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Modeling Atmospheric Scales

Regional Neighborhood                Roadway
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>400km ~1-100km                           <100m
Zhai et al., 2018 Zhai et al., 2016

Chemical Transport Model
• Atmospheric chemistry
• Transport processes
• All pollutants simulated!

Dispersion (or CFD)
• Some turbulence
• Single pollutant
• No chemistry

Decreasing Spatial Resolution

Brown et al., 2020

averages. NRMSE values from eq 9 are lower, and
correlations are higher for total mobile impacts than
for DV or GV impacts. This can be caused by the
uncertainties in CMB as well as in IMSI in separating
GV and DV impacts. The uncertainties in separating
GV and DV are caused because both sources use
similar tracer species. When their unique tracer spe-
cies are not available, the model cannot separate the
two sources well. In CMB, EC and OC are both used
as tracer species for GV and DV. For the days when
other tracer species are not available, the impacts of
the two sources are separated well. In IMSI, only two
species are used as tracers for GV and DV with

a common NOx concentration but three tracers are
used for mobile sources. This can lead to some bias
in the separation of the two sources as well.

The overall spatiotemporal correlations (Pearson
correlation R-squared, R2) are given in Table 2. In
Table 3, temporal correlations (R) are given for each
monitor site. These results show that the extended IMSI
method agrees better with CMB estimates in locations
with higher populations, likely due to the stronger
mobile source indicators when traffic density is larger.
This also reflects that the method works better at urban
areas where the major source of EC, CO, and NOx is
mobile sources. In suburban and rural areas, the impact

Figure 4. Daily source impact (µg/m3) spatial distribution on January 21, 2008, at 12 km and 4 km resolutions for mobile source, GV,
and DV.

Figure 5. Weekly trends of estimated source impacts (µg/m3) in 2008 at JST (solid lines) and YRK (dashed lines) sites for comparison
of the source impacts estimated by the global IMSI method and CMB estimates. JST is an urban site in Midtown Atlanta, and YRK is
a rural site about 70 km away from Midtown Atlanta.
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the temporal and spatial variation of NOx, CO, and EC concentra-
tions. This unitless indicator is scaled to the CMB-GC mobile PM2.5
source impacts obtained at three sites andmultiple years (Table S3)
by linear regression. The procedure is described in the Supple-
mental Information (Equation S(1)).

We generated 2008e2010 annual mean mobile source impact
fields at a 4 km resolution for spatial comparison with the R-LINE
mobile source PM2.5 results using concentrations fields from the
fused CMAQ-observation approach (Friberg et al., 2016) and emis-
sion weighting factors simulated by the Sparse Matrix Operator
Kernel Emissions System (SMOKE) (Houyoux et al., 2000). The 4 km
CMAQ data are available from the Hu et al. (Hu et al., 2010; Hu,
2014) study (4 km resolution data were not available for periods
prior to 2008). Calibrated R-LINE results are up-scaled to 4 km
resolution (i.e., averaging 16 ! 16, 250 m resolution values).

3. Results and discussion

3.1. R-LINE model estimates

Annual average concentration fields of 24 h average PM2.5, daily
1 h maximum CO, and NOx concentrations were developed by R-
LINE in metropolitan Atlanta for 2002 through 2011 (Fig. 4aec, for
2011, Fig. S3 for other years). Estimated annual average concen-
trations decreased over time substantially at urban locations, with
little change at rural site locations (Fig. S4, a to c).

The annual average approach is computationally efficient and
reduces the impact of calm conditions. When calm conditions
(wind speed < 1 m/s) are not reset, the calculated annual concen-
trations for all years increased by about 25%e30% for PM2.5, and
28%e33% for CO and NOx, averaged across the domain (Fig. S5). The
largest relative impact of calm conditions occurs in rural areas,
where PM2.5 concentrations increases by about 4.5 times, and CO
and NOx concentrations increase by about 11 times (Fig. S6).

The adjustment of 24 h diurnal emission ratios reduces the
annual averages. As meteorological conditions and diurnal traffic
patterns are correlated, using daily average emissions without

diurnal emission profile increase the concentrations by 60% for
PM2.5, 33% for 1 h maximum CO, and 30% for 1 h maximum NOx
averaged across the domain (Fig. S7). The highest impact of the
diurnal emission adjustment occurs in the lower concentrations
regions (Fig. S8). The impact is lower for the daily 1 h maximum
concentrations than 24 h average concentrations. This is because
the 24 h average concentrations are highly overestimated when the
lower nighttime emissions are not accounted for and the atmo-
sphere tends to be stable.

While the spatial fields of annual means look similar across
years due to the largely static distribution of traffic emissions, some
differences in these spatial fields due to meteorological variations
were observed and varied by region. In the urban core, where
population densities are mostly above 200 people/km2 (Fig. 3) and
the highest quartiles of concentrations are observed (Fig. S9),
annual mean fields varied between years by up to 5%, 7%, and 7%,
for PM2.5, CO, and NOx, respectively, based on the Pearson R2 values
for this quartile. The second and third quartiles of concentrations
are in suburban areas with lower population density. Meteorolog-
ical differences across years resulted in up to 81%, 67%, and 64%
variations in the annual spatial patterns of the second quartile, and
63%, 71%, and 71% variations in the spatial patterns of the third
quartile for PM2.5, CO, and NOx, respectively. For the lowest quartile
concentrations which are in rural areas, up to 14%, 20, and 19%
variations in the annual spatial patterns are attributed to meteo-
rology for the three species. These results indicate that the change
of spatial distribution in annual mean concentrations over years is
greater in suburban areas than in urban and rural areas. This im-
plies that the spatial distribution of pollutant concentrations in
urban and rural areas is highly determined by traffic distribution;
while in suburban area is highly influenced by meteorological
impacts.

The maximum annual average concentrations from R-LINE
model near roadways are very high. Themaximum annual averages
of mobile source PM2.5, CO, and NOx are observed in the downtown
and midtown areas of Atlanta where two interstate highways (I-75
and I-85) are merged and the 2013 annual average daily traffic is

Fig. 4. Annual averages of R-LINE estimates by mobile sources in 2011. Panels a and d for PM2.5 (mg/m3), panels b and e for daily 1 h maximum CO (ppb), and panels c and f for daily
1 h maximum NOx (ppb). PM2.5 R-LINE results in panel d were calibrated on a log basis, whereas CO in panel e and NOx R-LINE results in panel f were calibrated on a linear basis.

X. Zhai et al. / Atmospheric Environment 147 (2016) 446e457 451

the temporal and spatial variation of NOx, CO, and EC concentra-
tions. This unitless indicator is scaled to the CMB-GC mobile PM2.5
source impacts obtained at three sites andmultiple years (Table S3)
by linear regression. The procedure is described in the Supple-
mental Information (Equation S(1)).

We generated 2008e2010 annual mean mobile source impact
fields at a 4 km resolution for spatial comparison with the R-LINE
mobile source PM2.5 results using concentrations fields from the
fused CMAQ-observation approach (Friberg et al., 2016) and emis-
sion weighting factors simulated by the Sparse Matrix Operator
Kernel Emissions System (SMOKE) (Houyoux et al., 2000). The 4 km
CMAQ data are available from the Hu et al. (Hu et al., 2010; Hu,
2014) study (4 km resolution data were not available for periods
prior to 2008). Calibrated R-LINE results are up-scaled to 4 km
resolution (i.e., averaging 16 ! 16, 250 m resolution values).

3. Results and discussion

3.1. R-LINE model estimates

Annual average concentration fields of 24 h average PM2.5, daily
1 h maximum CO, and NOx concentrations were developed by R-
LINE in metropolitan Atlanta for 2002 through 2011 (Fig. 4aec, for
2011, Fig. S3 for other years). Estimated annual average concen-
trations decreased over time substantially at urban locations, with
little change at rural site locations (Fig. S4, a to c).

The annual average approach is computationally efficient and
reduces the impact of calm conditions. When calm conditions
(wind speed < 1 m/s) are not reset, the calculated annual concen-
trations for all years increased by about 25%e30% for PM2.5, and
28%e33% for CO and NOx, averaged across the domain (Fig. S5). The
largest relative impact of calm conditions occurs in rural areas,
where PM2.5 concentrations increases by about 4.5 times, and CO
and NOx concentrations increase by about 11 times (Fig. S6).

The adjustment of 24 h diurnal emission ratios reduces the
annual averages. As meteorological conditions and diurnal traffic
patterns are correlated, using daily average emissions without

diurnal emission profile increase the concentrations by 60% for
PM2.5, 33% for 1 h maximum CO, and 30% for 1 h maximum NOx
averaged across the domain (Fig. S7). The highest impact of the
diurnal emission adjustment occurs in the lower concentrations
regions (Fig. S8). The impact is lower for the daily 1 h maximum
concentrations than 24 h average concentrations. This is because
the 24 h average concentrations are highly overestimated when the
lower nighttime emissions are not accounted for and the atmo-
sphere tends to be stable.

While the spatial fields of annual means look similar across
years due to the largely static distribution of traffic emissions, some
differences in these spatial fields due to meteorological variations
were observed and varied by region. In the urban core, where
population densities are mostly above 200 people/km2 (Fig. 3) and
the highest quartiles of concentrations are observed (Fig. S9),
annual mean fields varied between years by up to 5%, 7%, and 7%,
for PM2.5, CO, and NOx, respectively, based on the Pearson R2 values
for this quartile. The second and third quartiles of concentrations
are in suburban areas with lower population density. Meteorolog-
ical differences across years resulted in up to 81%, 67%, and 64%
variations in the annual spatial patterns of the second quartile, and
63%, 71%, and 71% variations in the spatial patterns of the third
quartile for PM2.5, CO, and NOx, respectively. For the lowest quartile
concentrations which are in rural areas, up to 14%, 20, and 19%
variations in the annual spatial patterns are attributed to meteo-
rology for the three species. These results indicate that the change
of spatial distribution in annual mean concentrations over years is
greater in suburban areas than in urban and rural areas. This im-
plies that the spatial distribution of pollutant concentrations in
urban and rural areas is highly determined by traffic distribution;
while in suburban area is highly influenced by meteorological
impacts.

The maximum annual average concentrations from R-LINE
model near roadways are very high. Themaximum annual averages
of mobile source PM2.5, CO, and NOx are observed in the downtown
and midtown areas of Atlanta where two interstate highways (I-75
and I-85) are merged and the 2013 annual average daily traffic is

Fig. 4. Annual averages of R-LINE estimates by mobile sources in 2011. Panels a and d for PM2.5 (mg/m3), panels b and e for daily 1 h maximum CO (ppb), and panels c and f for daily
1 h maximum NOx (ppb). PM2.5 R-LINE results in panel d were calibrated on a log basis, whereas CO in panel e and NOx R-LINE results in panel f were calibrated on a linear basis.

X. Zhai et al. / Atmospheric Environment 147 (2016) 446e457 451

M
obile (µg m

-3)



www.haholmes.wordpress.com

Spatial Resolution of Health Studies

County - uniform throughout state
• GA county resolution ~15-40km

Zip code - based on population density
• Downtown ATL ~4km, ATL MSA ~13km, rural GA ~25km

Census tract - based on population density
• Downtown ATL ~1.5km, ATL MSA  ~15km, rural GA ~30km

Increased spatial resolution for health analysis
• Location of residents, gridded data (250m) 

Spatial resolution of exposure estimates =                 
health resolution! 
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Source Impacts (Chemical Mass Balance)
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Georgia Source Apportionment

• Average CMB results, 11 monitors 2002 to 2010
• Higher mobile contributions in urban area

5

Zhai et al., 2017
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Ground Observations and AQ Model
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Environmental Protection 
Agency (EPA)

Ground Based Stations
Surface PM2.5 Concentrations

National Aeronautics and Space 
Administration (NASA)

Chemical Transport Modeling
Global Aerosol Concentrations

Ground - truth

http://gmao.gsfc.nasa.gov/research/aerosol/modeling/nr1_movie/aerosols_geos5.mp4
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Numerical Weather Prediction

• Weather Research & Forecasting (WRF) Model
– Late 1990’s, National Center for Atmospheric Research (USA) 

• Numerical Simulation of Atmospheric Flows
– Meters to Hundreds of Kilometers
– Navier-Stokes Equations
– Inputs: Terrain, Land Use, Observations
– Outputs: Atmospheric Physics, Moisture, Temperature, 

Precipitation, Radiation

Wind Speed - U  (m/s)
Numerical Simulation of 
Physical Processes and 

Meteorology

7



www.haholmes.wordpress.com

Emissions Modeling

• National Emissions Inventory (NEI)
– USA Environmental Protection Agency (EPA)
– States report annual average by county

• Sparse Matrix Operator Kernel Emissions (SMOKE)
– Model spatial and temporal patterns
– Area, biogenic, mobile, point source emissions
– Emissions factors for each source, species

Hourly Speciated Emissions 
Rate for Each Grid Cell

8
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Chemical Transport Modeling (CTM)

• Community Multiscale Air Quality (CMAQ ) Model
– USA-EPA Model, Regulatory & Research Applications

Meteorology

Emissions

Advection

Diffusion

Plume in 
Grid

Gas-phase 
Chemistry

Aerosol

Photolysis

Cloud 
Process

CTM

Concentrations,
Transport 

Processes, 
Secondary 
Pollutant 

Formation
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CMAQ-Direct Decoupled Method (DDM)

10

CMAQ Sensitivity to Emissions Perturbations
36km Resolution, Contiguous USA Domain 
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Spatial Source Apportionment Model

Receptor Models
PMF, CMB, CMB-GC 

• Monitoring network 
data

• Spatially limited
• Different results for 

each method

Source Oriented
CMAQ-DDM

• Spatiotemporal source 
impacts

• Atmospheric 
processes modeled

• Results do not match 
observations

Novel SA Method
Hybrid CTM-RM

Daily and Spatial Field
11

11
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Spatial Source Apportionment Model
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2162 C. E. Ivey et al.: Development of PM2.5 source impact spatial fields

Figure 5. Average CMAQ–DDM and spatial hybrid source impacts on PM2.5 for observation days in January 2004 for eight source cat-
egories. Total PM2.5 with overlapped PM2.5 observations for 28 January (a, b). Impact of (c, d) soil/crustal material, (e, f) traffic-related
sources, (g, h) coal combustion, (i, j) sea salt aerosol, (k, l) metal-related sources, (m, n) fuel oil combustion, (o, p) biomass burning, and
agricultural activities (q, r).

chemistry. The SH method also improves simulated esti-
mates of crustal and trace metal concentrations.
The SH method is being developed both to develop spa-

tiotemporally accurate source impact fields that are con-
sistent with observations, and also to provide an approach
to increase our understanding of the spatiotemporal char-
acteristics of source impacts in the United States. We find
widespread adjustment to biomass burning and dust impacts
(Rj less than 1). These source impacts are consistent with
observations, emissions estimates, and atmospheric transport
and transformation. The SH method is also novel in that, al-
though some sources may not emit a certain pollutant, there
still may be some interactions with emissions from other
sources leading to those species being part of the source im-
pact. For example, in the case of agricultural fertilizer emis-
sions, although NOx is not directly emitted, the influence
on nitrate concentrations is calculated. Although tradition-
ally not quantified in receptor-oriented source apportionment
methods, taking into account inter-source interactions is im-
portant for determining the primary and secondary impacts
of sources on air quality. This hybrid source- and receptor-
oriented approach takes this into account and can determine
impacts from elusive source interactions. However, this also
shows that the formation of secondary species is often depen-
dent upon multiple sources, and the impact of one source is
dependent upon other sources, leading to ambiguity in source
attribution. The approach here uses the sensitivities at cur-
rent conditions, though also conducts a mass balance on a
species-by-species basis minimizing any overall bias in the
source impact attributions.

Spatial hybrid inputs, methods, and results have inher-
ent uncertainties and challenges that are associated with im-
plementation. Input uncertainties include measurement error
and challenges are posed with temporal availability and spa-
tial representativeness of concentrations. Emissions inputs
for each source are available at different temporal and spa-
tial scales. For instance point source emissions are available
at hourly intervals in some cases, while dust emissions are
highly variable, both spatially and temporally. Area source
emissions are estimated at weekly or monthly intervals and
averaged source fingerprints for the primary components of
the PM2.5 emissions are used, which removes the consider-
ation of locally varying source composition. Physical pro-
cesses in CMAQ–DDM are uncertain as modeling atmo-
spheric behavior is a complex undertaking. Also, first-order
sensitivity approaches may not capture all nonlinearities in
source-receptor relationships. SH results are also subject to
potential systematic bias from the optimization and kriging
steps, though our evaluation suggests those biases are mini-
mal.

5 Conclusion

The spatial hybrid model is an effective approach for reduc-
ing the error in simulated source impact spatial fields through
statistical optimization, instead of re-running CMAQ–DDM
which is more computationally expensive. Despite the sev-
eral points of uncertainty, SH source apportionment can pro-
vide daily, spatially complete source impacts across a large
domain over a long time period. The SH technique does not
necessarily isolate specific atmospheric processes, as it is

Geosci. Model Dev., 8, 2153–2165, 2015 www.geosci-model-dev.net/8/2153/2015/
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Ivey et al., 2015

Traffic Related PM2.5 Metals Processing PM2.5

CMAQ-DDM PM2.5 Hybrid CTM-RM PM2.5
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CTM Modeling for Exposure Estimates

Community Multiscale Air Quality (CMAQ) Model
Species Concentrations, No Metals (CMAQ)

• 12km Eastern USA, 8 years: 2001-2010 
• 4km Georgia, 5 years: 2007-2012

Source Impacts (CMAQ-DDM)
• 36km Continental USA, 3 years: 2005-2007 
• 20 source categories

Un-bias Numerical Results for Health Assessments 
CMAQ Concentrations Adjusted to Observations

• Species Concentrations
CMAQ Data Fusion Model (Friberg et al., 2016 & 2017)

• Source Apportionment 
CMAQ-DDM Hybrid (Hu et al., 2014; Ivey et al., 2015, 2016, & 2017)
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Georgia Hybrid CTM-RM Sources
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model, OR=1.072, 95%CI: 1.030, 1.116, Table S5). Similar to the
single pollutant models, the differences in the magnitude of the ORs
became more pronounced when we rescaled to per 1 μg/m3 (Table S6).

We found from the single-source model that IQR increases in metals
(OR=1.016, 95%CI: 1.010, 1.022), natural gas (OR=1.014, 95%CI:
1.002, 1.027), non-road mobile diesel (OR=1.022, 95%CI: 1.014,
1.029), and all other sources (OR=1.021, 95%CI: 1.010, 1.032) were
associated with increases in acute URI ED visits (Fig. 4 panel C, Table
S7). ORs remained elevated after adjusting for other sources in the
multi-source model (Table S7); as was the case for the other outcomes,
the relative differences in the magnitude of the associations across
sources was more prominent when associations were scaled to a 1 μg/
m3 increase in pollution (Table S8). We also extended the lag period to
7 days (average of lag0-lag6) for all 12 sources using the same models
as in our primary analysis. For the 7-day lag period, most associations
(per 1 μg/m3 increase) were of greater magnitude compared to the as-
sociations based on the 3-day lag period, with the exception of biogenic
and on-road gasoline for asthma; metals, natural gas, and gasoline
source for pneumonia; and biogenic, dust, and on-road gasoline for
acute URI. However, the relative differences in effect size across sources
and outcomes were similar to those obtained using a 3-day average
(Fig. S1, Tables S12–S14). Sensitivity analyses excluding patients
aged<2 years caused only slight changes in the OR estimates (Tables
S9–S11).

4. Discussion

Using PM2.5 source apportionment data from a bias-corrected CTM-
RM hybrid model fused with ground measurements that apportioned
both the primary and secondary PM2.5 allowed us to estimate health
associations for more source categories than previous studies (Atkinson
et al., 2014; Dominici et al., 2006). In addition, the source apportion-
ment estimates that we used have daily temporal resolution and im-
proved spatial coverage compared to competing methods that only
apportion PM2.5 at stationary monitors (Krall et al., 2016; Mar et al.,
2010; Bell et al., 2014). Our study found that metals, natural gas and all
other sources were positively associated with pediatric ED visits for
asthma, pneumonia and acute URI. PM2.5 from non-road mobile diesel
combustion was associated with increased pneumonia and acute URI
ED visits. In addition, coal and dust were positively associated with
asthma ED visits. Metals, natural gas, non-road diesel and all other
sources have consistently elevated risks of the three respiratory out-
comes. Heterogeneity in odds ratios across sources and outcomes could
reflect differences in the importance of sources in triggering respiratory
outcomes due to differences in compositional makeup of emissions
sources. Because the hybrid CTM-RM has uncertainties in the emissions
and meteorology inputs and in the modeling of atmospheric processes
(e.g., atmospheric chemistry), such conclusions are tentative.

In line with our findings, previous studies focusing on metals in
ambient particulate matter suggested that exposure to metals might be
associated with adverse respiratory outcomes (Dunea et al., 2016; Hou

Fig. 2. Illustrates annual average PM2.5 source concentrations (μg/m3) from dust (left panel) and on-road diesel combustion (right panel) at 36-km CMAQ grids (dots)
throughout Georgia. The size of the dot indicates the PM2.5 source concentration. Yellow stars show stationary monitor sites from which observations were used for
the hybrid chemical transport receptor model simulation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)

M. Huang, et al. (QYLURQPHQW�,QWHUQDWLRQDO������������������

�

Annual Average Dust          Annual Average On-road Diesel                                                                  

Huang et al., 2019
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Georgia Pediatric Asthma by Source

15

Huang et al., 2019

asthma in the single-source model, all of which is consistent with
findings from Gass et al. (2015). Other vehicle related emission sources
were consistently null in multi-source models. We also observed het-
erogeneity in odds ratios across three outcomes for each source. Dif-
ferences in effect size could be a result of different pathological me-
chanisms of the outcomes, the importance of a specific source in
triggering different outcomes and random error. We found that metals

were significantly associated with asthma and acute URI ED visits; the
point estimate for pneumonia was also elevated but not significant. A
similar pattern was observed from natural gas, with positive associa-
tions across all three outcomes.

We fit single-source regression models to estimate the association of
total PM2.5 on pediatric respiratory ED visits using CTM-RM hybrid
model outputs. The magnitude of the associations (scaling to 1 μg/m3)

Fig. 4. Odds ratios (95% CI) per interquartile range (IQR) increase in 3-day moving average total PM2.5 (orange dot, analyzed in single-source model only) and PM2.5

source impacts for (A) asthma, (B) pneumonia and (C) acute upper respiratory infections (acute URI) from single-source (dot) and multi-source (triangle) models.
Both models were adjusted for average temperature, water vapor mixing ratio, and holidays.

M. Huang, et al. (QYLURQPHQW�,QWHUQDWLRQDO������������������

�

ZIP code ED visits for 0-18 years of age
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CTMs for Non-tailpipe Exposures

Strengths
• Transport due to changing wind and meteorology conditions
• Secondary pollutant formation 
• Model exposure for pollutant mixtures
• Increased number of source categories (e.g., 20+ vs. ~6)
• Improved source apportionment for secondary species

Limitations
• Near roadway gradients need smaller grid cells (~100m)
• Turbulence at small scales difficult to simulate in CTM 
• Resolution depends on modeled emissions
• CPU intensive, especially CMAQ-DDM
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