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Abstract. With the increasing availability of observational ways”. General temporal trends which were also part of our
data from different sources at a global level, joint analysismodel — weekly, seasonal and linear changes — showed to be
of these data is becoming especially attractive. For such am good agreement with previous studies and alternative ways
analysis — oftentimes with little prior knowledge about local of analysing the time series. Overall, using a non-parametric
and global interactions between the different observationamodel provided favorable means for a rapid inspection of this
variables at hand — an exploratory, data-driven analysis ofarge spatio-temporal Nfdata set, with less bias than para-
the data may be of particular relevance. metric approaches, and allowing to visualize dynamical pro-
In the present work we used generalized additive modelsesses of the N&distribution at a global scale.
(GAM) in an exemplary study of spatio-temporal patterns
in the tropospheric N@distribution derived from GOME
satellite observations (1996 to 2001) at global scale. We1 |ntroduction
focused on identifying correlations between Nénd local
wind fields, a quantity which is of particular interest in the Nitrogen oxides — NO and N£) often referred to as NO-
analysis of spatio-temporal interactions. Formulating generabelong to the most important atmospheric pollutants, MO
functional, parametric relationships between the observegoisonous by inhalation/Norld Health Organizationr2005
NO, distribution and local wind fields, however, is diffi- and NG plays an important role in the atmospheric ozone
cult — if not impossible. So, rather than following a model- budget §acob 1999 Seinfeld and Pandjsl997. NOx is
based analysis testing the data for predefined hypotheses (asfluencing chemical and biological processes both locally
suming, for example, sinusoidal seasonal trends), we used @Jno et al, 1996 Wakamatsu et al.1998 and globally
GAM with non-parametric model terms to learn this func- (Stohl et al, 2003 Wenig et al, 2003, and its occurrence
tional relationship between NCand wind directly from the s closely related to human activities. Tropospheric,N&a
data. major contributor to tropospheric ozone smog in urban areas,
The NGO observations showed to be affected by wind- and even at a global scale a disproportionally high amount of
dominated processes over large areas. We estimated the ethe NG, originates from anthropogenic sourcéliier et
tent of areas affected by specific N®mission sources, and al., 199Q Seinfeld and Pandid997).
were able to highlight likely atmospheric transport “path-  With space-borne instruments, such as the Global Ozone
Monitoring Experiment (GOME), global time series of NO
and other tropospheric trace gases are becoming increas-
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1999 Bovensmann et gl1999 Wagner et a].2008 Leue et  tinuous point sources like power plants or individual cities.
al., 2001 Richter and Burrows2002 Martin et al, 2002 Such regions are characterized by strong fluctuations of the
Beirle et al, 2003 Beirle, 2004ab; Boersma et a/.2004 tropospheric N@ concentration, which can easily be visu-
2008 2009. Also, with an increasing amount of observa- alized by forming the ratio of the standard deviation and its
tions from other space-borne sensors and high level productsounterpart from robust statistics — the median of absolute
derived from them, such as global 3-dimensional wind fields,deviation — of the time series of the observed tropospheric
the joint analysis of observational data from multiple sourcesNO». High values of this ratio are, for example, found close
is becoming more and more attractive. Here, an exploratoryto Hong Kong and Johannesburg (see Fig. 1), indicating that
data-driven analysis of the remote sensing data may be ofew observations contributing to large part to the overall ob-
particular interest, since only a little prior knowledge about served NQ, and suggesting that these events might be due to
local and global interactions between the different observawind-related transport from the nearby sources. So, focusing
tional variables may be available for specific questions of in-on these prominent examples may allow us to understand the
terest. contribution of local transport processes to the observeg NO

A number of earlier studies focused on different tempo- distributions.
ral patterns in global N@observations. Examples are the  In our study, we used data derived from the GOME instru-
weekly cycle found to correlate well with anthropogenic ment on board the ERS-2 satellite, which provided one of the
sources Beirle et al, 2003 and the analysis of long term longest global records on tropospheric N@bservations at
trends and seasonal cycleRighter et al. 2005 van der A the beginning of our work. (Meanwhile also SCIAMACHY
et al, 2006 2008 Stavrakou et a].2008. All these stud-  on board ENVISAT and OMI on board AURA may provide
ies used parametric models for the seasonal variation of théime series of similar lengths, with even better spatial reso-
temporal trends and ad hoc extensions, e.g. averaging thigition and/or coverage.) In the following we will detail on
residual over monthly windowdgirle, 20041. GOME and the satellite data used (Set)t.and the gener-

In the present study we followed a different approach andalized additive model adapted to our task (S8gt.We will
used a generalized additive model (GAM) to analyze spatiopresent global maps of spatial and temporal trends from the
temporal dynamics of the observed Nid a non-parametric  application of the model to the GOME data, and discuss the
fashion Hastie and Tibshiran1986 Wood, 2006. In addi- influence of the local wind field on the NQGrace gas dynam-
tion to a parametric linear trend and a discrete weekly cyclejcs observed (Sect).
we used non-parametric terms for annual cycles and another
non-parametric term for the interaction of the observed NO
and the local wind fields. Our choice of this generalized ad-2 GOME instrument and data retrieval
ditive model was motivated by two different incentives:

) ) The GOME instrument is one of several instruments aboard

— Firstly, we test the data for temporal trends which are European research satellite ERSEurppean Space

more complex than the parametric formulations used SOagency 1995 Burrows et al, 1999. It consists of a set
far for global studies of trends in the N@istribution. of four spectrometers that simultaneously measure sunlight

— Secondly, the GAM allows us to approach the mode“ngscattered and reflected from the Earth’s atmosphere and

problem of the interaction of Ngand local wind, where ground in a total of 4096 spectral channels, covering the
no parametric relation had to be known. wavelength range between 240 and 790 nm, with moderate

spectral resolutions. While GOME was primarily designed
The alternative approach for modeling the dependence offor the observation of the ozone layer, many other trace
the wind direction, that consists of discretizing the wind di- gases can also be retrieved from the GOME spectra (sev-
rections, would decrease the angular resolution for this termeral of them for the first time from space, see &grrows
The same is true for the alternative of estimating monthlyet al, 1999. The satellite operates in a nearly polar, sun-
means instead of using the GAM for modeling the annualsynchronous orbit at an altitude of 780 km and crosses the
cycle. equator at approximately 10:30 local time. While the satel-
Non-parametric approaches are in common use to moddite orbits the Earth in an almost north-south direction, the
the time series of different trace gases to pursue, for exampleéGOME instrument scans the surface of the Earth in the per-
such tasks as identifying relationships between air pollutionpendicular east-west direction. During one scan, three in-

and public health@ominici et al, 2002 Smith et al, 1999, dividual ground pixels are observed, each covering an area
but also to increase the sensitivity in the monitoring of local of 320km east to west by 40km north to south. They
trace gas distribution\{drin et al, 2005 Kim et al,, 2005. lie side by side: a western, a center, and an eastern pixel.
We aimed at generalizing thelseal approaches for the anal- The Earth’s surface is totally covered within 3 days (pole-
ysis ofglobaltrace gas distributions. ward from about 79 latitude within 1 day). During this

In general, the influence of the wind component to thethree day orbital repetition pattern, the local equator cross-
observed NQ@ is particularly high close to strong and con- ing time varies by about 35 min. Over the considered period
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Fig. 1. Left: Mean tropospheric vertical column density (TVCD) of NQLOL® molec/cnf) around Johannesburg (top) and Hong Kong
(bottom). Right: Ratio of standard deviation over MAD (median absolute deviance) for the respective regions. The high ratios between the
two variability measures around the local minimum of the sources are consequences of transport processes. High values indicate that the
transport is dominated by relatively few, though large events.

(1996-2001), these patterns of equator crossing times stayedCD was estimated over a reference sector over the Pacific
constant. The ERS-2 repeat cycle of 35 days hast to be kegDcean and then subtracted from the total NJCD mea-
in mind for the analysis of the weekly cycle since this period sured at any location at the same latitude (see Risbter
is a multiple of one week (see Sedt3). and Burrows(2002). The difference was then used as the

In the raw spectra from GOME, the NQabsorption estimate of the tropospheric NGrertical column density,
around 430 nm was used and analyzed by differential opreferred to as N@ TVCD in the following. The data used
tical absorption spectroscopy (DOAS, sekatt and Stutz  in this study were from the period beginning on 17 January
(2008; Wagner et al(2008). Besides the N@cross sec- 1996 and ending on 31 December 2001. We re-sampled the
tion, also those for @ H,O, and the oxygen dimerfas data at a spatial resolution of &«8.5 degrees of latitude
well as a Ring spectrum were included in the analysis (forand longitude, respectively, with 0.5eing the approximate
details of the spectral analysis see alsue et al.(2007); north-south range of the scan. This may be a reasonable com-
Beirle (20043). Output of the DOAS analysis was the NO promise between obtaining high resolution maps and work-
slant column density (SCD), the NQconcentration inte-  ing with a resolution which can be supported by the satellite
grated along the atmospheric absorption path. data.

The vertical column density (VCD), the amount of
molecules in a vertical column, was calculated from the SCD2.1  Radiative transfer effects on the retrieval of tropo-
by means of a modeled Air Mass Factor (AMSolomon spheric NO; VCD
et al, 1987 Leue et al. 2001). For simplicity, we used
an AMF for a purely stratospheric Nzoncentration pro-  In contrast to higher layers of the atmosphere, the radiative
file (see Sect2.1and also discussion ibeue et al.(2002); transfer in the troposphere, especially in the boundary layer,
Velders et al(2001)). To obtain the tropospheric NO/CD is rather complex. The increased air density, and also the
from the total VCD, the stratospheric part of the total VCD higher probability for the presence of aerosols and clouds,
had to be subtracted. In this study the stratospherie NO cause many photons to be scattered more than once. In
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Table 1. The factor by which the retrieved tropospheric N@CD !eadmg Fo a smaller underestimation. Finally, the situation
has to be corrected, depending on the height of the pi@file and 1S complicated by the seasonal cycles of clouds and aerosols.
the solar zenith angle. Results are for cloud-free situations and ad© reduce this bias, we confined ourselves to use observa-

aerosol optical depth of 0.3. tions with an effective cloud fraction of less than 0.3. This
resulted in time series with an average length of about 400
SZA  0-200m 0-1000m 0-2000m data points per 0°5<0.5° grid box. Regarding the fact that

GOME's scannings reach global coverage after three days,

ég gi 52 ;'g an unfiltered time series of six years would have the approxi-
70 4'7 3'4 3'1 mate length of 730 data points at mid-latitudes. Hence about

half of the data were filtered out. The information about the
cloud fractions was also obtained from GOME observations
using the HICRU algorithmGrzegorski et a).200§. While
addition, the reflection and absorption at the surface becomeﬁart of the mentioned effects will cancel each other out, the
more important. Thus, knowledge on these parameters igffects of changing layer height and SZA, especially, will
required for the accurate determination of the tropospheriqead to a stronger underestimation of the true tropospheric
NO, VCD from the satellite observations. NO, VCD in winter.

In our study, we did not account for all of these effects |t should be noted that also due to the simple stratospheric
in detalil (instead we used a stratospheric AMF), because oforrections, components of the annual cycle of the strato-
several reasons. Firstly, the detailed consideration of thesgphere might be artificially transferred to the estimated tro-
parameters requires a huge effort, which we wanted to aVOidpospheric NQ@ TVCD, especially in the presence of longitu-

Secondly, accurate information on these parameters (espgfinal gradients of the stratospheric M@istributions.
cially on the vertical profiles of clouds, aerosols andJ\®

usually not available. Even if external information (e.g. from 2.2 Wwind data from ECMWE
chemical models) is used, systematic biases remain. Thirdly,

most of our results describe the relative variation of the ob-|n addition to the GOME N@ measurements, freely avail-
served tropospheric NO/CD. The relative variation of most  aple wind data of the European Center for Medium range
of the model components of our GAM — like weekly cycle, Weather Forecasting (ECMWF) were usé&d(lberg 2004).
linear trend, or wind direction (see below) — is not affected The resolution of the wind data is 2.5 degree in lati-
by this simplification. tude and longitude. They are temporally sampled every 6 h
We may expect, however, a systematic seasonal variatio(00:00, 06:00, 12:00, 18:00 UTC). Since the satellite crosses
of the parameters influencing the radiative transfer in the trothe equator at approximately 10:30 local time each orbit, de-
posphere. As a consequence, the retrieved seasonal cycle pénding on the longitude and latitude, the times of the satel-
the tropospheric NOVCD may not only contain the vari- lite observations and of the modeled data can deviate more or
ation of the tropospheric Nfoconcentrations, but also vari- |ess. In our eyes, in order to reduce the systematic differences
ations originating from parameters like the boundary layercaused by differences in the matches of the sampling peri-
height, or the surface albedo. ods of GOME data and wind data, applying the wind speeds
In order to give the reader an indication on the effect onaveraged over the last 24 h is a good compromise with the
the retrieved tropospheric NO/CD, we calculated correc- temporal resolution. Due to the rather low lifetime of tropo-
tion factors for different assumed profile heights and solarspheric N@Q, this selection should be well representative for
zenith angles (see Table 1). These correction factors are thine transport processes to the measurement location. We will
ratio of the stratospheric AMF (which was used in our study) leave the question of in what detail — in spatial and temporal
to the tropospheric AMF, for the different scenarios. The cor-resolution — the wind information should be used to study the
rection factors are between about 2 and 5. They describe thiateraction of wind and trace gas open for further studies.
underestimation of the true values by the retrieveNGD
in this study. The smallest underestimation occurs for high
layer altitude and low SZA. 3 The Generalized Additive Model
In contrast to the phenomena taking place at short time
scales (like weekly cycle, and wind influence) or long time The Generalized Additive Model (GAM) provides a gen-
scales (like linear trends), many atmospheric parametersral statistical framework to model the interaction between
change systematically with the season. Typically, the bounda specific feature of interegt and a set ofy (potentially)
ary layer height is larger in summer, thus the underestimaexplanatory variableX = X1, ..., X,. The methodology
tion is smaller. In addition, especially in the mid and high behind the GAM follows a data-driven, non-parametric ap-
latitudes, the solar zenith angle is smaller in summer, leadproach and has greater flexibility than traditional parametric
ing again to a smaller underestimation. In contrast, the surmodeling. The observablg is modeled as a superposition
face albedo in winter is more frequently affected by snow, of separate functiong; on the featureX;. Few restrictions
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apply to these, and either (linear) parametric models, or appropriate basis functions, since they fulfill periodic bound-
non-parametric smoothing function may be chosenfiar  ary conditions. The spline coefficients for the functifian
Certain constraints may apply %, such as cyclic boundary are found as follows: We look for the splirfgnn minimizing
conditions. This approach has two desirable features in the ,,

_explorat|0r_1 of Igrge, unstruc_:tured d_ata sets. Firstly, a GAM Z(yi — fann(@)? + A - / { é%n(t)}zdt )

is able to identify those variables; in X that are relevant ;=1

to Y, even in a large set of potential candidates. Secondly, a

NP .
GAM does not require the structural relationship betw&en W'th /i’ being the secpnd fjer|vat|ve ¢ anq_)» the.smooth—
and X to be defined right from the outset when using non- ing parameter governin in (2) for a specific spline repre-

parametric model terms, but is able to “learn” it from the sentatiorb. The latter formulag) can be presented in matrix

data, individually for each variablg;. Hence their use might notation:

be indicated when no prior knowledge about the relationship y o)

is available, and one would like the data to “suggest” the ap- H (0) <ﬁL ) B
propriate functional form; or when the functional form is ex-

pected to be complex — with threshold effects or other non-with (O);; = (b;(#;)) building the model matrix and
linearities — and cannot easily be represented in a parametriguilding the Cholesky factor of the covariance matrix
model. (L'Lyij =@ = fbl/./(t)b;./(t)dt. The parameterg min-

In the analysis of the global distribution of NQour mod-  imizing this expression can be found in several ways, e.g.
eled observabl®), we were interested in characterizing the
structural relationship between NGnd the signal of se-
lected relevant feature¥; — representing temporal cycles of using iterative approaches.

2

(4)

. " e
using QR-decomposition of the system mat<|>§/xL), or

predefined length, or the aforementioned wind fields. The smoothing parameterallows us to trade the fit-error
from overfitting the noise in the available observations (first
3.1 Learning the structural relationship term in 3), which results in a rough functiorfan, with

the model-errorfann from an unrealistic, overly strongly
Assume we have for a given location a time series ohea- smoothed spline (second term3). It is adjusted to min-
surements of available —in our case a set of approximately imize the sum of both fit- and model-error i8)(— the ex-
300-700 observations of NQaken in the time from 1996 pected prediction error — using generalized cross-validation
to 2001 — which can be represented by a vegtof length  (GCV)(Craven and Wahhd979. Next to the GCV method,
m, i.e. withy € R™. The number of available observations there exist several more methods for the selection of the
vary mainly because of two reasons: The first reason is thgmoothing parameters. Methods are listed, for example, in
cloud cover filtering, individual for each pixel. The second is the comparison study dfee (2003.
the spatially varying observational coverage, with the higher The minimization problem described witB)(and @) is
latitudes being more frequently visited by the satellite thanoptimal under the assumption that the residuatse inde-

equatorial regions. pendent realizations of a normally distributed random vari-
We assume that the measuremgatises from a true value able. For simplicity we assume this to be true for NQev-

n € R™, superposed by a measurement esrar R"™: ertheless, the GAM potentially allows us to use different dis-

tributional models for the model residuals — for example a

y=n+e. (1)  binomial distribution in a binary detection task, or a Poisson

distribution when measuring rare events (in accordance with
The true valuep can be, for example, the time course: McCullagh et al(1989 andWood(20089).
n= fann(t), wheret is the time of the year. In this cask, We can expand our model (1) and (2) by assuming the
stands for the seasonal timeWe chose to estimate the func- true valuey to be a superposition of several processes, repre-
tional form of fann from the data using a univariate spline sented by a set of functional terms
model which can be fitted to the data pairs of X, Y) under

the assumption of a sufficiently “smooth” behavior f, =ttt iy ®)
along time: The functions f; may depend on one variable
X; only, with f;=f;(X;) as a univariate func-
Sfann= Z Brbi(xj). (2) tion, or may depend on several variables, with
k fi=fiXi, X, X1, .. )1<iki<q:1<j<p- In the present

) ) ] o study we confined ourselves to univariate terms, and obtain
Spline basigbi} and spline coefficient§s;} have to be 5 model forx andy with p = 4.

either predefined (type and number of basis functibrs
or estimated from the data (spline coeffici¢fit}). Forthe y= fi(Xy)+...+ fp(X,) +¢ (6)
annual signalfann, trigonometric basis functions would be
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In the implementation of the “mgcv’ package importance of the tested model term by a p-vallieugen-
(Wood, 2006 used in our work (and available from burg and Heumanr2009. If predictions of the complete
cran.r-project.org ), fitting Eq. 6) is performed by  model are significantly better than the reduced model — mea-
optimizing Eq. @) individually for each model termy;, sured, for example, by a paired parametric t-téstifenburg
and iterating the procedure over all functional modgjs and Heumann2008, or a non-parametric Cox-Wilcoxon
until convergence — a procedure referred to as backfittingest (Toutenburg and Heuman2008 — the tested model
(Hastie and Tibshiranil986. The individual model terms term will be retained. If the reduced model outperforms the
f; are assumed to be additive. Furthermore, while thecomplete model, or does not differ significantly from the full
sum of the model terms, resulting from the backfitting model, the model term can be dropped. Providing a quan-
algorithm, is unique, the model terms themselves are notiitative score, the outcome of the test can also be used to
since dependence among the covariakes can lead to compare the relevance of a specific tefnfor the observa-
more than one representation for the same sttas{ie tionsY at different locations, and, hence, to map the local
and Tibshirani 1986: a seasonal model componefin, relevance of the different additive ternfs of the functional
modeling dependency on thEann = day in the year, model (Eq 6).
for example, would be assumed to be unrelated from the
effects a weekly trenghweek With Xweek = day in the week 3.3 Application to the spatio-temporal distributions of
would have onn, as would be the wind componerfing NO,
with Xwina = wind direction. We note that there are
little restrictions on the type of model components to
be used for the terms in Eg6)(— we could, for ex-
ample, easily introduce a rain componefitin that has
Xrain = amount of rainfall during last 24h as an
argument without any specific normalization &fain to
match the other argumenis .

The model used in the following consists of four terpfis
An additive constant, the linear trendfjin, =s-z (thus, from

a purist point of view, one might refer to our realization of
Eqg. ) also as a mixed model), the annual cyglgn, the
weekly cycle fweek, @and a componentying modeling the de-
pendence of the NOTVCD y = 5 + ¢ (see Eql) from the
wind directiong:

3.2 Model definition and identification of relevant func-
tional terms n=—+s-t+ fann(t mod 365 + fueer mod D+  (7)

Functionsf; of the structural relationship betwe&nandX; Juina(® (1))

in (6) can easily be estimated from the data in a nearly auto- \while the focus of our study is on the consideration of the
mated fashion: Optimizing Eq3) over; according to the  yind direction as a new influencing parameter, the other in-
cross-validated prediction error allows us to generate a larg@uencing parameters — linear trend, seasonal and weekly cy-
amount of hypotheses on the functional formf and 10 ¢le — have to be included in the study to ensure convergence.
test them accordinglw{ood, 2009. The more fundamental - Their influence on the TVCD was worked out in several stud-
definition of the additive model, however, i.e. the identifi- jo5 on these parameters (cited later in the subsections for
cation of the relevant predictors; and the specification of  the discussion of the results of the respective model terms),
the additive termg; in Eq. 6), will require some amount of  which partly include more complex data retrieval schemes
user-interaction: Although a concise model (Bwith few — and/or observations from sensors with higher spatial resolu-
explanatory featureX; is preferred over a model with t00 {jgn.

many predictors, it is possible to start with a model incor-  The annual cyclefannis modeled using smoothing splines
porating all available sources of information, and the maxi-ith periodic boundary conditions:

mal amount of available observablgs. After fitting such a

model, a visual inspection of the functional model terfps  fann(0) = fann(365), fann(0)=fann(365). (8)

will allow us to identify irrelevant parameteps; and a suc-
cessive optimization of the model (compare Fig. 2): A func-
tional termy;, which models an irrelevant variahlg, can be

The weekly cyclefweckis a discrete function of the day in
the week. Although each of the first three terms is a func-

removed and the set of potential explanatory featafesn tion of the time, we can assume independence between the

be reduced successively. An quantitative approach in sucl’?)(pl"j‘inir,‘g variables as we expept different processes to be
a recursive elimination of irrelevant terms in E@) s pro-  'esPonsible for changes at the time scalegigf fweekand
vided by an analysis of variance (ANOVA). This procedure Jfann The tefMfuing is a cyclic spline over the wind direction
compares predictions of a model including a specific term? With the additional border conditions:

fi, and prepllctlons 'of.a quel without .th|s term, for exam- ¢ . 1(0) = Find(2), fl J(O=fl (277 )

ple also using predictions in a generalized cross-validation.

A subsequent statistical test on the significance of the dif- Both information about wind direction and wind speed
ference between the two distributions allows us to score thavere available from the ECMWF wind data. For reasons
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a) TVCD time series b) Trend ¢) Annual cycle d) Weekly cycle e) Wind component
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Fig. 2. Examples of the GAM components for China, Central Australia, the North Sea, and the Po (@[ye original TVCD time series.
(b) The trend componen{c) The annual cycle(d) The weekly cycle(e) The wind component. The dots in (b—e) illustrate the individual
measurements corrected for all other GAM components. The numbers give thepSAaMes, indicating the significance of the respective
componentp-values below 1%. are considered as significant and marked in red.

of simplicity we confined ourselves to consider the direction variables (direction and magnitude of the wind). We leave
of the wind at the surface only. Of course, the wind speedthis as an extension for further studies.

and its vertical variation can also have an influence on the

observed N@ patterns, but using the wind direction at the

surface alone already has a strong influence on the observefl Results and discussion

NO; fields, especially close to strong sources near the sur-

face (Sectd.4). In future studies using data sets of trace gasa|| additive terms in Eq. 7) can be visualized. Inspecting the
concentrations and winds with higher spatial resolution andigyession coefficients for each of the terms allows to gain
better coverage, more properties of the wind field might bejnqjght into the functional relationship modeled — for exam-
included. ple between observed NGind time of the year — and also

It should also be noted that considering the wind speed irto check the regression results for plausibility. In particular
addition to the wind direction is not a trivial task, since the one may compare the non-parametric regression function ob-
components modeled by GAM have a given (additive) form.tained with the shape of the corresponding parametric mod-
One solution would be to apply a model with splines in two els to see whether the latter would have been an appropriate
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alternative. In Fig. 2, we show the different additive func- gions (up to approx—12% year?, see also Fig. 2) and the
tional relationshipsf; for four exemplary locations. Here, east of USA (up to approx-8% year1).
the first row shows the model coefficients of the differgnt The linear trends are in reasonable qualitative agreement
for a location close to Beijing (37.7, 114.75 E), repre-  with those of other studiefR{chter et al, 2005 van der A et
senting an example with both a strong annual cycle and al., 2008 Stavrakou et al.2008 in the sense that the trends
strong linear trend. The second row provides an example foshow the same signs. However, the two main areas detected
south Australia (22.25S, 125.28 E), where the seasonal cy- in van der A et al.(2008; Richter et al.(2005 that have
cle is the only significant component. In the third row results a strong negative trend (Europe, east coast of USA) do not
for alocation in the North Sea, (5428, 7.75 E) are given,  show a trend of high significance in our study (Fig. 3). Con-
with both a dependency tfinnand fuing. In the bottomrow  versely, we detected other regions with a significant trend,
the result for a location close to Milano (44778, 11.25 E) such as the west coast of the USA and the western Middle
provides an example for a significant linear trend, weekly andEast (the north of the Arabian peninsula, mainly Iraq), which
seasonal cycle, but a non-significant wind component (heravere not reported so far. Explanations for the differences in
even with a constant functiofiying). the results can be the different time periods studied.
Unfortunately, an inspection of all functional terms for all
pixels in a global map may be impossible (or at least im-4.2 Annual cycle
practical). So, we chose specific features of the model term
highlighting properties of interest in the differefitand we ~ The p-values for the annual cycle (Fig. 3) vary in space on
mapped these scalar features instead of the full set of regregontinental scales mainly. This indicates that climatic condi-
sion coefficients: Fig. 3 shows the logarithm of the p-valuestions are expected to have the major impact instead of human
of the different model terms, indicating the significance for SOUrces.
the different components. Amplitudes of the differghtare In Fig. 5, the months with the maximum NAVCD are
shown in Fig. 4 as an indicator of sign and magnitude of theshown. According toJaegé et al. (2004; van der A et
respective functional term. Figures 5 to 8, map individual @l. (2008, the major climatic influences are biomass burn-
coefficients of the weekly cycle, seasonal cycle and the windng (central Africa, large parts in Brazil), lightning activity
term. For the wind term we also map the local wind direc- (equatorial Africa) and soil emissions (Australia, Canada and

tions correlating with the maximum tropospheric N@llu-  the area ranging from the Sahara over the Arabian peninsula
tion, both locally for the Johannesburg example (Fig. 9), and!nto th_e south of As_|a till anthropogenlc_: sourc_es start to dom-
ata regiona| level for South Africa and Europe (F|g _‘]_0) Inate In eastern Chlna). In the respective regions, we observe

In the following we will discuss observations arising from Maxima at months that agree quite well with the months re-
these maps in detail, focusing on understanding the differPorted inJaegé et al.(2004; van der A et al(2008.
ent components of the additive model (K. It should be In regions with high anthropogenic emissions, the high-
kept in mind, however, that the purpose of these maps is onlgst values are typically observed in winter time, indicating
to highlight specific features such as “significance”, “ampli- strong emissions (due to heating) and long atmospheric life-
tude” or “extremum” of the model terms, and that patternstimes. Examples are the US east coast, central Europe, east
identified in the maps are to be checked with the actual funcAsia and the track along the Trans-Siberian Railway connect-
tional form of the differentf;, i.e., by inspecting regression ing the biggest cities in Siberia.

functions of the different terms as shown in Fig. 2. An interesting example for the relation to wind speed and
direction is the observed high significance of the annual
4.1 Linear trend model component over the central Indian Ocean (Fig. 3).

Here, the Monsoon causes a seasonal reversal of wiuafs (
In Fig. 4, we show the spatial distribution of those areashikrishnan et al(2004) and we find that the total maximum
where the linear trends contributed significantly (with p- of the seasonal component in these regions is during the
values less than 0.001) to the Bl@me series for the period Monsoon transition period of September/October (Fig. 5a).
1996-2001. Significant linear trends can be found in areas-or most of the central areas of the Indian Ocean (latitudes
with dominant anthropogenic sources. We also observe lovwbetween 20 and 30 S), we observe mostly two local max-
p-values for linear trends with almost constant behavior —i.eima in the annual signal, again in good agreement ith-
negligible slope — such as in wide areas of the Indian and Pahikrishnan et al(2004). In this example, an apparent wind
cific Ocean. This is supported by the fact that these areapattern (“Monsoon”) has been absorbed into the annual cy-
show low seasonal significance (Fig. 3). cle.

Significant positive trends appear in China (up to ap- Asdiscussed in Se.1, the seasonal variation of the tro-
prox. 15%yearl), in the western USA (up to ap- pospheric N@ VCD derived in this study probably not only
prox. 11%year!) and in the Middle East (up to ap- contains the signal of the tropospheric N@ncentrations,
prox. 11% year?). Negative slopes occur less often and with but also those of several other parameters, such as the height
lower statistic significance. Examples are some European resf the NG layer or longitudinal gradients of the stratospheric
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Fig. 3. The significance (log10 of the p-value) of the different GAM terms, i.e. trend, annual cycle, weekly cycle, and wind component (from
top). Dark blue areas are affected significantly by the respective term.
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Fig. 4. The strength of the different GAM term&) Absolute trend in 18 molec/cnf per year.(b) Amplitude of the annual cycle (peak to
peak in molec/crfy. (c) Amplitude of the weekly cycle (peak to peak in molec?on(d) Amplitude of the wind component (peak to peak
in molec/cnf). Only data of p-values less than 0.001 are shown.
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Fig. 5. Month with (a) maximum andb) minimum TVCD. Only data of p-values less than 0.001 are shown.

NO, distribution. In addition, usually the wind direction (and data observation, but by the different applied models. So, in
speed) depends systematically on season, and part of the seaur studies, the region in the western part of the USA show-
sonal signal might be also attributed to the influence of theing an annual signal with a maximum in summer is signifi-
wind direction as visible from the Monsoon example. In the cantly more extended to the east than in the studyaofder
same way, the significant annual cycle in the source free reA et al. (2008. In these regions (in the middle of the USA),
gions over the north Atlantic Ocean may be both attributed towe found mainly annual cycles with two or more local max-
transport processes, or to secondary effects from the preprama, and an unimodal sinusoidal model of the annual cycle —
cessing mentioned above. The latter is in accordance to rewith the one annual maximum reported iraf der A et al.
sults fromRichter and Burrow$2002, who observed alarge 2008 — may have been a too coarse approximation. Here,
variability over the Atlantic Ocean at latitudes of*550° N the seasonal cycle exhibits a good example for using a non-
mainly in winter and spring. Their explanation for this arti- parametric formulation of the seasonal term in Ef), be-

fact (that the reference sector method fails at high latitudestause the functional relationship of the seasonal cycle might
could also explain the significant annual cycles in polar anddeviate strongly from simple parametric forms — the standard
sub-polar regions in Fig. 3. Also, in some highly polluted sinusoid (Fig. 2).

regions, where highest values are found in other than in win-

ter months (see a_\lso Fig. 2, North Sea_l), this might be d_ue4.3 Weekly cycle

to the preprocessing and/or due to the influence of the wind

speed and direction. Here, we find (Fig. 10) this region to L

be strongly influenced by transport processes due to Winc]rhe significance of the weekly cycle changes on much

Sect.4.4). Thus the results derived for the seasonal c Clesmaller spatial scalles thz.in,.flor exampl_e, t_he anm_JaI cycle
( ) y (gFlg. 3). We find a highly significant contribution of this term

in densely settled and highly industrialized regions. A closer
look confirms that many significant points in the global map
coincide with large cities. We also note a light swath pattern,
However, in some regions, systematic differences werdn particular in regions of low latitudes. Also iBeirle et
found, which can be explained not by the differences in theal. (2003, stripe-like structures parallel to the satellite tracks

the results from other studiesan der A et al.2008 Jaegé
etal, 20049.
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Fig. 6. Day of week with(a) maximum andb) minimum TVCD. Only data of p-values less than 0.001 are shown.

were recognized in maps concerning the weekly cycle. Ac-Thus, the signal travels about 24or 1700 km (at 50N),
cording toBeirle et al.(2003, the swath pattern arises due to within 3 days, corresponding to a day-of-minimum velocity
the 35 day periodicity of the ERS-2 flight tracks, introducing of 6.6 m/s.

a systematic weekly pattern in the viewing geometry. Given the artificial swath pattern, caused by the 35 days re-

In Fig. 2 (river Po) the minimum of the weekly cycle is a peat cycle, one may argue that these observations may not be

prominent feature. As expected, we find here a minimum or@ttributed to a west-east translation of the weeklyNin-

Sunday. In Fig. 6, we summarize tfigeex term by mapping imum, but result from the temporal sampling of the satellite
the weekday with,maximal and minimal NOVCD. We can  Passes. This, however, might be ruled out for several reasons:

confirm a number of earlier findings: In the USA, the minima Firstly, the artificial swath pattern — visible over the oceans in

occur mostly on Sunday, when traffic and industrial activity the tropical regions, mostly in regions which are free of an-

is reduced. The same is true for most regions in Europe an§ifoPogenic N@-sources — cannot be found for the northern
Japan. In cities in the Middle East, the minimum day is on Atlantic Ocean (at the latitudes of the region affected by the

Friday. In Israel, a significant minimum is on Saturday. No studied plume). Secondly, the weekly signal for areas shown

weekend effect could be detected in the large anthropogenil® Fig- 8 is much stronger than the weekly signal along the

sources of China and South Africa. These findings agreduatorial sampling artifact. Thirdly, we do not find a sys-
very well with the results of former publicationBéirle et ~ €Matic pattern —as in Fig. 8 —when mapping the frequency
al,, 2003 Boersma et a2009. of the passes for eastern Europe. Furthermore, stripes of the

o ) width, observed in the plume, could not be found in the swath
It is interesting to take a closer look at the day of the pattern.

minimum NG, TVCD in the plume of large anthropogenic  Erom a more conceptual point of view one should note the
sources with a strong weekly cycle, as in Europe (Seevery difference of

Fig. 8). Here, the original Sunday minimum in western Eu-

rope (3 E-15 E) moves eastwards with the dominating west 1. Tracking single “negative” plumes from Sunday to

winds: The minimum in east Poland (2B-23 E) is ob- Thursday — similar to tracking plumes of unique atmo-
served on Monday, in the Ukraine (2B—-28 E) on Tues- spheric events, for example from volcanic outbursts, as
day, and in western Russia (38-38 E) on Wednesday. reported for example ilschneider et al(1999. This
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Fig. 7. Wind direction with(a) maximum andb) minimum TVCD. Only data of p-values less than 0.001 are shown.

may be in fact impossible given the temporal and spa-the west-European Nplume, the GAM may be able to give
tial coverage of the given observations. a first estimate on the distance up to which sources have to be
taken into account for atmospheric models. A more general
2. The patterns visible from model terms in the GAM. approach for identifying areas influenced by specific emis-

These are estimated from time series of lengths of yearssjon sources may be obtained from the wind term in . (
here averaging over multiple negative plumes. discussed in the following.

So, Fig. 8 represents the average pattern of several hundrefls  |nfluence of wind
plumes over the whole time of observations.

Such a systematic drift of the N@lume has —to the best  As discussed above, we find wind related processes absorbed
of our knowledge — not been reported before. The detectiorn other terms —i.e., the annual trends (S4@), the weekly
of a significant weekly cycle with a shift of the day of mini- term (Sect.4.3) — both representing a consistent temporal
mum up to 3 days is only possible for a quite high Ne- correlation with the variable modeled in these terms. How-
time of the order of a day or more, which however could be ever, introducingfwing @s an explicit term in Eq.7) still in-
reached in wintertime. The analysis of the downwind evo-creased the accuracy of the model over large areas over the
lution of the weekly pattern thus holds information on the whole globe (Fig. 3, bottom). As expected, we find areas
signal travel velocity, which generally provides lifetime in- with a highly significant contribution of the wind term close
formation if combined with the N@loss along the track. to strong continuous sources, such as the east coast of the
However, quantitative studies of such kind should be per-USA and east Asia, the west coast of European countries
formed with new datasets with improved spatial resolution,and the Arabian peninsula, and in the environments of point
data preprocessing, and separately for different seasons. sources like Johannesburg and Hong Kong (see also Fig. 1).

When applying this model, we obtain information not only In this study, we can now illustrate the size of the areas influ-
about the temporal behavior of sources, but also about thenced by these point sources.
area influenced by a source that shows a characteristic tem- As is visible from Fig. 7, we find that for locations with
poral behavior. Such results might be important input for significant wind component, the dominant wind direction
model simulations of the source strengths. As illustrated formatches the main sources in the close environment. We show
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Thu

Fig. 8. Day of week with minimum TVCD (see Fig. 6b) for Europe. Over most regions, the minimum occurs on Sunday. In eastern Europe
the minimum is shifted to the beginning of the week indicating the transport of the temporal emission patterns of the strong wgstern NO
sources with the dominating westerly winds. Only data of p-values less than 0.001 are shown. Colors coded as in Fig. 6.

the dependence on the wind direction in more detail for sev-areas of western Europe. For the regions of the main emis-
eral points located on a circle around the point of maximalsion sources e.g. in Benelux/Germany and in the Po valley,
mean NQ TVCD (Fig. 9). One may notice that the angle the wind component is not significant, similar to the source
corresponding to the maximum NQ@VCD changes accord- point of the Johannesburg example (compare also Fig. 2, Mi-
ing to the position. The highest NOVCD are consistently  lano). Here the observed NGs dominated by local (con-
observed from the direction of the strong emission source. stant) sources. It should be noted that the wind directions for
For a larger area around Johannesburg (South Africa)the maximum observed NO'VCD do not necessarily indi-
these directions are shown in Fig. 10a (white/black arrows)cate the directions of the sources contributing the most to the
together with an indicator of the significance of the wind observed N@.
component (blue color). It is interesting to note that the lo-  In general, the question may be raised regarding which
cation of the source corresponds to low significance of thepart of the transported NOs modeled when modeling the
wind component, as the wind direction is not of importance dependence on only surface winds, but not winds of higher
at this point, and the local source dominates the observeadltitudes. For the example of Johannesburg, we made the
NO, distribution. Around Johannesburg the directions of theestimation for the part of the TVCD affected by the data of
maximally contributing winds form a highly ordered vector the surface winds. Therefore, we investigated the correla-
field, even for areas with a rather low significance of the windtions between the winds and wind directions at different lev-
term. Tracking the directions — the arrows in Fig. 10a — leadsels. The winds inclusive ECMWF level two (925 hPa, 766 m
to large continuous “path ways”, all leading to the Johannes-height) correlate with more than 90% with the surface winds.
burg region, and indicating those regions where the centraht level three, we still have a correlation of about 80% (see
emitter is the major source for non-local NOIn the Jo-  Table 2).
hannesburg region these zone of wind-related transportation Since we are interested in the wind direction, we also cal-
extends in particular over the sea, in western and eastern diulated the mean absolute deviation of the wind directions.
rections, over distances of more than 1000 km. Similar de-Not including level three, we can approximate NGp to
pendencies on the wind-related transport and characteristig height of 800m to be exposed to winds reasonably close
emitting point sources in the center could be found for Hongto the winds we used for our studies. According to numer-
Kong, Los Angeles, Ar Riyad (Saudi Arabia), Jakarta, al- ous ground based measurement studies @faub et al.
though they were not as sharp as for Johannesburg. (2009; Wittrock et al.(2004), this corresponds to a height
Another example for an extended emitting source obNO below which most of the tropospheric N@ccurs, especially
is western Europe, as already discussed above. Areas withifl Polluted regions.
highly significant contribution of wind (Fig. 10b) are found
for areas such as the North Sea and north-west France/south-
east England, which are located close to the main industrial
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Fig. 9. The dependencies of the NOVCD (red circle indicates the fitted spline) on the wind direction for 8 points around Johannesburg (see
image in the center). The wind direction of maximum NOVCD (pink pointer indicate the direction of the air flux) changes accordingly
to the position relative to the center.

Table 2. Comparison of the winds at different ECMWF levels to the more acqurate model may also help to _reduce bias and to geta
ECMWF surface level:s0 =the mean absolute deviation of wind Clearer signal from the other effects, discussed at Séds.

direction, and- = correlation. 4.3 Furthermore, with the correlation between wind and ob-
served NQ resulting from a local transport of the trace gas,
level pressure/hPa height/m 86 B this model extension may help to uncouple the signal from

transport and local generation, providing more information

1 1000 111 115 0.98 about the sources of locally observed NO

2 925 765 16.06 0.93

3 850 1476 274 0.80

4 775 2252 45% 0.64

5 700 3107 605 0.49 5 Conclusions

6 600 4402 729 0.39

7 500 5933 827 0.32 We have successfully used generalized additive models

(GAM), so far primarily to analyse local time series in or-
der to study spatio-temporal patterns in global satellite ob-
servations of tropospheric NGi.e., NO, TVCD) from 1996
Overall, for large areas —in particular in vicinity to the ma- to 2001. Since GAM do not require regularly sampled data
jor industrial areas in the Northern Hemisphere — the use ofas is the case for Fourier analysis), it can be easily ap-
the wind component increased the prediction accuracy sigplied to satellite observations, which usually contain gaps
nificantly (Fig. 3). We would like to emphasize that here a (e.g. caused by clouds). Thus, our results are based on daily
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Fig. 10. Wind direction of maximum TVCD as quiver-plot (compare Fig. 7a) for the re@mround Johannesburg, South Africa gdhjl

over Europe. Also the significance as in Fig. 3d is shown (strength of the blue color).
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satellite observations. This high temporal resolution and the Our study was limited with respect to several aspects,
flexibility of the additive model allowed us to systematically which should be improved in future studies. The spatial res-
investigate the influence of the wind direction (average dur-olution and coverage as well as the temporal sampling of
ing the last 24 h) on the observed tropospheri,NCD. the GOME observations is rather coarse. Also the radia-

We focused on studying transport processes ofy NO tive transfer effects and the stratospheric correction were ad-
plumes for polluted regions and isolated point sources. Tharessed in a rather simplified way. In the future, increasing
non-parametric modeling approach allowed us to visualizesatellite data sets with improved spatio-temporal coverage,
the average west-eastern drift of the west-Europearn NO higher spatial resolution and improved cloud correction will
plume, a characteristic so far not yet reported on. When in-become available. Using such data sets will allow much more
cluding the wind direction from ECMWF data in the model, detailed studies, taking into account, for example, the wind
the wind component was found to be of high importancespeed, vertical wind profiles or additional quantities like tem-
wherever strong sources border on regions free of permanemterature and precipitation. Here generalized additive models
sources, like oceans. It was also possible to identify possiwill provide ideal means for a joint, exploratory analysis of
ble pathways of atmospheric pollution and to determine theobservational data from multiple sources, allowing one to ac-
extent of areas influenced by strong NE@mission sources. cess information of complex spatio-temporal patterns easily
Such information is important for the correct description of and to visualize them at a global level.
emission sources in atmospheric models.

The inclusion of the wind influence is interesting in itself, Acknowledgementsie acknowledge ESA for providing the
but improves also the accuracy of the results for the otheiIGOME-spectra. Furthermore, we want to thank ECMWF for
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A major incentive of our study was to introduce GAMSs to
the global analysis of trace gas dynamics. In addition, we
may summarize our main findings as follows:
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