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Abstract.  13 

Dry deposition of atmospheric aerosols in large-scale models is a critical, but highly uncertain, sink process 14 

with a strong dependence on particle size, meteorological conditions, and land surface properties. This study 15 

investigates the particle dry deposition scheme implemented in the standard Community Multiscale Air Quality 16 

(CMAQ) model v5.2.1, characterizes its underlying parameterized components with comparison to a similar scheme 17 

in a contemporary regional-scale model, and proposes two updated schemes that are then evaluated with available 18 

ambient particle deposition velocity (Vd) measurements. Both updated schemes reduce the surprisingly strong 19 

dependence of deposition velocity on the aerosol mode width, with one scheme further introducing a dependence on 20 

vegetation coverage that is broadly consistent with variability in observations between vegetated and non-vegetated 21 

surfaces. Compared to the base scheme, the updated scheme with vegetation dependence increases Vd for submicron 22 

particles and decreases it for larger particles by an average of 37% and -66%, respectively. This scheme performs 23 

statistically better than the base scheme, reducing fractional biases by 56%-97% for vegetated land-use types and 24 

has roughly equivalent performance over water. The base and updated schemes are tested with three annual CMAQ 25 

(v5.2.1) simulations for the year 2011; predicted ambient aerosol concentrations are evaluated with routine 26 

monitoring network observations and predicted dry deposition fluxes are evaluated with data from the Clean Air 27 

Status and Trends Network (CASTNET). The updated scheme with vegetation dependence reduces negative 28 

fractional biases for PM10 by 41% and positive fractional biases for PM2.5 organic carbon by 15%. This scheme has 29 

been incorporated into the most recent publicly accessible versions of CMAQ (v5.3 and beyond) to replace the 30 

scheme used in previous versions of CMAQ (v4.5 through v5.2.1). 31 

1 Introduction 32 

Dry deposition is an essential removal process for atmospheric particles, which can account for more than 33 

half of the total deposition of important chemical compounds in the atmosphere (Lovett, 1994). The ability of 34 

atmospheric models to represent dry deposition processes directly affects the skill with which they can predict 35 
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particle concentrations, with implications for predictions of radiative forcing and the role of particles in climate 36 

change (Emerson et al., 2020). 37 

 Several mechanistic or semi-empirical dry deposition schemes have been developed for scientific research 38 

and operational purposes (Slinn et al., 1982; Ruijrok et al., 1995; Zhang et al., 2001, Petroff et al., 2008; Pleim and 39 

Ran 2011; Saylor et al., 2019; Emerson et al., 2020), and implementation in chemical transport models (CTMs) is 40 

challenging for several reasons. Khan and Perlinger (2017) evaluated five particle dry deposition parameterizations 41 

from simple formulations to more complex and estimated 2-3 orders of magnitude uncertainty in Vd over a given 42 

surface type and consistent ambient conditions, thus demonstrating that the functional form of the parameterization 43 

can introduce significant variability for predicting Vd. An additional challenge to interpreting the potential impact of 44 

the choice of particle deposition schemes is that until recently, measurement studies often reported the deposition 45 

flux for bulk particles at one or two nominal sizes, making it difficult to evaluate Vd across the particle size 46 

distribution. Previous reviews (Pryor et al., 2008 and Petroff et al., 2008) have pointed out the value in unified 47 

studies that combine numerous measurements and modeling methods. Finally, as Zhang (2001) noted when 48 

investigating several schemes for calculating Vd as a function of particle size, some schemes have limited 49 

applicability beyond one land-use type (Slinn and Slinn, 1980; Davidson et al., 1982; Wiman and Ågren, 1985; 50 

Peters and Eiden, 1992) while others apply to multiple types (Schemel and Hodgson, 1980; Haynie, 1986; Giorgi, 51 

1988). The variability among these studies emphasize the importance of using measurements to assess and improve 52 

process-based dry deposition schemes across diverse land-use types (e.g. vegetated, water, desert and snow), even 53 

though existing measurements are limited to a few specific types (Nemitz et al., 2002). Newly revised semi-54 

empirical particle dry deposition schemes by Saylor et al. (2019) and Emerson et al. (2020) successfully describe 55 

observations across a variety of land-use types. Nevertheless, it can be difficult to apply and interpret the impact of 56 

sophisticated schemes for use in CTMs, which vary in their representation of atmospheric particles. 57 

When CTMs use higher accuracy, process-based dry deposition schemes, physical properties of particles 58 

are needed from the host CTM. These models represent particle distributions using a number of possible approaches 59 

including 1) modal methods, which employ particle modes with a median particle size and standard deviation (e.g., 60 

the Community Multiscale Air Quality (CMAQ) model, Binkowski and Shankar (1995)), 2) bulk methods, which 61 

rely on a single particle size (e.g., the Comprehensive Air Quality Model with extensions (CAMx) coarse-fine 62 

option), and 3) sectional bin methods, which apply a series of discrete size bins (e.g., GEOS-Chem Two-Moment 63 

Aerosol Sectional model, Emerson et al. (2020); CAMx Carnegie Mellon sectional aerosol option). Saylor et al. 64 

(2019) compared several existing schemes with a newly developed empirical sectional scheme and determined that 65 

fine-particle concentration predictions at the surface may vary by 5%-15% depending on the choice of particle Vd 66 

scheme. A previous study from Shu et al. (2017) determined that particle dry deposition scheme differences between 67 

two regional CTMs, CMAQv5.0.1, and CAMx v5.4.1, drove differences in predicted organic aerosol (OA) 68 

concentrations when controlling for differences in emissions, meteorology, and chemistry in both models. Although 69 

that study did not evaluate the performance of each model’s particle dry deposition scheme specifically, it pointed 70 

out that constraining the magnitude of this loss process may be as important as predicting the magnitude of 71 

production of atmospheric pollutants from key anthropogenic and biogenic sources. 72 
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In the present study, we explore the source of discrepancies between CMAQ and CAMx particle dry 73 

deposition results documented by Shu et al. (2017) by comparing schemes from both models within an offline box 74 

model framework for monodisperse particle populations of varying sizes and across land-use types. This box model 75 

calculates particle dry deposition velocity under specific environmental conditions. We then propose incremental 76 

revisions to the CMAQ scheme and characterize behavior of these updates in the box model with specific focus on 77 

demonstrating the impact of integrating across polydisperse particle modes. Finally, we implement each proposed 78 

CMAQ scheme into the full CMAQv5.3 model platform (released August 2019), and evaluate performance across 79 

land-use types using available field measurements to verify the accuracy of each selected scheme. Finally, we 80 

document the impact that the dry deposition scheme revisions have on CMAQ-predicted ambient aerosol 81 

concentration for an entire simulation year. 82 

2 Methods 83 

2.1 Particle dry deposition schemes in CMAQ and CAMx 84 

Particle dry deposition is a complex process that depends on the chemical and physical properties of 85 

particles, which are related to their source and composition, as well as the features of the underlying land surface 86 

and the proximate meteorological conditions. Typically, the flux of particle mass through the surface boundary layer 87 

is mathematically expressed as (Wesely and Hicks, 1977) 88 

���� = ������,  (1) 89 

where ���� is the vertical flux of a pollutant in the surface boundary layer, ���� is the concentration at a specific 90 

height in the surface layer, and Vd is the deposition velocity. 91 

The CMAQ model has used the dry deposition scheme of Pleim and Ran (2011), referred to as PR11, for 92 

model versions v4.5 through v5.2.1. The scheme is based on the Slinn (1982) approach and introduces various 93 

modifications. The dry Vd, derived by Venkatram and Pleim (1999), is a function of the settling velocity (�	), the 94 

aerodynamic resistance (
�), and the surface layer resistance (
�; called the quasi-laminar sub-layer resistance by 95 

Pleim and Ran(2011)) as shown in Table 1 and discussed in section S1. The aerodynamic resistance is defined by 96 

Pleim and Ran (2011) to be equal to the Slinn (1982) definition scaled by a non-dimensional temperature profile 97 

constant under neutral conditions. As shown in Table 1, 
� is inversely dependent on the product of the sum of 98 

Brownian and impaction efficiencies, the friction velocity (
⋆), and an empirical correction factor (F�) to account for 99 

increased deposition in convective conditions as suggested by Wesely et al (1985).  100 

Formulations for the collection efficiency term components are shown in Table 2. For example, efficiency 101 

due to Brownian diffusion (��) was parameterized in Slinn (1982) as �� = ����
� where the Schmidt number (��) is 102 

defined in section S1 (Eq. S8). The exponent of this form is typically assumed to range between 1/2 for smooth 103 

surfaces and 2/3 for rough surfaces. Pleim and Ran (2011) adopted the recommendations of Slinn (1982) and Giorgi 104 

(1986) to represent the impaction efficiency ��� as 
���

�������. This formulation has a weaker dependence on the Stokes 105 

number relative to other forms proposed by Slinn (1982) and was fit to data from Liu and Agarwal (1974) by Giorgi 106 
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(1986). For the interception collection efficiency (�� ), a process characterized by uptake onto small collectors in 107 

the canopy, Pleim and Ran (2011) acknowledged that Slinn (1982) proposed an expression that may be important 108 

for vegetative surfaces but neglected it in the CMAQ model parameterization because the CMAQ M3DRY dry 109 

deposition module (the only option available for dry deposition prior to v5.3) uses grid-averaged values of the 110 

surface parameters, making it difficult to specify realistic estimates of parameters like characteristic leaf size in a 111 

grid-scale model. The interception process has been shown by Emerson et al. (2020) to be potentially critical for 112 

capturing the deposition velocity of fine particles, although the authors note that it has the least physical basis of the 113 

deposition processes considered and is highly dependent on parameterization and optimization with ambient 114 

observations. 115 

 The PR11 scheme is applied in CMAQ by integrating the particle size-dependent parameters across each 116 

particle mode using the geometric mean diameter and standard deviation (Binkowski and Shankar, 1996). The 117 

integrated settling velocity (�	! ) and integrated Brownian diffusivity ("!) that is needed for the calculation of the Sc 118 

(Eq. S8) are defined as: 119 

 120 

�	,$% = �	 &exp *�$��
+ ,-+ .	/ + 1.2466-	 exp *+$�7

+ ln+ .	/:                          (2) 121 

 122 

"$% = " &exp *�+$�7
+ ,-+ .	/ + 1.2466-	 exp *��$��

+ ln+ .	/:             (3) 123 

 124 

where k is the moment of the size distribution being considered, σg is the standard deviation of an aerosol mode, and 125 

Kn is the Knudsen number calculated with the modal geometric mean diameter. CMAQ uses three moments to 126 

describe the particle population: the zeroth (equal to number concentration), second (proportional to surface area 127 

concentration), and third (proportional to volume and mass concentration). Instead of using the modal-integrated 128 

settling velocity for calculation of the Stokes number in the impaction efficiency formulation, Pleim and Ran (2011) 129 

integrated the impaction efficiency ���%  directly as shown in Table 3. They also simplified the denominator of the 130 

impaction efficiency from its form in Table 2 to facilitate integration of the impaction efficiency, similar to the other 131 

modal-integrated terms, although the rationale for, and impact of, this choice was not documented. This form of ���%   132 

is then applied to calculate 
� in CMAQ but can lead to exceedingly large �� for σg greater than 2 (section S1.2).  133 

The CAMx model uses the scheme of Zhang et al. (2001), hereafter referred to as Z01, with Vd defined in 134 

Table 1. The Z01 scheme’s collection efficiency parameters and dependencies are detailed in Table 2 and supporting 135 

section S2. Crucially, the CAMx coarse-fine implementation, which was analyzed in Shu et al. (2017) and will be 136 

the focus here, does not consider of polydispersity of the particle population. On the contrary, all fine and coarse 137 

particles are assumed to have a diameter of approximately 1 and 5 μm, respectively. The major differences between 138 

Z01 and PR11 are 1) the modal integration of diffusivity, settling velocity, and impaction efficiency in the PR11 139 

scheme, 2) the use of interception efficiency in the Z01 scheme for vegetative surfaces, 3) the formulation of the 140 

impaction efficiency in the Z01 scheme, which includes a coefficient �;) that varies with land-use type rather than 141 

being fixed as in the PR11 scheme, and 4) the dependence of 
� on the convective velocity scale (<⋆) in the PR11 142 
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scheme. For this study, we focus specifically on the differences introduced between the schemes by modal 143 

integration and dependence on vegetation coverage.  144 

Rather than comparing output from the full CAMx and CMAQ models, we have developed a convenient 145 

and unified zero-dimensional box model (DepoBoxToolv1.0; see section S3) with which we predict Vd for the Z01 146 

and PR11 schemes for four land-use types (e.g., grass, coniferous forest, deciduous forest and water) using inputs 147 

describing the monodisperse particle sizes and meteorological conditions (Table S1).  148 

2.2 Proposed updates to CMAQ scheme 149 

We explore two incremental revisions to the existing PR11 scheme to facilitate better representation of 150 

integration of deposition across aerosol sizes and dependence on ground vegetation. The first revised scheme, OFF, 151 

is designed to stabilize the influence of σg on ���. This scheme removes the explicit integration of ���  (Table 3), 152 

and instead uses the monodisperse forms of the Stokes number and original formulation of ���  from Giorgi (1986) 153 

and reported by Pleim and Ran (2011). To restore size dependence to ��� , a second revised scheme, VGLAI, uses 154 

the integrated form of gravitational settling velocity in the calculation of the Stokes number (Table 3). Additionally, 155 

this revised scheme adjusts the constant in the ��� expression denominator to 1.0, which is more suitable for 156 

vegetation (Zhang et al., 2001) and adds dependencies on leaf area index (LAI) and the grid cell vegetation-coverage 157 

fraction (fveg) to the surface resistance expression (Table 1). The desired role of this empirical correction factor is to 158 

increase the influence of collection on vegetative surfaces, especially for small particles. As intended, the surface 159 

resistance (Rs) decreases with both increasing LAI and fveg and is most important for particles with diameter less 160 

than 1 μm. When LAI goes to 1 or fveg goes to 0 (i.e., smooth surfaces), dry deposition velocity converges to that of 161 

the OFF scheme (Fig. S3).  162 

To assess the reasonableness of the PR11, OFF and VGLAI schemes, we have gathered available field data 163 

for measured particle dry Vd (Table S2) as a function of particle size across land-use types (e.g., grass, coniferous 164 

forest, deciduous forest and water). We again employ the zero-dimensional DepoBoxToolv1.0 with which we 165 

predict Vd for the schemes discussed here using inputs describing the particle population and meteorological 166 

conditions coincident with each observation (Table S1). Although published field data provide measured Vd and 167 

corresponding particle size, the descriptions of environmental parameters are less consistently documented. In many 168 

cases, meteorological or surface input parameters are missing from datasets and must be approximated for 169 

DepoBoxToolv1.0 calculations. We evaluate the schemes for all four different land-use types and vary parameters 170 

for the modeled aerosol size distribution (i.e., geometric mean diameter and modal standard deviation) to quantify 171 

the sensitivity of each scheme’s performance to these two critical model inputs.  172 

2.3 CMAQ simulation and evaluation 173 

We conducted three annual simulations during 2011 using CMAQv5.2.1, each using a different deposition 174 

scheme (i.e., PR11, OFF, and VGLAI). The modeling domain is a 12 km x 12 km resolution grid covering the 175 

conterminous U.S. and extending to 50 hPa in altitude with 35 vertical layers and higher resolution near the Earth’s 176 

surface. The lowest model layer is approximately 20 meters deep. Emissions for 2011 are tabulated from 177 
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information provided by states and other federal agencies via the 2011 National Emissions Inventory (NEI; 178 

https://www.epa.gov/). The emissions estimates were further allocated temporally to hourly resolution for the entire 179 

year 2011 and in spatially to each grid cell in the 12 km x 12 km model domainby the Sparse Matrix Operator 180 

Kernel Emissions (SMOKE; https://www.cmascenter.org/smoke/) program. Plume rise for elevated point sources 181 

was calculated online in CMAQ, as were NOx emissions from lightning strikes (Kang et al., 2019). Biogenic 182 

emissions of volatile organic compounds were predicted online with the Biogenic Emission Inventory System (Bash 183 

et al., 2016) and offline meteorology was calculated with the Weather Research and Forecasting (WRF) model 184 

version 3.7. Chemical boundary conditions for the model were driven by a hemispheric application of the GEOS-185 

Chem model (Henderson et al., 2014) simulation for 2011 (Appel et al., 2017). Four-dimensional data assimilation 186 

(FDDA) was employed Wind-blown dust emissions were calculated as documented by Foroutan et al. (2017). 187 

Specific land cover information was obtained from the National Land Cover Database (NLCD; 188 

https://www.usgs.gov/centers/eros/science/national-land-cover-database) and LAI information was gathered from 189 

satellite products from the MODIS (https://modis.gsfc.nasa.gov) satellite. CMAQv5.3 has two options for modeling 190 

atmosphere-surface exchange of gases and particles. The M3DRY dry deposition module was used for the analysis 191 

by Shu et al. (2017), while the Surface-Tiled Aerosol Gas Exchange (STAGE) module (available in CMAQv5.3) 192 

provides a detailed, land-use specific framework for representing pollutant fluxes to and from various land-use types 193 

contributing to each model grid cell (Appel et al., 2020). Because this study is primarily concerned with the impact 194 

of the particle deposition scheme when comparing historical and modern CMAQ versions, we narrow our focus to 195 

just simulations with the M3DRY module. 196 

Outputs for ambient concentration and dry deposition flux from the three CMAQ simulations are paired in 197 

space and time with observed data using the atmospheric model evaluation tool (AMET, Appel et al., 2011). There 198 

are several regional and national networks that provide routine observations of particle species in the U.S. for 199 

CMAQ evaluation. In this study, we use measurement data sets from the Interagency Monitoring of Protected Visual 200 

Environments (IMPROVE, 157 sites;  http://vista.cira.colostate.edu/improve/),  Chemical  Speciation  Network  201 

(CSN;  171  sites;  https://www3.epa.gov/ttnamti1/speciepg.html), the EPA Clean Air Status and Trends Network 202 

(CASTNET, 81 sites; https://www.epa.gov/castnet) and the EPA Air Quality System (AQS, 4000+ sites; 203 

https://www.epa.gov/aqs). As a database for various networks, AQS data also contain the same data that are in CSN, 204 

IMPROVE, and CASTNET. 205 

 Nolte et al. (2015) investigated fine and coarse mode size distribution performance for CMAQv5.0, 206 

finding that many sites and chemical species contributions were well-reproduced, but the model tended to 207 

underpredict concentrations of large particles in sites dominated by soil dust. Appel et al. (2020) showed that 208 

CMAQv5.3 demonstrates impressive model skill predicting ambient fine PM concentrations when compared with 209 

routine measurement networks, including CSN and IMPROVE network. Statistical analysis of concentration, bias, 210 

root mean square error (RMSE) and the Pearson correlation coefficient of monthly average bulk PM2.5 for 2016 211 

between standard CMAQv5.2.1 (PR11) and CMAQv5.3.1 (with VGLAI incorporated) also showed that results of 212 

CMAQv5.3.1 are improved compared to CMAQv5.2.1. 213 
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3. Results and Discussion 214 

3.1 Characterization of existing CMAQ and CAMx dry deposition schemes 215 

To better understand the impact of each particle dry deposition scheme on predictions in the CMAQ and 216 

CAMx models, we visualize their size-dependence across four land-use types (grass, coniferous forest, deciduous 217 

forest, and water) in Fig. 1. For the PR11 scheme, the trends are integrated to estimate the deposition of the third 218 

moment of the modal particle size distribution, which is applied to calculate the loss of particle mass in CMAQ. The 219 

x-axis corresponds to the geometric mean diameter for the PR11 trends. For the Z01 scheme, the trend shown is for 220 

monodisperse particles, consistent with the application of the scheme to calculate particle mass loss in the CAMx 221 

model. Figure 1 demonstrates the large impact of σg on the value of Vd in the PR11 scheme. When σg equals 1.01 (i.e. 222 

monodisperse particle population), PR11 predicts roughly similar Vd as Z01 for sizes above 5 μm over grass and 223 

water surfaces. However, PR11(1.01) deviates from Z01 for sizes under 5 μm across all land-use types and to some 224 

degree for sizes above 5 μm over forest surfaces. The greatest discrepancies between schemes occur over coniferous 225 

(and to a lesser degree deciduous) forests where the PR11(1.01) Vd increases more steeply for coarse particles than 226 

the Z01 scheme due to the larger magnitude of the impaction efficiency. At smaller particle sizes (dp < 1 μm), 227 

PR11(1.01) Vd is smaller than that of Z01 by a factor of 5-10, and this difference diminishes with decreasing particle 228 

size. For the vegetative land-use types, the deviation at small particle sizes is mostly explained by the interception 229 

efficiency used in the Z01 scheme (Table 2) since the different formulations for Vd lead to at most a 30% difference 230 

between the two schemes (Fig. S1). Impaction is likely not playing a large role for particles in the submicron regime 231 

(see for example, Emerson et al., 2020). The schemes are roughly equivalent for water surfaces where the forms of 232 

Brownian, impaction, and interception efficiency are most similar. Saylor et al. (2019) compared the PR11 scheme 233 

with varying w* to the Z01 scheme for broadleaf, needleleaf, cropland, and urban land-use types and found similar 234 

results to those reported here for the σg = 1.01 case (see also Fig. S4). 235 

Despite general similarity between the PR11(1.01) and Z01 schemes, PR11 estimates of Vd change 236 

dramatically when modal integration is considered. As σg increases, the PR11(1.7) and PR11(2.5) predictions for 237 

third moment Vd increase rapidly with increasing particle size across all land-use types (e.g., factors of 49 and 70, 238 

respectively, larger than Z01 at dp = 1 μm). This is consistent with the large differences found between CMAQ and 239 

CAMx for fine-mode mass Vd by Shu et al. (2017). When σg increases from 1.01 to 2.5, it is expected to reflect this 240 

characteristic shift of the Vd trend to smaller particle sizes. Because the modal integration approach with larger σg is 241 

influenced by larger particles (dp > 10 m) where Vd is orders of magnitude larger, PR11(1.7) and PR11(2.5) tend to 242 

predict higher Vd at mid-range particle size (0.2 < dp < 1 m) relative to PR11(1.01). Meanwhile, at smaller sizes (dp 243 

< 0.1 m), PR11(1.7) and PR11(2.5) predict lower Vd than PR11(1.01) since they are influenced by midsize particles 244 

(0.2 < dp < 1 m) where Vd is orders of magnitude smaller. The minimum Vd for the PR11(2.5) scheme shifts 245 

compared to PR11(1.01) from approximately 1.0 to 0.1 μm. Pleim and Ran (2011) found the same behavior when 246 

introducing the formulation for the PR11 impaction efficiency but did not discuss its magnitude in the context of 247 

particle dry deposition schemes in contemporary CTMs or other model deposition processes. Detailed inspection of 248 

the sensitivity of the third moment Vd on σg, introduced by the formulation of the integrated impaction efficiency, 249 

suggests that the PR11 scheme predicts unrealistically large Vd at large σg (section S1). Overall, our results indicate 250 
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that the discrepancy in particle dry deposition schemes documented by Shu et al. (2017) are partly driven by an 251 

expected increase in Vd when properly considering the polydispersity of aerosol modes but are also exacerbated by 252 

an unconstrained integration approach for the impaction efficiency. 253 

3.2 Evaluation of CMAQ dry deposition schemes 254 

Evaluation of the third moment Vd from the PR11 scheme and two revised schemes (OFF and VGLAI) 255 

with field data demonstrates that the revised schemes have similar magnitude and size-dependence to the PR11 256 

scheme (Fig. 2). When σg = 1.01, all schemes reflect monodisperse particle populations and OFF is equivalent to 257 

PR11. However, the predicted Vd is sensitive to σg, shifting to the left as σg increases from 1.01 to 2.5. For water 258 

surfaces, the schemes give nearly identical results across all ranges of dp. While observed data over water surfaces is 259 

sparser than that for land-based surfaces, the limited data available suggest that all three schemes are 260 

underpredicting the deposition of coarse particles over water and are possibly overpredicting deposition of 261 

submicron particles. For grass surfaces, VGLAI markedly increases Vd beyond that of both the PR11 and OFF 262 

schemes in the sub-micron particle range. This feature is enhanced further for both forest types, characterized by 263 

taller canopies and greater LAI than that for grass. All three schemes appear to miss the sharp increase in Vd starting 264 

at ~100 nm particle diameters and thus underpredict the deposition of accumulation mode particles. Emerson et al. 265 

(2020) showed that this trend could be approximated using a form of the Slinn (1982) model with an increased role 266 

of particle interception efficiency determined from an empirical fit. Saylor et al. (2019) added an efficiency term for 267 

an unknown process and empirically fit its value for discrete size ranges, which can be applied in a sectional aerosol 268 

model. Graphically, the VGLAI scheme appears to perform incrementally better at capturing the observed 269 

magnitude of Vd over vegetative surfaces than the PR11 and OFF schemes. Future work on CMAQ dry deposition 270 

schemes will address the current discrepancy between schemes based on Pleim and Ran (2011) and relatively high 271 

Vd for accumulation mode particles. As σg increases to 1.7, where all schemes represent relatively narrow 272 

polydisperse particle populations, the PR11 overestimates Vd in the 2-10 μm range compared to available 273 

observations for coniferous forest surfaces. The OFF and VGLAI schemes both reduce Vd in this range as revisions 274 

of impaction efficiency integration take effect. All schemes still show the same performance on the water. When σg 275 

increases to 2.5, the trends of the three schemes sharply shift to the left, significantly deviating from observed data 276 

for coarse particles over grass and coniferous forests. All schemes seem to capture more observations in the 0.1-1 277 

μm range over the two forest types, perhaps indicating a role for polydispersity in historical bulk particle 278 

measurements. 279 

Deposition velocity predicted by all schemes is statistically evaluated for σg = 1.01 to reflect monodisperse 280 

particle populations (Table 4), consistent with other studies (e.g., Saylor et al., 2019). Our results show that all 281 

schemes statistically underpredict Vd across particle sizes and land-use types, which is also consistent with Saylor et 282 

al. (2019). Generally, these results show that the revisions incorporated in the VGLAI scheme better reproduce 283 

ambient observations of Vd than the PR11 scheme, with negative fractional biases reduced by factors of 9.2, 37.7, 284 

and 2.26 for grass, coniferous forest, and deciduous forest surfaces, respectively. The VGLAI also improves 285 

fractional biases and errors when evaluated with alternative σg (1.7 and 2.5, see Table S3). Correlation coefficients 286 
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across all σg are similar or slightly smaller with the VGLAI scheme, a consequence of the PR11 scheme 287 

approximating the shape of the Vd observation trend as in Fig 2. It is noted that correlation coefficients for 288 

deciduous forest are quite lower than other land use types. This could be the imperfection of collected deciduous 289 

datasets. Not all measurements have well stated their measured dp or σg, thus assumptions were made. And some 290 

studies reported abundant data while others only have sparse data points (Table S2). Generally, results suggest that 291 

large values of σg significantly impact the polydisperse Vd and should be used cautiously in CMAQ. Nevertheless, 292 

with an appropriate choice of σg (e.g., 1.01 or 1.7), the OFF and VGLAI schemes improve numerical stability over 293 

the PR11 scheme for 1-10 μm particles where the impaction efficiency is important. Saylor et al. (2019) pointed out 294 

that PR11 scheme was sensitive to the value of  <⋆, which can vary significantly as a function of the surface 295 

roughness, defined for each land-use type. Even if explicit <⋆ can be acquired from WRF output when PR11 is 296 

implemented in CMAQ, it is not practical to apply all explicit <⋆ in box model scale. Therefore, assumed <⋆ is used 297 

for box scale evaluation as Saylor et al. (2019). The sensitivity of dry deposition schemes is tested in Fig. S4, and it 298 

shows that the uncertainty introduced by the convective correction factor, Ff, is also important to consider for sub-299 

micron particles, particularly sub-300 nm particles for wider modes. 300 

3.3 Impact on CMAQ particle dry deposition velocity 301 

Although the box model characterization and evaluation results illuminate the process-level impacts of 302 

revising the particle Vd algorithm, a broader analysis of dry Vd within the context of a regional-scale simulation is 303 

needed to fully understand the impact that the OFF and VGLAI schemes have on CMAQ model performance and 304 

deposition predictions. We first inspect the change in dry Vd summarized for the entire model domain for Aitken, 305 

accumulation, and coarse mode particles.  306 

From the box-whisker plots of annually averaged �� shown in Fig. 3, OFF and VGLAI both reduce the 307 

median �� of coarse-mode particles by 79% and 72%, respectively, compared to the PR11 simulation. For Aitken-308 

mode particles, the revision in the OFF scheme has little impact on Vd compared to PR11 while using VGLAI 309 

increases the median �� by 47% while also increasing the 95th percentile from 0.29 to 0.56 cm s-1. For accumulation 310 

mode particles, OFF reduces median Vd by 24%, while the LAI correction to the VGLAI scheme increases median 311 

�� by 22%. The change in coarse-mode particle deposition velocity is similar across all major land-use types (Fig. 312 

S5), including water. The slight increase in Vd for the coarse mode when revising the OFF scheme to VGLAI is a 313 

result of integrating the settling velocity when calculating the impaction efficiency, as well as revising the form of 314 

the impaction efficiency expression (Table 3). For vegetative land-use types, the Aitken-mode Vd changes resemble 315 

that of the total domain-wide change, where PR11 and OFF have similar Vd distributions while the VGLAI scheme 316 

increases Vd. For water surfaces, predictions with the three schemes have similar distributions of Vd for the Aitken 317 

mode. 318 

Figure 4 shows the spatial variation in annual mean third-moment dry Vd of the three particle modes 319 

(Aitken, accumulation, coarse) for the PR11 scheme and the impact of the revised parameterizations on the PR11 320 

dry Vd predictions. There generally exists orders of magnitude difference in �� among different particle modes 321 

consistent with box model results and established literature (Aitken: �� = 0.03~0.55 cm s-1, accumulation: �� = 322 
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0.01~0.72 cm s-1, coarse: Vd = 0.43~18.37 cm s-1). For a given aerosol mode, �� varies considerably for different 323 

land-use types. But even when controlling for particle size and land-use type, the three CMAQ simulations have 324 

significant differences in Vd across the entire domain. Compared with PR11, OFF systematically reduces the �� of 325 

coarse mode particles by an average of 65% over the entire domain. For the Aitken mode, OFF has less impact than 326 

it does for the coarse mode, reducing Vd by less than 8% across the model domain. Comparison of the accumulation 327 

mode, however, indicates a stronger downward adjustment in elevated regions of the Rocky and Appalachian 328 

Mountains (-61%) and less impact in the plains and low-lying areas of the southeast (-8%). VGLAI predicts similar 329 

Vd reductions to the OFF scheme for coarse particles but increases Vd by an average of 59% for the Aitken mode, 330 

particularly in the forests of the southeast US (up to 305%). For accumulation mode particles, VGLAI shows spatial 331 

diversity of Vd perturbations compared to PR11. This is because the LAI correction factor and impaction efficiency 332 

revisions are independently important for the Aitken and coarse modes, respectively, but they are both relevant for 333 

calculating the accumulation mode Vd. The impaction efficiency revision leads to a net decrease on average over the 334 

highest elevated mountainous regions where CMAQ predicts larger and broader than average accumulation modes, 335 

while the LAI dependence of the VGLAI scheme ensures net enhancements in Vd over the southeast, south, west 336 

coast, and central Canada where accumulation mode parameters are predicted to be smaller and narrower than 337 

average (i.e., close to sources). 338 

Evaluation of predicted SO4
2-, NO3

- and NH4
+ using CASTNET inferential deposition estimates, similar to 339 

Saylor et al. (2019), are summarized in Table 5. Compared to PR11, VGLAI reduces negative fractional biases of 340 

SO4
2-, NO3

- deposition by 18.8% and 11.7% and positive biases of NH4
+ deposition by 15.3%. Fractional errors 341 

decrease as well for SO4
2- and NO3

- but increase for NH4
+. As Saylor et al. (2019) argued, these inferred dry 342 

deposition observations are not ideal for evaluating a regional-scale photochemical grid model like CMAQ, but they 343 

offer additional evidence that the VGLAI scheme is performing reasonably. 344 

3.4 Impact on CMAQ ambient particle concentrations 345 

Histograms of the change in annual mean concentration predicted by CMAQ for aggregate PM mass 346 

metrics using the OFF and VGLAI schemes is shown in Fig. 5. The histograms depict spatial variability in annual 347 

mean values over the CMAQ domain. The OFF scheme predicts greater concentrations of all aggregate PM for 348 

PM10, PM coarse (PMC; 2.5 < dp < 10 μm), PM2.5, PM2.5 organic matter (OM), and PM1.0, respectively. Meanwhile, 349 

the VGLAI impact is larger for smaller particles, with reductions for PM1.0 and PM2.5 OM concentrations by as much 350 

as -0.78 and -0.47 μg m-3, respectively. The concentration change distributions for these metrics are characterized by 351 

long tails, and most grid cells change by less than -0.2 μg m-3. For PM2.5, VGLAI concentration changes range from 352 

-0.7 to 0.8 μg m-3 depending on location. The histograms for PM10 and PM2.5 are also plotted by land-use categories 353 

in Fig. S6 and S7 based on the map of dominant land use (Fig. S10). Because of their elevated importance as criteria 354 

air pollutants, we show the annual mean surface concentrations of PM10 and PM2.5 simulated by PR11 in Fig. 6, 355 

along with the relative percent changes when the OFF and VGLAI schemes are used. Similar maps of PM2.5 356 

chemical components (NO3
-, NH4

+, SO4
2-, element carbon (EC), and OM) are provided in Fig. S8 as well as PM10 357 

(Fig. S9). As CMAQ does not treat EC and OM in coarse mode, only NO3
-, NH4

+, SO4
2- are plotted for PM10. 358 
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CMAQ simulations using the OFF and VGLAI schemes predict much higher PM10 concentrations over the western 359 

US, ranging from +4.3 % to +122 %, a result of substantially lower predicted Vd for the coarse mode particles (Fig. 360 

4D, G). For PM2.5, the updated schemes predict more modest changes (-5.8% to 19.3%). This is due to the 361 

diminishing influence of the impaction term in the PR11 scheme on decreasing particle size. The OFF scheme 362 

introduces essentially no change to the aerosol concentrations over vegetative areas in the eastern U.S. but does 363 

result in a significant increase in concentrations in the southwest U.S. With the VGLAI scheme in place, 364 

concentrations decrease modestly (less than 10%) in regions outside the southwest U.S.  365 

This modest impact on PM2.5 concentrations is broadly consistent with the depiction of accumulation mode 366 

Vd in Fig. 4F, as the predicted magnitude of Vd for the accumulation mode is quite small in the PR11 scheme. 367 

However, the impact on speciated components is more complex (Fig. S8). Annual-averaged concentrations of bulk 368 

PM2.5 increase slightly with the OFF scheme, driven mainly by enhancements in OM, SO4
2-, and to a lesser extent, 369 

EC. Ammonium concentrations decrease throughout the US, and NO3
- concentrations decrease substantially across 370 

most of the US but increase in Arizona, New Mexico and Mexico. When the VGLAI scheme is implemented, 371 

concentrations of all species decrease by 2-10% throughout most of the domain, except for NO3
- in the southwestern 372 

U.S. and Mexico where predicted concentrations increase significantly (up to +51%).  373 

Statistical evaluation of bulk PM10, bulk PM2.5, and PM2.5 organic carbon (OC) concentrations with 374 

combined measurement datasets show substantial improvement for bias metrics when the VGLAI scheme is used 375 

(Table 6). CMAQ underpredicts PM10 across the three networks regardless of the particle dry deposition scheme 376 

used, with mean biases of -9.78 μg m-3 (PR11), -6.03 μg m-3 (OFF), and -6.56 μg m-3 (VGLAI). Compared with 377 

PR11, both OFF and VGLAI reduce negative fractional biases by 46% and 41%, respectively, while the absolute 378 

mean bias for each decrease by 3-4 μg m-3. The fractional error for PM10 decreases by about 15%. For bulk PM2.5, 379 

CMAQ using the OFF scheme performs worse than with PR11, increasing all bias metrics modestly. However, with 380 

the VGLAI scheme, mean and normalized mean biases are reduced by about half, with fractional bias reduced by 67% 381 

compared to PR11. Fractional error is similar across all three cases. PM2.5 OC performance for each case mirrors the 382 

results of bulk PM2.5, with mean bias reduced from 0.45 μg m-3 (PR11) to 0.39 μg m-3 (VGLAI). We note that while 383 

Shu et al. (2017) found that CMAQv5.0.1 underestimated OC compared to ambient observations, CMAQv5.2.1 and 384 

v5.3 (Appel et al., 2020) both predict OC well, with just a slight overprediction on average, the result of revised 385 

organic aerosol formation and loss pathways incorporated in the CMAQ system between versions 5.0.1 and 5.2.1 386 

(e.g. Pye and Pouliot, 2012; Pye et al., 2013; Pye et al., 2015; Murphy et al., 2017; Pye et al., 2017) and 5.3 (Xu et 387 

al., 2018). Performance for inorganic PM2.5 species is considerably more mixed (Table S4) with SO4
2-, NO3

- and 388 

NH4
+ biases increasing when VGLAI is implemented, and EC biases reduced slightly.  389 

5 Conclusions 390 

 This study has documented the motivation, details, and impacts of incremental improvements to particle 391 

dry deposition in CMAQv5.3, which has been updated with the VGLAI scheme. We have shown that the substantial 392 

difference in fine particle Vd between CMAQv5.0.1 and CAMx v5.4.1 documented by Shu et al. (2017) are partly 393 

attributable to the lack of consideration of polydispersity in the CAMx scheme, and partly to a numerically 394 
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unconstrained integration approach applied to the formulation of the impaction efficiency in the PR11 scheme. We 395 

update the conclusions of Shu et al. (2017) after finding that CMAQv5.2.1 does not underpredict PM2.5 OC 396 

compared to network observations, and that available particle dry Vd measurements indicate that both the CMAQ 397 

and CAMx particle dry deposition schemes underpredict Vd in the fine particle regime, particularly for vegetative 398 

surfaces. Updating these schemes in current CTMs, which presently show relatively good model performance for 399 

fine particle predictions against routine network observations, will likely require additional upward revisions to 400 

particle emission and formation rates. The most significant impact of the new CMAQ particle dry deposition scheme 401 

was the enhancement of PM10 concentrations, which reduced negative biases of PM10 predictions by one third to one 402 

half. More research is needed to constrain production and loss of coarse particles in atmospheric models, especially 403 

natural resuspension processes like wind-blown dust and sea spray.  404 

 Our detailed analysis of the CMAQ particle dry deposition scheme highlights several key issues to keep in 405 

mind for current application and future development. First, recently published empirical fits to available dry 406 

deposition observations (e.g. Saylor et al., 2019; Emerson et al., 2020) are extremely promising and provide 407 

encouraging performance improvements, especially for fine particle deposition. However, they still rely on 408 

parameterization of unknown or physically abstract processes (i.e. interception) to describe the variability observed 409 

in particle size and land-use type. Future dry deposition studies will hopefully lead to fully process-based 410 

approaches so that theory may be more confidently extrapolated to environmental scenarios unconstrained by 411 

measurements. Second, most studies, including this one, evaluate particle dry deposition schemes using field data, 412 

simplifying or ignoring the uncertainty introduced by meteorological variability, uncertainty in characterizing 413 

surface properties, and unknown source processes within complex systems, like vegetative canopies. Thus, 414 

correction factors, like Ff in the PR11 scheme are not fully constrained. Future studies should evaluate performance 415 

under varying convective conditions and consider the role of both formation and loss of particulate matter near the 416 

surface (e.g., in forest canopies). Third, the application of particle dry deposition schemes to particle size 417 

distributions in CTMs involves assumptions about how to project the process impacts to bulk variables, modes, or 418 

sections. If a bulk approach is used, we recommend assuming a mode width and integrating the Vd using Eqs. 2 and 419 

3 to avoid underestimating deposition of the particle population. For modal approaches, developers should be 420 

mindful of the large impact mode standard deviation can have on the polydisperse Vd, depending on how size-421 

dependent deposition parameters are integrated. It may be prudent to fix this parameter to a mode-dependent 422 

constant value in models as many large-scale CTMs already elect to do. Finally, contemporary particle dry 423 

deposition measurement studies are often able to report size-dependent data. This is a crucial capability that reduces 424 

uncertainty due to the polydispersity of the underlying particle population. It would be interesting to determine to 425 

what extent historical bulk Vd observations are affected by assumptions of monodispersity or, in some cases, a 426 

nominal mode width. 427 

Comparing particle dry deposition schemes across large-scale CTMs is perhaps more challenging than 428 

appreciated since the effect of mechanistic dry deposition schemes on model predictions can be difficult to 429 

disentangle from uncertainties in other processes like resuspension and vertical mixing. We continue to need 430 

integrated efforts that combine advanced field measurements, process-level insights, and large-scale atmospheric 431 
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models for better understanding the impact of particle dry deposition on broader environmental concerns like 432 

climate change and human exposure to poor air quality.  433 

Data availability 434 
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Table 1. Detailed mechanistic expressions used for particle dry deposition velocity and resistance parameters 

for monodisperse and sectional approaches. 
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ln *MGM�/ − ΨO
P
⋆  

1
* 1 + TUV	�max�YZ[ − 1, 0��/ �Q
⋆�RS�

 

Z01d
 �	 + 1


� + 
� JKL
ln *MGM�/ − ΨO

P
⋆  

1
]�
⋆�RS�
7 

 

�	 = settling velocity: �	 = ^_�̀ 	a
7bc  (m s-1) 

ρ = particle density (kg m-3) ef= particle diameter (m) 
g = acceleration due to gravity (m s-2) 

� = Cunningham slip-correction factor: � = 1 +  +h
�i  �1.257 + 0.4D�l.mmnio  � 

μ = temperature-dependent viscosity of air (kg m-1 s-1) q = the mean free path of air (m) JKL = non-dimensional temperature profile constant for neutral conditions MG = height at which dry deposition velocity is measured (m) M� = roughness length (m) ΨO = stability correction function for heat (see an example expression in Khan and Perlinger, 2017) P = Von Karman constant 
⋆ = friction velocity (m s-1) �RS�  = Total of all deposition process efficiencies: �RS� = �� + ��� + ��  (see detailed expressions for �� , ��� , ��  in Table 2� �� = Brownian diffusion efficiency ���  = Impaction efficiency 

��  = Interception �Q  = correction factor for convective conditions: �Q = 1 + 0.24 u⋆�
v⋆�  

<⋆ = convective velocity scale (m s-1) ]� = empirical constant assumed to be 3 across all land-use types (Zhang et al., 2001) 
7 = correction factor for fraction of particles that stick to the surface 
aBase CMAQ scheme (v4.5 to v5.2.1) 
bProposed CMAQ scheme (only tested in CMAQ v5.2.1 in this work) 
cProposed CMAQ scheme (tested in CMAQ v5.2.1 in this work and incorporated in CMAQ v5.3) 
dCAMx v5.4.1 and later 
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Table 2. Detailed mechanistic expressions used for particle dry deposition velocity, settling velocity and 

resistance parameters for monodisperse and sectional approaches. 
 

Scheme wx wyz wy{ |} wy{ |} 
   Smooth Surfaces Vegetative Surfaces 

PR11a ���+~ 
��+

400 + ��+ Assume 0 �	
⋆+��  Assume 0 �	
⋆+��  

OFFb ���+~ 
��+

400 + ��+ Assume 0 
�	
⋆+��  Assume 0 

�	
⋆+��  

VGLAIc ���+~ 
��+

1 + ��+ Assume 0 
�	
⋆�Z  Assume 0 

�	
⋆�Z  

Z01d ���� � ��
; + ���+

 Assume 0 
�	
⋆+��  1

2 �efZ �
+
 

�	
⋆�Z  

� = empirical parameter dependent on land-use type. Ranges from 0.5 to 0.58 

; = empirical parameter dependent on land-use type. Ranges from 0.8 to 100, but typically 1.0 or 1.2 

� = kinematic viscosity of air (m2 s-1) 

A = characteristic radius of collectors on vegetative surfaces (m) 
a, b, c, dSame as Table 1. 



 

 19 

Table 3. Modifications to particle dry deposition schemes for integrated modal forms. 

 

Scheme 

Integrated 

Parameters for Vd 

Calculation 

wyz,��  |}�%  

PR11a "$% , �	,$% , ���,$�  ���+
400� D��$�b� �L� �F   �	
⋆+��  

OFFb "$% , �	,$%  ��+
400 + ��+ 

�	
⋆+��  

VGLAIc "$% , �	,$% , ��$% , ���,$�  �� %+

1 + �� %+ 
�	! 
⋆�Z  

 

k corresponds to the moment of the modal distribution being calculated (i.e., number = 0, surface area = 2, volume = 
3). 
a, b, cSame as Table 1. 
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Table 4. Statistical evaluation of particle dry deposition schemes implemented in the box model for 

polydisperse particle populations across four land-use types. 

Land-Use Type Schemea 
Fractional 
Bias (FB)b 

Fractional 
Error (FE)c 

dR2 

Grass PR11 -70.88 114.54 0.71 
 OFF -70.94 114.59 0.71 
 VGLAI -7.73 96.99 0.71 

Coniferous Forest PR11 -98.03 115.18 0.59 
 OFF -98.39 115.06 0.59 
 VGLAI -2.67 89.67 0.57 

Deciduous Forest PR11 -149.38 149.72 0.05 
 OFF -149.38 149.72 0.05 
 VGLAI -66.31 106.58 0.05 

Water PR11 -47.23 132.07 0.57 
 OFF -47.23 132.07 0.57 
 VGLAI -47.19 132.04 0.57 

a Modal standard deviation (σg) is assumed to be 1.01. 
b Fractional bias: �� = +

 ∑ �����
�����  , FB ranges from negative infinity to positive infinity with 0 indicating unbiased 

data. 
c Fractional error: �� = +

  ∑ |�����|
����� , FE ranges from 0 (perfect performance) to positive infinity. 

d Coefficient of determination: 
+ = � ∑��������������
�∑�������� ∑���������+

, R2 ranges from 0 to 1. 
f FB and FE are multiplied by 100. 
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Table 5. CMAQ deposition model performance for 2011 across CASTNET network. 

Depositio
n Metric 

Dry 
Depositio
n Scheme 

Number of 
Observations 

Mean 
Bias 

(MB)a 

Normaliz
ed Mean 

Bias 
(NMB)b 

Fractional 
Bias 

(FB)c 

Fractional 
Error 
(FE)d 

R2 

SO4
2- PR11 3992 -0.0083 -59.39 -84.23 94.24 0.32 

 OFF  -0.0109 -78.21 -113.92 117.47 0.64 
 VGLAI  -0.0071 -51.29 -65.47 76.27 0.59 

NO3
-
 PR11 3992 -0.0031 -65.80 -85.55 110.70 0.20 
 OFF  -0.0036 -76.41 -110.87 123.66 0.35 
 VGLAI  -0.0031 -64.33 -73.89 101.68 0.25 

NH4
+ PR11 3992 0.0002 4.64 120.31 75.88 0.01 
 OFF  -0.0011 -21.37 204.66 -18.95 0.01 
 VGLAI  0.0007 13.41 105.03 94.4 0.01 

a Mean bias: �� = 7
 ∑ �� − �� , MB ranges from negative infinity to positive infinity with 0 indicating unbiased 

data. 
b Normalized mean bias: ��� = 7

  ∑ �����
��  , ranges from negative 1 to positive infinity with 0 indicating unbiased 

data. 
c Defined in Table 4. 
d Defined in Table 4. 
f MB unit is kg ha-1. 
g NMB, FB and FE are multiplied by 100. 
 

Table 6. CMAQ concentration model performance for 2011 with combined measurement datasets (AQS, CSN 

and IMPROVE). 

Concentration 
Metric 

Dry 
Deposition 

Scheme 

Number of 
Observations 

Mean Bias 
(MB)a 

Normalized 
Mean Bias 

(NMB)b 

Fractional 
Bias (FB)c 

Fractional 
Error (FE)d R2 

PM10
e PR11 165312 -9.78 -45.09 -50.06 68.16 0.03 
 OFF  -6.03 -27.77 -26.86 57.59 0.05 
 VGLAI  -6.56 -30.25 -29.58 58.59 0.05 

PM2.5 PR11 473606 0.69 7.00 1.86 41.92 0.39 
 OFF  0.73 7.46 2.73 41.73 0.39 
 VGLAI  0.47 4.77 0.60 41.55 0.38 

OCf PR11 68428 0.45 29.84 15.00 55.22 0.29 
 OFF  0.46 30.67 15.63 55.41 0.29 
 VGLAI  0.39 25.97 12.79 54.63 0.29 

a, b, c, d Defined in Table 5. 
e Only AQS data. 
f PM2.5 organic carbon. 
g MB unit is μg m-3. 
h NMB, FB and FE are multiplied by 100. 
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Figure 1. Comparison of CMAQ (PR11) and CAMx (Z01) particle dry deposition (Vd) schemes implemented in a 
box model as a function of monodisperse particle size for four land-use types. For the PR11 scheme, the trends are 
integrated for the deposition of the third moment of the modal particle size distribution with the x-axis 
corresponding to the geometric mean particle diameter of the mode. Each PR11 trend corresponds to a different 
value of σg which is denoted in parentheses, the modal standard deviation. For the Z01 scheme, the trend shown is 
for monodisperse particles, consistent with how the scheme is typically applied in the CAMx model. The black 
circle symbols identify the assumed sizes of particles in the CAMx coarse-fine approach. No full CAMx simulations 
were performed for this work. 
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Figure 2. Particle dry Vd for the base PR11 scheme and two updated schemes (OFF and VGLAI) implemented in the box 
model as a function of polydisperse particle geometric mean diameter for four land-use types and three assumptions for modal 
standard deviation (σg = 1.01, 1.7 and 2.5). The trends correspond to the modal integrated Vd of the 3rd moment (i.e., particle 
volume). Details of the observations (black dots) are provided in the supporting information (Table S2).  
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Figure 3. Annually averaged dry Vd predicted by CMAQv5.2.1 for the Aitken, accumulation, and coarse particle modes using 
the PR11, OFF, and VGLAI particle dry deposition schemes. The variability illustrated by the boxes and whiskers corresponds to 
spatial variability in annually averaged values throughout the CMAQ domain. 
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Figure 4. CMAQ estimated annual mean particle dry deposition velocity (cm/s) using PR11 for the Coarse, accumulation, and 
Aitken size modes (A, B, C) and the corresponding percent changes with updated dry deposition schemes for OFF (D, E, F) and 
VGLAI (G, H, I).  
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Figure 5. Histograms of the change in annually averaged concentration estimated by CMAQ for aggregate PM mass metrics 
between PR11 and the OFF and VGLAI particle dry deposition schemes. The variability illustrated by the histograms 
corresponds to spatial variability in annually averaged values throughout the CMAQ domain. 
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Figure 6. CMAQ estimated 2011 annual mean PM10
 and PM2.5 (�g m-3) for the PR11 dry deposition scheme and the 

corresponding percent change using the OFF and VGLAI schemes.  
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