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ABSTRACT

Regulatory and scientific applications of photochemical models are typically evaluated by comparing
model estimates to measured values. It is important to compare quantitative model performance metrics
to a benchmark or other studies to provide confidence in the modeling results. Since strict model
performance guidelines may not be appropriate for many applications, model evaluations presented in
recent literature have been compiled to provide a general assessment of model performance over a broad
range of modeling systems, modeling periods, intended use, and spatial scales. Operational model
performance is compiled for ozone, total PM, 5, speciated PM5 5, and wet deposition of sulfate, nitrate,
ammonium, and mercury. The common features of the model performance compiled from literature are
photochemical models that have been applied over the United States or Canada and use modeling
platforms intended to generally support research, regulatory or forecasting applications. A total of 69
peer-reviewed articles which include operational model evaluations and were published between 2006
and March 2012 are compiled to summarize typical model performance. The range of reported perfor-
mance is presented in graphical and tabular form to provide context for operational performance
evaluation of future photochemical model applications. In addition, recommendations are provided
regarding which performance metrics are most useful for comparing model applications and the best
approaches to match model estimates and observations in time and space for the purposes of metric
aggregations.

Published by Elsevier Ltd.

1. Introduction

pollution control scenarios by state and local governments, devel-
opment of national air pollution rules, forecasting of air quality for

Eulerian photochemical models implement numeric algorithms
to predict air pollutant concentrations and deposition on local to
continental scales. These models calculate the effects of emissions,
transport, chemistry, particle physics, and deposition to estimate
concentrations of air pollutants in space and time. Photochemical
models are applied for a range of purposes such as evaluation of air
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public health and safety, investigations of scientific questions about
atmospheric chemistry and physics, and research on the health
effects of air pollution. All of these applications require credible
science and acceptable model performance.

Regulating agencies must demonstrate that the modeling plat-
form used to support potential control implementation compares
well with observations. However, there is no strict guideline for
model performance given the large variability in model applications
and intended uses (United States Environmental Protection Agency,
2007). Operational performance evaluation is the most common
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approach to compare model estimates to the corresponding
measured pollutant concentrations. Diagnostic evaluations investi-
gate specific model processes frequently using specialized measure-
ments and modeling tools such as process analysis and the direct
decoupled method which isolate and track the affects of individual
chemical and physical processes. Dynamic evaluations look at model
response to perturbations of the inputs such as the predicted relative
change in ozone resulting from the reduction of nitrogen oxide (NOy)
emissions (Napelenok et al., 2011). Diagnostic and dynamic evalua-
tions provide useful insight into model formulation and parameter-
ization, whereas operational performance evaluations against
measurements taken at routine monitor networks provide more
broadly contextual information for comparison with new modeling
applications (Hogrefe et al., 2008).

Modeling studies for regulatory purposes need to provide
context about how well that modeling application compares to
measured values in relation to other independent studies. This
builds confidence that the modeling study appropriately captures
processes which lead to high pollution episodes and thus is a reli-
able tool to support pollution control strategy development.
Currently, there is no article in the peer-reviewed literature that
summarizes model performance for ozone, speciated PM;5, and
wet deposition from recently published studies that could provide
a useful benchmark against which regulatory modelers can gauge
their model performance. Model performance reviews for specific
pollutants have been published in the past. An ozone model
performance review paper (Tesche, 1988) similarly compiles ozone
photochemical model performance from studies up through the
1980s. While the performance metrics reported in previous
decades may fall within ranges presented in this review paper,
the recommendation from that era are not relevant today given
the increasing complexity in photochemical model chemistry and
physics, domain size and resolution, configuration options, and
length of application.

This work presents a compilation of operational model eval-
uations for ozone, PM, 5, and wet deposition of sulfate, nitrate,
ammonium, and mercury based on model evaluations published
in peer reviewed journals between 2006 and March 2012. While
operational model performance metrics are simple to estimate,
the literature review revealed a general tendency by researchers
to provide little detail regarding fundamental assumptions made
for aggregate metric calculations. In addition, this review
uncovered a general lack of consistency in evaluation method-
ologies hindering our ability to compile a complete summary of
comparable evaluation results. Consequently this study also
presents recommendations for operational model performance
evaluation and reporting so that future studies can provide
a clearer picture of the state-of-the-science in air-quality model
performance.

2. Methods

A total of 69 peer-reviewed articles published between 2006
and March 2012 have been compiled. These studies report quan-
tifiable metrics from operational evaluations of regional photo-
chemical models applied over some portion of the United States or
Canada. Data from studies that reported results in graphical form
only were not included in this review unless metrics could be
quantitatively determined from these graphs. Statistical metrics are
compiled on model performance for both ambient pollutant
concentrations and wet deposition mass. Table 1 summarizes the
general characteristics of the studies identified in this synthesis.
Many studies reported multiple values for various performance
metrics of a specific pollutant. When these values came from
separate model simulations or were separated by season or region

of the country, they were included as separate data points in our
review. When separate performance metrics were reported for the
same model simulation but for different monitoring networks, for
different sites within a small region, or for different days within
a season, the best reported model performance is used in this
analysis.

The studies compiled for this project present a variety of model
performance metrics: mean bias/error (MB/ME), root mean square
error (RMSE), mean normalized bias/error (MNB/MNE), normalized
mean bias/error (NMB/NME), fractional bias/error (FB/FE), unpaired
peak accuracy (UPA), index of agreement (IofA), and the coefficient
of determination (r%). Table 2 shows the formulas for calculating
each statistical metric summarized in this paper. Metrics given in
the same units as the measurements (absolute metrics) are MB, ME,
and RMSE. MB quantifies the tendency of the model to over- or
under-estimate values while ME and RMSE measure the magnitude
of the difference between modeled and observe values regardless
of whether the modeled values are higher or lower than observa-
tions. For these metrics to be meaningful, the evaluator must be
familiar with typical observed magnitudes in order to understand
whether bias and error are “large”.

One disadvantage of absolute metrics is that they make inter-
comparisons of model performance in clean and polluted envi-
ronments or across different pollutants difficult to interpret.
Consequently, a range of relative metrics are often used. These
metrics are presented either in fractional or percentage units. In
this analysis all normalized values are given as percentages. MNB,
MNE, NMB, and NME all normalize by observed values. For MNB,
the normalization is paired in space and time with the reported
bias/error while NMB first finds the mean absolute bias/error and
then normalizes this value based on the mean observed value. MNB
and MNE have the tendency to be weighted towards larger
percentages because bias/error at very small observed values is
often very large in percentage units (Boylan and Russell, 2006). This
behavior means that these metrics often do a poor job of describing
model performance in polluted conditions because they are so
heavily weighted by modeled to measured differences at low
observed values. In addition, this sometimes leads to a positive
MNB when the absolute MB is negative. NMB and NME do not
suffer from these problems. FB and FE normalize bias and error by
the average of the observed and modeled concentration. Some
researchers prefer the FB bias metric because it is symmetrical
around 0 (Boylan and Russell, 2006). The range of possible FB values
are from —200% to 200%, while the range of MNB and NMB values is
from —100% to +infinity. Therefore, anyone interpreting the MNB
or NMB metrics must understand that the magnitude of positive
values in fractional units is equivalent to one minus the inverse of
the magnitude of negative values in fractional units. For instance
a factor of ten over-prediction leads to a NMB = 1000% (10 in
fractional units) while a factor of ten under-prediction leads to
a NMB = —90% (—0.9 in fractional units). Two studies (Appel et al.,
2008; Foley et al., 2010) report median instead of mean values for
bias, error, and normalized bias and error. Since only two studies
used median values, reported MdnB, MdnE, NMdnB, and NMdnE
values are grouped with MB, ME, NMB, and NME values.

Metrics such as IofA, r, and 2 provide a sense of the strength of
relationship between model estimates and observations that have
been paired in time and space. The coefficient of determination (r?)
is 1 when modeled estimates and observations have a perfect linear
relationship and 0 where no linear relationship exists. The coeffi-
cient of determination can be physically interpreted as indicating
the portion of variability in the model prediction which can be
accounted for by variability in the observed values. The correlation
coefficient (r) does not have the same strict operational interpre-
tation as the coefficient of determination but is often used because
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Table 1
Summary of operational evaluation studies included in this review.
Reference Models evaluated Pollutants evaluated Seasons evaluated Regions evaluated
(Appel et al., 2007) CMAQ Ozone (8-h max) Summer Eastern US
(Appel et al., 2008) CMAQ PM, 5, ammonium, nitric acid, nitrate, Annual, summer Eastern US
TNO3, sulfate, OC, EC, TC
(Appel et al., 2010) CMAQ Ozone, ozone (8-h max), PMjy s, Summer, winter Eastern US

ammonium wetdep,
nitrate, TNOs, nitrate wetdep, sulfate,
sulfate wetdep, TC

(Appel et al.,, 2011) CMAQ Ammonium wetdep, nitrate wetdep, Annual, fall, spring, Eastern US,
sulfate wetdep summer, winter North America
(Arnold and Dennis, 2006) CMAQ Ozone (1-h max) Summer Southeast US
(Baker and Scheff, 2007) CAMx Ammonia, ammonium, nitric acid, nitrate, Annual Midwest
TNO3, SO,, sulfate, TSO4
(Baker and Scheff, 2008) CAMX Ammonia wetdep, nitrate wetdep, sulfate wetdep Fall, spring, Midwest
summer, winter
(Baker and Bash, 2012) CAMx, CMAQ Total Hg wetdep Annual, fall, spring, Eastern US, Western US
summer, winter
(Bullock et al., 2009) CMAQ, REMSAD, Total Hg wetdep Annual Continental US
TEAM
(Byun et al., 2007) CAMx, CMAQ Ozone Summer Houston area
(Carlton and Baker, 2011) CMAQ Formaldehyde, isoprene Summer Midwest
(Chen et al., 2008) CMAQ Ozone (8-h max), PM; 5, ammonium, Summer/fall, Pacific Northwest
nitrate, sulfate, OC, EC summer
(Cho et al., 2009) AURAMS Sulfate Fall Edmonton Canada
(Eder and Yu, 2006) CMAQ Ozone (1-h max), ozone (8-h max), PM; s, Annual North America
ammonium, nitrate, sulfate, OC, EC
(Eder et al., 2006) CMAQ Ozone (8-h max) Summer California, Lower

Midwest, Northeastern
US, Pacific Northwest,
Rocky Mountains,
southeast US,
Upper Midwest
(Eder et al., 2009) CMAQ Ozone (8-h max) Summer North America
(Foley et al., 2010) CMAQ Ozone (8-h max), PM, .5, ammonium, Winter, summer Eastern US
ammonium wetdep,
nitrate, TNOs, nitrate wetdep, sulfate, sulfate
wetdep, OC, EC, TC, PMother

(Gaydos et al., 2007) PMCAMX Ozone, NO, NO,, PM; 5, ammonium, TNHy, Summer Eastern US, Pittsburgh
nitrate, SO, sulfate, TNO3, OC, EC, TC
(Gego et al., 2006) CMAQ, REMSAD Nitrate, sulfate Fall, spring, Central US, Great Lakes,
summer, winter Northeastern US,
Southeast US,
Western US
(Gong et al., 2006) AURAMS Ammonium, HNOs, nitrate, TNOs, SO,, Summer Eastern US
sulfate, total S
(Gorline and Lee, 2009) CMAQ PM, 5 Summer Great Lakes,

Northeastern US,
Rocky Mountains

(Grell et al., 2005) MMS5/Chem, Ozone, ozone (avg 11am—7pm), NOy, SO, Summer Northeastern US
WREF/Chem
(Hogrefe et al., 2007) CMAQ Ozone (8-h max), PM; 5 Summer, winter New York
(Hogrefe et al., 2008) CAMx, CMAQ Ozone (8-h max) Summer Northeastern US
(Hogrefe et al., 2011) CMAQ Ozone (8-h max) Summer Northeastern US
(Jin et al., 2010) CMAQ Ozone, ozone (1-h max), ozone (8-h max), Summer California
CO, NMHC, NO,
(Kang et al., 2010) CMAQ Ozone (8-h max), PM, 5 Summer, winter Lower Midwest,

Northeastern US,
Pacific coast, Rocky
Mountains, Southeast
US, Upper Midwest

(Karamchandani et al., 2006) CMAQ-MADRID, PM; 5, ammonium, HNOs, nitrate, Summer, winter Southeast US
CMAQ-MADRID-APT S0,, sulfate, OC, EC

(Kim et al., 2009) WRF/Chem NO; — column Summer North America

(Kim et al., 2010) CMAQ Ozone (8-h max) Summer Southeast US

(Lee et al., 2011) CMAQ PM; 5 Summer Central US, Eastern
US, North America,
Western US

(Lin et al., 2007) CMAQ Total Hg wetdep Summer, winter North America

(Lin et al., 2012) CMAQ Total Hg wetdep Annual North America

(Liu et al., 2010) CMAQ Ozone (1-h max), ozone (8-h max), PM; s, Summer, winter North Carolina

ammonium, ammonium
wetdep, nitrate, nitrate wetdep, sulfate,
sulfate wetdep, OM, EC
(Makar et al., 2010) AURAMS Ozone, ozone (1-h max), PM, s, PM; 5 (1-h max) Summer Canada, North
America, Ontario
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Reference

Models evaluated

Pollutants evaluated

Seasons evaluated

Regions evaluated

(Marmur et al., 2009) CMAQ Ozone, CO, NO, NOy, PM; 5, ammonium, HNO3, Annual Southeast US
nitrate, SO, sulfate, SOIL, OC, EC

(Misenis and Zhang, 2010) WRF/Chem Ozone, CO, NO, NO,, PM; 5 Summer Houston area

(Molders et al., 2010) WRF/Chem PMjo, PM2 5 Summer Alaska

(Morris et al., 2006) CAMX, CMAQ OC, TC Summer Southeast US,
Central US, Midwest,
Northeastern US,
Western US

(Napelenok et al., 2011) CMAQ Ozone (8-h max) Summer Eastern US

(Otte, 2008) CMAQ Ozone (1-h max) Summer Eastern US

(Park et al., 2010) AURAMS PM, 5, SOIL Fall, spring, Eastern US, Western US

summer, winter
(Pun et al., 2006) CMAQ-MADRID Ozone, PM; 5, ammonium, nitrate, Summer Texas and neighboring

SO,, sulfate, OM, EC

states

(Queen and Zhang, 20083, b) CMAQ Ammonium, ammonium wetdep, nitrate, Summer, winter North Carolina
nitrate wetdep, sulfate, sulfate wetdep
(Rodriguez et al., 2009) CAMXx Ozone Annual Western US
(Rodriguez et al., 2011) CAMx Ozone, NOy, ammonia, ammonium, Annual Western US
nitrate, SO, sulfate
(Roy et al., 2007) CMAQ Ammonium, nitrate, sulfate, OC, EC, TC Spring, summer Rocky Mountains,
North America,
Western US
(Sakulyanontvittaya et al., 2008) CMAQ OM Summer North America
(Seigneur et al., 2006) TEAM Total Hg wet deposition Annual North America
(Smyth et al., 2006) CMAQ Ozone, ozone (1-h max), PM; s, Summer, winter North America
ammonium, nitrate, sulfate, OM
(Smyth et al., 2009) AURAMS, CMAQ Ozone, ozone (1-h max), ozone (1-h min), PM; 5, Summer Pacific Northwest
ammonium, nitrate, sulfate, OM, EC
(Spak and Holloway, 2009) CMAQ PM;, PM; 5, ammonium, nitrate, sulfate, OM, EC Summer North America
(Stroud et al., 2011) AURAMS OM Fall, spring, Upper Midwest
summer, winter
(Tang et al., 2011) CMAQ Ozone (8-h max), NOy Summer Eastern US
(Tarasick et al., 2007) AURAMS, CHORNOS Ozone Summer Houston area
(Tesche et al., 2006) CMAQ Ammonium, nitrate, sulfate, OC, EC Summer Eastern US,
North America
(Tong and Mauzerall, 2006) CMAQ Ozone Annual Southeast US
(Vijayaraghavan et al., 2007) CMAQ-MADRID Total Hg wet deposition Summer North America
(Vijayaraghavan et al., 2008) CMAQ-AMSTERDAM Total Hg wet deposition Summer North America
(Wu et al., 2008) CMAQ Ozone (1-h max), ozone (8-h max), Annual Continental US
PM, 5, ammonium,
nitrate, sulfate, OC, EC
(Ying et al., 2008) UCD/CIT Ozone, CO, NO, NO,, PM, 5, ammonium, Winter California
nitrate, sulfate, OC, EC
(Yu et al., 2006) CMAQ Ozone, ozone (1-h max), ozone (8-h max), Summer Northeastern US
CO, NO, NO,, NOy, PAN, SO,
(Yu et al., 2007) CMAQ Ozone, ozone (1-h max), ozone (8-h max), Summer Northeastern US,
CO, NO, NOy, SO, Eastern US
(Yu et al., 2008) CMAQ PM, 5, PM; 5 (hourly), ammonium, nitrate, Summer Eastern US
S0,, sulfate, OC, EC, TC
(Zhang et al., 2006) CMAQ Ozone, ozone (1-h max), ozone Summer North America,
(8-h max), PM;o, PM; 5, Southeast US
ammonium, nitrate, sulfate, OC, EC
(Zhang et al., 2007) CMAQ Ozone (8-h max), OC Fall, spring, Eastern US,
summer, winter Southeast US,
Western US,
North America
(Zhang et al., 2009) CMAQ Ozone (1-h max), ozone (8-h max), PM, s, Annual, fall, spring, North America

(Zhang et al., 2010)

WRF/Chem-MADRID

ammonium, ammonium

wetdep, nitrate, nitrate wetdep, sulfate,
sulfate wetdep, OC, EC

Ozone, PM; 5

summer, winter

Summer

Texas

it provides an indication of the strength of linear relationship and is
signed positive or negative based on the slope of the linear
regression. For the purpose of this synthesis, all r values were
converted to r? to increase comparability between studies. The UPA
metric is intended to measure a model’s ability to capture peak
pollutant concentrations, but does not pair the model estimates
with observations in time or space.

Performance is best when bias and error metrics approach zero
and when the coefficient of determination approaches 1. However,
as shown in Section 3.1, perfect agreement for any metric alone may
not be indicative of good model performance. Multiple metrics

must be considered when evaluating model performance. In
addition, perfect performance is not possible given that observa-
tions themselves are subject to uncertainties related to measure-
ment technique and analytical approach. Models cannot be
expected to achieve accuracy beyond the measurement uncertainty
of the instruments. It is important to know which, if any, correc-
tions have been made for measurement artifacts. For example,
PM, 5 is measured gravimetrically from Teflon filters which likely
have measurement artifacts from nitrate volatilization, organic
carbon (OC) positive artifact, OC negative artifact, and water
absorption (Frank, 2006; Simon et al., 2011). In addition, some NOy
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Table 2
Definitions of performance metrics.

Abbreviation Term Definition®
MB Mean bias 1

NZ(Mi -0i)
ME Mean error 1

NZ'MI' -0y
RMSE Root mean squared error

d S(M; — 0y
N

FB Fractional bias

100% x —Z M T O
FE Fractional error \M 0; \

100% x 72 (M. 5 0;)
NMB Normalized mean bias 100% x S (M; - 0;)

) >0
NME Normalized mean error 100% x Z\M-(; (o]
MNB Mean normalized bias 100% x 72( )
MNE Mean normalized error 100% x 72
UPA Unpaired peak accuracy 100% x (Mpeak — Opeak)
Opeak
IofA Index of agreement 1 S (M; — 0;)?
- Y(M; -0 +0;-0)* 2
Coefficient of determination —
< > (M — M) x (0, - 0)) )
VN ;- ) YN 0, - 07

monitors show interference from NO, species such as PAN and
nitric acid (Dunlea et al., 2007). If no artifact corrections have been
made then measured and modeled values may represent different
pollutant species. Finally, photochemical grid model estimates
are grid cell averages and may not always be commensurate
with observations that represent a finite space around a point
measurement.

3. Results

The 69 articles identified for this analysis used a variety of
metrics to characterize model performance for estimating ambient
concentrations and wet deposition of many different chemical
pollutants. Fig. 1 shows the frequency of use for each statistical
metric. The most commonly reported metrics are mean bias,
normalized mean bias, normalized mean error, and r/r>. Both ME
and RMSE are frequently used as non-normalized error metrics.

Figs. 2 and 3 show the frequency of evaluation of different
pollutants broken down by model and by metric. Evaluations of
eight different regional photochemical models are included in this
literature review: A Unified Regional Air-quality Modeling Systems
(AURAMS) (Zhang et al., 2002), the Comprehensive Air Quality
Model with extensions (CAMx) (ENVIRON, 2010), the Canadian
Hemispheric and Regional Ozone and NOy System (CHRONOS)
(Pudykiewicz and Koziol, 2001), the Community Multiscale Air
Quality (CMAQ) model (Foley et al., 2010), the fifth generation PSU/
NCAR Mesoscale Model coupled with Chemistry (MMS5/Chem)
(Grell et al., 2000), the Regional Modeling System for Aerosols and
Deposition (REMSAD) (SAI, 2002), the UC Davis/California Institute
of Technology (UCD/CIT) model (Kleeman and Cass, 2001), and the
Weather Research and Forecasting model coupled with Chemistry
(WRF/Chem) (Grell et al, 2005). The CHRONOS and AURAMS
models are developed by Environment Canada, CAMx and REMSAD
are developed by private companies (Environ and ICF consulting),
CMAQ is developed at the US EPA, UCD/CIT is developed at CalTech
and UC-Davis, and MM5/Chem and WRF/Chem are developed by
a team of international researchers from universities and Federal
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Fig. 1. Number of studies using various metrics in operation evaluation studies
compiled in this review.

agencies. Additional models included for mercury evaluation
include TEAM (Trace Element Analysis Model) and CMAQ deriva-
tive models CMAQ-MADRID (Model of Aerosol Dynamics, Reaction,
Ionization, and Dissolution) and CMAQ-AMSTERDAM (Advanced
Modeling System for Transport, Emissions, Reactions, and Deposi-
tion of Atmospheric Matter). Fig. 2 shows that CMAQ was the most
commonly evaluated model in the literature between 2006 and
March 2012.

Making intercomparison of model evaluation studies is chal-
lenging because studies evaluate pollutants using different time
averages, different pollutant classifications, and different metrics.

» z =
(2] (] (=] [
I
= z 5 < &
T x Q g Q o 9 8
= o < 0 = a w
5 €« I = =2 W o K
L 0 0 o = ¢ 35 %
ammonla - n
mweidep
ammomum we —
co 80
EC —
formaldehyde —
— | ]
isoprene3 —
. nitrate —|
nitrate wetdep — -
NMBS 60
NO, —
NO, - column —
NO, —|
NO, —
OoC —
OM —
ozone —|
ozone(1-hr max) — 40
ozone(1-hr min) —
ozone (8-hr max) —|
ozone (avg 11am-7pm) — [
PPIG‘N — I [
Pui: —
PMZRA1 hr ma|x§ —
ourly) —
ZFS’MZE,sc)Jlll — 20
other —
|
sulfate —
sulfate wetdep —
TC —
TNO; —
total ammonium —|
total Hg wetdep — 0
total S — . . . . ,
» X o ¢ = o EkE =
= = o < w < (3} w
é < =z = I (2] B T
(&) o &) o = o 3]
2 ['4 e w S o
< T = & x
© = 2

Fig. 2. Number of studies evaluating each paired pollutant and photochemical model.



H. Simon et al. / Atmospheric Environment 61 (2012) 124—139 129

MB
ME
RMSE
FB
FE
NMB
NME
MNB
MNE
UPA
| of A

ammonia 1 n
‘ammonium -
ammonium wetdep
CO 1 70

E
formaldehyde -
HNO;
isoprene -
nitrate 60
nitrate wetdep
NMHC
NG, |
,
NO; - column 50

NO

x

NO; -

ozone 4
ozone(1-hr max) -
ozone(1-hr min)

ozone (8—hr max)

ozone (avg 11am-7pm)

PAN A |
PM;q

|

I

25
PM, 5 (1-hr max) -
PMy 5 (hourly) 4 - 20
PM, 5 soil
PMother 4

SO, 4

sulfate

sulfate wetdep -
TC A

TNO; 4
total ammonium -
total Hg wetdep 0

total S -

MB-
ME
FBA
FE-
NMB-
NME{
MNB+
MNE 1
UPA{
| of Aq

RMSE A

Fig. 3. Number of studies reporting each performance metric for every pollutant
evaluated.

Also, these studies employed a large range of model set-ups which
include varying horizontal and vertical grid resolutions, land
surface models, planetary boundary layer schemes, chemical
mechanisms, thermodynamic partitioning modules, numerical
solvers, and others. In addition to different model parameteriza-
tions, many of the key inputs differ in these studies: initial condi-
tions, boundary conditions, meteorology and emissions. Finally,
evaluations are often performed on different temporal scales
(several day episode to multi-year) and spatial scales (urban to
continental; 1 km grid resolution to 36 km grid resolution). The
intention of this study is to present context for future photo-
chemical model performance, not to evaluate models, certain
studies, or model formulations.

3.1. Ozone

Ozone is routinely measured on an hourly basis at monitors in
several networks in the United States: EPA’s Air Quality System
(AQS) monitoring network, the SouthEastern Aerosol Research and
Characterization Study (SEARCH) network, and the Clean Air Status
Trends Network (CASTNET). In addition, surface and upper air
ozone measurements are made during special studies. Modeled
estimates are often compared to measurements at different time
scales: hourly, daily 1-h maximum and daily 8-h maximum. 1-h
daily maximum evaluations are intended to be relevant to the form
of the 1979 ozone National Ambient Air Quality Standard (NAAQS)
(a daily maximum 1-hr average of 0.12 ppm). 8-h daily maximum
evaluations are intended to be relevant to the form of the 1997 and
2008 ozone NAAQS (a daily maximum 8-h average of 0.08 ppm and
0.075 ppm respectively).

Fig. 4 shows a summary of ozone performance reported in the
identified literature. Performance for one metric cannot be directly
compared to any other metric because each metric includes
a unique subset of studies. The apparent tendency of ozone over-
estimation is largely due to the approach taken by investigators of
averaging performance metrics over high and low ozone hours and

days. Low observed ozone concentrations occur much more
frequently than high observed ozone concentrations, so metrics
calculated over all observed values are dominated by performance
at low concentrations. Studies showing ozone performance with
a minimum threshold or by bins of observed ozone concentration
show that the highest observed ozone concentrations are generally
underestimated (Foley et al., 2010).

When studies evaluate hourly ozone estimates at all hours of the
day, they aggregate day and nighttime formation and destruction
periods and may not group physically meaningful ozone concen-
trations together. Therefore, studies intended for regulatory appli-
cations should also evaluate bias and error for hourly or daily
maximum ozone when ambient concentrations are above
a minimum cutoff value or by discrete groups of observed ozone
concentration. However, very few of the studies included in this
review used such a cutoff. Out of 20 studies which reported hourly
ozone performance, only 4 evaluated ozone above a cutoff. In
addition, out of the 21 and 13 studies which reported performance
statistics for 8-h daily maximum ozone and 1-h daily maximum
ozone respectively, only one study in each case evaluated ozone
performance using a cutoff. Cutoffs used included 40 ppb (Pun
et al,, 2006; Yu et al., 2007; Zhang et al., 2006), 60 ppb (Zhang
et al.,, 2006), and 5th and 95th percentile values (Hogrefe et al.,
2011). Appel et al. (2007) and Foley et al. (2010) showed ozone
performance in 10 ppb bins of observed concentration.

To demonstrate the impact of differentiating metric estimates
based on levels of ambient concentration, we re-evaluate modeled
ozone outputs from Appel et al. (2011). Paired 8-h daily maximum
ozone observations and model predictions were aggregated over
high and low pollution episodes using no ambient concentration
cutoff, a 60 ppb cutoff, and a 75 ppb cutoff. Separate statistics were
calculated for the ozone season (May—September) of each year
between 2002 and 2006 and for four regions of the U.S.: Northeast,
Midwest, Southeast, and Central. The ranges of the statistical
metrics for 8-h daily maximum ozone among these years and
regions are shown in Table 3 (Table S1 shows this same set of
information for hourly ozone). The statistics confirm that 8-h
maximum ozone is overestimated when all data is included, but
similar to Foley et al. (2010), modeled 8-h max ozone is under-
estimated when statistics are only calculated for ambient values
above cutoffs of 60 and 75 ppb. In addition to the difference in the
direction of ozone bias for high and low ambient ozone levels, it is
clear that overall performance varies with ozone concentration. For
instance, the r? values are substantially lower for high ozone days
(between 0.05 and 0.28 for ambient 8-h max ozone above 75 ppb)
than for all days (between 0.56 and 0.73). The fractional error and
normalized mean error are lowest when a cutoff of 60 ppb is
applied indicating that the model performs best for mid-range
ambient ozone values. This analysis showed that the modeling
performed by Appel et al. (2011) demonstrates an ability to predict
ozone concentrations and variability for mid-range values but is
less skilled at capturing these characteristics on either very high or
very low ozone days. Consequently, in addition to providing
aggregate statistics about model performance across all conditions,
any model evaluation of ozone for regulatory purposes should also
focus on 8-h max ozone estimates for days when ambient
concentrations are high. Current EPA modeling guidance (United
States Environmental Protection Agency, 2007) recommends
calculating performance statistics both without a threshold and
with a 60 ppb threshold. The analysis presented here supports the
use of a 60 ppb threshold for showing performance at high
observed ozone concentrations where modeling is intended for
regulatory purposes.

Fig. 5 shows reported ozone performance by grid resolution and
indicates that mean bias, as reported in the literature, does not
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Fig. 4. Summary of ozone performance metrics reported in the evaluated modeling studies. Centerlines show median values, boxes outline the 25th and 75th percentile values and

whiskers extend to 1.5 times the interquartile range.

systematically improve at higher grid resolutions. Modeling studies
which used finer grid resolution (4 km or less) were more likely to
report under-estimation of ozone than modeling studies using
coarser grid resolution. This trend is likely due to the ways in which
models are applied at coarse and fine resolution rather than the
resolution itself. For example, model simulations conducted with
a resolution at or finer than 4 km typically simulated episodes that
ranged in length from 8 to 30 days. The typical episode length
increased to 29—120 days for simulations at resolutions coarser
than 4 km. In addition, the finer scale studies were much more
likely to focus on small areas: 76% were conducted at a local scale
(urban to state level) and 24% were conducted at a regional scale
(covering several states). Conversely, only 19% of the coarser scale
simulations were conducted on a local scale, while 35% were con-
ducted on a regional scale, and 46% were conducted on

a superregional scale (consisting of multiple regions and covering
at least half of the United States). The local scale model simulations
are often performed to capture high pollution episodes, when
models tend to be biased low. Conversely, longer simulations
covering larger regions tend to include locations and time periods
of low and mid-range ozone concentrations. Therefore, the under-
estimation of ozone in modeling using fine grid resolutions is likely
due to the shorter duration episodes with higher ozone concen-
trations that are the focus of these studies.

Many studies reported multiple performance metrics, which
gives a more complete picture of model evaluation. Scatter plots of
12 values paired with bias (MB, NMB, and FB) are shown in Fig. 6 for
8-h daily maximum ozone and in Fig. 7 for hourly ozone. Each point
represents results from a single modeling run. The comparison
using 8-h daily maximum ozone in Fig. 6 shows that many low daily
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Table 3
Performance metric distributions for 8-hr daily maximum ozone based on data from
Appel et al. (2011).

Ozone 8 h daily maximum Quantile estimate

Cut-off Metric Units n 10% 25% 50% 75% 90%
None r? 20 0.56 0.59 0.62 0.64 0.73
None MB ppb 20 1.2 1.9 29 3.8 4.4
None FB % 20 55 5.7 8.4 104 114
None NMB % 20 2.4 3.9 6.1 7.8 9.6
None RMSE  ppb 20 9.4 9.7 10.0 10.6 10.9
None ME ppb 20 73 7.5 7.8 8.1 8.5
None FE % 20 15.7 17.2 18.1 18.7 19.4
None NME % 20 14.9 16.0 17.0 17.2 18.0
60 ppb 12 20 0.17 0.21 0.29 0.36 0.41

60 ppb MB ppb 20 -861 747 -495 447 403
60 ppb FB % 20 -1390 -1088 -7.60 -7.12 —6.67
60ppb NMB % 20 1007 -694 638
60ppb RMSE ppb 20 949 961 1030 1283 13.14
60 ppb ME ppb 20 7.51 760 810 978 1041

60 ppb  FE % 20 1117 1158 1215 1438 1580
60ppb NME % 20 1068 1115 1155 1358 1458
75ppb 2 20 005 008 019 023 028
75 ppb  MB ppb 20 -145 -121 90 -83  -78
75 ppb FB % 20 -200 -158 -123 -115 -104
75ppb NMB % 20 -175 -140 -111 -103  -92
75ppb RMSE ppb 20 128 133 137 166 195
75ppb ME ppb 20 105 109 114 138 153
75 ppb  FE % 20 139 141 150 177 210
75ppb NME % 20 128 130 139 160 185

8-h maximum biases are paired with high r? values in the studies
evaluated. Two outliers shown in Fig. 6 with 12 less than 0.1 come
from the Hogrefe et al. (2011) study and represent performance of
8-h max ozone on low ozone days. Even without these two outlier
points, a trend of decreasing bias with increasing 12 is discernible
although there are some low bias points with 1 values between
0.2 and 0.4. The opposite relationship is shown in Fig. 7, where
model simulations with the lowest mean hourly ozone bias also
had very low r? values. This suggests that the low bias in hourly
ozone in these studies is a result of averaging over- and under-
estimates which does not provide a useful characterization of
the ozone over space and time. This illustrates the importance of
evaluating temporal subsets of ozone concentrations that are
likely to result from similar formation environments and the value
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Fig. 5. Reported ozone mean bias as a function of grid resolution.
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estimates.

of considering multiple metrics to create a comprehensive
understanding of model performance.

The range of reported model performance for ozone tended to
be similar across many different subcategories including evalua-
tions performed in the Eastern and Western U.S., modeling per-
formed in forecast and retrospective modes, and modeling
implemented with a variety of different chemical mechanisms or
models. While this study is not designed to isolate causes for
specific differences in model performance, it is worth noting that
a specific chemical mechanism or modeling system did not show
a pronounced improvement in ozone performance. Additional plots
showing ozone performance split out by region (Eastern US vs
Western US), spatial scale (local, regional, and superregional), and
retrospective versus forecast modeling applications are provided in
the Supplemental information.
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Fig. 7. Comparison of paired bias and r? values in modeled hourly ozone estimates.
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3.2. Particulate matter

A total of 27 studies in this review reported model performance
metrics for total PM; 5 mass and 32 studies reported performance
metrics for speciated PM; 5. These studies compared modeled PM
concentrations to measured values from the Chemical Speciation
Network (CSN) (http://www.epa.gov/cgi-bin/htmSQL/mxplorer/
query_spe.hsql), the Interagency Monitoring of Protected Visual
Environments network (IMPROVE) (http://views.cira.colostate.edu/
web/), the SouthEastern Aerosol Research and Characterization
Study (SEARCH) network, and the Clean Air Status Trends Network
(CASTNET). The CSN and IMPROVE networks provide 24-h average
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speciated PM 5 and total mass measurements every 1, 3, or 6 days
while CASTNET measures weekly average concentrations. The CSN
sites are generally located in urban areas while IMPROVE and
CASTNET sites tend to be located in national parks and rural areas.

Model performance metric distributions for PMy 5 and speci-
ated components of PM, 5 are shown in Fig. 8 and Table S2. These
illustrate how compensating errors in the contributions of chem-
ical components to total mass complicates the interpretation of
model performance for total fine PM mass. Although more studies
report negative than positive bias for each PM 5 species and total
mass, some studies compiled here do report positive bias (MB, FB,
or NMB) for every PM; 5 component. Because some species may be

Fractional Bias Normalized Mean Bias

o
WO—=15 23 5 18 2 26 26 20 n=65 32 10 27 10 39 34 31
=
o i T
O — | o T T !
=~ | fr- 2 L !
| ' !
! o !
o _| | . I
') : | : | | T
) | | - ! \
T T
- O__j_'r R T !
: BErr & - tH e
M i
) O
oo | X @ X
o ] ] . 1 o ]
"P + : L L ! + :
o ] : ] ]
1 ! 1 1
8_ " S_ : ! 4 4
| | ! . '
.I._:_ ]
. 1 ! !
1 ! !
1 ! !
o L o + +
ol ol
AN ~
1 1
LO=0098 Q9 E LO=0098 Q9 E
NO0OQWHFTT® S NO0OQWHF3TT® S
& 3ES & 3ES
w w
€ IS
€ €
® ®
Fractional Error Normalized Mean Error
o
8—n=13 13 5 16 2 25 25 18 n=56 31 10 26 9 38 33 29
s o
1 o
1 A T T
1 [ 1
3 : L I
° g1
Yo
T I I T E
! 1 T
< € ol ! 1 !
Q o o © ! L
e 2 o ! - 0 '
g T g ] Pl
| T T ! o ' QI
\ | \ T < 4L [
T | | | [
| | I 4L
o
laoe] : '
+ = Q .
\ i
i -+ 1 N ! L+
i .
.
o o
LO=0098 Q9 E LO=0098 Q9 E
NOQWHFTT® S NOQWHFTT® S
& 3ES & 3ES
w w
€ €
€ €
® ®

Fig. 8. Summary of PM performance metrics reported in the evaluated modeling studies. Centerlines show median values, boxes outline the 25th and 75th percentile values and

whiskers extend to 1.5 times the interquartile range.
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over-predicted while others are under-predicted, the evaluation of
speciated PM; 5 in addition to or in place of total mass provides
more insight into emissions sources or atmospheric processes that
are contributing to model performance.

Inter-comparison of model performance for speciated PM; 5 is
most challenging due to different pollutant classifications for
carbonaceous aerosols and the “other” category. The “other” or
“soil/crustal” category is sometimes defined using a linear combi-
nation of ions thought to be associated with crustal material with
species-specific multipliers assuming the ions are fully oxidized.
Alternatively, the “other” category is sometimes calculated as the
difference between total measured PM> 5 mass and the sum of the
major speciated constituents. The “other” category in the model is
generally made up of unspeciated primary PM, 5 since it is common
practice to split primary PM into sulfate, nitrate, OC, EC, and
“other”. Comparisons to ambient data for this second character-
ization is challenging to interpret since the type and magnitude of
measurement artifacts are different for gravimetric techniques
used to quantify total mass versus the chemical analyses used to
characterize speciated components (Frank, 2006). Given the diffi-
culty interpreting the “other” or “soil/crustal” category it is
preferential to evaluate specific component species such as silicon
or titanium when these species are treated explicitly in the
simulation.

Carbonaceous aerosol is evaluated as organic mass (OM),
organic carbon (OC), elemental carbon (EC), and/or total carbon
(TC) (OC plus EC) in various articles. These disparate pollutant
classifications limit our ability to intercompare studies. It is
important to understand how each of these components is
defined in both the model and measurements. Most monitoring
networks report values of OC while many models estimate OM.
To compare the model to measurements, an OM/OC ratio can be
used either to convert measured carbon to total mass or modeled
mass to carbon. When the former conversion is performed, it is
common practice to use a single OM/OC ratio for all measure-
ments (often 1.4 or 1.8) (Pun et al., 2006; Sakulyanontvittaya
et al., 2008; Spak and Holloway, 2009; Stroud et al., 2011) even
though many studies have shown that this ratio can vary
substantially throughout the country (El-Zanan et al., 2005;
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Frank, 2006; Malm and Hand, 2007; Simon et al., 2011; Turpin
and Lim, 2001). However, the latter conversion can be done
more accurately in models which track precursor-specific
secondary organic aerosol (SOA) species and whether OM is
aged or fresh. For example, the CMAQ model tracks 19 different
SOA species each with a species-specific OM/OC ratio (Carlton
et al.,, 2010).

The evaluation of carbonaceous aerosols is further complicated
by the fact that OC and EC are operationally defined. There are two
common measurement techniques to quantify ambient OC and EC:
thermal optical reflectance (TOR) and thermal optical trans-
mittance (TOT). OC values determined by these two techniques are
similar in magnitude (Chow et al., 2001), but EC values determined
by TOT have been reported to average about 60% less than EC values
determined by TOR (Chow et al., 2001). Ideally, the method used to
determine OC and EC emissions splits (and thus model splits for
primary TC) would be the same method used to determine OC and
EC concentrations in the ambient aerosol. Historically, the CSN used
TOT to calculate OC/EC splits, but has recently switched (between
2007 and 2009) to TOR (IMPROVE has always used TOR). One
option to provide consistency is to evaluate TC which is comparable
between the two methods. However, this approach will mask
valuable information about model performance related to physical
processes and emissions sources. Evaluating OC and EC should be
done with knowledge of the techniques being used to split OC and
EC for ambient measurements and for the emissions inventory used
in the model simulation.

Model performance for many PM species has some seasonally
consistent features across the studies included in this analysis. The
vast majority of studies evaluated PM species during summer
months, but some report metrics for other seasons. Fig. 9 shows
reported NMB values for PM; 5, sulfate, nitrate, and OC split out by
season. A common trend among all studies is that PM; 5 is over-
estimated during the winter and underestimated during the
summer. OC and nitrate overestimates contribute to the wintertime
overestimate of PM 5 total mass. Appel et al. (2008) and Foley et al.
(2010) also report that unspeciated PM, mostly consisting of crustal
material, can be substantially overestimated during the winter.
Sulfate, nitrate, and OC are all reported as having negative bias
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Fig. 9. PM NMB split out by season. Centerlines show median values, boxes outline the 25th and 75th percentile values and whiskers extend to 1.5 times the interquartile range.
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during the summer. Since nitrate concentrations tend to be low in
the summer, sulfate and OC contribute most of the summertime
PM; 5 underestimate reported in the literature. Model underesti-
mates of SOA, which is a substantial component of OC during the
summer (except during fire events), have been documented by
a large number of studies (Carlton et al., 2010; de Gouw and
Jimenez, 2009; Goldstein and Galbally, 2007; Simpson et al.,
2007; Volkamer et al., 2006).

Model performance for PM; 5 has been predominantly evaluated
in the Eastern U.S. Fig. 10 shows a comparison of reported FB values
for sulfate, nitrate, and ammonium in the East versus the West,
with the Rocky Mountains as the dividing line. Other metrics and
PM species are not shown due to lack of sufficient number of
studies in the West. Reported model performance appears to be
substantially better in the East versus the West. This result may be
due to the predominant focus of model evaluations in the Eastern
half of the US which presumably have been used to improve model
inputs and processes in that region. In addition, measured and
predicted sulfate concentrations are much lower in the West which
may lead to higher relative biases. Also, high nitrate (and organic
carbon) episodes which are related to meteorology that is specific
to certain airsheds located in relatively complex terrain in the
Western US may be difficult to fully capture in current models
(Baker et al., 2011).

Additional plots showing speciated PM, 5 performance for 6
metrics split out by grid resolution, region (Eastern US vs Western
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Fig. 11. Distribution of model performance metrics NMB, NME, FB, FE, NMdnB, and NMdnE for total wet deposition of sulfate, nitrate, and ammonium. Centerlines show median
values, boxes outline the 25th and 75th percentile values and whiskers extend to 1.5 times the interquartile range.
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US), spatial scale (local, regional, and superregional), and retro-
spective versus forecast modeling applications are provided in the
Supplemental information.

3.3. Wet deposition: sulfate, nitrate, and ammonium

The evaluation of deposition is an important compliment to the
evaluation of ambient estimates. Since deposition is a direct
function of ambient concentrations the evaluation of deposited
species can help partially explain over or under-estimates of
ambient species. Ideally, total deposition through dry and wet
processes would be evaluated for all species but only wet depo-
sition for certain species are routinely measured in the United
States. Total wet deposition of sulfate, nitrate, and ammonium are
measured as weekly totals at National Air Deposition Program
(NADP)  (http://nadp.sws.uiuc.edu/NTN/) monitor locations
(Bigelow, 1991). These observations are paired with model esti-
mates in 8 separate studies, 7 of which apply CMAQ and one
CAMXx. The version of CMAQ ranges from 4.3 to the more recent 4.7
(Table 1). Spatial scale ranges from a single State (North Carolina)
at 4 km grid resolution to regional at 12 km grid resolution and
continental at 36 km grid resolution. The number of metrics
extracted from a study ranges from 12 to 180.

Reported metrics in these studies include FB, FE, NMB, NME,
MdnB, MdnE, NMdnB, and NMdnE. The distribution of reported
NMB, NME, FB, FE, NMB, and NME metrics are shown in Fig. 11. The
quantiles of the distribution for each performance metric are
shown in Table S3 for quantitative comparison. In the studies
examined, sulfate wet deposition is slightly overestimated while
nitrate wet deposition is slightly underestimated. Ammonium wet
deposition appears to be slightly underestimated when examining
normalized mean bias and normalized median bias but slightly
overestimated using fractional bias. It is not clear that photo-
chemical modeling systems generally demonstrate more skill in
estimating total wet deposition of one pollutant compared to
another.

The studies included in this analysis include performance
metrics estimated on an annual basis and by season emphasizing
summer and winter months. Fig. 12 shows NMB and NME by season
for total wet deposition of sulfate, ammonium, and nitrate. Error is
typically highest during the warmer months when increased
rainfall is more frequent. Total sulfate wet deposition tends to be
overestimated during most of the year while total nitrate wet
deposition tends to be underestimated in the summer and over-
estimated in the winter. The outliers reflecting poorer performance
on these Figures are generally from applications with smaller grid
resolution and domain size.

3.4. Wet deposition: mercury

Weekly total mercury wet deposition measurements are taken
at sites that are part of the Mercury Deposition Network (http://
nadp.sws.uiuc.edu/MDN/), which operate as part of the NADP
(Vermette et al., 1995). Modeled estimates from 8 studies are
compared to these observations and include 6 different photo-
chemical models: CMAQ, TEAM, CAMx, REMSAD, CMAQ-MADRID,
and CMAQ-AMSTERDAM. The spatial scales generally cover the
continental United States or just the eastern United States with
a horizontal grid resolution of 36 km. Grid resolutions less than or
equal to 20 km are also included in this analysis but comprise less
than half of the compiled metrics. Most of the studies are annual
model simulations, approximately half of which are for the year
2001 or earlier (1995, 1996, and 1998). Few MDN sites were oper-
ational in the western U.S. before the early 2000s, meaning the
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Fig. 12. Seasonal distribution of model performance metrics NMB and NME for total
wet deposition of sulfate, nitrate, and ammonium. Lower and upper edges of the box
represent the 25th and 75th percentiles.

performance presented in this analysis strongly focuses on the
eastern United States.

The distribution of total mercury wet deposition NMB, NME,
MB, ME, FE, and 12 are shown in Fig. 13. The distribution quantiles
for each performance metric are shown in Table S3 for quantitative
comparison. Comparability between studies for reported perfor-
mance metrics is challenging due to differences in averaging
approaches. Some studies average all modeled and observed
values at a particular monitor location then estimate performance
metrics while others match observations and model estimates in
space and time (weekly) then estimate performance metrics.
Model performance for total mercury wet deposition is quite
variable. Reported performance metrics indicate a general
tendency of modeling systems to overestimate total mercury wet
deposition. However, there is a clear need for more evaluation of
total mercury wet deposition in the western United States using
more recent modeling periods to take advantage of newer sites
operating in that region. In addition, few studies evaluated
mercury wet deposition at grid resolutions finer than 36 km. The
outlier point for NMB in Fig. 13 represents a single simulation that
was part of a larger study looking at performance of multiple
mercury models with multiple meteorological input data (Bullock
et al,, 2009). The worst performing study for mean and fractional
error is from the only 12 km application that estimated metrics
specifically for the western United States (Baker and Bash, 2012).
The outlier showing the best performance for normalized mean
error reflects a modeling scenario that looks only at part of the
eastern United States and that averaged the modeled and observed
values before pairing to estimate the performance metric
(Seigneur et al., 2006).
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4. Recommendations for regulatory model evaluations

Studies that present results intended to be relevant for regula-
tory modeling applications should at a minimum report mean
observation, mean prediction, MB, ME (or RMSE), and a normalized
bias and error (NMB/NME or FB/FE). In addition, the coefficient of
determination provides useful information about the model’s
ability to capture observed variability. Reporting multiple perfor-
mance metrics gives a more complete picture of the model’s ability
to capture magnitude of and variation in pollutant concentrations/
deposition.

One problem associated with pairing the bias/error with the
observed value is that data taken at low ambient concentrations
can have very large percentages of bias/error. Consequently MNB
and MNE values tend to be skewed by data points taken at very low
concentrations and the bias tends to be skewed towards positive
numbers. This metric can often result in counterintuitive results, for
instance having a negative MB but a positive (and large) MNB.
Given the propensity for misinterpretation and lack of symmetry
around zero, the use of MNB and MNE metrics is not encouraged.

The literature review of operational model performance evalu-
ations revealed large differences in the reporting of important
details underlying estimation of aggregated metrics. Few of the
studies explicitly state how observations and modeled estimates
were paired in space and time before metrics were calculated.
Many studies did not mention whether any spatial or temporal
averaging was performed prior to the metric calculation. Evaluating
data by pairing measurements with observations on the highest

temporal resolution available and for important regulatory aver-
aging times (e.g. 8-h daily maximum ozone) will give the most
meaningful results. It is important to report data processing steps
for pairing model predictions and observation data in time and
space and whether data are spatially/temporally averaged before or
after statistics are calculated. The most appropriate approach is to
match observed estimates with the modeled estimate from the grid
cell where the monitor is located. For any evaluation it is important
to not solely focus on grid cells with monitors but examine spatial
plots of model estimates for reasonableness. Depending on the
nature of the problem or pollutant you may want to consider if an
important feature was captured by the model but was spatially
displaced. At grid resolutions less than 12 km, it may be useful to
use a bilinear interpolation of modeled values in the grid cells
nearest the monitor to better characterize model skill.

Metrics should be calculated for subsets of pollutants that are
most relevant for understanding the processes leading to high
pollution episodes. For ozone, different processes tend to dominate
the formation, destruction, and transport during times of high and
low ambient concentrations. Consequently, model performance at
higher observed concentrations (above 60 ppb) provides insight
into how well the model replicates ozone pollution episodes. For
PM, 5, different chemical species generally have different sources
and formation pathways. Therefore, it is especially important to
evaluate each PM, 5 component separately in order to understand
whether the model is properly replicating the causes of high PM; 5
episodes. For similar reasons it is desirable to evaluate model
predictions subsetted by season and region, as different processes
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may dominate pollution emissions and formation at different times
and locations. Evaluations of performance over long time periods
and large areas provide a robust characterization of overall
performance but may fail to distinguish specific episodes for which
the model either performs especially well or especially poorly.
Depending on the nature and intent of the particular study, finer
temporal and spatial aggregations may be appropriate if there are
sufficient data to permit the calculation of meaningful statistics. For
instance, metrics aggregated by day and monitor may be necessary
to understand specific pollution events.

Although ozone and PM; 5 are the most commonly evaluated
species in photochemical models, these models also output esti-
mates of other criteria pollutants: carbon monoxide (CO),
nitrogen dioxide (NO;) and sulfur dioxide (SO). Proper treatment
of NO; and SO; in photochemical models is important since they
are precursors to particulate matter (and ozone in the case of
NO>). In addition, CO is often evaluated as a tracer for vehicle
emissions or other combustion sources and can help in the
interpretation of model performance for other pollutants origi-
nating from these sources (de Gouw and Jimenez, 2009; Docherty
et al., 2008; Slemr et al., 2002).! Only 14 of the 69 studies eval-
uated photochemical model performance for one or more of these
species (CO, NO,, or SO;) (Fig. S-1). In addition to criteria
pollutants, other ozone and PM precursors have been evaluated in
a limited number of studies (Fig. S-2). Carlton and Baker (2011)
evaluated formaldehyde and isoprene concentrations in the
Ozark Mountains, Jin et al. (2010) report performance for non-
methane hydrocarbons, Yu et al. (2006) report performance for
peroxy acetyl nitrate (PAN), and seven studies report performance
for various classifications of nitrogen species (NO, NOy, and NOy).
More routine evaluation of ozone and PMjs5 precursors and
chemical intermediates are desirable but may be limited by
available measurements.

In addition to quantitative performance statistics that were the
focus of this paper, other qualitative analyses may be useful for
understanding model performance. Visualizing data through time
series plots of modeled and observed ozone at one or more
monitors and maps of mean bias/error statistics can help
modelers identify times and locations of especially good or poor
model performance. These analyses along with the statistics dis-
cussed at length may be used to improve model formulations or
model inputs in order to achieve more accurate model
simulations.

A range of model performance for ozone, PM;5, and wet
deposition of various species are presented in this paper. This
allows future model application projects to provide context for
operational performance metrics. Future work should focus on
metrics that are robust when aggregated, including mean bias,
mean error, normalized mean bias, normalized mean error, frac-
tional bias, and fractional error and include a description of how
observations and predictions are paired in time and space before
averaging. Ozone performance should be presented in bins of
observed ozone to provide insight into the different physical and
chemical processes that may influence ozone formation. When
elevated levels of ozone are the focus, a minimum threshold of
60 ppb may be applied to remove prediction—observation pairs
that are less relevant to the level of the ozone NAAQS. Finally, it is
necessary to understand measurement artifacts and measurement
uncertainty in order to make a meaningful interpretation of
comparisons of modeled data.

! It is noteworthy that point measurements of CO (which can have steep gradi-
ents near sources) may not be commensurate with model predictions that are
averaged over the area of a grid cell.
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