



Peer review status:


This is a non-peer-reviewed preprint submitted to EarthArXiv.



 1 

Regionally representative observations reveal 1 

coupled influence of meteorology and surface 2 

exchange on atmospheric mercury variability  3 

Eric M. Roy1,2*, David A. Gay3, Noelle E. Selin1,2,4 4 

1Department of Earth, Atmospheric, and Planetary Sciences, Massachusetts Institute of 5 

Technology, Cambridge, MA 02139, USA 6 

2Center for Sustainability Science and Strategy, Massachusetts Institute of Technology, 7 

Cambridge, MA 02139, USA 8 

3National Atmospheric Deposition Program, Wisconsin State Laboratory of Hygiene, University 9 

of Wisconsin Madison, Madison, WI 53706, USA 10 

4Institute for Data, Systems, and Society, Massachusetts Institute of Technology, Cambridge, 11 

MA 02139, USA 12 

KEYWORDS: Mercury, Gaseous Elemental Mercury, Chemical Transport Modeling, Box 13 

modeling,  Diel variability, Atmospheric rectifier effect 14 

ABSTRACT: The environmental fate of mercury (Hg) is determined by its atmospheric 15 

processing, yet the relative role of surface fluxes, chemistry, and transport on atmospheric loadings 16 

remains poorly understood. We use multiyear gaseous elemental Hg (Hg0) concentration 17 

measurements at two rural sites and two urban sites in the northeastern US coordinated by the 18 



 2 

National Atmospheric Deposition Program (NADP) together with models to identify drivers of 19 

diel variability. We observe that Hg0 concentrations have similar magnitude and variability 20 

between measurement sites within urban or rural regions, with highest concentrations in the urban 21 

region. Concentrations within the rural and urban regions tend to converge at midday, reaching a 22 

maximum at rural sites and a minimum at urban sites, particularly in summer. Using a boundary 23 

layer box model and the GEOS-Chem chemical transport model, we show that this midday 24 

convergence is driven by the combined influence of regional surface fluxes and the entrainment of 25 

free tropospheric air, rather than in-situ chemical fluxes. Our results demonstrate that diel Hg0 26 

concentration variability can serve as a constraint on free tropospheric loadings of Hg0 and can 27 

help identify biases in regional and global atmospheric budgets of Hg.  28 

1 Introduction 29 

Mercury (Hg) is a globally distributed neurotoxic pollutant which is subject to complex 30 

atmospheric processing that determines its deposition to vulnerable ecosystems1–3. Historical and 31 

ongoing anthropogenic activities have introduced significant quantities of Hg to the environment 32 

over the last four millennia, leading to an eightfold increase in its atmospheric burden4,5. The rate 33 

at which Hg is removed from the atmosphere is largely determined by its chemical speciation, 34 

which includes gaseous elemental Hg (Hg0, >90% of tropospheric burden) along with gaseous and 35 

particulate-bound oxidized Hg (HgII, <10% of tropospheric burden)6–8. Hg0 has a long atmospheric 36 

lifetime and is removed by vegetative uptake or oxidation to HgII 8,9, while HgII is highly soluble 37 

and readily removed from the atmosphere via wet or dry deposition10,11, or may be converted to 38 

Hg0 via photoreduction8,12. In addition to direct anthropogenic and geogenic Hg emissions, 39 

previously deposited mercury can be reemitted from surfaces, leading to its continual recycling in 40 
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the environment5. Therefore, the atmospheric concentration of Hg at a given location will be 41 

determined by the combined influence of emission, deposition, chemistry, and atmospheric 42 

transport processes that act on local to global scales. 43 

The diel variation of Hg0 at urban and rural measurement sites has been explained by several 44 

different mechanisms in existing literature, including chemical, surface exchange, and 45 

meteorological forcings. Long term measurements made possible by national and international 46 

monitoring networks have shown that average Hg0 concentrations in urban regions are often higher 47 

than rural regions, consistent with the expected impact of modern and historical anthropogenic 48 

emissions13,14. These observations have also shown that diel variations of atmospheric Hg0 in urban 49 

and rural regions are effectively out of phase with one another, with Hg0 lowest at midday at urban 50 

sites and highest at midday at rural sites. Early studies observed that this daytime decline of Hg0 51 

at urban sites coincided with a daytime maximum in HgII and argued that this variability could be 52 

explained by O3-mediated oxidation in polluted regions15,16. However, a recent study using robust 53 

HgII measurements found that these elevated HgII concentrations were likely driven by free 54 

tropospheric input rather than in-situ oxidation17. In contrast to urban areas, Hg0 concentrations in 55 

vegetated rural areas are typically highest at midday and lowest before dawn18–20. This pattern is 56 

counterintuitive given the growing consensus that vegetation acts as a net sink of Hg0, where 57 

photosynthetically-driven uptake should be strongest at midday21,22. Studies have argued that 58 

daytime Hg0 concentration peaks may be driven by the reemission of Hg from short-term 59 

reservoirs, including previously deposited HgII on cuticular surfaces23, or the uptake and 60 

subsequent reemission of Hg0 by dew formation and evaportation23,24. However, hypothesized 61 

reemission pathways were not observed in ecosystem-scale flux measurements carried out at two 62 

rural sites in the northeastern US, instead showing that underlying forests act as a strong sink 63 
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during daylight hours and a slight sink overnight during vegetatively active seasons25. A recent 64 

controlled experiment found that tropical vegetation also acted as a strong sink during daylight 65 

hours and a weak sink overnight, though mechanisms for this variability remain unclear26. 66 

Several studies have identified that the diel behavior of Hg in urban and rural areas may be 67 

explained by atmospheric boundary layer variability and mixing. Nair et al.19 compared Hg0 68 

concentrations at urban, rural, and suburban sites in the southeastern US and used correlation-69 

based arguments to conclude that boundary layer entrainment was a key driver of differences in 70 

diurnal variations across sites, rather than chemical fluxes. More recently, Roy et al.20 compared 71 

the seasonal and diel variation of Hg0 concentrations and Hg0 ecosystem uptake fluxes at two rural 72 

forests in the northeastern US, finding that concentrations are highest when uptake fluxes are 73 

strongest, and argued that the out-of-phase behavior could be explained by the combined influence 74 

of variations in surface fluxes and the downwelling of free tropospheric air. Furthermore, Denzler 75 

et al.27 showed that a simple boundary layer box model could be used to quantify emissions in an 76 

urban area under specific meteorological conditions, demonstrating the important impact of 77 

meteorology on concentration variability.  However, the relative contribution of chemistry, surface 78 

fluxes, and transport fluxes (i.e., boundary layer entrainment, horizontal advection) to diel 79 

variability has not been extensively studied in existing chemical transport models (CTMs). 80 

Here, we investigate the drivers of spatial and diel variation of Hg0 concentrations at four 81 

measurement sites (two urban, two rural) in the northeastern US coordinated by the National 82 

Atmospheric Deposition Program (NADP) Atmospheric Mercury Network (AMNet). We first 83 

characterize the diel variation across the sites in both June and December, representing summer 84 

and winter months, respectively. We then use a boundary layer box model adapted from Denzler 85 

et al.27 that is driven by observationally derived meteorology to calculate the regional surface 86 
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fluxes that reproduce observed Hg0 concentrations at rural and urban sites for a given set of 87 

boundary conditions. Finally, we compare the range of calculated regional surface fluxes to those 88 

used by the GEOS-Chem CTM and explore the relative sensitivity of modeled concentration 89 

variability to regional surface and transport fluxes. 90 

2. Methods 91 

We first describe the four measurement sites evaluated in this study (section 2.1), and then 92 

describe our implementation of the GEOS-Chem CTM in this paper (section 2.2). Finally, we 93 

discuss the boundary layer box model that we use to efficiently investigate the drivers of 94 

concentration variability in the rural and urban regions represented by our observations (section 95 

2.3).  96 

2.1 Measurement Sites 97 

Formally launched in 2009, NADP AMNet was designed to provide concentration 98 

measurements of Hg0 and HgII (gaseous and particulate-bound) that could be used, in part, to infer 99 

the dry deposition of Hg to North America13. We use Hg0 measurements from four sites in the 100 

northeastern US that were active for at least one year between 2011 and 2019 (inclusive) and 101 

exclude analysis of HgII based on its secondary contribution to atmospheric Hg burdens, along 102 

with the growing consensus that HgII measurement techniques used by current networks exhibit a 103 

significant and spatially variable low bias28. We select the New Brunswick, NJ (NJ30) and The 104 

Bronx, NY (NY06) sites to represent urban conditions, located approximately 45 km SW and 15 105 

km NE of midtown Manhattan, respectively. Measurements taken at the Huntington Wildlife 106 

Forest, NY (NY20) and on the slopes of Mt. Mansfield in Underhill, VT (VT99) are located 107 

approximately 400 km N of Manhattan and represent rural conditions (Figure 1). These sites were 108 

selected, as they exhibit seasonal and diel concentration variations that are consistent with previous 109 
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regional analyses. We formally evaluate the consistency of concurrent hourly observations at 110 

different sites in Supplemental section S1.3 to support our interpretation of these sites as regionally 111 

representative. We find higher positive correlations of sites within a given region and values near 112 

zero between sites in different region types in June. Meanwhile, we find weak positive correlations 113 

among nearly all sites in December, consistent with the weak variability measured at all four sites 114 

in this dormant season, along with the increased influence of synoptic scale forcing during 115 

midlatitude winter. While observations are also available for the Elizabeth, NJ site (NJ54) since 116 

2015, we exclude this site from our analysis due to extremely high average concentrations, which 117 

suggest that this site is influenced by local pollution sources (Figure S1). One potential source is 118 

the Phillips 66 oil refinery that is located approximately 1 km WSW of NJ54, which is listed as 119 

the 7th largest Hg source in New Jersey by the 2020 EPA National Emission Inventory29, among a 120 

number of other local sources that were identified by Aucott et al.30. A summary of site 121 

characteristics for the NADP sites we consider is included in Table S1. 122 

Hourly Hg0 concentration measurements were downloaded from the AMNet website and used 123 

without further outlier filtering, as NADP conducts their own quality control that is described on 124 

their website (http://nadp.slh.wisc.edu/siteops/#amnet). Diel cycles of Hg0 at each site were 125 

determined by calculating the average concentration for each hour of each day in the month of 126 

interest for all available years, and missing measurements were ignored by our averaging 127 

technique. We primarily analyze Hg0 concentrations from June and December, which we show are 128 

representative of the typical diel variation at each site for summer and winter, respectively (Figure 129 

S4). 130 

http://nadp.slh.wisc.edu/siteops/#amnet
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Figure 1. Location of rural (Underhill, VT and Huntington, NY) and urban (The Bronx, NY and 132 

New Brunswick, NJ) NADP sites explored in this study. Shading refers to the annual 133 

anthropogenic emissions predicted by the GMA emission inventory31. Major ticks represent the 134 

bounds of GEOS-Chem 2° latitude by 2.5° longitude grid boxes and minor ticks represent bounds 135 

of GEOS-Chem 0.5° latitude by 0.625° longitude grid boxes. Inset: The solid box represents the 136 

northeastern US domain, while the dashed box represents the entire domain covered by nested 137 

GEOS-Chem simulations. 138 

2.2 GEOS-Chem 139 

We simulate the atmospheric concentration of Hg0 using the GEOS-Chem CTM (v14.1) to 140 

investigate its treatment of spatial and temporal variability at regional scales. This version of the 141 

model leverages the three-step oxidation mechanism described by Shah et al.8 and the updated dry 142 

deposition scheme introduced by Feinberg et al.6. We drive the model with 2015 anthropogenic 143 

emissions produced for the 2018 Global Mercury Assessment31 (GMA, Figure 1). Like other 144 
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currently published inventories, GMA provides annually averaged emission rates for 2015 and 145 

does not provide monthly or hourly disaggregation. Our use of constant fluxes is supported by a 146 

recent study of PM2.5 diel variability in the GEOS-Chem model which found that upgrading to an 147 

hourly emission inventory had a secondary impact on simulated diel concentration variability in 148 

urban areas of the United States32. 149 

Each simulation is run for 2018 and 2019, where 2018 data is discarded as model initialization. 150 

The model is run at its standard spatial resolution (2° latitude by 2.5° longitude with 47 vertical 151 

layers), which we refer to as the STND simulation. We then use this simulation to produce 152 

boundary conditions for a nested simulation (0.5° latitude by 0.625° longitude with 47 vertical 153 

layers) spanning eastern North America (20°-70° N, 50°-100° W, dashed box in Figure 1), 154 

allowing us to evaluate the impact of horizontal resolution on simulated Hg0 concentrations, which 155 

we refer to as NEST.  156 

We also conduct nine sensitivity simulations based on NEST to evaluate the impact of 157 

enhancements to regional emissions and free tropospheric loadings on surface concentrations at 158 

these sites (Table S4). We first assess the impact of emissions with three simulations where GMA 159 

anthropogenic emissions are scaled by factors of 3, 7 and 10 within the domain bounded by Figure 160 

1 (70°W-80°W, 40°N-50°N), referred to as ANT3, ANT7, and ANT10, respectively. We 161 

specifically select enhancements of 3 and 7 based on the recommendations of an existing study of 162 

the Greater Boston area33, which argued that bulk emissions likely needed to be enhanced, 163 

potentially driven by underestimated waste emissions and secondary emissions. Therefore, we 164 

consider these anthropogenic emission perturbation simulations to represent the net impact of 165 

primary emissions, as well as secondary emissions that would by highest near densely populated, 166 

polluted areas. We run an additional three sensitivity simulations where emissions throughout the 167 
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nested domain are scaled by 3, 7, and 10 to evaluate the impact of enhancing emissions across 168 

most of eastern North America, referred to as ANT3-ENA, ANT7-ENA, and ANT10-ENA, 169 

respectively. Two other sensitivity simulations use standard GMA anthropogenic emissions but 170 

uniformly increase free tropospheric Hg0 concentrations throughout the nested domain to 171 

approximately 1.4 ng m-3 (CFTSCAL) and 1.8 ng m-3 (CFTSCALMAX), respectively, allowing 172 

us to assess the impact of free tropospheric loadings on surface concentrations. Our final sensitivity 173 

simulation (CFTSCAL-ANT7-ENA) includes the regional emission scaling of the ANT7-ENA 174 

simulation and the free tropospheric concentration enhancement of the CFTSCAL simulation to 175 

investigate how their simultaneous adjustment can impact Hg0 variability. 176 

2.3 Box model 177 

We construct a simple boundary layer box model following the same motivations that underpin 178 

CTMs to efficiently explore the impact of key fluxes on the temporal variability of Hg0. Discretized 179 

CTMs implicitly assume that spatial concentration gradients within a grid box are negligible (i.e., 180 

well-mixed). Here, we adapt a model originally presented by Denzler et al.27 to simulate the 181 

temporal evolution of Hg0 concentrations within the planetary boundary layer (PBL) (!"!"#
!#

,	ng m-182 

3 hr-1) at rural and urban sites, where horizontal and vertical extents selected to satisfy the 183 

assumption of a well-mixed atmosphere, as shown in equation 1: 184 

1. 𝑑𝑐$%&
𝑑𝑡 =

𝑢(𝑐'( − 𝑐$%&(𝑡))
𝑥 +

𝑤$%&(𝑐)* − 𝑐$%&(𝑡))
𝑧 +

𝐹
𝑧 + 𝐹"+,- 

In this equation, u is the horizontal wind magnitude within the PBL (m hr-1), wPBL is the growth 185 

rate of the PBL (m hr-1), x is the horizontal extent of the box (m), z is the vertical extent of the box 186 

(PBL height, or PBLH, with units m), F is the surface flux within the box (ng m-2 hr-1), Fchem is the 187 

net production of Hg0 within the box (ng m-3 hr-1), and CUW and CFT represent the upwind and free 188 

tropospheric concentrations of Hg0, respectively. From left to right, the four terms of equation 1 189 
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represent the horizontal advection flux, entrainment flux, the net surface exchange flux, and net 190 

chemical production. We neglect Fchem in our box model and test this assumption in section 3.1 by 191 

comparing its magnitude in the GEOS-Chem CTM within the PBL to net surface fluxes. Further 192 

evaluation of this box model and its sensitivity to assumptions is included in supplemental section 193 

S2. 194 

We configure the box model to capture the average regional variability given an average set of 195 

meteorological conditions and fluxes, similar to the typical configuration of global CTMs. We 196 

define x to be 100 km, which is approximately equivalent to a 0.9° latitude by 0.9° longitude grid 197 

in this region. We justify the spatial extent of our box model with the coherence of measurements 198 

within urban or rural sites, supporting the assumption that our box model represents a well-mixed 199 

region (see section 3.1). We then define u, z, and wpbl using a previously dataset that provides 200 

hourly vertical profiles of horizontal windspeeds and PBLH calculated using aircraft data available 201 

at 50 airports within the continental US between 2010 and 202034,35. We use 2017 meteorological 202 

data rather than averaging PBL profiles interannually due to variations in the quantity and quality 203 

of aircraft-derived profiles. We evaluate the sensitivity of our findings to this simplification in 204 

supplemental section S2.5, to which we find a minimal impact on the key messages of this work.  205 

Regionally representative meteorological conditions are defined as the average of profiles 206 

collected at Newark Liberty International Airport (Newark, NJ) and Bradley International Airport 207 

(near Hartford CT). We then select the month of interest and calculate the average PBLH and 208 

horizontal windspeed for each respective hour, resulting in a single 24 hour diurnal cycle that is 209 

repeated for each day of the month. Due to the limited amount of data that are used to calculate 210 

these cycles (n £ 31 data points for each hour), we apply a centered rolling average with a five 211 

hour window to define the average boundary layer variation for this region (Figure S6), which we 212 
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find to be similar to the PBLH from the MERRA2 reanalysis product that drives GEOS-Chem 213 

(Figure S7). Using this smoothed profile, we calculate wPBL as the hourly change in PBLH. The 214 

entrainment term is nonzero only when wPBL is positive (i.e., dawn-midday)27,36, as the 215 

communication of CPBL and CFT is mediated by convective thermals that overshoot the previous 216 

PBLH during periods of growth. Meanwhile, PBLH declines are caused by weakening convective 217 

thermals that do not reach the existing PBLH, meaning that mixing at the top of these plumes 218 

would occur on air that was already in the PBL. We follow a similar approach to calculate a 219 

smooth, daily repeating pattern for u which represents the average wind magnitude at each profile 220 

level that is below the PBLH (Figure S8). 221 

We identify constant surface fluxes that minimize the difference between the boundary layer 222 

box model and the observed average Hg0 concentration for the month and region of interest. We 223 

calibrate 𝐹 to minimize the residual between the box model average Hg0 concentration and the 224 

observed monthly average Hg0 concentration for a given combination of CUW and CFT. This 225 

exercise is conducted for both June and December to isolate seasonal impacts. Since the average 226 

monthly concentrations are higher in urban regions than rural regions, the calibrated flux for each 227 

region will be different even if the same values of CUW and CFT are assumed. We assume that F 228 

does not vary in time based on previous studies that have shown that Hg0 fluxes are generally 229 

unidirectional over day and night periods in rural areas20,25, and has been previously utilized to 230 

estimate urban Hg emissions in Zurich27. This unidirectionality of diel surface fluxes means that 231 

applying an average flux value for each hour will not artificially bias the diurnal variations of 232 

concentrations, as would be the case for trace species that switch from sources to sinks over diel 233 

periods, like CO2
37. This is further justified in supplemental section S2.6, where we reevaluate this 234 
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optimization while allowing fluxes to vary diurnally, which does not notably change the average 235 

surface flux and leads to overfitting of the box model.  236 

3. Results and discussion 237 

We first compare measured concentrations at the four sites to simulations of the GEOS-Chem 238 

model and our boundary layer box model, and discuss the possible contribution of chemistry, local 239 

surface fluxes, and transport fluxes to observed Hg0 concentrations and their variability (section 240 

3.1). We then conduct a sensitivity analysis to identify the relative contribution of regional surface 241 

fluxes and transport fluxes on biases in the GEOS-Chem model (section 3.2). After diagnosing the 242 

sensitivity of diel concentration variability to enhancements of regional surface fluxes and 243 

transport fluxes in the rural and urban regions (section 3.3), we discuss implications for Hg 244 

modeling and monitoring efforts (section 3.4). 245 

3.1 Measured and modeled Hg0 concentrations 246 

 247 

Figure 2. Hourly concentrations at The Bronx NY (orange), New Brunswick NJ (red),  Huntington 248 

Wildlife NY (green), and Underhill VT (blue). 249 

The magnitude and variability of hourly Hg0 concentrations are largely consistent within urban 250 

or rural regions but differ notably across region types at the four NADP sites considered (Figure 251 
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2). Concentrations at urban sites are typically higher than rural sites, with the highest values 252 

observed at The Bronx and the lowest observed at Huntington. Concentrations at the rural sites 253 

exhibit expected northern hemispheric seasonality, where concentrations are highest in late winter 254 

and lowest in late summer, consistent with the previously identified vegetative control on Hg0 255 

concentrations21–23. Seasonality at urban sites is largely masked by strong summertime variability, 256 

with concentrations occasionally above 6 ng m-3 at both urban sites and as high as 20 ng m-3 at The 257 

Bronx, highlighting the occasional influence of local pollution sources. Concentrations at rural 258 

sites rarely exhibit discrete concentration peaks, but are most variable during summer months, 259 

when values consistently reach as low as 0.5 ng m-3 at Huntington. Interestingly, urban 260 

concentrations throughout the measurement period appear to reach a lower bound that is nearly 261 

equivalent to the upper bound of concentrations at rural sites. This convergence point exhibits the 262 

same previously noted seasonality, except for one three-month period in early 2019 where 263 

concentrations at Huntington exhibit unexpectedly high values. 264 

 265 

Figure 3. Comparison of the average diel variations of Hg0 in measurements and models in June 266 

(a) and December (b). Solid colored lines represent the average diel variation at the four sites 267 

indicated in figure 2 for the respective month, and the area between these solid lines are shaded to 268 

represent the average range of concentrations in urban (orange shading) and rural (green shading) 269 



 14 

regions. Diel variations simulated by the STND and NEST simulations for the grid boxes 270 

representing each of the four measurement sites are indicated by dashed and dotted lines, 271 

respectively. Diel variations obtained from our box model calibration approach are also overlayed 272 

for two illustrative combinations of CUW and CFT: CUW=1.7 and CFT=1.1 (triangle), and CUW=1.1 273 

and CFT=1.7 (circle), where points are colored based on the region the model is calibrated to. 274 

Diel variations of Hg0 concentrations at sites within a given region and month are similar, but 275 

variations at rural and urban sites are out-of-phase (Figure 3). Concentrations at urban sites are 276 

highest at night and lowest at midday, while rural sites have the lowest concentrations before dawn 277 

and highest concentrations at midday. The consistency of concentration variations within regions 278 

provides confidence that these variations are regionally representative. A large concentration 279 

difference exists between urban and rural sites, with concentrations at rural sites 20-45% lower 280 

than the values measured at urban sites for respective hours. We find that the convergence of Hg0 281 

concentrations at urban and rural sites noted in Figure 2 consistently occurs at midday, particularly 282 

in June. Spatial gradients persist in December, with rural concentrations 12-18% lower than urban 283 

values and a negligible diel variation at all sites (Figure 3b). While concentrations at rural sites are 284 

between 10% (midday) and 21% (night) higher in December than in June, concentrations at the 285 

urban site are only 3% higher in December at midday and 20% lower on average during nocturnal 286 

hours. This seasonal difference largely reflects seasonal shifts in meteorological ventilation in the 287 

northeastern US, where stagnation and strong nocturnal inversions dominate during the summer 288 

and horizontal advection increases in the winter, thereby limiting the nocturnal buildup of 289 

concentrations (Figures S6-S8). These differences in seasonality are also consistent with previous 290 

findings that seasonal variability may reflect the influence of regional surface fluxes and 291 

meteorology20. 292 



 15 

Both STND and NEST simulations fail to capture the strong spatial and diel variability observed 293 

at these four sites. In June, STND and NEST simulations underestimate observed concentrations 294 

at all four sites during the day, and underestimate concentrations at urban sites at all hours, 295 

exhibiting a negligible spatial gradient and minimal diel variation that is inconsistent with observed 296 

patterns (Figure 3a). In December, STND and NEST simulations exhibit a muted diel variation 297 

that is consistent with observations, however urban concentrations are underestimated at all hours 298 

(Figure 3b). The STND and NEST simulations also predict a seasonal variation in concentration 299 

magnitude that is generally consistent with average concentrations at rural sites. The nearly 300 

identical performance of STND and NEST simulations indicates that biases are not driven by the 301 

spatial smoothing induced by large grid cells. 302 

We find that the contribution of chemical fluxes to diel variability in these regions is minor by 303 

comparing simulated net and gross chemical fluxes within the PBL to net surface fluxes for the 304 

NEST, ANT3, ANT7, and ANT10 simulations (Figure S24). These simulations estimate that net 305 

chemical fluxes of Hg within the PBL in June are 36-875 times smaller than net surface fluxes 306 

(normalized by average PBLH) at the rural sites and 21-30 times smaller at urban sites, 307 

underscoring the secondary role of chemical fluxes on the short-term Hg0 concentration variability 308 

in this region. This is unsurprising given the long global lifetime Hg0 against oxidation, which has 309 

ranged between 2.3-4.5 months in recent versions of GEOS-Chem6–8. 310 

The secondary contribution of in-situ chemical processing to diel variability is further supported 311 

by simulations of our boundary layer box model, which captures the qualitative characteristics of 312 

diel variations in both urban and rural regions without considering fluxes from chemistry or short 313 

term reservoirs (Figure 3). We demonstrate the result of our calibration technique by plotting the 314 

resulting diel variations for the urban and rural cases assuming two illustrative combinations of 315 
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CUW and CFT. In June, we find that a constant surface flux of 12.6 ng m-2 hr-1 can best reproduce 316 

the observed monthly average urban concentration given CUW=1.7 ng m-3 and CFT=1.1 ng m-3, while 317 

a constant flux of -26.9 ng m-2 hr-1 best reproduces the observed average rural concentration (Figure 318 

3a). In December, we find that the box model bounded by the same values of CUW and CFT best 319 

reproduces observed monthly average urban concentration with a constant flux of -1.8 ng m-2 hr-1, 320 

while a flux of -30.5 ng m-2 hr-1 is required to reproduce the observed average rural concentration 321 

(Figure 3b). Although surface fluxes are only optimized to reproduce the monthly average regional 322 

concentration for the respective month, the boundary layer box model qualitatively reproduces 323 

dominant characteristics of diel variability at both sites in both months, with previously noted out-324 

of-phase behavior in June and muted variations in December. For completeness, we also run the 325 

box model while assuming that FChem is equivalent to the net chemical production of Hg0 in the 326 

GEOS-Chem model, finding that the net flux required to calibrate the box model was effectively 327 

equivalent to the case when FChem was assumed to be zero (Figures S9-S10), which is consistent 328 

with the minimal contribution of chemical fluxes shown in figure S24. We further underscore the 329 

limited contribution of local redox chemistry to diel variability with an additional set of sensitivity 330 

simulations where FChem is assumed to be equal to the net chemical loss of Hg according to the 331 

GEOS-Chem model, which again does not notably impact the calibrated flux required to reproduce 332 

observed loadings (Figure S11). 333 

The diurnal convergence of Hg0 concentrations across rural and urban regions in June highlights 334 

the important influence of boundary layer entrainment on surface concentration variability. The 335 

consistency of measurements within rural and urban regions provides confidence that the observed 336 

diel variability is representative of the respective region rather than a measurement site artifact. 337 

Figure 2 highlights that rural and urban sites consistently converge toward a common 338 
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concentration throughout the record, suggesting a mixing-driven control on concentrations. We 339 

find that Hg0 concentrations consistently converge from dawn to midday and diverge later in the 340 

day, particularly in June. The timing of this convergence corresponds with the period of maximum 341 

ventilation (i.e., PBL growth and horizontal advection), while Hg0 concentration divergence later 342 

in the day corresponds with PBL collapse and diminished advection (i.e., Figures S6-S8). Given 343 

the 400 km distance between sites, the communication of surface processes solely by horizontal 344 

advection is not possible, though we discuss this in more detail in section 3.3. This convergence 345 

suggests that spatial gradients of surface exchange and the communication of air within the PBL 346 

with background loadings in the free troposphere must drive observed diel variability. Given that 347 

net chemical fluxes in the rural and urban regions considered are 2-3 orders of magnitude smaller 348 

than net surface fluxes, we confirm the diminished role of in-situ chemical fluxes on diel Hg0 349 

variability suggested by other studies17,27. This is confirmed by our boundary layer box model, 350 

which qualitatively reproduces expected diel variations when forced by temporally invariant 351 

surface fluxes that are calibrated to reproduce monthly average concentrations. 352 

3.2. Solution spaces of optimized fluxes in urban and rural regions 353 

To account for the unknown magnitude of CFT and CUW, we repeat the box model optimization 354 

across a conservative range of CFT and CUW estimates (1-2 ng m-3) for rural (Figure 4a) and urban 355 

(Figure 4b) regions. The shading in Figure 4 represents the constant surface flux that minimizes 356 

the residual of the model and the average monthly concentration in the respective region for a 357 

given combination of CFT and CUW, where blue colors indicate a negative (deposition) flux, and 358 

reds indicate a positive (emission) flux. The transition between positive and negative fluxes occurs 359 

at lower CFT and CUW for the rural case than the urban case, and in both cases follows a slope that 360 

suggests greater sensitivity to CUW than CFT at both sites. In both regions, larger emission fluxes 361 
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are required when boundary concentrations are low, while larger deposition fluxes are required 362 

when boundary concentrations are high.  363 

Observational constraints can be used to identify reasonable areas of the solution spaces. For 364 

instance, if the midday convergence of Hg0 concentrations in June is driven by the entrainment of 365 

free tropospheric air during PBL growth, then the midday extrema in rural and urban sites should 366 

approach the average regional value of CFT. This allows us to ignore regions of the solution space 367 

where CFT is smaller than 1.25 ng m-3 or larger than 1.55 ng m-3 (Figure 4). We further constrain 368 

the reasonable solution space by selecting areas where the diel concentration amplitude simulated 369 

by the box model is within 50% of the average observed diel amplitude, which is indicated by the 370 

dashed outlined regions (Figure 4). Finally, we restrict the observationally-constrained solution 371 

space to negative values for the rural region and positive values for the urban region based on 372 

source and sink behavior established by existing literature22,30. The final observationally-373 

constrained solution space for the rural region includes CUW ranging from 1.0 to 1.5 ng m-3, which 374 

covers optimal fluxes between 0 – -15 ng m-2 hr-1, while the urban case includes upwind 375 

concentrations from 1.3-1.9 ng m-3 and average surface fluxes of 0-30 ng m-2 hr-1.  376 

The observationally constrained solution spaces described above indicate that NEST 377 

underestimates transport fluxes in both rural and urban regions. We estimate CFT, CUW, and F for 378 

the NEST simulation following the approach described in supplemental section S3.3 and plot the 379 

location of this simulation within the solution space as the circular point in both panels of Figure 380 

3. In the rural region, GEOS-Chem predicts a net average surface flux of -2.6 ng m-2 hr-1, which is 381 

consistent with the range of fluxes in the observationally constrained solution space. However, 382 

NEST predicts CUW=1.06 ng m-2 and CFT=1.09 ng m-2, which lie well outside of the observationally 383 

constrained solution space. Similarly, the NEST simulation predicts an average surface flux of 1.4 384 
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ng m-2 hr-1 for the urban region that is consistent with fluxes in the constrained solution space but 385 

has boundary concentrations of CUW=1.1 ng m-3 and CFT=1.1 ng m-3, again lying well outside of the 386 

observationally constrained solution space. We discuss sensitivity simulations that explore this 387 

solution space in section 3.3.  388 

 389 

Figure 4. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 2 390 

ng m-3 in June for rural (a) and urban (b) regions. Horizontal solid lines refer to the likely bounds 391 

of CFT, while dashed lines encompass the portion of the space where simulated diurnal amplitude 392 

is within 50% of the observed value. Gray shading outlines the observationally constrained 393 

solution space, with the heavy shading indicating the region with highest confidence. GEOS-Chem 394 

simulation results are overlaid based on estimated values CFT and CUW and F for the respective 395 

region. 396 

We also use the box model to evaluate solution spaces for rural (Figure 5a) and urban (Figure 397 

5b) sites in December.  The threshold between positive and negative fluxes in the box model occurs 398 

at higher values of CUW in the rural region and lower values of CUW at the urban region. The flux 399 

threshold is also steeper than in June, suggesting a diminished influence of CFT that is consistent 400 

with increased stability and stronger horizontal advection typical during midlatitude winter 401 
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(Figures S6-S8). The observationally constrained solution space is smaller than in June, which is 402 

driven by the limited diel variation of concentrations in December. Interestingly, average midday 403 

concentrations (i.e., our CFT constraint) are notably higher in December at the rural sites but are 404 

only slightly higher at urban sites, suggesting that CFT varies spatially. As in June, the average net 405 

flux within each region suggested by NEST is consistent with the observationally constrained 406 

solution space in both rural and urban regions, however CUW and CFT are notably lower than those 407 

in the constrained space. 408 

 409 

Figure 5. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 2 410 

ng m-3 in December for rural (a) and urban (b) regions. Horizontal solid lines refer to the likely 411 

bounds of CFT, while dashed lines encompass the region of the space where simulated diurnal 412 

amplitude is within 50% of the observed value. Gray shading outlines the observationally 413 

constrained solution space, with the heavy shading indicating the region with highest confidence.  414 

GEOS-Chem simulation results are overlaid based on estimated values CFT and CUW and F for the 415 

respective region. 416 

 417 

 418 
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3.3. Impact of flux enhancement on diel variability 419 

We evaluate a series of sensitivity simulations to determine whether enhancements to regional 420 

surface fluxes (i.e., F) or transport fluxes (driven by CFT and CUW) can allow GEOS-Chem to satisfy 421 

the observationally constrained solution space in June (Figure 4). We first evaluate the impact of 422 

regional surface flux enhancements using the ANT3, ANT7, and ANT10 simulations. These 423 

simulations scale anthropogenic emissions throughout the northeastern US (Figure 1, solid box), 424 

meaning that F, CUW, and CFT may be sensitive to changes (see supplemental section S3.3). As 425 

mentioned in section 2.2., we assume that these scaled emission scenarios represent the net impact 426 

of both primary anthropogenic emissions and the reemission of historical pollution, which will 427 

scale with population density. We find that scaling anthropogenic emissions by a factor of ten has 428 

little effect on the net regional flux in the rural region since there are limited anthropogenic 429 

emissions in this area (Figure 1) and surface fluxes are dominated by vegetative uptake. However, 430 

we find that this emission enhancement does lead to a 9% and 3% increase in the rural CUW and 431 

CFT, respectively. The same factor of ten anthropogenic emission enhancement has a larger effect 432 

on the net regional flux (encompassing all emission and deposition processes) in the urban region, 433 

increasing the net flux by a factor of 17 (23.9 ng m-2 hr-1) and CUW and CFT by 27% and 7%, 434 

respectively. However, the CUW and CFT increases caused by this regional emission enhancement 435 

are insufficient to satisfy the observationally constrained solution space. 436 

We also evaluate the impact of enhancements to regional CFT in June using the CFTSCAL and 437 

CFTSCALMAX simulations in this region (Figure 4). CUW is remarkably sensitive to CFT in both 438 

urban and rural regions, and net surface fluxes are not notably impacted in either simulation. Our 439 

CFT enhancements overshoot the constrained solution space for the rural region, however the strong 440 

linear response of the two simulations suggest that a value of CFT that is higher than NEST but 441 
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lower than CFTSCAL in this region would move GEOS-Chem into the observationally 442 

constrained solution space. We observe a similar linear response to CFT enhancements in the urban 443 

region and find that the CFTSCAL simulation moves GEOS-Chem into the optimally constrained 444 

solution space, albeit with a regional surface flux that is inconsistent with the underlying solution 445 

space. The strong linearity of the CFTSCAL and CFTSCALMAX simulations illustrates the 446 

important interaction of CUW and CFT, indicating that the reasonable range of possible combinations 447 

likely falls closer to the 1:1 line where CUW » CFT. Additionally, we find that the simultaneous 448 

enhancement of free tropospheric loadings and regional emissions in the CFTSCAL-ANT7-ENA 449 

simulation shifts the GEOS-Chem model into the observationally-constrained solution space in the 450 

urban region, but moves the model farther from the observationally-constrained space in the rural 451 

region due primarily to the overestimated values of CUW and CFT. 452 

Regional emission enhancements are also insufficient for GEOS-Chem to satisfy the 453 

observationally constrained solution space in December. We find that CFT has lower sensitivity to 454 

regional emission enhancements in December than in June, which is consistent with increased 455 

atmospheric stability in winter. As in June, CFT enhancements also influence CUW, with CFTSCAL 456 

shifting GEOS-Chem to the constrained solution space in rural and urban areas. However, net 457 

GEOS-Chem fluxes do not correspond with the underlying solution space, having the opposite 458 

sign in the rural case (Figure 5a) and being too weak in the urban case (Figure 5b). Similar to the 459 

rural region in June, we find that the CFTSCAL-ANT7-ENA simulation moves the GEOS-Chem 460 

model away from the constrained solution space in both rural and urban regions in December. 461 

We evaluate the impact of enhancements to regional emissions or CFT at urban and rural sites on 462 

diel variability in both June and December and find that neither alone are sufficient to reproduce 463 

observed patterns (Figures 6, S33). For instance, the regional emission enhancement explored in 464 
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the ANT7 simulation increased F, CUW, and CFT in the urban region (Figure 4), which we find 465 

results in a stronger diel variation with amplitude that is comparable to observations in June (Figure 466 

6a), though this same simulation overestimates diel amplitude in December (Figure 6b). 467 

Meanwhile, the CFTSCAL simulation increases transport fluxes without affecting regional surface 468 

fluxes, which results in a uniform enhancement to concentrations in both June and December 469 

(Figures 6a and 6b, respectively, Figures S27, S30). This adjustment does not notably affect the 470 

concentration difference between rural and urban concentrations but has a strong impact on overall 471 

average concentrations. This highlights that neither regional emission enhancements nor CFT 472 

enhancements alone can allow GEOS-Chem to reproduce observed spatial and diel variability. 473 

Instead, our modeling results demonstrate the complementary effects of these key fluxes, with 474 

surface fluxes primarily responsible for setting the amplitude of diel variations and CFT primarily 475 

responsible for setting the daytime concentration extreme. This is further confirmed by the 476 

CFTSCAL-ANT7-ENA simulation, where regional emissions and CFT are simultaneously adjusted 477 

to reproduce the diel variation of Hg0 at the urban region in June. However, the failure of this 478 

sensitivity simulation to reproduce diel variability across all sites indicates that spatial variation in 479 

net surface fluxes and transport fluxes exist that are not adequately represented by this simple 480 

sensitivity simulation.  481 

 482 



 24 

 483 

Figure 6. Comparison of diel variation of average regional observations in June (a) and December 484 

(b) with respective predictions from NEST, ANT7, CFTSCAL, and CFTSCAL-ANT7-ENA 485 

sensitivity simulations. Green and orange shaded regions corresponds with the average range of 486 

measured rural and urban concentrations (see figure 3). Similarly, diel variations from sensitivity 487 

simulations are colored to represent rural and urban regions, respectively.  488 

It is worth noting that each GEOS-Chem simulation fails to reproduce the nocturnal 489 

concentration minimum observed at rural sites. This is likely caused by the existing 490 

parameterization of Hg0 uptake in GEOS-Chem which is largely driven by incoming solar 491 

radiation6, preventing the simulation of net nocturnal uptake suggested by recent 492 

observations22,25,26,38. As a result, modeled concentrations remain constant or increase slightly 493 

overnight, unlike declines implied by observations. 494 

3.4. Implications for atmospheric modeling and monitoring 495 

Our analysis shows that diel variations of Hg0 concentrations can serve as a useful constraint on 496 

magnitude and temporal variation of regional free tropospheric concentrations, for which there are 497 

limited observations. The ranges of CFT suggested by midday concentrations at urban and rural 498 

sites in June and December (1.25-1.55 ng m-3 and 1.35-1.60 ng m-3, respectively) are consistent 499 
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with vertical profiles taken during an aircraft campaign in Tennessee in 2012 and 201339, where 500 

summertime concentrations in the lower 5 km of the atmosphere ranged between 1.0-1.4 ng m-3 in 501 

June and 1.25-1.6 ng m-3 in November and January. Given the expense of aircraft-based 502 

measurements, we argue that existing ground-based measurements can be used to identify a useful 503 

estimate of this concentration, which we show is critical for accurate representation of spatial and 504 

temporal variability in CTMs. We expect this mechanism to hold in regions where surface fluxes 505 

exert the dominant influence on Hg concentrations in the lower atmosphere, and where boundary 506 

layer dynamics are primarily controlled by the diurnality of solar activity. As a result, we do not 507 

expect this framework to be representative of atmospheric Hg dynamics in the Arctic, where rapid 508 

chemical cycling drives atmospheric mercury depletion events. We also do not expect this 509 

framework to be representative of marine environments, where diel PBLH variations are smaller 510 

due to the reduced variation of sea surface temperatures when compared to land surfaces. 511 

The spatial and temporal variability of surface Hg0 concentrations at regional scales can be 512 

largely explained by processes that should be able to be captured by global CTMs. Our simple 513 

modeling exercise demonstrates that the daily variation of concentrations can be explained by the 514 

interaction of regional surface fluxes and transport fluxes, rather than previously hypothesized 515 

short-term reservoirs or local redox chemistry, which we would not expect to capture with 516 

currently available CTMs. Therefore, we suggest that diel variability can serve as an additional 517 

constraint to evaluate the mechanistic performance of CTMs. 518 

The biases that we observe in urban and rural regions in our GEOS-Chem simulations imply that 519 

the free tropospheric burden of Hg0 in GEOS-Chem is underestimated, which may be addressed 520 

by enhancing key global sources (emissions, reduction of HgII) or reducing key global sinks 521 

(deposition, oxidation of Hg0). While enhancing HgII reduction or reducing Hg0 oxidation could 522 



 26 

increase free tropospheric burdens of Hg0, Shah et al.8 found that the chemical mechanism 523 

currently used in GEOS-Chem also underestimates HgII loadings in the free troposphere, leading 524 

to underestimates of wet deposition. Hg0 underestimates are also unlikely to be driven by excessive 525 

Hg0 vegetative uptake, as a subsequent update to the GEOS-Chem model using direct 526 

observational constraints on this flux increased simulated annual Hg0 deposition by 84%6 when 527 

compared to the Shah et al. model.  528 

Given these constraints, broadly distributed emission enhancements are the most likely 529 

explanation for the underestimate of the free tropospheric burden. We evaluate the impact of 530 

emission enhancements across broader spatial scales using the ANT3-ENA, ANT7-ENA, and 531 

ANT10-ENA sensitivity simulations, where emissions are scaled across eastern North America 532 

(Figure 1, Figures S31-S32). Using the strong linear response of CFT to regional emission 533 

enhancements, we calculate the net regional flux required to reproduce the lower bound and central 534 

estimate of CFT in June (1.25 and 1.45 ng m-3, respectively). For sensitivity simulations where 535 

emission enhancements are only applied to the northeast US, emissions would need to be enhanced 536 

by a factor of 16 and 32 to reach these CFT values, while emissions would need to be enhanced by 537 

a factor of 8 and 16 if enhancements are applied across eastern North America. Given the unlikely 538 

emission enhancements required over the northeastern US or eastern North America to satisfy 539 

observational constraints on CFT, along with the associated unlikely enhancements to CUW, smaller 540 

emission enhancements across continental or hemispheric scales are likely required.  541 

Our findings demonstrate that diel variability can serve as a critical constraint on tropospheric 542 

Hg loadings in global CTMs that are used to evaluate environmental policy effectiveness, 543 

motivating continued support of temporally resolved Hg monitoring networks. This additional 544 

diagnostic tool could prove especially useful for evaluating model behavior and consistency in 545 
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ongoing intercomparison projects40 that seek to reconcile observed atmospheric trends with current 546 

estimates of anthropogenic emissions in support of international Hg policy. 547 
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S1. Observational Analysis 
S1.1. NADP Observation Site characteristics and validation 

Table S1. NADP Observational Site Characteristics* 
Site name Site 

code 
Start 
date 

End 
Date 

NADP Site 
classification 

Elevation 
(m) 

Latitude 
(º) 

Longitude 
(º) 

Huntington 
Wildlife 

NY20 Nov 
2007 

- Isolated 500 43.97 -74.22 

Underhill VT99 Jan 
2008 

Jan 
2016 

Rural 399 44.53 -72.88 

The Bronx NY06 Jan 
2016 

Jun 
2020 

Urban 68 40.87 -73.88 

New 
Brunswick 

NJ30 Oct 
2015 

- Urban 21 40.47 -74.42 

Elizabeth 
Lab 

NJ54 Oct 
2015 

- Urban 11 40.64 -74.21 

*Site characteristics accessed from https://nadp.slh.wisc.edu/amnet-site-list/ on August 18, 2026 
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S1.2. Hg0 concentrations at Elizabeth, NJ (NJ54) 

 

Figure S1. (top) Hourly concentrations at the four sites of interest, here including measurements 
at Elizabeth, NJ. Concentrations are notably higher at this site, even compared to The Bronx and 
New Brunswick. Average concentrations for each hour of the day during June (bottom left) are 
more than twice as high as other urban sites. Hourly average concentrations during December do 
not exhibit any notable diel cycle but remain notably higher than all other sites, further 
underscoring the likelihood that local sources exert a dominating influence on variability. 

S1.3. Statistical comparison of observations 

We formally establish the regional relationship of measurements by calculating the correlations 
between individual sites. We first evaluate the correlation of individual hourly measurements 
across sites where timeseries overlap in Figure S2. Notice that correlation coefficients are not 
evaluated between the New Brunswick, NJ sites and the Underhill, VT sites, as these two 
timeseries do not overlap. As expected, the strongest positive correlations in June are between 
rural sites (0.4) and urban sites (0.34), while correlations between sites in different region types 
are close to zero. Meanwhile, we find that correlations across nearly all sites are positive in 
December, with the strongest positive correlations between the two urban sites, and New 
Brunswick, NJ (0.27) and Huntington Wildlife, NY (0.34). This relationship is reasonable given 
increasing importance of synoptic scale transport in the midlatitudes in winter, along with the 
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generally muted variability at all four sites shown in Figure 3 of the main text. Despite exhibiting 
relatively weak correlation coefficients, the positive correlations of overlapping hourly 
concentrations of sites within a region, particularly in June, illustrates that the temporal variation 
of these sites is influenced by regional scale processes.  

We also evaluate the correlation coefficients of our diurnally averaged profiles in Figure S3. We 
find strong positive correlation between sites within urban and rural regions in June, and strong 
negative correlations between sites in different regions. Correlations are near zero between most 
sites in December, except between the urban sites and Huntington Wildlife, NY, as that site 
continues to exhibit a midday peak in winter, albeit weaker than in summer. The increase in 
strength of these correlations between Figures S2 and S3 illustrates a key benefit of having 
spatially and temporally overlapping measurements for several years, as dominant modes of 
variability can be extracted from otherwise noisy measurement records. 

 

Figure S2. Cross correlations of hourly observations at the four measurement sites considered for 
June and December. Sites are referred to by their site codes; NY20: Huntington Wildlife, NY; 
VT99: Underhill, VT; NJ30: New Brunswick, NJ;  and NY06: The Bronx, NY. Correlation 
between New Brunswick, NJ and Underhill, VT is not evaluated since records do not overlap. 
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Figure S3. Cross correlations of average diel profile measurements at the four measurement sites 
considered for June and December. Sites are referred to by their site codes; NY20: Huntington 
Wildlife, NY; VT99: Underhill, VT; NJ30: New Brunswick, NJ;  and NY06: The Bronx, NY.  

S1.4. Interannual and seasonal validation of observations 

 

Figure S4. Average diel variation for each month and each site. Months investigated in the main 
text are overlayed with a dotted white line, with December included in the leftmost panel, and June 
included in the second panel from right. 
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Figure S5. Diel variations in June (top row) and December (bottom row) for each year at all four 
sites. Shading corresponds with the respective year, with lighter colors corresponding with earlier 
years, while darker colors correspond with more recent years. The average diel variation at each 
site that is used throughout the main text is plotted in black. While interannual variations in 
concentrations across this time period exist, we do not observe a systematic year-over-year bias in 
the characteristics of diel variability. 
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S2. Box Model Analysis 

Section S2.1. Evaluation of PBLH data used to drive boundary layer box model 

 

Figure S6. Comparison of PBLH from hourly data from Newark-Liberty International Airport 
(EWR) and Bradley International Airport (BDL) for June (left) and December (right) 2017. 
Average monthly PBLH is defined as the five-hour centered rolling average of these data, plotted 
as the solid black curve. 

 

Figure S7. Average diurnal variation of planetary boundary layer height (PBLH) in smoothed 
observationally derived dataset and MERRA2 reanalysis for June (left) and December (middle). 
The regions represented by each of the MERRA2 variations are shown in the right panel. 
Observationally derived PBLH is similar in magnitude and diel variation to MERRA2, which does 
not exhibit large spatial variation. In June, observationally derived profile is slightly lower than 
MERRA2 during midday. 
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Figure S8. Comparison of average windspeed within the PBL from hourly data from Newark-
Liberty International Airport (EWR) and Bradley International Airport (BDL) for June (left) and 
December (right) 2017. Average monthly windspeed for the box model (u) is defined as the five-
hour centered rolling average of these data. Winds are notably higher in December than in June, 
which is consistent with seasonal shifts of synoptic-scale weather patterns in the northeastern US. 

S2.2. Box model sensitivity to inclusion of chemical fluxes 

 

Figure S9. Solution space of the calibrated flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban region in June 2017, including FChem implied by GEOS-Chem 
net chemical production of Hg0.  
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Figure S10. Solution space of the calibrated flux for combinations of CUW and CFT from 1 ng m-3 
to 2 ng m-3 for (a) rural and (b) urban region in December 2017, including FChem implied by GEOS-
Chem net chemical production of Hg0.  

 

Figure S11. Solution space of the calibrated flux for combinations of CUW and CFT from 1 ng m-3 
to 2 ng m-3 for (a) rural and (b) urban region in June 2017, including FChem implied by GEOS-Chem 
gross chemical loss of Hg0.  

S2.3. Box model quantitative sensitivity analysis 

We evaluate the sensitivity of our calibrated fluxes to assumed diel profiles of horizontal 
windspeed (u) and planetary boundary layer height (z), along with the impact of the selected 
horizontal extent of the box (x) by rerunning the box model with these parameters adjusted by +/-
50% for June and December (tables S2 and S3, respectively). We evaluate box model sensitivity 
for values of CUW and CFT that correspond with values from the NEST, ANT7, and CFTSCAL 
sensitivity simulations for urban and rural regions. We specifically focus on these points to 
determine whether meteorological or model dimension parameter uncertainty is large enough to 
encompass the net regional fluxes simulated by the GEOS-Chem model. We specifically test three 
parameters in this analysis: u, x, and z. We indirectly evaluate the sensitivity of our box model to 
wPBL when we scale z, as we calculate wPBL as the time derivative of z. 
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Despite exhibiting sensitivity to meteorological and design-based parameters, we find that 
calibrated box model fluxes remain inconsistent with fluxes used to drive the GEOS-Chem model. 
The “model” columns of tables S2 and S3 contain the fluxes of the respective GEOS-Chem 
sensitivity simulation, and the corresponding calibrated box model flux. The remaining columns 
then show the calibrated flux obtained from the box model given a 50% increase or decrease in u, 
z (and by extension, wPBL), and x. We find that increasing u and z leads to an increase in the 
calibrated flux magnitude, which is consistent with intuition since our flux calibration intends to 
match the average magnitude of observed concentrations in the rural or urban region, enhanced 
ventilation or dilution caused by u or z (and therefore wPBL) would require a larger flux. Meanwhile, 
an increase in x results in a decrease in the calibrated flux, as the impact of ventilation is effectively 
dampened in the first term of equation 1. Critically, we find that the uncertainty induced by our 
box model assumptions is not large enough to affect our conclusion that GEOS-Chem surface 
fluxes are incompatible with current transport fluxes. Therefore, while meteorological 
uncertainties and model design choices can impact the quantitative characteristics and extent of 
flux solution spaces, these are insufficient to explain the fluxes employed by our GEOS-Chem 
simulations. 

Table S2. Sensitivity of calibrated fluxes to box model parameters (June 2017) 

June 2017 
Model u z/wpbl x 

GEOS-
Chem 

Box 
model -50% +50% -50% +50% -50% +50% 

Rural 

NEST -2.6 6.3 3.8 8.9 3.8 11.4 11.4 6.4 

ANT7 -2.5 3.8 1.3 3.8 1.3 3.8 3.8 1.3 

CFTSCAL -2.6 -16.5 -14.0 -21.6 -8.9 -26.7 -24.2 -14.0 

Urban 

NEST 1.4 47.0 31.8 57.2 24.2 69.9 69.9 36.9 

ANT7 16.4 34.3 24.2 41.9 16.5 49.6 49.6 29.2 

CFTSCAL 1.4 21.6 14.0 26.7 11.4 31.8 31.8 16.5 
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Table S3. Sensitivity of calibrated fluxes to box model parameters (December 2017) 

Dec. 2017 
Model u z/wpbl x 

GEOS-
Chem 

Box 
model -50% +50% -50% +50% -50% +50% 

Rural 

NEST 0.5 1.3 1.3 3.8 1.3 3.8 3.8 1.3 

ANT7 0.85 -8.9 -3.8 -14.0 -3.8 -11.4 -16.5 -6.4 

CFTSCAL 0.5 -11.4 -6.4 -16.5 -6.4 -16.5 -21.6 -8.9 

Urban 

NEST 2.9 29.2 19.1 41.9 14.0 44.5 55.7 21.6 

ANT7 18.1 -1.3 1.3 -6.4 -1.3 -3.8 -8.9 1.3 

CFTSCAL 2.9 8.9 6.4 11.4 3.8 14.0 16.5 6.4 

 

S2.4. Box model sensitivity to horizontal extent 

To supplement the sensitivity analysis above, we evaluate the sensitivity of calibrated fluxes and 
the observationally constrained solution space to changes in horizontal extent (i.e., x) across the 
full range of CUW and CFT considered in the main text. Solution spaces for June 2017 with box 
model horizontal extent of 50 km and 200 km are shown in Figures S12 and S13, respectively. 
While the upper bound of horizontal extent considered here is larger than in table 2, we observe 
similar behavior, where a reduction in horizontal extent generally leads to an increase in calibrated 
flux, and an increase in horizontal extent leads to a decrease in calibrated flux. We also observe 
that the amplitude of concentrations simulated by the box model is sensitive to horizontal extent, 
with the optimal solution space encompassing a broader extent in the 200 km case than the 50 km 
case. Consistent with the sensitivity analysis in S2.2, we find that values of CUW. CFT, and net fluxes 
simulated by the GEOS-Chem model remain incompatible with these solution spaces, indicating 
that the findings of the main text are robust to conservative parameter uncertainty assumptions.  
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Figure S12. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions, where the underlying box model has horizontal extent 
of 50 km. Horizontal solid lines refer to the likely bounds of CFT, while dashed lines encompass 
the region of the space where simulated diurnal amplitude is within 50% of the observed value. 
Gray shading outlines the observationally constrained solution space, with the heavy shading 
indicating the region with highest confidence. GEOS-Chem simulation results are overlaid based 
on estimated values CFT and CUW and F for the respective region. 

 

Figure S13. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions, where the underlying box model has horizontal extent 
of 200 km. Horizontal solid lines refer to the likely bounds of CFT, while dashed lines encompass 
the region of the space where simulated diurnal amplitude is within 50% of the observed value. 
Gray shading outlines the observationally constrained solution space, with the heavy shading 
indicating the region with highest confidence. GEOS-Chem simulation results are overlaid based 
on estimated values CFT and CUW and F for the respective region. 
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S2.5. Box model sensitivity to meteorological year 

We evaluate the impact of interannual meteorological variability on the solution spaces presented 
in the main text. Box model results presented in the main text are driven using meteorological 
profiles from 2017 only, as we found that PBLH and wind speeds varied smoothly in both June 
and December, ensuring numerical stability of our box model. We decided not to average 
meteorology across years to avoid bias introduced by interannual variations in the quality and 
availability of measurements.  

Diel profiles of PBLH and wind speed for June and December for each month averaged across 
Newark, NJ and Hartford, CT are plotted in Figures S14 and S15. PBLH reaches the highest 
daytime peak and lowest nighttime minimum in June 2017 of all the years considered. 2017 also 
has the highest daytime windspeed of all of the considered years, and has a moderate nighttime 
windspeed. While the magnitude of PBLH and windspeed can be important drivers of the behavior 
of the box model, their relative magnitude is important for the slope of contours within the solution 
space. We show that the variation for 2017 is relatively moderate. Unlike June, we observe that 
the diel profiles of PBLH, wind speed, and their ratios are moderate compared to other years in 
December. 

To identify the potential bias introduced by this modeling choice, we repeat the analysis displayed 
in Figures 4 and 5 of the main text for 2012 (Figures S16 and S17) and 2018 (Figures S18 and 
S19). Consistent with the findings of the sensitivity analysis outlined above, the key GEOS-Chem 
sensitivity simulations remain outside of the observationally constrained solution space, and fluxes 
from the GEOS-Chem simulations generally do not correspond with the underlying solution 
spaces. Therefore, while we observe that the selected meteorological year can impact the 
quantitative distribution of calibrated fluxes, the key finding that GEOS-Chem regional surface 
fluxes and transport fluxes are incompatible with observations remains true.  

 

Figure S14. Comparison of June PBLH, Wind speed, and their ratio for 2011-2019 from aircraft-
derived meteorological profiles (Zhang et al. 2020). 2015 data is especially impacted by limited 
observations, as evidenced by abnormal variations and afternoon data gaps.  
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Figure S15. Comparison of December PBLH, Wind speed, and their ratio for 2011-2019 from 
aircraft-derived meteorological profiles (Zhang et al. 2020).  

 

Figure S16. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions using June 2012 meteorology. Horizontal solid lines 
refer to the likely bounds of CFT, while dashed lines encompass the region of the space where 
simulated diurnal amplitude is within 50% of the observed value. Gray shading outlines the 
observationally constrained solution space, with the heavy shading indicating the region with 
highest confidence. GEOS-Chem simulation results are overlaid based on estimated values CFT 
and CUW and F for the respective region. 
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Figure S17. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions using December 2012 meteorology. Horizontal solid 
lines refer to the likely bounds of CFT, while dashed lines encompass the region of the space where 
simulated diurnal amplitude is within 50% of the observed value. Gray shading outlines the 
observationally constrained solution space, with the heavy shading indicating the region with 
highest confidence. GEOS-Chem simulation results are overlaid based on estimated values CFT 
and CUW and F for the respective region. 

 

Figure S18. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions using June 2018 meteorology. Horizontal solid lines 
refer to the likely bounds of CFT, while dashed lines encompass the region of the space where 
simulated diurnal amplitude is within 50% of the observed value. Gray shading outlines the 
observationally constrained solution space, with the heavy shading indicating the region with 
highest confidence. GEOS-Chem simulation results are overlaid based on estimated values CFT 
and CUW and F for the respective region. 
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Figure S19. Solution space of the optimal flux for combinations of CUW and CFT from 1 ng m-3 to 
2 ng m-3 for (a) rural and (b) urban regions using December 2018 meteorology. Horizontal solid 
lines refer to the likely bounds of CFT, while dashed lines encompass the region of the space where 
simulated diurnal amplitude is within 50% of the observed value. Gray shading outlines the 
observationally constrained solution space, with the heavy shading indicating the region with 
highest confidence. GEOS-Chem simulation results are overlaid based on estimated values CFT 
and CUW and F for the respective region. 

Section S2.6. Box model sensitivity to constant surface fluxes 

Here, we demonstrate the negligible effect of allowing fluxes to vary temporally in our box model 
optimization to justify our use of constant fluxes in the main text. Over a limited number of 
combinations of CFT and CUW, we recalculate the optimal average flux in our box model when 
driven by a constant flux. Then, across the same domain, we repeat the same optimization while 
allowing the flux to vary in four hour segments. We find that average net fluxes are similar in both 
cases at both rural and urban sites (Figures S20, S22). We find that diurnally varying fluxes do 
reduce the difference between the observed diel variation when compared to the constant flux cases 
by reducing the extent of extremes (right panels, Figures S21 and S23). However, this is likely 
driven by overfitting, as we observe that this agreement is achieved unreasonably sharp temporal 
shifts in Hg fluxes that are not supported by any existing mechanisms (left panels, Figures S21 and 
S23). Furthermore, the diel average of these fluxes are similar in magnitude to the optimal fluxes 
obtained using constant values. The close correspondence of average fluxes from both methods, 
coupled with our overarching goal of finding the dominant drivers of diel variations in this region 
support our choice to drive our box model with temporally invariant surface fluxes in the main 
text.  
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Figure S20. Comparison of optimal average surface flux at the rural sites predicted by box model 
with constant surface flux (left) or a diurnally-varying surface fluxes (middle), and their difference 
(right). Both approaches result in a qualitatively similar solution space, where the diurnally varying 
flux approach predicts larger average positive and negative fluxes. Blue and orange points 
represent concentration and flux combinations that are further explored in Figure S21. 

 

 

Figure S21. Comparison of the optimal constant flux and optimal diurnally varying flux for the 
two combinations of CFT and CUW shown in Figure S20 (left) and the respective variation of CPBL 
(right). In both cases, the constant flux is similar in magnitude to the average of the temporally 
varying flux. The temporally varying flux simulates concentrations that lie closer to observations 
than the constant flux case. 
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Figure S22. Comparison of optimal average surface flux at the urban sites predicted by box model 
with constant surface flux (left) or a diurnally-varying surface fluxes (middle), and their difference 
(right). Both approaches result in a qualitatively similar solution space, where the diurnally varying 
flux approach predicts larger average positive and negative fluxes. Blue and orange points 
represent concentration and flux combinations that are further explored in Figure S23. 

 

 

Figure S23: Comparison of the optimal constant flux and optimal diurnally varying flux for the 
two combinations of CFT and CUW shown in Figure S22 (left) and the respective variation of CPBL 
(right). In both cases, the constant flux is similar in magnitude to the average of the temporally 
varying flux. Interestingly, for the case where CFT = 1.5 (orange), the optimal fluxes from both 
methods have different signs on average, as the variable optimal predicts positive nighttime fluxes 
and negative daytime fluxes.   
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S3. GEOS-Chem Analysis 

S3.1. List of GEOS-Chem simulations 

Table S4. List of GEOS-Chem simulations used 

Simulation Resolution Domain Emission notes 

STND 2°x2.5° Global GMA emissions 

NEST 0.5°x0.625° 20°-70° N, 60°-100° W GMA emissions 

ANT3 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 3 (domain: 40°-
50° N, 70°-80° W) 

ANT7 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 7 (domain: 40°-
50° N, 70°-80° W) 

ANT10 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 10 (domain: 
40°-50° N, 70°-80° W) 

ANT3-ENA 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 3 across entire 
nested domain that covers eastern North 
America (see Fig. 1) 

ANT7-ENA 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 7 across entire 
nested domain that covers eastern North 
America (see Fig. 1) 

ANT10-ENA 0.5°x0.625° 20°-70° N, 60°-100° W GMA scaled by factor of 10 across entire 
nested domain that covers eastern North 
America (see Fig. 1) 

CFTSCAL 0.5°x0.625° 20°-70° N, 60°-100° W GMA emissions, CFT increased to 
approximately 1.4 ng m-3 by applying 
spatially and temporally uniform 
emission source of 5 x 10-15 kg m-2 s-1 at 
3500 m above ground level 

CFTSCALMAX 0.5°x0.625° 20°-70° N, 60°-100° W GMA emissions, CFT increased to 
approximately 1.8 ng m-3 by applying 
spatially and temporally uniform 
emission source of 1 x 10-14 kg m-2 s-1 at 
3500 m above ground level 

CFTSCAL-ANT7-ENA 0.5°x0.625° 20°-70° N, 60°-100° W Includes adjustments from both the  
ANT7-ENA and the CFTSCAL 
sensitivity simulations. 
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S3.2. Relative contribution of chemical processing to Hg0 fluxes within the PBL in GEOS-
Chem 

 

Figure S24. The relative magnitude of net surface fluxes and chemical fluxes within the planetary 
boundary layer in rural (left panels) and urban (right panels) regions, according to nested GEOS-
Chem simulation in June (upper panels) and December (lower panels). Surface fluxes are 
normalized to represent their effect on average boundary layer concentrations by dividing by the 
average modeled PBLH for the respective month (see Fig S6). Regardless of the magnitude of 
anthropogenic emissions in this region, the magnitude of surface fluxes is 36-875 times larger than 
net chemical fluxes in the rural area and 21-30 times larger in the urban area. 

S3.3. Estimating CFT and CUW from GEOS-Chem simulations 

We describe our approach for estimating CFT and CUW from GEOS-Chem output below. We first 
define broad upwind domains for the rural and urban regions (green and orange boxes, left panel 
of Figures S25-S30). The broad horizontal extents of the upwind domains are selected to dampen 
the occasional effect of temporally varying winds that may occasionally pass through areas that 
are strong sources or sinks. Additionally, their locations are selected to be representative of the 
respective region, with mixed urban and suburban areas in New Jersey and Pennsylvania 
representing the upwind region for urban sites and upstate New York representing upwind region 
for rural sites. CUW is calculated for each region as the average concentration within the upwind 
domains from the surface to the PBLH indicated by MERRA2 reanalysis. We define CFT as the 
average hourly concentration of the column extending from the PBLH to 700 hPa above the 
midpoint between the measurement sites for respective regions (right panels of Figures S25-S30). 
The vertical extent of the PBLH exhibits hourly variation, however there is little difference in the 
average PBLH and its extent between urban and rural sites, supporting our use of spatially 
aggregated profiles for box model simulations described in Section 2.2 of the main text. 
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The NEST, ANT7, and CFTSCAL simulations in June show the impact of enhancing 
concentrations on spatial and vertical distribution. In the NEST simulation, concentrations 
throughout the domain are low and are highest over the ocean (Figure S25). Concentrations at 
urban centers including NYC and Boston do not notably deviate from lower concentrations in rural 
areas of the Northeastern US. A similar vertical distribution of Hg is observed at both urban and 
rural regions, with lower concentrations near the surface and higher concentrations aloft. In the 
ANT7 simulation, concentrations at urban centers are noticeably higher than in rural areas of the 
northeastern US, illustrating expected differences between known sink and source regions (Figure 
S26). This is also observed in vertical cross-section plots, where concentrations in the urban 
upwind domain are notably higher near the surface, while there is little impact in the rural areas. 
Notably, concentrations aloft are far less sensitive to regional emission enhancements than surface 
concentrations. In the CFTSCAL simulation, we find that direct enhancements to CFT can 
effectively scale the surface features observed in the NEST simulation, with highest concentrations 
over the ocean and lower concentrations over land, consistent with the dominant influences of 
vegetative uptake fluxes and oceanic emissions in the model (Figure S27). 

We also evaluate the vertical and horizontal distribution of Hg in the December sensitivity 
simulations (Figures S28-S30). Unlike June, there isn’t a noticeable difference in Hg0 
concentrations between land and ocean in the NEST simulation (Figure S28). However, 
concentrations throughout the domain are notably higher in both horizontal and vertical 
dimensions in December, with highest concentrations in the southwestern portion of the domain 
(Figure S28). This is consistent with a lack of vegetative uptake in winter, resulting in a terrestrial 
shift from a summertime sink to wintertime source. We find that ANT7 results in large 
concentration enhancements near the surface that are more pronounced than in summer, which is 
likely driven by the combined influence of lower daytime PBLH and a lack of vegetative uptake 
to dampen this source (Figure S29). As in June, we find that the CFTSCAL simulation effectively 
enhances the existing spatial distribution of concentrations throughout the domain (Figure S30). 
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Figure S25. (left panel) Average surface concentration in June for the NEST simulation, where 
the green and orange boxes show the spatial region used to define CUW for rural and urban sites, 
respectively. The upper and lower right panels show a horizontal cross section of the rural and 
urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 

 
Figure S26. (left panel) Average surface concentration in June for ANT7 simulation, where the 
green and orange boxes show the spatial region used to define CUW for rural and urban sites, 
respectively. The upper and lower right panels show a horizontal cross section of the rural and 
urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 
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Figure S27. (left panel) Average surface concentration in June for the CFTSCAL simulation, 
where the green and orange boxes show the spatial region used to define CUW for rural and urban 
sites, respectively. The upper and lower right panels show a horizontal cross section of the rural 
and urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 

 
Figure S28. (left panel) Average surface concentration in December for the NEST simulation, 
where the green and orange boxes show the spatial region used to define CUW for rural and urban 
sites, respectively. The upper and lower right panels show a horizontal cross section of the rural 
and urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 
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Figure S29: (left panel) Average surface concentration in December for the ANT7 simulation, 
where the green and orange boxes show the spatial region used to define CUW for rural and urban 
sites, respectively. The upper and lower right panels show a horizontal cross section of the rural 
and urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 

 
Figure S30: (left panel) Average surface concentration in December for the CFTSCAL simulation, 
where the green and orange boxes show the spatial region used to define CUW for rural and urban 
sites, respectively. The upper and lower right panels show a horizontal cross section of the rural 
and urban latitudes to illustrate the average vertical distribution. The solid white boxes show the 
average height of the grid cells used to calculate CFT in both regions, while the dashed lines show 
the range over which the lower bound of this region extends during the month. 
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Section S3.4. Impacts of anthropogenic emission scaling across eastern North America 

 

Figure S31. Same as Figure 4 of main text, here including results from the ANT3-ENA, ANT7-
ENA, and ANT10-ENA sensitivity simulations as dashed outline boxes. By expanding the region 
over which emissions are scaled, CFT and CUW also increase, with the latter having more sensitivity. 

 

Figure S32. Same as Figure 5 of main text, here including results from the ANT3-ENA, ANT7-
ENA, and ANT10-ENA sensitivity simulations as dashed outline boxes. By expanding the region 
over which emissions are scaled, CFT and CUW also increase, with the latter having more sensitivity. 
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Section S3.5. Further analysis of GEOS-Chem sensitivity simulations 

 

Figure S33: Seasonal variation of surface and free tropospheric concentrations (CPBL and CFT, 
respectively) at rural (green) and urban (orange) regions in NEST, ANT7, and CFTSCAL 
simulations. Black bars represent observational constraints on CFT  in June and December discussed 
in the main text. As previously discussed, NEST underestimates urban and rural CPBL in June and 
December. ANT7 improves the expected spatial gradient of CPBL but has limited impact on CFT, 
which remains lower than observational constraints. Only the CFTSCAL simulation can satisfy 
observationally inferred constraints on CFT, while also increasing the concentrations observed at 
the surface at these sites. 
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