses the OPERA algorithm for
near real-time ozone profile retrievals of the GOME-2 instrument.

Apart from giving insight in the dynamics of stratospheric ozone, ozone
profile retrievals contain information on tropospheric ozone (e.g. Liu et al.
[2005]). However, retrieval of ozone in the lowest atmospheric levels from
space is very challenging, due to its weak signal compared to the signal from
the ozone layer. It is however of great importance, because ozone in the low-
est atmosphere is an important air pollutant: high ozone concentrations at
the surface threaten the health of living beings and vegetation. Furthermore,
tropospheric ozone contributes significantly to global warming, although its
exact contribution to radiative forcing is still highly uncertain [Solomon et al.,
2007], and must be established with further research.

Several approaches to retrieve a tropospheric ozone column (TOC) have
been developed and are being evaluated, but currently it is not clear yet
which method will be most useful. For the tropics, a cloud slicing tech-
nique can be used [Ziemke et al., 1998; Valks et al., 2003]. Tropospheric
ozone is calculated by taking the total ozone column from UV/VIS at a
cloud-free scene and subtracting from this a nearby measurement of total
ozone at a fully clouded scene. Interpretation of TOC retrievals outside the
tropics is more complicated because extratropical weather systems increase
stratosphere-troposphere exchange of air masses, which result in tropospheric
columns containing ozone from both ozone layer and surface emissions.

Other methods can be divided mostly in an ozone profile retrieval ap-
proach, or a combined retrieval/data assimilation approach. Ozone profile
retrievals in the UV/VIS, such as by OPERA, usually contain little inform-
ation on ozone in the troposphere, and almost none on ozone close to the
surface. A way to increase sensitivity to tropospheric ozone is to combine the
UV/VIS retrieval with a simultaneous retrieval in the thermal IR. Worden
et al. [2007] show that combined retrievals from the OMI (UV/VIS) and TES
(IR) instruments allows for a substantial improvement in the vertical resolu-
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tion of ozone estimates in the boundary layer as well as the free troposphere.
In a combined retrieval/data assimilation approach, ozone profile retriev-

als are assimilated in a global chemical transport model to better resolve
ozone features in the upper troposphere / lower stratosphere. The TOC is
obtained by subtracting the assimilated stratospheric field from the retrieved
total column (e.g. Schoeberl et al. [2007]). Because this involves subtraction
of two numbers of about the same magnitude, evaluation of the exact strato-
spheric column and the tropopause height is very important.

6.3 Improving air quality forecasting in China

The CHIMERE model in Chapter 3 has been adjusted for application in
East China as part of the Air Quality Monitoring and Forecasting in China
(AMFIC) project, which was funded by the 6th Framework Programme for
Research and Technological Development by the European Union, and was
included in the DRAGON cooperation programme initiated by ESA and
the Ministry of Science and Technology of China. The model provides a
daily updated air quality forecast for selected Chinese metropolitan areas,
based on a five day meteorological forecast from the ECMWF, available via
http://www.amfic.eu/bulletin.

Errors in the concentration calculation originate from propagated errors in
the input data (meteorology, emissions, boundary and initial conditions), or
originate from the model itself. CHIMERE has been primarily designed for
use in Europe, and show good validation results in studies by e.g. Vautard
et al. [2006], and Blond et al. [2007]. However, magnitude and causes of model
errors may be regional and time dependent, which complicates transferring
these findings to the Chinese domain.

Validating the model performance in its Chinese setting has been complic-
ated by very limited access to ground measurements. A first validation effort,
e.g. in Figure 3.4 for Beijing, shows good agreement in the capacity to repro-
duce relative day-to-day variation in NO2 and PM10 surface concentrations.
Absolute agreement can be improved considerably when daily satellite obser-
vations of tropospheric NO2 columns are used to update the NOx emission
inventory with the DECSO algorithm, see Figure 4.13. After the spin-up time
of the assimilation method, the relative model error can be estimated from
the statistics of the observation minus forecast, see equations (4.24)–(4.28).
For the East Asian model domain this is 45% on average, for overpass times
of both GOME-2 and OMI.

Comparison of the diurnal cycle of surface concentrations with observa-
tions in Beijing by Wang et al. [2008] shows a good correspondence at day-
time, but a strong overestimation of simulated nighttime concentrations. Lampe
[2009] attributes this effect to an underestimation of nighttime boundary
heights derived from meteorological parameters, combined with underestim-
ated vertical diffusion coefficients Kz. This prevents the dilution of emitted
plumes by mixing in higher atmospheric layers. The strong underestimation
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of nighttime PBL height is also noted by Lin et al. [2012], using the GEOS-
Chem CTM for East China, driven by meteorology from GEOS-5.

The assumptions made by adjusting the CHIMERE model from its European
domain to East China are described in detail in Section 3.3, and might be
a source of errors, apart from an incorrect emission inventory. The diurnal
and weekly emission cycles have been copied from the European version,
after shifting in time to compensate for the time difference. The sectors of the
INTEX-B emission inventory have been redistributed over the SNAP 97 emis-
sion sectors that are used in the original version. The landuse data is taken
from the GLCF database, compiled from earth observation data in 1981–1994,
which might not represent the current urban and built areas in East China.

Another important source of errors might originate in the chemical reaction
schemes. Not all chemical processes in China, typically under high pollutant
concentrations and high aerosol loadings, are well understood. Recently dis-
covered reaction branches, such as (R29) in Chapter 1, might be an important
sink for NOx under certain conditions.

The performance of the system is expected to improve considerably by up-
dating the model from the 2006 version to the latest 2011 version, especially
if it will be combined with a parametrisation of desert dust for this part of
Asia. The performance will improve further when combined with an oper-
ational DECSO algorithm to produce regular updates of the NOx emission
inventory for East China.

To get a better insight in the quality of the air quality forecasts, a more
elaborate validation study is necessary against recent ground measurements
of NO2, O3, CO, PM2.5 and PM10. This will be done in cooperation with pro-
ject partners of the current DRAGON-3 programme. All these efforts will
result in an improved air quality forecast service for a region where air pol-
lution is a serious issue, affecting the health of many people, but where this
information is not always available.

6.4 Emission estimates of short-lived trace gases from space

An important development in the use of satellite data is its use in emission
estimation of trace gases. The challenge is to find a method which is able
to estimate emissions on a high spatial resolution (where transport issues
cannot be neglected), and which is sufficiently fast for application in opera-
tional air quality forecasting. The DECSO algorithm, presented in Chapter 4,
is specifically designed to use daily satellite observations for fast updates
of emission estimates of short-lived atmospheric constituents. Using traject-
ory analysis, it accounts for transport away from the source. It has been de-
veloped within the DRAGON-2 programme and the GlobEmission project,
part of the Data User Element programme of ESA.

As shown in Chapter 4, the DECSO algorithm is able to pick up new emer-
ging emission sources such as power plants, and sources which are not ac-
counted for in the a priori inventory such as ship tracks. Chapter 5 shows that
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yearly emission totals by the DECSO algorithm compare well with bottom-
up inventories from INTEX-B and EDGAR v4.2. Sparse availability of local
data complicates extended validation of the emission estimates. Further as-
sessment of the quality of the emission estimates is however necessary.

The quality of NOx emission estimates from space depends on the quality
of the tropospheric NO2 satellite retrievals, the ability of the chemical trans-
port model to reproduce the tropospheric NO2 column at satellite overpass
time, and the quality of the inversion algorithm. These three issues are ad-
dressed below.

6.4.1 Tropospheric NO2 satellite retrievals

The results in Chapter 4 and 5 are based on satellite retrievals by the DOM-
INO version 2 algorithm [Boersma et al., 2011]. Compared to previous ver-
sions, the main improvements are in the calculation of the air mass factors,
through improved radiative transfer modelling, the use of high-resolution
data on terrain height and surface albedo, and better a priori NO2 profiles.
The new surface albedo has also been implemented in the cloud retrievals,
ensuring consistency between the cloud and NO2 retrievals. Over large pol-
luted areas, version 2 tropospheric NO2 columns are generally reduced by
10–20% relative to previous versions (see e.g. Figure 1.2). Locally, differences
in retrievals may be higher as a result of the higher resolution terrain height
and albedo maps.

Section 4.5.2 showed the importance of satellite footprint on the resolution
of the emission estimates. Large footprints tend to smear out the emissions
over the grid, decreasing the effective spatial resolution of the estimates. The
high resolution of the NO2 retrievals of the future TROPOMI mission will
therefore enable a better spatial resolution of emission estimates from space.

6.4.2 Biases in simulated tropospheric NO2

In most emission inversion algorithms, a chemical transport model is needed
to interpret the relation between space-retrieved trace gas concentrations and
their underlying emissions. To further improve emission estimates by the
DECSO algorithm, the used CTM should be tested for biases in the concen-
tration simulation at satellite overpass time. Biases in the simulated concen-
trations have important consequences on the derived emission estimates. For
example, if the model systematically underestimates NO2 column concen-
trations, the inversion algorithm will overestimate NOx emissions to com-
pensate for the difference with observed concentrations. Lin et al. [2012] as-
sess the uncertainties of the GEOS-Chem model by investigating the sensit-
ivity of simulated NO2 columns at satellite overpass time to various met-
eorological and chemical parameters. At OMI overpass time (13 h), their
model setup underestimates tropospheric NO2 by 22% in July and by 10%
in January, mainly due to systematic errors in the cloud optical depth (which
affects photolysis rates), and underestimation of the uptake of HO2 on aero-
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sols (which affects NO2 lifetime). In Europe, CHIMERE has also a larger bias
with OMI observations in summer than in winter, as shown by Huijnen et al.
[2010]. These model errors could introduce a false seasonality in the emission
estimates, with positive biases at a maximum during summer.

6.4.3 Improving the DECSO emission inversion

The third factor that determines the quality of the emission estimates is the
inversion algorithm itself. Although part of the emission errors originate from
methodological errors that are inherent to the assumptions being made in the
DECSO algorithm, there are still many challenges to improve the results. For
example, smaller time steps in the discrete evaluation of the integral equa-
tions will reduce numerical errors. Also the dispersion of the emitted plume
will be better sampled if more trajectory calculations are used, resulting in
more accurate emission/concentration relations. However, more computa-
tional power is needed for these refinements, although computational time
might be kept under control by switching to parallelisation of the computer
code.

The influence of the assumptions on the diurnal and weekly cycle on emis-
sion estimates was tested by replacing them by flat emission rates. Differences
in emission totals are negligible in wintertime, and increase a few percent in
summertime, well within in the accepted tolerance.

Incorrect effective lifetimes could be another important source of error. As
an alternative, we calculated lifetimes using a model run were horizontal
transport is disabled, which confines trace gases to their grid column. Equa-
tion (4.10) was used to find the lifetime which connects the simulated concen-
trations to the emissions. Emission estimates based on this lifetimes calcula-
tion, however, did not change significantly from the results based on lifetime
calculations described in Section 4.8.

The inversion scheme could be refined. After the evaluation of the emission
update, a rerun of the CTM could be considered, based on the new emissions.
This would result in a better calculation of the initial concentration fields,
which are used in the consecutive inversion. It reduces the emission response
time, which can be of importance when studying strong emission changes on
short time scales. Another way to reduce this lag is to increase the assumed
emission error growth between two assimilation moments, described by cov-
ariance matrix Q in the Kalman equations. The emission estimates, however,
will become more susceptible to observational noise.

Emission updates

Emission estimates from space give only information on the total emissions
for a certain region. The DECSO algorithm must make assumptions on how
this total is used to update the entire emission inventory (see Section 4.4.5).
Without extra information on the diurnal emission cycle it is hard to know
which part of the emissions can be attributed to biogenic and anthropogenic
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activity, and how the emissions are distributed over different anthropogenic
sectors.

At the moment, emission estimates over sea are attributed to anthropogenic
activity with a distinct diurnal cycle, while shipping emissions are likely
to be constant during the day. Introducing a flat daily emission scheme for
emissions found over water would improve the capability of the algorithm to
constrain shipping emissions.

So far, DECSO assumes that all trace gases are emitted at the surface.
Strong hot spots such as power plants, however, inject their emissions via
long chimney pipes in higher atmospheric layers. The thermal convection
of the plume further increase the effective injection height. The different
(usually stronger) winds at these altitudes cause different plume dispersion,
which affects an accurate estimation of both location and strength of the emis-
sion source. An improved emission update scheme should use additional in-
formation on power plants and heavy industry to improve assumptions on
emission heights.

Finally, when anthropogenic NOx emissions change for a certain region,
it is likely that related species such as VOCs and particulate matter change
accordingly. The abundance of these emissions relative to each other is of
great importance for the tropospheric ozone production (see Section 1.2.2).
Validation studies on the forecast skill of tropospheric ozone can be of help
to decide which emission update scheme for related species is most realistic.

6.5 Future applications of the DECSO algorithm

Emission estimates from space provide valuable information on NOx emis-
sion. In the first place, the updated NOx emission inventory results in im-
proved air quality forecasting (Section 4.6.3) for tropospheric NO2. Because
the algorithm updates the emissions by adding, instead of by scaling exist-
ing emissions, it also constrains badly known NOx budgets from e.g. ship-
ping emissions and soil emissions. Its fast daily update of emission estim-
ates makes the algorithm suitable for monitoring and quantifying infrequent
emission events such as forest fires. In Chapter 5, the algorithm is used to
construct a long time series of emissions in East China. Trend studies of
emissions can be used to assess the environmental impact of socio-economic
events (such as economic growth). The emission changes might even be used
to quantify these events. Finally, as shown in Section 5.5, it can be used to
assess source-receptor analysis of short-lived air pollutants.

Apart from NOx, the DECSO algorithm can be used for other short-lived
trace gases such as sulphur dioxide (SO2) and formaldehyde (CH2O). Also,
the algorithm can be implemented relatively easy for other CTMs, and for
other regions. For the GlobEmission project, the algorithm will be used to
estimate emissions in India and South-Africa — two other regions where
emissions change rapidly and current emission inventories are uncertain.
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Summary

Satellite observations of ozone and nitrogen dioxide: from
retrievals to emission estimates

In the last decades, measurements of atmospheric composition from satellites
have become very important for scientific research as well as applications for
monitoring and forecasting the state of the atmosphere. Instruments such
as GOME-2, and OMI look at backscattered sunlight in nadir view, meas-
uring the ultraviolet and visible spectrum in high resolution. Launched in
a sun-synchronous orbit at ∼800 km altitude, they scan the Earth’s surface
daily in 14–15 orbits, providing a homogeneous dataset with (almost) daily
global coverage. Combining the spectral measurements with radiative trans-
port models, concentrations can be inferred for important trace gases such as
ozone (O3) and nitrogen dioxide (NO2). Chemical transport models can be
used to calculate the strength and location of the underlying emissions. Long
time series of satellite retrievals give insight on how human activity contrib-
utes to changes of atmospheric composition, affecting health and climate.

Information in the vertical distribution of ozone can be retrieved from the
sharp decrease in the ozone absorption cross-section in the ultraviolet spec-
trum. Chapter 2 deals with the question how the performance of the ozone
profile retrieval algorithm (OPERA) can be improved. To produce consistent
global datasets, the algorithm needs to have good global performance, while
short computation time facilitates the use of the algorithm in near real time
applications. Because the retrieval is ill-posed (in the sense that many profiles
give similar simulated spectra within the measurement errors), the solution
depends on a priori (climatological) ozone profiles. The non-linearity of the
problem asks for an iteration scheme to find the best fitting solution nu-
merically. We use the convergence behaviour of the iteration as a diagnostic
tool for the ozone profile retrievals from the GOME instrument for Febru-
ary and October 1998. In this way, we reveal several retrieval problems of
different origin, and we improve issues related to the Southern Atlantic An-
omaly, low cloud fractions e.g. above deserts, and ozone cross sections. The
a priori ozone climatology and its associated variability is also an important
source for retrieval problems. By using a priori ozone profiles that are selec-
ted on the expected total ozone column, retrieval problems due to anomalous
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ozone distributions (such as in the ozone hole) can be avoided. Applying the
algorithm adaptations improve the convergence statistics considerably, not
only increasing the number of successful retrievals, but also reducing the
average computation time, due to less iteration steps per retrieval. For Febru-
ary 1998, non-convergence was brought down from 10.7% to 2.1%, while the
mean number of iteration steps (which dominates the computational time)
dropped 26% from 5.11 to 3.79.

Total nitrogen dioxide columns can be retrieved from space in the 405–465 nm
window, but the NO2 spectrum does not contain any significant height in-
formation. Instead, data assimilation techniques can be used to distinguish
the tropospheric part from the stratospheric part, which gives valuable in-
formation of NO2 in the lowest part of the atmosphere. Here it acts as an air
pollutant, often from man-made origin. The case study in Chapter 3 evalu-
ates how NO2 air pollution can be controlled with air quality measures. Due
to strong economic growth in the last decades, air pollution in large Chinese
megacities has become a serious issue. In preparation for the Olympic Games
in Beijing in 2008, extensive air quality measures were taken to improve air
quality during the event, affecting traffic, industry and power production.
We evaluate the effect of the air quality measures on reducing air pollution,
by analysing the tropospheric NO2 retrievals over the greater Beijing area
before, during and after the Olympic Games. To compensate for the strong
variability due to meteorology, we compare the observations with model sim-
ulations from the regional chemistry transport model CHIMERE based on a
pre-Olympic emission inventory. The relative change between observation
and simulation shows that the measures caused a reduction of tropospheric
NO2 column concentrations of approximately 60% above Beijing during the
Olympic period. The air quality measures were especially effective in the
Beijing area, but also noticeable in surrounding cities of Tianjin (30% reduc-
tion) and Shijiazhuang (20% reduction). In the months after the Olympic
events, NOx emissions in Beijing show a slow recovery towards pre-Olympic
levels.

In a next step, we use the difference between NO2 observations and simu-
lations to adjust the emission inventory used by the model. Emission invent-
ories of air pollutants are crucial information for policy makers and form
important input data for air quality models. Chapter 4 presents a new al-
gorithm specifically designed to use daily satellite observations of column
concentrations for fast updates of emission estimates of short-lived atmo-
spheric constituents on a mesoscopic scale (∼25×25 km2). The algorithm
needs only one forward model run from a chemical transport model to cal-
culate the sensitivity of concentration to emission, using trajectory analysis
to account for transport away from the source. By using a Kalman filter in
the inverse step, optimal use of the a priori knowledge and the newly ob-
served data is made. We apply the algorithm for NOx emission estimates of
East China, using the CHIMERE model on a 0.25 degree resolution together

134



with tropospheric NO2 column retrievals of the OMI and GOME-2 satellite
instruments. Closed loop tests show that the algorithm is capable of reprodu-
cing new emission scenarios. Applied with real satellite data, the algorithm is
able to detect emerging sources (e.g. new power plants), and improves emis-
sion information for areas where proxy data are not or badly known (e.g.
shipping emissions). It is shown that chemical transport model runs with the
daily updated emission estimates provide better spatial and temporal agree-
ment between observed and simulated NO2 concentrations, which facilitates
an improved air quality forecast for East China.

Monthly emission estimates give valuable insight in changing biogenic and
anthropogenic activity. In Chapter 5, the emission estimation algorithm is
used to construct a monthly NOx emission time series for 2007–2010 from
tropospheric NO2 observations of GOME-2 over East Asia. Most Chinese
provinces show a strong positive trend during this period, related to the
country’s economic development. Negative emission trends are found in Ja-
pan and South Korea, which can be attributed to a combined effect of local
environmental policy and global economic crises. The algorithm is also used
to quantify the direct effect of regional NOx emissions on tropospheric NO2
concentrations elsewhere. Due to transport of air pollution, high NOx emis-
sions not only affect local air quality, but also contribute significantly to tro-
pospheric NO2 in remote downwind areas.
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