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ABSTRACT 12 

Ten relatively-low-cost ozone monitors (Aeroqual Series 500 with OZL ozone sensor) were 13 

deployed to assess the spatial and temporal variability of ambient ozone concentrations across 14 

Monroe County, New York from June to October 2017. The monitors were calibrated in the 15 

laboratory and then deployed to a local air quality monitoring site where they were compared to 16 

the federal equivalent method values.  These correlations were used to correct the measured 17 

ozone concentrations. The values were also used to develop hourly land use regression models 18 

(LUR) based on the deletion/substitution/addition (D/S/A) algorithm that can be used to predict 19 

the spatial and temporal concentrations of ozone at any hour of a summertime day and given 20 

location in Monroe County. Adjusted R
2 

values were high (average 0.83) with the highest 21 

adjusted R
2 

for the model between 8 and 9 AM (i.e. 1-2 hours after the peak of primary 22 

emissions during the morning rush hours). Spatial predictors with the highest positive effects on 23 

ozone estimates were high intensity developed areas, low and medium intensity developed areas, 24 

forests+shrubs, average elevation, Interstate+highways, and the annual average vehicular daily 25 

traffic counts. These predictors are associated with potential emissions of anthropogenic and 26 

biogenic precursors.  Maps developed from the models exhibited reasonable spatial and temporal 27 

patterns, with low ozone concentrations overnight and the highest concentrations between 11 28 

AM and 5 PM. The adjusted R
2
 between the model predictions and the measured values varied 29 

between 0.79 and 0.87 (mean = 0.83).   The combined use of the network of low-cost monitors 30 

and LUR modelling provide useful estimates of intraurban ozone variability and exposure 31 

estimates that will be used in future epidemiological studies.  32 
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1. Introduction 37 

In the troposphere, ozone (O3) is a secondary air pollutant generated through a series of 38 

complex photochemical reactions involving solar radiation and ozone-precursors, e.g., reactive 39 

nitrogen oxides (NOy), carbon monoxide (CO), and reactive volatile organic compounds (VOCs) 40 

of biogenic and anthropogenic origin (e.g., Monks, 2005; Stevenson et al., 2013; Cooper et al., 41 

2014; Monks et al., 2015; Seinfeld and Pandis, 2016). Tropospheric O3 is known to be harmful to 42 

human health (Jerrett et al., 2009; Bell et al., 2014; Turner et al., 2016) and ecosystems (Fowler 43 

et al., 2009; Ainsworth et al., 2012). The Global Burden of Disease Study 2010 (Lim et al., 2012) 44 

estimated almost 2.5 million worldwide disability-adjusted life years attributable to ozone in 45 

2010. In addition, premature deaths were also associated with long-term exposure to ozone 46 

(Jerrett et al., 2005). However, the size and the consistency of the association between ozone 47 

exposure and health effects vary, and this uncertainty may arise from inaccurate exposure 48 

assessment (Jerrett et al., 2013; Wolf et al., 2017) since the exposure assessments are typically 49 

based only on community average concentrations (Jerrett et al., 2005). 50 

During recent decades, mitigation strategies have been implemented across North 51 

America to improve the air quality at both federal and state levels (e.g., Gerard and Lave, 2005; 52 

Parrish et al., 2011; Squizzato et al., 2018). These strategies aimed to regulate and thereby reduce 53 

the anthropogenic emissions of key primary air pollutants, including ozone precursors (NOx, 54 

VOCs), sulfur dioxide (SO2), and particulate matter (PM). Since 2000, mitigation regulations 55 

have required reduced emissions from light- and heavy-duty vehicles, maritime transport, and 56 

electric power generation resulting in decreased air concentrations for most air pollutants (e.g., 57 

Parrish et al., 2011; Pouliot et al., 2015; Duncan et al., 2016; Emami et al., 2018; Masiol et al., 58 

2018a). However, ozone concentrations have shown a different behavior. Squizzato et al. (2018) 59 

showed that the decreased NOx emissions contributed to the reduction of ozone formation during 60 

the summer, but it did not reduce the spring maxima across New York. Furthermore, O3 61 

concentrations increased during the autumn and winter at multiple monitoring sites in NYS 62 

(Squizzato et al., 2018). 63 

In the U.S., air quality (AQ) is managed through the National Ambient Air Quality 64 

Standards (NAAQS). NAAQS determine the limit values for the protection of public health 65 

(primary standard) and public welfare (secondary standard) of six “criteria” air pollutants, 66 

including ozone. Concentrations of ozone are measured using federal “reference” or “equivalent” 67 



methods (FRM and FEM, respectively) in accordance with Code of Federal Regulations (40 CFR 68 

Part 53; USEPA, 2017). Compliance with NAAQS is routinely evaluated at one or a few 69 

stationary urban stations that are used to assess the exposure of the whole population living in 70 

that metropolitan area. However, the spatial coverage of the monitoring network is likely to be 71 

insufficient to capture the intraurban spatial variability of ozone concentration, resulting in 72 

inaccurate exposure assessments. Ozone concentrations can be strongly affected by local sources 73 

such as major roadways or combustion sources emitting NO that can titrate the ozone. In 74 

addition, complex terrain, urban heat island effects, and planetary boundary layer dynamics may 75 

also affect the local-scale ozone concentrations. For instance, Kheirbek et al. (2013) recognized 76 

that the spatial limitations of the regulatory monitoring networks may lead to inadequate 77 

characterization of fine-scale concentration gradients in urban areas. This latter study, performed 78 

in New York City, demonstrated the importance of fine spatial resolution data to properly 79 

characterize subcounty differences and disparities by socioeconomic status. The assessment of 80 

small-scale spatial urban variability for ozone exposure was also recognized as important by the 81 

US Environmental Protection Agency (USEPA, 2013). 82 

New advances in micro-scale technology offer increasingly inexpensive and reliable 83 

sensors, low power electronic circuits, and memory that allow the development and mass 84 

production of low-cost (and relatively low-cost) air quality monitors (LCAQMs) like what 85 

occurred for personal weather stations about a decade ago (e.g., Muller et al., 2013). LCAQMs 86 

are much less expensive than research-grade instruments, have low power requirements and 87 

data-loggers, and are physically smaller and lighter than research or regulatory monitors.  88 

However, they typically have lower sensitivity, precision, and accuracy relative to regulatory or 89 

research grade monitors (e.g., White et al., 2012; Snyder et al., 2013; Kumar et al., 2015).   90 

In this study, 10 LCAQMs equipped with ozone sensors were deployed for 4 months 91 

(June–October 2017) at 9 residential locations and collocated at the air quality monitoring site in 92 

Rochester.  To provide FEM-like concentrations, the calibration approach reported in Masiol et 93 

al. (2018b) was employed. The corrected data were used to evaluate the spatial-temporal patterns 94 

across Monroe County (Rochester area), New York. However, even with 10 monitors deployed 95 

across the County, the spatial resolution needs to be further improved to provide detailed 96 

personal exposure estimates at any given location and time. Under this view, land use regression 97 

(LUR) models are commonly used to predict concentrations when and where there are no 98 



monitoring data. LUR models use multiple kinds of predictor variables (e.g., highway locations, 99 

traffic volumes, population data, property assessment information, land-use, physical geography, 100 

and meteorology) (e.g., Hoek et al., 2008, 2015). Linear regression models are then run between 101 

monitoring data (dependent variable) and predictors (independent variables).In this study,  102 

24LUR models are developed to estimate ozone concentrations at any location within the 103 

Monroe County domain and hour of a day. These exposure estimates will be used in future 104 

epidemiology studies of short term ozone exposure and health outcomes. 105 

 106 

2. Material and methods 107 

2.1 Study area 108 

Rochester, Monroe County, NY, (~210,000 inhabitants, 2010 Census) is a typical 109 

medium-sized metropolitan area in the northeastern United States.  It is the center of the Greater 110 

Rochester metropolitan area (~1.1 million inhabitants), lying on the southern shore of Lake 111 

Ontario. It is approximately 100 km ENE of Buffalo, NY, and 150 km ESE from Toronto, ON. 112 

Air quality is routinely measured at monitoring sites managed by the NYS Department of 113 

Environmental Conservation (NYSDEC) and is used to assess the population exposure to air 114 

pollutants (e.g., Zhang et al., submitted). Road traffic is the major mobile emission source, while 115 

a coal-fired cogeneration plant located on the northeast side of Rochester is the major source of 116 

stationary emissions. Regional advection of polluted air masses from the Ohio River Valley, the 117 

Niagara Frontier in Ontario, Canada, and the east coast of U.S may also affect local air quality 118 

(Emami et al., 2018; Masiol et al., 2018c). 119 

 120 

2.2 Experimental Methods 121 

Ten Aeroqual (Auckland, New Zealand) Series 500 portable gas monitors (AE) coupled 122 

with metal oxide (WO3) gas-sensitive semiconducting oxide (GSS) technology sensors for ozone 123 

(model OZL) were used. Nine ozone monitors were placed outdoors at homes (mostly 124 

backyards) of volunteers. An additional monitor (AE1) also used for calibration purposes 125 

(Masiol et al., 2018b), was co-located with the FEM ozone monitor at the regulatory air quality 126 

station in Rochester (ROC; USEPA 36-055-1007). The sampling campaign extended from June 127 

to October 2017. A map of the sampling site locations is shown in Figure 1.  128 



In addition, ozone concentrations measured at three rural sites in nearby counties were 129 

also retrieved from the USEPA (https://aqs.epa.gov/api) (Figure S1). Williamson (WIL, Wayne 130 

County) is a downwind ozone site for the Rochester metropolitan area (NYSDEC, 2018). 131 

Middleport (MID, Niagara County) serves as the Buffalo downwind site to monitor regional 132 

transport from Buffalo and points west. Pinnacle (PIN, Steuben County) is located ~120 km 133 

south of the Rochester metropolitan area. The PIN site measures ozone and other pollutants 134 

entering New York from the south and southwest (NYSDEC, 2018).  135 

Technical details of GSS sensors are discussed elsewhere (Aliwell et al., 2001; Williams 136 

et al., 2009; 2013) and are summarized in Table S1. Briefly, these sensors operate in the 0 to 0.5 137 

ppm O3 concentration range and have a minimum detection limit (MDL) of 0.001 ppm with an 138 

accuracy of 0.008 ppm over the 0 to 0.01 ppm range and <±10% for the rest of the range. 139 

Preliminary tests (Bart et al., 2014) showed that hourly average ozone concentration differences 140 

between GSS measurements and a reference instrument were normally distributed with a mean 141 

of -0.001 ppm and standard deviation of 0.006 ppm. Further, Lin et al. (2015) found a high 142 

coefficient of determination (r
2
=0.91) with values measured with a reference ultraviolet 143 

absorption O3 analyzer. 144 

Each monitor was placed in a waterproof plastic-fiberglass enclosure with two 90° bend 145 

inlets (2 cm in diameter; Figure 2). A small 12 VDC fan (4500 RPM) was used to promote air 146 

flow through the box. A single layer of screening was placed over each inlet and outlet to prevent 147 

coarse debris and insects from entering the enclosure. The monitors were powered with a 12 148 

VDC power supply coupled with a 2700 mA/h Li-ion battery that eliminated the data 149 

discontinuities due to short-term power outages (up to ~8 h). Ozone concentrations were 150 

collected with a time resolution of 10 minutes. Periodic checks of the fan operation, downloads 151 

of the data, and cleaning of the inlets were performed throughout the sampling campaign.  152 

At each site, a low-cost PM monitor (Speck, Airviz, Inc., PA) was also used (Zikova et 153 

al., 2017). Beyond the PM concentration data (not used in this study), those monitors also hold 154 

temperature sensors. Since PM monitors were installed in similar boxes side-by-side to the ozone 155 

monitors, they were used to measure the air temperature inside the enclosures, i.e. the potential 156 

increase in temperature due to solar irradiance heating. Temperature data was externally 157 

calibrated under laboratory conditions in the range of air temperatures expected in Rochester (0 158 

to 45°C).  159 



Wind speed (m/s) and direction were measured at a 1-h time resolution at the Greater 160 

Rochester International Airport (KROC). Data were retrieved from the NOAA National Climatic 161 

Data Center (https://www.ncdc.noaa.gov/cdo-web/datatools/lcd). Relative humidity records were 162 

retrieved from the dense network of local personal weather stations across the County 163 

(www.wunderground.com). If a weather station was not present within a 0.5 mi radius from a 164 

sampling site, the average relative humidity of the three closest stations was used. 165 

 166 

2.3 Data handling 167 

Data were corrected to return “FEM-like” ozone concentrations. The approach implied a 168 

multi-steps procedure:  169 

 Preliminary co-location under controlled lab conditions. Prior to the sampling campaign, the 170 

10 Aeroqual monitors were co-located with an ultraviolet photometric ozone analyzer (Model 171 

49i, Thermo Scientific, Franklin, MA; automated equivalent method EQOA168 0880-047) 172 

under “clean-air” lab conditions (trace NO and NO2; and PNC <100 particles/cm
3
 trace NO 173 

and NO2; and PNC <100 particles/cm
3
). Since historical data measured in Rochester 174 

(Squizzato et al., 2018) indicated summertime hourly ozone peaks <100 ppb after 2012, the 175 

monitors and the instrument were exposed to 5, 50 and 100 ppb O3 concentrations for several 176 

hours. Ozone was artificially generated by a Corona spark discharge (model V5-0, Ozone 177 

Research and Equipment Corp., Phoenix, AZ) coupled with an ozone calibrator (model 1008-178 

PC, Dasibi Environmental Corp., Glendale, CA). This first co-location served to adjust the 179 

span of the instrumental calibration of Aeroqual monitors. After the span calibration, the 180 

monitors operated overnight under laboratory clean-air O3 concentrations (<5 ppb). The 181 

calibration was checked the following day at 50 and 100 ppb. Very good agreement was 182 

found (mean ± std. deviation of reference instrument/Aeroqual ratio at 100 ppb= 0.99 ± 0.02) 183 

between each of the monitors and the regulatory reference instrument.  184 

 Final co-location under controlled lab conditions s. The same procedure was repeated twice 185 

at the end of the sampling campaign to check for possible drifts in the calibration. Results 186 

showed that monitors showed small shifts in the slopes of the response curves from the initial 187 

calibration, always below 10% at 100 ppb. The reasons for the shifts remain unclear, but they 188 

are probably due to GSS aging. The drift was assumed linear throughout the sampling 189 

campaign. Thus, calibration equations were adjusted by linear interpolation. This procedure 190 



allowed adjustment of all the monitors to be comparable with the concentration measured by 191 

the monitor deployed at the DEC site. 192 

 Field calibration. The data of all monitors were then processed to return “FEM-like” ozone 193 

concentrations by using by using  Model 2 provided by Masiol et al. (2018b): 194 

AE O3=β0 + (β1∙FEM O3) + (β2∙ET) + (β3∙ET
2
 ) + (β4∙RH) 195 

where AE O3 is the corrected monitor concentration, FEM is the O3 concentration measured at 196 

the DEC site with the USEPA FEM instrument, ET is the enclosure temperature measured by 197 

the co-located PM monitors, RH is the relative humidity measured by the network of personal 198 

weather stations, and βn are the coefficient of the linear model, the same values reported in 199 

Masiol et al. (2018b).  200 

 201 

2.4 LUR model set-up 202 

 Two variable types were used. The first type (buffer predictors) is listed in Table 1 and 203 

includes variables specific to each given location in the modeling domain, i.e. they do not change 204 

over time. These variables are averages within circular buffers drawn around each sampling 205 

location with increasing radii (500, 1000, 2500, 5000 m). Buffer statistics were calculated for 206 

each buffer size and predictor variable:  207 

 208 

 Land-use. The 2011 USGS National Land Cover Database (NLCD, 30 x 30 m resolution) 209 

was used to include single and composed classes. Initially, all single classes were used. Then, 210 

more reliable and robust results were reached coupling categories with similar potential 211 

impacts on air quality: low and medium intensity developed areas (categories no. 22+23), 212 

high intensity developed areas (24), open space, grasslands and pasture (21+71+81), forests, 213 

shrubs and wetlands (41+42+43+51+52+90), cultivated crops (82), and open water (11). The 214 

percent of covered areas was calculated for each buffer.  215 

 Elevation. The digital elevation model (DEM, 10x10 m) was obtained from the U.S. 216 

Geological Survey (USGS) and the average elevation was set as buffer statistics. 217 

 Housing. The number (N) of bedrooms, fireplaces, and kitchens, the property value, and the 218 

year build were obtained from the 2013 property assessment data provided by Monroe 219 

County. For each parcel, N was calculated as (parcel count/parcel area in ha)/100. The data 220 



were rasterized at 10 x 10 m spatial resolution, and predictors were calculated as the sum of 221 

values within each buffer.  222 

 Population density. Population density per square mile was retrieved from the U.S. Census 223 

Bureau 2015 American community survey (ACS). The average density was used as buffer 224 

statistics. 225 

 Roadways. The geocoded locations of major (Interstate and highways) and local roadways 226 

were computed using data provided by NYS Department of Transportation (NY DoT). The 227 

data were rasterized (10x10 m) and the percent of covered areas was calculated for each 228 

buffer.  229 

 Railroad. The geocoded location of railroad lines was obtained from NY DoT and handled 230 

similarly to roadways. 231 

 Traffic counts. The annual average vehicular daily traffic counts (AADT) for highway and 232 

major roads were obtained from the NY DoT highway performance management system. 233 

AADT was included in the predictor list after data were rasterized at 10 x 10 m spatial 234 

resolution and the sum of values within each buffer was calculated. 235 

 The other variables inputted to the models are general to the area and change from hour-236 

to-hour. These measured variables (temporal or non-buffer predictors) are listed in Table 2 and 237 

include: 238 

 Traffic profiles. AADT counts are expressed as annual averages, but hourly variations are not 239 

addressed. The diurnal traffic profiles for two typical road types in Rochester (Interstate 590 240 

and NY 104; Figure 1) were separately provided by DoT, which commissioned hourly counts 241 

of traffic for different vehicle categories according to the Federal Highway Administration 242 

(FHWA, 2018). Data collected between June and October in the 2010-2015 period were 243 

selected. Different traffic profiles were found among vehicle categories on I-590, while 244 

traffic on NY 104 was dominated by cars (2 axle autos, pickups, vans, and motor‐homes). 245 

Since exhaust emissions are different among categories (with potential indirect effects on 246 

ozone) the traffic counts for I-590 were aggregated into two categories (cars and trucks; 247 

Table S2), while one category (lump sum of all categories) was computed for NY 104. Also, 248 

the traffic profiles were aggregated to combine weekdays and weekends (inclusive of 249 

holidays). The normalized (mean 1) hour of day / type of vehicles / weekday/weekend 250 



averaged profiles (as shown in Figure S2) were then inputted into the LUR to better model 251 

the traffic count.  252 

 Routine Air Quality Data. Because ozone concentrations can be correlated to other air 253 

pollutants, hourly air quality data measured at the DEC site were also included into the model 254 

as independent variables. These data are assigned to each monitored O3 concentration. CO, 255 

NO, reactive nitrogen (NOy), SO2, O3, PM2.5 (TEOM-FDMS) were measured using FRM or 256 

FEM methods (details provided in Table S3). Nitrogen dioxide was assessed as the difference 257 

between NOy and NO. Hourly concentrations of BC and Delta-C (marker for biomass 258 

burning calculated as difference between absorbance at 370 and 880 nm; Wang et al., 2011) 259 

were also measured with a 2-wavelength aethalometer. Raw data were corrected for non-260 

linear loading effects (Turner et al., 2007; Virkkula et al., 2007). All the air pollution data 261 

measured by DEC that were below the DLs were set to DLs/2 (Table S3). Details of the data 262 

handling for routine air quality data are reported in Squizzato et al. (2018). 263 

 Particle number concentration. Particle number concentration (PNC) was measured at the 264 

DEC site by a scanning mobility particle spectrometer (SMPS). Details of methods are 265 

provided by Masiol et al. (2018a). The SMPS detected particle in the size range 11-470 nm. 266 

The number concentration of three size ranges roughly representative of nucleation (11-50 267 

nm), Aitken nuclei (50-100 nm), and accumulation (100-470 nm) particles were included in 268 

the LUR models; 269 

 Measured meteorological variables. Since weather affects the air quality, weather variables 270 

measured at the Rochester international airport (KROC) were also added, including air 271 

temperature, humidity, barometric pressure and scalar components of wind (u, v relative to 272 

the North-South and West-East axes, respectively). Weather data collected at KROC were 273 

taken as representative of the meteorology across the County (Wang et al., 2011; Emami et 274 

al., 2018).  275 

 Modeled meteorological variables. Photochemistry plays a key role in O3 formation. 276 

Unfortunately, the actinic flux was not directly measured. Thus, variables provided by the 277 

NCEP North American Regional Reanalysis (NARR) were used, including downward 278 

longwave, upward longwave, downward shortwave and upward shortwave radiation fluxes 279 

(W/m
2
). In addition, total cloud cover (%), planetary boundary layer height (m) and RH (%) 280 

were also included as LUR predictors. NARR variables have high resolution (~32 km), but 281 



they are provided at a 3 h time resolution. Thus, a smoothing spline (Zeileis and 282 

Grothendieck, 2005) was used to interpolate the data to an hourly time resolution. 283 

 A dummy variable was also included to allow modeling the possible differences between 284 

weekdays (2) and weekends (1). 285 

 Sophisticated LUR models based on the deletion/substitution/addition (D/S/A) algorithm 286 

(Sinisi and van der Laan, 2004a;b) were used to predicted pollutant concentrations across 287 

Monroe County. The D/S/A algorithm was presented in detail by Sinisi et al.
 
(2004a;b).  The 288 

D/S/A approach has been successfully applied in the development of several prior LUR models 289 

(Beckerman et al., 2013a;b; Su et al., 2015a; Masiol et al., 2018d). Briefly, the D/S/A approach 290 

implements a data-adaptive estimation method from which estimator selection is based on cross-291 

validation under specified constraints. The D/S/A interactively generates n-order polynomial 292 

generalized linear models in three steps: (i) a deletion step removing a term from the model; (ii) 293 

a substitution step replacing one term with another; and (iii) an addition step adding a term to the 294 

model. The cross-validation scheme (V-fold) randomly partitions the original input dataset into 295 

V equal size subsamples (V=3, in this study): V‒1 subsamples were used as the training dataset 296 

and the remaining subsample was retained as the validation data for testing the model. All 297 

observations in the V-folds are used for both training and validation, and each 298 

observation is used for validation exactly once. Thus, since each time an independent 299 

validation dataset is used to assess the performance of a model built using a training dataset, the 300 

V-fold process minimizes the chance of overfitting the model because the data validation is 301 

repeated V times (i.e. all V subsamples are used once as validation dataset) and results are 302 

combined to produce a final estimation. Model robustness and reliability was assured by the 303 

cross-validation scheme.  However, incremental F-tests (at p<0.05) were used to select the 304 

optimal number of predictors to be included into each model (Masiol et al., 2018d). 305 

The D/S/A models were run under R (version 2.15.3) and using the “DSA” library (Sinisi 306 

and van der Laan, 2004a;b). All other computations were done in R 3.4.2 using a series of 307 

packages, including “zoo” (Zeileis and Grothendieck, 2005), “plyr” (Wickham, 2011), “reshape” 308 

(Wickham, 2007), “sp” (Pebesma and Bivand, 2005; Bivand et al., 2013), “stringr” (Wickham, 309 

2018), “openair” (Carslaw and Ropkins, 2012), “corrplot” (Wei and Simko, 2017), “raster” 310 

(Hijmans, 2017), “rgdal” (Bivand et al., 2017), “spatstat” (Baddeley et al., 2015), “maptools” 311 



(Bivand and Lewin-Koh, 2017), “geoR” (Ribeiro and Diggle, 2016), and “rgeos” (Bivand and 312 

Rundel, 2017). 313 

 314 

2.5 Selection of best models 315 

The final models were built and tested after evaluating numerous preliminary trials using 316 

different model set-ups, data sets, and sets of predictors: 317 

 Models were originally run for each hour of working days and weekends, separately. 318 

However, since the results were similar between working days and weekends, the 24 final 319 

models were combined for both weekdays and weekends. This choice is also supported by the 320 

shape of hour of day and day of the week patterns of ozone concentrations (Figure S6), 321 

showing similar diel patterns throughout the week. 322 

 The D/S/A cross-validation scheme selects the best predictive models. This CV method has 323 

asymptotically optimal properties for deriving and assessing performance of predictive 324 

models (an exhaustive explanation is provided in Beckerman et al. (2013) and references 325 

therein). Briefly, the cross-validation performance is estimated using the L2 loss function 326 

(called CV risk). The CV risk is defined as the expectation of the squared cross-validated 327 

error and is based on the CV-R
2
 values. The approach tests nearly all covariate combinations. 328 

Then, the selection of the best model implemented into the D/S/A algorithm is based on a plot 329 

that shows the average CV risk as a function of the size of the model. Generally, as the model 330 

increases in size, the CV risk also decreases until it reached a minimum value. However, in 331 

this study, the best models were selected by analyzing the statistical significance of 332 

incremental (partial) F-tests. The model was run sequentially with the addition of a term (from 333 

6 to all variables) until no statistically significant (p<0.05) increases in adjusted coefficients of 334 

determination (adj. R
2
) were obtained. 335 

 Both first (linear) and mixed first- and second-order polynomial function models were 336 

initially used. The reasons for this choice were explained in Su et al. (2015) and Masiol et al. 337 

(2018d). First order models were ultimately selected as the best solutions because they 338 

generally required a lower number of predictors to meet the incremental F-test criteria 339 

(parsimony). 340 

The final dataset included 19972 observations (hourly ozone concentrations at the sites) 341 

and 87 possible spatial variables, including 15 spatial predictors for each buffer size, 11 342 



measured air pollutants, 12 weather variables (5 measured, 7 modeled), 3 normalized traffic 343 

profiles, and a dummy variable for identifying weekends/weekdays. The cross-validation scheme 344 

was set such that each model run used 2/3 of the observations for model training and 1/3 for 345 

model validation. 346 

 347 

3. Results and discussion 348 

3.1 Ozone concentration variations 349 

Table 3 provides the summary statistics for ozone concentrations measured at all 10 sites.  350 

Data counts are different among the 10 sites because of data losses and the different 351 

starting/ending dates (although both the starting and ending of the sampling campaign was 352 

performed within a few weeks).  Figure S3 shows a summary of the data distributions for the 353 

study period and by time of day: daytime and nighttime hours were split considering the sunset 354 

and sunrise time provided by the NOAA National Climatic Data Center.  Average hourly ozone 355 

concentrations ranged from a low of 21 ppb to a high of 31 ppb for sites AE3 and AE1, 356 

respectively. The 8-hour national ambient air quality standard (NAAQS) implemented in 2015 357 

(70 ppb) was exceeded 4 times at the DEC site and one time at AE7.   358 

The coefficients of determinations (r
2
) were calculated to evaluate the site-to-site 359 

correlation. The r
2
 matrices for daytime and nighttime are shown in Figure 3. There were 360 

relatively high site-to site correlations compared to the PM2.5 results of Zikova et al. (2017). The 361 

highest correlation was observed during daytime even with the sites farthest from the Rochester 362 

metropolitan area (AE10, WIL and MID). The spatial variability increased during the night, with 363 

the highest correlation observed only between the sites located close to developed areas. The 364 

lowest correlation was between AE10 and MID (rural sites). AE10 had lower correlations with 365 

the urban site values (AE1 to AE9).  AE10 is located upwind of the urban area and relatively far 366 

from the other monitors.  367 

Figures S4 and S5 show the variations of ozone concentrations by hour and day of the 368 

week. Figure S6 combines the two patterns.  Concentrations showed some day of the week 369 

variations, with very similar diel profiles at each site. On an hourly basis, higher concentrations 370 

were recorded between noon and 6 PM at all sites, with the minimum concentration at 6 AM. 371 

Diel patterns were almost constant between weekdays and weekends (Figure S6). The diel 372 

pattern of interpolated mean ozone concentrations directly measured by the LCAQMs across 373 



Monroe County is presented in a separate supplemental information presentation file The 374 

interpolation was performed using inverse squared-distance interpolation (IDW) with the weight 375 

of power of 2, i.e., the influence of neighboring points is diminished as a function of increasing 376 

distance d as of d
2 

analogous to the PM analyses in Zikova et al. (2017). Similar patterns were 377 

also observed at the rural DEC sites (PIN, WIL, MID, Figure S7). 378 

Data were matched with the wind speed and direction data though polar-plots (Figures S8 379 

to S17) to investigate the relationships between wind directional sectors/wind speed and O3 380 

concentrations. Polar-plots present the O3 concentrations by mapping wind speed and direction 381 

as a continuous surface with the surfaces calculated using smoothing techniques (Carslaw et al., 382 

2006). Generally, the highest ozone concentrations were associated with moderate and strong 383 

wind coming from the SW and W, with all directions becoming important during the afternoon at 384 

all sites. AE2, AE4 to AE9 also showed an increase in concentrations with wind blowing from 385 

NW. Most locations did not exhibit strong preferential wind directions in the afternoon (noon to 386 

16:00). The highest concentrations were consistently observed for winds blowing from the W at 387 

all sites with relatively uniform concentrations across the region (see supplemental presentation).  388 

  389 

 390 

3.2 Land use regression models 391 

The diagnostics (adj. R
2
 and number of selected predictors) for the selected hourly linear 392 

models are summarized in Figure 4. The list and the occurrence of predictors are reported in 393 

Figure 5 and Figure S18, respectively. The number of predictors selected by the models ranged 394 

from 7 to 16 (average 11), with adj. R
2
 varying between 0.79 and 0.87 (average = 0.83; Figure 395 

4). The lower adj. R
2
 values were generally found between early evening (6 PM) and early 396 

morning (2 AM). The higher adj. R
2
 occurred between 8 and 9 AM (i.e. 1-2 hours after the the 397 

strong increase of road traffic reported for Rochester, Figure SI2).  398 

Figure S18 shows the sign of the regression coefficients, i.e. they indicate the effects of 399 

predictors in the modeled ozone concentration. Among the spatial predictors, high intensity 400 

developed areas (17 times) and low and medium intensity developed areas (15) were selected 401 

with high frequency. While low and medium intensity developed areas exhibited positive effects 402 

(except at 6 AM), high intensity areas almost always showed negative coefficients (except at 8-9 403 

PM). Other spatial predictors with substantial positive effects on the ozone estimates were 404 



forests+shrubs, DEM, Interstate+highways, and AADT, mostly predictors associated with ozone 405 

precursors emissions. Among these variables, the positive effect of DEM may be related to (i) 406 

the vertical distribution of ozone, and (ii) the location of major developed areas 407 

in plain fields (i.e., lower elevation) where a large portion of ozone precursors is emitted 408 

resulting in lower ozone titration. However, a previous LUR study performed for Monroe 409 

County (Su et al., 2015) showed that elevation had negative effects on primary pollutants (black 410 

carbon and Delta-C, a proxy to estimate biomass burning particulate matter). This study 411 

suggested drainage processes due to changes in elevation were a probable cause of the negative 412 

impact on the measured concentrations.  413 

As expected, the ozone concentration measured at the DEC reference site was selected by 414 

all models with positive effects on the ozone estimates (Figure S18). Among the other air 415 

pollutants, only nitrogen oxides exhibited a generally positive impact on the ozone 416 

concentrations, while other primary pollutants (CO, SO2, BC), particle number concentrations 417 

and PM2.5 mass concentration generally showed negative effects.  418 

Originally, moderate correlations were found between air temperature (r > 0.6) or RH (r 419 

> -0.6) and the measured ozone concentrations at the DEC site (Masiol et al., 2018b). However, 420 

among the measured and modeled meteorological variables, ambient air temperature and RH 421 

were rarely selected as predictors, indicating a weak relationship with the ozone estimates. 422 

Downward shortwave radiation flux exhibited positive effects on ozone estimations during the 423 

day (5 AM to 7 PM), showing the effects of photochemistry. Conversely, upward shortwave flux 424 

had a generally negative effect.  425 

The hourly models were then used to generate estimated maps of ozone concentration 426 

across Monroe County. Essentially, the method provided in this study is able to estimate the 427 

ozone concentration over a grid of 250 x 250 m all over the Monroe County. Spatial (buffer) 428 

predictors serve to model the spatial patterns of the maps. Temporal (non-buffer) variables 429 

(weather and air quality data) have the purpose to add temporal patterns over the spatial patterns. 430 

This mean that the method is able to generate different maps for approx. 5 months * 30 days * 24 431 

hours = 3600 different maps in a summer. Since the generation of a map requires long 432 

computational time, the generation of 3600 single maps is unreliable and impossible to report. 433 

The easiest method to show the results is therefore to provide maps that use averaged temporal 434 

predictors (i.e. temporal predictors that mayrepresent a typical summer day in Rochester). The 435 



average values of DEC, KROC, and NARR variables on typical summer days were therefore 436 

used along with the spatial predictors. The maps were computed by calculating the buffer 437 

statistics at a 250 x 250 m grid resolution. These maps are shown in Figure S19, while Figure 6 438 

reports results for some selected hours. The maps show reasonable spatial and temporal patterns 439 

in good agreement with the measured diel pattern (Figure S4). Lower ozone concentrations were 440 

estimated overnight (11 PM to 8 AM), when ozone is almost homogenously distributed across 441 

the study area (slightly higher nighttime concentrations were estimated over downtown 442 

Rochester). The morning rise of ozone concentrations occurred between 9 AM and 11 AM, 443 

mostly evident over the southern area of the county. High concentrations were modeled between 444 

11 AM and 5 PM. Examination of the spatial patterns of the early afternoon hours show slightly 445 

higher diurnal concentrations over downtown Rochester. This latter pattern also supports the 446 

negative impacts of the local road network (Figure S19), depicting the short-time effect of 447 

primary vehicular emissions of NO that acts as a sink for ozone. Subsequently, modeled ozone 448 

concentrations dropped around 7 PM except in downtown Rochester.  This pattern is driven by 449 

the positive effect of the high intensity developed areas (Figure S18). The emission of ozone 450 

precursors by high traffic in the city center may have driven this latter pattern. 451 

 452 

4. Conclusions 453 

 In the present study, the combined use of a network of LCAQMs and LUR modelling 454 

provided realistic estimates of the intra-urban ozone variability across the study area for 24 h/7 455 

days per week in summertime. There are a number of points supporting the presented method 456 

and results: 457 

 Measured spatial variability. The experimental data provided by the intensive monitoring 458 

campaign (using 10 ozone monitors) clearly revealed that the average measured 459 

concentrations of ozone were pretty variable across the study area (although showed very 460 

similar diurnal patterns). However, the weekend effect was not uniformly detected at all 461 

the sites. Under this view, it is evident that such spatial variability cannot be detected 462 

when using a unique “central” monitoring station (DEC site, in this case), i.e. the current 463 

setup of the air quality monitoring networks across the U.S. Thus, the use of a unique 464 

monitoring site is not able to detect the intra-urban spatial variability required to 465 

accurately represent human exposure for use in epidemiological studies. Consequently, a 466 



sparse spatial coverage may generate some degree of exposure misclassification and 467 

health effects models can be seriously affected producing underestimations or 468 

overestimations of the air pollution impacts on human health. 469 

 Modelled spatial variability. The subsequent development of sophisticated LUR models 470 

further extended the spatial variability over all the Monroe County. The use of a large 471 

series of spatial predictors and temporal (non buffer) predictors helped in estimating the 472 

ozone concentrations with a resolution of 250 x 250 m all over the County. 473 

 Hourly time resolution. The use of LCAQMs allowed obtaining relatively high time-474 

resolved data (hourly concentrations). The hourly time resolution allowed to run hourly 475 

LUR models that are able to estimate the diurnal variation of ozone instead of having a 476 

unique daily estimate (as reported in common LUR studies). This high temporal 477 

resolution is preferable when using the LUR estimates to assess the human exposure, as 478 

short-term health effect can be properly detected. 479 

 Temporal coverage. The extended length of the sampling campaign (5 months 480 

encompassing summer) ensured a big dataset able to provide enough data for having 481 

reliable estimations of summertime hourly concentrations. The application of the D/S/A 482 

algorithm over a large dataset, its V-fold cross-validation and the F-test further allowed to 483 

select the best models for each hour of summer days. 484 

However, this study has some limitations: the number of sites (only 10) and the selection of 485 

sampling sites made available by volunteers. Despite the sampling locations are pretty well 486 

scattered across the Monroe County and are, therefore, representative of all the different 487 

environments, the use of a bigger number of sampling nodes along with a better selection of the 488 

sampling locations may further improving the results. Thus, future studies will be needed to 489 

further improve the spatial coverage of the LCAQM network. 490 

 491 
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 702 

 703 

Table 1. List of buffer variables. 704 

Source of information / Variable name 

USGS 2011 National Land Cover Database 

 

NLCD11-Water 

NLCD22+23 (Low + medium intensity developed areas) 

 

NLCD24 (High intensity developed areas) 

 

NLCD21+71+81 (Open space + grasslands + pasture/hay) 

 

NLCD41+42+43+51+52+90 (Forests, all types + shrubs + 

wetlands) 

  NLCD82 (Cultivated crops) 

USGS 

DEM 

Bedrooms 

Fireplaces 

Kitchens 

Property value 

Year built 
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  Population density 

NYS Department of Transportation 

 

Interstate + Highways 

 

Local roads 

 

Railroads 

  Annual average vehicular daily traffic counts (AADT) 

 705 

 706 

Table 2. List of measured variables. 707 

Source of information / Variable name 

NYS Department of Transportation 

Hourly traffic profile 

CO 

NO 

NO2 

NOy 

SO2 

O3 (Measured with FEM) 

TEOM PM2.5 

BC 

Delta-C 

PNC11-50 nm 

PNC50-100 nm 

PNC100-470 nm 

Air temperature 

Relative humidity 

 

Barometric pressure 

  Scalar components of wind (u, v) 

NOAA / NCEP North American Regional Reanalysis (NARR)  

 

Downward longwave radiation flux 

 

Upward longwave radiation flux 

 

Downward shortwave radiation flux 

 

Upward shortwave radiation flux 

 

Total cloud cover 

 

Planetary boundary layer height 

  Relative humidity 

Calendar 

  

Dummy variable (working days / 

weekends) 

 708 

 709 



 710 

 711 

 712 

 713 

 714 

 715 

 716 

  717 



Table 3.  Summary statistics for the FEM values measured at the NYS DEC site and the 10 

Aeroqual ozone monitors. Units are in ppb. 
 FEM AE1 AE2 AE3 AE4 AE5 AE6 AE7 AE8 AE9 AE10 

Count 3077 2979 2909 2316 2808 2776 2788 2581 2753 2546 2318 

Average 31.29 31.17 26.44 20.64 28.82 24.98 24.10 27.49 23.55 25.24 20.11 

Standard deviation 15.35 16.19 12.98 13.00 14.06 14.35 14.22 15.56 15.40 14.86 15.36 

Coeff. of variation 0.49 0.52 0.49 0.63 0.49 0.57 0.59 0.57 0.65 0.59 0.76 

Minimum 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Maximum 81.46 91.30 67.95 67.72 74.60 68.41 70.86 79.01 71.40 74.11 72.22 

Range 80.56 91.30 67.95 67.72 74.60 68.41 70.86 79.01 71.40 74.11 72.22 

Stnd. skewness 6.89 4.14 5.52 13.79 4.46 2.27 4.38 5.55 7.65 9.29 8.30 
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FIGURES 719 

 720 

 721 

 722 
Figure 1. Sampling site locations and major roads (left) land use (right, from the USGS National 723 

Land Cover Database 2011). KROC: Rochester international airport. 724 



 725 
Figure 3. Coefficients of determination (r

2
) computed over daytime and nighttime hours (split according to the sunset/sunrise hours). 726 

AE1 was the monitor co-located at the DEC site with the FEM (federal equivalent method) instrument. Air quality monitoring stations 727 

managed by NYSDEC: PIN= Pinnacle State; WIL= Williamson; MID=Middleport. 728 



 729 
Figure 4. Number of selected predictors and adjusted coefficients of determination of the linear 730 

LUR models for all the hours in a day. 731 



 732 
Figure 5. Summary of model results. Only predictors selected by at least one model are shown. 733 

Predictors are organized as “spatial predictors” (data from USGS land-use database, digital 734 

elevation model (DEM), property assessment of Monroe County, population density, roadways), 735 

“traffic” (normalized diel traffic profiles for I-590 and NY104), “DEC variables” (air pollutants 736 

measured at the DEC reference site for air quality, “KROC” (weather variables measured at the 737 

International airport), and “NARR” (modeled meteorological variables from the NARR model). 738 

For each predictor/hour bin, the colors (see bottom legend bar) report the buffer size, while the 739 

numbers refer to the times a predictor is called (in case of buffer predictors called more than one 740 

time, the color refers to the average of the buffers). The right bar plots on the right are 741 

proportional to the total count, i.e. the number of times a predictor is called overall the 24 hours, 742 

irrespective of the buffer size. Similarly, Figure S10 reports the effects of each predictors into the 743 

models (whatever negative of positive). 744 



 745 
Figure 6. Maps showing the results of the linear models for midnight, 6 AM, noon and 6 PM 746 

(local time). Maps are generated by calculating the modeled O3 concentrations over the Monroe 747 

County at a 250 m x 250 m grid. The full set of maps (all 24 hours) is provided in Figure S19.  748 


