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Abstract

As acandidate for Fthe nextgeneratiorNational Air QualityForecast Capability
(NAQFOQ), will-usetthemeteorologral forecasty from Global Forecast Systewith the
new Finite Volume CubeSpheredynami@ core(GFSFV3) will be appliedto drivethe
chemical evolutiorof gases and particles describedyCommunity Multiscale Air
Quality modelling systemversion-5-3CMAQ-5-3). CMAQ v5.0.2 a historical version
of CMAQ, has been coulgd with the North American Mesoscakorecast System (NAM)
model in the current operational NAQF&n experimentabersion of the NAQFC based
onthe offlinecoupledGFSFV3 version 15 withCMAQV5.0.2modding system
(GFSv15CMAQV5.0.2, has been developdyy the Natonal Oceanic and Atmospheric
Administration(NOAA) to providereattime air quality forecastover thecontiguous
United State¢CONUS)since 208. In this work,comprehensive regiespecific,
time-specific, and categoricaaluatiors areconducted for meteorological and chemical
forecass from the offlinecoupledGFS/15-CMAQV5.0.2for the year 2019Theforecast
systemshowsgoodoverallperformance ifiorecastingneteorological variables wittme
annualmean biasesf -0.2€C for temperaturat 2-m, 0.4% for relative humidity at 4n,
and0.4 m &' for wind speed at 1én againsthe METeorological Aerodrome Reports
(METAR) datasetLarger biases occur seasonal and monthly mean forecasts
paticularly in spring Although the monthly accumuled precipitation forecasts show

generally consistent spatial distributions with thfvseen the remote sensing and
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ensemble datasetspaterateto-large biases exigt hourly precipitatiorforecastsagainst
the Clean Air Statuand Trends Network (CASTNEBd METAR. While the forecast
system performwell in forecastingpzone(Oz) throughout the year and fine particles
with a di amet er 289forwa&m BonthsniMagseptemtegits ( P M
significantly overpredictannualmeanconcentrationsf PM..s. This isdue mainlyto the
high predicted concentrationsfirie fugitive, and coarsemode-and-ritratgarticle
componentsUnderpredictions ithe southeagirn U.S. and California during summare
attributed tamissingsources and mechanismssetcondary organic aerogormation

from biogenicvolatile organic compound¥QCs) andsemi or intermediatevVOCs. This

work demonstrates the ability of FV3-based GFS in driving the air quality forecasting. It

identifies possible underlying causes $gstematic regiorand timespecifc model
biaseswhichwill provideascientificbags for further development dhe
nextgeneratiolNAQFC-n-particularderivation-of thesciencebaseddias-correction

1. Introduction

Threedimensional air quality model8-D AQMs) have been widelypplied in
real time air qualitforecasting RT-AQF) sincethe 1990sin the U.S(Stein & al., 2000;
McHenry et al., 2004Zhang et al., 2012aJhe developmergandapplicatiors of the

national air quality forecasting systems based-in/QMs were condcted in the 2000s
3
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(Kang et al., 2005; Otte et al., 2005; McKeen et al., 2005, 2007, .28i08¢then,
improvements andignificantprogress have beachievedn RT-AQF throughthe
furtherdevelopment of AQMs anithe use ohdvanced techques. For exampg, moreair
pollutants in the productsnore detailed gaghase chemical mechanisms aecbsol
chemistry, and the implementation of chemical dasimilatiorwere availabl¢Zhang et
al., 2012b; Lee et al., 201 ®ariousAQMs, coupled with meteorologitanodels in
either an online or offline mannevere developed and applied in RDF (e.g, Chuang
et al ., 2011; L ee et Ryan, 2015 Tie6allylversiotathek a r
National Air Quality Forecast Capability (NAQFC) wjaintly devebpedby the U.S.
National Oceanic and Atmospheric Administration (NOAA) and the U.S r&mviental
Protection Agency (EPAD provide forecasts afzone Qs) over the northeastern U.S.
(Eder et al., 20065ince the first operational version ovke contiguous United States
(CONUS)(Eder et al., 2009¥he NAQFChas been continuously updatead developed
to provide mordorecastingoroducts icludingOs, smoke, dust, and particulate matter
with a di amet er 24) WithhcréasingaocuracyMathwe et al., 2008M

Stajner et al., 2011, Lee et al., 2017)

The forecast skill of aistorical NAQFC, which was based the North
American Mesoscale Forecast System (NAM) m@B&ck, 1994)and the Community
Multiscale Air Quality Modeling System version 4.6 (CMAQ v4.6yer CONUS during

year 2008 was evaluated Kgang et al. (2010&pr operational @and experimental

et

al

2015
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PM..s products Overall, maximum 8h Oz was slightlyoverpredictdover the CONUS
duringthe summer with the mean bias (MB), normalized mean bias (NMB), and
correlation coefficient (Corr) of 3.2 ppb, 6.8 %, @65, repectively.The performance
of predicteddaily mean PMs varied: with an underprediction during ttvarmseason
and an overprediction in the cag#asonThe MBs and NMBs during warm/cool seasons
were-2.3/4.5 1g m® and-19.6%/45.1%, respectivelFhe current version of the U.S.
NOAAOGs oper athasprovaédheMiAdDaitg forecast to the pibfor Os
andPMzs at a horizontal grid resolution of Xn over CONUS since 2015. Itdsirrently
based on the CMAQ v5.0.2 (released May 2014) (U.S. EPA, 2014) caffiied with
the NAM model Daily mean PMswas underpredicteduring warm months (Maand
July 2014) anaverpredictediuring a cool month (January 20X®)er CONUSstill

persist(Lee et al., 2017)

Efforts have been made to reduce the seasonal and-sgggoific biases in the
historical and current NAQF@evelopment and implemeatton of an analog ensemble
bias correction approach was applied to the operational NAQFC to improve forecast
performance in Pl predictions(Huang et al., 2017Kang et al(2008,2010)
investigatedhe Kalman Filter (KF) biaadjustment techniquer operdional use irthe
NAQFC system. The KF bieadjusted forecasts showed significant improvement in both
Os and PM s for discrete and categorical evaluatiodswever, limitations in the

underlyingmodels and the biasrrection/adjustment approaches neethfr
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improvementCharacterizing theurrentNAQFC forecasing skill andidentifying the
underlying causes for regioand timespecific biasesan result irfurther development

of the NAQFC systerand improved pollutant predictions

As NOAA EnvironmentaModeling Center (EMC) has transitioned to devote its [Formatted:Fontcolor: Red

full resources towards the developmehén ensemble model based on the Finite

Volume CubeSphereDynamical CorgFV3), the NAM has been no longer updated since

March 2017. The FV3 dynamic core wikventually replace all current NOAA National

Centers for Environmental PredictiddCEP) mesoscale models used for forecasting.

The FV3 dynamical core was implemented in the operational Global Forecast Systeas

version 15 (GFS v15) in July 2019.

The NOAA National Weather Service (NWS) is currently coordinatingfémrt

to inline a regional scale meteorological model basing on the Bdthdynamic core as

that inGFSv15 to be coupled with an atnospheric chemistry model partially based on

CMAQ. Theinline systemis expected to be the next generation of NAQFC, and to be

implemented a few years in the futurén interim system, offline coupling the recent

CMAQ with FV3-based GFS, is considered as a candidate NAQFC to replace the current

NAM-CMAQ system before theinline system is applied in the operational air quality

forecasting. To support this new developmesftthe interim NAQFC, a prototype of the

offline-coupled GFS/15 with CMAQV5.0.2 (GFSv18CMAQV5.0.2) has been developed

[ Formatted: Fontcolor: Red




121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

and applied by the NOAA for RRQF over CONUS since 201(8luang et al., 2018,

2019, 2020)

this work,the meteorological and air quality foestsfrom the offlinecoupled

GFSv15CMAQV5.0.2system arecomprehensively evaluatéar the year of 2019The
main objective®f this workareto: (1) evaluateheforecast skills of the expeniental
prototype othe GFSv15CMAQV5.0.2 system; (2) identifjhe major model biasem
particular,systematic biases and persistagtion andtime-specific biasegn major

species(3) investigateunderlying causes for the biases to provide a scientific basis for

improving the model representations of chemicatpsses and developing sciethesed

bias correction methods foz@nd PM s forecastmvestigatednderlying-causeorthe [Formatted:Subscript

{Fonnaned:Subscﬂpt

forecastsThisworkwilsupport NAQFC6s further devel opment

throughenhaning its forecasting abilities angeneratinga benchmarkor theeperatienal

vergen-of-nextgeneratiomterim NAQFC that isbeing developed by NOAA based on

and

mprovem
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theoffline-coupledGFSFV3 v16 with CMAQ v5.3(NACC-CMAQ) (Campbell et al.,

2020) Eventually the latest version of CMAQ (version 5.3), which has updates in
gasphasechemistry(Yarwood et al., 2010; Emery et al., 201%ielcken et al., 2019),
lightning nitric oxide (LNO) production scheméKang et al., 2019a, 2019b), and
secondary aerosol formation (in particular, secondary organic aerosol) (e.g., Pye et al.,
2013, 20%; Murphyet al., 2017) among others, will be coupleith GFSFV3 v16 and

be implemented intthe interim operational NAQFC.

2. Model systemand evaluation protocols

2.1 Descriptionand configuratiorof offline-coupledGFSv15CMAQvV5.0.2

FV3 is a dynamical core fatmospheric numerical models developedHay
Geophysical Fluid Dynamics Laboratory (GFDPutmanandLin, 2007) It is a modern
and exended version dhe orignal FV corewith a cubeesphere grid design and more
computationally efficient solvertt was selectedor implementatiorinto the GFS & the
next generation dynamical core in 2QZ®ang et al., 2014). The GFSFV3 v15 (GFS
v15) has been operational since June 20t GFSv15 uses the Rapid Radiative
Transfer Method for GCMs (RRTMGchemédor shortwave/longwave radiation
(Mlawer et al, 1997 lacono et al., 200@lough et al., 2005 the Hybrid

eddy-diffusivity massflux (EDMF) schemdor Planetary Boundary Layer (PBL)
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(National Centers for Environmental Predicti@d19a) the Noah Land Suate Model
(LSM) schemdor land surfaception (Chen et al., 1997}he Simplified
ArakawaSchubert (SAS) deep convection for cumuluspeeterizatior{Arakawa et al.,
1974; Grell, 1993)and a more advanced GFDL microphysickemedor microphysics
(National Centers for Environmental Predictj@@19b). An interface preprocessor has
been developed by NOAA to interpolate data, transferdioates, and convert ti&FS
v15 outputs into the data format required by CMAQV5.0.2 (Huang et al., 2018, 2019).
Theoriginal outputsfrom GFSv15, which have a hdzontal grid with 13km resolution
and a Lagrangian vertical coordinate with 64 layetdEMSIO format, areprocessdto
LambertConformal Conic projectioby PREMAQ,a preprocessor, to recast the
meteorologickfields for CMAQ into an ArakawaC-staggemg grid (Arakawa and Lamb,
1977)with a 12km horizontal resolution and 35 vertidayers(Table 1).The first 72
hoursin 12:00 UTC forecast cyclefrom GFSv15are used to drive the air quality

forecast bythe offline-coupledGFS/15-CMAQV5.0.2system.

CMAQ has beerontinuouslydeveloped by the U.S. EPsincethe 1990s(Byun
and Schere, 200&nd has been significantly updated in many atmospheric processes
since thenChemicalboundary conditionfor the GF$15-CMAQV5.0.2systemare
mainly from theglobal 3-D model of atmospheric chemistry driven by meteorological
input from the Goddard EartBbserving System (GEGShem). The lateral boundary

condition for dust is from the outputs of NEMS GFS Aerosol CompdhBAC) (Lu et
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Arogen-exddeNG toyear2008—anp-d—U-—S— EPAS s MOsEEy 2014

chemistrnfer CMAQ-v5-0-2arelisted-inTable-IThe anthropogenic emissions from area,

mobile,and point sources iNational Emissions Irentory of year 204 version ANEI

2014v?2) are processed by the Sparse Matrix Operator Kernel Emissions (SMOKE)

modeling system. The onroad mobile sources include all emissions from motor vehicles

that operate omadwayssuch as passenger cars, motorcyahginivans, spoititility

vehicles, lightduty trucks, heawguty trucks, and buse®nroad mobile source

emissions were processed using emission factors output from the Motor Vehicle

Emissions Simulator (MOVESEMOKE ses a combination of vehicle activdata,

emission factors from MOVES, meteorology data, and temporal allocation information to
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estimate hourly, gridded onroad emissions. The nonroad, agriculture, anthropogenic

fugitive dust, norelevated oHgas, residatial wood combustion, and othercgers are

included in the area sources. The sectors of airports, commercial marine vessel (CMV),

electric generating units (pt_equ), point sources related to oil and gas production

(pt_oilgas), point sources thate notEGUs nor related to oil and gasriphipm), and

point sources outside US (pt_other) are included in the point sources. The sulfur dioxide

(SQ) and nitrogen oxide (N& from point sources INEI 2005 are projected to year Formatted: Fontcolor: Red,Subscript

N [ Formatted: Fontcolor: Red
2019 following the methadlusedi Tang et al.(2015,2017) The biomass burning |

Formatted: Fontcolor: Red,Subscript
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emisson inventory from the Blended Global Biomass Burning Emissions Product systefkh{ Formatted: Fontcolor: Red
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(GBBEPXx)(Zhang efl., 2019®) isimpletemented for the forecast of forest fires. The

GBBEPX fire emission is treated as one type ohpsoure. Its heat flux is derived from

satellite retrieved fire radiative power (FRP) to drive fire plume rise. The GBBEPX is a

near real time fire dataséthe fire emission implemented in the current forecast cycle

comes from the historical fire observation, typically 1-2 day behindin this system, we

use landuse information to classify fires into forest fire and other burning such as

agriculture burning. We assume only forest fire can last longer than 24 hours. We assume

the forest fire emission will comtieon day 2 and beyond. Other typedires will be

dropped.The plume rise of the point source will be driven by the meteorology and

allocated to the 35 elevated layers in GFSEZMAQV5.0.2 system by the PREMAQ

preprocessing systerBiogenic emissions amalculatednline by Biogenic Enssion

11
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Inventory SystenfBEIS) version 3.14Schwede et al., 20053easaltemissionis

paraneterized within CMAQ v5.0.2WVhile the deposition velocities are calculated inline,

thefertilizer ammoniabi-directional fluxfor in-line emissions andepositionvelocitiesis

turned off. Detailed configuratiosiof photolysis, gaphase chemistry, aque® chemistry,

and aerosol chemistfgr CMAQ v5.0.2arelisted in Table 1

2.2 Datasets andvaluationprotocols

Comprehensive evadition ofthe GFSv15CMAQV5.0.2 brecasting systetis
conducted for both meteorological and chemvealablesfor year 2019including
discrete, categorical, and regispecific evaluationsThe products in the first 2dour of
each 72hour forecast cyclareextracted andambined as aontinuousannual forecast.
The evaluation of meteorological variabissarried out forhose results frorARREMAQ
in GFSv15CMAQV5.0.2 systemDetailed information for datasets used in this study is
listed in Table S10bserved hourly temperatureZtmetess (T2), relative humidity at
2-metes (RH2), precipitation (Precipyind direction at 0-metes (WD10),and wind
speed at 1Onetes (WS10)areobtainedrom the Clean Air Status and Trends Network
(CASTNET) and the ME@&orological Aerodrome Reports (MBR) datasetsThe
majority of CASTNET sites arsuburban andural sites Approximately1900 METAR
sitesover CONUSare used in this stud¥rig. S1). For evaluation of precipitation, a
threshold of.1 mmhr* is used for vali records because the CASTNENd METAR

havedifferent definitions of 0.0 mmr values. In CASTNET, the records without any

12
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predpitation are filled as 0.0 min, the same as those records with negligible
precipitation. However, in METAR, the records without gngcipitation ardeft as
blank, the same am invalid record. The negligible precipitation is recorded as 0.0 mm

hr,

Theair quality forecasting productare evaluatethcludehourly G, hourly PM s,
maximumdaily 8-houraverageOs (MDAS8 Os), and daily aerage PMs (24-h avg PM.s)

for chemical forecasihe AIRNow datasets used for observed hourlys@nd PMs. -

isaneareattime (NRTD-datasetwhidlas-preliminaryVe utilize the Quality

Assurance/Quality ContrdQA/QC) information from the AIRNow dataset fty

filtering the invalid recordguality-contro{QC)-Many-abrermalrecerds-are-nrotquality

tg-mfor Os-and-PM sare-usedrespectivelRemote senag data frorthe Global

Precipitation Climatology Project (GPCP) ahe Climatology€alibrated Precipitation
Analysis(CCPA)(Houet d., 2014; Zhu and Luo, 201%atasetsarealsoused for
evaluation of precipitatiorGPCP is a global precipitation dagasvith a spaal

resolution of 0.25 degree and a monthly temporal resolulieeCCPAuses linear
regression and downscaling teajues to generate analysis product of precipitation from
two datasets: theational Cergrs for Environmental PredictiohNCEP) CPC Unified

Global Daily Gauge Analysis and the NCEP EMC Stage IV nseltisor quantitative

precipitation estimations (QPEdhe CCPA product witla spatial resolution in 0.125

13
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degree and temporal resolution of auhis used in this studysatellitebased Aerosol
Optical Depth (AOD}t 550nm from Moderate Resolution Imaging Spectroradiometer
(MODIS) Terra platform(Levy et al, 2015 is used fortheevaluation of monthly AOD.
Thestatistic measures suchragan bias, the root mean square error (RM8te
normalzed mean bias, the normalized mean error (NME), and the correlation coefficient
are usedmore details about evaluati protocols areeferring toZhang et al(2009,

2016. The Taylor diagranfTaylor, 2001) which includes the correlationdMBs, and
thenormalized standard deviations (NSD), is used to prélserdverallperformance
(Wang et al., 2015heNMBs O15%and NMEsO30% byZhang et al. (200&nd
NMBs (015% and)30%), NMEs (025% and)50%),andCorr (>0.5 and >0.4) for
MDAS8 Oz and 24h PM2 5, respectively, bfEmery etal. (2017)are considered as

performanceriteria Monthly, seasonaland annuadtatigics and analysiareincluded.

Seasonal analysis fors@ separatedhto Os-season (Mayseptember) andon-Ozezene [ Formatted: Subscript

seasor{(January-April and OctobeiDecember)Analysis forten CONUS regionsdefined

by U.S. EPA (www.epa.gov/aboutepadre includedand Isted inFig. Slc.-

Themetrics ofFalse AbrmRatio (FAR) and the Hit Rate (Hye usedKang et

al., 2005; Barnes et al., 200@y categorical evaluation. Observed and forecasted MDAS8

O3 and 24-h avg PM s are divided into fouclasses based on Wwetherthe predicted and/or [Formatted:Subscript

[ Formatted: Subscript

observed data fall above or below the Afixesholds(a) observed valugdthresholds

and predicted valuesthresholds(b) observednd predictedalues >thresholds(c)
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observedand predictedaluesOthresholds(d) obsered values >thresholdsand

predicted value®thresholdsThe FAR and H are defined &yg. (1) andEg. (2):

FAR = ﬁ x 100% 1)

H=-2x100% (2).
b+d

3. Evaluation of modelforecastskills
3.1Evaluation of meteorologicébrecasts

Discreteperformanceevaluationis conductedor postprocessed meteorological
fields fromthe GFS/15-CMAQV5.0.2system(Table 2) The GFSv15 canpredictwell
the boundary layer meteorological variablé$fiasoverallcold biases and wet biases
annual T2 and RHR 2019, resgectively. It also overpredicts WS10, and underpredicts
hourly precipitationDespite CASTNET siting being slightly different from that of
METAR, the annual and most of the seasonal performance for the model show similar
pattern in terms of bias fd@oththe CASTNET and METAR network$4ean biases of
T2 aremostly within 0.5 degre&elsius except those in Felaryand Mach against
CASTNET (Table ). Underpredictioris generally largeagainstCASTNET than

METAR. For spatial distribution of MB foseasoal T2 against METAR Fig. S21), cold
15
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316

biases are mainfipundin the Midwest and Wedl.S.where most of the CASTNET sites
are locatedGFSv15 usuallyunderpredict T2 in WestCoast the Mountain Statesand
the Midwest.Overpredicions of T2 in the states of KansasOklahomathe areas neahe
EastCoast andthe Gulf Coasbffset somainderpredictiog resulting insmaller mean
biases but similar RMSter the modehgainst METAR compared that against
CASTNET.The difference betweesbservedr2 from thetwo datasetss larger in cooler
monthsthan warmemonths The largest underpredictisoccurin the spring (MAM)
seasonln general GFSv15 underpredictd 2 for both CASTNET and METAR
consistent wittcold biases found in othetudiesusingGFSv15 (e.g., Yang, 2019)Such
underpredictioawill affect chemical forecast especiallytheforecast of @. Consistent
with the overall underpredictions of T2, GFS v15 overpredicts RH2 in general. The
largest overprediction is found in spring (MBs of%. and2.7% with CASTNET and
METAR, respectively), corresponding to the largest underprediction of T2 in spring
(MBs of -0.5°C and-0.4€ with CASTNET and METAR, respectivelysFSv15
showsmoderately googerformance predicting windhe annual MB antiMB of
WS10against METARare0.4 m s' and 10.7 %, respectivelf largeroverprediction of
WS10is found with CASTNET than other dataséffiang et al., 2016)
GFSv15CMAQV5.0.2also gives higher overpredictions for CASTNET compared to

METAR. The largesbiasesin wind speed are found in summ&tS/15-CMAQV5.0.2
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336

gives thdargest cold biasesvet biases in springndicating thenecessityof improving

modelperformance in suckeasonin future GFSFV3 development

By acbpting the threshold af0.1 mmhr?, performance against the CASTNET
and METAR show similar resulta:largeunderprediction in hourly precipitation.
Predicted monthly accumulatedecipitationtFig—S2)-shows consistency in spatial
distribution with observations from CCRAig-—S3-and GPCPRig. S4S3). Thehigh
precipitationin the Southeasére captureavell in spring while thehigh precipitatiorin
theMidwest andSouth are capturedell in other seasons. It indicates that
GFSv15CMAQV5.0.2has good performance in capturitg ts@tial distributions of
accumulated precipitation but has poor performance in predicting hourly precipitation.
The precipitation from the original FV3 outputs are recordedfaa&umulated
precipitationsAtrtificial errors wereintroduced to the foast by an issue in precipitation
preprocessinguring the early stage development of the GFSRMAQV5.0.2 system
The precipitation at first hour of thetbcycle would belropped occasionallyVWe
corrected this issugndthe houry precipitationstill shows large underprediction against
surface monitoring network§igure S4) It indicates the difficulty for the forecast system
in capturing the temporal precipitation, especially during sumbwging the summer
season, thdiscrepacy in capturing the shit-term heavy rainfall worserthe model
performance in predicting hourly precipitatid@esides, & use the threshold of 0.1 mm

hrt to filter the valid recorddf the modelpredictsprecipitationthat did not occyrthe
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record willbeexcluded into thestatisticscalculation However, all the predicted
precipitation is counted in the spatial evaluation against thenanle datasets of GPCP

and CCPA. Therefa, the spatial performance of monthly accumulated precipitation

shows better agreement than it$ourly statistics.

An overall comparison of performance with CASTNETMETAR datasets is
performedusinga Taylor diagram Fig. 21). The normalized standaréd deviations
(NSDs), Corrs, and NMBs are considered. The NSDs are ratios of varigoreeicted
values to variance of observed values, following the equatioNgdry et al. (2015)The
NSDs represent the amplitude of variabilltyith the NSDs closeto 1, the predicted
values have closer variance as the observed valoesistent withother analysisin this
section, larger bigsand lowercorrelationin modelwind speedand wind directiorare

found forCASTNET compared t&METAR. The amplitude of waability of WS10
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against CASTNET is overpredicted (with the NSD larger than 1), whie it i
underpredcted against METARBecause of thpostprocessingmeaing of houty
precipitation, the variance of predicted precipitation is En#tan the observezhe,
leading to very small NSDs for precipitatidrhe location of the T2 and RH2 pointsan
the REFmarker in the Taylor diagram indicates that 8fS/15-CMAQV5.0.2is

capturing the magnitude and variability of these variables well

3.2 Evaluationef-Overall performance of chemical forecastverthe CONUS

Performance of chemical forecafte. Oz and PM s) areevaluatecbn monthly,
seasonaland annudiimescaledor the studied period &019 Performance of the
MDA8 Oz and the 24 average PMs (24-h avg PM.s) are considered as the primary
objectives Categoricaperformancesvaluatiors for MDA8 Os and 24h avg PM s are
also conductedl'able 3 shows the discrete statistics of predid®A8 Oz and 24h avg

PM..5 against AIRNow.

The GFS/15-CMAQV5.0.2 hasgood performancéor MDA8 Oz on aseasonal
and annuabasiswith MBs O#1 .0 ppb, NMB 02.5 %, and NMEO20% The monthly
NMBs/NMEsare within 5 %/25 %, respectivelyMederateSlight overpreditions and
underpredictionarefound inboth seasoawith MB of 8:91.0 and-0.29 pph, respectively

The largestinderpredictions foundin spring months, especially in March.
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Underprediction of MDA8&Ds in spring monthss consistent withthelargest

underpredttion of T2 in springFhe-ezene-temperaturerelationship-was-found and

emperature
{Bloemeret-al-2009;-Shen-etal-2014) indicates biases in predicted T2 could be one
of the reasons for the corresponding biasessipr@diction.Predicted MDA8Oz is lower
than observed values in major partshafMidwest and West regiorduring theOs
seasor{Fig. 3-2andS7), whichis consistent with underprediction of T2 in sumurignt
GFS/15-CMAQV5.0.2givesvery high Qin thesoutheastern U.Segecially in areas
nearthe Gulf Coast Such overpredictiscompensatéor moderate underpredictisim
Midwestand West, causinghaverall overprediction imverall CONUS In thenon-Os

seasonGFSv15CMAQV5.0.2 can forecast well thegatial variations of MDA8 Os with

overallunderpredictiosin the NortheasRrediction-and-simulation-of{dn-coastal-or
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Unlike thegood performance for GFS/15-CMAQV5.0.2givessignificant

overpedictions for 24-h avgPM, s with annual MB, NMB, and NME of 2..g m™3,

29.0%, and 653%, respectivelyfTable 3) The MBs and NMBsange from-0.2 g m3to
5.0 iy m3, and-2.6 % to 59.7 %across thdour seasond\ith the exception of

California and theSautheast, predicted 24 avg PM s shows overprediction during most

of the year in spring, autumn, and wintEig; 43). Moderate underpredictisof PMp s

arefound inCaliforniaduring spring, autumn, and summand are found in the

Southeast during summer. Using thehistoricalemission inventorieBom NEI 2005 and
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NEI 2014instead of the latest version of NED17is one of the reasafor the

overpredictios of PMz s concentrations in 201 he significant overprediction mainly | Formatted: Fontcolor: Red

occur in the northern regions during cooler months, indicating it is underlying with

systematical biases. The annual emission of primary PM. 5 and coarse mode PM (PMC) [Formatted:Fontcolor: Red,Subscript

{ Formatted: Fontcolor: Red

are shown in Fig. S5. As an important surrogate for the fugitive dust, the spatial

distribution of large PMC emission is associated with the regions which have the

significant overprediction in cooler months. In reality, the meteorological conditions

could largely impact the amount and characteristics of anthropogenic fugitive dust. For

example, the swo cover and the slamoistureare important factors in calculating the

dust emissions in SMOKE. However, the anthropogenic fugitive dust implemented in this

GFSv15CMAQvV5.0.2 system was not adjusted by the precipitation and snow cover. It

will lead to a gjnificant overesthationin theanthropogenic dust emissiofhe impact

of the meteorological factor on anthropogenic fugitive dust emission and the PM25 [Formatted:Fontcolor: Red,Subscript

{ Formatted: Fontcolor: Red

prediction will be further discussed in discussion section 4.

summe-Murphy et al. (2017jound that secondary organic aerosols (SOA) generated
from anthropogenicombustion emisens wereimportantmissing PM sources in
Californiaprior to CMAQ V5.2 Higherpredicted-Phk-typically-SOA In-Califerriats
expectedn-the-futbreusingGFSFV3-CMAQVY5.3:-The largestinderpredictio of PMzs
occurin the Southeasin summerBiogenicvolatile organic compounds (BVGLand
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biogenic SOA (BSOA) are most activeSoutheastegion in summerMany missing
souces and mechanisnfisr SOA formationfrom BVOCshave been identified irecent
years(Pye et al., 2013, 2015, 2017; Xu et al., 204&) have resulted isignificant
improvements in predicting SOA in the Southeesshg CMAQ \b.1 through v5.3
Anthropogeit emissionsand aessol inorganic compounds were found to hempacst
on BSOA (Carlton et al., 2018; Pye et al., 2018, 20B3)chinteractions and
mechanisms aneot represented sufficiently in CMAQ v5.0f2rther enhancinthe

biases in prdicted PMs in the Southeast-ta-generatppdatingNAQFCwith-CMAQ-

adfvaluation of

predicted AOD against observations from MODIS is showfiop 4. High predicted

AOD in the Midwestduring coolermonths showconsisteny with MODIS and

correspond thigh surface PMs predictons High predicted AODaremissing in

California, correspondindo underprediction of surface PMin California In summer

months, AODis largdy underpredictedh California and theSoutheastwhichmaybe

caused by thpreviousy mentionedmissing sourcesf SOA.

3.3 Categorical Evaluation “«

Categorical evaluation is conducted quantify the accuracy of the
GFSv15CMAQV5.0.2system in predictigevents in whichihe ar pollutants exces

moderate or unhealthy categories for the U.S. air quality index ((W@lv.airnow.gov)
23
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The scatter plots for predicted and observed MMA&nd 24h avg PM s are shown in

Fig. 5aandFig. B, respectivelyFhemetrics-ofFalse-AarmRatio(FAR)}-and-thedit

{ Formatted: Left, Indent: Firstline: 1.25cm

a+b [ FieldCodeChanged

Numbers of the scatters in the four areas (a) to (d) are indicatedigghé) and
(2) in section 2.2egtations The hgher tre FAR is, the morésFSv15CMAQV5.0.2
overpredicts thé&Ql leading to fése air quality warningsThe higher the H is,
exceedances amoresuccessfully captured by the GFSYIBAQV5.0.2system. In this
study, thethresholddor two caeg r i e so doed r agitMeidUn heal t hy f or Sensitive
Gr oups O ar 8ince2018stledredefmet .aS5 ppb and 70 ppfor MDAS8 Oz
and12 pg m*and 35.5g9 m= for 24-h avg PM s For comparison with previous studies,

the historicathresholdsare dso includedinto the evaluation: 60 ppb and 75 ppb for
24
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MDAS8 Oz and 15 g m® and 35 g n® for 24-h avg PMs. The metrics in four
categories, corresponding fourthresholdsare shown itrig. 5¢. Categorical
performance under stricter AQI standaislbetter than nder hstorical standards-or

example, lhe FAR decreases frod¥48.8-4 % to41.1-4 %, and the H increases from

4042.3-7 % t04345.9-8 % with thefiMo d e r thredwldschanggrom 60 ppb to 55 ppb.

It could be due to the better performarafthe forecassystem for values cterto the
annual average level40 ppb). The scatterseamore discrete for extreme valyésy—
58). When the thresholds of MDA8z@re closer to the average level, the categorical
performance increasebhe-categhcalperformancef GFSvIECMAQYS-0-2ir

- s ol : : . §
2010)-Similar improvement ithe FAR and H fopredicting categorical 24 avg PM s
can be found when thieresholdchanges fromi5 g m=to 12 g m3: the FAR
decreass from 79.-780.1 % to 7031 %, and the H increases fram-952.8 % to 570-6 %.
However, the FAR ihigh (over 90%) and the H is much lower undertttresholdof
35.5 g mi. It is because most of the false alamosur when observe®4-h avg PM s

are lower than 2pg m® and the predicted values are highentBa g s {Fig-5b). It

shows the poorer performance in correctly

Sensitive Groupso0 du etiortofdPMisimeooler mantns. f i cant

Major RT-AQF systems over the world were comprehensively redawe “«

(Zhang et al., 2012a, 2012lhere we include a comparison with the more recent air
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quality forecasting sidiesTheoverview of assessment stiesof the other air quality

forecasting studies from Canafidoran et al., 2018; Russell et al., 2Q1Burope

(Struzewska etal.,20lB6 Al | ur a et al .,

East AsiglLyu et al., 2017; Zhou &tl., 2017 Peng et al., 20184a et al., 202Q)and

CONUS(Kang et al., 20Q; Zhang et al., 201@.ee et al., 2017)Table SSsummarizes

air quality forecasting skills reported in the literataleng with that from this worksor

those studies with, data assimilationin air quality forecasting, the performance from the

raw results without dataassimilation are presented. The performancein predicting Oz and ;

PM vary largely between mode| systems. Thediscrete and categorical performancein Oz

prediction is not significantly better than thatin PM prediction. Oz tends to be slightly

overpredicted in an annual base or for the warmer months. Theanrual NMB and Corr for

Oz overtheNorth Americaare 1.4% and 0.76 for 2010 in Moran et al. (2018), while they

are 1.0% and 0.73 in this study. However, the performance in PM2 5 prediction varies

largely from our study. The PM2 5 for warmer months were moderately overpredicted in

Russel et al. (2019), with the MBs ranging from 3.2 to 5.5 ug m3. The categrcal
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performancef GFSv15CMAQV5.0.2in predicting MDAS8 G is similar with that of the

Formatted: Fontcolor: Red,Subscript
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previous NAQFQKang et al., 2010Q)n which the FAR and H are ~68 % and ~31% for

fiUnhealthy for Sensitive Groupsand the H is ~47% for fiM oderated category,

respectively. The H for PM2 5 also decreased largely from ~46% for fiM oderated to ~21%

for illnheathy for Sensitive Grougscategory, and the FAR was over 90% for the
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515 fiUnhealthyfor Sensitive Grougscategory in Kang et al. (2010). The overpredicted

516 PMy5 was also found when using the historical 2005 NEI in forecast for Jan 2015 (Lee et [Formatted:FontcoIor: Red,Subscript

[ Formatted: Fontcolor: Red

517 al., 2017. The performance was improved by updates of 2011 NEI and real-time dust and

518 wild fire emissions. It indicatesthe needs of improving our emission inventory. As for the [ Formatted: Fontcolor: Red

519 categorical performande regions other than CONUS, theair quality standards vary

520 (Oliveri Conti et al., 201 7)For example, National Ambient A Quality Standards [Formatted:Fontcolor: Red

[ Formatted: Fontcolor: Red

521 (NAAQSSs) the Ambient Air Quality and Cleaner Air for Europe (CAFE) Directive

522 (2008/50/EC)and thenationalambient air quality standaf@GB 30952012 are set up

523 by U.S., Europe, and China, respectivéigtrics also vary between studies. The primary

524  forecastingproductsare @ and PMo from some forecasting systems instea®gfind

525 PMgsin this study. The threshold for categorical evaluationi@ e d iurm et Al |

526 (2018) was 83.0 1y M. The applied metrics of the False Alarm Ratio and Probability of

527 Detection (POD) were defined the same as the FAR and H used in our study. The FAR

528 and POD were 36.14% and 71.16%, respectively. The categorical evalud@ibh h

529 Ha et al. (2020) was applied for four categories: (1509 m=3, (2) 1650 g m=3, (3)

530 51-100pg m3, and (4) >10Qg m=3. The overalFAR and Detection Rate for four

531 categories are 59.0% and 36.1%, respectively. Although the metrics of FAR and

532 Detection Rate were defined for four categoniather tharevery single categomys for

533 this study, the categorical performance is comparable with our results. In general, the

534 discrete and categorical performance efd@ecasin this study is comparabthat ofthe
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air quality forecasting systenrs many regions othe world. However, the PMorecass

vary largely between studies. While our GFSMIBIAQV5.0.2 system shows consistent

performance with the systems covering CONUS, the high FAR and lowfHdon h e al t hy

for Sensiti v ewitlShigbeutpesholdindicatethatthe categorical

performance could be further improved by addressing the significant overprediction

during cooler months in this study.
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3.3-4 Regionspecific evaluation

As discusedin section 3.2, biaseis predictedOz and PM s vary from region to
region.To further analyze the regi-specific performance of the GFS*CMAQV5.0.2
system, evaluatiorof 10 regions within CONUS is conducted. By identifying the
detailed characteristics afgionspecific biaes and indicating the underlginauses for
such biass, this sectioaims tohelp the NAQFC to improve its forecasability for

specific regionsA
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Figureure 8-6 shows the annuahodelperformancdor MDA8 Os and 24h avg
PMzsin the 10 CONUS regionn section 2, a slight undergdiction of MDA8Oz on
annual bais wasfound ove the CONUS. MDA8Os is underpredicted in most of the
regionsexcept regions 2, 4, and(big. 826a). The overpredictions in regions 4 and 6 are
mostly from the large biase®ar the coastreaduring G seasa. Correlationshetween
predictins and observaonsin most of the regions areégher than 0.6, except for35 in
region 4 and 0.50 in region Poor performance in regions 4 andsillustratedby the
Taylor Diagram Fig. 856b). SmallCorr and NSDresut in the markers of regions 4 and
7 layingfarthestfrom the reference point.he amplitude ofrariability of the predicted
MDAS8 Oz are smaller thanbserved values in all the regioespeciallyin regions 4 and
7. The performance iregion 2 is the bestyith smallest MB/NMB, highest Gg and
similar variability inpredictiors andobservatios. The ime seresof the MDA8Os for
the 10 regions durig 2019is shown inFig. S7S6. Regionsl, 2, 4, and &how different
results for the @season and noWs seasn: GFSV1I5CMAQV5.0.2tends to overpredict
MDAB8 Oz duringthe Oz season and ung@edics duringthenonOz seasonThe
underprediction during springonths, which is indicated in section 3.2, can be also
found in most of the regions thiobvious gaps be®en observed and predicted curires
MarchandApril. The lowest @predictionsoccur at 5 antocal stawlard time (LST)in
most of the regionfFig. S857). For regions 4 and 6, significant overpredictomeurs not

only duringthe Os seasn for MDA8 Oz (which mainly occurs during the daytenbut
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also during thenighttime.During the non-Os season, the biasés predicting MDA8Os
for regions 4 and 6 ammallandconsistent witlgooddaytimepredictions However, Q
is still overpredictedluringthenighttime in these regionsissociated i the ollapse of
the boundary layer and di€filty in simulaing its time and magnitudéHu et al., 2013;

Cuchiareet al., 2014Pleim et al., 2016)

Consistent with the analysis in section 3.2,2Bl significantly ovepredicted in
most of the regionexceptin regions 4, 6, and @ig. 8e6¢). The wnderprediction during
warmer monthdikely due tomissing sources @mmechanisms for BSQA&ompensate
for the annual biases in regions 4 and 6, leadirgytaller MBs/NMBs butow
correlations in these regiarThevariability in predictiors is much large thanin

observatios, with the NSDs >1 for allagions(Fig. 8€6d). The forecast system has best

performance in region 9 with an NSD of 1.8,NMB of -12.0%, and a Corr of @0.-As

_FigureFigure S89 shows the time sixs of 24h avg PMsin the10 CONUS
regions The gapdetween observed angredicted curves arerlge in cooler mont) but
the GFSV1BCMAQV5.0.2system has relativelyood performance in warmer months for
most of the regiond.ess overpredictiois found in regions6-8; and 9 duing cooler

months and thoseegionsgenerally show the best performariseeTaylor Diagran).
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Thedifferent biasescrosgheregions furtheindicatethatmultiple factordikely

contribute to then
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4. Discussion

4.1 Meteorology-chemistry relationships o

We further quantify tb meteorologazchemistry relationships by conducting the

regionspecific evaluation ofhe meteorological variables. The regional performance fo

themajor variables is shown Fig, S9. The regional biasein T2 predictions show high

correlationwith theregional biases in MDAS8 It indicates that the cold biases in the

Midwest (includingregion 5) and the warm biases near@uwf coast (inclding regions

of 4 and 6) are important fact for the Qunderprediction and overprediction in those

regions, espectivelyThe Os-temperature relationship was fouf®l Sillman andSamson,

1995:;Sillman, 1999) Os is expected to increase with increasiemperature within

specific range of teperaturgBloomeretal., 2009; Shen et al., 201dhe surface
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MDAS8 Os-temperature relationship was found at approximatedyppb K'in the

eastern US (Bsmussental., 2012). According to such relationships, beses in T2

predictions could explailarge portion oftie O3 biases. Heavy convective precipitation

and topical cyclones have large impact in the southeastermvhih covers mainly

regions4 and 6. Tlerefore, the performance in precipitation prediasis lower in those
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two regions compéng to other reginsas we discussed the model performancein

capturing short-term heavy rains during summer seasons in section 3.1. Meanwhile, the

performance in wind predictions in regions 4 and 6 is relatively p®och performance

in the meteorolog@ predictiongs consistent with the mixed performance in P

predction in regions 4 and @.hebetween simulated and obsenradteorological

variables, mainly in precipitations and windan be attributed to thepoor, temporal

agreement shown as correlations of prti PM s in those two reqios.

4.2 Major biasesin Oz predictions “

Predictionand simulation of ®in coastal or marine areas are impacted by

halbgens chemistry and emissidiglams and Cox, 2002; Sear et al., 2012; Liu et al.,

2018) including bromie and ialine chemistry(Fosteretal., 2001; Sarwar et al., 2015;

Yang et al., 2R0) and oceanic halogen emissidii¢atanabe, 2005; Tegtmeier et al.

2015; He et al., 2016EMAQ v5.0.2 has onlyisiple chlorine chemistry for CB05

mechanism, and he redudbn of Os by reaction with branine and iodine is not included
34
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in CMAQ v5.0.2.lodide-mediated @deposition over seawater and detailed marine

halogen chemistry has been found to reduceb® 1-4 ppb neaithe coastGantt et al.,

2017) suggesting the misy) halo@n dhemistry and @depostion processes contribute

to overpredicted ©in coastal and marine areseen hereCoastal and marine areas are

also impacted by aiea interaction processes, whice simply represented ithe

currentmeteorological radels wthou coupling oceaninodels(He et al., 2018; Zhang

et al., 2018,d). For example, coastal{Inixing ratiosare impacted by predicted sea

surface temperatures and laseh breezes through theifluence on chemical reaction

conditions and diffusn proesss. As discussedn Section 3.1and 4.1, the

GFSv15-CMAQV5.0.2 system has poorer performance in predicting the meteorological

variablesin regions of 4 and 6, which could contribute to biaseist Oz predictionsdirectly

or indicate missing largea breezesml thus missing &ngort effectan the

GFS/15-CMAQvV5.0.2 air qualiy forecasting system.

In addition to the impact of meteorological biases and missing halogen chemistry

on the Oz overprediction near Gulf coast, the overestimated VOC emission could enhance Formatted: Fontcolor: Red,Subscript

the O3 biases. The anthropogenic VOCs emissiotmtinuously decease fronhistorical Formatted: Fontcolor: Red,Subscript
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0

NEIsto 2016 NEI

(http://views.cira.colostate.edu/wiki/wiki/10202/inventargllaborative2016viemissio

nsmodelingplatform).We compare the VOCs emiss®between @16 NEI and the

emissons used in this studfhe difference in thelevaed source of pt_oilgas are shown
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in Fig, S10. The Gulf coast is impacted by the oil and gas sector due to the gihand

fields, and the exploration activity near it. Bgmparing he newer NEI tohte airrent

NEI we used in the system, we found ttietoverestimation of the VOCs could be one

aspect to the Qoverprediction near the Gulf Coast. Because we only prdjecs® and

NOy, from 2005 NEI to 2019 but we do notEct the VA sfor the elevated sources.

The monthly VOCs emissions from pt_oiggsector for July in regiosand 6 are

2876.0 tons month while they are 2497.0 tons moptim 2016 NEI. The reductio

mainly locates along the coastline, where the S@ant overpediction take place It

indicates the complicated effect of metdogical biases, missing ggbase chemistry,

and the overestimation of emissions on thekediction inthese regions.

The O3 concentration is underpredicted for the Northeast, MigAtlantic, Midwest,

Mountainousstates, and the Northwest (mainly correspondirthéaegiond, 3, 5, 8,

and 9 during nonO3 seasonLarge difference in dry deposition algorithms between

CMAQ v5.0.2 and other common parameterizatioas reported (Park & al., 2014; Wu

et al., 2018)Large discrepancy between modeled deposition velocity of @by

CMAQ v5.0.2 andhe observation during winter was shown and attributed to the

depositionto snow surfacedmprovement was indicated in revisirgettreatmenof

deposition to snow, vegetation, and bare ground in CMAQ v5.0W#elt deposition to

snow was found to improvéé consistency between thg d@position modeled by

CMAQ v5.0.2 and thebservations. Thefore, the dry deposition module in 02 needs

36

(
(
(
1
[ Formatted: Fontcolor: Red,Subscript
(
(
[
(
(

(
(
(
(
(
(
[ Formatted: Fontcolor: Red,Subscript
(
(
(
(
(
[

[ Formatted: Fontcolor: Red

[ Formatted: Fontcolor: Red

Formatted: Fontcolor: Red,Subscript

Formatted: Fontcolor: Red

) Formatted: Fontcolor: Red,Subscript

[ Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red,Superscript

Formatted: Fontcolor: Red

[ Formatted: Fontcolor: Red,Superscript

Formatted: Fontcolor: Red

0 0 0 U A U A

Formatted: Fontcolor: Red,Subscript

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red,Subscript

Formatted: Fontcolor: Red

k Formatted: Fontcolor: Red

) Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red,Subscript

: Formatted: Fontcolor: Red

O 0 0 JC 0 A U A ) UL

[ Formatted: Fontcolor: Red,Subscript

[ Formatted: Fontcolor: Red




712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

to be updated and improved fimore accurate representation of lamoderate @mixing

ratios(Appel et al., 202Q)For the cases in this study, tbredicted snow cover for the

months of Jan and Apr Wwinter and sprincare shown in Fig7aand 7b. The

underpredicted ©during norO3 seasommay be caused ke overestimate Oy

deposiion to snow in the northern regi®ncorresponding to the previous regions 1, 3, 5,

8, and 9 The mixed effects of the temperati; relationship discussedbove andthe

large @éposition to snow contribute to the moderatai@derpredictions.

4.3 Major biasesin PM. 5 predictions

Major biasesin PMy 5 prediction are distinguished for warmer and cooler months

in section 3. To further analyzéheunderlying causes foraried paterns and performance

on seasonand regionspecific basisdiurnal evaluations for PM and chemical

component®f PMx s during Os season and ne@s; season are shown kig. 8. The

GFSv15CMAQV5.0.2 has a large seasonal variation in diurnabBNhconsstent with

the observationWhile PM2sis underpredicted during daytime in regions 4, 6, 8, and 9

during G seasn, PM s is always overpredicted across the day during@eseason

exceft for regon 9.Increased OC, particulate nitrates, switl unspetied coarse mode

components conbute to most of the increase in predicted totabBNMhe general cold

biasesover CONLS, especially in region 5, could make the GFSZMAQV5.0.2

systempredicthigher nitrate particulates, leading to largerease ilPM2 s from Os
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season to neMs seaon. Emissions vary from month to month in the yéag.(S11a).

Larger emissins for NH;, NOy, VOC, primary coarse PM, amdimary PMWbsare in Q

seasorcomparedo nonO3 season. Primary organic carbons (P@@®)ssionsre higher

in O3 season. Changés emissions are not fully consistent with the changes in£M

components, in@ating other biases or uncertainty could also contribute to the significant

overpredction during norROs season. For examplide imgementatio of bidirectioral

flux of NHs and the boundary layer mixingprocessesnder more stable condition (during

nonO3 season) in GFSvIEMAQV5.0.2system need to be further studi®teim et al,

(2013,2019)found that the Nkifluxes and concentratins couldoebetter simulated and

the montly variations of NH concentrationsverelargercomparing to the raw modby/

implementing théidirectional flux of NH. The absolute biasdsr diurnalPM: s are

gererally larger during nighttime in most of thegions, &cept for region 9. It is

consisent with the analysis byAppel et al. (2013)which suggested that the efforfs o

improving nighttime mixing in CMAQ v5.0 be further needed, further indigathe reed

for improvements of CMAQ in predicting diggé&n andmixing of air pollutants under

stable boundary layer condition3.he forecast system gives the highest PM predictions at

two peaks during the day: 6 am and 7 pm in O3 season and 7 am and 8 pm in non-Og Formatted: Fontcolor: Red,Subscript

Formatted: Fontcolor: Red

season at L ST, respectively corresponding to the shifting between daylight saving time [ Formatted: Fontcolor: Red,Subscript

| Formatted: Fontcolor: Red

O )

and LST. Thetwo diurnal peaks are caused by the diurnal pattern of emissions (Fig.

S11b). PM are mostly emitted during the daytime of 6 am to 6 pm. With the development
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of boundary layer during the daytime, surface PM2s concentrationswill be reduced by

the diffusion. During the dawn and dusk, the boundary layer transitsbetween stable and

well mixed conditions. The increased emission and secondary production of PM. 5 will be [Formatted:Fontcolor: Red,Subscript

[ Formatted: Fontcolor: Red

accumulated within the boundarylayer, causing the high peaks during dawn and dusk.

The variation in predicted PM. 5 composition between cooler and warmer months [Formatted:Fontcolor: Red,Subscript

[ Formatted: Fontcolor: Red

indicates that major seasonal biases are caused by multiple factors We introduce the

AQS dataset for evaluation of daily PMo5 composition to provide additional insight intg Formatted: Fontcolor: Red,Subscript

Formatted: Fontcolor: Red

the specific reasons. Figure 9 shows the biases of the key Pidcompositionfor the Formatted: Fontcolor: Red

—
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cooler month of Jan angdarmer month of JuM/hile the overal mean biases of PM

composition, including elemental carbofEC), ammonium (Nk), and nitrate (N@) are [Formaned:Fontcolor: Red

within 40 .5 pg m™ for all months of the year, the major biases in,Bbtedidions are

mostly ontributed byorganic carbon (OC), soil comparie (SOIL), andsulfate (SG@).

The soil componentare estimated using the Interagency Monitwh Proteted Visual

Environments (IMPROVE) equation and specific constitughppel et al, 2013)

During acooler month, the significant eypredicton in PMesis manly attributed to the Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

overpredictionin OC and SOIL During warmer months, theverprediction of SOIL and [Formatted:FontcoIor: Red

sulfate conpensate for the overalhderpredictionin OC in v5.0.2, leaidg to the Formatted: Fontcolor: Red

o _J

moderatePM2 s underpredition in the Southeast but slight overprediction in the Midwest,

Mid-Atlantic, and the NohtieastThese highiPM25 SOIL con@ntrations areongstent in [Formatted:Fontcolor: Red Subscript

[ Formatted: Fontcolor: Red

spatial characteristics with large emissions ainthropogeit primary PMs s, and primary
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coarse PMn the Midwest Northeast, and the Northwest. The underprediion in P\Vb 5

OC during summer compensatee overestimation in dustduring cooler months,

resuling in the overall biases with an annualNMB of 30.0%.

The lage emissonsof anthropogeni@rimary coarse PM as well as the

wind-blown dust are the major sources jpoedicted PM25 SOIL componentsAppel et al. [Formatted:Fontcolor: Red,Subscript

[ Formatted: Fontcolor: Red

(2013)indicated CMAQ overpredicted soil components in the eastern United States

parially due to theanthiopogenic fugitive dusind windblown dust emissiong.he

overpredictionn PMz 5 soil compositiondy our forecast systemmould be mainly

attributed to th@verestination of the anthropogenic fugitive dust emission because the

meteorological conditions we not included in processing the anthropogenic fugitive

dust sectorThe dust-related components of aluminum calcium iron, titanium, silicon, [ Formatted: Fontcolor: Red

[ Formatted: Fontcolor: Red

and coarse mode particles are overestimated in the regions with snow and precipitation,

especially during winte early spring, and late autumn wihow cover in the north

which contributes tahe PM 5 overprediction, with morsignificanttempoal-spatial Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

pattern in the north U.S. during copbtaonths. ‘[ Formatted: Fontcolor: Red,Subscript
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An adjustment of precitation and snow cover for fugitivdust was implemented
in the operational NAQFC. The dustlated PM emissions will be cleap using a factor
of 0.01 when the snow cover is higher than 25% or the hourly precipitation is higher than
0.1 mmhr?! beforethey are used asputfor CMAQ v5.02 forecast. We conduct a

sensitivity simulation for Jan 2019 using the GFSZMAQV5.0.2 system with the
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adjustment implemented in the operational NAQFC. Figure 7c shows the PM
overprediction in the ndnern regiond, 2, 5 and 10 during Jan is largeipproved
corresponding to the spati@mporal characteristics of snow cover. The monthly MB and
NMB for Jan improves from 5.5 (g fhand 66.9% to 2.1 g mand 240%, respectively.
The improvement isainly attributed to the decreasedmerpredictionsn PM s soil
componentswith MBs decreased from.3 g m=to 1.2y m-for Jan(Fig. 7d) The
overpredictionin the Northeast and Nitrwest during spring is expected to be improved
by the suppression of the fugitive dust by the snow during early sgitgindicates the
importance of including the meteorological forecast in processing the emission of
anthropogaic fugitive dust. It shuld be calculated inline or be adjusted by the

meteorological forecast.

In CMAQ v5.0.2, the pmary organic aerosol (PA) is processed as nevolatile.« [Formatted:FontcoIor: Red

{ Formatted: Indent: Firstline: 1.25cm

Theemissions of semolatile and intermediate volatility organic compounds (S/IVOCs)

and heir contributiongo the secondary organic aerosol (SOA) areapatunted forin_ [Formatted:FontcoIor: Red

the aerosomodule In the recent versions of CAD, two approaches linked to POA [Formatted:FontcoIor: Red

[ Formatted: Fontcolor: Red

sources have been impteented One introducesemtivolatile partitioning and gaghase

oxidaion of POA emissins. The other one (called pcSOA) accounts for multiple missing

sources of anthropogenic SOA formation, includdegerial missing oxidation pathways Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

Formatted: Fontcolor: Red

concentration in summerut deaeasedevel in winter. The changegary, by season as a / Formatted: Fontcolor: Red

and emissions oMOCs. These twdamprovements lead to increased organic carbon {,:O,matted;,:omcomr; Red
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result of differences in volatility (as dictatéytemperature and boundagykr height)

and rexctionrate between witer and summer. Therefore, the missing S/IVaf

related SOA cbmistry in v5.0.2 are key reasons for the OC overprediction and

underprediction during cooler and warmer months, icagy.

4.5. Conclusion

In thiswork, the air qualy forecast fotheyear 201%redicted bythe
offline-coupledGFSv15CMAQV5.0.2 systemsicomprehensivelgvaluatedThe
GFSv15CMAQV5.0.2 systems found toperform well in predictig surface
meteorologicalariablestemperature, retave humidity, andvind) and Qbuthasmixed
performance foPM..s. Moderate coldiases and wet biasearefound in spring season,
especially in MarchWhile the GFSv18CMAQV5.0.2system can generaltygpture the
monthly accumlated precipitation compadeo remote sensingnd eisemble datasets,
temporal distributiosof hourly precijitation show less consistey with in-situ

monitoring datawhi

" i irtort or

MDAS8 Oz is slightly ovepredictedandunderpredicted imzone andhonOgzozene

seasos, respetively. ;

Ozin-spring-The significant overpredictionear the Gulf Coastwhich-is is eaused
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byassociated with the missing habgen chemistryoverestimated emission of precursors,

andthe poorer performance in meteorological performance, which could be attributed to

the missing of modetepresentation of the asea interactioproceses; It compensate

slight underprediction is found during non-Os season, indicating the impact of cold bises

of T2 and the overestimated dry deposition to the snow surface. GFS/15-CMAQV5.0.2

has pooter performance impredicting PM.s, companng to the performase for Q.

Significant overpredictioparefound inspring—adimn-aac-wintecooler months,

especialy in winter. with-tThelargest overpredictiois shown in the Midwest the states

of WA;Washington, andOregon due mainly tdiigh concentrations of prezled seilfine

fugitive, unspecifieccoarse modeand OC compositionsandnitrate-compnents The

lacking suppressiomf snow cover on anthropogenic fugitive dust emission and the

non-volatile approach for POA emission contribute major portion of the overpredictionin

wind-blown-dust Meanwhile, Ftheforecasting systemnaybe improved through

updatng theemissimsinventoryused (i.e., [l 2014)to NEI 2016v2or NEI2017which
aremore presentative to the year of 20fh the next dvelopment ofnextgeneration

NAQFC.
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Categorical ealuation indicatethatthe GFSv15CMAQV5.0.2can capturevell
theair quality clasification offi Mo d e deactibedy theAQI. However the
categoricaperformance is poorer for PMatthei un hefaebehg i t i ve groupso
thresholddue mainly to theignificant overpreittion duringthe cooler months.
Regionspecific evaluation fuher dscusses the biasaad underlying causes the 10
USEPA definedegions inCONUS.An update from CMQ v5.0.2 to v53.1 is expected
to alleviate potential errors in gsing sources andeohanisms for SOA formatiofihe
variations of performande betweenOs and norOs seasas, as well aduringthe
daytime and nighttimeindicate further studieseed tdbe onducteda improve boundary
layer mixingprocessewithin GFS/15-CMAQV5.0.2. Thevaried regiorspecific
performance indicates that improvemestschas bias correctionshould be considered
individually from regiorto region in the following devepmment of the ne generation

NAQFC.

We have usedisis analyss in his workto identify several areas afeaknessn [Formatted:Fontcolor: Red

GFSv15-CMAQV5.0.2 system for furtherimprovementnd develomentof

nextgeneration NAQFC. The ability of FV3-based GFSin driving the real-time air

quality forecasting is demonstrated. Further studies are still needed iimproving the

accuracy in meteorological forecastthe emissios the aerosol chemistryand tre

boundary layer mixingor the future GFEFV3-CMAQ system Ourwork-awm-thefurther
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Supplement

Thesupplementrelated to ths article is available in

gmd-2020-272_supplement.pdf

Code and data availability

The documentation and source code of CMAQ v5.0.2 are available at
doi:10.281/zenodo.1079898 he GFS forecasts in grib2 format are available at
https:.//www.ncdc.noaa.gov/dataccess/modadata/modebdatasets/globaiorcastsystem
-gfs. The GFSforecast inputs in binary NEM SIO) formatand the coupler used in this
study for the GFSv15-CMAQV5.0.2 system are available upon request. The AIRNow
datais available for download through the AirNow-Techwebsite
(http://www.airnowteh.org. The CASTNET datais available for download from
httpsi/javaepa.gv/castnet/clarsession.doThe METAR datais available for download
from https://madis.ncep.@@.gov The GPCP datais available through NOAA website
(https://www.ncei.noaa.gov/datglokal-precipitationclimatology-projectgpcpmonthly).

The CCPA precipitation is available from
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https://www.nco.ncep.noaa.gov/pmb/guats/gensThe MODIS_MODO04 dataset is
available at dx.doi.org/10.567/MODIS/MODO04_12.006 The data pocessig and

analysis scipts are available uponagaest.
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Tablesand Figures

Table 1. Configuration of GRE5-CMAQV5.0.2 system

Attribute

Model Configuration

Forecast period
Domain
Resolution

Shortwave/longwee radiation
Planetary boundary layer (PBL)
Land surface
Microphysics
Cumulus

Photolysis

Gasphase chemistry

Aqueousphase chemistry

Aerosol module

Jan-Dec., 2019
Continental U.S.
Horizontal: 12km (442265); Vertical: 35 lyers
Physical Options
The Rapid Radiative Transfer Method for GCMs
Hybrid eddydiffusivity massflux (EDMF) PBL
Noah Land Surface Model (LSM)
A more advanced GFDmicrophysics schae
The Simpified ArakawaSchubert (SAS) deep convection
Chemical Options
In-line method (Binkowski et al., 2007)

The Carbon Bnd mechanism version 5 withta@ chlorine
chenistry and updatetbluene mechanisr{CBO5tucl)
(Yarwood efal., 2005; Sewar et al., 2012)
AQCHEM (Sarwar et al., 2a)

AEROG6 with nonvolatile POA (Carlton et al., 2D1Simon et
al., 2012; Appel eal., 2013)

Tabe 2. Performancetatistics of meterologicalforecasts

Datesets CASTNET METAR
) ) Mean Mean NMB, NME, Mean Mean NMB, NME,
Variable Period . MB RMSE orr . MB RMSE Corr
Obs. Sim. % Obs. Sim. % %
DJF -0.1 -05 -04 2.€ -58¢-285( 0.9¢ 2.7 2€ -01 2t -31 693 0.97
MAM 9.9 9.4 -0.t 24 -52 18z 0.97 12.2 11¢ -04 2.2 -3.C 14.C 0.97
T2,°C  JJA 21t 21<4 -0z 24 -0& 8€ 09¢ 23<4 231 -0& 2:F -1z 7.E 0.9
SON 118 11 -0z 2€ -2 162 0.97 13. 13 01 22 04 12.€ 0.9¢
Annual 109 10.€ -0.2 25 -3.C 17.C 0.9¢ 13z 130 -0z 2:F -13 13.1 0.9¢
DJF 69.1 71.¢ 28 14t 4.C 151 074/ 741 744 04 13z 0. 134 0.7¢
RH2, % MAM 62.7 661 34 14z 54 16. 08z 674 701 27 13.& 4.C 15t 0.81
JIA 55.( 53.Z -1.7 12z -3.2 16.£ 0.8¢ 67.C 672 0. 131 05 14. 0.8
SON 50.c 57.¢ -14 13.C -24 161 087 68.7 67.C -1.7 13.z -2 14t 0.8
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Annual
DJF
MAM

WS10,

JJA
SON
Annual
DJF
MAM

m st

WD10,
degree

JIA
SON
Annual
DJF
MAM

Precip,

JJA

mm hrt

SON
Annual

61.4
2.t
2.8
24
2.€
2.€

187.2
184.¢
186.7
1818
185.(
1.C
11
22
1.2
13

62.2
3.C
34
3.C
3.1
3.1

189.4
186.t
188.¢
183.¢
187.1
0.€
0.€
0.t
0.€
0.€

0.t
0.t
0.€
0.€
0.t
0.€
2.2
1.¢
21
21
21
-0.4
-0.€
-1.7
-0.7
-0.7

13.8
2.C
21
1¢
2.C
2.C

69.4

68.1

73.C

713

70.t
1.7
2.C
4.7
24
2.t

1.2
18.7
22.2
24.5
20.4
21.t

1.2

1.C

11

11

11

-42.5
-51.1
-77.€
-54.4
-55.4

16.C
56.7
55.6
60.¢
58.€
57.¢
26.¢
26.1
285
28.1
27.%
86.1
86.:
93.¢
86.2
87.¢

0.8t
0.5¢
0.6
0.51
0.57
0.57
0.81
0.81
0.71
0.7¢
0.8C
0.2¢
0.2
0.11
0.2¢
0.1¢

68.€
3.2
3.€
2.8
4.C
34
158.(
159.¢
146.¢
190.€
162.t
1.z
18
2.€
1.
1€

69.2
3.7
4.C

2

4.1
3.7
1643
163.¢
147.¢
196.¢
166.€
0.7
0.7
0.7
0.8
0.7

0.4
0.4
0.4
0.t
0.z
0.4
6.4
3.7
1.C
5.7
4.1
-0.€
-1.C
-1.¢
-1.C
-1.1

13.2
2.C
2.C
1.¢
1.€
1.¢

60.7

60.7

69.¢

42.1

59.1
3.t
7.
7.€
8.6
7.C

0.
10.€
10
17.C

4.2
10.7
4.
2.2
07
30
2.

-44.

-58.€

-74.F

-56.2

-59.1

14.4
43.5
42.5
52.¢
33.1
41.8
25.t
25.4
33.¢
14.5
23.¢
77.4
85.¢
91.€
83.¢
85.C

0.8¢
0.71
0.71
0.6z
0.6¢
0.7z
0.9C
0.8¢
0.8¢
0.9z
0.8¢
0.1
0.07
0.04
0.07
0.07

T2: temperature &-m; RH2: relative hundity at 2m; WS10: wind speed di0-m; WD1Q wind direction

at 10m; Precip: precipitation; DJF: winter; MAM: spring; JJA: summer; SON: autumn; M&mbias;

RMSE: root mean squa error; NMB: nomalized mean bia?\ME: normalized rean error; Corr:

corrdation coeffigent Obs.: Observain; Sim.: Prediction.

Table 3. Performance statistics of chemical variables againddiRlataset

MDAS8 Os, ppb 24-h avg PMs, g m3

) Mear Mear ) Mear Mear
Period . MB RMSE NMB,%NME,% Corr Perioc . MB RMSE NMB,%NME,% Corr

Obs  Sim. Sim.
Jan 321 32 -01 7z -04 17.z 0.5¢ Jan 8.2 13t 5. 11k 66.¢ 92.¢ 0.3t
Feb 364 35f -0c 7.E -25 167 0.5¢ Feb 7. 12kt 4.6 10.C 58.C 81t 0.:
Mar 44.¢ 404 -4t 87 -10.C 15 O0.5¢ Mar 7.6 11.C 32 9.2 41z 69.C 0.4C
Apr 46.4 431 3.8 7.0 -7.1  13.2 0.6z Apr 6.2 8.C 1.7 6.2 27.¢ 616 033
May 441 4253 14 7€ -3.3  13.¢ 0.67 May 6.7 6.€ 0.z 47 3.2 49.5 0.2¢
Jun 457 43¢ -1.6 10.¢ -4.C  18.2 0.5¢ Jun 7.1 6.6 -0 54 4.2 471 0.22
Ju 442 46.€ 2 9k 5.2 16.€ 0.7z Jul 8.4 8.t 0.1 11.¢ 1. 59.6 0.2¢
Aug 43.7  46.¢ 3z 94 7.3 16.4 0.7¢ Aug 7.2 6. -0.2 4.cC -4.7  40.z 0.32
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Sept
Oct
Nov
Dec
Os-seas
on
Non
Os-seas
on
Annual

425 45.¢ 31 8cC 7.2 14 0.7¢ Sept 7.0 7.€ 0. 47 8.t
37.C 40« 34 T.¢ 9.3 15.& 0.8C Oct 6.€ 9.6 3.C 9ocC 447
34z 35.¢ 1€ 7€ 5.2 16.£ 0.7z Nov 8.¢ 13.: 4z 9.8 47.2
317 33kt 1€ 7§ 5.6 18.€ 0.6¢ Dec 8.6 13. 5.1 10. 57.¢
DJF 8.2 13« 5.1 10. 61.C
441 451 10 9.z 25 16.C 0.6¢ _
MAM 6.€ 8.€ 1.7 7.C 24.¢
JJA 7.€ 74 -0z 7.8 -2.8

377 37% -0z 7.¢ -04 16.C 0.72
SON 7.t 10.1 2€ 81 34.¢

405  40.¢ 04 8t 1.¢ 16.C 0.7¢Annual 7.€ 9.¢ 23  8E 30.C

44.2
73.2
72.1
82.t
85.t
60.<
49.t

63.¢

65.2

0.4¢
0.3¢
0.4¢
0.51
0.4¢€
0.3¢
0.27

0.4¢€

0.41

MDA8 Os: maximum daily average-8 ozone; 24 avg PMs: 24-hour average Pk

Figures

Figurel. Taylor diagram wh variance, ©rr, and NMB for met@rological variables (T2,

RH2, WSL0,WD10, andPrecip) against CASTNET and METAR dataset

Figure2. Spatial distribution of forecasted MDA8, MB, and NMB dgrids and winter
seasonObservation from AlRlow is shown as fiéd circles intheoverlay plots of

concentrations

Figure3. Forecastdseasonal daily P by GFS/15-CMAQV5.0.2 overlaid

observations from AIRow and MB against observations frontRNow

Figure 4. Monthly AOD from MODIS (left), predicted AOD from

GFS/15-CMAQV5.0.2 (middle), and predicted surfacet2dvg PM s(right)

Figure5. Categorical evahtion of MDA8 and 24 avg PM s
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Figure6. Annual performancef MDAS8 in 10 CONUS regions (a); Taylori@gram for
annual performancef MDAS8 (b); Annual perfomance of 24h avg PMsin 10 CONUS
regions (c); Taylor Diagram for annualrf@mance of 24 avg PM s. Outliers

represent regions with$Ds >3.5d)

Figure7. The predicted average snow cover(@rJan andb) Apr. (c) The dfference in
NMBs by adjusing anthropogenic fugitive dust emissiétositive valus standfor

improvemat in biases with NMBs closer to 0.

Figure8. Diurnal PM:sin: (a) & season for igions 1 to 5;If) Non-Oz seasn for
regions 1 to 5; (cs season for regions 6 to 10; (d) N@a season for region 6 to 10.
Solid curves are observed values and dash swanepredicted value&verage of
predictel PMp.s and components of\f. swithin CONUS in: (e) Q season, and)(f

Non-Oz season

Figure9. Mean biases in PM compogtions: (a)OC for Jan, (b) OC for Jul, (c) SOIL

for Jan, (d) SOIL for Julge) sulfate fo Jan, and (f) sulfate for Jul
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Annual Performance of MET fields from GFSv15-CMAQv502
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Figurel. Taylor diagram(Taylor, 2001)with Normalized Standardized Deviations
(NSD), Corr, ard NMB for metewological variables (T2, RH2, WS1®/D10, and
Precip) against CASTNET and METAR datadé¢te REF marker at-gxis represents a
referred perfect performance. Ttleser each variable i® the REF marker, the better

performancehe forecast gstem has forhat variable
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Obs: max= 7.2, min= 19.1 , mean= 44.1

()3 Season Sim: max= 70.4, min= 28.0, mean= 45.1

Sim: max= 5.8, min= 19.1, mean= 37.5
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Figure2. Spatial distribution of forecasted MDA8, MB, and NMB duringa@dnon-Os
season. Olesvation from AIRNow is shown as filled circles in theverlay plots of

concentrations
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Figure3. Forecasted seasal daly PM2s by GFS15-CMAQV5.0.2 overlaid

observations from AIRow and MB against observations from ANBw
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