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Abstract. The purpose of the present study is to investigatel Introduction

the uncertainties in simulating secondary organic aerosol

(SOA) in Mexico City metropolitan area (MCMA) due to Meteorological, emissions, and air quality models are the key
meteorological initial uncertainties using the WRF-CHEM components of photochemical air quality simulation mod-
model through ensemble simulations. The simulated period€ls (PAQSM). Uncertainties associated with PAQSM are var-
(24 and 29 March 2006) represent two typical meteorologicalied and complex and they interact both within and across
episodes (“Convection-South” and “Convection-North”, re- models (Fine et al., 2003). Meteorological condition simu-
spectively) in the Mexico City basin during the MILAGRO- lation is critical for understanding the formation, transforma-
2006 field campaign. The organic aerosols are simulatedion, diffusion, transport, and removal of the pollutants. Dab-
using a non-traditional SOA model including the volatility Perdt et al. (2004) have listed the meteorological research
basis-set modeling method and the contributions from gly-needs for improved air quality forecasting, one of which is
oxal and methylglyoxal. Model results demonstrate that un-to provide model uncertainty information through ensemble
certainties in meteorological initial conditions have signifi- Prediction capabilities and quantify uncertainties and feed-
cant impacts on SOA simulations, including the peak timebacks between meteorological and air quality modeling com-
concentrations, the horizontal distributions, and the temporaponents. Past studies on photochemical sensitivity to mete-
variations. The ensemble spread of the simulated peak SOArological uncertainty mainly include Monte Carlo simula-
at TO can reach up to 4.0 pgmduring the daytime, which ~ tions (Hanna et al., 2001; Beekmann and Derognat, 2003;
is around 35 % of the ensemble mean. Both the basin widdrwin et al., 1987; Stuart et al., 1996; Bergin et al., 1999;
wind speed and the convergence area affect the magnitudeabberdt and Miller, 2000) and adjoint sensitivity studies
and the location of the simulated SOA concentrations insidgMenut, 2003). The ensemble approaches have also been uti-
the Mexico City basin. The wind speed, especially duringlized in photochemical modeling by using different models
the previous midnight and the following early morning, influ- (Galmarini et al., 2004a, b; McKeen et al., 2005), photo-
ences the magnitude of the peak SOA concentration througkhemical reactions (Delle Monache and Stull, 2003), emis-
ventilation. The surface horizontal convergence zone genersion scenarios (Delle Monache et al., 2006), and physical
ally determines the area with high SOA concentrations. TheParameterizations (Mallet and Sportisse, 2006). In general,
magnitude of the ensemble spreads may vary with differenthe ensemble means performed better than most individual
meteorological episodes but the ratio of the ensemble sprea@odels.

to mean does not change significantly.
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11296 N. Bei et al.: Uncertainties in SOA simulations due to meteorological uncertainties

Zhang et al. (2007a) have showed large uncertainties irtion of the new SOA formation mechanisms using CTMs is
the ozone (@) prediction in Houston and surrounding ar- considerably influenced by the uncertainties from measure-
eas due to meteorological initial uncertainties through bothments, emissions, aging of semi-volatile and intermediate
meteorological and photochemical ensemble forecasts. Beiolatile organic compounds, and contributions from back-
et al. (2010) have further investigated ozone predictabilitiesground transport (Li et al., 2011a), few studies have con-
due to meteorological uncertainties in Mexico City Basin us- sidered the key role of meteorological conditions in the as-
ing ensemble forecasts. They found that the largest unpresessment of the SOA mechanism, especially when the mea-
dictability in O3 simulations was attributed to the increasing surements of SOA are confined in one or several supersites,
uncertainties in meteorological fields during peakp@riod,  which potentially constitutes one of the largest uncertainties
and the impacts of wind speeds and PBL height grsith- in the evaluation of the SOA formation mechanism.
ulations are more straightforward. The ensemble spreads of The purpose of this study is to investigate the uncertain-
simulated @ also vary with different PBL schemes and me- ties in simulating SOA in the Mexico City basin due to me-
teorological episodes. These works have demonstrated thorological initial uncertainties based on the measurements
importance of accurate representation of meteorological conebtained during MILAGRO-2006 field campaign (Molina et
ditions in the air pollution studies in urban areas. al., 2010). The impacts of meteorological uncertainties on

Atmospheric aerosols pose serious health risks and exel$OA simulations are investigated through ensemble simula-
an important radiative forcing on climate. Organic aerosolstions using state-of-the-art meteorological and photochemi-
(OA), accounting for 2090 % of the total fine particulate cal prediction models for two selected days (24 and 29 March
mass in the atmosphere (Zhang et al., 2007b), compris€006), which represent two of the typical meteorological
primary OA (POA) that is directly emitted into the atmo- episodes “Convection-South”, and “Convection-North” in
sphere in particulate form, and secondary OA (SOA) whichOs predictions in the Mexico City basin during MILAGRO-
is formed from chemically processed gaseous organic pre2006 (de Foy et al., 2008). The methodology and experi-
cursors. Recent field studies have shown that the traditionainental designs are presented in Sect. 2. The synoptic situ-
semi-empirical 2-product parameterization significantly un-ations of the selected days are overviewed in Sect. 3. The
derestimates the measured SOA mass concentrations in ucontrol ensemble forecasts are introduced in Sect. 4. The en-
ban and remote regions (e.g., de Gouw et al., 2009; Zhang efemble simulations on other day and the ensemble forecasts
al., 2006). New SOA formation mechanisms have been sugwith different initialization method are presented in Sects. 5
gested to close the gap in SOA mass concentrations betweeand 6, respectively; the summary and conclusions are given
measurements and models, including the update of aromatim Sect. 7.

SOA yields (Ng et al., 2007), the SOA formation from dicar-

bonyl compounds (e.g., Zhao et al., 2006; Volkamer et al.,

2007), and the formation of SOA from primary semivolatile 2 Methodology and experimental descriptions

and intermediate volatility species (Robinson et al., 2007,

Grieshop et al., 2009). The Advanced Research WRF (ARW) v3.2 (Skamarock et

Numerous model studies have evaluated these SOA formaal., 2008) is used in meteorological deterministic and ensem-
tion mechanisms, with considerably large uncertainties com-ble forecasts. The model simulations adopt horizontal reso-
pared with the field measurements. Tsimpidi et al. (2010)lution of 12 km and 35 sigma levels in the vertical direction
have evaluated the effects of the semi-volatile nature of pri-with the grid size of 25% 160 (Fig. 1a). The WRF model
mary organic emissions and photochemical aging of primaryis initialized at 00:00 UTC and integrated for 30 h for all
and secondary organics on OA levels during MCMA-2003 the selected days. The National Centers for Environmental
(Molina et al., 2007) using a modified 3-D chemical trans- Prediction final operational global gridded analysis (NCEP-
port model (CTM); on average, the model overestimates con¥NL) is used to produce the initial and boundary conditions
siderably the observed SOA concentrations during daytimefor the reference deterministic forecast. The physical process
During the MILAGRO-2006 field campaign (Molina et al., parameterization schemes used in the reference determinis-
2010), several model studies have shown that the mechanistic forecasts include the Grell-Devenyi ensemble scheme for
of Robinson et al. (2007) still underestimates the SOA ob-cumulus scheme (Grell and Devenyi, 2002), the WRF Sin-
servation in the urban area of Mexico City (Hodzic et al., gle Moment (WSM) three-class microphysics (Hong et al.,
2010; Li et al., 2011a; Tsimpidi et al., 2011; Shrivastava et2004), and Mellor-Yamada-Janjic (MYJ) TKE scheme (Jan-
al., 2011). In addition, in the modeling study of Hodzic et jic, 2002) for PBL processes. The physical process param-
al. (2010), the mechanism of Grieshop et al. (2009) signif-eterizations, particularly the PBL parameterization, play an
icantly overestimates the SOA observations in Mexico City.important role in the air quality simulation. We have per-
Li et al. (2011a) have improved the simulation by includ- formed sensitivity studies to investigate the impact of dif-
ing the contributions from dicarbonyl compounds, but the ferent PBL schemes on ozone and aerosol simulations and
model results still fail to close the gap between the measurefound that the MYJ TKE PBL scheme yields more reason-
ments and the model in Mexico City. Although the evalua- able results than the other PBL schemes in the WRF model
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160

oW oW i __tww __ esv climatological background error covariance that are derived
: from one-month simulations in the same domain using the
NMC method (Parrish and Derber, 1992). Other prognostic
variables such as vertical velocity) and mixing ratios of
cloud water §c), rainwater §), snow gs) and graupeldg)
are not perturbed. The perturbations generated through this
method are random and balanced noises, and their magni-
tudes are also small compared to the typical sounding obser-
vational and analysis errors (Nielsen-Gammon et al., 2007).
The boundary conditions are perturbed in the same manner
as the initial ensemble. Figure 2a—d show the vertical distri-
bution of the initial ensemble spread, the average spread is
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perature '), 0-0.75 hPa for pressurg), and 0—1.9 kg kg’
for the water vapor mixing ratigz(. The 12-km meteorologi-
cal ensemble simulations are then used to drive a 30-member
3-km photochemical ensemble simulation (097 grids) us-
ing the WRF-CHEM model.
We have also investigated the ensemble simulations using
a “climatological ensemble initialization method” (hereafter
referred to as “climatological method”) in which dynami-
cally consistent initial and boundary conditions are statisti-
cally sampled from a seasonal meteorological data set (Ak-
soy et al., 2005, 2006; Zhang et al., 2007a). To represent the
springtime climatological statistics, a data set for the period
of 1 February to 15 May 2006 is generated from NCEP-FNL
: : : : : 1° x 1° reanalysis data. 30 ensemble perturbations are ran-
-100 -99.50 -99 -98.50 -98 LT . L
b) domly selected. from this climatological data set. Similarly,
boundary conditions for each ensemble member are gener-

Fig. 1. () WRF domain (red box is the WRF-CHEM domain) and ated from the same data set beginning at the randomly se-

(b) WRF-CHEM domain (red box indicated &) and the observa-  lected initial time of the given member, and extending for
tion sites for aerosol measurements in MCMA (red dot: TO, blue the same length of time as the control run. Deviations of the

dot: T1). Inner box indicates the domain shown in Figs. 6-8. Con-initial and boundary condition data for each member from
tours in both panels represent the terrain height with the intervals othe climatological mean for the entire period are then scaled
500 m (top) and 200 m (bottom), respectively. down to 20 % to reduce the ensemble spread to below typi-
cal observation error magnitudes (Kalnay, 2003) and added
to the unperturbed initial and boundary conditions derived
compared to the observations. However, it is worth mention-directly from the NCEP-FNL analyses valid at 00:00 UTC,
ing that the MYJ TKE PBL scheme is appropriate in the sim- 29 March, which are used for the 12-km domain ensemble
ulations in Mexico City, but might not work well in other simulation. Figure 2e—f show the vertical distribution of the
megacities due to different meteorological situations, topog-nitial ensemble spread, the average spread is 0.4-22ms
raphy, land use, etc. for horizontal winds #, v), 0.5-0.65K for temperaturd’j,

The ensemble initialization method is similar to the one 0-0.17 hPa for pressure), and 0-0.45 gkg* for the wa-
employed in our previous study on ozone predictability dueter vapor mixing ratio ). Except that the initial ensem-
to meteorological uncertainty (Bei et al., 2010). The ini- ble spread of u component is slightly bigger than the WRF-
tial ensemble is generated with the WRF-3DVAR (Barker 3DVAR method (see Fig. 2a—d), the initial ensemble spreads
et al., 2004) using Background Error Statistics (BES) op-of other variables are smaller than their typical magnitudes
tion cv5. A set of random control vectors with a normal dis- of observation error.
tribution was generated. A control increment vector is then Inthe present study, a specific version of the WRF-CHEM
transformed back to model space via an empirical orthogo-model (Grell et al., 2005) is used for photochemical ensem-
nal functions (EOF) transform, a recursive filter, and physicalble simulations. The version of the WRF-CHEM model is
transformation via balance equation. The perturbed variableseveloped by Li et al. (2010, 2011a, b, 2012) at the Molina
include the horizontal wind components, potential temper-Center for Energy and the Environment, with a new flexi-
ature, perturbation pressure, and mixing ratio of water va-ble gas phase chemical module which can be utilized in dif-
por, whose error statistics are defined by the domain specifierent chemical mechanisms, including CBIV, RADM2, and
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Fig. 2. Vertical distribution of the initial ensemble spread faj horizontal winds £, v, ms™1), (b) temperature®, K), (c) pressure #,
hPa), andd) water vapor mixing ratiog, g kg~1) using 3DVAR-method.

SAPRC. The gas-phase chemistry differential equations aran efficient and economical depiction of aerosol dynamics in
solved by an Eulerian backward Gauss-Seidel iterative techthe atmosphere, is incorporated in the WRF-CHEM model
nique. The short-lived species, such as OH antD(are (Binkowski and Roselle, 2003). The photolysis rates are cal-
assumed to be in steady state. The solution is iterated untitulated using the FTUV (Tie et al., 2003; Li et al., 2005).

all species are within 0.1% of their previous iterative val- The secondary organic aerosol (SOA) formation is sim-
ues. For the aerosol simulations, the CMAQ (version 4.6)ulated using a non-traditional SOA model including the

aerosol module developed by EPA, which is designed to bevolatility basis-set modeling method in which primary

Atmos. Chem. Phys., 12, 112984308 2012 www.atmos-chem-phys.net/12/11295/2012/
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organic components are assumed to be semi-volatile anthe Tula industrial area (60 km to the north-northwest, in the
photochemically reactive and are distributed in logarithmi- Hidalgo State). T1 supersite is located around 50 km to the
cally spaced volatility bins (Li et al., 2011a). The partition- north of Mexico City, in an area isolated from major urban
ing of semi-volatile organic species is calculated using theagglomerations but close to small populated agglomerations,
algorithm suggested by Koo et al. (2003), in which the bulk and around 500 m from the closest road.

gas and particle phases are in equilibrium and all condens-

able organics form a pseudo-ideal solution (Odum et al., _ _

1996). Nine surrogate species with saturation concentrationd Synoptic overview

from 1072 to 1P ug nm3 at room temperature are used for ,

the primary organic aerosol (POA) components following The two dayg selected (29 and _24 Mar_ch) in the stgdy rep-
the approach of Shrivastava et al. (2008). The SOA forma-_resent_ two d_|fferent mete_:orologlca(l‘l eplsod_e types 'T Mex-
tion from each anthropogenic or biogenic precursor is pre-C0 City, which are defined as “"Convection-North” and
dicted using four semi-volatile organic compounds whose Convection-South” in de Foy et al. (2008). 29 March is
effective saturation concentrations at 298K are 1, 10, 1OO,(:Iassmed as “Convection-North”, which represents northerly

and 1000 ugm3, respectively. The NQdependent SOA wind aloft and rain in the northern part of the basin. 24

yields from anthropogenic and biogenic precursors are inMarch is classified as “Convection-South”, which represents

cluded (Lane et al., 2008), and the oxidation hypothesis ofsoutherly wind aloft a_nd rain_inthe southern pa_rt of the basi_n.
semivolatile and intermediate volatile organic compounds byt 200 hPa, the dominant winds over the Mexico City basin
Grieshop et al. (2009) is used. The contributions of glyoxal &€ northerly (Fig. 3a) and southerly (Fig. 3b) for these two

and methylglyoxal are also considered in the study. Detailecd!2YS: respectively. At 700 hPa (Fig. 3c—d), the anti-cyclones
description about the volatility basis-set approach can beé" both days Igad to subsidence over Mexico City basin. At
found in Li et al. (2011a). _the Sl_Jrface _(Flg. 3e-f), there are convergences in the Mex-
The emission inventory used in this study is developed af¢® City basin on both days but at different location, which
the Molina Center by Lei et al. (2012), including fossil fuel leads to different location of the precipitation on these two

combustion (mobile, area and point sources) and open burr@2ys- In addition, on 29 March, the southerly wind is slightly
ing of biomass and trash. The biogenic emissions are calcuS'ONger, causing the precipitation occurred in the northern
lated using the on-line MEGAN model (Model of Emissions part of the ba5|_n. On 24 Ma_rc_h, Fhe northerly v_vmd is slightly
of Gases and Aerosols from Nature) developed by Guenthestronger, causing the precipitation occurred in the southern
et al. (2006), in order to consider the variations of biogenicPa!t of the basin. ) , )
emissions due to the temperature change in ensemble simy- According to the flow type, “Convection-North” and

lations. The method proposed by Tsimpidi et al. (2010) is ap- convection-South” days can be classified intog*South”

plied to redistribute the POA emissions. The chemical initial and “Os-North” episode types, respectively, except that the

and boundary conditions for the WRF-CHEM model simula- convective activity prevents the formation of a clean conver-
tions are interpolated from MOZART 3-h output (Horowitz gence zone sweeping through the basin in late afternoon (de

et al., 2003). Considering that we mainly concentrate on thed 0¥ et al., 2005, 2008). Considering that3South” and

effects caused by changes in the meteorological fields, theQ3-North” episodes dominate the MILAGRO-2006 field

initial and boundary conditions for chemical fields and the campaign period (de Foy et al, 2008), the two days we have

emission inventory are the same for all ensemble eXperi_slmulated represent most of the meteorological situations

ments. during the campaign.
Both meteorological and photochemical ensemble sim-
ulations are conducted on two selected days (24 and 29 : ;
Control ensemble simulations
March 2006). We choose 29 March as a control ensemble

run (CTRL), and a detailed analysis is presented on this daya getailed analysis of the ensemble simulations on 29 March

The physical process parameterization schemes used in thg presented in this section; the other ensemble simulation on
CTRL run are the same as those used in the reference detesz pmarch will be presented in the next section.

ministic forecast.

The ensemble simulation results are compared to the;.1  Overview of the control ensemble performance
Aerosol Mass Spectrometry (AMS) observations analyzed
using the Positive Matrix Factorization (PMF) technique at Figure 4a—b show the temporal evolution of the ensemble
an urban background site (TO) and a suburban backgrounchean and the spread of the surface SOA concentrations
site (T1) in Mexico City. The TO monitoring station is located ([SOA]) and POA concentrations ([POA]) along with the
in the northwestern part of the basin of Mexico City, influ- reference deterministic forecast and the observations at TO
enced by road traffic emissions (300 m from four major roads(location shown in Fig. 1b), a supersite located near the ur-
surrounding it), domestic and residential emissions, and alsdan center of Mexico City. The ensemble mean captures rea-
potentially influenced by local industrial emissions and from sonably well the sharp buildup of the [SOA] and [POA] in
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Fig. 3. The 500 hPa, 700 hPa geopotential heights and winds and surface winds and sea-level pressure at 12:00 CDT from NCEP-FNL

reanalysis data for 29 Mardh, c, e) and 24 Marchb, d, f), 2006. Red box indicates the domain used for WRF-CHEM.

the morning around 10:00 CDT (09:00 CDT) and the sec-tude. Figure 5 is a Taylor diagram (Taylor, 2001) to present
ond [SOA] peak in the early afternoon around 15:00 CDT. the variance, bias and correlation of the modeled [SOA] and
However, the ensemble mean substantially underestimate thi@®OA] against observations at TO on 29 March for the ensem-
[SOA] during the afternoon peak time and [POA] during the ble mean, best, minimal, and maximal member, and the ref-
morning peak time, and slightly underestimate the [SOA] erence deterministic forecast. In Fig. 5, overall, the ensemble
during the morning peak time. The ratio of the ensemblemean and best member exhibit better performance than the
spread and the ensemble mean of both [SOA] and [POA] areeference deterministic forecast. Further analysis on this best
shown in Fig. 4c—d, generally over 20 % during the simula- member will be presented in the next subsection.

tion time. The maximum ensemble spreads of the simulated We have also compared the ensemble simulations and the
surface [SOA] and [POA] can reach upto 4.0 and 1.6 igm observation at T1 site, located in the northwest of the Mex-
during the daytime, respectively, which are around 35 % andco City basin and used as a suburban background site during
40 % of the ensemble mean (Fig. 4c—d). The ratios of the enMILAGRO (Fig. 6). The ensemble means fail to capture the
semble spread and the ensemble mean of [SOA] and [POApeak time concentrations (including both timing and magni-
grow linearly with the simulation time, indicating the loss of tude) in the morning at T1, but still performs better than the
predictabilities. For both [SOA] and [POA], during the peak reference simulation. One of the possible reasons for the de-
time, the ensemble mean is generally lower than the observasiation between measurements and the model at T1 is that
tions but notably better than the reference deterministic fore-T1 is in the downwind of the MCMA, and is frequently in-
cast, indicating the possibility of improving the SOA sim- fluenced by the transport from MCMA determined generally
ulation through the ensemble forecasts. As indicated in theéoy local meteorological conditions. Therefore, the meteoro-
Fig. 4a, b, there is also a best member, which fits the obserogical uncertainties cause more sensitivities of the simulated
vations very well, including both the timing and the magni- [SOA] and [POA] at T1 than at TO.

Atmos. Chem. Phys., 12, 112984308 2012 www.atmos-chem-phys.net/12/11295/2012/
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concentration from each ensemble member (thin green lines), en-

semble mean (bold black line), reference deterministic forecast

(bold blue line), and the best member (compare to observations . . .

bold red line) of the CTRL ensemble simulations (29 March 2006) (€ urban area of the Mexico City basin due to the lack

and observations (red dots) at T6) and(d) denote the ratio of the ~ Of Photochemical activities. After 06:00 CDT, the [SOA] in-

ensemble spread and the ensemble mean (brown line) for SOA angide the basin increases due to the nearly calm wind inside

POA, respectively. the basin and the increasing photochemical activities. The
high ensemble mean [SOA] first occurs around 09:00 CDT

L s (Fig. 6b) as observed, with the maximum concentration area
. (=

S o Cf;z . located nearly in the southwest of the basin. Along with
- SR the development of the mixing layer height and the increase
150 F-———o_ © S0 ok of the surface divergence due to the topography, the [SOA]
T | decreases from 09:00 to 12:00CDT (Fig. 6¢). From 12:00
- {25 L 3 - MAX oS to 15:00 CDT (Fig. 6d), in association with the increase of
2 -l northerly wind, gap wind in the southeast and the downhill
w wind in the west, south and east edge of the basin, a conver-
S 1.00 F=-—o ~< gence zone is formed in the southwest of the Mexico City
T \\\ basin, leading to the increase of the simulated [SOA] and the
g 0.75 BN second occurrence of the maximum ensemble mean [SOA]
= AN inside the basin around 17:00 CDT (not shown), which is 2-h
= 0.50 — g : 090 later than the observation from TO. From 18:00 to 21:00 CDT
g ’ o83 ‘, (Fig. 6e—f), the high ensemble mean [SOA] area moves
9 g N oo\ \ southward along with the increased northwesterly winds in-
8 0.25 - \'\ \ \ 0.99 side the basin and decreases again due to the weakened con-
7 S \ \ ! vergence and photochemical activities.

0.00 L1 i ! | ! I P
0.00 025 050 075 REF 125 1.50 4.2 Uncertainties in SOA and POA simulations

Fig. 5. Taylor diagram (Taylor, 2001) to present the variance, bias — . i
and correlation of the modeled [SOA] (red) and [POA] (blue) Although the initial meteorological uncertainties are smaller

against observations at TO on 29 March for the ensemble mearthan typical observational and analysis errors, our control en-
best, minimal, and maximal member, and the reference determinissemble simulations demonstrate that Iarge uncertainties still
tic forecast. exist in [SOA] and [POA] simulations, especially during the
peak time periods (see Fig. 4).
To illustrate the discrepancy between different ensemble
Figure 7 shows the evolution of the ensemble mean of thenembers, we have chosen two ensemble members: EN-34
surface [SOA] distributions along with the ensemble meanand EN-30, which represent the highest and lowest [SOA]
wind vectors in the MCMA and the surrounding area sim- at TO, respectively. Figure 8 presents the horizontal dis-
ulated by the CTRL ensemble. From 00:00 to 06:00 CDT tributions of the surface [SOA] along with surface winds
(Fig. 6a), the ensemble mean of the [SOA] is low within from EN-34 and EN-30. The large variations in [SOA]
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Fig. 7. Ensemble mean (color) of the surface [SOA] (ugndis- Fig. 8. Horizontal distributions of [SOA] and surface winds sim-
tributions along with the ensemble mean winds valid at 06:00 CDT,ulated by two extreme members (which have maximum and mini-
09:00CDT, 12:00 CDT, 15:00 CDT, 18:00 CDT, and 21:00 CDT of mum [SOA] values) along with the measurements inside the Mexico

the CTRL ensemble simulations (29 March 2006). The coloredCity basin for 10:00 CDT, 15:00 CDT, and 17:00 CDT on 29 March
squares denote the [SOA] measurements from the TO and T1 sites2006.

distributions in Mexico City basin are principally attributed
to the striking discrepancies in the surface winds between Figure 4 shows that the ensemble mean [SOA] is consis-
these two extreme members. Before the peak [SOA] timetently better than the reference deterministic simulation. We
(Fig. 7a—b), the weaker southerly surface winds in the north-have also identified the best member (EN-14) that agrees well
ern basin transports less precursors outside of the MexWith the observed [SOA] at TO, including the amplitude and
ico C|ty basin in EN-34, while the Stronger Souther|y sur- tlmlng Figure 9 shows the evolution of the simulated sur-
face winds in the northern basin transports more precursorfce [SOA] distributions from the reference forecast and the
outside of the Mexico City basin in EN-30. At the peak best member (EN-14), demonstrating the large differences
time (Fig. 7c—d), the winds from south, west, and northwestof the location and movement of high [SOA] area between
around the basin are all stronger in EN-34 but weaker in EN-the above two simulations. At the first peak time (Fig. 8a-b:
30, thus more [SOA] and its precursors accumulate inside thd 0:00 CDT), due to the stronger uphill wind along the south
basin in EN-34 but less [SOA] and its precursors accumulateedge of the basin, the simulated high [SOA] area is located
inside the basin in EN-30. After the peak time (Fig. 7e—f), along the west and south edge of the basin in the reference
the [SOA] is higher in EN-34 due to the stronger conver- Simulation. While the simulated high [SOA] of the best mem-
gence inside the basin in EN-34, while the [SOA] is lower ber is located in the southwest of the basin because of the
in EN-30 due to the weaker convergence inside the basin irftronger uphill wind along the west and the east edge, and
EN-30. The high [SOA] area is basically consistent with the the weaker uphill wind along the south edge of the basin. At
convergence zone. the second peak time (Fig. 8c—d: 15:00 CDT), the northwest-
erly wind in the northwest of the basin and the southerly wind
along the south edge are both much stronger in the reference
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Fig. 10. Temporal evolution of the Mexico basin domain-wide av-
eraged divergend@) and wind spee¢b) for 29 March 2006.

in simulating SOA and POA. Figure 10 shows the time evo-
lution of the basin-wide domain averaged (hereafter domain-
averaged, averaged domain shown in Fig. 1b) surface wind
Fig. 9. Same as Fig. 8, but for the reference deterministic run andSPeed and convergence. During 06:00 to 09:00 CDT, the
the best member. domain-averaged convergence/divergence is relatively small
but the domain-averaged wind speed is the lowest on that
day, which are both favorable for the accumulation of the
simulation but much weaker in the best member simulation,po"utams and the formation of the first peak [SOA] and
which cause the [SOA] plume to move to the south edge[ppA]. During 12:00 to 15:00 CDT, the domain-averaged
(southwest) of the basin in the reference simulation but toying speed slightly increases but the convergence in the
the southwest of the basin in the best member simulation. Apasin wide reaches its maximum value during the day. There-
the 17:00 CDT (Fig. 8e—f), the high [SOA|] areas in referencefgre, during the two peak times of [SOA], the meteorologi-
simulation and best member are generally consistent with the 5| condition in the basin wide is favorable for the forma-
location of the convergence line (area) inside the basin. Thejgn of high [SOA]. In addition, from midnight to the morn-
differences in SOA simulations are mainly attributed to theing time of the following day (00:00 to 12:00 CDT, Fig. 9b),
differences in the simulated horizontal convergence distribu+yo extreme members EN-30 and EN-34 have maximum and
tions. The discrepancies in the basin scale wind and the reminimum wind speed in the basin wide, respectively, show-
lated SOA simulations between our reference deterministiqng that the ventilation inside the basin from the midnight to
run and the best member are still manifest, indicating theine following morning is also important to the formation of
importance of considering the uncertainties in current pho+he first [SOA] peak. During the two peak times (09:00 and
tochemical simulations due to the meteorological fields. 17:00 CDT) of the simulated [SOA], two extreme members
EN-30 and EN-34 also have maximum divergence and con-
vergence in the basin wide (Fig. 9a), respectively, indicating
that the convergence is also crucial to the formations of both

We have discussed the role of meteorological conditions in[SOA] peak.
photochemical simulation in our previous studies (Bei et al.,

2008, 2010) and in the previous subsections in the present

study. Here, we attempt to summarize the role of the wind

speed and the horizontal convergence in the basin wide area

]
0.0 2.0 4.0 6.0 8.0 100 120 150 170 20.0 30.0
Secondary Organic Aerosol Mass Concentration (ug m'S) 3ms’

4.3 Potential impact of meteorological fields on
chemical simulations
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In order to explore the impacts of meteorological uncertain- §
ties on SOA predictability under different meteorological § &
conditions, we have further conducted ensemble forecasts oé o A

24 March that represent the “Convection-South” episode i 5900 06 12 18 320002900 0B 12 18 3000
Mexico City basin (de Foy et al., 2008), using the same mod- Date and Time (DDHH) Date and Time (DDHH)
E:z 2?2 (T;lts_s?ble initialization method as the control enseml':ig. 13. Same as Fig. 4a—b, but for the ensemble initialized using
simuiation. . . “climatological method”.
Figure 11a—b show the temporal evolutions of the simu-
lated ensemble mean and spread and its ratio of the [SOA]
and [POA] at TO along with the observations on 24 March. o from the source region, which are more sensitive to the
Apparently, the diurnal pattern of the simulated [SOA] on 24 meteorological uncertainties.
March is different from that on 29 March, which is caused by Overall, the uncertainties in the SOA and POA simula-

the different synoptic conditions of the two days. The tem-(jons due to the initial meteorological errors are comparable

poral evolutions of the ensemble means of the [SOA] andin magnitude and also significant to the ensemble mean on
[POA] generally agree with the observation at TO, but the en-thase two days.

semble mean [SOA] are slightly underestimated during the

daytime and the ensemble mean [POA] are overestimated

during the morning hours. The ensemble means are mucB Ensemble simulations with other initialization

better than the reference deterministic forecasts, especially method

during the peak times (around 14:00 CDT for [SOA], around

10:00 CDT for [POA]). The temporal evolution of the ratio Initial perturbation is a key problem in ensemble forecast-

of the ensemble spread and the ensemble mean is differeirtg. Saito et al. (2011) compared the five initial perturbation

from that of 29 March. The maximum ratio value can reachmethods for the mesoscale ensemble prediction for the Bei-

up to 70 % during the high [SOA] build up period. jing 2008 Olympics Research and Development Project and
Figure 12a—b show the temporal evolutions of simulatedshowed the considerable impact of different initial perturba-

ensemble mean and spread and its ratio of the [SOA] andion methods on the mesoscale ensemble prediction. We have

[POA] at T1 along with the observations on 24 March. The also investigated the ensemble simulations on 29 March us-

ensemble spreads are much larger than those at TO, and tlireg another ensemble initialization method named as “clima-

agreement between the ensemble mean and observationstaogical method” (see Sect. 2).

also not as good as that at TO. The ensemble means of the Figure 13 shows the temporal evolution of the ensemble

[SOA] and [POA] considerably overestimate the observa-mean and spread of the surface [POA] and [SOA] along with

tions at T1 during the daytime and nighttime. Since T1 sitethe reference deterministic forecast and the observations at

is located outside of the urban source region, the pollutanifO site. The ensemble mean [SOA] is slightly higher than

concentrations at T1 are subject to be affected by the transthat of WRF-3DVAR method (Fig. 4a) during the peak time,
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but the time evolution pattern are the same as WRF-3DVARsuch as those from meteorological model, e.g., PBL schemes
method. Except some differences in individual members, thgBei et al., 2010), emission (Li et al., 2011a), SOA formation
ensemble mean [POA] are very similar to the results of WRF-mechanism (Li et al., 2011a), and photochemical models,
3DVAR method (Fig. 4b). The above two initialization meth- should be considered also in the ensemble simulation system.
ods have very similar results, indicating that there is notFuture studies need to be performed to further investigate the
much difference between these two methods. impacts of these uncertainties on SOA simulations.
The uncertainties from the SOA formation mechanisms,
emissions, and aging of semi-volatile and intermediate
7 Conclusions and discussions volatile organic compounds also contribute to the uncertain-
ties in the SOA simulations. However, in the study of Li
We have investigated the uncertainties in simulating SOAet al. (2011a), the difference of SOA simulations between
due to meteorological initial uncertainties using the WRF-the mechanism of Robinson et al. (2007) and Grieshop et
CHEM model through ensemble simulations in Mexico City al. (2009) is about 1 pg n¥, the SOA contributions from gly-
on two selected days (24 and 29 March 2006), which rep-oxal and methylglyoxal do not exceed 0.8 ugtnand the
resent two different meteorological episodes (“Convection-assumption of the continued chemical aging of the SVOCs
South” and “Convection-North”) in the Mexico City basin. produced from the oxidation of anthropogenic VOCs also in-
We choose 29 March 2006 as a control run to provide a decreases the SOA formation by about 0.7 gfrin the urban
tailed analysis of the model results. The control initial en- area. In addition, Li et al. (2011a) have suggested that the
semble is generated with the WRF-3DVAR system. uncertainties of SOA formation from the emission inventory
In the urban area of Mexico City, the ensemble means ofare not more than 0.5 ug in Mexico City based on the
the [SOA] and [POA] in the control run compare reasonably comparison between modeled precursors and measurements,
well with the observations, including the sharp buildup of and if the aging process of semi-volatile and intermediate
[SOA] and [POA] in the morning and the second peak of thevolatile organic compounds does not have feedback on the
[SOA] in the early afternoon. The ensemble mean is generOH in the gas-phase chemistry, the SOA production is en-
ally lower than the observations but considerably better tharhanced by up to 1.0 ug™. All the uncertainties of SOA
the reference deterministic forecast. The ensemble spread dérmation in Li et al. (2011a) is much less than those caused
the simulated peak [SOA] and [POA] at TO can reach up toby the meteorological initial uncertainties, which produce up
4.0 (1.6) pg e during the daytime, respectively, which is to 4.0 ugnT2 ensemble spread in the urban area of Mexico
around 35 % and 40 % of the ensemble mean. During the twcCity. Hence, meteorological uncertainties constitute one of
peak times of [SOA], the meteorological condition is favor- the largest uncertainties in the evaluation of the SOA for-
able for the accumulation of pollutants and the formation of mation mechanism using CTMs based on the measurements
high [SOA] in the basin wide, such as the low wind speed confined at one or several supersites, and also provide a po-
in the morning and the strong convergence in the early aftentially reasonable explanation for the large difference in
ternoon. In addition, the analysis of two extreme membersrecent SOA model studies (e.g., Hodzic et al., 2010; Tsim-
shows that the ventilation inside the basin from the midnightpidi et al., 2011; Shrivastava et al., 2011, Li et al., 2011a).
to the following early morning is also important to the for- Furthermore, the meteorological ensemble is possibly an ef-
mation of the [SOA] peak in the morning. However, in the ficient method to reduce the meteorological uncertainties in
suburban area of Mexico City, the ensemble means still desimulations of CTMs.
viate appreciably from observations, and the meteorological
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[SOA] and [POA] because of the dominant impact of me- jnyolved in the MILAGRO-2006 field campaign as well as those
teorological fields on the downwind transport of the urbaninyolved in long-term air quality monitoring and the emissions
pollution. The uncertainties in the SOA and POA simulationsinventory in the Mexico City metropolitan area, which made this
due to the initial meteorological errors on 24 March 2006 arestudy possible. This work was supported by the US National
comparable in magnitude to those in the control run and als@cience Foundation’s Atmospheric Chemistry Program (Award
significant compared to the ensemble mean. #1135141) and the Molina Center for Energy and the Environment.
We have also demonstrated the uncertainties in SOA simuGuohui Li is a Molina Fellow at MIT. Acknowledgment is also
lations using another ensemble initialization method, namely™ade to the National Center for Atmospheric Research, which is
“climatological method”. These two initialization methods SPensored by the National Science Foundation, for the computing
- S S . time used in this research. Guohui Li is also supported by “Hundred
y!eld very similar results, indicating that there is not much Talents Program” of the Chinese Academy of Sciences and the
dlfference. between thes? two m.ethods. However, the e.nsen'NationaI Natural Science Foundation of China (no. 41275153).
ble mean is not yet consistent with the measurements in botRyaitang Bei is also supported by the National Natural Science
urban and suburban area of Mexico City, showing that me+oundation of China (no. 41275101).
teorological initial uncertainties can only partially explain
the uncertainties in the SOA simulations. Other uncertaintiesEdited by: M. Gauss

www.atmos-chem-phys.net/12/11295/2012/ Atmos. Chem. Phys., 12, 1129368 2012



11306

References

Aksoy, A., Zhang, F., Nielsen-Gammon, J. W., and Epifanio,
C. C.: Data assimilation with the ensemble Kalman filter for

thermally forced circulations, J. Geophys. Res., 110, D16105,

doi:10.1029/2004JD005713005.

N. Bei et al.: Uncertainties in SOA simulations due to meteorological uncertainties

T. B., Salcido, A., Sjostedt, S. J., Sullivan, A. P, Tanner, D. J.,

Vargas, O., Weber, R. J., Worsnop, D. R., Yu, X. Y., and Za-

veri, R.: Emission and chemistry of organic carbon in the gas
and aerosol phase at a sub-urban site near Mexico City in March
2006 during the MILAGRO study, Atmos. Chem. Phys., 9, 3425—

3442,doi:10.5194/acp-9-3425-2002009.

Aksoy, A., Zhang, F., and Nielsen-Gammon, J. W.: Ensemble-Delle Monache, L. and Stull, R.: An ensemble air quality forecast
based simultaneous state and parameter estimation in a two- over western Europe during an ozone forecast, Atmos. Environ.,
dimensional sea breeze model, Mon. Weather Rev., 134, 2951— 37, 3469-3474, 2003.

2970, 2006.
Barker, D. M., Huang, W., Guo, Y.-R., Bourgeois, A. J., and Xiao,

Delle Monache, L., Deng, X., Zhou, Y., and Stull, R.: Ozone en-

semble forecasts: 1: A new ensemble design, J. Geophys. Res.,

Q. N.: A three-dimensional variational data assimilation system 111, D05307d0i:10.1029/2005JD006312006.
for MM5: Implementation and initial results, Mon. Weather Rev., Fine, J., Vuilleumier, L., Reynolds, S., Roth, P., and Brown, N.:

132, 897-914, 2004.

Beekmann, M. and Derognat, C.: Monte Carlo uncertainty anal-

Eval- uating uncertainties in regional photochemical air quality
modeling, Annu. Rev. Environ. Resour., 28, 59-106, 2003.

ysis of a regional-scale chemistry model constrained by mea-Galmarini, S., Bianconi, R., Klug, W., Mikkelsen, T., Addis, R., An-

surements from the Atmospheric Pollution Over the Paris

Area (ESQUIF) campaign, J. Geophys. Res., 108, 8559,

d0i:10.1029/2003JD003392003.
Bei, N., de Foy, B., Lei, W., Zavala, M., and Molina, L. T.: Using

3DVAR data assimilation system to improve ozone simulations

in the Mexico City basin, Atmos. Chem. Phys., 8, 73537366,
doi:10.5194/acp-8-7353-2008008.
Bei, N., Lei, W., Zavala, M., and Molina, L. T.: Ozone predictabili-

ties due to meteorological uncertainties in the Mexico City basin

dronopoulos, S., Astrup, P., Baklanov, A., Bartniki, J., Bartzis, J.
C., Bellasio, R., Bompay, F., Buckley, R., Bouzom, M., Cham-
pion, H., D’Amours, R., Davakis, E., Eleveld, H., Geertsema, G.
T., Glaab, H., Kollax, M., llvonen, M., Manning, A., Pechinger,
U., Persson, C., Polreich, E., Potemski, S., Prodanova, M., Salt-
bones, J., Slaper, H., Sofiev, M. A., Syrakov, D., Sgrensen, J. H.,
Van der Auwera, L., Valkama, I., and Zelazny, R.: Ensemble dis-
persion forecasting — Part I: Concept, approach and indicators,
Atmos. Environ., 38, 4607-4617, 2004a.

using ensemble forecasts, Atmos. Chem. Phys., 10, 6295-630%almarini, S., Bianconi, R., Addis, R., Andronopoulos, S., Astrup,

doi:10.5194/acp-10-6295-201P010.

Bergin, M. S., Noblet, G. S., Petrini, K., Dhieux, J. R., Milford,
J. B., and Harley, R. A.: Formal uncertainty analysis of a La-
grangian photochemical air pollution model, Environ. Sci. Tech-
nol., 33, 1116-1126, 1999.

Binkowski, F. S. and Roselle, S. J.: Models-3 Commu-
nity Multiscale Air Quality (CMAQ) model aerosol compo-

nent: 1. Model description, J. Geophys. Res., 108, 4183,

doi:10.1029/2001JD001402003.

Dabberdt, W. F. and Miller, E.: Uncertainty, ensembles and air qual-

P., Bartzis, J. C., Bellasio, R., Buckley, R., Champion, H., Chino,
M., D’Amours, R., Davakis, E., Eleveld, H., Glaab, H., Man-
ning, A., Mikkelsen, T., Pechinger, U., Polreich, E., Prodanova,
M., Slaper, H., Syrakov, D., Terada, H., and Van der Auwera, L.:
Ensemble dispersion forecasting — Part Il: Application and eval-
uations, Atmos. Environ., 38, 4619-4632, 2004b.

Grell, G. A. and Devenyi, D.: A generalized approach to

parameterizing convection combining ensemble and data
assimilation techniques, Geophys. Res. Lett, 29, 1693,
doi:10.1029/2002GL015312002.

ity dispersion modeling: Applications and challenges, Atmos. Grell, G. A., Peckham, S. E., Schmitz, R., McKeen, S. A., Wilczak,

Environ., 34, 4667-4673, 2000.
Dabberdt, W. F., Carroll, M. A., Baumgardner, D., Carmichael, G.,

J., and Eder, B.: Fully coupled “online” chemistry within the
WRF model, Atmos. Environ., 39, 6957-6975, 2005.

Cohen, R., Dye, T, Ellis, J., Grell, G., Grimmond, S., Hanna, Grieshop, A. P., Logue, J. M., Donahue, N. M., and Robinson, A.

S., Irwin, J., Lamb, B., Madronich, S., Mcqueen, J., Meagher, J.,

Odman, T., Pleim, J., Schmid, H. P., and Westphal, D. L.: Me-

teorological research needs for improved air quality forecasting:

L.: Laboratory investigation of photochemical oxidation of or-
ganic aerosol from wood fires 1: measurement and simulation of
organic aerosol evolution, Atmos. Chem. Phys., 9, 1263-1277,

Report of the 11th Prospectus Development Team of the U.S. doi:10.5194/acp-9-1263-2002009.
Weather Research Program, B. Am. Meteorol. Soc., 85, 563-Guenther, A., Karl, T., Harley, P., Wiedinmyer, C., Palmer, P. I.,

586, 2004.

de Foy, B., Caetano, E., Maiia, V., Zitacuaro, A., @Grdenas, B.,
Retama, A., Ramos, R., Molina, L. T., and Molina, M. J.: Mexico
City basin wind circulation during the MCMA-2003 field cam-
paign, Atmos. Chem. Phys., 5, 2267—-2288j:10.5194/acp-5-
2267-20052005.

de Foy, B., Fast, J. D., Paech, S. J., Phillips, D., Walters, J. T.,

Coulter, R. L., Martin, T. J., Pekour, M. S., Shaw, W. J., Kasten-
deuch, P. P., Marley, N. A., Retama, A., and Molina, L. T.: Basin-

and Geron, C.: Estimates of global terrestrial isoprene emissions
using MEGAN (Model of Emissions of Gases and Aerosols from
Nature), Atmos. Chem. Phys., 6, 3181-32d4@;10.5194/acp-6-
3181-20062006.

Hanna, S. R,, Lu, Z. G., Frey, H. C., Wheeler, N., Vukovich, J.,

Arunachalam, S., Fernau, M., and Hansen, D. A.: Uncertainties
in predicted ozone concentrations due to input uncertainties for
the UAM-V photochemical grid model applied to the July 1995
OTAG domain, Atmos. Environ., 35, 891-903, 2001.

scale wind transport during the MILAGRO field campaign and Hodzic, A., Jimenez, J. L., Madronich, S., Canagaratna, M. R., De-

comparison to climatology using cluster analysis, Atmos. Chem.

Phys., 8, 1209-122410i:10.5194/acp-8-1209-2008008.

de Gouw, J. A., Welsh-Bon, D., Warneke, C., Kuster, W. C., Alexan-

der, L., Baker, A. K., Beyersdorf, A. J., Blake, D. R., Cana-

garatna, M., Celada, A. T., Huey, L. G., Junkermann, W., Onasch,

Atmos. Chem. Phys., 12, 112984308 2012

Carlo, P. F,, Kleinman, L., and Fast, J.: Modeling organic aerosols
in a megacity: potential contribution of semi-volatile and inter-

mediate volatility primary organic compounds to secondary or-
ganic aerosol formation, Atmos. Chem. Phys., 10, 5491-5514,

www.atmos-chem-phys.net/12/11295/2012/


http://dx.doi.org/10.1029/2004JD005718
http://dx.doi.org/10.1029/2003JD003391
http://dx.doi.org/10.5194/acp-8-7353-2008
http://dx.doi.org/10.5194/acp-10-6295-2010
http://dx.doi.org/10.1029/2001JD001409
http://dx.doi.org/10.5194/acp-5-2267-2005
http://dx.doi.org/10.5194/acp-5-2267-2005
http://dx.doi.org/10.5194/acp-8-1209-2008
http://dx.doi.org/10.5194/acp-9-3425-2009
http://dx.doi.org/10.1029/2005JD006310
http://dx.doi.org/10.1029/2002GL015311
http://dx.doi.org/10.5194/acp-9-1263-2009
http://dx.doi.org/10.5194/acp-6-3181-2006
http://dx.doi.org/10.5194/acp-6-3181-2006

N. Bei et al.: Uncertainties in SOA simulations due to meteorological uncertainties 11307

doi:10.5194/acp-10-5491-201P010. J., McQueen, J., Tang, Y., Carmichael, G. R., Pagowski, M.,
Hong, S. Y., Dudhia, J., and Chen, S. H.: A revised approach to Chan, A,, Dye, T., Frost, G., Lee, P., and Mathur, R: Assessment

ice microphical processes for the bulk parameterization of clouds of an ensemble of seven realtime ozone forecasts over eastern

and precipitation, Mon. Weather Rev., 132, 103—-120, 2004. North America during the summer of 2004, J. Geophys. Res.,
Horowitz, L. W., Waters, S., Mauzerall, D. L., Emmons, L. K., 110, D21307d0i:10.1029/2005JD005853005.

Rasch, P. J., Tie, X., Lamarque, J.-F., Schultz, M. G., Tyndall, Molina, L. T., Kolb, C. E., de Foy, B., Lamb, B. K., Brune, W.

G. S,, Orlando, J. J., and Brasseur, G. P.: A global simulation H., Jimenez, J. L., Ramos-Villegas, R., Sarmiento, J., Paramo-

of tropospheric ozone and related tracers: Description and eval- Figueroa, V. H., Cardenas, B., Gutierrez-Avedoy, V., and Molina,

uation of MOZART, version 2, J. Geophys. Res., 108, 4784, M. J.: Air quality in North America’s most populous city —

doi:10.1029/2002JD002852003. overview of the MCMA-2003 campaign, Atmos. Chem. Phys.,
Irwin, J. S., Rao, S. T., Petersen, W. B., and Turner, D. B.: Relating 7, 2447-2473d0i:10.5194/acp-7-2447-2002007.

error-bounds for maximum concentration estimates to diffusionMolina, L. T., Madronich, S., Gaffney, J. S., Apel, E., de Foy,

meteorology uncertainty, Atmos. Environ., 21, 1927-1937,1987. B., Fast, J., Ferrare, R., Herndon, S., Jimenez, J. L., Lamb, B.,
Janjic, Z. I.: Nonsingular implementation of the Mellor-Yamada  Osornio-Vargas, A. R., Russell, P., Schauer, J. J., Stevens, P.

level 2.5 scheme in the NCEP Meso Model, NCEP Office Note, S., Wolkamer, R., and Zavala, M.: An overview of the MILA-

437, 61 pp., 2002. GRO 2006 Campaign: Mexico City emissions and their trans-
Kalnay, E.: Atmospheric Modeling, Data Assimilation and Pre-  port and transformation, Atmos. Chem. Phys., 10, 8697-8760,
dictability, Cambridge Univ. Press, New York, 341 pp., 2003. doi:10.5194/acp-10-8697-2012010.

Koo, B. Y., Ansari, A. S., and Pandis, S. N.: Integrated approachesNg, N. L., Kroll, J. H., Chan, A. W. H., Chhabra, P. S., Flagan,
to modeling the organic and inorganic atmospheric aerosol com- R. C., and Seinfeld, J. H.: Secondary organic aerosol formation
ponents, Atmos. Environ., 37, 4757-4768, 2003. from m-xylene, toluene, and benzene, Atmos. Chem. Phys., 7,

Lane, T. E., Donahue, N. M., and Pandis, S. N.: Simulating sec- 3909-3922d0i:10.5194/acp-7-3909-200Z007.
ondary organic aerosol formation using the volatility basis-setNielsen-Gammon, J. W., McNider, R. T., Angevine, W. M., White,
approach in a chemical transport model, Atmos. Environ., 42, A.B., and Knupp, K.: Mesoscale model performance with assim-
7439-7451, 2008. ilation of wind profiler data: Sensitivity to assimilation parame-

Lei, W, Li, G., and Molina, L.: Modeling the impacts of biomass  ters and network configuration, J. Geophys. Res., 112, D09119,
burning on air quality in and around Mexico City, Atmos. Chem.  doi:10.1029/2006JD007633007.

Phys. Discuss., 12, 22891-22941%i:10.5194/acpd-12-22891- Odum, J. R., Hoffman, T., Bowman, F., Collins, D., Flagan, R.
2012 2012. C., and Seinfeld, J. H.: Gas/particle partitioning and secondary

Li, G., Zhang, R., Fan, J., and Tie, X.: Impacts of black carbon organic aerosol yields, Environ. Sci. Technol., 30, 2580-2585,
aerosol on photolysis and ozone, J. Geophys. Res., 110, D23206, 1996.
doi:10.1029/2005JD005893005. Parrish, D. F. and Derber, J. C.: The National Meteorological

Li, G., Lei, W., Zavala, M., Volkamer, R., Dusanter, S., Stevens, P., Center’s spectral statistical-interpolation analysis system, Mon.
and Molina, L. T.: Impacts of HONO sources on the photochem-  Weather Rev., 120, 1747-1763, 1992.
istry in Mexico City during the MCMA-2006/MILAGO Cam-  Robinson, A. L., Donahue, N. M., Shrivastava, M. K., Weitkamp, E.
paign, Atmos. Chem. Phys., 10, 6551-6501;10.5194/acp-10- A., Sage, A. M., Grieshop, A. P,, Lane, T. E., Pandis, S. N., and
6551-20102010. Pierce, J. R.: Rethinking organic aerosols: semivolatile emissions

Li, G., Zavala, M., Lei, W., Tsimpidi, A. P., Karydis, V. A., Pan- and photochemical aging, Science, 315, 1259-1262, 2007.
dis, S. N., Canagaratna, M. R., and Molina, L. T.: Simulations of Saito, K., Hara, M., Kunii, M., Seko, H., and Yamaguchi, M.: Com-
organic aerosol concentrations in Mexico City using the WRF-  parison of initial perturbation methods for the mesoscale ensem-
CHEM model during the MCMA-2006/MILAGRO campaign, ble prediction system of the Meteorological Research Institute
Atmos. Chem. Phys., 11, 3789-38@®j:10.5194/acp-11-3789- for the WWRP Beijing 2008 Olympics Research and Develop-
2011 2011a. ment Project (BOBRDP), Tellus, 63A, 445-467, 2011.

Li, G., Bei, N., Tie, X., and Molina, L. T..: Aerosol ef- Shrivastava, M. K., Lane, T. E., Donahue, N. M., Pandis, S.
fects on the photochemistry in Mexico City during MCMA- N., and Robinson, A. L.: Effects of gas-particle partitioning
2006/MILAGRO campaign, Atmos. Chem. Phys., 11, 5169— and aging of primary emissions on urban and regional or-
5182,d0i:10.5194/acp-11-5169-2012011b. ganic aerosol concentrations, J. Geophys. Res., 113, D18301,

Li, G., Lei, W., Bei, N., and Molina, L. T.: Contribution of garbage d0i:10.1029/2007JD009733008.
burning to chloride and Pls in Mexico City, Atmos. Chem.  Shrivastava, M., Fast, J., Easter, R., Gustafson Jr., W. I., Zaveri, R.
Phys., 12, 8751-876110i:10.5194/acp-12-8751-2012012. A., Jimenez, J. L., Saide, P., and Hodzic, A.: Modeling organic

Mallet, V. and Sportisse, B.: Uncertainty in a chemistry-transport  aerosols in a megacity: comparison of simple and complex rep-
model due to physical parameterizations and numerical approx- resentations of the volatility basis set approach, Atmos. Chem.
imations: An ensemble approach applied to ozone modeling, J. Phys., 11, 6639-6668pi:10.5194/acp-11-6639-2012011.
Geophys. Res., 111, D013@#i:10.1029/2005JD0061492006. Skamarock, W. C., Klemp, J. B., Dudhia, J., Gill, D. O., Barker,

Menut, L.: Adjoint modeling for atmospheric pollution process  D. M., Duda, M., Huang, X.-Y., Wang, W., and Powers, J. G.: A
sensitivity at regional scale, J. Geophys. Res., 108, 8562, Description of the Advanced Research WRF Version 3, NCAR
doi:10.1029/2002JD002542003. Technical Note, Boulder, CO, 2008.

McKeen, S., Wilczak, J., Grell, G., Djalalova, I., Peckham, S., Hsie, Stuart, A. L., Jain, S., and Libicki, S. B.: The use of long-term me-
E.-Y., Gong, W., Bouchet, V., Menard, S., Moffet, R., McHenry, teorological information to predict impact probabilities resulting

www.atmos-chem-phys.net/12/11295/2012/ Atmos. Chem. Phys., 12, 1129368 2012


http://dx.doi.org/10.5194/acp-10-5491-2010
http://dx.doi.org/10.1029/2002JD002853
http://dx.doi.org/10.5194/acpd-12-22891-2012
http://dx.doi.org/10.5194/acpd-12-22891-2012
http://dx.doi.org/10.1029/2005JD005898
http://dx.doi.org/10.5194/acp-10-6551-2010
http://dx.doi.org/10.5194/acp-10-6551-2010
http://dx.doi.org/10.5194/acp-11-3789-2011
http://dx.doi.org/10.5194/acp-11-3789-2011
http://dx.doi.org/10.5194/acp-11-5169-2011
http://dx.doi.org/10.5194/acp-12-8751-2012
http://dx.doi.org/10.1029/2005JD006149
http://dx.doi.org/10.1029/2002JD002549
http://dx.doi.org/10.1029/2005JD005858
http://dx.doi.org/10.5194/acp-7-2447-2007
http://dx.doi.org/10.5194/acp-10-8697-2010
http://dx.doi.org/10.5194/acp-7-3909-2007
http://dx.doi.org/10.1029/2006JD007633
http://dx.doi.org/10.1029/2007JD009735
http://dx.doi.org/10.5194/acp-11-6639-2011

11308

N. Bei et al.: Uncertainties in SOA simulations due to meteorological uncertainties

from toxic chemical releases, in Proceedings of the Interna-Zhang, Q., Jimenez, J. L., Canagaratna, M. R., Allan, J. D., Coe,

tional Topical Meeting of Probabilistic Safety Assessment, Am.
Nuclear Soc., La Grange Park, lll, 1996.

Taylor, K: Summarizing multiple aspects of model performance in
single diagram, J. Geophys. Res., 106, 7183-7192, 2001.

Tie, X., Madronich, S., Walters, S., Zhang, R., Rasch, P,
and Collins, W.: Effect of clouds on photolysis and ox-

idants in the troposphere, J. Geophys. Res., 108, 4642,

d0i:10.1029/2003JD003659003.
Tsimpidi, A. P., Karydis, V. A., Zavala, M., Lei, W., Molina, L.,
Ulbrich, I. M., Jimenez, J. L., and Pandis, S. N.: Evaluation of the

volatility basis-set approach for the simulation of organic aerosol

H., Ulbrich, 1., Alfarra, M. R., Takami, A., Middlebrook, A.
M., Sun, Y. L., Dzepina, K., Dunlea, E., Docherty, K., De-
Carlo, P. F., Salcedo, D., Onasch, T., Jayne, J. T., Miyoshi,
T., Shimono, A., Hatakeyama, S., Takegawa, N., Kondo, Y.,
Schneider, J., Drewnick, F., Borrmann, S., Weimer, S., De-
merjian, K., Williams, P, Bower, K., Bahreini, R., Cottrell, L.,
Griffin, R. J., Rautiainen, J., Sun, J. VY., Zhang, Y. M., and
Worsnop, D. R.: Ubiquity and dominance of oxygenated species
in organic aerosols in anthropogenically-influenced Northern
Hemisphere midlatitudes, Geophys. Res. Lett.,, 34, L13801,
doi:10.1029/2007GL029972007b.

formation in the Mexico City metropolitan area, Atmos. Chem. Zhang, Y., Liu, P., Queen, A., Misenis, C., Pun, B., Seigneur, C.,

Phys., 10, 525-54@10i:10.5194/acp-10-525-20,12010.
Tsimpidi, A. P, Karydis, V. A, Zavala, M., Lei, W., Bei, N., Molina,

Wu, and S. Y.: A comprehensive performance evaluation of
MM5-CMAQ for the summer 1999 Southern Oxidants Study

L., and Pandis, S. N.: Sources and production of organic aerosol episode. Part Il: gas and aerosol predictions, Atmos. Environ.,

in Mexico City: insights from the combination of a chemical

40, 4839-4855, 2006.

transport model (PMCAMx-2008) and measurements during MI- Zhao, J., Levitt, N. P., Zhang, R. Y., and Chen, J. M.: Heteroge-

LAGRO, Atmos. Chem. Phys., 11, 5153-5168j:10.5194/acp-
11-5153-20112011.

\olkamer, R., San Matrtini, F., Molina, L. T., Salcedo, D., Jimenez,
J. L., and Molina, M. J.: A Missing Sink for Gas-Phase Glyoxal
in Mexico City: Formation of Secondary Organic Aerosol, Geo-
phys. Res. Lett., 34, L1980dpi:10.1029/2007GL030752007.

Zhang, F., Bei, N., Nielsen-Gammon, J. W., Li, G., Zhang, R., Stu-
art, A. L., and Aksay, A.: Impacts of meteorological uncertain-

ties on ozone pollution predictability estimated through meteoro-
logical and photochemical ensemble forecasts. J. Geophys. Res.,

112, D04304d0i:10.1029/2006JD007422007a.

Atmos. Chem. Phys., 12, 112984308 2012

neous reactions of methylglyoxal in acidic media: implications
for secondary organic aerosol formation, Environ. Sci. Technol.,
40, 7682-7687, 2006.

www.atmos-chem-phys.net/12/11295/2012/


http://dx.doi.org/10.1029/2003JD003659
http://dx.doi.org/10.5194/acp-10-525-2010
http://dx.doi.org/10.5194/acp-11-5153-2011
http://dx.doi.org/10.5194/acp-11-5153-2011
http://dx.doi.org/10.1029/2007GL030752
http://dx.doi.org/10.1029/2006JD007429
http://dx.doi.org/10.1029/2007GL029979

