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Abstract. A new method is proposed to simplify complex et al., 2009) indicate that organic to sulfate ratio is about
atmospheric chemistry reaction schemes, while preservind.:1 in tropospheric fine particles (Hallquist et al., 2009).
SOA formation properties, using genetic algorithms. TheOrganic aerosols are classified as primary organic aerosols
method is first applied in this study to the gas-phase (POA) and secondary organic aerosols (SOA). The POA is
pinene oxidation scheme. The simple unified volatility-basedformed directly from primary emissions, such as fossil fuel
scheme (SUVS) reflects the multi-generation evolution ofcombustion, biomass burning, and biogenic materials (Sun
chemical species from a near-explicit master chemical mechand Ariya, 2006). The SOA is formed via gas/particle trans-
anism (MCM) and, at the same time, uses the volatility-basisfer (Pankow, 1994) or heterogeneous reactions (Jang et al.,
set speciation for condensable products. The SUVS also uni2002; Tolocka et al., 2004; Kalberer et al., 2004; Liggio
fies reactions between SOA precursors with different oxi-et al., 2005) of the organic products from the atmospheric
dants under different atmospheric conditions. A total of 412oxidation of biogenic and/or anthropogenic volatile organic
unknown parameters (product yields of parameterized prodeompounds (VOCSs). According to the gas/particle partition-
ucts, reaction rates, etc.) from the SUVS are estimated byng theory (Pankow, 1994), the products with low volatility
using genetic algorithms operating on the detailed mecharemain in the aerosol phase and they are also called condens-
nism. The number of organic species was reduced from 31@ble products.
in the detailed mechanism to 31 in the SUVS. Output species There are two major approaches used to model SOA for-
profiles, obtained from the original subset of the MCM re- mation which have been summarized in a recent review (Hal-
action scheme fo&-pinene oxidation, are reproduced with |quist et al., 2009). The first approach is a two-product
maximum fractional error at 0.10 for scenarios under a widegas/particle partitioning model (Odum et al., 1996), in which
range of ambient HC/NQconditions. Ultimately, the same two surrogate species are used to describe hundreds of ox-
SUVS with updated parameters could be used to describe thiglation products from each VOC precursor. In this model,
SOA formation from different precursors. two parameters for mass-based stoichiometric yieldsiod
az) and two for partitioning coefficient(, ; andK, ») are
i obtained by least square fitting of smog chamber measure-
1 Introduction ments. In this empirical model, the two surrogate products
. . . : in the gas phase are described by a one-step chemical reac-
Aerosols play an important role in atmospheric chemistry,,. T ; . : .
tion. This simple model is easy to implement in a chemical

with impacts on local, regional and global air quality and hu- iransport model, and it has been widely used to study SOA
man health exposure. Sulfate has been known to be a dom}- o ; . ]
nant inorganic component, sometimes 50 % or more, in par_ormanon in regional (Andersson-Skold and _Slmpson, 2001,
X . Y i Schell et al., 2001; Pun et al., 2003; Slowik et al., 2010)
ticles with aerodynamic diameter less than 2.5 m £EM and global models (Chung and Seinfeld, 2002; Tsigaridis and
in the eastern United States (Seinfeld, 2004). Recent par; 9 9 ' 1519

. : I%anakidou, 2003).
ticle mass spectrum measurements on both aircrafts and a . .
The second approach (Hallquist et al., 2009) is to

round level monitoring sites (Zhang et al., 2007; Jimenez : . ;
g g ( 9 use chemical mechanisms, such as the Master Chemical
Mechanism (MCM) (Jenkin et al., 1997; Saunders et al.,

Correspondence toA. G. Xia 2003; Jenkin et al., 2003) or the self-generating mech-
BY (airquality@gmail.com) anism (Aumont et al., 2005), to describe the gas phase
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multi-generational chemical evolutions of condensable or-ical species from smog chamber experiments could be repre-
ganic products. The total numbers of species and reactionsented by multiple lumped products. As an improved method
from the explicit chemical mechanisms are often on the or-over the two-product model for organic aerosol formation,
der of thousands. These explicit gas-phase chemical mechthe VBS approach unifies condensable products from differ-
anisms are coupled with the gas/particle partitioning modelent oxidation systems under the framework of the same fixed
(Pankow, 1994) to describe SOA formation (Stroud et al.,volatility distribution. For example, the same lumped prod-
2004; Jenkin, 2004; Johnson et al., 2006; Camredon et alycts could be used to represent the oxidation products be-
2007; Capouet et al., 2008; Xia et al., 2008; Kelly et al., tweena-pinene + @ system and toluene + OH system (Lane
2010) from the oxidation of a variety of VOCs, such as et al., 2008; Donahue et al., 2009).
toluene, «- and g-pinene, and others. The major differ-  However, to address the issue regarding the second re-
ence between the simple model and explicit model lies inquirement to obtain a simple chemical system that mimics
the number of chemical species and reactions involved. Al-a detailed chemical mechanism, the original chemical reac-
though some modifications were made for the one-step, twotion scheme (Donahue et al., 2006) via the VBS approach
product model approach to account for some simple interis not sufficient for such a purpose. This is because the re-
actions between different products in both gas and aerosahction system in the VBS approach, similar to those from
phases (Tsigaridis and Kanakidou, 2003; Chan et al., 2007the two-product approach, is basically a one-step reaction
the explicit mechanism is more precise in describing com-system, although some simple chemical aging process has
plex chemistry for the multi-generation products in a SOA been taken into account (Farina et al., 2010) to improve this
system. Nevertheless, explicit chemical mechanisms havenethod. In this paper, a new chemical reaction scheme us-
been used to study SOA formation using zero-dimensionalng the VBS concept is proposed. Essentially, the new sim-
box models rather than three-dimensional regional modelsple unified volatility-based scheme (SUVS) is constructed by
due to the computational burden for solving the set of differ-following chemical reaction protocols (Atkinson and Arey,
ential equations for thousands of species and reactions.  2003; Saunders et al., 2003; Kroll and Seinfeld, 2008) for
Explicit chemical mechanisms also have limitations: thethe organic compounds in the ambient atmosphere.
complexity of the reaction mechanism may be based on esti- Equally important in developing the new reaction scheme,
mates, extrapolations and mechanistic analogies, rather thame also need to determine chemical parameters, such as
individually laboratory-verified chemical reaction pathways, chemical reaction rate coefficients and product yields. First,
products and reaction rates. The explicit mechanisms dofor this purpose, the MCM is used as a benchmark to pro-
however, attempt to approximate the complexity of the am-vide concentration profiles for detailed chemical species un-
bient atmosphere. The explicit mechanisms therefore proder a wide range of conditions. Next, the output concentra-
vide a good starting point for a mathematical analysis of thattions for the detailed MCM chemical species are grouped,
complexity and for the development of methodologies andaccording to their volatility distributions, into a small nhum-
parameterizations for its simplification. ber of lumped species in the new chemical reaction scheme.
The purpose for this work is to develop a methodology Finally, the computed profiles for the lumped species are
for creating new simple chemical reaction mechanisms suitireated as “experimental data” for data fitting of a large num-
able for studying SOA formation in a 3-dimensional chem- ber of unknown chemical parameters (product yields and re-
ical transport model. This simplified chemical mechanismaction rate constants) in the newly derived simple reaction
should also simulate the same evolution of chemical speciescheme. This is accomplished here using genetic algorithms,
as provided by a more explicit chemical mechanism. Two re-rather than using traditional least square fitting methods for
quirements are needed to meet this goal: (1) the new chemia small number (less than 12) of unknowns in the original
cal reaction mechanism must have a small number of speciegine-step VBS reaction scheme (Stanier et al., 2008).
and (2) the new chemical mechanism should mimic a detailed Our primary focus was to develop a simple scheme for or-
chemical reaction mechanism to describe chemical interacganic aerosol formation, but not one which is fully coupled
tions among different species. with an existing chemical mechanism. In that respect, our
For the first requirement, the volatility-basis set (VBS) ap- work is similar the idea of a yield approach, in which yields
proach (Donahue et al., 2006) provides a good frameworkof SOA mass are calculated based on the amount of precur-
to use a few lumped species to represent a large number for that is oxidized, but there is no attempt to conserve the
chemicals in the ambient atmosphere. Donahue et al. (2006Jas-phase products formed. We envisage the SUVS as an an-
first extended the simple two-product model into a multi- cillary mechanism in the context of its use in a regional air
ple (up to 9) lumped product model. The effective satura-pollution model: the gas-phase reaction mechanism of the
tion concentration€’ for each lumped product is assumed regional model being used to provide both precursor oxida-
to be fixed, rather than data-fitted varied values in the two-tion and HQ/NOy/Ox levels that are in turn used to drive the
product model (Odum et al., 1996). Specifically, the fixed SUVS solution. So our intention, at this stage, is not to have
C; of the multiple lumped products are separated by one orthe SUVS modify the inorganic chemistry, but rather, to be
der of magnitude each. This means a large number of chemdriven by both it and a regional model’s organic chemistry.
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This paper is organized as follows. First, we give a briefthe wide range of organic compounds in the ambient at-
introduction on the VBS approach in Sect. 2. In Sect. 3, wemosphere, especially for those highly volatile organic com-
propose a new simple reaction scheme for SOA formationpounds (Donahue et al., 2006).

In Sect. 4, we run the MCM v3.1 under a wide range of con- To address this issue, Donahue et al. (2006) proposed the
ditions to obtain the “experimental data” for the new reac- use of the VBS approach to study organic aerosol formation
tion scheme. In Sect. 5, we introduce the genetic algorithmgrom React. (R1), in which the volatilitie§’* for all n (up
method to derive the fitted chemical parameters for the newto 9) lumped products are assumed to be fixed, rather than
simple reaction scheme. Finally, we present model resultvariables derived through the least square fitting method in
and discussions on this new chemical mechanism frameworkhe two-product model. Still, the mass-based stochiomet-
for SOA formation. ric yields (@1, a2, ...,a,) are obtained by using linear least
square fitting of the smog chamber experimental SOA yield
. . curves (Stanier et al., 2008).
2 Volatility-based set (VBS) approach for organic The VBS approach can cover the wide range of volatilities
aerosol formation for the organic products found in the atmosphere. In addi-
| . . . e . tion, the VBS approach can also be used to map all oxidation
n this section, we give a brief introduction on the two- i S :
. S products from different oxidation systems into one frame-
product model for SOA formation, which is followed by .
work because volatilities for all organic products are lumped

a concise description of the volatility-based set approach. : . .
. : . nto a fixed framework. Chemical transformations between
Next, four issues about the VBS approach will be raised, and,. . .
.different lumped products, such as aging through OH oxi-

these four ISSUes motivate our work to develop a new ChemlHation, could be described by this scheme (Donahue et al.,
cal scheme in this paper.

Pankow (1994) proposed a theoretical absorptive model to2 00.6)' This approa<_:h was used to study organic aerospl for-
mation from both primary and secondary sources (Robinson

study organic aerosols phase partitioning, and this absorptlvgt al., 2007: Lane et al., 2008).

model was applied by Odum et al. (1996) to describe SOA Do
. ) : We suggest here four possible improvements to the ex-
formation using smog chamber experimental data. Accord-

ing to Odum et al. (1996), a chemical oxidation system forIStIng YBS approach.. First, as mentloned garller in the in-
: . troduction, the reaction scheme in Reaction (R1) for the
SOA formation can be expressed as:

VBS approach is still a one-step reaction system. The com-
) plex chemical reactions for the products, especially for those
multi-generational products, would not be captured well by
where VOC represents a volatile organic compound precurusing a one-step reaction scheme in a period longer than
sor, such as-pinene, toluene, isoprenen etc. Thg @p-  the typical duration (a few hours) for a smog chamber ex-
resents any of the oxidants, such ag OH, NOs, and even  periement for SOA formation. Second, large uncertainties
Cl (Cai and Griffin, 2006). P1, P», ..., P, aren number still exist for the mass-based stoichiometric yields derived via
of condensable products;1, a2, ..., @, are mass-based least square fitting, especially for those yields correspond-
stoichiometric yields for the: products; K, 1, K, 2, ..., ing to the high volatile products (Presto and Donahue, 2006;
K, are the corresponding gas/particle partitoning coeffi-Pathak et al., 2007). The uncertainties are mainly caused by
cients (nf pg1) in which using total SOA vyield as the only one important constraint
for the data fitting process. Third, the set of parameters for
(1) a single reaction system change when the driving conditions
Coa change. For example, five different sets of VBS parameteri-
Lations were developed for ozonlysiscopinene (Pathak et
al., 2007) under five different conditions. Fourth, the reac-
tion scheme between a VOC precursor, saginene, with
different oxidants, such as OH, NQor Oz, are not coupled
in the fitting process, while the actual precursor VOC may
AMon aiKpi n o react with both @ and OH during the day and NGnd G
Y= AHC COAZW sz (2) at night. The original least square fitting tries to isolate pa-
i=1 proi=t ! rameters for each reaction separately, but they are instrinctly
In order to fit smog chamber experiemental data, Odum etoupled and require higher order fitting techniques.
al. (1996) found that two surrogate products are enough to Motivated by the four points mentioned above, we de-
describe the shape of the SOA vyield curve for one oxida-velop a new approach to write and parameterize the reaction
tion system, and a total of four parametess, (a2, K 1, scheme under whicl-pinene oxidation forms condensable
andk , ») are obtained through a least square fitting method products. This new VBS scheme is a multi-step reaction sys-
This is the so called “two-product model” for SOA forma- tem, which is constructed by following standard organic re-
tion. But the two-product model has difficulty describing action protocols. The chemical profiles of the new reaction

VOC+Oy —> a1 Py +a2Po+...+ay Py (R1

cP/c?
Kpi= G/

whereClP andC? are aerosol phase and gas phase concentr.
tions (ug nT3) for thei-th product,Coa is the total aerosol
mass concentration (ugT#). By using this framework, the
SOA yield(Y) can be expressed as:
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scheme mimic those from a detailed chemical mechanism,
and demonstrate the power of this approach.

3 Development of a simple unified volatility-based
scheme (SUVS)

In this section, we give an overview of the general features
for ambient atmospheric oxidation. Then, based on these
general features, we construct a Simple Unified Volatility-
based Scheme (SUVS) for organic aerosol formation.
Oxidation reactions of ambient organic species alter their
volatility, either to increase it through cleavage of carbon-
carbon bond, or to decrease it through addition of other func-
tional groups. In recent years, exploration of particle-phase
organic chemical reactions, including heterogeneous reaction
and multiphase reactions, has been very active (Jang et al.,
2002; Tolocka et al., 2004; Kalberer et al., 2004; Gao et al.,
2004; linuma et al., 2004; Liggio et al., 2005). A review on
current understanding of chemical kinetics and reactions in
the gas and aerosol phases for SOA formation is given by
Kroll and Seinfeld (2008). In this work, as a first step to ex-
plore the new chemical reaction scheme and fitting method,
we focus our study on atmospheric gas phase reactions only.

3.1 Brief review of atmospheric oxidation

Gas phase chemical reaction pathways vary with individ-
ual SOA precursors because of their unique molecular struc-
tures. Only a small fraction of reactions for a few ambient
VOCs have been studied extensively. A number of gene
structure-activity relationships derived from the experime

tal studies are used as protocols to infer chemical parame . . A .
P P éormlng a carbonyl and an alkyl radical (R), which is rapidly

ters and subsequent products for those larger VOCs durin

construction of an explicit chemical mechanism such as the

MCM (Jenkin et al., 1997; Saunders et al., 2003; Aumont et
al., 2005).

An excellent review on atmospheric oxidation of a wide
range of VOCs can also be found in Atkinson and Arey

(2003). Here, we only give a brief overview of those aspects

of oxidation mechanisms relevant to SOA formation. First,

the initial gas phase chemical reaction of a VOC species with{

primary oxidants, such as OH, NQand @, leads to the
formation of alkyl radicals (R) or Criegee intermediates and
then rapidly to form organic peroxy radicals (RO Subse-
quent reactions for RPradicals and alkoxy radicals (RO)
are very important for SOA formation, since these may lead
to lower volatility products. In the troposphere, R@dicals
react with (1) NO, (2) R, (3) NOg, (4) HO,, and (5) NG.

1. RO, + NO: The RQ radicals react with NO to form an
RO radical or an organic nitrate (ROND In the atmo-
sphere, the branching of BQvith NO competes with
the reaction of R@+HO, to form ROOH. For most
SOA reaction systems, like those for light aromatics

Atmos. Chem. Phys., 11, 6185205 2011
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and monoterpenes (Song et al., 2005), the volatility of
RONG; is comparitively higher than that of the ROOH.
As a result, forx-pinene, higher SOA mass is expected
to formed under lower NQcondition.

. RO; +RO,: Under ambient conditions, the self reac-

tion and cross reactions of R® RO, form RO and OH
via chain propagation or carbonyl, alcohol, or organic
peroxides (ROOR) via chain-termination. The carbonyl
and alcohol are more volatile than the ROOR (Ziemann,
2002) and those formed ROOH from ROHO,.

3. RO, +NOg3: The reaction of R@+ NQOj3 is believed to

be an important loss process at night time (Kirchner
and Stockwell, 1996). Based on available information
(Lightfoot et al., 1992; Biggs et al., 1994, 1995; Daele
et al., 1995), the reaction of RQvith NO3 is assumed

to produce alkoxy radicals (RO) and N@5aunders et
al., 2003).

4. RO, +HO,: The RQ radicals may react with H9

to form a low-volatility product of organic peroxide
(ROOH). Organic peroxides have been predicted to be
an important fraction of total SOA formed in the MCM
(Bonn et al., 2004; Xia et al., 2008).

. RO, +NOy: The reaction of R@ radicals with NQ

forms peroxynitrates (ROONS), which are temporary
reservoirs for R@ and NG, because of lifetimes on the
order of seconds at 298 K.

ricl\/leanwhile, the reaction for the RO radical has two ma-
n.Jor chemical pathways: (1) dissociation through cleavage

of carbon-carbon bond or H-abstraction with both pathways

onverted to R@, or HO,, (2) isomerization to form another
alkyl radical (R’) via a 1,5-hydrogen shift.

The reaction pathways described above lead to the forma-
tion of a wide range of oxygenated products, such as car-
bonyl compounds, organic nitrates (RONOhydroperox-
ides (ROOH), alcohols (ROH), carboxylic acid (RC(O)OH).
As reviewed in Atkinson and Arey (2003), the degradation
or these newly formed compounds include photolysis and
urther reactions with OH and NO Specifically, the pho-
tolysis of the oxygenated compounds leads to the formation
of RO, and the reactions of the oxygenated compounds with
OH and NQ generally result in the formation of RO

3.2 A simple unified volatility-based scheme (SUVS)

A wide variety of starting organic compounds and possi-
ble complex chemical reaction pathways outlined in the pre-
ceding subsection lead to a myriad of compounds formed
in the ambient atmosphere. As mentioned earlier, “volatil-
ity” is an important parameter to describe organic aerosol
formation. Volatility moderates a compound’s existence in

www.atmos-chem-phys.net/11/6185/2011/
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XHC + OH = ww(01)X,,0, +ww(02)X,,0, +... +ww(09)X,,0, +ww (10)X,,0, KOH

XHC + 05 = ww(1l)X,,0, +ww(12)X,,0, +... +ww(19)X,,0, +ww(20)X,,0, KO3 Part 1
XHC + NO, = ww(21)X,,0, +ww(22)X,,0, +... +ww(29)X,,0, +ww(30)X,,0, KNO3

X0, + NO = z(01)X,,0 + w(01,2)S,, + w(01,3)S,, k(01) ™

X0, + NO = z(02)X,,0 + w(02,1)S,, + w(02,2)S,, + w(02,3)S,, k (02)

X030, + NO = z(03)X,,0 + w(03,1)S,, + w(03,2)S,, + w(03,3)S,, k (03)

X0,0, + NO = z(04)X,,0 + w(04,1)S,; + w(04,2)S,, + w(04,3)S,, k (04)

Xs0, + NO = z(05)X,0 + w(05,1)S,, + w(05,2)S,; + w(05,3)Sg, k(05) L p_ ¢
X0e0, + NO = z(06)X,0 + w(06,1)Sy; + w(06,2)S,, + w(06,3)S,, k (06) ar
Xp,0, + NO = z(07)X,,0 + w(07,1)S,, + w(07,2)Sy, + w(07,3)S,, k (07)

X050, + NO = z(08)X,,0 + w(08,1)S,, + w(08,2)S,, + w(08,3)S,, k (08)

X0s0, + NO = z(09)X,,0 + w(09,1)S,, + w(09,2)S,, + w(09,3)S;, k (09)

X,,0, + NO = z(10)X,,0 + w(10,1)S,, + w(10,2)S,, k(10) =

X050, + RO, = z(15)X,0 + w(15,1)S,, + w(15,2)Sy; + w(15,3)Sy, k (15)

X050, + NO, = z(25)X,;0 k (25)

X0, + HO, = w(35,1)S,, + w(35,2)S,; + w(35,3)S,, k (35) Part 3
X050, + NO, = w(45,1)S,, + w(45,2)Sy; + w(45,3)Sy, k (45)

X050 = w(55,1)S,, + w(55,2)S,; + w(55,3)S, k (55)

X0 = W(65,1)X,,0, + w(65,2)X,50, + w(65,3)Xyc0, X (65) Part 4
Sos = W(75,1)X,,0 + w(75,2)Xs0 + w(75,3) X0 k (75)

Sps + OH = w(85,1)X,,0, + w(85,2)X,:0, + w(85,3)X,c0, k (85) Part 5
Ses + NO, = w(95,1)X,,0, + w(95,2)X,50, + w(95,3)Xc0, k (95)

Fig. 1. A simple unified volatility-based scheme (SUVS) for SOA formation.

gas- and aerosol phases. To model evolution of a chemicahs a result, hundreds and/or thousands of chemical species
system, a lumping method based on volatility is an effeic-in a detailed chemical mechanism are reduced to only 30 or-
tive way to reduce the number of organic species (Bian andyanic compounds in 10 volatility bins in a simple reaction
Bowman, 2005). scheme, except the starting organics. Next, we will describe
In this work, we first lump organic compounds in a the simple unified volatility-based scheme (SUVS), which is
chemical system into 10 volatility-based surrogate condensconstructed based on the protocols outlined in Sect. 3.1.
able products termed volatility bins: o§ Sp2, ..., So. In this work, the SUVS is constructed for one single start-
The volatilities for the 10 compounds span from %00 ing organic compound af-pinene which undergoes atmo-
10" pg n3 at the reference temperature of 298 kg1 & in spheric oxidation with three oxidants: OHgzQand NQG.
volatility bin 1 (102 to 10-* ugn23), Sz is in volatility bin -~ We assume the oxidation of the starting organic, represented
2 (101 to 1P pgnr3), ... and So is in volatility bin 10 by XHC, leads to the formation of 10 surrogate products:
(10° to 10" pg mi3). Note that the organic compounds, such X102, X203, ..., X1002. The reaction rate coefficients for
as the formaldehyde, acetaldehyde, with volatility higherthe three initial reactions can be obtained from the literature
than 10 pg n3 are excluded for the lumping process. Also or any reliable detailed chemical mechanism. A total of 30
note that the use of “volatility bin” terminology is taken di- stoichiometric coefficients fromw(01) toww(30) for the 10
rectly from Donahue et al. (2006), and the nomenclature ofsurrogates are assigned, as shown in reaction scheme Part 1
the compounds in this paper is similar to the one used in theiin Fig. 1.

works, in which up to 9 products were assumed. Next, each X O, radical can react with NO (as outlined in
As mentioned in Sect. 2, a chemical mechanism withoutthe generic reaction mechanism description in Sect. 3.1) to
RO, and RO is insufficient to describe chemical evolution of form an alkoxy (RO) radical or an organic nitrate (RONO
a complex chemical system over time lasting longer than theAs shown in reaction scheme Part 2 in Fig. 1, we assume
few hours duration for a typical smog chamber experiementthe newly formed product of RO belongs to the same volatil-
for SOA formation. Therefore, we assume that a large num-ty bin of X;; Oz, i.e., X;02+NO— X;;0. When the or-
ber of RGQ in the chemical system are grouped into 10 sur-ganic nitrates are formed from the reaction qf G + NO,
rogates: %102, X020, ..., X1002. This same lumping ap- we assume the volatility for organic nitrate are distributed
proach is also applied to the RO for 10 surrogateg; O into three neighboring volatility bins:(ii — 1)-th, ii-th,
X020, ..., X100. For convenience, we usg;®, torepresent  and (ii 4+ 1)-th volatility bins. i.e., %;O02+NO— w(ii,1)
the 10 RQ surrogates and XO for the 10 RO surrogates. S;;_1+w(ii,2) §; +w(ii,3) S;+1, where w(ii,1), w(ii,2),

www.atmos-chem-phys.net/11/6185/2011/ Atmos. Chem. Phys., 11, 62852011
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and w(ii,3) are the stochiometric coefficients for the corre- the products are organic peroxy radicals. In this case, they
sponding three products. Note that, information for com-are X402, X502, and XsO2 in the 85th and 95th reaction
pounds with different functional groups, such as hydroper-in the SUVS. The above SUVS is constructed to describe
oxy (ROOH), nitrate (RON@), peroxynitrates (ROONg, the parameterized degradation of gas phase chemical reac-
alcohols (ROH), and carboxylic acid (RC(O)OH), are re- tions for a starting organic compound via the VBS specia-
placed by volatility indexes. The reaction rate coefficients fortion. In order to apply this simple scheme, equally impor-
the 10 reactions are expressedé®l), k(02), ...,k(10) in tant, we need to determine the values for 312 (=@@)(+ 30
Fig. 1. Also note that in this work, for simpility, we use only (z) + 28 x 9 (w)) stochiometric coefficients and 100(1) to
three neighboring volatility products, rather than the whole k(100)) reaction rate coefficients.
suite of 10 products. Before we discuss how to determine the 412 unknown pra-
For demonstration purpose, we use compounds in the Stihameters, we briefly explain a simple treatment of inorganic
volatility bin as reactants in the following description. Sim- chemistry and the HOx/NOx/Ox budget issue in the SUVS.
ilarly, Xo502 reacts with RQ. Because the permutation and Theoretically, the inorganic gas-phase chemistry could be
cross reactions of the RQead to alkoxy radicals (RO) and coupled with the SUVS; however, our work here investigates
carbonyls and alcohols, the products are then represented hifie use of the SUVS as an ancillary mechanism that is af-
Xos0 radical and three condensable speciesi, S5, and  fected by, but does not modify, the inorganic gas reactions.
Soe. This is expressed by the 15th reaction in the SUVS,Our primary focus in this work is to develop a simple scheme
and reaction coefficient for this reaction is showrkékb)in for organic aerosol formation, we assume the concentra-
Part 3 in Fig. 1. The stochiometric coefficients for the four tions profiles of the inorganic species (KO4/Oy) are
products are(15), w(15, 1), w(15, 2), andw(15, 3). RQ known and obtained either from experimental observations
represents the total organic peroxide radicals in the chemier prior model simulations with explicit coupled inorganic-
cal system, i.e., RO=Rp10, + Rg200 + ... + Rig0». Mean- organic mechanisms. This part is explained in detail in the
while, the reaction betweeng¥O, and NG leads to the for-  end of Sect. 4.2. In summary, SUVS does not modify the
mation of the corresponding alkoxy radical 0§50 with the HO«/NO/Ox budget.
reaction coefficient of(25) listed in Part 3 in Fig. 1. Now two challenges face us before we apply this newly
Xo0502 could also react with HOand NG to generate  proposed SUVS in a regional air quality model. The first
ROOH and RGNOy, respectively. Both products (ROOH challenge is how to obtain time series of different volatility-
versus RGNO,) are represented by condensable products ofbased species under a wide range of experimental conditions
Sos4, Sos, and e with different set of stochiometric coef- for use in parameter estimation. Here, the detailed chemical
ficients: w(35, 1), w(35, 2), andw(35, 3) for the ROOH; mechanism of MCM v3.1 is used to generate time series of
w(45, 1),w(45, 2), andw(45, 3) for the RGNO:.. individual organic species. When the condensable organic
Next, we discuss the chemical reactions of the alkoxy rad-species in the MCM v3.1 are lumped into 10 volatility-based
icals (RO) in Part 4 in Fig. 1. As mentioned in Sect. 3.1, compounds, we obtain the concentration profiles for the 10
the degradation of RO leads to the formation of carbonyl andvolatility-based compounds in the SUVS sytem. The result-
RO,. In our simple chemical reaction scheme, the productsing accuracy of the parameterization is thus limited to that of
of the carbonyls are represented by three condensable specite MCM.
of Sp4, So5, and e, and the corresponding stochiometric  The second challenge is on how to determine 412 un-
coefficients arew(55,1), w(55,2), andw(55,3). When the known chemical parameters. Traditionally, a simple linear
RO undergoes dissociation and isomerization to form peroxyleast square fitting method would be applied to determine re-
radicals in the 65th reaction, we assume the correspondingction rate coefficients and stochiometric coefficients for a
products would be in three volatility bins: oX0O2, Xg502, one-step reaction scheme, like that in Stanier et al. (2008).
and Xg602. This treatment is different from the first 30th re- Part of this challenge requires the construction of a set of test
actions in which R@reacts with NO, R@, and NG; to form conditions sufficiently large in order to span the space of all
only one RO. This is because the dissocation and isomerizaatmospheric conditions. For such a large number of unknown
tion of the RO leads to significant changes of the chemicalparameters in the SUVS, a non-traditional method of genetic
structures, which impacts the corresponding volatility bins . algorithms is utilized in this task (Sect. 5). In Sect. 4, we will
Finally, we discuss the oxidation of the condensable prod-introduce the settings for the MCM v3.1 under a wide range
ucts in the simple chemical reaction scheme. On the onef conditions.
hand, the condensable speciegs, Svould undergo thermal
decomposition or photolysis (the 75th reaction in the SUVS),
and the products are thep2O, Xgs0, and X%gsO. Note that
the photolysis reaction rate coefficieit(15)) for the 75th
reaction is constrained by normalized sun intensity of SUN,
which is 0 at night time and 1 at noon. On the other hand,
when the condensable specigg &acts with OH and N§
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4 Master Chemical Mechanisms and volatility species are lumped into the 10 species according to their in-
distribution dividual volatilities.
4.1 Settings for the Master Chemical Mechanism: 4.2 \olatility distribution

creating a set of conditions for testing
In this subsection, we first briefly introduce the concept of ef-

The near-explicit Master Chemcial Mechanism (MCM) v3.1 fective saturation concentration and its estimation method via
describes the degradationmdinene in a very detailed level, Saturation vapor pressure (SVP). Then, we describe volatility
and includes the entire reaction sequence from the initial oxdistributions for 10 lumped species from a typieapinene
idation step to the final products, G@nd HO. oxidation scenario.

In this first application of the new SUVS for SOA forma-  Rather than the traditional term of partitioning coefficient,
tion, for simplicity, we focus our study on the oxidation of Donahue et al. (2006) proposed to use an alternative term
one single SOA precuror, the well-studieepinene, rather  C; (ug n3), effective saturation concentration, to study the
than all species in the entire oxidation system. Therfore, gas/particle partitioning behavior for theth product. The
subset of the MCM v3.1 describing-pinene oxidation is  C; can be expressed theoretically via Pankow’s (1994) parti-
used in a box model to study the chemical evolutions of 331tioning theory as:
compounds with 976 reactions. Detailed information regard- ,
ing the introduction and settings of thepienne oxidation w1 106Mi§i Py 3)
system for a zero-dimensional box-model study can also be ' — Kp.i - 760RT
found in our previous studies (Xia et al., 2008; Slowik et
al., 2010). In this work, the major input parameters for the Where R (8.206x 10> m? atm K-t mol~!) is the gas con-
box model include temperature, relative humiditypinene  Stant.T (K) is the temperaturey/; (g mof) is the molecular
emission rate, and initial concentrations of N@ should be ~ Weight for thei-th compound p7 ;(torr) is the saturation va-
noted that photolysis rates for the core reactions in the MCMPOr pressure (SVP) of theth pure compound at temperatuer
correspond to clear sky conditions on equinox at a latitude ofl, and¢; is a mole-fraction-scale-based activity coefficient
45° N and the midday/ (NO») is 0.073s. for thei-th compound in the condensed phase.

In this study, temperature and relative humidity are con- In general, the activity coefficients of the compounds in
stant values. The temperature is assumed to be fixed at &€ organic aerosols are in the range of 0.3 to 3.0 (Sein-
reference temperature of 298 K. The selection of the referfeld and Pankow, 2003). However, as adopted by many re-
ence temperature is consistent with the reference volatilitiess€archers (Kamens et al., 1999; Jenkin, 2004; Xia et al.,
as used by Donahue et al. (2006). The relative humidity is2008) as a first approximation, the activity coefficients are
also set to be at 10 % all the time. This is considered to be &S0 assumed to be unity in this work for the calculation of
dry condition (Pathak et al., 2007). The third difference from the C;" for each stable species. Once the SVP afdrom
our previous study is the-pinene emission rate. A total of Ed. (3) are known at a given tempertdfewe can determine
21 logarithmly evenly spaceg+pinene emission rates are set the Cf, an intrinsic property of compoundfor an ideal so-
from 0.5 x 107 to 8x 107 molecule cn3s~L. Finally, a total lution. Next, we will describe the estimation method for the
of 27 logarithmly evenly spaced initial mixing ratios of NO SVP outlined in Schwarzenbach et al. (2003).
are set from 2.5 ppbv to 1000 ppbv. The initial mixing ratios By making an assumption of the linear relationship for
of NO, are set to be 1/3 of the NO mixing ratios for each sce-the vaporization enthalpy at different temperatures, integrat-
nario. Thus, a total of 567 (= 2127) scenarios have been ing the Clausius-Clapeyron equation frdfis (normal boil-
generated for the study efpinene oxidation. Each scenario ing point) to7', and using Trouton’s rule, the SVP can be
is run for 3 days (72 h) starting from midnight. During the expressed as
daytime, some compounds undergo photolysis reactions un- ,, T T
der natural sunlight. As a result, the concentration profilesin —£ = —KF(4,4+InTb)[1.8(—b -1 —0.8In(—b)] 4)
for all 331 compounds can be calculated from the 3-day box r r
model simulation. whereT}, (K) denotes the normal boiling point;(K) desig-

Note that only gas phase chemical reactions are consideredates the temperature of intere&¥ (no unit) is a Fishtine
for this simulation, because we focus on the application offactor (Fishtine, 1963), and the (torr) represents the SVP.
our new SUVS system on the formation of lumped condens-The T}, is estimated by using a group contribution method
able species in the gas phase chemistry. The gas/particle pa@doback and Reid’'s (1987) fragmentation method, modified
titioning process and aerosol heterogenenous reactions aend extended by Stein and Brown (1994), andkfefactor
important but not included in this study. To obtain the con- is estimated by the method given in Fishtine (1963) or Sage
centration profiles for the 10 lumped condensable speciesand Sage (2000). Overall, this SVP estimation method by
from S to S in the SUVS, we first need to know the using Eg. (4) is comparable to the universal functional ac-
volatility of each stable organic species. Then, all stabletivity coefficient (UNIFAC P/) method (Asher et al., 2002)
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in estimation of the SVP against measured data (Xia et al.
2008). The Eq. (4) was also used to estimate the SVP fo
the condensable species from our previous study (Xiaetal. 18
2008). 16

Only 180 out of the 331 compounds in the chemical sys-
tem are stable organic species, the remaining compounds a
either inorganic compounds or organic intermediates. As
mentioned early, the volatility for each stable organic com-
pound is estimated by Eq. (3) at the reference temperature ¢ g8
298 K. In this part, our goal is to group the 180 stable organic go.s
species into 10 lumped ones. 204

To represent ambient organic aerosol, the volatilities for
the 10 lumped species at the reference temperature of 298
are seperated by one order of magnitude, spanning fron ° 18 30 42 54 66
1072 to 10/ pgnt3. In this work, we have pre-defined 10 Hour

volatility bins. Then-th volatility bin covers the volatil- Fig. 2. Diurnal profiles for the 10 lumped species from ame

i -3)-05 —-3)+0.5 —3
ity range from 1¢'~3-05~ 10?” * HgnT, wheren = pinene oxidation scenario lasting for 72h. The shaded areas in-
2,3,...10. Whenn =1, the first volatility bin covers the jcate night time.

volatility range no more than 16-> ug m2. With the given
seting, a linear interpolation within the bin is used to deter-
mine the volatility bin location for each of the 180 species. and Michalewicz (1999). A simple and practical introduction
By using the linear interpolation lumping method, all 180 on how to incorporate these ideas in a computational setting
condensable species in the subset of MCMdfepinene ox-  can be found in Haupt and Haupt (2004). GAs has been ap-
idation are grouped into the 10 lumped species (gas phaseplied mostly in mathematics and physics. As a new tool, GAs
Figure 2 shows diurnal profiles for the 10 lumped specieshave also been recently used in the atmospheric sciences with
from one scenario lasting for 72 h when there is constant various applications.
pinene emission. Specifically, GAs were applied to determine aerosol size
Starting from midnight, the number concentrations of 10 distributions (Lienert et al., 2001, 2003) and aerosol refrac-
lumped compounds start to accumulate from zero and theréve index (Barkey et al., 2007) from polar nephelometer
are different patterns for the diurnal changes. For example, idata. In another study, the GAs were coupled with an at-
the daytime starting from sunrise at 30th hour, the concentramospheric dispersion model to characterize pollutant emis-
tions for the 5th, 8th, and 9th lumped species undergo largeion locations, times, and quantities (Haupt, 2005; Allen et
increases. But the concentrations for the 6th and 7th lumpedl., 2007). GAs were applied to optimize a set of physi-
species start to decline until sunset at the 42nd hour. Thigal and computational parameters in both the 5th-generation
kind of diurnal change could be different for different sce- PSU/NCAR Mesoscale Model (MM5) and the Regional At-
narios. In Sect. 6, we will examine these distictive diurnal mospheric Modeling System (RAMS) for improved agree-
change patterns mainly due to photolysis changes. ment between model simulations and observational or syn-
In this section, we have obtained diurnal profiles, termedthetic data (Lee et al., 2006; O’'Steen and Werth, 2009). This
“experimental data”, for the 10 lumped species. Addition- technique was utilized to calibrate seasonalikEmission
ally, inorganic species are vital for the SUVS, and the hourlyinventories in Beijing to improve the Models-3/Community
profiles for these species are obtained directly from the MCMMultiscale Air Quality (CMAQ) model performance (Li et
model simulations. A linearly interpolated method is applied al., 2010). Similar to our task in this paper, GAs were em-
to the hourly profiles of the 10 lumped species and the in-ployed in chemical kinetics for determining parameters in
organic species within each our-hour period. Next, we will various chemical systems (Carroll, 1996; Polifke et al., 1998;
introduce genetic algorithms for estimation of the 412 un-Harris et al., 2000; Tsuchiya and Ross, 2001; Elliott et al.,
known parameters in the SUVS system. 2004).
Fundamentally, GAs are used to solve an optimization
problem by evolving the best solution from an initial set of
5 Genetic algorithms (GAs) completely random guesses. In other word, GAs are an adap-
tive heuristic search method. A typical GAs requires:

RN
[ RN

sity (molecules/cm

0.2

5.1 Brief review of genetic algorithms

1. A fitness functionf to reflect the objective optimiza-
The underlying ideas of genetic algorithms (GAs) were in- tion problem (minimum or maximum) at hand. A fit-
spired by the mechanism of natural selection. Acomplete de-  ness function includes one or several variables that a
scription of GAs techniques can be found in Goldberg (1989) system needs to determine. The variables are called
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“parameters” in the GAs. The fitness function is used the generation of two new children (2, 10) and (1, 5).
to distinguish between “bad” and “good” solutions. We Parentl (2,13) (00101107)

shall use a simple example to explain concepts and

methodologies used in the GAs field. An example could Parent2 (1,2) (0001p010)

involve finding the maximum value of =200— (x — i3
5)2—(y—10)?, and the corresponding two unknown pa- Chid1 (2,10) (00101010)

rameters arex(, y), where O< x,y < 15.
Child2 (1,5) (0001Q 107

2. An encoding method to represent the solution domain. b)
There are several different encoding methods, such as
binary encoding, gray encoding, and float-point encod-
ing. Each parameter is encoded as a string (or termed a
gene). For example, (8, 12) could be described by two
tentative 4-digit binary genes as (1000, 1100). In GAs,
one individual represents a set of all unknown parame- ~ Parentl (2,13) _(0101101)
ters, and it is expressed as a chain where bits standing ] U
for all parameters are lined up to form a binary string. Chid1  (10,13) (0101101)

The chain is called genetic sequencing, or chromosome . o
in GAs. As a result, (8, 12) is encoded as (10001100). 5. Evaluate the fithess of the new individuals.

6. Replace the least-fit individuals with the new individu-
After the fitness function and the encoding method are deter-  ais to form a new population.

mined for a GAs. A 7-step procedure can be used to apply
the GAs for a given task. 7. Repeat the procedures from step 2 to 6 until termination.

Mutation: Mutation is applied to a single parent. Sim-
ilar to the biogenic mutation, an arbitrary bit in the ge-
netic sequencing will be changed from its original state.
For example, the first bit from “Parent 1” undergoes mu-
tation and a new child (offspring) (10, 13) is generated.

1. Initialize possible solutions. Individual possible so- At €ach iteration, the GAs perform crossover and muta-
lutions (termed Individuals) are given from random 10N operations with two different probabilitie8gossoveand
guesses to form an initial population. A population is an Pmutation) to produce a new population. Each successive pop-
array of individuals. The size of the population dependslation is called a new generation. The GAs usually uses
on the number of unknown parameters in the problem.SOMe of the following conditions to determine when to stop:
In this simple example, the population size is tentatively (1) Maximum number of generation; (2) time limit; (3) suffi-

set to be four, and four initial randomly generated indi- Ci€Nt fitness achieved. _
viduals are: (1, 2), (2, 13), (12, 4), and (15, 15). In GAs, elitism is a commonly used technique where one

or more of highest fitness individuals are copied, unchanged,
from one generation to the next. Elitism could rapidly in-
crease the GAs performance, because it prevents losing the
best found solution to date. Figure 3 shows a schematic rep-
resentation of the procedures outlined above for a basic GAs.
Note that the number of parameters for the example shown
above is only two. It could vary from one to hundreds (412
3. Select best-fit individuals for reproduction of new indi- for our SUVS case), and even to billions (Goldberg et al.,
viduals. In this example, two individuals (2, 13) and 2007) in actual applications.
(1, 2) are singled out as “Parent 1” and “Parent 2" for  As Elliot et al. (2004) summarized that when contrasted
mating because of their high fitness values of 182 andwith traditional gradient-based search methods, GAs do not
120. require knowledge of the gradient of the fitness functions.
This makes GAs particular suitable for problems, such as this
4. Generate new individuals via two genetic operators:SUVS reaction scheme, where the analytic expression of the

crossover and mutation. The two operations can be perfitn€ss function is not known.

f d only wh Il individual ded : :
ormed only when all individuals are encoded as geness.2 Settings of the GAs for SUVS

2. Evaluate the fitness value of each individual in this pop-
ulation. The fitness values for the four initial individuals
are: (1,2 =120; f(2,13) =182; f (12,4) = 115; and
f(15,15) =75.

(@) Crossover:  One-point crossover is the simplest52.1 Objective functions of the GAs
crossover method, in which one same point is se-
lected on both parents and the data beyond that poinFan et al. (2004) demonstrated that the design of the fitness
are swapped from two parents. In this example, thefunction is instrumental in performance improvement for the
fifth point is selected for crossover, which leads to GAs. In our case, 10 ambient-like scenarios were selected
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Initial where
population - Ca'c ® represents calculated number density of fhih
Iumped species frontth scenario at-th hour by using
Evaluate the SUVS system;
fitness

- xor/'g is the corresponding original number density of

the lumped;-th species froni-th scenario ak-th hour
YES by using the full chemical mechanism of the MCM v3.1;

ermination

criterion

satisfied? — Nsc (=10) represents total number of selected scenar-
ios for testing;Nsp (=11) is the total number of species
used for comparison; ané, (= endhousstarthour + 1)
denotes the total hours for this comparison, in which the

starthour is 10 and the endhour is 72.

Selection

v

— The maximum value of the functiorf is 1%, which

Crossover corresponds to a perfect fit. The constant is added into
\|r the term to avoid numerical overflow.
. 1 endhour | orig
Mutation Moo 02
— The term =stamony in the fitness func-
Elitism —& 1 endXh:our xf)r,ig
(n+1)th tion (E .Nh k:starthour.’""k .
; g. 5) is conventionally called the coefficient
generation O S
\lr of variation for the root mean square deviation —
CV(RMSD). For simplicity, we define this term as
Evaluate ERROR ;. i.e
fitness o 1€

endhour

1 calc 0“9 2

Nn Z (X X s k)
k=starthour

i,j.k
m ERROR’j = 1 endhour . (6)

orig
MmooX Xk

" k=starthour "’

Fig. 3. Schematic representation of procedures used for a simple

GAs application. Three additional errors can be formed via ERRQRS:
Nsc
for testing the SUVS. Each scenario ran for 72 h startinggsp,;j = N—ZOERROR, 7)

from midnight. The profiles for 11 species obtained from
the SUVS were compared with the profiles for the 11 species

. . Nsp
from_the MCM v3.1. The 11 species included the 1_0 lumped sci= —ZERROR, ®)
species (&1, So2, - - -, and $p) and the total RQspecies. To
avoid comparison of very low (near zero) concentrations of
the species in the first few hours of model runs, the timing 1 NscNsp 1
used for the comparison are selected from a tentative starting = — — ZZERROR i==- 1078 9)
time at 10th hour to the end time at 72nd hour. The fitness ~ VSCNsPiZ 1j=1 f

function defined for this study is: . )
where gsp; is the mean CV(RMSD) for thg-th species

from all Nsc scenariosgsc; is the mean CV(RMSD) for

f= 1 (5) all Nsp species in the-th scenario, ang; is the mean
e \/ LR e o CV(RMSD) for all 10 scenarios and 11 species. The simple
1084 1 ZSC XS:P k=starthour 1% h I relation between the mean errorgénd the fithess function
Nsc NSPl_ 121 1 o orig fisalsoindicated in Eq. (9). We will discuss the relationship
M —starthour /¥ betweergsc;, gspj, andg in more details in Sect. 6.
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5.2.2 Parameters for the GAs the value of the number of variables, so that the individuals
in each population span the space being searched. In gen-
As mentioned in Sect. 5.1, the unknown variables could beeral, increasing the population size enables the GAs to search
encoded with a binary representation or floating point rep-more points and thereby obtain a better result. However, the
resentation. In general, the floating point approach is bettefarger the population size, the longer the GAs takes to com-
than the binary representation in that the floating point ap-pute each generation. In this work, the number of variables is
proach is faster and it can cover larger domains at a highes12; the population size is 5000, which is more than a factor
resolution than the binary approach (Elliott et al., 2004). of 12 |arger than the number of variables.
In this work, the floating point approach is applied and We would like to mention that the computational cost is
each variable is represented by a 6-digit long number fromyery expensive by setting the population size at 5000, be-
0.000000 to 0.999999. Among the total of 412 unknown cause within each generation, or called iteration, there are
variables, 312 of them are the stoichiometric coefficients,5000 different sets of 412 parameters, each set of data run-
which vary from 0.0 to 1.0. It is straightforward to use the ning 10 selected scenarios for 72 h. In particular, the compu-
floating point encoding method for them. Note that a sen-tational cost is especially heavy when some set of 412 param-
sitivity test showed that the computation cost is far too ex-eters leads to highly singular ordinary differential equations
pensive if the 312 stoichiometric coefficients are assumed tqODEs) for the gas phase chemistry of the SUVS system. We

be in the wider range from 0.0 to 10.0. In this work, they will discuss more about computational cost in Sect. 6.4.
are assumed in the range from 0.0 to 1.0. The remaining 100

variables are for reaction rate constants (fi() tok(100)). 5.3 Numerical methods

In the MCM, organic reaction rate constants differ for dif-
ferent functional groups. Overall, they very from 6 to Three numerical methods are involved for this work: (1) the
10719, except for those in reaction of RG RO,. Inthe = MCM gas phase chemistry far-pinene oxidation; (2) the
SUVS, for simplicity, 90 out of the 100 reaction rate con- SUVS in Fig. 1; and (3) the implementation of GAs.
stants are consistently set in the same range of those from The integration method used for the MCM gas phase
the MCM. Onlyk(61) ~ k(70) for the type of RO— RO, re- chemistry is a Gear-type solver of ODEs via the FACSIMILE
action have fast reaction rate constants in a range ®td0 3.0 integrator. A Rosenbrock ODE solver is used for the inte-
10°. To effectively represent reaction rate constant by a 6-gration of the SUVS via a Kinetic PreProcessor (KPP) pack-
digit long number, the reaction rate constaqt) has been age (Damian et al., 2002; Sandu and Sander, 2006). Finally,

converted to bé&k(i) as follows, to deal with the huge computational burden for the GAs, a
Message Passing Interface (MPI) enabled the parallel genetic

kk(i) = m00910k(i) —(-16) (10) algorithm package (Charbonneau, 1995; Metcalfe and Char-

= %(16+ 0910k (i) (i=1,...,60,71,...,100 bonneau, 2003), named as MPI-PAKAIA, to be selected and

L implemented with an IBM power4 supercomputer system for
and each convertedk(i) is in the range between 0.0 to 1.0. solving this heavy computational cost problem.

Similar conversion can be performed for the remaining 10
parameters frork(61)tok(70).

In summary, as demonstrated by Elliott et al. (2003), incor-6 Model results and discussions
poration of realistic physical bounds on the 312 stoichomet-
ric coefficients and 100 reaction rate constant ensures mini&s outlined in Fig. 5, the GAs give 5000 different set of ran-
mization of non-physical solutions using GAs. Note that re- domized initial solutions to our problem. The fitness func-
action rate coefficients in the SUVS might be different from tion for each of 5000 populations is then evaluated. Based
those in the MCM even for the same reaction type, becaus@n the performance, “good” candidates with higher fitness
the species from the MCM are lumped into the SUVS. Theare selected for generating new populations for the next gen-
reaction rate coefficients ranges, however, are physically reaeration. The populations in the new generation undergo the
sonable. The genetic operators and the parameters used §&me evaluation. This process is repeated until a termina-

this work were taken to be as follows: tion criterion is met for a stop. In this work, the calculation
. _ is stopped at the 21,549th generation because no further im-
— population sizéVpopulation="5000 provement was found after a huge computational cost. For

convenience, we call the 21,549th generation as the final gen-
eration in this paper.

crossover probabilitycrossove= 0.80

mutation probabilityPmytation=0.004 6.1 Evolution of the best individual

elitism, elitism parametetejitism = 2 ] ] ]
At each generation, we can find the worst, the median, and

The population size affects the GAs performance. The min-the best individuals. Figure 4a shows the evolutions for the
imum requirement is that the population size be set at leasthree individuals until the final 21,549th generation. The best
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Fig. 4. (A) Evolution of the worst, median, and the best individuals from the 1st generation to the final 21,549th ger@&jglibe;fitness
differences between the best and the worst individuals, and between the best and median indi@Eatdution of the best CV(RMSD)
from 14.514 at the 1st generation to 0.0488 in the final 21,549th generation.

individual increased monotonically from 0.0689 in the first ence between the best and the median individuals. Overall,
generation to 20.5099 in the final generation (larger num-these differences are small and less than 1.0, and all individ-
bers mean a more successful fithess for the given generationyials within each generation converge. Note that the fithess
Meanwhile, the fitness for the median individual and the function is defined in Eq. (5) and it is related but still differ-
worst individual increased from 0.0660 and 1.090Z0-1°  ent from the CV(RMSD) in Eq. (9).

(not shown) in the first generation to 20.5099 and 20.3247 Intuitively, it is meaningful to check the errors, rather than
in the final generation. Generally, Fig. 4a shows that largerthe fitness function. Figure 4c shows the evolution for the
fitness differences among the three individuals exist in themean error ofg, which is shown in Eq. (9) as the mean
first 100 generations. Further, Fig. 4b shows the evolutionsCV(RMSD) for all 11 species over 10 scenarios, for the best
of two fitness differences: the fithess difference between théndividual from 14.519 (fraction) in the first generation to
best individual and the worst individual; and the fitness dif- 0.0488 (fraction) in the final generation. This means the av-
ference between the best individual and the median individ-erage error for the species from all scenarios is less than 5%
ual. As expected, the fitness difference between the best anloly using the best set of data from the final generation.

the worst individuals is always higher than the fithess differ-
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6.2 Comparison of concentration profiles of SUVS, over the 10 scenarios. There is very good agreement
individual species with each other because of a low error at 1.7 %. Further-
more, the SUVS is also capable of capturing the strong di-
Next, we are going to compare individual species num-yrnal changes for the second type of representative species
ber concentration profiles between the full mechanism (thepf the §7. The calculated error ofsp7 is 0.046. Al-
MCM v3.1) and the SUVS. The profiles from the later one though Fig. 5b shows that the calculated small error at 4.6 %
are obtained by using the GAs generated best set of datgtems mainly from the peaks and troughs of the diurnal cy-
from the final generation. For a full list of the final SUVS cles for a few scenarios, the timings of the turning points
reactions, including the GAs-derived 412 parameters andor the diurnal changes are very accurate. Likewise, the er-
mean molecular weights of the 10 lumped specigs{Si0),  ror of gspg for the Sg is 0.049. Figure 5c illustrates that
please refer to Supplement. the SUVS is able to describe big increases at daytime for the
Due to the Settings outlined in Sect. 4.1 for different con- Sog, and the timings for the small errors are coming from
stanta-pinene emissions and different initial concentrations night time. Finally, the total R@from 10 different scenarios
of the NQ,, the diurnal changes for the 11 lumped speciesare compared. In the SUVS, we have a relationship of total
from the full mechanism, as shown in Fig. 5, can be groupedrO, = X105 + X202 + . .. +Xgg02 + X1002. Each %; 0
into four types: corresponds to a summation of several individual organic
peroxy radicals from the full chemical mechanism of the
MCM v3.1. One straightforward method is to compare the
individual X;; O, between the full mechanism and the SUVS.
But in this work by using GAs, we simply compare the to-
tal RO, only, rather than 10 individual XOg, (ii=1,...,10),
2. Strong diurnal fluctuations for species with intermediate from the two mechanisms. The GAs is able to find a good
volatility. Overall, species concentrations are increasingsolution for the SUVS to describe the strong diurnal changes
on the daily basis. This corresponds to the species fronof the total RQ shown in Fig. 5d.

Sos t0 Spg. Solid lines in Fig. 5b unfold this kind of The errors for each of 11 species from 10 scenarios are
diurnal changes for a representative speciesoef Bor g, ymarized in Table 1. Because the fitness function in
example, in scenario 5 and 6, peak concentrationsof S g4 (5) includes the errors contributed from all 11 species
on the second day are comparable with those peaks 084 10 scenarios, to achieve an overall good performance at
the third day. Note that diurnal variations in this work {he error of 0.0488, the errors for some species are higher
are driven mainly by the photolysis changes. than the average values. For example, the maximum error
3. Concentrations are always increasing, but the incremenff 0-092 is for the §. An examination of the model per-
is more intense at daytime than that at night timgg S formance for this species (nqt shown here) indicates that im-
and S are the two species following this pattern. Fig- provement for the G_As is still needed, although the SUVS
ure 5¢c shows the profiles fop$ is able to captur_e diurnal chan_ges and peak values dor S
among the 10 different scenarios. On the whole, the frac-
4. Strong diurnal changes with high concentrations at day-tional errors for the 6 out of the 11 species are less than 0.05,
time and very low concentrations at nighttime. This pat- in particular, the errors for the three speciegy(Sos, and
tern is slightly different from type 2, in which species S;q) are less than 0.03.

concentrations are increasing on the daily basis. This Overall, the new SUVS with the best set of 412 pa-
pattern, as shown in Fig. 5d, is only for the total RO ' : i
. ameters from the final generation of GAs is able to de-
and the concentrations are extremely low (near zero) at__ . . .
niaht time scribe the evolution of the 10 lumped species and the to-
9 ’ tal RO,. Figure 6a presents the distribution of a total of

Figure 5a—d also shows the comparison of the diurnal pro7920 (= 72hx 11 speciesc 10 scenarios) point-to-point er-
files for the four types of representative species betweenors (xf2 —x9) /xS from all 11 species over the 10
the full mechanism and the final generation SUVS. In or-scenarios. The-axis in Fig. 6a is the normalized num-
der to qualitatively describe the differences between the twdber density, which is calculated via normalization of one
mechanisms, the CV(RMSD), i.e. thegp;in Eq. (7), for  species concentration against the maximum concentration
the j-th species are calculated over 10 scenarios. For exfor the same species from the same scenario within the 72-
ample, thegspo, a measure of the fractional error for the hour period. Figure 6a shows that the point-to-point errors
So2, is 0.017. This suggested that the SUVS is able to accuare higher at lower normalized number density. Most of
rately describe the diurnal changes and concentration prothe point-to-point errors lie within th€0.10 (fraction) lines.
files for the 9, over 10 different scenarios with an aver- The pattern for the point-to-point errors against the normal-
age error of 1.7%. Figure 5a displays the &ourly pro-  ized number density looks like an overall shapg (Larger
files from the two mechanisms, full mechanism versus theerrors occur for low concentrations and smaller errors for

1. Concentrations are always increasing with little fluctu-
ation. These are the low volatility species frony $o
Sos. Black solid lines in Fig. 5a show this pattern for a
representative species ofz®ver 10 different scenarios.
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Comparison of the S02 (CV(RMSD)=0.017)
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Fig. 5. Comparison of number density profiles for four representative species$§, Soo, and RQ) between the full mechanism of the
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from the 21,549th generation. The calculated CV(RMSD) for the four species are 0.017, 0.046, 0.049, and 0.049.
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Table 1. The CV(RMSD) gsp j (j =1,...,11)) for the 11 species from 10 different scenarios.

Species & So2 So3 So4 Sos So6 So7 Sos Sog S10 RO,
gSPj 0.066 0.017 0.063 0.056 0.059 0.022 0.046 0.092 0.049 0.029 0.049

higher concentrations. This is consistent with the use of thepoints in each grid cell is normalized by the total number of
CV(RMSD) in the fitness function, because CM(RMSD) is points (7920), a point density is obtained. Figure 6b exhibits
computed through normalization of RMSD against the meanthe distributions of the point density for the point-to-point
concentration of the same species from one entire scenario.errors in each grid cell. For example, it shows that 80.4 %
o ] ] ~__ of the errors are bounded within the0.10 (fraction). Fur-
In order to qualitatively describe the point-to-point distri- {hermore, it demonstrates that the majority of the normalized

butions, we first sum the number of points located within ,,mper densities lie in the range between 0.2 and 0.3.
each grid cell in Fig. 6a. Here, the grid cells are defined with

0.1x 0.1 grid configuration. Next, when the number for the
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Distribution of the 7920 point-to-point errors versus the normalized number density
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Fig. 6. (A) The distribution of the 7920 point-to-point errors between the SUR$ énd the full mechanismd;) against the normalized
number density for the 11 species over 10 scenarios. The dashed lines correspond to the fractional errors at 0.80 (blagky).(B) The

point density of the error distribution in each grid cell. The point density is defined as a ratio between the number of points located in each
grid cell and the total number of points.

A sensitivity test demonstrated that when a point-to-pointhowever, we focus heavily on accurate prediction of higher
error(xCale _ 219 /"% rather than the CV(RMSD), is di- ~ concentrations, rather than low concentrations. Our objec-
rectly included’in the design of fitness function, the perfor- tive in this work favors the selection of CV(RMSD) over the
mance for the derived SUVS cannot be comparable with thePoint-to-point error. This reinforces the importance of a good
CV(RMSD). During the test, a large computational cost is design of the fitness function, which sometimes is considered
associated with the excessive time the GAs require in fineimore of “an art than a science”.
tuning the parameters, in order for the point-to-point error
to be reduced even when the number density is already very
low. The point-to-point error design method thus treats low
concentrations and high concentrations equally. In this work,
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6.3 Performance _Of the SUVS for additional Fractional error for each of 567 scenarios
tested scenarios 1888 .:......\...._,\ N 1.00

Itis a common practice to check the validity of the new sys- < {\.\ . 0.90
tem or mechanism against a wider range of conditions. For § c{ % 0.80
example, Asher et al. (2002) first exercised 10 % of observa- = 4, N &.g,' 0.70
tional data to determine parameters in their new formula to % '
calculate vapor pressure of organic compounds. Later on, the £ 0.60
dataset from the remaining 90 % were evaluated against this § 050
new formula. Similarly, Xia et al. (2009) derived a reduced 8
chemical mechanism far-pinene oxidation system via five o~ 0.40
traditional mechanism reduction techniques with data from % 0.30
108 selected scenarios. This reduced mechanism was late &
evaluated against an additional 135 scenarios from a wider 2 0.20
range of conditions. 10 selected scenarios for GAs 0.10

Likewise, the SUVS is evaluated against an additional 557 --Boundary of selected scenarios in panel B
scenarios. In the previous section, we focused our analy- 1 10 /100 200 400 0.00
sis on the individual species vigsp ; from Eq. (7). In this average a-pinene concentration (ppbv)
part, another metrigsc; from Eq. (8), is employed to eval- Scenarios with fractional error at most 0.10
uate model performance for each individual scenario. Fig. 7a 40 e 0.10
shows the performance gkc; from a total of 567 scenar- 30 .‘ ."‘a. B‘
ios. Although a maximum of one is set for the color scale in 3 20 ‘- N 0.09
Fig. 7a, the maximum and minimum fractional errors among S e e, o '
all 567 scenarios are 4.5951 and 0.0399, respectively. The ¢ ¥ o ‘e, ., ° N
large errors are caused when the SUVS is run under atmo- % 10 ,:" Cea "t LS 0.08
spherically unrealistic conditions. For example, the maxi- £ ¢ .' OlOI ,’.‘ S .
mum error of 4.5951 corresponds to an extremely highNO 8 5, Il T, . Y oo7
condition, in which the average N@oncentration is as high 8 oSt e A ¢
as 1,322.7 ppbv. Meanwhile, the calculated errogef; %x Ne@a ot o o o o |
would be larger than 1.00 when the averagpinene con- o 5 N St e e - | 0.06
centrations are at least 200 ppbv and the averaggeidlf@ss & b o g o
than 0.7 ppbv. These large errors contrast to smaller errors % ‘ _____ o 005
for 10 selected scenarios highlighted with larger black cir- 110 selected scenarios for GAs
cles. In general, fractional errors decrease gradually towards --Boundary of selected scenarios in panel B
small values with more blue colors around 0.10 when the cor- 1 2 5 10 20 004

responding average concentrations of¢hginene and NQ AVEIEgS a-pINeNs conssntration (RRow)

come to close to those of the 10 selected scenarios. _ ) )
In order to identify SUVS's range of influence, Fig. 7b Fig. 7. (A) Errors for each of 567 scenarios under a wide range of

shows the additional 165 scenarios with fractional errors atconditions. The 10 randomly selected ambient scenarios are used in

. the GAs to derive a best set of parameters for the SUBJa total
most 0.10.  Although the 10 selected scenarios represenopf 175 scenarios are identified with the fractional error at most 0.10.

only "”_"teo_' fange of Condmons’ Figure 7b 'n_d'cates th",’lt the Note that color scales for the fractional errors differ between the two
SUVS is still valid over a wider range of ambient conditions. panels, and the smaller numbers (more blue colors) correspond to

For example, when the averagepinene is 10 ppbv and the more accurate simulations.

average NQ is 20 ppbv, the calculated fractional error for

this scenario is 0.084. Overall, the colors for the errors in

Fig. 7b change gradually when the errors increase from théected for the GAs, the pattern for the error map shown in

smallest 0.0399 to 0.10. Fig. 7a might be different. This suggests that the SUVS's
In summary, 10 randomly selected ambient-like scenariogange of influence depends strongly on the scenarios chosen

are used for the GAs analysis so that the SUVS could reprofor the GAs.

duce the full mechanism of MCM v3.1. By using the best

parameters obtained from the GAs, the fractional errors for6.4 Computational cost

not only the original 10 selected scenarios, but also an addi-

tional 165 scenarios are at most 0.10. Here, a threshold oFinally, we will discuss the computational cost for imple-

0.10 is tentatively used as a criterion for judging whether thementing the GAs for this work. The computational cost is

error is acceptable. If a different set of 10 scenarios are seexpensive due to three reasons.
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1. First, the chemical mechanism (SUVS) is run over First, this new SUVS is able to unify chemical reactions
3 days for 10 different scenarios. The method is not afor the SOA precursors with different oxidants. This coupled
simple computation, rather we need to solve the ODEsfeature is an improvement over previous commonly used
when a chemical system is integrated over three daysnethods, in which different sets of parameters are used when
for 10 scenarios. It is equivalent to integrate a chemicaloxidation conditions are changed.
system for 30 days when only one set of parameters are Second, the SUVS is able to describe multi-generation re-
used. Sometimes, when a set of parameters is unrealisctions. This is also an improvement over the simple one-
tic, the ODEs for the SUVS become singular and thatstep reaction scheme, because the multi-generation method
tremendously increases the computational burden. would be able to describe chemical evolutions which last

longer than a smog chamber experiments that typically last

2. The second factor is due to as large as 412 unknowrmo more than five hours.
variables for determination. When the number of vari-  Third, aside from the initial organic species, the species
ables is large, a high value of population size is requiredin the SUVS is volatility based and the number of organic
for the GAs. The rule of thumb is that the population species in the chemical system is only 30, which is a factor of
size should be at least 10 times of the number of vari-10 smaller than a detailed chemical mechanism. Moreover,
ables. In our case, we choose 5000, and we used athe SUVS is suitable for describing oxidation of a general
IBM power4 supercomputer to perform the calculation. organic species. In this work, the SUVS was used for de-

scribinga-pinene oxidation, and it has been compared with

3. The third reason is related to the second one in that thg, getailed chemical mechanism of MCM v3.1 topinene
GAs would not be able to find a convergent solution oyjdation. In order to derive the 412 unknown parameters
with & good fit within 1,000 generations because of thej, the SUVS, we resolved two issues: experimental data and
412 unknown variables. In our case, the GAs was ter-fitting method.
minated at the 21,549th generation when little improve- 4 get experimental data, the MCM v3.1 was run with 10
ment was found with additional computational cost.  gglected scenarios. Then, the hourly profiles from a total of

180 condensable organic species in the MCM v3.1 were then

grouped into 10 lumped species. The resulting profiles for

IS equn:alent;gozn |ntteglr(a)1tlon of 7757%2610: h (—th,5.49| 11 species (the 10 lumped species and a species for the total
generationsc sets<10 scenarios«72) for a chemica RO,) are used as “experimental data” for the SUVS.

system. This is equivalent to simulating 30 years gas phase A genetic algorithms method was used to determine the

chemistry for a typical air quality model with a grid config-
. . : . . 412 unknown parameters from the SUVS. A CV(RMSD)
uration of 100 (grids in x-axisk 100 (grids in y-axis)x30 < included in the design of a fitness function for the GAs.

(vertical layers). This is an essential part in the application of GAs. Mean-

Due to the facts outlingd a_bove, we performed this taSi\NhiIe, a MPI-version parallel genetic algorithm package,
via MPI parallel computation in an IBM power4 supercom- named as MPI-PIKAIA, was used to speed up the calcula-

phuter with th? usle of 6.4 nodes. dFor com.palnson- pur,ﬁfoﬁetion. The GAs method used a 6-digit-long floating point en-
t ? C‘I’m.p“t.a“o”i costésbconvg rted to eqcl;'va elnt t_lrme It ecoding method with a population size of 5000. The size of
calculation Is performed by using one node only. Two CON"the population was thus more than 12 times larger than the

clusions can be drawn from the analysis of the computatiory, ; bar of unknown variables. Most importantly, physical

COStI' dF|rskt, t;éagt:jacklng o;‘)cqmphutatlonlal %OSt |nd|catesdthzt "hounds on the 312 stoichiometric coefficients and the 100
wouldtake ays to obtain the results demonstrated abov, , wtion rate constants ensure minimization of non-physical

if one single node from the same IBM supercomputer Ma-gojutions. In the GAs, the fitness value for the best solu-

chine (with a clock speed of 1.9 GHz) is used. Second, W3ion of the SUVS is always monotonically increasing and the

erage co_mputat_ional cost for e_ach generation is equi\{alenéorresponding CV(RMSD) is decreasing to 0.0488 (fraction)
to 5.6 h in the first 18 generations, and the computatlona%

As mentioned in Sect. 5.2, the total computation for this work

) ~In the final 21,549th generation. The best solution from the
cost drops to an average 0.403 hour per generation. The hig

) ) o ) . 921 549th generation was used to evaluate the SUVS.
cost in the first 18 generation is caused by singular chemical The SUVS combined with the best set of parameters is
ODEs from some randomized unrealistic initial populations

: . evaluated by using profiles of the “experimental data” for 11
and their offspring. species from 10 different scenarios. We evaluated the errors
based on species and scenario, respectively.

7 Summary and conclusions In term of species, the patterns of the diurnal changes for
the 11 species can be grouped into four types, and the SUVS
Based on protocols for a detailed chemical mechanism, as able to capture the diurnal changes for each type. The
simple unified volatility-based scheme (SUVS) is proposederrors for some species are as low as 0.017, but large er-
for describing the gas phase chemistry of secondary organicor at 0.092 for a species still exists. This highlights the
aerosol formation. This SUVS has three distinctive features.importance for further model improvement by using various
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GAs technigues. For example, multi-objective genetic algo-coefficients may significantly affect the result. Our method-

rithms could be applied to avoid early convergence to a localblogy would be applicable for cases in which activity coef-

maximum, rather than global maximum. In addition, the is- ficients are explicitly calculated, and the underlying method-

land model or the cellular genetic algorithms (Alba and Dor- ology would remain unchanged in such a case. This should

ronsoro, 2008) could be used to explore the solutions from &e examined in future research.

global prospective. We would like to point out that the “experimental data”
Because all unknown parameters in the SUVS are boundedsed for optimzation of the SUVS are not limited only to the

to certain realistic constraints, they should give physical in-explicit chemical mechanisms, such as the MCM. We could

terpretations, but not a unique solution. This is because GAsalso use real smog chamber experimental data. In the later

similar to the neural network method, sometimes producecase, the unity and/or non-unity activity coefficients for all

many different sets of parameters with similarly good fits. compounds are embeded into the term of “effective statura-

One possible way to get an identical “best” solution is to usetion coefficients” (Donahue et al., 2006). The accuracy of

a hybrid optimization technique (Renders and Flasse, 1996the resulting SUVS, coupled with a gas/particle partition-

Rodriguez-Fernandez et al., 2006). This means other optiing model, would depend on the accuracies of instruments

mization methods are applied to post-process candidate sde measure concentrations and volatilities and the represen-

lutions when no further improvement was found using thetativeness of the laboratory-generated particle composition to

GAs. The use of suitable optimization methods to postpro-ambient particle composition.

cess a large multi-dimensional system, such as the SUVS, Moreover, a single SUVS could be used to describe vari-

merit further investigation. ous mixtures of primary species. For example, to develop a
Finally, we evaluated the performance of the SUVS overrevised SUVS for the- and8-pinene mixed system, 30 ad-

a wide range of conditions. The evaluation indicates that theditional unknown parameters fg-pinene initial oxidation

SUVS is able to reproduce the full mechanism with fractional with three oxidants (OH, € and NQ) would be integrated

error at most 0.10 for not only the 10 selected scenarios, buinto the SUVS system. These 30 new unknown parameters

also the additional 165 scenarios under a wider range of conare assigned similar to those ferpinene system in Part 1

ditions. in Fig. 1. In other words, similar to the original VBS pro-
Overall, compared with traditional mechanism reduction posed by Donahue et al. (2006), the framework of this sim-

method (Xia et al. 2009; Utembe et al., 2009) for SOA for- ple chemical mechanism is sustainable to describe different

mation, the SUVS is able to reduce the number of specieSOA precursor oxidation systems.

and reactions by a factor of 10 and reproduce the species

profiles from a detailed chemical mechanism. An examina-Supplementary material related to this

tion of the final SUVS reactions, given in the Supplement, article is available online at:

indicates that some species could be removed from produdtttp://www.atmos-chem-phys.net/11/6185/2011/

list when corresponding stoichiometric coefficients in certainacp-11-6185-2011-supplement.pdf

reactions are close to zero. However, systematic mechanism

reduction techniques, such as those tradionally applied in Xia

et al. (2009), could be employed to further reduce the SUVSAcknowledgementsThis research is financially supported by
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