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Abstract. The emissions of non-methane volatile organic rections can reach regions hundreds of kilometres away from
compounds (VOCs) over western Europe for the year 200%he stations. Domain-wide corrections of the emission inven-
are estimated via inverse modelling by assimilation of intories of some VOCs are significant, with underestimations
situ observations of concentration and then subsequentlpf the order of a factor of 2 for propane, ethane, ethylene and
compared to a standard emission inventory. The study fo-acetylene.

cuses on 15 VOC species: five aromatics, six alkanes, twa
alkenes, one alkyne and one biogenic diene. The inversion

relies on a validated fast adjoint of the chemical transport

model used to simulate the fate and transport of these VOCsL  Introduction

The assimilated ground-based measurements over Europe

are provided by the European Monitoring and EvaluationNon-methane volatile organic compounds (NMVOCs: fur-
Programme (EMEP) network. The background emission erther abbreviated VOCs in the following) are of particular
rors and the prior observational errors are estimated byenvironmental concern because they are precursors of sec-
maximum-likelihood approaches. The positivity assumption®hdary pollutants, such as ozone and fine particulate matter
on the VOC emission fluxes is pivotal for a successful in- (PM25), and some VOCs are pollutants in their own right due
version, and this maximum-likelihood approach consistentlyt© their adverse carcinogenic and/or non-carcinogenic health
accounts for the positivity of the fluxes. For most Species,effects. Therefore, it is essential to have accurate emission
the retrieved emissions lead to a significant reduction of thénventories of VOCs to conduct air quality modelling stud-
bias, which underlines the misfit between the standard inies for the development of optimal emission control strate-
ventories and the observed concentrations. The results ai@eS and for air quality forecasting as well as to follow
validated through a forecast test and a cross-validation testh€ir temporal emission trends over the years as emission
An estimation of the posterior uncertainty is also provided. control strategies become implemented. The large number
It is shown that the statistically consistent non-Gaussian ap®f emission sources, both anthropogenic and biogenic, and
proach based on a reliable estimation of the errors offers th@rocesses leading to those emissions (combustion, evapora-
best performance. The efficiency in correcting the inventorytion and vegetation metabolism) make the development of
depends on the lifetime of the VOCs and the accuracy of theiccurate VOC emission inventories difficult. Furthermore,
boundary conditions. In particular, it is shown that the useVOC emissions cannot be derived from mass balances of
of in situ observations using a sparse monitoring networkthe emission process (as can be done for example for sul-
to estimate emissions of isoprene is inadequate because ifd" or heavy metal emissions) and they must be obtained
short chemical lifetime significantly limits the spatial radius from measurements conducted at the source of the emissions.
of influence of the monitoring data. For species with a |0ngerAIso, emission testing is costly and some emission factors are

lifetime (a few days), successful, albeit partial, emission cor-déveloped for total VOCs rather than for individual VOCs.
Therefore, a chemical speciation must be applied to total
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VOC emission factors using speciation data that are limitedLiu et al., 2013) and a combination of formaldehyde and gly-
and uncertain. Uncertainties in anthropogenic emissions havexal satellite data (e.g. Stavrakou et al., 2009) have also been
been reduced over the years as a result of better charactetiised to estimate emission fluxes of isoprene and other bio-
sation of major emission sources; for example, tunnel VOCgenic and anthropogenic VOC precursors of those oxidised
measurements conducted in California have shown underes/OC.
timates in VOC emissions from vehicles decreasing from a It is, therefore, of great interest to investigate the current
factor of 4 in 1987 (Pierson et al., 1990) to a factor of 2.5 in status of VOC emissions using an approach that provides in-
1994 (Kirchstetter et al., 1996). Nevertheless, uncertaintiesormation for several major VOCs with spatial distribution
still remain (Sawyer et al., 2000). Furthermore, uncertain-over a large domain and for a long period of time. To that
ties of the order of a factor of 2 are associated with isopreneend, we present here the first assessment of the emissions of
emissions, and greater for other biogenic organic compoundseveral VOCs measured routinely at several remote sites that
(Guenther et al., 2000, 2006; Warneke et al., 2010), due taovers all VOC sources over western and central Europe for
the difficulty of estimating the meteorology-dependent emis-an entire year.
sion rates for a large number of vegetation species as well as In Sect. 2, the chemical transport model (CTM) used for
characterising the land use/land cover of the area of interestnodelling the VOCs is introduced and its reduced counter-
Therefore, several approaches have been used to evaluate tpart is described. The source—receptor relationship is built
accuracy of VOC emission inventories and, if appropriate,using an approximate adjoint model, which is validated. The
apply some correction. control variables (i.e. the emission fluxes), and the inversion
Uncertainties in emission inventories have been estimatednodelling method are described. The inversion method cru-
for example, by comparing ambient air measurements in tuncially depends on the prior statistics of errors in the sys-
nels with vehicle exhaust emission estimates (e.g. Staehelitem, and a method to estimate the so-cahgperparame-
et al., 1998; Sawyer et al., 2000; Touaty and Bonsang, 2000tersthat parameterise these statistics is introduced. In Sect. 3,
Stemmler et al., 2005; Ho et al., 2007). However, such experthe setup of the numerical experiments is described. Details
iments characterise only one source category (on-road traffichbout the observations and the background inventory are pro-
and focus on a single location and time period. Satellite meavided. The optimal values of the hyperparameters to be used
surements in combination with various types of models havein the inversions are computed. In Sect. 4, the results of the
been used to assess VOC emissions. However, such tecimversions are presented and discussed. A forecast test and
niques are limited by the number of VOCs that can be mea-a cross-validation test are provided to validate the corrected
sured via satellite-borne instruments (Vijayaraghavan et al.emission fluxes using independent observations. Some objec-
2008) and to areas that are specific to a major source cative results on the uncertainty attached to the emission cor-
egory, e.g. the use of formaldehyde (an oxidation productrections are provided. Conclusions are presented in Sect. 5.
of isoprene) to estimate isoprene emissions in remote areas
where biogenic emissions dominate (e.g. Shim et al., 2005;
Fu et al., 2007 Millet et al., 2008; Dufour et al., 2009). Mea- 2 Methodology
surements of VOC concentrations aloft have also been use
to estimate fluxes of VOCs originating from an area (e.qg.
Hopkins et al., 2009); however, there are uncertainties as-

sociated w?th the mass balance methc_)d used to gst_imate thehe chemical transport model (CTM)ORAIR3D (Sartelet
atmospheric transport flux and r_elgte_ it to an emission flux.qt al., 2007) of the BLYPHEMUS air quality modelling sys-
Furthermore, such an approach is limited to the estimation ofe, (\vallet et al., 2007) is chosen to model the atmospheric
an emission flux for a given region over a given period. Com- ¢4 centrations of chemical species. The numerical discreti-
parisons of the output concentrations of air quality modelg4tion of the model for chemistry and transport, based on

simulations with observations aloft (€.g. Xiao et al., 2008)  first-order time-splitting algorithm, can be summarised as
or at ground level (e.g. Harley and Cass, 1995) provide somgy|iows:

estimates of uncertainties in VOC emissions; however, such

information is typically also limited to a specific region and ¢+ = x; (Mk(ck)) + Atepi, (1)
period for which those measurements are available. Inverse

modelling has been conducted using ground-level ambientvhere

concentrations to estimate emission inventories for some air ) ] ) ]
pollutants, but such studies (e.g. & et al., 2005; Elbern — K |s_the flgld of the concentrations of all simulated
etal., 2007; Koohkan and Bocquet, 2012) have focused sofar ~ SPEcCies at time stef

on regulated air pollutants with ambient concentration data
available from routine monitoring networks and have not yet
included a large number of speciated VOC ground-level con-
centration measurements. Use of glyoxal satellite data (e.g. — X} is the chemical reaction operator,

9.1 Full chemical transport model and reduced VOC
model

— M, is the linear advection-diffusion operator. It also in-
cludes the deposition processes,

Atmos. Chem. Phys., 13, 5887-5905, 2013 www.atmos-chem-phys.net/13/5887/2013/
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— ey is the emission field at time st&p Table 1. The volatile organic compounds, their (indicative) lifetime
and reactions.

Table 1 lists the 15 VOC species for which measurements

are available from the European Monitoring and Evaluation species  symbol lifetime (days) reactions
Programme (EMEP) database. In order to simulate the con- isoprene  1SO 0.07 ISO + OR>
centrations of these species, the RACM 2 (Regional Atmo- :281%303_’_)
spheric Qhemist_ry Mechanism,_ version _2) .chemical Kinetic pacmM2  acetylene ACE 110 ACE + Okb
mechanism (Goliff et al., 2013) is used within the CTM. The reactions ethane fHg 60 GHg + OH —
model has been satisfactorily evaluated with a similar con- ethylene  GH; 145 ((:32:4 : 8H—>
figuration by Kim et al. (2009). The chemical reactions con- cij N N3O:_)
sidered for these species and their typical lifetime are also benzene BEN 11 BEN + OH>
prgsented in _Table 1. After undergoing ox_ldatlon, these 15 propane GHs 14 CHg + OH —
primary species result in secondary species. The latter are n-butane  NBUT 7 NBUT + OH->
not presented in Table 1 because they are not measured in the isobutane  IBUT 7.5 IBUT + OH->
i . n-pentane  NPEN 5 NPEN + OH-
EMEP netyvork and'therefore can'not be as'swnllated,'they are, oo sopentane IPEN 4 IPEN + OH
however, mc_:luded in RACM 2 _elther explicitly Or vid SUr-  reactions  propene  4Blg  0.625 GHg + OH —
rogate species. Some of the primary VOC species; isoprene to RACM 2 C3Hg + O3 —
(1SO), acetylene (ACE), ethane{8s), ethylene (GH4) and CsHg + NO3 —
sl toluene TOLU 24 TOLU + OH~>
benzene (BEN) are treated explicitly in RACM 2. The oth- oxylene  OXYL 1.1 OXYL + OHo.
ers are represented through a lumped molecule approach and m-xylené MXYL 0.625 MXYL + OH —
therefore need a specific treatment to be followed separately. p-xylene¢  PXYL  1.05 PXYL + OH—

They are added as eXp“Cit SpeCieS with their own oxidation. Measured jointly in the EMEP monitoring network and represented with the
reactions written in a way that does not affect RACM 2. The symbol MPXYL.
emissions of the explicit species continue to be treated as part

of the lumped species of RACM 2 and the oxidant species 4 ,
involved in the additional oxidation reactions of the explicit Where #* € R% represents the vector of the observations
species (see Table 1) are included as a product of the oxidd4s iS the number of observations for specigk SHS
tion reaction so that their concentrations are not affected byS the Jacobian operatgr with respect ¢b, and e’ =
those additional reactions. This approach has been used pré€o- €1: -+ € ---€y,) € R” defines the hourly and spatially

viously and has been shown not to affect the concentration§iscretised emission vector, whee= N; x Nx x Ny x N.
of the original mechanism, here RACM 2 (e.g. Pun et al.,Vr 1S the total number of time steps, and, Ny, and N, are
2003; Kim et al., 2011). the total number of elements (grid cells) in they andz

This chemical mechanism involves more than 300 reacdirections.A* € R% is the vector of the concentrations in

tions that result in nonlinear interactions among the chem-:duced by the initial and the boundary conditions for species
ical species. As a result, the computational burden of in-S- If 1" is the observation of speciesat times; at station

) s : ;
verse modelling studies is very large. To address this issud, €n4;, is the concentration at the same time and loca-
we developed a reduced chemical mechanism, denkjed  1OM: compu;ced with the full CTM —i.e. Eq. (1), wi#f = 0.
which uses the concentration fields of the oxidants, hydroxylT Ne Vectore* represents the errors: representativeness error,
radicals (OH), ozone (§) and nitrate radicals (N§), pro- model error and instrumental error of the observations.
vided as external data. The oxidant concentration fields are 1he Jacobian operatt® can be built following two dif-
pre-computed with RACM 2 and used later in the reducedferem methods. The first method consists in using the CTM
mechanism. This approximation makes sens&Xif(ct) = as itis. Let us assume thet =8 5 1 is th_e unity source at
Xe(cF) — Xi (k) is small with respect X, (cX). The val- the surface coordinates [1; N, x N, ], altitude’ € [1; N,]

S EE

idation of this approximations is checked a posteriori in @"d timek” & [1; N1, and equals 0 anywhere else. Assum-

Sect. 4.1.1. When replacint, by X;, Eq. (1) becomes lin- N9 clean-air boundary and initial conditions, and this source
ear with respect to the emission fields and the computationaie™. the CTM-simulated concentrations at timend sta-

cost of inverse mode”ing becomes manageab]e_ tioni are stored iﬂ'{;’;lk/ .Inorderto Compute thels Operator
with this method, the CTM model needs to be tkirtimes,
2.2 The source-receptor model which is computationally intensive. That is why this method

is often restricted to point-wise emission sources.

The source—receptor model provides the relationship be- The second method consists in using the adjoint model of
tween the emissions and the observations. For specibis ~ the CTM (Marchuk, 1974; Uliasz, 1983, and many more ref-

can be written as follows: erences since the late 90’s). For a monitoring sitd time
tx, using the linearity of the CTM for the VOCs, tlagljoint
w=He + A5+, (2)  solution can be written as follows:

www.atmos-chem-phys.net/13/5887/2013/ Atmos. Chem. Phys., 13, 5887-5905, 2013
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In order to optimise the parameters, the following objective

, function with a regularisation term is used:

of = M] (X[@}*h) + Az, 3) 1 .
,CS(OCS) — E ([LS —H%* —)»S) R:l (/’Ls —_H'* —)»S)

whereyr;'c = §; x is thesampling function related to the con- ) To1s

centration measurement at statioand timez, X,I is the 5 (' =1) B (' - 1). @

adjoint of X, andM}: is the adjoint ofM . At the final time  Tpe vectore) =1=(1,..., 1)7 is the first guess (mean state

Ny, ¢f.V’ is chosen to b8. The adjoint model is also computed of the background) of®. R is the observation error covari-

for clean air boundary conditions. Then, the Jacobian maance matrixB; is the background error covariance matrix.
trix is given bij’l’lk/ = [¢f.<_;],,h_ The adjoint model is rud For each species, these two matrices are both chosen to be
times ¢ < Y, d,). This method is of great interest to reduce diagonal with uniform variances; that i8; = m?2l y, ;.

the computational time whah<« E. Itis appropriate fores- R, = rfldx. Here, |y, xn, is the identity matrix of control
timating the emissions originating from spatially distributed space andi, is the identity matrix of the observation space.
sources. Because the many adjoint solutions are independerifror standard deviations, and m; respectively give the

it is straightforward to parallelise their computation. magnitude of the prior uncertainty on the observation and the

The Jacobian matrix of the present study is computed rowbackground. They will be both discussed further in the next
by row — i.e. using adjoint solutions. section.

These statistical assumptions imply that we neglect any

2.3 Control space spatial and temporal correlations between grid cells in the er-

) . . rors. Because of the way the anthropogenic inventory surveys

!n order to reduce the dimension of t.he CO””F" space, WhICIhre performed, the anthropogenic emissions of VOCs are not
is _the space of the fluxes to be estimated via inverse mod;, principle expected to induce long-range correlation (a few
elling, we introduce a relation between the effective controlyeng of kilometres) in the errors. Yet, scaling relationships
variables” and the emissioe’: used to infer emissions of pollutants from others in bottom-

) up approaches may have biases that would be systematic
over large geo-political regions. Moreover, potential impor-

tant reasons for this diagonal hypothesis to fail are when the

biogenic VOC emissions have correlated errors due for some
factorse’ is a =1, wherel= (1,....1)T and T denotes VOC; to common sources and similar emi§sion model for-

mulations, or when transport model errors induce temporal

transposition of a vector or of a matrix. Indices! and i S : ) .
are respectively related to the time sequence, the horizon(_:orrelatlon in the error covariance matrix. That is why our

tal space grid and the vertical grid. Tk factors, rather diagonfal as_,sumption should be understood as a convenient
than the full 3D time-dependent emission fields of Ex), ( 2PProximation.

will be optimised. This choice of control parameters, which .dln th; folrllovxli!ng, two types of soLqur;]for Eq. (7) are con-
is only a function of, implies that the correction of the emis- sidered. The first one assumes that the errors are Gaussian

sion fluxes is spatially distributed in the horizontal directions distributed and the analysed parameteysare given by the
but that the vertical and temporal distributions of the emis-beSt linear unbiased estimator (BLUE):

sion fluxes are not modified by the data assimilation analy—afl =1+K* (Mf —_H1— );‘), (8)
sis. Indeed, the relatively low number of observations avail- 5 : .

able restricts the number of parameters that can be considtherGK is the gain matrix:

ered for the inversion. The fact that does not depend on
time means that the inversion relies on the a priori tempo-

ral distribution of the emissions (given by aCtiVity SeCtorS), The second solution is obtained by m|n|m|3|ng m) On
which is not modified. o, under the positivity constraint of each one of its entry
[e¢*];. A bounded quasi-Newton gradient-based minimisation
scheme will later be used. As opposed to the Gaussian case,
the retrieved scaling factof&®]; cannot be negative. This
solution implicitly assumes a truncated Gaussian distribution
i =Hoa® +1° +¢°, (5) for the background error statistics.

b
leplin = [’ Tile; T -

In this equationg®? is the background vector of emission
for species. Obviously the background value of the scaling

K*=B,H" (R, +H'B H"'T)_l ©)
S S S .

2.4 Inversion method

Combining Eg. (2) with Eq. (4), one obtains

whereH* is the Jacobian matrix that relatgs to a*: 2.5 Estimation of hyperparameters

s _ k s,b The parameters of the prior statistics, such,aandm;, give
Hik,l = E [¢s.i]1[ek Ii. (6) . . o
3 ’ a measure of the magnitude of the prior uncertainties. For a

Atmos. Chem. Phys., 13, 5887-5905, 2013 www.atmos-chem-phys.net/13/5887/2013/
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reliable emission inverse modelling, these often need to bevherer;” andm refer respectively to the standard deviation
estimated, in addition to the emission fluxes, because theiof the observation error and of the background error (depar-
initial guess is usually inaccurate, while the dependence ofure of the surface fluxes from their a priori values) according
the retrieval on these parameters can be dramatic (Davoin® the truncated Gaussian distributid?{. is the a posteriori
and Bocquet, 2007). When thogseandm; are considered error covariance matrix of the control variables of the Gaus-
as parameters to be themselves estimated on top of the flusian case,
parameters, they are usually coirtagber parameters.

The estimation method for the hyperparameters dependg’? = (' - K‘YH‘Y) B;.. (15)
on the statistical assumptions underlying Eq. (7). The obser:

vation error vectoe® (in Eq. (5)) is assumed to be Gaussian Even though it is of formal use in the truncated Gaussian
o s g. G ) ) case,P¢ is not the error covariance matrix of the truncated
distributed,e’ ~ N (0, Ry). A similar assumption applies to

the control parametera® ~ A’(1. B,). The probability den- Gaussian case. A mathematical hardship is that Eq. (15) re-

. ) . quires the computation of a 1768-dimensiomél} < Ny) in-
Zg:,lﬂg\f\ffn (pdf) of the observation vector can be ComputGdtegraI over the space of all positive emission fields. To over-

come this difficulty, we resort to the stochastic sampling

P s y) = /p(uslots, re.my)p@’|rs.mde’  (10) technique used by Winiarek et al. (2012).

=/p(€slrs)p(as|ms)das 3 Setup of the numerical experiments

or analytically, 3.1 Observations

e~ 2 —H LA T(RAHBAH ) 7 (0t —H 1-2) 1) The in situ observations used in this study are extracted from
. (11 itori
St R R B.HT the EMEP databadeThe EMEP monitoring network covers
_ . . o most of Europe. Eleven stations of western Europe are used
This pdf is also proportional to the likelihood afandm,. In in this study, resulting in a rather sparse network. These sta-
order to estimate the hyperparameterandm,, Desroziers  tions measure the concentrations of 14 different VOCs. Note
and Ivanov_(2001) _suggested_ an iterative method to convergehat the m-xylene and p-xylene are combined in a lumped
towards a fixed point. Chapnik et al. (2006) showed that thismp-xylene category. The observations are performed from
approach converges to one local maximum of the likelihood.11 January 2005 to 29 December 2005. The sample dura-
The maximisation of ip(u’|rs, my)) with respect to the  tion ranges from 20 min to 24 h depending on stations and
two hyperparameters gives the stationary conditions: species.
Table 2 gives the number of observations used in the inver-
I —Hoe |12 et =111 : : :
g - a4 f —1"a -0 (12) sion per species and per station, for a total of 18 675 observa-
P Tr(lg, —HeKS) - Tr(HYKY) tions from 11 stations. A forecast test will also be performed
where]| - || is the Euclidean norm. lliSIITg 19746 odbs'er\t/ﬁtlosstck)‘f trlle %ear ZOO(I)G.NTLhOeO\éSRC stdatlon
However, the Desroziers method relies on Gaussian as-0/umerwaard, in the Netheriands (code . ), 0€s
10t provide any observation in 2005. However, this station

sumptions, and, for the sake of consistency, one needs ano* F . . :
other approach to compute the likelihood under the truncate rovides 26 7.32 pbservatlons n 2006, and they will be u_sed
or cross validation. The locations of the EMEP sampling

Gaussian assumption (Winiarek et al., 2012). In this case, th Stations for VOCs are shown in Fig. 1.

rior on the scaling factors is L . -
P 9 The uncertainties associated with the measurements have

P(Iﬂrs, mg)=

3@ -DTB e -1 been analysed in detail by Sauvage (2008) for three stations
pla’) = — lys >0, (13)  ofthe monitoring network considered here (stations 9, 10 and
Vv (2) By (1 — 1, (O)) 11 of Fig. 1). For the VOC considered here, the measurement

n uncertainties were estimated to consist of a heteroscedastic
component ranging from 11% (ethane) to 25% (m- & p-
xylene) of the measured concentration and a constant com-
ponent of 001 ppb associated with the detection limit.

where®4 g, (0) is the Gaussian cumulative density functio
(cdf) of V' (1, By). Iys>0 is a function equal to 1 whea*]; >

0 for eachl, and equal to O otherwise. This pdf is referred to
asN (1, By, 0) or the truncated Gaussian distribution. From
Eqg. (10) and Eg. (13), one can derive

o~ 3 —H 12 TR +H B H ) "L (w —H 1-3%)
p(;us|r;“,mj) = Two simulation periods are considered. The first one is the
V(274 Ry + HIBgH*T| assimilation time window of the study, from 11 January to 29
fa:>0e_%(us_l)T(P?)_l(aS_l)

X 9
(2r)NoNs B[ (1— dy g, (0))

www.atmos-chem-phys.net/13/5887/2013/ Atmos. Chem. Phys., 13, 5887-5905, 2013
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Table 2. Number of observations for each specie%’ggcieg and  Forecast (ECMWEF), delivered in 60 vertical levels and every
3 h, with a horizontal resolution of.86° x 0.36°.

1 For anthropogenic emissions, the background emissions
over the whole domain are provided by the EMEP inventory

number of observation dates for each statiNré’tzfior). The num-
bers 1-12 are given to help locate the stations on the map of Fig.

. obs . obs for the years 2005 and 2006 (Tardaset al., 2007; Fagerli

species  Nspecies station code  Ntation et al., %/008). The disaggreg:fuion of the EMED NMYOC
2005 2006 | 2005 2006 emissions among the many VOC species simulated in the

CsHg 1505 1415| 1 CZ0003R 1397 1207 CTMis performed following Passant (2002). .
NBUT 1503 1414| 2 DEOOO2R 948 1023 The anthropogenic emissions of EMEP have.a r.esolut'lon
IBUT 1033 1453| 3 DEOOO3R 837 990 of 0.5° x 0.5°. These emissions are modulated in time with
NPEN 1501 1409 4 DEO0O7TR 942 1029 the help of the hourly, weekly and monthly distribution co-
IPEN 1610 1553| 5 DEOO0SR 883 1054  efficients, provided by the GENEMIS project (GENEMIS,
CzHg 1497 1411| 6 DEOOO9R 938 1020 1994). The biogenic emissions of isoprene are also taken into
TOLU 1441 1408| 7 DE0043G 9206 9283  account using the model proposed by Simpson et al. (1999).
OXYL 868 1273 | 8 ESO009R 259 199 All these emissions are used as a first guess (mean state of
MPXYL 1318 1459 9  FROO08R 1215 1285  the hackground)?, in the data assimilation experiments.
1SO 936 1309| 10 FROOI3R ~ 769 1214 The initial and boundary conditions (top and lateral faces
ACE 1034 1407 11 FROOISR 1281 1352 ¢ e domain) concentration fields are obtained from the
CoHg 1494 1409| 12 NLOOO9R 0 26732 . .
CoHa 1434 1416 global chemlstfy transport model MOZART 2 (quOW|tz
BEN 1503 1410 et al., 2003). Since the species we are interested in are not

all explicitly present in MOZART 2, the values for the VOCs
not included in MOZART 2 were inferred from the concen-
tration fields of some species present in MOZART 2. The

56 factors applied for this inference are given in Table 3 (see
54 Rudolph and Ehhalt, 1981; Rudolph and Johnen, 1990; Pen-
kett et al., 1993).

52 Our inverse modelling methodology estimates the magni-
50 tude of errors of all types. However, it does not handle a pos-
= sible systematic bias, for instance in the boundary conditions.
® To get a rough idea of the uncertainties in the boundary con-

46 ditions, we have performed a comparison of the results of the

44 MOZART 2 model, from which are extracted the boundary

conditions, to the EMEP observations used in the inversion.

42 From this comparison, rough average relative errors are esti-

40 s o - 10 G mated, ranging from 1 % (for£Hsg) to 116 % (for GHg). For

longitude the long-lived species (ACE,#Elg and GHg) rough average
. o _ _ relative errors are respectively60 %, 8% and 1%. Thus,
Fig. 1. The 11 monitoring stations of the EMEP network for volatile \ve believe that the inversion of acetylene emissions, with a

organic compounds whose observations are assimilated are indjifetime of about 110 days and presumably biased boundary
cated with a circle. The Kollumerwaard station in the Netherlandsconditions, must be interpreted with caution.

used for validation only is indicated by a rhombus.

3.3 \Verification of the adjoint solutions

December 2005. The second one is the whole year 2006, anikh order to generate the adjoint solutions at a low computa-
is meant for a subsequent validation of the inversion results.tional cost, we have used an approximate adjoint model fol-
The simulation domain over western Europe extends belowing the construction of Bocquet (2005). The approximate
tween [40 N, 8 W] (the left bottom corner) and [3N, adjoint is built by discretising the adjoint of the continuous
18 E] (the right top corner). The grid resolution is50 x transport equation. Since, in general, discretisation and ad-
0.5°. Nine levels are considered above the surface: 50, 250jointisation are operators that do not commute, this adjoint
600, 1000, 1500, 2100, 2800, 3600 and 4500 m a.g.l. Thes only approximate. However, a benefit of this approach is
control space discretisation follows the simulation grid, with that its implementation re-uses the forward CTM but with
N, =52 andN, =34. As a result, the number of control reversed wind fields and a backward integration in time.
variable[e*]; used in the inversion for each specids 1768. Moreover, we have assumed the lifetime of the species
The meteorological data are generated from the reanalysiwithin the domain to be less than 10 days. After 10 days,
fields of the European Centre for Medium Range Weatherthe VOCs are assumed to be out of the domain or consumed
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Table 3. Factors applied to MOZART 2 explicit species concentra-
tions to determine the initial and boundary conditions of the model
species.

species factors and MOZART 2 species
C3Hg CsHg
NBUT 0.44 GHg
IBUT 0.22 GGHg
NPEN 0.05 GHg
IPEN 0.1 GHg
C3Hg C3zHg
TOLU 0.26 GHg
OXYL 0.03 C3Hg
MPXYL  0.03 C3Hg
ISO 0.03 GHg
ACE 0.35 GHg
CoHg CoHg
CoHg CoHy
BEN 0.44 GHg

by chemical reactions, and as a result the sensitivity of the

concentrations within the domain to the emissions is negligi-
ble.

5893

Table 4. Statistics of the discrepancy between the values of the
observations as generated by the forward model, or generated with
the approximate adjoint model: Pearson correlatiBp (nean di-

rect value, mean adjoint-based value and normalised mean square
error (NMSE). The mean values are in ugﬁn

species R mean mean adjoint- NMSE
directu’ basedu’

C3Hg 0.9981 0.5325 0.5580 0.0062
NBUT 0.9935 0.6287 0.6776 0.0229
IBUT 0.9967 0.3003 0.3279 0.0389
NPEN 0.9958 0.2369 0.2672 0.0528
IPEN 0.9955 0.2557 0.2825 0.0397
C3Hg 0.9962 0.1274 0.1404 0.0693
TOLU 0.9927 0.2290 0.2441 0.0387
OXYL 0.9958 0.3167 0.3339 0.0314
MPXYL 0.9901 0.1429 0.1478 0.0526
ISO 0.9728 0.1800 0.1521 0.2540
ACE 0.9995 0.4108 0.4241 0.0037
CoHg 0.9986 1.0104 1.0437 0.0029
CoHy 0.9953 0.2609 0.2814 0.0236
BEN 0.9979 0.4003 0.4214 0.0081

Table 5. Estimated standard deviations of the observation ergor (

In order to check these approximations, the concentrationyng ) and background errowd, andm;), under the Gaussian

fields from the adjoint model, obtained from the contribu-
tion of the sourcea whena = 1), were compared with the
concentration fields from the direct simulation (foe e”,

the EMEP inventory first guess, with clean air boundary and
initial conditions). This is the so-called duality test (Davoine
and Bocquet, 2007).

Figure 2 shows the comparison between the source contri-

bution to the observations estimated with the forward model
and with the adjoint model. Table 4 gives the Pearson corre-
lation, the mean values and the root-mean-square error that
result from the comparison of the two data sets. These re-
sults indicate that, with a view to inverse modelling, the ad-
joint model is accurate enough for most species. However,
the approximation is not as good for isoprene (fractional bias
of 17%, a correlation of @7 and a normalised root-mean-
square error of about.25) due to its short lifetime that in-

duces large numerical errors in the adjoint computation be-
cause of the resulting weak correlations between the sources

and the receptors.

3.4 Values of the hyperparameters

likelihood and truncated Gaussian likelihoeg.andm; are related
to case B1 and case B2, whilg andm; are related to case C. The
units ofrs andr;"™ are pgnt3, while m, andm are unitless.

species g ms  ry my

CsHg 048 1604 050 4.03
NBUT 0.36 2.02 0.37 0.64
IBUT 0.24 35.17 0.28 2.72
NPEN 0.19 6.01 0.20 0.76
IPEN 0.30 8.16 0.32 1.63
C3Hg 0.14 1422 0.15 2.84
TOLU 0.34 3.16 0.35 0.63
OXYL 0.08 16.75 0.09 1.33
PXYL 0.16 6.52 0.17 0.52
MXYL 0.16 6.52 0.17 0.52
1ISO 0.46 8265 060 2.61
ACE 0.35 4126 0.36 8.23
CoHg 0.55 17.40 0.57 4.37
CoHy 0.35 31.19 0.40 3.93
BEN 0.24 11.12 0.27 1.11

In the Gaussian case, the optimal values of the hyperparanto the values of the hyperparameters obtained from the fixed-

etersry andm; are obtained byalue screening of the pdf
Eq. (11). This means that the couples, m,) run over all
points of a regular grid of thér,, m,) plane, and the corre-

point solutions of Eq. (12). It can be seen that the optimal
value of the likelihood Eg. (11) is equal to the result of the
fixed-point method.

sponding pdf values have been computed. Their optimal val- A comparison between the likelihoods Eq. (11) and

ues are close to those maximising the likelihood pdf. They
are reported in Table 5 for each species. As an example, th
left panel of Fig. 3 displayg (u®|rs, ms) for the species n-

butane (NBUT). The coordinates are normalised with respec

www.atmos-chem-phys.net/13/5887/2013/

Eq. (14) is also shown in Table 5. The optimal value of
e" and m computed with Eq. (14) are obviously differ-
ent fromr; andm,. Remarkablyr;~ is always larger than
t,. Indeed, the Gaussian assumption inversion incorrectly

Atmos. Chem. Phys., 13, 5887-5905, 2013



5894 M. Bocquet et al.: Estimation of VOC emission inventories

10—y 107°

-

o
-

10° |-

o
o
=

0.00%

Concentratoions via adjoint simulatiqmjms)

s . |

L Laan Ll Lo Lo Lo
0.0001 0.001 0.01 0.1 1 1

Concentrations via direct simulatiqug[mS) 10

o
=3
‘=3
S
OF

2
(M MDsroiens)

Fig. 2. Comparison of the source contribution to the observations
estimated with the direct model and the adjoint model.

interprets part of the noise within the observations as useful
information, while the positivity constraint of the truncated
Gaussian assumption offers less flexibility. Therefore, the in-
version based on Gaussian assumptions underestimates the
errors’ magnitude. The comparison betweeh andm; is

of less relevance because the two parameters do not repre-
sent the same statistical information within the Gaussian or

4
(" /TDesson

truncated Gaussian assumptions. 3 ; ; 1o

As an example, the right panel of Fig. 3 displays the like- ; : : 05
lihood of the hyperparameters for ethane in the truncated 10 o o o o
Gaussian case. Again, the variables are normalised with re- 0 /e’

spect to the values obtained from the Desroziers method.
Fig. 3. These density plots display a monotonic transform of the
likelihood of the hyperparameters for NBUT in the Gaussian case
4 Inversion results (left) and GHg in the truncated Gaussian case (right). The mono-
tonic transform is used to obtain a better contrast in the density plot.

Four types of simulations conducted for the year 2005 arelhe abscissa and ordinate are normalised according to the optimal

reported here: parameters obtained from the fixed-point method.
— In case A, the VOC concentrations are simulated using
the EMEP inventoriesg; = L’Z_ in Eq. (1). This is a free likelihood following Sect. 2.5. In case B2, the statistical
runserving as a reference since the observations are not  assumptions are different in the estimation of the fluxes
assimilated. and the estimation of the hyperparameters, which may

lead to inconsistencies. However, the fact that ithe
andr hyperparameters are not too different proves that
these inconsistencies are small.

— In cases B1 and B2, the concentrations are simulated
using the emissions obtained from Eq. (4). In case B1,
the scaling factora® used in this equation are obtained
from the BLUE matrix formula Eqg. (8). By construc- We have also considered a third case B3, which takes
tion, case B1 can lead to negative emission fluxes. This  the results of B1 and artificially sets all negative val-
may be considered unphysical but it might have some ues to 0. However, we found that because it is not a
potential use for air quality forecast. minimum of Eq. (7), it leads to a poorly performing es-

timation. Therefore, case B3 was ruled out and is not

In case B2, the scaling factoss are obtained from the
reported here.

minimisation of Eq. (7). The L-BFGS-B minimisation
tool (Byrd et al., 1995) is used under the constraints that
a® > 0. However, it is assumed in both cases that the — Case C is similar to case B2 except that the hyperpa-
errors are essentially Gaussian, so the hyperparameters rameters are obtained using the truncated Gaussian like-
used in the inversion are computed with the Gaussian lihood following Sect. 2.5. In this case the estimation of
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Fig. 4. Time evolution of the horizontal mean over the whole do- _ . . . .

main of OH hourly concentrations for different levels (ground level Fig. 5. The totgl emitted mass correction, normalised with respect
in green, third level in blue and top level in red). Full lines are used to the total emltted_mass O_f the EMEP mvent_ory for cases B1, B2
for a priori simulations and crossed ones are used for a posterioff"d C- The normalised emitted mass correction represents the cor-

simulations. The dotted lines represent the standard deviation conf€ction to the emitted massE divided by the original emitted mass
puted for the corresponding levels. Ey. Therefore, there is no correctionAfE / Eg is equal to 0. Ifitis

equal to 1, the corrected emitted mass is twice the original emitted
mass. Ifitis equal te-1, the corrected emitted mass is 0. If it is less
the emission fluxes and the estimation of the hyperpathan—1, then the corrected emitted mass is negative.
rameters are statistically fully consistent.

4.1 Analysis of the inversion results molec cnT?, respectively. They are418x 108 # cm2 and
1.092x 10'2 molec cnt3, respectively, for the a posteriori

4.1.1 A posteriori verification of the model linearisation  concentrations. The Pearson correlations between the a priori
and a posteriori concentration fields are about 1.00 for both

Inthe full CTM, which is used in the present study, the chem-NO5; and Q. The standard deviation of the difference be-

ical kinetics of the reactions can be written as follows: tween a priori and a posteriori fields i627x 10% # cn3 for
8X(c) NOz and 4218x 10° molec cnT2 for Os. One additional iter-
() = X(c) +1)X(), (16) ation of the linearisation and inversion cycle barely changes

these results.

wheredX'(c) denotes the variation of the VOC concentra-  pyrthermore, an examination of the a posteriori VOC con-
tions field with respect to the variation of the oxidant con- ceniration fields shows that the results obtained with the re-
centration field. Until now, we assumed tha (c) < X(¢),  duced linear model are very close to those obtained with the
and that the reduced model was linear. o complete model. The relative bias between the two sets of

In order to check that hypothesis, the a priori and the aconcentrations for all of the VOC species and over the entire
posteriori (case C) oxidant concentration flellds ca_IcuIateq byspatial domain is 1% for the year 2005 and the correlation
the full CTM are compared. Because the inversion of iso-js 1 0o, Therefore, since the oxidant concentration fields are
prene emission will be later deemed unreliable, the EMEPjiye affected by the VOC data assimilation, we consider that

emissions (a priori emissions) have then been kept for ISQpe hynothesis that the reduced model is about linear is veri-
to perform this test. The mean value of the OH concentratioryqq.

is 1.882x 10 # cmi 3 for the a priori fields and 877 x 10°

# cm 3 for the a posteriori fields. The Pearson correlation 4.1.2 Comparison to the observations

between the a priori and a posteriori concentration fields is

about 1.00. The standard deviation of the difference betweefThe four runs A, B1, B2 and C are compared with the ob-
the a priori and the a posteriori fields (computed for all the servations of the analysis period (year 2005). Statistical indi-
time steps and cells) is205x 10* # cm 3. Figure 5 shows  cators for this comparison are reported in Table 6. For most
the comparison of the concentration fields of OH before andspecies the bias between the concentrations and the observa-
after data assimilation for two representative periods of huntions decreases with data assimilation, except when the mean
dreds of hours: the first one in winter, the second one inof the simulation is already close to the measurement mean.
summer. For N@ and G , the average values of the a pri- The root-mean-square errors (RMSEs) and the normalised
ori concentrations are418x 108 # cm3 and 1090 x 102 mean square errors (NMSEs) are systematically improved

www.atmos-chem-phys.net/13/5887/2013/ Atmos. Chem. Phys., 13, 5887-5905, 2013
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Table 6. Scores from the comparison between the observations and the simulated concentrations for four simulations. For each species, the
first line represents the scores for the simulations with the background fluxes (case A). The scores of the second line and third lines are relatec
to the simulations with the a posteriori emissions from Gaussian hyperparameters estimation (case B1 and case B2, respectively). The score
of the fourth line are related to the simulations performed with the a posteriori emissions under the truncated Gaussian assumption (case C)
The means and the RMSE are in pg?’n Bold numbers correspond to the best agreement with the observations.

species O case C RMSE NMSE R FA, FAg

C3Hg 113 A 0.54 0.83 114 077 0.40 0.946
B1  1.08 0.46 0.18 0.85 0.91 0.999
B2 1.07 0.49 0.20 0.83 0.91 0.998
C 1.04 0.51 022 082 090 0.998

NBUT 062 A 0.64 0.41 043 0.68 0.80 0.989
Bl 059 0.36 035 0.75 0.85 0.996
B2 059 0.36 0.36 0.74 0.85 0.995
C 0.58 0.37 0.38 0.72 0.84 0.995

IBUT 033 A 0.18 0.37 221 055 059 0.960
B1 0.33 0.23 046 0.82 0.790.972
B2 0.33 0.28 069 0.71 0.78 0.978
C 0.31 0.30 0.86 0.65 0.770.984

NPEN 030 A 0.25 0.25 0.86 0.48 0.57 0.939
Bl 0.26 0.18 0.41 0.70 0.77 0.987
B2 0.25 0.20 0.51 0.65 0.71 0.974
C 0.24 0.21 0.63 0.60 0.66 0.972

IPEN 051 A 0.45 0.42 1.39 042 044 0875
B1  0.46 0.29 036 065 0.82 0.993
B2 045 0.31 042 060 0.78 0.989
C 0.43 0.32 047 056 0.77 0.989

C3Hg 018 A 0.06 0.21 4.37 045 0.27 0.653
B1 0.16 0.13 0.61 0.72 0.78 0.970
B2 0.15 0.15 0.77 0.66 0.71 0.964
C 0.15 0.18 0.85 0.64 0.70 0.963

TOLU 046 A 0.46 0.39 0.73 047 0.65 0.953
Bl 043 034 0.56 0.58 0.72 0.957
B2 043 0.35 0.60 056 0.70 0.959
C 0.43 0.36 0.64 0.53 0.680.960

OXYL 009 A 0055 0.11 221 0.37 0.49 0.879
B1 0.086 0.07 0.65 0.74 0.68 0.962
B1 0.083 0.09 0.97 0.60 0.63 0.950
C 0.080  0.09 1.06 0.57 0.62 0.946

MPXYL 0.19 A 0.17 0.20 125 033 0.53 0.909
B1  0.17 0.15 0.71 059 0.65 0.956
B2 0.16 0.17 0.89 052 0.62 0.940
C 0.16 0.17 1.01 047 057 0.919

ISO 031 A 0.18 0.86 13.47 063 0.35 0.708
Bl 031 0.46 2.22 0.91 045 0.716
B2 0.36 0.59 3.18 0.82 0.46 0.789
C 0.35 0.59 3.22 0.82 0.46 0.795

ACE 052 A 0.12 0.57 495 0.69 0.11 0.723
B1  0.49 0.34 0.45 0.67 0.72 0.995
B2  0.49 0.35 049 064 0.71 0.992
C 0.47 0.38 059 057 0.69 0.989

CoHg 193 A 1.17 0.99 0.43 0.78 0.761.000
B1 1.83 0.53 0.08 0.86 0.99 1.000
B2 181 0.55 0.09 0.85 0.99 1.000
C 1.76 0.59 0.10 0.83 0.99 1.000

CoHy 064 A 0.20 0.68 350 0.63 0.22 0.677
Bl 061 0.33 0.28 0.85 0.81 0.987
B2  0.59 0.39 040 079 0.77 0.984
C 0.58 0.43 049 074 0.76 0.983

BEN 047 A 0.42 0.31 0.47 0.69 0.740.994
B1  0.46 0.23 0.25 0.81 0.84 0.977
B2  0.46 0.26 0.31 0.77 0.82 0.992
C 0.46 0.28 0.36 0.73 0.82 0.993

Atmos. Chem. Phys., 13, 5887-5905, 2013 www.atmos-chem-phys.net/13/5887/2013/



M. Bocquet et al.: Estimation of VOC emission inventories

5897

Table 7. For all species, the total emitted mass (in Gg) for the sian case B1 since fluxes are allowed to be negative in this
EMEP inventory run (case A), the a posteriori emissions undercase (e.g. isoprene emissions).
Gaussian assumption (cases B1 and B2) and the a posteriori emis- The results of case B2 and case C indicate that the

sions under the truncated Gaussian assumption (case C).

case C

species caseA caseBl caseB2

C3Hg 7.4 18.3 184 151
NBUT 19.0 16.5 16.8 18.0
IBUT 4.7 10.3 9.1 6.1
NPEN 9.7 7.1 7.8 8.9
IPEN 9.2 11.4 10.8 10.1
C3Hg 4.1 5.4 5.9 5.4
TOLU 12.7 111 11.4 12.1
OXYL 2.6 1.9 2.4 25
PXYL 5.7 3.5 4.4 5.4
MXYL 2.3 2.4 2.1 2.2
ISO 165.0 —925.5 1249 1434
ACE 2.1 10.6 9.9 4.8
CsHg 7.2 22.9 22.0 17.2
CoHg 7.9 19.1 20.1 14.5
BEN 5.6 7.1 6.7 5.8

EMEP inventories may underestimate the true emissions
for propane (GHsg), isobutane (IBUT), isopentane (IPEN),
propene (GHs), acetylene (ACE), ethane {Hg), ethylene
(CoH4) and benzene (BEN). They may overestimate the true
emissions for the other VOC species. For all the species, the
total mass obtained from the inversion based on the trun-
cated Gaussian assumption (case C) is between the EMEP
inventory and the total mass estimated with the Gaussian
assumption (case B2). Comparison between cases A and C
shows a strong correction fors8g, ACE, GHg, and GHa.

Itis less than 20 % for n-butane (NBUT), n-pentane (NPEN),
isopentane (IPEN), toluene (TOLU), o-xylene (OXYL) and
m-xylene (MXYL). Figure 5 presents the ratio between the
correction of the emission (i.e. the total posterior emission
minus the total prior EMEP emissions) and the total prior
emission for the Gaussian cases (B1 and B2) and the trun-
cated Gaussian case (C).

4.1.4 Spatial distribution

species, except acetylene (ACE), the Pearson correlation cofisplays the spatial ratio between the posterior emissions and
efficients R, FA and FA; are remarkably improved in the  the prior EMEP emissions for acetylene (ACE, with an av-
reanalyses. FAis the fraction of the simulated concentra- grage lifetime of 110 days), ethanexf@, with an average
tions within a factorx of the corresponding observations. In jifetime of about 60 days), propane s, with an average

the very few cases where an indicator is not improved, othefifetime of about 14 days), isobutane (IBUT, with an average
indicators are improved. The decrease of the correlation injfetime of about 7.5 days), ethylene 8, with an average

the ACE case is due to a very large bias, which is compentifetime of about 1.45 days) and isoprene (ISO, with an av-
sated by a very significant improvement of the other indica-grage lifetime of about 1.7 h). Obviously, the corrections ex-
tors, particularly the bias.

Considering all species (14) and all statistical indicatorsjjed species, such as ACE anglg, than for the short-lived
(6) together, we have counted how often the forecast rungpecies.
B1, B2 and C beat the free run A: 81 times out of 84 in case  As can be seen, with the B2 approach based on a Gaussian
B1, 80 times out of 84 in case B2 and 79 times out of 84 ingstimation of the prior errors, the magnitude of the correc-

case C.

tend much farther from the monitoring stations for the long-

tions is significantly higher than when using the fully consis-

The fact that run B1 is slightly closer to the observations ient non-Gaussian approach C. One way to understand this is
than B2 and C is consistent with the fact that the optimisa-that, with the Gaussian assumption, part of the error (noise)
tion on which B1 relies is less constrained than that of B2 orig mjsinterpreted as valuable information (signal), such that
C (emission fluxes can be negative in case B1). However, ithe Gaussian assumption leads to over-corrections. A simi-
does not prove that method B1 is better than method B2 oy phenomenon was put forward by Koohkan and Bocquet
C since a comparison with the (already assimilated) observae12) in the inversion of carbon monoxide emission fluxes:

tions is merely a check of consistency, not a validation.

4.1.3 Estimated inventories

the proper identification of representativeness errors leads to
smaller corrections of the emission fluxes.

Several studies have performed inverse modelling of iso-
prene emissions over Europe. To do so, they assimilate satel-

For each of the 15 species, the total emitted mass of thdite observations of formaldehyde (e.g. Curcietal., 2010; Du-
EMEP inventory is compared to the a posteriori emission ob-four et al., 2009). Specifically, they exploit the observations
tained from data assimilation following Gaussian assumptionof SCIAMACHY (instrument operating onboard the sunsyn-
(B1 and B2) and truncated Gaussian assumption (C). The rechronous Envisat satellite) with a resolution of 360 knr?.
sults are reported in Table 7. Caution must be used on the infhe study of Curci et al. (2010) shows an increase of about
terpretation of the results of the statistically consistent Gaus5 % for the MEGAN (Guenther et al., 2006) emissions. Our

www.atmos-chem-phys.net/13/5887/2013/
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Fig. 6. Gridded EMEP time-integrated flux (in tk*n%yrfl, left column) and gridded ratios of time-integrated retrieved flux to EMEP time-
integrated flux for, from top to bottom, acetylene (ACE), ethangHg)}, propane (GHg), isobutane (IBUT), ethylene ¢Ei4) and isoprene

(ISO). The species are ordered by decreasing lifetime. The central column corresponds to case B2 and the right column corresponds to cas
C. Green and blue colours correspond to reduction of the emission fluxes, whereas red and pink colours correspond to an increase of the
emission fluxes.

results show that the emissions of isoprene decrease by abowfith the former leading to greater isoprene emissions on av-
24% in case B2 and by 13% in case C for the emissionsrage over Europe — for example by a factor of about 2.5
obtained from Simpson et al. (1999). This discrepancy isfor the July—August 2006 period (Sartelet et al., 2012). This
explained in part by the fact that the emission inventoriesdiscrepancy is also explained by the very short lifetime of
of isoprene by Simpson et al. (1999) and MEGAN differ isoprene (1-2 h). For this species, assimilation of in situ ob-
significantly (Bessagnet et al., 2008; Sartelet et al., 2012)servations seems quite inoperative because the information
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is not spread far enough by the (adjoint) model. Our results According to Table 8, an improvement of all the scores can
are only valid near the five stations measuring isoprene. Orbe seen for gHg, NBUT, NPEN, GHg, CoHg, CoH4 and

the contrary, satellite observations are well suited for thisSBEN using the optimal scaling factors. However, the bias is
short-lived species as remote sensing offers a (indirect) spancreased for OXYL (in case B2), MPXYL (in cases B2 and
tially well-resolved snapshot of the concentrations, althoughC) and ISO (in case B2), using the corrected emissions. De-
uncertainties are associated with using oxidation productspite that degraded bias, the other indicators are improved.
(formaldehyde, glyoxal) of isoprene to retrieve the isopreneFor IBUT, the RMSE is increased in case B2, and the cor-
emissions. In addition, the errors made by the approximataelation is decreased in cases B2 and C. The statistical in-
adjoint model (or automatic adjoint up to some numerical dicators show that the RMSE increases for IPEN using the
precision) are larger for short-lived species (Bocquet, 2012)corrected emissions. For that species, the Pearson correla-
As a consequence, the case of isoprene in this study is soméeon coefficient is also deteriorated in case B2. For TOLU, the
how singular because its lifetime is so short. Neverthelessbias, NMSE and FAare degraded using scaling factors. The
most results of isoprene are given in this study for the sakeRMSE is also increased in case B2. The scores also show a
of comparison and to document the inadequacy of the in sitidecrease of the Pearson correlation coefficient for ACE when
observations for regional inverse modelling in such a case. using the corrected emissions.

4.2 Forecast test 4.3 Cross-validation test

In order to test and possibly validate the corrected emission§ince the EMEP Netherlands VOC station Kollumerwaard
obtained from inverse modelling, one needs observations thadoes not provide any observation for the year 2005, that sta-
have not been assimilated. One stringent test is to perform &on is not included in the list of stations used for the analysis
forecast using the corrected emissions over a period of timef 2005. Yet, for the year 2006, 11 out of 14 VOCs were mea-
different from the data assimilation window, assuming somesured at Kollumerwaard, excluding NBUT, ACE andHg.
time persistence of the VOC inventories. Kollumerwaard is located far from the other stations whose
Four inventories are generated with Eq. (4), using theobservations lead to the corrections in the emission invento-
background EMEP emissiarj, ora;, = 1 (case A), and the ries. Therefore, we do not expect the simulated concentra-
scaling factors of cases B1, B2 and C. In each case, a forecatibns of the VOC with a short lifetime, at this station, to be
is performed for the year 2006. These simulations are thervery sensitive to the correction of the emissions. Indeed, as
compared with the independent observations of year 2006. shown in Table 9, the scores obtained from the comparison
Note that because some of the fluxes retrieved in case Bbf the simulated concentrations in case A of ISO (lifetime of
are negative, and because numerical schemes of CTMs oftebout 1.7 h) with the measurements are similar to those ob-
rely on the positivity of the concentrations, we had to circum- tained from the comparison of the concentrations in cases B
vent the difficulty. One solution consists in decomposing theand C with the observations.

scaling factors into a positive part and a negative p&rt= For species with a longer lifetime (about 1 to 2 days), for
o’ +a’ , such that, invoking the linearity of physics, the con- C3Hg (lifetime of about 15 h), OXYL (lifetime of about 25—
centrations are given by’ (a’) = H*(a’,) — H*(—a®). 26 h), MPXYL (lifetime of about 14-25h) and TOLU (life-

The statistical indicators are reported in Table 8. Thetime of about 2.4 days), the corrections of the inventories are
results indicate that, for most species, the scores are immore spread out over the domain. The scores indicate that
proved using the retrieved scaling factors of case B2 andhe results in case C are in a better agreement with the ob-
case C, whereas they are degraded in case B1l. Consideservations. The results also show that for the species with a
ing all species and all statistical indicators together, we havdifetime between 4 and 7 days (IBUT, NPEN and IPEN), the
counted how often the forecast runs B1, B2 and C beat thescores are deteriorated. It is likely that the corrections per-
free run A: 41 times out of 84 in case B1, 69 times out of 84 formed close to the Kollumerwaard station are not reliable
in case B2 and 77 times out of 84 in case C. enough. For the species with a lifetime longer than 10 days

The fully consistent truncated Gaussian approach C per{CsHg and BEN), the scores are remarkably improved. The
forms best and beats the Gaussian-based but positivelgmission inventories of §Hg are corrected almost all over
constrained approach B2. Both positively constrained apthe domain.
proaches beat the fully consistently Gaussian approach B1. Considering all species and all statistical indicators to-
Since B1 partially leads to unphysical negative fluxes, thisgether, we have counted how often the forecast runs B2 and
could have been expected. However, as was shown by BodZ beat the free run A at the Kollumerwaard station: 34 times
quet (2012), an unconstrained optimisation of parameter®ut of 66 in case B2 and 43 times out of 66 in case C. The
that are allowed to take unphysical values may sometimesise of the corrected emissions from case C has a positive im-
lead to valuable better forecasts because it compensates fpact on the forecast at the station, even though the station
other sources of model error. Obviously, this is not the casds far away from the other stations whose observations were
here. assimilated.
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Table 8. Scores of the forecast test (year 2006) from the comparison of the observations and the simulated concentrations for four simula-
tions: case A, case B1, case B2 and case C. The means and the RMSEs areth Bglehnumbers correspond to the best agreement with
observations.

species O case C RMSE NMSE R FA, FAg

CzHg 1.10 A 055 0.85 1.19 0.76 0.46 0.958
Bl 1.14 0.63 0.32 0.80 0.85 0.992
B2 1.06 0.61 0.32 0.78 0.89 0.998
C 1.00 0.59 032 0.79 0.88 0.998

NBUT 0.56 A 0.75 0.45 0.49 0.72 0.70 0.977
Bl 0.38 0.39 0.40 0.78 0.83 0.994
B2 0.62 0.36 0.38 0.76 0.80 0.994
C 0.65 0.37 0.38 0.76 0.79 0.994

IBUT 0.34 A 021 0.33 1.46 0.61 0.67 0.967
Bl 0.36 0.46 1.73 0.49 0.56 0.825

B2 0.37 0.35 0.93 055 0.75 0.975

C 032 0.33 0.98 0.54 0.74 0.975

NPEN 0.29 A 031 0.31 1.08 0.45 0.56 0.919
Bl 0.18 0.30 1.72 0.48 0.39 0.692

B2 0.26 0.28 1.03 0.51 0.61 0.949

Cc 0.27 0.27 0.94 052 0.62 0.950

IPEN 0.47 A 029 037 0.99 0.49 0.54 0.906
B1 0.37 0.62 2.17 0.31 043 0.733

B2 0.46 0.46 0.99 0.42 0.64 0.963

C 042 0.38 0.73 0.49 0.65 0.969

CzHg 0.19 A 0.08 0.24 3.86 0.44 0.39 0.674
B1 0.07 0.24 4.40 051 0.24 0.521
B2 0.13 0.20 1.58 0.60 0.50 0.877
Cc 013 0.20 1.62 0.60 0.49 0.873

TOLU 0.66 A 057 0.69 1.28 0.28 0.55 0.876
B1 0.47 0.73 1.65 0.25 0.56 0.852
B2 0.48 0.70 1.55 0.27 0.58 0.864

C 0.50 0.68 1.42 0.29 0.60 0.875

OXYL 0.07 A 0.07 0.07 1.05 0.42 054 0.885
B1 0.04 0.08 2.35 0.42 0.36 0.693
B2 0.06 0.07 0.98 0.52 0.54 0.918
C 0.07 0.07 0.95 050 0.56 0.910

MPXYL 0.21 A 021 0.25 1.45 0.32 051 0.856
B1 0.10 0.23 2.73 0.49 0.38 0.720

B2 0.16 0.21 1.38 0.50 0.53 0.885

C 018 0.22 1.33 0.44 0.53 0.863

ISO 0.31 A 0.35 1.04 10.25 0.21 0.26 0.571
B1 139 19.95 939.9 -0.18 0.16 0.287
B2 0.25 0.81 8.59 0.46 0.34 0.682
c 0.27 0.81 8.05 0.44 0.33 0.656

ACE 0.68 A 0.14 0.83 7.17 0.57 0.17 0.649
B1 0.49 0.58 1.00 0.60 0.63 0.966

B2 047 0.62 1.22 0.51 054 0.952

C 036 0.70 1.98 0.39 052 0.837

CoHg 1.89 A 115 1.05 0.51 0.78 0.80 0.998
Bl 1.96 0.76 0.16 0.81 0.98 0.999
B2 178 0.76 0.17 0.78 0.97 1.000
c 171 0.75 0.17 0.79 0.97 0.999

CoHg 0.66 A 0.26 0.87 4.43 059 036 0.751
Bl 0.39 0.74 2.15 0.65 0.39 0.713
B2 0.61 0.62 0.97 0.73 0.64 0.978
C 056 0.66 1.18 0.69 0.65 0.980

BEN 0.47 A 044 0.38 0.69 0.65 0.77 0.995
B1 0.57 0.42 0.65 0.70 0.71 0.966
B2 047 0.35 0.55 0.71 0.81 0.994
C 046 0.36 0.59 0.69 0.800.997
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Table 9. Scores at the Kollumerwaard station (for the year 2006) trix of Eq. (15). Due to the positivity constraint, there is no
from the comparison of the observations and the simulated conanalytical formula in cases B2 and C for the uncertainty of
centrations for three simulations: case A, case B2 and case C. Thghe retrieved emissions. However, it can be computed using a
means and the RMSES are in uga Bold numbers correspond o Monte Carlo approach. One first draws a new set of observa-
the best agreement with observations. tions and a new emission background according to their prior
statistics. Then an inversion is performed and constitutes one

species case O C RMSE NMSE R FA FA .
pect 2 s draw of the Monte Carlo analysis. A large number of Monte
A 082 212 324 005 039 0799  Cgrlodraws are performed until convergence of the statistics,
C3Hs B2 1.69 097 181  2.08 043 063 0.936 for inst th . fth ission field
c 081 187 256 047 056 0.932 orllns ?nce e variance of eﬁmlsslcl)n |eC. | o
n a first experiment, using nt rlo statistics,
A 044 033 132 054 060 0.868 h a dS 3 ge 'me l;shg esle 0 ef ha 0 statistics
IBUT B2 033 041 039 119 034 060 0927 the standard deviation of the total mass of the emission as
C 036 034 098 037 062 00948 well as the arithmetic and quadratic mean of the standard
A 028 042 153 052 050 0899 devia_tion of a flux in a grid cell are computed. From experi-
NPEN B2 042 018 048 299 048 045 0859  menting, the number of draws necessary to reach an accept-
¢ 023 044 200 053 052 0917  aple convergence for the total mass and its standard devia-
A 043 059 132 020 048 0.868 tionis 300. Because, for most VOCs, the correction does not
IPEN B2 061 037 063 204 013 041 0770 extend far from the EMEP stations, the retrieved emission
C 033 065 175 012 036 0814
relaxes to the background away from them, such that the re-
A 008 030 610 065 036 0719  giting total mass uncertainty is small. Besides, it does not
C3Hg B2 017 014 026 279 0.63 044 0.780 : ;
o 013 026 297 066 039 0734 mean that t.he (.estl'mated ur)certalnly cannot be locally large.
A 052 043 008 048 067 0886 Thgrefore, in this first e>_(per|men_t, we only per_turb the obser-
TOLU B2 053 035 0.35 064 072 061 00937 vations, so the Uncertalﬂty that IS Computed IS a meaSUre- of
C 039 033 052 073 067 0942 the uncertainty of the correction to the background, assuming
A 006 010 151 052 039 0847 the background is reliable wherever the observation does not
OXYL B2 011 005 010 176 059 036 0818 |eadtoa correction. ForeachVOC species, the resulting stan-
¢ 006 009 158 060 038 0829  gard deviation of the total mass is either normalised by the to-
A 015 022 144 072 039 0.881 tal retried mass or by the absolute difference between the re-
MPXYL B2 022 011 023 226 075 036 0875  yiayed and the background emission total mass. The second
C 014 021 148 075 038 0.888 o . . . .
normalisation is more enlightening as it tells how reliable the
A 005 035 143 033 019 0.445 : L
SO B2 018 005 035 1399 032 020 0463 correc_tlon tlo the background dye to .the aSS|m|Iat|qn of ob
c 005 035 13.29 032 020 0463 servations is. Moreover, the arithmetic and quadratic means
A 014 044 433 057 024 0609 of the standard _deV|at|on of individual emission fluxes aver-
CoHa B2 0.18 017 045 358 044 033 0691 aged over all grid cells are also computed, and show the ex-
c 020 040 242 055 031 0.662 pectedly much stronger uncertainty of individual fluxes. The
A 054 083 292 000 048 0772 Quadratic mean strengthens even more the heterogeneity of
BEN B2 0.44 0.24 0.67 426 0.23 043 0.816 the local correction uncertainties.
c 030 065 325 027 052 0.869

Table 10 gives these standard deviations in case C and
for each VOC. Each of these uncertainties needs to be in-
terpreted with care. Let us look at three species. The correc-
tion to the total emitted mass of isoprene (ISO) has a large
uncertainty of 30%, which is consistent with the findings of
Although the forecast and cross-validation tests are suffithis study. The correction to the total emitted mass of acety-
cient to validate the added value of the retrieved emissionslene (ACE) has an uncertainty of 11 %, but the possible large
they do not yield the expected uncertainty of these fields.bias that was deemed possible in the ACE because of a pos-
To do so, one approach would consist in performing sensisible bias in the boundary conditions case cannot be diag-
tivity analysis of the retrieved emissions on several factorsnosed here because our methodology does not handle biases
such as boundary conditions, oxidant species or transpotti.e. systematic errors). Therefore, this value of 11% does
model. However, that would require knowing the uncertainty not represent the possible bias in the boundary condition (but
of those influential factors, which are not always available forit does account for errors in the boundary conditions with-
VOC, or that would be difficult to estimate, for instance, for out bias). Since these corrections extend far away from the
the boundary conditions (Se&.2). Another approach relies stations, the mean standard deviation of individual emission
on the fact that prior errors were objectively assessed via théluxes is as large as 111%. The correction to the benzene
estimation of two hyperparameters (Sect. 2.5). It is then pos{BEN) total emission mass is 42 %, which although large is
sible to estimate the posterior uncertainty. In the B1 case, th@an estimation relative to the small correction brought about
uncertainty is given by the a posteriori error covariance ma-by the assimilation of EMEP observations.

4.4 Uncertainty of the retrieved emissions
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Table 10. Monte Carlo estimation of the uncertainty of the correction to the EMEP emission inventory yielded by data assimilation in case

C. Mgmep: the total 2005 emitted mass for EMEP inventory (in Tg)c); the total mean reconstructed emitted mass (in ’Zg):

the standard deviation (std.) of the reconstructed mass normalised by the mean reconstructed emit@ﬁ%@: the standard
deviation of the reconstructed mass normalised by the difference in absolute value between the reconstructed mass and the EMEP emissio

mass;%”c’f)): the arithmetic mean of the standard deviations of the individual emission fluxes normalised by the mean emitted mass in a

grid cell; 7”\@;(0’;@): the quadratic mean of the standard deviations of the individual emission fluxes, normalised by the mean emitted mass.

Species Mewep  (Mc) TGS e el YIEo)
CsHg  0.00736 0.01510  0.033 0.064 0.217 0.628
NBUT 001901 0.01798  0.010 0.174 0.057 0.191
IBUT  0.00465 0.00606  0.031 0.133 0.155 0.562
NPEN  0.00971 0.00894  0.011 0.132 0.068 0.195
IPEN 000917 0.01018  0.021 0.218 0.137 0.446
CsHg  0.00413 0.00544  0.026 0.107 0.153 0.477
TOLU 001268 001210  0.008 0.177 0.042 0.154
OXYL 000255 000253  0.016 1.883 0.070 0.286
MXYL 0.00572 0.00541  0.005 0.092 0.023 0.089
PXYL 000226 000222  0.002 0.123 0.009 0.038
ISO 016502 0.14335  0.046 0.304 0.083 0.490
ACE 000209 000483  0.062 0.110 0.282 1.105
C,Hg  0.00720 0.01726  0.026 0.045 0.206 0.539
C,H, 000790 0.01456  0.029 0.063 0.198 0.572
BEN  0.00555 0.00584  0.014 0.291 0.070 0.230

In a second experiment, a map of the gridded flux stan5 Conclusions
dard deviations obtained from the Monte Carlo analysis is
displayed. As opposed to the previous experiment, both therhe goal of this study was to estimate the emission invento-
background and the observations are perturbed according tges of 15 VOC species using ground-based in situ measure-
their diagnosed statistics, such that an absolute uncertainty ghents. The concentration observations at 11 stations from the
the estimated emission fluxes is assessed instead of the unc@MEP network over western Europe were assimilated to per-
tainty on the correction. Furthermore, the number of draws isorm inverse modelling of the emission field for each of the
chosen to be 3 10% instead of 300 because one needs to ob-15 species for the year 2005.
tain convergence of the variance in each grid cell. As exam- For that purpose, the Jacobian matrix — i.e. the source—
ples, two maps are displayed in Fig. 7: for propangH§)  receptor relationship — was built using thelRAIR3D CTM.
and isobutane (IBUT) chosen among the species of Fig. 6To compute that matrix, a fast version of this CTM as well
Far from the stations, the uncertainty relaxes to some finites its validated approximate adjoint model have been devel-
value driven by the uncertainty of the background, hence theyped. The chemistry module of this fast version only includes
value of hyperparameter;”. Had we only perturbed the ob- the chemical reactions between the VOC species and three
servations, the uncertainty would have relaxed to O far fromgxidants (OH, N@ and @), the concentrations of which are
the stations. As expected, close to the stations, the uncepre-computed with the full CTM.
tainty decreases. As for the inverse modelling corrections, the For each species and each grid cell, a scaling factor that
spatial distribution of the uncertainty also strongly dependsmuiltiplies the local EMEP emission flux is computed. The
on the lifetime of the species. uncertainty attached to the prior scaling factors and the co-

Finally, let us mention that unaccounted model errorsvariance matrix of the observation errors, which are crucial
make these uncertainty estimations overly optimistic. How-statistical components of the inversion, are obtained using
ever, the estimation of the diagonal part of the observationthe maximum-likelihood principle. The principle was imple-
error covariance matriR, performed in this study partially mented using two different assumptions: (1) the errors at-
accounts for model errors, so this may alleviate the issue. tached to the scaling factors follow a Gaussian pdf or (2) the

scaling factor follows a truncated Gaussian pdf.

In the Gaussian case, the simulated concentrations for the
year 2005 using the corrected emissions lead to a significant
improvement in most statistical indicators. However, the fact
that the VOC fluxes are positive is not statistically accounted
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CsHs often led to significant improvements in the statistical indica-
Z tors. Considering all statistical indicators, the fully consistent
2.8 truncated Gaussian approach emerged as the best approach
o4 from this test.

The 2006 forecasts have also been compared to the ob-
servations at the Kollumerwaard station in the Netherlands.
16 The Kollumerwaard station is not part of the 11 stations used
in the analysis of 2005. Even though this station is far away
from the 2005 network and its surroundings have emission

08 fluxes that are little affected by the 2005 analysis, some im-
0.4 provements are noticed for several long-lived VOC species
using the statistically consistent positively constrained inver-
sion.
The estimation of the uncertainty of the retrievals has been
2.00 discussed. Using a Monte Carlo technique, an objective es-
175 timation of the uncertainty of the retrieval was provided for

each species. However, this estimation does not account for
possible systematic errors in the boundary conditions.
For anthropogenic VOC (alkanes, alkenes, acetylene and

1.50
1.25

1.00 aromatics), the inversion modelling suggests that the current
0.75 EMEP emission inventories are correct within 33% on av-
0.50 erage for n-butane, isobutane, n-pentane, isopentane, propy-

lene and aromatics (benzene, toluene and xylenes). However,
there are large discrepancies (about 1 order of magnitude) in
0.00 specific regions. The emission inventories appear to be sig-
nificantly underestimated (about a factor of 2) for ethane, n-
Fig. 7. Plot of the gridded unitless standard deviations of the scalingpropane, ethylene and acetylene. Revisions to VOC emission
variablese that represent a posteriori uncertainties of the griddedinventories appear to be warranted and experimental investi-
gmission fluxes of propane §Blg, left) and isobutane (IBUT, right), gations of speciated VOC emissions from major source cat-
in case C. egories (e.g. on-road traffic, petrochemical industry) are rec-
ommended.

As an extension to this study, we have tried but failed
for, and this is shown to lead to a probable over-fitting to theto disaggregate the inversion among the different emissions
observations and to over-corrections of the EMEP emissionssectors in this study using a positive matrix factorisation ap-
Using a fully consistent truncated Gaussian assumption foproach. The chemical profiles of the sectors in regard to the
the emission fluxes, including the use of a non-Gaussian likeeonsidered species were too collinear to get a robust segre-
lihood for the estimation of the hyperparameters, the correcgation.
tions are significantly smaller. It would be of interest to assess the method potential ef-

For short-lived species, it is shown that information can- ficiency in more specific situations. The methodology devel-
not propagate far from the monitoring stations, such that theoped here could be applied for specific source categories us-
corrections are rather local to the stations. That is why weing tracer measurements such as levoglucosan for biomass
deem the isoprene inversion to be unreliable. That is a typburning. Its efficiency could also be investigated for short-
ical case where remote sensing assimilation is necessary foved species but for local emission inventories — for instance
offer a satisfying coverage. at the urban scale. Of course, this extension of the method

Long-lived species modelling may be impacted by bias inimplies the availability of a large and consistent set of mea-
the boundary conditions. We found that with a lifetime of surements of specific species.

4 months and highly uncertain boundary conditions, the in-

version of the acetylene emission should be interpreted cau- ) )
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