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INVITED REVIEW PAPER

Meteorological modeling relevant to mesoscale and regional air quality
applications: a review
Richard T. McNider and Arastoo Pour-Biazar

Earth System Science Center, University of Alabama in Huntsville, Huntsville, Alabama, USA

ABSTRACT
The highest correlative relations for air pollution levels are often with meteorological variables
such as temperature and wind speed. Today, sophisticated gridded high-resolution meteorologi-
cal models are used to produce meteorological fields that drive chemical transport models for air
quality management. Errors in specification of the physical atmosphere such as temperature,
clouds and winds can affect the air quality predictions. Additionally, the efficiency and efficacy of
emission control strategies can be compromised by errors in the meteorological fields. In this
paper, the role of meteorology in air quality behavior, primarily from the viewpoint of regional
ozone modeling as carried out in the U.S., is reviewed. Particular attention is given to physics and
new techniques for improving meteorological model performance. Uncertainties in model turbu-
lent mixing in the nighttime boundary layer, where large model differences exist, are examined.
The role of spatial mesoscale features such as topography and land/water systems in models are
discussed. The nocturnal low-level jet, a mesoscale temporal and spatial feature, and its impact on
air quality are examined. Traditional air quality concerns have focused on synoptic conditions at
the center of high-pressure systems. However, high ozone levels have also been associated with
stationary fronts. The ability of models to capture mesoscale structure and yet retain synoptic
structure and its timing is challenging. Data assimilation and its ability to improve model
performance are examined. Particular attention is given to vertical nudging strategies that can
affect formation of the nocturnal low-level jets. Finally, clouds can have a major impact on air
quality since insolation impacts temperature, biogenic emissions and photolysis rates and
extremes in stability. Traditional techniques, which attempt to insert cloud water where there is
not dynamical support, can lead to additional errors. New dynamical approaches for improving
model cloud performance are discussed.
Implications: This article shows that there has been a considerable improvement in meteorolo-
gical models used for air quality simulations. In particular, improvement in the tools for
incorporating both traditional observations and new satellite data for retrospective studies
has been beneficial to air quality community. However, while this trend is continuing, many
challenges remain. As an example, due to having many options available in configuring a model
simulation, there is a need to evaluate and recommend sets of options that provide important
performance measures.
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Introduction

Since the passage of the Clean Air Act of 1970 air quality
models have played a major role in air quality assessment
and regulation. Early models for control strategy testing
(e.g. State Implementation Plans – SIPs) were relatively
simple, such as roll-back models for particulates (Larsen
1961) or EKMAcurves for ozone. In addition, the emphasis
often was on industrial and power plant stack short-term
modeling for SO2. Today, primarily for ozone and fine
particles, sophisticated gridded high-resolution (less than
36 km) models are used for control strategy development
and for air quality impact assessments. These models
include a physical atmosphere (meteorology) model

coupled with an atmospheric chemistry (air quality)
model. In the present paper, we use the term physical
atmosphere as being the atmospheric components that
are included in the meteorological model and chemical
species that impact photochemical radiation. It is the pur-
pose of this review paper to examine the role of the regional
physical atmosphere on air quality and the development of
modeling techniques to improve the representation of the
regional physical atmosphere in air quality studies.

Examining the physical atmosphere and its impact
on air quality is a very broad undertaking that ranges
from peak concentrations from individual plumes, to
radionuclide exposure, to acid deposition and global
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chemistry predictions. While the issues discussed below
may have relevance to these problems and international
air pollution issues, here we examine the regional phy-
sical atmosphere largely in the context of ozone control
strategy in the U.S. This has been a major focus in the
last 20 years by EPA, state and local air pollution
regulatory agencies in the U.S. It is also noted that
today’s models, with small grid sizes and improved
physics, can represent parts of the mesoscale energy
spectrum much more completely than 25 years ago.

Some of the previous reviews of meteorology and air
quality, including Pielke and Uliasz (1998), Seaman
(2000), and Hanna and Yang (2001), provide additional
information beyond that provided in this review. Seaman
(2000) covered many of the topics discussed here and
provided additional perspective, discussion and references
with particular emphasis on data assimilation. There have
also been reviews that emphasize air quality modeling with
emphasis on chemical/meteorological mechanisms and
model inputs (Russell and Dennis 2000). Reviews of spe-
cific meteorological settings have also been performed.
Vardoulakis et al. (2003) reviewed street canyon modeling.
Parrish et al. (2011) and Ching (2013) review heat island
and mega-city effects. Weil, Sykes, and Venkatram (1992)
and Hanna (1994) examined the specifics of evaluation
methods for meteorological and air quality models. There
have been several reviews of the meteorology and techni-
ques for point source plume modeling, including Eliassen
(1980), Wilson and Sawford (1996), and Holmes and
Morawska (2006). As wildfires have become important
for health concerns and ozone production, modeling of
wildfires and their relation to meteorology has also been
an important review topic (Goodrick et al. 2013).

Impact of the physical atmosphere on air quality

Statistical analyses (Camalier, Cox, and Dolwick 2007;
Cox and Chu 1996) generally show that physical para-
meters, especially temperature and wind speed, have
high correlative relationships with ozone concentra-
tions. Here, the physical and chemical reasons for
these high correlations, with an emphasis on ozone,
are reviewed in order to clarify the important physical
characteristics that need fidelity in current sophisti-
cated modeling systems.

Wind speed
Wind speed is the fundamental variable in controlling
most scenarios involving regional primary and second-
ary air pollutant concentrations. Winds influence both
air pollutant and precursor concentrations. As noted by
Niemeyer (1960), for continuous releases – “The
volume of air into which contaminants are emitted is

directly proportional to wind velocity, and the concen-
tration of contaminants is generally inversely propor-
tional to wind speed. If the wind speed doubles, other
conditions being equal, the pollutants are emitted into
twice the volume of air downstream from the source“.
For continuous releases, this concept leads to an inverse
relation (1/u) of concentration to wind speed (u). This
mathematical relationship is used in box models or
steady state Gaussian models, but not for instantaneous
releases. For modern time-dependent grid models, the
wind speed relation enters through the differential
advection terms, and time-averaged concentrations are
related to the time an air parcel stays over the source
region.

Temperature
Probably the most important, but complex, meteorological
parameter for ozone prediction is temperature (Camalier,
Cox, and Dolwick 2007). Mostly, all statistical correlative
models for ozone show steep linear relations between
maximum temperature and ozone levels (Cox and Chu
1996; Dueñas et al. 2002; Vukovich 1994) except at extre-
mely high temperatures (above the 95 percentile). For
example, Vukovich (1994) and O’Connor, Roelle, and
Aneja (2005), in separate studies in the Eastern U.S.,
showed that during July and August (what the authors
considered the ozone season), of all meteorological vari-
ables, maximum temperature had the highest correlation
with ozone, with correlations being 0.91 and 0.94, respec-
tively. Rasmussen et al. (2012) reviewed the origins of these
temperature relationships. There are confounding issues
that make temperature such a highly correlative variable.
Part of the temperature–ozone relationship may be tied to
wind speed. When wind speeds are low, such as under
high-pressure systems, this can lead to high maximum
temperatures and low ventilation. Temperature also affects
precursors to ozone production, including NO and volatile
organic compounds (VOCs) levels. Temperature impacts
chemical chain links through thermal decomposition of
nitrates (e.g. Sillman and Samson 1995) allowing reuse of
NO in ozone production. High temperatures are also asso-
ciated with clear skies, which can thus enhance photoche-
mical production (Pour-Biazar et al. 2007). Indirectly,
temperature can impact biogenic VOC emissions
(Guenther et al. 1993; Lamb et al. 1987) as well as anthro-
pogenic VOC evaporation (Rubin et al. 2006). NOx emis-
sions can also be increased at higher temperature due to
utility cooling demand. There is some evidence of ozone
suppression at extreme high temperatures (Shen, Mickley,
and Gilleland 2016). This may be due to a fall-off in
biogenic emissions due to stress or depletion of nitrate
species affecting slopes of ozone reservoirs (Steiner et al.
2010). Shen, Mickley, and Gilleland (2016), however,
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discounted these chemical processes in favor of meteoro-
logical reasons, though the specificmeteorological pathwas
not defined. They generally hypothesized that the linearity
between ozone and temperature, perhaps through relations
to other meteorological variables (solar radiation, stagna-
tion, etc.), breaks down. One mitigating meteorological
factor may be increased mixing heights or free convective
cloud venting at high temperatures (Holzworth 1972).

Planetary boundary layer (PBL) height
The role of mixed layer height is also fundamental to
air pollution concentrations, in that it controls the
volume into which emissions or precursors are mixed
(Holzworth 1967). Mixing height (H) has been used
with wind speed to provide a measure of air pollution
potential through the ventilation parameter – V = HxU,
where U is the mixed layer average wind speed. Larger
values of ventilation infer lower concentrations for
continuous releases. When the boundary layer heights
reach the lifting condensation level, or level of free
convection, cloud processes can control mixed layer
heights (Ching and Alkezweeny 1986; Seaman 2000).

Humidity
Water vapor can also have an impact on air quality, both
directly and indirectly. In general, higher humidity tends
to be inversely related to ozone but the relationship and
certainty is not as high as with temperature. Humidity can
decrease ozone through terminating chemical chain
lengths (Dueñas et al. 2002) and through nitrate aerosol
formation. Indirectly, higher relative humidity can be
associated with increased cloud cover reducing photo-
chemistry. Higher humidity can also be related to higher
soil moisture values, which lower surface temperature.
Higher humidity and higher soil moisture can also
enhance surface deposition of ozone on vegetative sur-
faces through greater stomatal uptake.

Cloud cover
Cloud cover can also be an important variable in some
scenarios, especially for ozone. Vukovich (1994) showed
that sky cover had the highest negative correlation with
summer ozone in the Eastern U.S. Cloud cover directly
affects both daytime and nighttime temperature.
Increased cloud cover decreases daytime insolation and
suppresses maximum temperature. It reduces daytime
boundary layer turbulence by suppressing thermal con-
vection. However, cloud cover increases nighttime tem-
perature (Dai, Trenberth, and Karl 1999) through
downward infrared radiation. It reduces nighttime stable
boundary layer development, which is important to pol-
lutant exposure and low-level jet development. Cloud
cover can also affect vertical mixing heights through

cloud venting of the boundary layer (Angevine, Jiang,
and Mauritsen 2010; Ching and Alkezweeny 1986).
Clouds alsomodulate solar radiation reaching the surface,
thus abating photochemistry and decreasing biogenic
hydrocarbon emission (Guenther et al. 1993, 2012;
Warneke et al. 2010; Pour-Biazar et al. 2007; Zhang
et al. 2018). Furthermore, clouds impact heterogeneous
chemistry and aerosol recycling (2015). The role of clouds
and their impact depends on the particular scenario, and
defining clouds as causal parameter have been inhibited
because of the lack of precise measurements. Clouds are
not routine NWS measurements except through cloud
cover categories. New satellite observations that can
quantify insolation and cloud top may be useful in the
future (White et al. 2018) for discerning the impact of
clouds.

Role of the physical atmosphere in regional ozone
control strategy development and impact
assessment

The ability of regional atmospheric models to replicate
the meteorological parameters of importance to regional
air quality, as discussed above, is critical to air quality
management (Rao and Zurbenko 1994). The attainment
of National Ambient Air Quality Standards in the Clean
Air Act is built around the development of State
Implementation Plans (SIPs), which define specific emis-
sion-reduction strategies for meeting the National
Ambient Air Quality Standards (NAAQS).Modeling con-
ducted in support of the SIP must demonstrate that
industry-specific emission reductions will result in future
compliance with the NAAQS. This usually involves retro-
spective modeling and a demonstration that the modeling
system is able to replicate air-pollution levels reasonably
during periods when NAAQS are exceeded. While per-
haps not a regulatory requirement, EPA model guidance
(EPA 2018) suggests choosing “time periods which reflect
a variety of meteorological conditions that frequently
correspond with observed 8-hour daily maxima concen-
trations greater than the level of the NAAQS at monitor-
ing sites in the nonattainment area”. The guidance further
states “Model time periods in which observed concentra-
tions are close to the appropriate base year design value or
level of visibility impairment and ensure there are
a sufficient number of days so that the modeled test
applied at each monitor is based on multiple days”. The
practical way to follow this guidance is to model the
retrospective periods when NAAQS were violated.
However, Luo et al. (2019), Astitha et al. (2017), and
Hogrefe and Rao (2001) discuss variations in meteorol-
ogy, controlling high ozone, which may not be captured
in the retrospective period.
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Inaccurate characterization of the atmosphere by
numerical models can bias the result and lead to the
development of ineffective emission control strategies.
As shown by Sillman and Samson (1995), based on
model simulations, a five-degree (K) error in tempera-
ture can change ozone by 20 ppb in urban areas. If
clouds are in the wrong place, hourly ozone can be
altered by 20–50 ppb (Pour-Biazar et al. 2007). Since
the cumulative costs of implementing individual SIP
control strategies can amount to hundreds of millions
of dollars, reducing the sources of uncertainty in the
simulations and increasing the confidence in the model
results is of outmost importance to regulatory agencies.
Model performance compared to physical and air qual-
ity observations are a major factor in building the
confidence of the regulating and regulated commu-
nities (Dennis et al. 2010). Angevine et al. (2014), in
ensemble simulations, showed that the differences
could occur due to uncertainty in modeling the meteor-
ological transport. Gilliam et al. (2015) showed that
perturbing the meteorology through differences in
initialization could cause changes of 10 ppb in
8-h average ozone, which may be as large as the impact
of control strategies.

As discussed above, statistical relationships can be
strong for ozone and meteorological variables. In addi-
tion, in certain air quality regimes, there can be strong
relationships between NO and ozone or total VOC and
ozone. So why are statistical models not used more in air
quality control strategy development? The issue is the
difficulty in relating emissions of NO, or emissions of
specific VOCs, to ozone for the specific time and place
that are part of the design period for ozone. Here, trans-
port plays a crucial role and local statistical relations
cannot account for where the chemical precursors origi-
nate. Using a non-gridded model approach, Cardelino
and Chameides (1995) discuss the importance of trans-
port to ozone chemistry. Thus, the role of transport of
precursor emissions to key ozone non-attainment moni-
tors is realized by the coupled meteorological transport
models emphasized here. Additionally, by their nature,
non-attainment periods reflect extreme events for which
the average statistical relations may not hold.

Direct impact of meteorological parameters on
regional ozone control strategy efficacy
Errors in modeling of the meteorological parameters in
the previous section can directly impact the efficacy of
specific control strategies (Biswas and Rao 2001).
Because the ozone production environment widely var-
ies across the country, primarily due to variations in
VOC and NO ratios, the impact of meteorology can
also vary. Thus, it is difficult to provide specific impacts

in a general sense. However, it is useful to keep in mind
the potential impact and direction of the impact of
errors in meteorology on ozone control strategies. In
NO limited areas, if model temperatures are too high it
can lead to longer chemical chain lengths making
ozone/NOy relationships too steep. This can make
NOx reduction strategies look more effective than
they may actually be. If model wind speeds or mixed
layer heights are too large compared to reality, emission
reductions seem less effective than in reality. Berman
et al. (1997) showed that the uncertainties in mixing
depth are comparable to the uncertainties in the che-
mical mechanisms. Biswas and Rao (2001) noted that
such uncertainties could lead to model error of several
ppb in ozone concentration. If a model has fewer
clouds than the real atmosphere, it will make the
model too photochemically active (Pour-Biazar et al.
2007), making emission reductions more effective than
in reality. If a model is too moist, it may increase the
deposition of ozone through stomatal uptake. This may
lead to underestimation of the impact of long-range
transport.

Dynamical model evaluation and probabilistic
evaluation

As discussed by Dennis et al. (2010), the confidence in air
quality modeling needed by the regulatory community is
gained by attention to model evaluation. Dennis et al.
(2010) and others have cautioned that several types of
model evaluations are needed. The first of these is opera-
tional model evaluation where model comparisons are
made to observations, generally paired in space and
time, for specific periods of simulations. Second are diag-
nostic evaluations, where model comparisons are carried
out to see whether specific processes or components are
working as they should in comparisons to observations.
These first two type evaluations are emphasized in this
review and have been the type model evaluations gener-
ally carried out by regulators and researchers through
most of the period of 1970 to about 2010.

In recent years, two other type evaluations have begun
to be carried out in part because of the computer power
that allows long-term simulations or multiple simulations
to be made. The first of these is referred to as Dynamical
Model Evaluation (DME), in which models are evaluated
over several years and sometimes over two decades of
emission changes and meteorological conditions
(Astitha et al. 2017; Foley et al. 2015b; Karamchandani
et al. 2017). In some of these, e.g. Karamchandani et al.
(2017), the emphasis is on emission changes over 20 years
or longer, but the meteorological conditions are fixed. In
others, e.g. Foley et al. and Astitha et al. (2017), both
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meteorology and emissions vary. These longer term simu-
lations can test models over a variety of meteorological
and emission changes, so that long-term trends and varia-
bility can be quantified. Several important conclusions
have been found. Karamchandani et al. (2017) showed
that model ozone predictions tend to be less sensitive to
emission reductions than observations indicate. While
issues with emissions and chemistry have been postulated,
possible errors in the physical atmosphere cannot be
discounted in contributing to such behavior. Astitha
et al. (2017) interestingly showed the seasonal average
baseline values were more important in contributing to
the highest ozone levels than synoptic variations. This
may be due to the larger scale patterns that control the
type of synoptic conditions that can occur.

A fourth type of model evaluation discussed by Dennis
et al. (2010) was probabilistic evaluation. Here, multiple
model simulations can be carried out using slightly dif-
ferent initial conditions or perturbations in some aspects
of the physics or chemistry. These multiple simulations,
or ensembles of simulations, can then be evaluated against
observations in a probabilistic sense (Hanna and Davis
2002; Luo et al. 2019).

These newer Dynamic Model Evaluation and
Probabilistic Evaluations are somewhat outside of the
scope of this review and the reader should look at
Dennis et al. (2010) for a review and the recent papers
Foley et al. (2015a), Foley et al. (2015b) and Astitha
et al. (2017) for examples.

Air quality models also have a role in source impact
assessments used to issue air quality permits. These
studies assess the impact of pollutants beyond ozone,
such as SO2, NO and particulate matter, and are used
for Prevention of Significant Deterioration, visibility
impacts on pristine areas, or air quality exposure
which may guide new air quality standards. For these
activities and SIP ozone control strategy testing, models
are generally employed in a retrospective mode. Here,
meteorological conditions for a past episode are mod-
eled and these conditions are kept fixed for different
control strategy testing. However, in a recent article,
Luo et al. (2019) suggested that future meteorology
controlling the design values might be different from
the retrospective period. They suggested a probabilistic
method for including synoptic perturbations. This new
approach might be used to test more restrictive design
values or as a warning that future design values may be
more restrictive than present values.

In the past, this retrospective modeling was usually
carried out for the specific periods when the controlling
design value occurred. The length of the period encom-
passed the synoptic cycle, so that the ramp up and
ramp down of ozone or visibility was included. In

more recent years (since 2000), with greater computa-
tional capacity (especially in research settings), much
longer retrospective periods are used, such as the entire
ozone season or entire years (Gan et al. 2015; Foley
et al. 2015a, 2015b; Hogrefe et al. 2000, 2011; Vizuete
et al. 2011). Below, meteorological modeling and its
improvements are discussed. This is in light of the
unique aspects of retrospective modeling that can lead
to inclusion of additional data to improve the repre-
sentation of physical atmosphere. This includes Four
Dimensional Data Assimilation (FDDA) to improve
representation of the synoptic scale atmosphere, recov-
ery of improved land surface parameters and use of
satellite data to improve cloud placement and coverage.

Background air quality
As the ozone standard has been reduced over time, espe-
cially the new 8-h 70 ppb standard, there has been
increased attention to background air quality. While this
is usually tied to the chemical model, the physical atmo-
sphere plays a major role in background values. For
instance, meteorology affects long-range transport, strato-
spheric/tropospheric exchange, lightning NOx and all the
meteorological ozone relationships discussed above. The
low-level jet discussed below, is a major factor in exporting
ozone and precursors out of urban areas and into rural
areas, which then becomes part of the anthropogenic back-
ground. Upwind boundary conditions from global-scale
modeling (Jiménez, Parra, and Baldasano 2007; Mathur
2008; Pour-Biazar et al. 2011; Rudich et al. 2008; Song
et al. 2008) have increasingly been part of air quality
assessments; however, meteorological transport and dis-
persion also impact these concentrations. Studies have
shown (Zhang et al. 2011) that mountain-wave breaking
can bring stratospheric ozone to higher elevations in the
West. In such cases, free atmosphere mixing processes in
models are important. Also,modeling of ozone transport at
the tropopause is critical, yet mixing parameterizations in
these highly stable layers with coarse grid resolution, where
sharp gradients in ozone exist, are problematic (Pour-
Biazar et al. 2011). Lightning NOx at in the mid and
upper troposphere can also potentially impact background
levels (Cooper et al. 2007; Kang et al. 2018; Koshak et al.
2014;Murray 2016; Pickering et al. 2016;Wang et al. 2013).
The viability of long-range transport depends on stomatal
uptake by vegetation which is dependent on soil moisture
(Anav et al. 2018, 2019; Zhou et al. 2018).

Turbulent mixing as parameterized in regional
ozone models

Turbulent mixing has long been a part of air pollution
meteorology in terms of prediction of vertical and
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horizontal plume spreads using what are referred to as
dispersion curves. Techniques were developed to use
turbulent wind statistics to estimate vertical spread
rates in plumes (Gifford 1961; Pasquill and Smith
1962). Hanna et al. (1977) provides a review of path-
ways to estimate plume growth and summarized best
practices for estimating plume growth rates. However,
in most regional scale ozone modeling, individual
plumes are not characterized; rather chemical constitu-
ents are carried along as gridded variables. Thus, we
will not review models such as AERMOD (Cimorelli
et al. 2005) which have been used in point source
plume and non-reactive air quality settings or radio-
active plume applications (Pullen, Chang, and Hanna
2013). The meteorological-gridded models used in
regional ozone control strategy development and
assessments are based on fundamental fluid physics,
referred to as primitive equation mesoscale and regio-
nal meteorological models. In the past, three primary
regional and mesoscale equation models have been
used for air quality applications. These are MM5
(Anthes and Warner 1978), RAMS (Pielke et al. 1992)
and CALMET (Scire, Insley, and Yamartino 1990). In
CALMET, MM5 is used as a prognostic component to
provide vertical profiles of wind fields to the model.
Please see Seaman (2000) for a more comprehensive
review of dynamical models used in air quality. While
other models continue to be used, today, most air
quality applications use a follow-on to MM5 – the
community Weather Research and Forecast (WRF)
model (Skamarock et al. 2005). The pervasiveness of
the use of WRF in the U.S. is in part because of the
large WRF user community within the U.S. and per-
haps, also in part, because of the embrace by EPA
researchers. WRF is typically used at grid scales of 36-
, 12- or 4-km. These primitive equation models can
generally capture synoptic scale motions at 36-km. At
scales of 12- or 4-km the models can generally produce
mesoscale motion for which adequate topographic and
land use forcing is specified. However, there are still
unresolved fluid motions at finer scales that contribute
to the mixing of pollutants and behavior of surface
meteorological variables. The motions below about
1-2 -km are generally tied to what is referred to as
boundary layer turbulence (e.g. Stull 2012). The con-
vective turbulence scales with boundary layer height, so
that motions of 1- to 2-km are considered turbulent
and would thus be sub-grid scale to a 4-km grid. In
order to account for these sub-grid scale effects, model
parameterizations are applied through mixing coeffi-
cients or Turbulent Kinetic Energy (TKE) models.
These parameterizations or closures are not fundamen-
tal, but are based on turbulent concepts and guided by

specific and limited boundary layer observations
(Businger 1973; Garratt 1994; Poulos et al. 2002; Stull
2012) or model performance (Beljaars 1995; Edwards,
Beare, and Lapworth 2006; Viterbo et al. 1995). At least
10 boundary layer schemes are supported in the WRF
model (Cohen et al. 2015), many of which are used in
air quality applications. In addition, the WRFCHEM
model (Grell et al. 2005) has been employed, though
largely used by the research community. WRFCHEM
carries out the meteorological and chemistry calcula-
tions together. As discussed below, this may have dis-
tinct advantages compared to re-diagnosing mixing
coefficients in an offline chemistry model in the way
CMAQ is normally employed. There is an inline ver-
sion of CMAQ (Wong et al. 2012), which functions
similar to WRFCHEM and has been used to examine
the impact of CMAQ predicted aerosols radiation for-
cing on the physical system.

Below we discuss these turbulent parameterizations.
We mostly focus on the vertical mixing parameteriza-
tions and specifically discuss the vertical mixing coeffi-
cient Kz. See Stull (2012) or Pielke Sr (2013) for
a background on mixing coefficients. While horizontal
mixing is considered, it often is not fully physically based
since horizontal filtering (Skamarock 2004) is used to
reduce model noise and to act as a horizontal diffusion
operator. Some turbulence parameterizations do have an
explicit horizontal diffusion that are used for horizontal
grid spacing less than about 10-km. Horizontal diffusion
in air quality modeling has always been an issue (Byun
et al. 1999; Egan and Mahoney 1972). First, because
point source plumes and small urban plumes are often
not fully resolved, so that emissions are diluted into grid
boxes that are large compared to the scale of the plumes
(Herwehe 2000). Second, these relatively small wave-
length plumes are subsequently diffused artificially by
both numerical diffusion in advection schemes and by
filtering in models such as WRF (Skamarock 2004).
Third, horizontal diffusion in the meteorological model
(e.g. WRF) may not be the same as in the chemical
transport model (e.g. CMAQ, see Byun and Schere
2006). Finally, coarse measurements of ozone and pre-
cursors have inhibited model evaluation of horizontal
diffusion. However, it is suggested that with newer mod-
els, sensitivity studies should be conducted to examine
the impact of horizontal diffusion relative to other phy-
sical processes.

Impact of PBL mixing parameterizations

There have been several evaluations of the impact of dif-
ferent PBL schemes on model performance (Hu, Nielsen-
Gammon, and Zhang 2010; Shin and Hong 2011; Xie et al.
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2012). Here we try to concentrate on PBL issues most
relevant to air pollution. Hanna and Yang (2001) using
different models with different PBL schemes found general
agreement among the models for wind speed but noted
that all models underestimated the strength of nighttime
inversions. This indicated too much nighttime mixing.
Hanna et al. (2010) compared several MM5 and WRF
configurations to a special boundary layer observation
(the International H2O Project (IHOP)) and found over-
prediction of wind speed and too large Turbulent Kinetic
Energy (TKE) in the nighttime boundary layer.

As WRF developed, it became possible to evaluate the
impact of different PBL schemes in the same model. Hu,
Nielsen-Gammon, and Zhang (2010) evaluated several
PBL subgrid turbulence mixing schemes that have been
used by the regional air quality modeling community.
These included the ACM2 PBL scheme (Pleim, 2007a,
2007b) which in the daytime (unstable boundary layer)
employs a non-local asymmetric mixing formulation, the
Yonsei University (Hong and Kim 2008; Hong, Noh, and
Dudhia 2006), which also has non-local daytime formula-
tion. For stable or neutral conditions, the ACM2 scheme
uses local closure. The third scheme evaluated was theMYJ
scheme, a local scheme based on the Mellor and Yamada
(1982)methodmodified by Janjic (2001). In the evaluation,
Hu, Nielsen-Gammon, and Zhang (2010) found that all
three schemes performed relatively similarly in the daytime
boundary layer. The MYJ scheme produced faster cooling
in the afternoon by about 0.5oC. All three schemes gener-
ally underestimated daytime 2-m temperature by about
2° C compared to observations. At night the ACM2 and

MYJ schemes produced temperatures which were too cold
by about 1° C compared to observations, with YSU produ-
cing a slight warm bias less than 0.5° C. Banks et al. (2016),
in a more recent air pollution-related study over Greece,
compared eight PBL schemes in WRF. They made com-
parisons to surface variables. The Bougeault and Lacarrere
(1989) scheme had the lowest RMSE for temperature, with
the Pleim (2007a, 2007b) ACM2 scheme having the second
lowest RMSE. García-Díez et al. (2013) compared WRF
performance for summer and winter over Europe for three
boundary layer schemes. For the summer, there was less
spread between schemes during the day and greater spread
at night.

The Hu, Nielsen-Gammon, and Zhang (2010) and
Hanna et al. (2010) results were also based on using the
same land surface scheme (the NOAH scheme – Ek et al.
2003). Difference in land use schemes can have a major
impact on model behavior (see section 5 below). The
international GEWEX Atmosphere Boundary Layer
Study (GABLS) group carried out a comprehensive study
of boundary layer performance for a variety of PBL
schemes and land surface models (see Bosveld et al.
2014). Figure 1 from that study provides a diurnal cycle
for the test period for air temperature at 2 m and
200 m wind speed. The different models are shown in
different line colors and patterns. Observations are shown
as black dots. The figure shows that while different models
have smaller spreads in wind speed and temperature in the
daytime boundary layer, much larger spread (model uncer-
tainty) exists in the nighttime stable boundary layer. Hence,
below several topics address the stable boundary layer.

Figure 1. Comparison of the performance of different boundary layer and land surface models carried out under the GABLS program
at a specific location for a 1-day period. Investigators from around the world were invited to carry out a specific experiment. The
different colored lines represent different models. Panel (A) is the 2 m air temperature. Panel (B) is the wind speed at
200 m. Observations (black dots) are from Cabauw Experimental Site for Atmospheric Research (CESAR), the Netherlands (http://
www.cesar-observatory.nl). At the Cabauw site midnight, local time is approximately 00UTC. Note that the widest spread occurs in
the nighttime boundary layer. Adapted from Bosveld et al. (2014). See Bosveld et al. (2014) for details.
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Turbulent mixing in the stable boundary layer

In the 1970s and 1980s, models began using local mixing
schemes (e.g. Blackadar 1979; Mellor and Yamada 1982)
for the stable boundary layer and employed turbulent
kinetic energy models or stability function closures
based on Monin-Obukov similarity functions (Businger
1973). With these new closures (though more physically
based), models began to have a problem of becoming too
stable, producing a boundary layer with surface condi-
tions becoming too cold and calm (Shir and Bornstein
1977; Zdundowski, Henderson, and Hales 1967). Mixing
of heat and momentum (or ozone) to the surface was too
strongly suppressed (Beljaars and Holtslag 1991;
McNider et al. 2012; Viterbo and Beljaars 1995). In
these coarse grid models of the time, it appeared that
additional mixing was needed (Savijärvi 2009). This was
often implemented by using longer-tailed stability func-
tions (see below) which had more mixing at stronger
stability (in turbulent mixing schemes).

In K closure models in the stable boundary, the
vertical mixing is often parameterized (Blackadar
1979; Savijärvi 2009) by

K ¼ f ðRiÞl2s; (1)

where Ri is the local gradient Richardson Number, l is
a mixing length, s is the local shear and f(Ri) is the
stability function. Figure 2 shows the stability functions
used or discussed in the present paper. The longer
tailed functions are those that maintain mixing beyond
a critical Ri of about 0.25. The England McNider quad-
ratic form was found by analytically solving for the
stability function using Monin-Obukov similarity (see
England and McNider 1995 for the analytical details).
The Pleim Polynomial (see Pleim et al. 2016) was based
on fits to a database of 80 LES simulations (Esau and

Byrkjedal 2007), and then tested against GABLS-
GWEX inter-comparisons. Both the England and
McNider and the Pleim Polynomial, based on theory
and observations, would be considered short-tailed
because they cut off turbulence at Ri~.25. The Beljaars
and Holtslag (1991) and Louis (1979) would be con-
sidered longer tailed forms. They were developed to
add mixing into models that tended to have surface
temperatures too cold and too calm in stable boundary
layer. The long-tailed forms represented empirical
adjustments to improve model performance in more
coarse gridded models.

In the 15–20 years since, the inadequate turbulent
mixing began to be addressed (by adding mixing). It
now appeared that with increased vertical resolution
and/or improved radiation schemes, some models were
making the opposite error, now having too much mixing
(McNider et al., 2012; Steeneveld et al. 2008a; Savijärvi
2009). Savijärvi (2009) summarizes the issue very well;
that models at higher resolution with the longer tailed
forms had too much mixing, resulting in temperature and
wind over-prediction, especially over oceans and homo-
geneous settings. This was also seen in air pollution
studies (Garcia-Menendez, Hu, and Odman 2013; Ngan
et al. 2013; Lee et al. 2014), with too much downward
mixing of heat, momentum and ozone from aloft at night.

The modifications to models to increase turbulent
vertical mixing discussed above went beyond adjusting
stability functions. Other adjustments, such as making
the critical Richardson Number (bulk or gradient)
a function of grid spacing (McNider and Pielke 1981;
Panofsky and Prasad 1965), setting minimum values
for vertical eddy diffusivities (Appel et al. 2007; Pleim,
2007a, 2007b), or setting minimum values of surface
friction velocity were employed. Shir and Bornstein
(1977) also explicitly addressed the model resolution

Figure 2. Stability function f(Ri) forms for the stable boundary layer used in Figure 1 or mentioned in the present paper (England–
McNider – England and McNider (1995); Pleim ACM2 Polynomial – Pleim (2007a, 2007b); Beljaars-Holtslag – Beljaars and Holtslag
(1991); Louis – Louis (1979); and Poulos et al. (2002)). From McNider et al. (2018).
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in calculating Ri, pointing to the need for Ric to be
dependent on grid spacing (Panofsky and Prasad 1965)
or values of K’s increased (Neumann and Mahrer
1971). Not all boundary layer schemes (at least
employed at high resolution) seem to have a warm
bias. The results in Hu, Nielsen-Gammon, and Zhang
(2010), discussed above, in which nighttime tempera-
tures were too cold, are perhaps consistent because the
Pleim ACM2 and the MYJ schemes are short-tailed
forms. In summary, the SBL remains a challenge for
modelers. A major problem may be the vertical resolu-
tion required to model very stable boundary layers.
Sometimes at very small Monin-Obukov lengths (L <
10), the boundary layer height may not be captured in
a coarse grid model (see McNider et al. 2012). Even if
the resolution in the very lowest layers is adequate,
resolving the height of the boundary layer top can be
an issue if model resolution becomes coarser as model
height increases. In addition, since mechanical mixing
plays a major role in nighttime model performance,
land use and associated roughness may play a key
role in model performance. At present, roughness is
highly parameterized from land use characteristics. Full
variation in roughness due to urbanization may not be
handled well in models. Nielsen-Gammon et al. (2010)
developed a technique to carry out estimation of para-
meters in boundary layer schemes to improve model
performance.

Given the uncertainty in modeling of the SBL, per-
haps there should be consideration of confidence in
regional meteorological and air quality models for reg-
ulatory actions where nighttime performance influ-
ences performance. As nitrogen emissions have been
reduced, less nighttime titration may maintain higher
surface ozone (Howard and Bacon 2014). Eighthour
design values may include a greater number of night-
time hours. Perhaps a community review is needed,
such as the review of point source models that led to
the current AERMOD system (Cimorelli et al. 2005), to
determine whether the uncertainty in modeling the SBL
may undercut control strategy plans.

Wind speed bias

As noted in Jiménez and Dudhia (2012) the WRF model
has had a high surface (10 m) wind speed bias over land
since the early versions of the model (Cheng and
Steenburgh 2005). This is consistent with bias discussed
by Seaman (2000) and Hanna and Yang (2001). The bias
persists in more recent versions (Mass and Ovens 2010,
2011; Roux et al. 2009).Wyszogrodzki et al. (2013), in a 15-
month evaluation period (June 2009 – September 2010) of
4 km CONUSWRF simulation, found surface wind speed

is strongly positively biased at night during the entire study
period, with the averaged biases ranging between 0.5 and
1.0 m s−1, and peaks up to 2 m s−1 at times.

The solution proposed in Jiménez and Dudhia
(2012) and by Mass and Ovens (2010) was to add
a topographic drag term. Mass and Owens adjusted
the friction velocity (u*), while Jimenez and Dudhia
added a separate momentum sink. Steeneveld et al.
(2008b) also proposed a terrain drag. However, there
may be some inconsistency in simply increasing u*,
since larger u* in the stable boundary would increase
mixing of downward momentum (and heat). While
these adjustments appear to improve the model perfor-
mance, it also may be pointing out uncertainty in
model parameterization especially in the SBL.

The high wind speed bias in wind speed is of particu-
lar concern in air quality modeling. If the wind speed bias
is not just a surface error, but extends through the
boundary layer, this can lead to effective errors in venti-
lation and produce what may appear to be a bias in
emissions. It seems that issues with the stable boundary
layer and high wind speed bias for air quality models is
a continuing concern and related to both the choice of
the PBL scheme and model vertical resolution.

Extremely stable conditions

Extremely light winds and clear skies can lead to very stable
conditions with boundary layer heights less than 10 m,
which is often below the firstmodel level in griddedmodels
used in air quality studies. Plumemodels such asAERMOD
(Cimorelli et al. 2005) face similar issues with defining
plume behavior for shallow boundary layers. McNider
et al. (2012), in a stable boundary layer climate impact
study, used a 2-m vertical model resolution in
a 1-D modeling study. This was to capture these extremely
stable conditions. McNider et al. (2012) used special
numerical techniques to avoid numerical diffusion that
can overwhelm the physical SBL in light wind conditions.
However, such strategies in gridded air quality modeling
where horizontal grid scales are usually greater than 1 km
can miss land use variations, which have a large impact on
SBL turbulence and temperatures (Runnalls andOke 2006).

Re-diagnosis of mixing coefficients

In offline air quality models such as the traditional
CMAQ (Byun and Schere 2006) and CAMX
(ENVIRON 2013), in which meteorological processes
are concluded in advance of the chemistry model, tur-
bulent mixing coefficients (K’s) may be recalculated
from the meteorological data passed to the air quality
model. In-line models such as WRFCHEM (Grell et al.
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2005) avoid this step since meteorology and chemistry
are calculated simultaneously. In the past, one of the
concerns by modelers was how often should meteoro-
logical variables be passed to the chemistry model. This
was based on the fact that meteorological variables may
reflect the result of mixing, not mixing itself. If they are
passed every time step, the storage and speed of the
simulation may be a major issue. Many models such as
CMAQ have used an hour time scale as a viable period.
However, in a recent study (McNider et al. 2018) an
additional problem was found when the vertical turbu-
lent mixing coefficients (Kz for heat, momentum and
scalars) formulations used in the meteorological model
were different than in the chemistry model. In this
study, which was examining mixing in the summertime
stable boundary layer over Lake Michigan, a CMAQ
mixing sensitivity run was designed to test the impact
of mixing on surface ozone. Cleary et al. (2015) showed
that the NOAA operational CMAQ model produced
ozone levels that were higher than that observed by
ferry on summer transects across Lake Michigan.
A sensitivity study was carried out to examine the
potential cause for this over-prediction by the model.
A WRF base case simulation (for small mixing) was
performed using the Pleim Polynomial/ACM2 stability
function (see Figure 2). A second WRF simulation was
configured to have enhanced mixing using the Louis
stability function (see Figure 2) compared to the ACM2
scheme. The runs included the standard differences in
mixing coefficients for heat, scalars and momentum
based on the Prandtl Number included in CMAQ.
Note that the K’s discussed herein are vertical mixing
coefficients (see equation 1) and are a model heuristic
not an observed quantity. These model configurations
were then used to make two July 2011 WRF simula-
tions. Subsequently, the output from the two WRF runs
were used to drive two CMAQ simulations. The
CMAQ uses the ACM2 formulation internally to re-
diagnose mixing coefficients. The turbulent vertical
mixing coefficients from CMAQ were then examined.
Figure 3 shows that, in fact, the vertical mixing coeffi-
cients from the WRF/Louis case (enhanced mixing)
were actually less than the vertical mixing coefficients
in CMAQ driven by the WRF/ACM2 which had less
mixing. As discussed in McNider et al. (2018), this
occurs because WRF with the Louis scheme has already
mixed out the shear, which is needed to produce tur-
bulence in the ACM2 re-diagnosis. Future modelers
should be wary of this issue. It is recommended as
a minimum that WRF be used with the same mixing
scheme employed in CMAQ. However, even here the
use of offline meteorology (re-diagnosing mixing coef-
ficients) can possibly lead to differences in the mixing

in the stable boundary layer. This is because the wind
and temperature profiles passed to CMAQ reflect past
mixing, which may not be found in the re-diagnosed
mixing coefficients. Thus, the preferred path would be
to pass the mixing coefficients directly from WRF to
CMAQ rather than having them re-diagnosed in
CMAQ. Inline chemistry models such as WRF-Chem
(Grell et al. 2005) do not have this potential problem.

Elevated polluted layers – mixing and advection
above the planetary boundary layer

Most of the discussion above has highlighted the mixing in
the stable boundary layer. However, as lidar measurements
have becomemore prevalent, the role of mixing and advec-
tion above the PBL has become an issue inmodeling. Some
of the first lidar measurements of air pollution studies were
carried out in Southern California (McElroy and Smith
1993; Wakimoto and McElroy 1986). They outlined pre-
vious studies of elevated polluted layers and mechanisms
for their origin (see McKendry and Lundgren 2000 for
a review). In these studies, they noted that mesoscale phe-
nomena, variation in height of the marine inversion
(McElroy and Smith 1991), return flows in sea breezes
and topographic circulations (Wakimoto and McElroy
1986), and interaction of synoptic high-pressure systems
with topographic and coastal geometry (Mass and Albright
1989) could lead to elevated pollution layers that might
affect regional pollution. Model studies (Ueyoshi and
Roads 1993; Ulrickson et al. 1995) explored the details of
the synoptic and mesoscale development of the Catalina
Eddy and the role these situations play in elevated polluted
areas.

Layering can also develop due to the physics of
entrainment and reductions in the PBL depth during
the day. In the growing PBL, overshooting of thermals
or shallow cumulus can allow surface precursors, such
as VOCs and NOx, to be trapped just above the fully
turbulent boundary layer (Fast and Berkowitz 1996;
Vukovich, Fishman, and Browell 1985). Here, high
photolysis levels and lack of deposition losses can
increase ozone and fine particle concentrations
(Gregory, Browell, and Warren 1988).

In the intervening years, lidar observations of both
aerosols and ozone have shown the existence of ele-
vated polluted layer across the U.S. and the world
(Kovalev et al. 2009). As traditional emissions have
been reduced, greater attention has been given to wild-
fires and prescribed burns in influencing air quality.
Lidar and satellites have quantified many of these free
troposphere events (Kovalev et al. 2009; Nepomuceno
Pereira et al. 2014). Multi-sensor and field studies have
allowed the impact on local air quality to be determined
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Figure 3. Vertical profiles of mixing coefficients (K’s) diagnosed in CMAQ for the ACM2 and Louis WRF cases. The top panel is for the
cross-section 1° latitude north of the ferry path described in Cleary et al. (2015) where ozone observations and models were
compared. The middle panel is for cross-section near the ferry transect and the bottom panel is for cross-section 1° latitude south of
the ferry transect. The solid lines are for the ACM2 case (small mixing) and dashed dotted lines for the Louis case (large mixing). Blue
is for 12 UTC and red for 18 UTC. Note that the re-diagnosed K’s in CMAQ are consistently larger for the ACM2 case than the Louis
case. Adapted from McNider et al. (2018).
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(Gupta et al. 2018; McKendry et al. 2011; Reid et al.
2017). These lidar measurements can also provide
another path for evaluating models in the free tropo-
sphere (Wang et al. 2017).

Regional and mesoscale structure important to
air quality

Most major urban areas, because of transportation,
water needs and building considerations are located in
valleys or along bodies of water. As discussed by Pielke
et al. (1991), topography and land/water temperature
contrasts can produce mesoscale flows that can alter air
quality potential and locations of air quality impacts.
The gridded models in use today, such as WRF, have
the physics and small grids needed to resolve these
mesoscale circulations. The following reviews these
mesoscale flows and model configurations needed to
capture the circulations.

Topographic/flows and valley stagnation

Heated and cooled sloping terrain can produce upslope
and drainage flows as well as thermal mountain and
valley flows that direct flows not just up and downslope
but also up and down the direction of a valley
(McNider and Pielke 1984; Tyson and Preston-Whyte
1972). Whiteman (1990) and Whiteman (2000) provide
extensive reviews of topographic flows, especially ther-
mally driven systems with an emphasis on observations
in complex terrain. Zardi and Whiteman (2013) pro-
vide a review of observations and modeling of topo-
graphic flows. Fast (1995) also showed that shear in
drainage flows can have a major impact on plume
behavior and suggested that turbulent parameterization
may have an important role in plume spread and con-
centrations (see also Seaman 2000). However, wind
shear in these flows can significantly impact plume
concentrations (McNider, Moran, and Pielke 1988).
Topography can also produce channeling of flows.
Since the topography is fixed, there might be preferred
directions of flow that can alter the location of air
quality impacts.

Stagnation in valleys can also be an issue in air quality,
especially for particle loading in populated western valleys
during the winter, such as the Salt Lake Basin or San
Joaquin Valley (Baker, Simon, and Kelly 2011). Since
slight turbulent fluctuations continue to exist even
under light wind conditions, stagnation may be defined
when the turbulent fluctuations exceed the mean wind.
Whiteman, Bian, and Zhong (1999) discussed many
aspects of valley stagnation over the Colorado Plateau
Basin, including the formation, maintenance and

dissipation of valley inversions. As noted by Baker,
Simon, and Kelly (2011), routine application of prognos-
tic meteorological models, including the Fifth-Generation
NCAR/Penn State MesoscaleModel (MM5) andWeather
Research and Forecasting Model (WRF), with a variety of
different physics options, vertical and horizontal resolu-
tions, and nudging approaches have failed to replicate the
degree and persistence of stagnant meteorological condi-
tion (Zhong et al. 2001). However, as discussed in Seaman
et al. (2012) for an eastern valley, extremely high vertical
resolution (11 model layers below 50 m compared to 4
layers below 50 m) may be required to properly capture
the physics andmixing of the stable conditions. The stable
boundary layer may require very fine vertical resolution
less than 8m near the surface (Shir and Bornstein 1977) to
capture gradients in Richardson number closures or TKE
closures (Blackadar 1979; Mellor and Yamada 1982).

As discussed by Seaman et al. (2012), small-scale topo-
graphy and fine scale vertical resolution is also needed to
resolve gravity waves and drainage flows which contribute
to mixing in nighttime boundary layers in valleys. Mixing
and fine scale flows can make large differences in pollu-
tant trajectories and horizontal mixing. Seaman et al.
(2012) performed four experiments varying horizontal
and vertical model resolution. The Baseline Experiment
was at fine horizontal resolution (0.444 km) and fine
vertical resolution (first model level at 2 m). A coarse
vertical resolution case with first layer at 33 m and hor-
izontal resolution at 0.444-km was denoted LargeDZ.
A coarse horizontal resolution experiment (1.33 km)
with fine vertical resolution (first level at 2 m) was
denoted as LargeDX. Finally, a coarse horizontal resolu-
tion (1.33 km) and coarse vertical resolution (first level
33 m) experiment was denoted LargeDXDZ. Figure 4
shows the model domains for the model set up in the
Nittany Valley of Pennsylvania near the town of Rock
Springs. Simulations were carried out for 7 Oct 2007. The
figure provides an example of the differences in wind and
trajectories for the four different model vertical and hor-
izontal resolutions. As shown in the figure, the direction
of the trajectories can depend on both vertical and hor-
izontal resolution. It was also noted that gravity waves and
mesoscale oscillations supported by the fine scale terrain
could alter the spectral character of the winds affecting
turbulence and meandering.

Sea and lake structures

Land water contrasts and resulting thermal circulations
that are not resolved synoptically have long been
a factor in pollution in coastal cities (Bornstein and
Thompson 1981 for New York; Keen and Lyons 1978
for Chicago; Banta et al. 2005 for Houston). The long
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standing and continual problem for Los Angeles air
quality is tied both to sea/land breezes in the area (Lu
and Turco 1995) and mesoscale features such as the
Catalina Eddy (Mass and Albright 1989). Bornstein and
Thompson (1981) and Banta et al. (2005) emphasized
the role of the developing sea breeze in reducing venti-
lation over source regions. Figure 5 from Banta et al.
(2005) shows a schematic of how an opposing synoptic
flow can inhibit the movement of the sea breeze front.
With the sea breeze stalled, it can produce light winds
over pollutant source regions. This can lead to accu-
mulation of precursors, leading to bands of high ozone
concentrations later in the day as the sea breeze moves
inland. A similar phenomenon occurs in Los Angeles as
high levels of precursors and ozone are carried inland
to places like Riverside.

More recent papers in the literature supported by
new observations and modeling, have discussed the role
of over-water stability affecting ozone levels. Goldberg
et al. (2017) noted that higher overwater ozone con-
centrations (over the Chesapeake Bay) are supported by
(1) shallower boundary layers trapping shipping emis-
sions near the surface, (2) higher photolysis rates due to
clear skies over the bay, (3) decreased boundary layer
venting due to a lack of fair-weather cumulus clouds,
and (4) slower deposition losses over water. Loughner
et al. (2014) discussed the important role of model
resolution in capturing elements of the over-water
ozone behavior. For the Chesapeake Bay, a 1.33 km
horizontal mesh was needed to capture the structure.

High levels of ozone along the shores of Lake
Michigan have been a continuing problem for air

Figure 4. Predicted parcel trajectories at 0800–1112 UTC (blue) and wind vectors at every other grid point at 1112 UTC at the lowest
model level in a sub-region in the vicinity of Rock Springs, Pennsylvania in the Nittany Valley on 7 Oct 2007. Nine parcels were
released at 3 m AGL in a 0.444 km x 0.444 km area denoted by the inverted triangle at 0800 UTC. Results are for (A) Baseline
Experiment Fine vertical and horizontal resolution, (B) Large DZ Experiment, (C) Large DX Experiment, and (D) Large DXDZ
Experiment. Terrain (m) is shown as color fill. The distance scale can be seen in the spacing of the wind vectors (0.888 km). From
Seaman et al. (2012).
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quality agencies in the region for nearly 40 years
(Cleary et al. 2015; Foley et al. 2011; Lyons and Cole
1976). Keen and Lyons (1978) described the character-
istics of the Lake Michigan sea breeze in light of tradi-
tional conceptual models of lake breeze systems with an
emphasis on the onshore convergence lines which can
transport pollutants aloft into the offshore return cir-
culation. Levy et al. (2010) provided a comprehensive
list of the physical-related factors, which impact local
lake and land breeze circulations such as shoreline
curvature, urban land use and synoptic settings. Lyons

and Cole (1976) discussed the impact of the thermal
destruction of the lake-breeze flow as it moves inland
producing local high concentrations, as well as the
long-range effects of combined recirculation and along-
shore transport of urban and power plant plumes.

Over the lake, a shallow but steep stable layer is
maintained through most of the ozone season due to
cold lake temperatures. While intimated in early con-
ceptual models of the Lake Michigan lake breeze sys-
tems (Lyons and Cole 1976), aircraft measurements
(Dye et al. 1995; Foley et al. 2011) have verified high

Figure 5. (top) Schematic of stalled sea breeze in Houston due to opposing synoptic winds. (bottom) Time-height cross-section of
Doppler observed winds at La Porte showing light winds and potential precursor accumulation in sea breeze front. From Banta et al.
(2005).
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levels of ozone aloft over the lake. Dye et al. (1995)
characterized the lake breeze as a near perfect reaction
chamber with precursors imported from the urban
areas, large photolysis rates due to clear skies in the
subsidence zones over the lake and a lack of surface
losses from deposition or NOx titration (Angevine et al.
2004). The high ozone in this reaction chamber can
then be brought back to shore, although often trans-
lated alongshore, creating high coastal ozone (Angevine
et al. 2004). McNider et al. (2018) showed that issues
with re-diagnosing mixing coefficients (see above) in
the overwater stable boundary layer may be the cause of
operational CMAQ over-water over prediction of
ozone (Cleary et al. 2015).

Low-level jet

While the above topographic and land/water contrast
focused on spatial mesoscale structure, the low-level jet
represents a temporal mesoscale feature that can be
a dominant factor in sustained plume growth rates
and export of pollutants from urban areas during
light synoptic wind cases (Chen, An, and Sun et al.
2018; McNider, Moran, and Pielke 1988).

As discussed first by Blackadar (1957), the low-level
jet develops overnight under conditions of clear skies
and relatively light geostrophic winds, where a stable
boundary layer can develop (note these are often con-
ditions for air pollution episodes). As the nighttime
boundary layer stabilizes, momentum fluxes to the sur-
face are reduced. Thus, the layer of air above the
shallow nocturnal boundary layer reduces friction and
begins to accelerate. As the air accelerates, Coriolis
forces turn the unbalanced winds, leading to an inertial
oscillation as the layer seeks a new geostrophic balance.
Thus, an evolving low-level jet is a persistent part of the
nocturnal boundary layer.

Figure 6A shows a time sequence of the modeled
Houston ship channel plume during the 2000 Texas Air
Quality Study (TEXAQS-2000). The Lagrangian Particle
Model (LPM) is that described in McNider, Moran, and
Pielke (1988), in which particles are moved with both the
mean wind and turbulent fluctuations. The horizontal
turbulent fluctuations (σv, σu) and Lagrangian timescales
are diagnosed from the model boundary layer parameters
(Hanna 1983). Vertical turbulent fluctuations are recov-
ered from the vertical mixing coefficients based on tech-
niques described by Hanna (1968). It shows that during
the day winds were light with amodest sea breeze carrying
the urban plume slowly to the northwest.What is remark-
able is how little the plumemoves during the day and how
little horizontal dispersion takes place. The boundary
layer to the north of the Gulf in Houston is convective

during the day with little vertical shear. Here, the hori-
zontal spread is limited to primarily convective turbu-
lence and scales. Using Taylor’s theorem (see Hanna,
Briggs, and Hosker 1982) one can estimate this convective
spreading using a σv ~2.0 m/s and a Lagrangian time scale
~ 500 s and a daytime travel time of 10 h. This yields
a plume σy of about 10–12 km or a total width of about
20 km. The width of the plume in Figure 6 is about 30 km
at sunset, but some growth is due to boundary layer shear.
So the growth until about sunset is consistent with bound-
ary layer theory.

However, near sunset, the daytime convective boundary
layer collapses. This leads to the Blackadar inertial oscilla-
tion. The acceleration creates strongwinds and strong shear
that rapidly transports and distorts the urban plume.
However, this distortion is not diffusion. By early morning,
the next day, the urban plume has been sheared acrossmost
of East Texas. As the boundary layer develops the next day,
the distorted plume is then diffused over a large horizontal
area. Thus, not only has the inertial oscillation exported
ozone and precursors out of the urban area, it has partially
defined the regional background impacting San Antonio,
Austin and Dallas. In addition to this effect, as the rotating
inertial oscillation continues into the next morning, it cre-
ates a wind opposing the development of the local sea
breeze. This can then lead to stagnation over source regions
south of the city as discussed above (Banta et al. 2005)
leading to high concentrations of precursors. Zhang and
Rao (1999) using a one-dimensional (1-D) model and
a Lagrangian particle model also showed similar geometry
of plumes (see Figure 6B) over the Northeast U.S. The
1-D model described by Zhang and Rao (1999) had the
requisite physics to produce the LLJ. The pattern seen in
Figure 6B is consistent with the LLJ, but they did not
explicitly discuss the role of the LLJ.

In the early 1980s, there was debate (Gifford 1982, 1983;
Smith 1983) on why long-range measurements of
Australian smelter plumes continued to grow horizontally
at rates much faster than turbulent theory. Gifford (1983)
argued that the growth was maintained by mesoscale spa-
tial turbulence with scales larger than the plume. Smith
(1983) argued that shear was responsible for maintaining
the plume growth. McNider, Moran, and Pielke (1988)
showed that the Blackadar inertial oscillation produced
shear leading to a much wider plume the next day. Near
sunset (18 LST), as the inertial oscillation begins, it starts to
distort the plume so that by about 03 LST the plume is
elongated. At this stage, there has been no actual diffusion
(change in local concentrations) only distortion.
Nevertheless, when the next day’s boundary layer begins
to grow (about 09 LST), vertical mixing produces a much
wider plume than would be produced by turbulence alone.
Plume widths are often 10–15 times that without the
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inertial oscillation. McNider, Moran, and Pielke (1988)
noted that this shear was the result of temporal mesoscale
motion (the inertial oscillation), so both Gifford and Smith
were partially correct. This is the process for the extremely
wide Houston ship channel plume seen in Figure 6A and
for the plumes seen in Figure 6B.

Bonner and Paegle (1970) showed that a combination
of changes in the topographic driven pressure gradients
and change in friction leads to larger Blackadar inertial
oscillations by 20-50% over the Great Plains and in coastal
areas (McNider, Mizzi, and Pielke 1982; McNider and

Pielke 1981). The low-level jet is strong when the evolving
thermal gradients over the large scale heated sloping
terrain or in coastal areas reinforce the geostrophic
wind. The impact of data assimilation on modeling the
inertial oscillation is discussed in the next section.

Synoptic scale structure important to air quality

Large-scale weather systems have long been related to
air pollution potential because the physical parameters
discussed in the introduction – temperature, winds,

Figure 6. (A) Depiction of a modeled continuous plume release from near the Houston ship channel with release beginning in the
early morning. Note that in left panel (00UTC) after 10 h of the release, the plume has not traveled far nor spread very much (about
30-40 km wide). But in the next 6 h (middle panel) as the inertial oscillation begins, the plume travels and spreads rapidly. By early
the next morning, the plume has spread over much of east Texas. Colors indicate height of particle in km. From an operational run
providing support to TEXAQS 2000. (B) Depiction of transport and spread for point source plumes for a Northeast simulation
reported by Zhang and Rao (1999). Note spread and shape is consistent with the LLJ spread in (A).
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humidity and sunlight vary greatly across the highs,
lows and fronts, making up the large-scale weather.
The following discusses the large-scale weather that
can lead to high air pollutant potential and impact the
mesoscale and turbulent structures discussed above.
Paths and techniques to include the large-scale weather
are reviewed. Also, see Seaman (2000) for another
review perspective.

Synoptic settings conducive to high concentrations

Traditional conceptual models of synoptic conditions
conducive to high concentrations of air pollutants have
focused on the center of slow-moving high-pressure sys-
tems (Stern 1984). Here, light winds and short trajectories
reduce dilution. The southeastern side of the high-
pressure system also produces subsidence through the
conservation of potential vorticity, leading to reduced
mixing heights and decreased cloudiness (Holton 1973).
Thus, the center of high-pressure system produces low
ventilation (Altshuiler 1978; Holzworth 1972) reduces
mixing heights, and has high photochemical potential.

However, in the study of the regional meteorological
conditions associated with high ozone concentrations in
the Southeast under the Southern Oxidant Study (SOS)
(see Solomon, Cowling, and Weber 2003), it was found
that a majority of the extreme events (regulatory design
days) occurred in association with stationary frontal
zones or trough lines (McNider et al. 1995). Later, as
SOS moved into Texas, it was found that extreme events
(8-h design periods), especially in Dallas, were also tied
to stationary fronts. In fact, during 1999 all of the highest
8-h ozone values in the Dallas were associated with
stationary fronts. An analysis was made of all these
events (McNider et al. 2005). The August 2–5, 1999
was typical of these stationary front events. As a cold
front stalled over North Texas, ozone in the Dallas area
deteriorated over several days. Figure 7 shows an exam-
ple of high ozone near Dallas in the presence of the
stationary front and a model depiction of winds.

Since cold fronts can be associated with cloudiness
and deep mixing and warm fronts with cloudiness,
there was some perplexity by researchers of the cause
of the high ozone. Studies, including aircraft investiga-
tions, were carried out over several years by SOS and
Texas investigators to examine why stationary fronts
might be conducive to high concentrations. Modeling
studies indicated that light winds in and near the actual
front lead to a zone of poor dilution, leading to
a buildup of precursors and ultimately ozone. By the
very nature of opposing flows on either side of the
stationary frontal zones, winds by necessity must go

to zero across the front. As the cold front stalls, this
area of light winds broadens. Figure 8 shows the evolu-
tion of a cold frontal transition to a stationary front. It
can be seen that as the front stalls, a broad area of light
winds develops. As seen in the figure, this produces
higher temperatures as mixing and ventilation are
reduced near the front. This is in part due to relatively
low levels of cloudiness north of the front. As the front
stalls, the flow regime transitions from a convergent
flow pattern to a deformed flow pattern (see Hess
1959). In a deformed flow pattern, there is little con-
vergence to provide lifting and cloud formation. Thus,
heating and photochemical production can be high.
Additionally, in examining two-dimensional cross-
sections through a front, it was deduced that the slop-
ing frontal inversion extending to the north side of the
front inhibits boundary layer growth. This caps pollu-
tants in a relatively shallow boundary layer. Finally, the
very nature of a stationary front means that movement
of the front back and forth can lead to short and even
circular trajectories leading to a buildup of ozone.

Because of the importance of stationary fronts to
regulatory design periods, special aircraft measure-
ments were made across stationary front as part of
the TEXAQS 2006 (McNider et al. 2008). Figure 9
shows a horizontal plot of aircraft observed ozone.
Measurements indicated that precursors and ozone
increased in the area north of the front confirming
the stationary front hypotheses mentioned previously.

Modeling of design periods of stationary fronts for
regulatory actions has been problematic. Modeling sys-
tems such as MM5 and WRF can capture the character-
istics (low wind speeds, high temperatures, frontal
inversion capping) that lead to high concentrations.
However, the ability for the large-scale initialization to
locate the position of front accurately is difficult. This is
in part because analyses, using rawinsonde data (in four-
dimensional data assimilation) are often too coarse to
identify the location of the front. Even small position
changes in the front can alter spatial ozone levels.

Including large-scale structure – use of four-
dimensional data assimilation

Initially, large-scale meteorology was incorporated
through initial conditions on the fine-scale model grid
and updated through boundary conditions for the fore-
cast period in the same way finer scale weather forecast
models are run. As noted in the introduction, for many
regulatory actions, air quality models are used in
a retrospective mode, attempting to recreate past air
quality episodes. This provides an opportunity to use
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observed data (surface, upper air and special observa-
tions) to improve model performance. Meteorological
models run at high-resolution need to assimilate lar-
gescale (synoptic) observations to avoid forecast drift
(Stauffer and Seaman 1990, 1994; Stauffer, Seaman, and
Binkowski 1991; Shafran, Seaman, and Gayno 2000)
and yet not degrade the mesoscale structure and local
boundary layer characteristics important to air quality
simulations (Appel 2014; Shafran, Seaman, and Gayno
2000). However, data assimilation can also include
observations that capture scales not resolved in the
grid models (Barna and Lamb 2000; Scire, Insley, and
Yamartino 1990; Umeda and Martien 2002).

Two different major approaches covered under the
name of Four-Dimensional Data Assimilation (FDDA)
have been used. See Seaman (2000) for a detailed
review. The first approach, which has been incorpo-
rated largely by the weather forecast community, is
variational analyses. Here, using mathematical optimi-
zation techniques, the model field is minimally adjusted

to agree with an observational analysis. Today, this
includes both three-dimensional (spatial −3DVAR) var-
iation (Kalnay 2003) as well as four-dimensional varia-
tion (including time −4DVAR) to adjust the model
field. However, as discussed by Seaman (2000), in the
air quality community FDDA has largely been based on
Newtonian relaxation nudging (Hoke and Anthes 1976;
Stauffer and Seaman 1990). Here, model variables are
nudged over time to agree either with point observa-
tions using a radius of influence or with an analysis
field. Early FDDA strategies (Stauffer and Seaman
1990) employed a nudging coefficient on the order of
the Coriolis force (10−4s−1) to capture the synoptic scale
features but not to significantly dampen the mesoscale
structure.

Umeda and Martien (2002) employed a different
technique that included spatial and temporal nudging
weights. This provided larger nudging near the bound-
aries but less in the interior where it was felt model-
resolved mesoscale structure should be maintained.

Figure 7. The Dallas ozone event discussed in the text evolved over several days – August 2–5. (left) Depiction of ozone
observations in East Texas at 14:00 LST August 3– 4 1999 and the analyzed stationary front position. (Right) MM5 model depiction
of surface winds for August 3–4, 1999. Wind vector length provides relative wind speeds. Wind speeds (m/s) are color coded. Figure
adapted from McNider et al. (2005).
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Figure 8. MM5 modeled evolution of a cold front to a stationary front in South Georgia August 14–15,1999. High ozone levels
(above hourly values above 35 ppm) occurred in Macon, Georgia during this period. The left panel shows substantial winds from the
northwest pushing front south. The right panel shows the flow is now more parallel to front leading to a stationary front. Winds are
light in a broad area north of the front as it becomes stationary. Notice that higher temperatures north of frontal zone associated
with light winds and clear skies. Temperatures are color coded on right legend.

Figure 9. Depiction of Baylor aircraft measurement of ozone across a stationary front near Dallas on August 22, 2006. It shows that
ozone is highest just north of the front. Aircraft wind speeds also dropped by a couple of meters/sec crossing the front. Adapted
from McNider et al. (2008).
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Stauffer and Bao (1993) also described a technique
which developed nudging coefficients that minimized
error. They indicated it showed promise but was sensi-
tive to minimization penalties.

While nudging generally improved model perfor-
mance (Otte 2008), there is still concern that nudging
to the large-scale analysis may adversely impact mesos-
cale structures important to air quality not resolved in
the analysis. A study by Appel (2014) used an iterative
FDDA technique in which an initial large-scale analysis
used in the FDDA nudging is replaced by a second
nudging field produced by the initial fine scale simula-
tion. The Appel (2014) study was trying to capture the
fine-scale details of the Chesapeake Bay area.

Appel (2014) noted that the use of the larger-scale
analyses produced a poor model performance for finer
scale simulations (4-km and 1-km). In addition, soil
moisture and temperature data assimilation were ineffec-
tive at the finer scales due to the inconsistencies of the
NAM-12 analysis with the higher resolution geography,
terrain, land use and soil data. In their iterative approach,
the outputs from the initial finer scale simulations (4-km
and 1-km) are used in the FDDA nudging instead of the
NAM-12 analyses to produce a second iteration of WRF
simulations. Observations are fused in the first iteration’s
outputs to reduce the errors. This approach produced
significant improvements in representing the tempera-
ture gradients in the Chesapeake Bay area (Appel 2014).
However, a recent application of the Appel et al. iterative
technique to the Lake Michigan area (Odman et al. 2019)
did not show a significant improvement. This may be due
to the presence of significant mesoscale topography and
the complexity of the Chesapeake Bay land water bound-
aries compared to the Lake Michigan setting.

Alternate FDDA approaches

While Newtonian nudging has received the most usage
and attention in air quality applications, there are new
approaches that include and sometimes combine varia-
tional techniques (Huang 2009; Kalnay 2003), Extended
Kalman Filtering (EKE- Wang et al., 2008a, 2008b), and
Ensemble Kalman filtering (EnKF – Lei, Stauffer, and
Deng 2012). White (2018) in an air quality study pro-
vided background on each of these techniques. Seaman
(2000) also discussed these alternative approaches.

FDDA impact of modeling of the inertial oscillation

While an earlier section provided an understanding of
the inertial oscillation and its role in air pollutant
transport and dilution, the real issue today for regula-
tors is how well physical models such as WRF handle

the geostrophic gradients and mixing which control the
inertial oscillation. If the physical models do not ade-
quately capture the inertial oscillation, this may bias
control strategies toward more local control. Primitive
equation models such as WRF include the basic geos-
trophic adjustment processes to produce inertial oscil-
lations and low-level jets. However, the magnitude of
the inertial oscillations depend on parametrized pro-
cesses such as turbulent mixing schemes and land use
characteristics. As noted above, the nighttime boundary
layer is especially problematic. Additionally, nudging
strategies in models can greatly impact the inertial
oscillation and the low-level jet. The case in Figure 6A
for Houston was a free forecast run and did not include
FDDA. Mass and Ovens (2010, 2011) as well as Jiménez
and Dudhia (2012) also discuss a continuing problem
of over prediction of surface winds especially at night
that exists in most versions of WRF. Ngan et al. (2013),
Lee et al. (2014), and Qin et al. (2019), in air pollution
studies found over prediction at the surface at night but
not aloft. However, Hu et al. (2012) for Maryland,
Storm et al. (2008) for Central Texas, and McNider
et al. (2017) for Houston showed inertial oscillation
winds were underestimated in models.

As noted above, the inertial oscillation is a mesoscale
temporal feature. There are also terrain effects/land use
effects that are not resolved in coarse grid studies (see
above the discussion in Seaman et al. 2012). Evaluating
model winds is difficult using traditional paired in space
and time statistics, in that transient wave motions with
frequencies ½ hour to several hours can produce offsets in
speeds and directions that can impact paired in space and
time statistics. To avoid this issue, Gupta et al. (1997)
developed a unique Fourier analysis technique, which
evaluates how well the model captures particular wave
periods as a function of height. Figure 10 shows an exam-
ple of this technique for the Nashville SOS 1995 intensive.
The inertial oscillation period for Nashville is close to the
diurnal period. The figure shows that most of the wind
energy is at synoptic time periods (4–5 days or 96–120 h)
and models do a good job at capturing the synoptic
motions in that the peak and shape of the model and
observed spectra agree. However, the observed radar pro-
filer data show that there is much greater energy in the
inertial/diurnal wave periods than captured by the MM5
model (predecessor to WRF) for a simulation performed
by EPA. In addition, there is perhaps unresolved energy at
higher frequencies.

The smaller modeled energy at the inertial period
may also be due to FDDA strategies such as mentioned
above. Rawinsonde times (00UTC and 12UTC) in the
U.S. Eastern and Central U.S. correspond roughly to
sunset and sunrise. Thus, as described by Shafran,
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Seaman, and Gayno (2000) and Godowitch, Gilliam,
and Rao (2011), rawinsondes are not likely to resolve
low-level jets. In the absence of other data or model
input to the analysis, the low-level jet may not be
captured in the larger scale analysis. Thus, nudging to
observational analyses may remove or reduce the
strength of the low-level jet (Shafran, Seaman, and
Gayno 2000; Zhang et al. 2001). The particular case in
Figure 10 was based on the nudging strategy used by
EPA at that time, in that nudging was carried out above
the boundary layer. Gilliam, Godowitch, and Rao
(2012) showed that because the nighttime boundary
layer is so shallow, nudging can impact winds in the
area where the LLJ develops.

To explicitly examine the impact of nudging strate-
gies on the LLJ, a Lake Michigan centered WRF simu-
lation was carried out for the month of June 2011. See
Odman et al. (2019) for details. A simulation was
carried out with nudging above the boundary layer
and a second simulation where nudging was only
applied above 2 km. Surface wind speed statistics were
slightly improved when nudging was applied above the
boundary layer compared to only nudging above 2 km.

Points were selected in the Midwest for locations
where the NOAA operational profiler network had
observations to examine the development of the low-
level jet under both nudging strategies. Figure 11 shows
that for the cases with no nudging in the boundary
layer (but nudging above the boundary layer) the LLJ
generally does not develop or is extremely weak. For
the case where nudging is not applied below 2 km,
a significant low-level jet develops. This illustrates the
specific impact of FDDA in maintaining the LLJ.
Odman et al. noted that a lower cutoff than 2 km
might have been a better choice to maintain better
winds between 1 and 2 km. Gilliam, Godowitch, and
Rao (2012) in a comprehensive analysis of WRF model
general wind performance, compared model to non-
traditional profiler and radar winds. They showed that
nudging above the boundary layer in the region of the
low-level jet degraded model performance but did not
emphasize the details of the jet under nudging strate-
gies. Gilliam, Godowitch, and Rao (2012) also showed
that assimilating the profiler and winds above the day-
time convective boundary layer also improved wind
performance in the convective boundary layer.

Figure 10. Comparison of spectral wind energy between observed wind profiler data and MM5 model spectra for Nashville 1995
simulations (see Gupta et al. (1997) for a description). The MM5 model was run by EPA and is different from the one-dimensional
model used in Gupta 1997. The individual lines show the spectral intensities at a given height. Constants are added to the energy
spectra amplitude at successive heights to separate them on the graph. The corresponding height of a spectrum can be read from
the left axis. Note that model spectra on the left does a good job of replicating the synoptic scale energy (4–5 day or 96 to 120-h
wave period) compared to the profiler observed on the right. As expected the synoptic spectral energy increases with height as
synoptic waves have larger amplitude higher in the troposphere. But the model underestimates the diurnal/inertial period energy at
the 24-h wave period compared to observations. As noted, this may be due to the nudging above the nocturnal boundary layer
which is damping the diurnal/inertial energy. The noise above 2–3 km in the observation may be measurement error.
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In Odman et al. (2019), in addition to the meteor-
ological analysis, the CMAQ simulations were also per-
formed for the two nudging cases to examine air quality
impacts. The description of the CMAQ model config-
uration is given in Odman et al. (2019) and Qin et al.
(2019). The emission scenario and CMAQ configura-
tion were set as the same in the two nudging cases.

Figure 12 shows the difference in the ozone mean
bias between the two model nudging cases. It shows

that the case with nudging only above the 19th layer
(~2 km) improves the model performance over much
of the eastern U.S. and especially in the Midwest. Note
the performance is especially improved along the per-
iphery of Lake Michigan.

As noted above, the low-level jet appears to be
a significant factor in exporting both ozone andprecursors
overnight out of source areas. But, is it an important issue
for regulators? Models have consistently underestimated

Figure 11. Model and observed wind profiles for a WRF model simulation around the Great Lakes for June 2011. The station
identifiers are for the NOAA operational profiler network. (A) WNCI2 (Western Illinois) with left panel at 0300 UTC (2100 LST)
17 June 2011 and right panel at 0600 UTC (0000 LST) 4 July 2011, (B) WLCI3 (Northern Indiana) with left panel at 0400 UTC (2200
LST) 17 June 2011 and right panel at 0900 UTC (0300 LST) 24 July 2011, and (C) BLRW3 (Southwest Wisconsin) with left panel at
0400 UTC (2200 LST) 17 June 2011 and right panel at 1000 UTC (0400 LST) 29 June 2011. Black solid line is for nudging above PBL.
Black-dashed line is for nudging only above 2 km. Blue solid lines are profiler observations. From Odman et al. (2019). The nocturnal
boundary layer height is approximately just below the nose of the jet.
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NO2 column values in rural areas and overestimated NO2

columns in urban areas compared to satellite columnNO2

(see Canty et al. 2015; Castellanos et al. 2011; Goldberg
et al. 2017; Kuhlmann et al. 2015). Canty et al. (2015)
concluded that the CMAQ model may underestimate
the interstate transport of NOx and/or NO reservoirs.
Under-stating the LLJ, which may provide the main
export of pollutants out urban under light winds (such
as the Texas case above), would be consistent with this
finding. Goldberg et al. (2017) found similar problems in
CMAQ with under-estimates of rural NO2 and over-
estimates of urban NO2. Goldberg et al. (2017) did not
mention under-estimation of transport and attributed the
problem to emissions and chemical mechanisms.
However, the underestimate of transport in the model
probably cannot be discounted.

More research is needed to understand the importance
of the LLJ to these issues and impact on control strategies.
We believe this is a component that should be of interest to
the air quality research and regulatory community since it
addresses a keymodel discrepancy issue. Itmay also impact
background values in urban control strategy evaluations.
Also, without the LLJ and export of ozone and precursors
out of urban areas, it may make local emission reductions
appear to be more effective than they may really be.

Land surface modeling and water surface
specification

Land surface temperatures are largely controlled by solar
energy input and the characteristics of the land surface,

which partition outgoing energy into sensible and eva-
porative fluxes (Sellers et al. 1997; Wetzel, Atlas, and
Woodward 1984) and to the thermal inertia of the land
surface (Carlson 1986; McNider et al. 2005). Aside from
its impact on temperature, the partitioning of solar energy
into evaporative fluxes from vegetation is also critical for
air quality since stomatal uptake of ozone is one of the
major loss terms in the ozone budget (Pleim et al. 2001).

Because of the importance of the characteristics of
the land surface, there has been tremendous investment
by the climate, weather forecasting and air quality com-
munities in land surface research. Much of this invest-
ment has gone into developing complex land-surface
models, which include many intricate parameteriza-
tions that attempt to capture processes such as plant
transpiration rates, leaf water interception, soil moist-
ure and run-off, and parameterizations, which control
thermal and water transfer through canopies and soils
(Pitman 2003; Sellers et al. 1997). Thus, these models
require additional parameter specifications to close the
model systems.

The use of satellite data (with observations such as
greenness and albedo) has greatly improved the classifica-
tion of the surface. However, land surface models inWRF
(Chen and Dudhia 2001) do not use land use classifica-
tions directly. Rather, they use physical parameters such
as roughness, heat capacity, canopy thermal and water
resistances, soil conductivity for water and heat, etc. that
are associated with the land use classes. Thus, in models,
such as the WRF-Noah land use model, there are lookup
tables that define these land use associated parameters
(Niu et al. 2011).

Figure 12. Change in ozone mean bias between the nudging above the boundary layer and nudging only above 2 km for the
June 2011 case. Note improvement in the Midwest and around Lake Michigan from Odman et al. (2019).
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Unfortunately, the specification of some of these
physical parameters is difficult even in homogeneous
land use classes (Rosero et al. 2009). For example, the
rate of temperature change in vegetation is controlled
by plant transpiration and evaporation through water
resistance parameters and by the canopy thermal resis-
tance. Thermal resistance depends on the heat capacity
of the canopy and the thermal conductivity through the
canopy (Noilhan and Planton 1989). The water resis-
tance depends on root zone moisture, the phenological
state of the plant – leaf area, shaded leaf area, etc. Field
campaigns using tower measurements are usually con-
ducted to try to establish these parameters. However, in
effect, many of the parameters or processes have to be
deduced as residuals in local canopy models, which are
tied to specific turbulence and radiative models (Pleim
and Gilliam 2009; Yang and Friedl 2003). Thus, the
parameters are often model heuristics (short-cuts to
avoid complex calculations) as opposed to fundamental
observables (Wagener and Gupta 2005), which is the
reason a parameter such as canopy thermal resistance
can vary by three orders of magnitude in different
models (Pleim and Gilliam 2009). In inhomogeneous
grid boxes, which make up the real world, the situation
is even more difficult in terms of defining parameters
(McNider et al. 2005).

The development of complex land-surface models
mentioned above was consistent with the need in the
climate modeling community for surface models that
could be run for years without being influenced by
observed data. Thus, they needed vegetative surface inter-
action, water balance models, etc. that could be run for
long periods without being touched by data. However,
Diak (1990), McNider et al. (1994), Anderson et al. (1997)
and others argued that for short-term weather forecasting
and for retrospective air quality simulations (McNider
et al. 1998a; Pleim and Xiu 2003), simpler models that
could be constrained by observations might be preferred.
The simple models avoid setting many uncertain para-
meters in the complex models.

Pleim and Xiu (2003) recognized the uncertainty in soil
moisture and developed an innovative technique that used
the daytime differences between observed analyses and
model values of 2-m temperatures and 2-m surface relative
humidity to adjust soil moisture. Additionally, Pleim and
Gilliam (2009) used nighttime differences between model
and NWS observed data to adjust another non-observed
parameter – deep soil temperature in the land surface
scheme. These techniques have shown to improve model
performance in both EPA studies (Gilliam and Pleim 2010)
and external studies (Fovell 2013). Figure 13 shows exam-
ples of the impact of NWS assimilation and satellite assim-
ilation (see below) into the Pleim-Xiu-Gilliam scheme

during September 2013 for a domain centered on the
Great Lakes (see McNider et al. 2018). It shows that the
NWS adjustment scheme improves the 2-m temperature
bias.

However, NWS observation sites are relatively
coarse (60–80 km versus grid resolutions 4–12 km)
and may not capture actual land use gradients. Diak
(1990), Anderson et al. (1997), McNider et al. (1994),
and McNider et al. (2005) showed that satellite obser-
vations have the potential to recover unobserved land
use parameters that standard surface observations can-
not resolve. McNider et al. (2018) incorporated satellite
observations into the Pleim-Xiu land surface model.
A series of model experiments on a 12-km resolution
national domain were carried out, employing satellite
assimilation techniques for a month-long period
(September 2013). Details on the satellite data sets
and sequential inclusion of different satellite assimila-
tion components are provided in McNider et al. (2018).
The satellite data included a satellite insolation product
(McNider, Norris, and Song 1995), a satellite vegetative
greenness (a composite property of leaf area, chloro-
phyll and canopy structure) product (Case et al. 2014)
similar to Ran et al. (2016), and satellite-derived skin
temperature. The technique employed a morning satel-
lite skin temperature for moisture adjustment similar to
the Pleim-Xiu NWS adjustment, and nighttime satellite
skin temperature for surface heat capacity similar to the
Pleim and Gilliam (2009) deep soil temperature adjust-
ment. Here, we provide in Figure 13 the impact of the
satellite assimilation on temperatures in the Great
Lakes Region compared to the NWS assimilation.

Figure 13 top shows the result of the satellite assim-
ilation as compared to NWS observations. The results
show that the improvement in daytime performance is
very close to that of the Pleim-Xiu-Gilliam soil moist-
ure NWS-based adjustment scheme. However, the
satellite heat capacity adjustment does not correct
nighttime temperatures as much as the Pleim-Gilliam
deep temperature scheme.

Water surface specification

While the above discussion has focused on land surface
modeling, lower boundary conditions especially over water
can also be important in regional air quality simulations.
Also, reduced deposition velocities especially for ozone and
precursors over water can be important relative to deposi-
tion over land (Qin et al. 2019).

In air quality work, almost all modeling has used
fixed boundary conditions over water for temperature
based on external analyses with temperature-dependent
saturation conditions used for humidity. NOAA or
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NASA generally provides these temperature analyses.
Appel (2014) initially used the temperature 12 km ana-
lysis in the NAM-12 reanalysis product but switched to
a high-resolution temperature product (https://www.
ghrsst.org/) from the Advanced Very-High Resolution
Radiometer (AVHRR) satellite which provides twice
daily composite SST measurements at 1-km grid spa-
cing. Appel et al. found that it greatly improved water
temperatures over the smaller bays and inlets in the
complex Chesapeake Bay area and improved model
performance. See Figure 14 taken from Appel (2014).

Fast and Heilman (2003) carried out a study of the
impact of water temperatures in the development of the
boundary layer and circulations over the Great Lakes and
made comparison between model and buoy tempera-
tures. More recently, McNider et al. (2018) examined
the differences in water surface temperatures and their
impact over the Great Lakes (Figure 15). For a 2009 case

study, two different water temperature analyses were
evaluated. WRF model simulations employed the stan-
dard NAM-12 SST product, which were based on the
NOAA temperature analysis product (based on Great
Lakes Environmental Research Laboratory (GLERL) SST
data set – https://www.glerl.noaa.gov/res/glcfs). A second
SST product based on MODIS satellite data (Kilpatrick
et al. 2015) was also used in WRF. First, a direct compar-
ison wasmade of the two temperature products with buoy
data. For two Lake Michigan buoys, the comparison
showed that the average buoy water temperatures were
slightly warmer than the GLERL temperatures but only
lees than about 0.5 C. The MODIS temperatures were on
average colder by about 2–3C. What was clear in the
comparison is that the observed data had about a 1–2
degree diurnal cycle in temperature that was not included
in the analyses. As discussed byMcNider et al. (2018), this
may present problems in that the lowest layer air

Figure 13. (top) Bias in surface temperature (2 m) at NWS observational sites. (bottom) Bias in skin temperature compared to
satellite skin temperatures. Blue shows the control case for the Pleim-Xiu surface scheme but without NWS or satellite nudging. Black
shows the case with soil and deep temperature nudging using NWS observations. Purple shows the case using satellite skin
temperatures to adjust soil moisture and surface heat capacity. Statistics are for September 1–30, 2013. Extracted from figures in
McNider et al. (2018).
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temperature has a physically radiative cooling diurnal
component, which may then be inconsistent with the
imposed water temperatures in the analyses.

Comparisons were also made of the WRF air tem-
perature and wind to buoy observations over the Great
Lakes using the two water temperature data sets. The

comparative analyses showed that the modeled air tem-
peratures using the GLERL water temperatures were
about 2C cooler than buoy air temperatures and air
temperature using MODIS were another 2C cooler.
This was larger than changes in air temperature due
to different PBL schemes.

Figure 14. Left, skin temperature (K) field using the NAM 12-km data. Right – skin temperature (K) field using the GHR-SST 1-km
data. From Appel (2014).

Figure 15. Time series of SST or water temperature for two Lake Michigan buoys compared to GLERL and MODIS lake temperatures
for the simulation period of 01 July to 04 September 2009. Buoy water temperature measurement is at approximately 0.6 m. The
MODIS is a skin temperature and GLERL a blended temperature. From McNider et al. (2018).
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Land use changes, urbanization and aerosols
impacting the model surface

With growing populations and migration into cities, espe-
cially in the developing world, land use change is a growing
consideration for land surface modeling. Civerolo et al.
(2000) cautioned against using historical land use for
future year air quality predictions. Additionally, aerosol
loading can also impact land surface energetics (Nair
et al. 2011; Petäjä et al. 2016). Fortunately, satellite products
for land use classification and albedo have become more
routinely available (Ran et al. 2016). In addition to land
surface energetic reductions in vegetative cover can also
impact the stomatal uptake of ozone (Wu et al. 2012).

Aerosols and climate have been a major concern
because of the cooling effect of aerosols. Xing et al.
(2015) demonstrated that coupled meteorological and air
quality could capture trends in aerosol optical depth that
impact surface radiation over long time scales and shorter
time scales (Hogrefe et al. 2015). Petäjä et al. (2016)
showed that aerosols can reduce incoming radiation inhi-
biting the growth of the PBL, which in turn increases
boundary layer pollutant concentrations. Jacobson (1998)
and Nair et al. (2011) showed that aerosols can interact
with the highly non-linear nighttime stable boundary
layer to increase mixing and the downward flux of heat,
momentum and pollutants above the SBL. These aerosol
effects can be especially important in the developing
world.

In addition to energetic impacts at the surface, aero-
sols can have an impact on photolysis rates. Jacobson
(1998) showed that aerosols can reduce boundary layer
photolysis rates and showed that impacts of aerosols in
Los Angeles simulations decreased ozone levels basin
wide by 5–8%. The photolysis impacts alone would
likely be greater since aerosols can decrease vertical
mixing through the reduction in surface energy tending
to increase concentrations. There are also chemical
pathways that are altered by aerosols (Jacobson 1998).

Model performance in predicting clouds

As discussed in the introduction, clouds can be a critical
parameter in air quality modeling. First, clouds modulate
the incoming solar radiation that controls temperature and
turbulence at the surface. Second, clouds directly impact
photochemical rates (Madronich 2016). Third, clouds
impact Biogenic Volatile Organic Carbon (BVOC) emis-
sions (Zhang et al. 2018). Fourth, clouds impact venting
out of the boundary layer into the free troposphere
(Angevine, Jiang, and Mauritsen 2010). The correct devel-
opment of clouds in space and time within numerical
meteorological models is essential for producing an

accurate representation of the physical atmosphere for
input into air quality models.

The representation of clouds in models has always been
problematic, because clouds depend on parametrizations
of cloud liquid water and ice processes. Second, even small
mesoscale circulations can change the environmental sup-
port (humidity, temperature, vertical motions) for clouds
in space and time. Third, historical operational cloud
observations are not direct in terms of fundamental
model parameters such as cloud liquid water or ice.
Recent cloud observational networks, especially in Europe
(Hogan, O’Connor, and Illingworth 2009) have begun to
provide more routine observations, though sparse in space.
More recently, surface solar radiation measurements that
integrate cloud and ice radiative effects have been used for
model evaluation (Yang et al. 2006). While surface solar
radiation is also parameterized, it directly reflects the
impact of clouds on incoming solar energy. Cloud model-
ing has improved over the last 10 years in paired in space
and time statistics. However, significant scatter between
model and observed data remain when using solar radia-
tion data as a metric (Pour-Biazar et al. 2007; White et al.
2018; Yang and Friedl 2003).

While surface measurements of solar radiation have
increased in recent years, they are still coarse relative to
standard measurements such as temperature and wind.
There are only about 230 pyranometer sites under the two
major U.S. networks (SURFRAD and SCAN networks)
compared to approximately 6000 surface meteorological
observation sites. Since geostationary satellites have the
capability to view clouds and their temporal development,
there have been methods to retrieve solar insolation from
satellite visible reflectance data (Diak and Gautier 1983;
Gautier, Diak, and Masse 1980) to provide improved
spatial information. Though satellites can visually capture
clouds through visible instrumentation channels, this
methodology is simply a measure of cloud reflectance.
Though important, this is only one aspect of clouds. In
order to convert to surface radiance (watts/m2), auxiliary
information is needed, e.g. surface albedo, instrumenta-
tion calibration, clear sky absorption, etc. Thus, satellite
insolation is still an estimate. The advent of more surface
insolation data has allowed a more stringent evaluation of
these satellite retrievals. Figure 16 shows a recent evalua-
tion of several satellite insolation products carried out
during the Discover-AQ 2013 program for
September 1–30, 2103. The scatter in these comparisons
reflects uncertainty in satellite retrieval components, but
also represent to some extent the difference between the
point pyranometer measurements and the satellite resolu-
tion of approximately 4 km for GOES insolation products.
Thus, some of the scatter is because the satellite retrieval
represents the spatial average insolation retrieved from an
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instantaneous image and the pyranometer measurement
represents some temporal average over a point thatmay or
may not be exposed to the clouds seen in the satellite
image. In total, some of the scatter represent the irreduci-
ble uncertainty in comparing point measurement to the
area-averaged quantity.

Also, shown in the right panel is a comparison of
WRF insolation to pyranometer observations. It shows
that the scatter between model and observations is
approximately 50% greater than between satellite inso-
lation and observations. The greater spread between the
model and observations represent errors in the place-
ment and timing of model clouds. In air quality mod-
eling, the representation of clouds in the meteorological
model (or in some cases re-diagnosed clouds in the
chemistry model) controls energy inputs to the surface
and photolysis rates. Thus, the satellite products pro-
vide a better measure of clouds paired in space and
time than do models.

Several investigators have attempted to assimilate the
satellite observations directly into meteorological mod-
els (Lipton and Modica 1999; Pincus et al. 2011; Yucel
et al. 2003). However, this continues to be a challenge
due to the relatively primitive cloud parameterizations
(see Bauer et al. 2011). McNider et al. (1998a) instead
used satellite insolation directly in place of meteorolo-
gical model insolation and showed improvement in
model performance. Solar insolation values were
improved by 150% compared to pyranometer measure-
ments and temperatures were improved by 3–5 C in
places where clouds were misplaced in the model.
Pour-Biazar et al. (2007) replaced model cloud reflec-
tance with satellite reflectance to calculate chemical
photolysis rates. Figure 17 shows the difference in
ozone concentration between the satellite photolysis

rates and model photolysis rates. It shows significant
differences between the two and that the satellite
photolysis improves model performance at points
where the differences exist. Tang et al. (2015) used
a similar approach within the WRF-CAMx modeling
system and demonstrated improved ozone simulation
over east Texas. Ryu et al. (2017, 2018) also corrected
the radiative impact of clouds in WRF-Chem by repla-
cing model photolysis and photosynthetically active
radiation (PAR) with the estimates based on satellite
observation and attempted to quantify model errors in
surface ozone simulations due to model cloud errors.
Ryu et al. (2018) reported that about 40% of the bias
(1–5 ppb) for maximum daily 8-h average ozone under
cloudy conditions (for their summer case study) is due
to model cloud errors. These model errors caused
hourly biases of up to 60 ppb.

As acknowledged by previous studies (Pour-Biazar
et al. 2007; Tang et al. 2015), while direct insertion of
satellite insolation or satellite reflectance can improve
the location of clouds and photochemical model per-
formance, it introduces consistency problems in that
other model cloud attributes (e.g. cloud water) no
longer exist at the same time and location as the satel-
lite observation. Thus, moist chemistry and cloud mix-
ing are misaligned. It would be better to have clouds in
the meteorological model agree better with satellite
clouds.

There have been past attempts at using satellite
data to improve model cloud performance. These
have largely followed inserting satellite-derived liquid
water into the model domain. Lipton and Modica
(1999) used GOES-7 data to adjust the model relative
humidity field in stratiform cloud areas and found
a general improvement in the model simulation (bias

Figure 16. Satellite-derived insolation products (left axis) versus pyranometer measurements (bottom axis). Units are Wm−2 (left)
NOAA GSIP satellite insolation product versus pyranometer observation. (middle) NASA-UAH Sport satellite insolation product versus
pyranometer observation. (right) WRF insolation. Black line indicates 1:1 ratio. At the top of each plot are the regression equations
and the Root Mean Square Errors (RMSE) designated by the “sigma” symbol. The sigma values are in units of W m−2. Note larger
scatter (σ = 144.2 W m−2compared to 102.6 W m−2 for GSIP satellite product) in WRF insolation which represents error in time and
place of model clouds. Developed under NASA Applied Science Air Quality Team (AQAST) activities.
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was reduced from −0.9C to 0.4C and standard error
was reduced from 1.6C to 1.4C), but only for a very
short time. In a fundamental physical sense, clouds
form where atmospheric lifting is occurring and

cloud-free areas are largely where subsidence is
occurring. If the model does not have clouds at
a location that the satellite has clouds, then you are
inserting water where there is likely subsidence.

Figure 17. Top figure shows the differences in ozone between two CMAQ runs with and without use of satellite-derived photolysis
fields (units are ppb of ozone). Note the maximum differences exceed 50 ppb. Bottom figure shows the time series of ozone
predictions from the model vs. observations at an EPA monitoring site in South Mississippi. The monitor location is approximately
denoted by the apex of the black lines Adapted from two figures in Pour-Biazar et al. (2007).
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Thus, any water inserted will likely evaporate, produ-
cing even further subsidence. This has been the pro-
blem with direct cloud water insertion or adjusting
relative humidity to saturation. Clouds formed as the
result of water insertion will not last and can make
the model worse. Yucel et al. (2003) discovered that
adjustment of the model dynamics and thermody-
namics was necessary to utilize fully the observed
cloud information within MM5. White et al. (2018)
developed a mass-consistent variational technique
(O’Brien 1970) in which lifting and subsidence are
diagnosed from satellite cloud observation. The tech-
nique is based on providing dynamical lifting or
subsidence to support cloud development or cloud
clearing. Where the satellite data indicate clouds exist
but are not in the model, the technique provides
lifting until clouds form. Where the satellite shows

clear sky but the model has clouds, the technique
provides subsidence until clouds disappear.

White et al. (2018) used a contingency table to define
an evaluation metric called the Cloud Agreement Index,
which is used below. The AI is defined as

AI ¼ Aþ Dð Þ= Aþ Bþ CþDð Þ
where A and D are categories for the number of times the
model and GOES agree on clouds and B and C are the
number of times they disagree. Table 1 defines the
categories.

The simulations were performed on 36-, 12- and
4-km grid size domains covering the Contiguous
United States, South-Southeastern U.S. and Eastern
Texas, respectively. The technique was tested over
the month of August 2006. Figure 18 shows the spa-
tial depiction of the Agreement Index. The results

Table 1. Contingency table used to derive the Index of Agreement. A, B, C and D are the
number of events falling in that category. For example A is the number of times both WRF
and GOES have the same grid to be cloudy. C is the number of times WRF says it is cloudy but
GOES shows clear. The color corresponds to the colors used in the spatial depictions of
agreement.

WRF

Cloudy Clear

G
O
ES

Cloudy A B

Clear C D

Figure 18. The spatial agreement between the model and GOES cloud fields for (A) CNTRL and (B) Cloud Assimilation on August 12,
2006 at 17 UTC for the 36-km simulation. Green represents locations where the model and GOES were clear, red is locations where
the model is cloudy and GOES is clear, orange is areas where the model is clear when GOES is cloudy, and gray is locations where
both the model and GOES were cloudy. The AI is the percentage of grids within the domain that are in agreement with GOES. From
White et al. (2018).
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indicated that the assimilation technique significantly
improved the agreement between the model-predicted
and GOES-derived cloud fields. The daily average
percentage increase in the cloud AI was determined
to be 14.02%, 11.29% and 4.96% for the 36-, 12- and
4-km domains, respectively. This was accomplished
without degrading and in some cases improving the
model performance with respect to surface wind
speed, temperature and mixing ratio, which are
important parameters for air quality applications.
The cloud assimilation decreased the bias between
pyranometer observations and the model at every
location.

The GOES cloud assimilation improves surface solar
radiation, which is important for energy into land sur-
face. In comparing model insolation with and without
satellite data, the case using GOES observation reduced
the bias in insolation measured at pyranometers around
the country. This also would improve the specification of
photolysis rates and solar forcing of biogenic emissions.

Biogenic emissions are dependent on photosyntheti-
cally active radiation (PAR) and temperature. Clouds
suppress PAR and temperature so their paired in space
and time behavior are critical for biogenic emission rates.
Pinker and Laszlo (1992) recognized the importance of
PAR to biophysical systems and developed products to
serve the air quality and agricultural communities.
Standard calculations in models such as WRF-CMAQ
use a fixed conversion factor of 0.5 to recover PAR from

the WRF insolation field. PAR generally relates to solar
insolation, but the narrower wavelength bands for PAR
are more affected by solar angle and atmospheric path
length. Pour-Biazar et al. (2015) developed a correction
factor to convert solar insolation to PAR based on solar
zenith angle and cloud optical depth.

Zhang et al. (2018) carried out experiments to exam-
ine the impact of different PAR products on biogenic
emissions within the MEGAN biogenic emission model
(for a study in Texas). Figure 19 shows the comparisons
of recovered PAR from three different techniques with
observed PAR. The three cases are (1) the WRF default
case where PAR is recovered using a constant correc-
tion factor (0.5) to recover PAR from model-predicted
insolation fields; (2) the assimilation of GOES clouds
into WRF described above by White et al. (2018) and
(3) the direct use of GOES insolation using the Pour-
Biazar et al. (2015) correction factor. It shows that the
GOES cloud assimilation case and the direct use of
GOES retrieved PAR produce a better agreement with
observations. At some locations, correlations were
improved by 0.1 and mean bias by 25%. However, in
using the three PAR products in MEGAN there was less
clear agreement on which produced the better air qual-
ity impacts. This may be due to the fact that while the
use of satellite-derived PAR resulted in 20% reduction
in isoprene emission rate (and 5% reduction in terpene
emission rate), the reduction was not large enough to
offset model overestimation due to other compensating

Figure 19. Correlation and mean normalized bias (NMB) at TCEQ sites for photosynthetically active radiation (PAR). Observations of
PAR at these sites are compared with model estimates simulated by the (left) WRF base case (middle) WRF with assimilated clouds,
and direct estimates from (right) UAH GOES retrievals. From Zhang et al. (2018).
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errors in MEGAN (and also lack of direct VOC
measurements).

Ryu et al. (2018) indicated that in their study photolysis
rate had a larger impact on surface ozone than BVOC
emissions (80% on average). They concluded that the
contribution of BVOC emissions to O3 can be important
in areas with high NOx source and low VOC (VOC-
limited regimes) that even small increases in VOC has
a great impact on ozone production (e.g., cities of the
southeastern U.S.)

Further thoughts

Since acid rain and ozone concerns in the late 1970s
brought gridded meteorological modeling as a tool to
the air quality community, there has been a consistent
improvement in models and techniques. The above
review attempts to capture these improvements and
continual challenges for the future. However, it cannot
cover all the actions that have improved models or
the advances in observations and model evaluation
techniques.

There has been a considerable improvement in the
quality and tools for incorporating both traditional
observations and new tools such as satellite data and
profiler data for retrospective studies. However, as
community models such as WRF have become
a mainstay, there are now literally hundreds of options
available for selection. It would seem that there is
a community need to evaluate and recommend sets of
options that provide important performance measures.
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