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20 Abstract  
 

Vehicles are a major source of anthropogenic emissions of carbon monoxide (CO), nitrogen 

oxides (NOx), and black carbon (BC).  CO  and NOx  are known to be harmful to human health 

and contribute to ozone formation, while BC absorbs  solar radiation that contributes to global  

warming  and also  has negative  impacts on human health and visibility.  Travel restrictions  

implemented during the COVID-19 pandemic provide researchers the opportunity to study the  

impact of large, on-roa d traffic reductions on local air quality.  Traffic counts  collected along  

Interstate-95,  a major eight-lane highway in Maryland  (US),  reveal a 60% decrease in passenger  

car totals and an 8.6% (c ombination-unit) and 21%  (single-unit) decrease in truck traffic counts  

in April 2020 relative to prior Aprils.  The decrease in total on-road vehicles led to the near-

elimination  in  stop-and-go  traffic and a 14% increase in the  mean  vehicle speed  during April  

2020.  Ambient  near-road (NR) BC, CO , NOx, and carbon dioxide (CO2) measurements were  

used to determine  vehicular emission  ratios  (∆BC/∆CO, ∆BC/∆CO2, ∆NOx/∆CO, ∆NOx/∆CO2,  

and ∆CO/∆CO2),  with  each ratio defined as the  slope value of a linear regression performed on 

the concentrations of two pollutants  within an hour.   A decrease of  up to a factor of two in 

∆BC/∆CO, ∆BC/∆CO2,  ∆NOx/∆CO2, a nd in  the fraction of on-road diesel vehicles from  

weekdays to weekends shows diesel vehicles to be the dominant  source  of BC a nd NOx  

emissions  at this  NR site.  We  estimate  up to a 70% reduction in BC emissions  in April 2020 

compared to earlier years, a nd attribute much of this to l ower diesel BC emissions resulting from  

improvements in traffic flow and fewer instances of acceleration a nd braking.  Future efforts to 

reduce vehicular BC emissions should focus on improving traffic flow  or t urbocharger lag w ithin 

diesel engines.   Inferred BC emissions from the NR site  also depend on ambient temperature, 

with an increase of 54% i n ∆BC/∆CO  from −5 to 20  °C during the cold season, similar to 
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44 previous studies that reported increasing BC emissions with rising temperature.  The default  

setting of MOVES3, the current version of the mobile emission model used by the US EPA, does  

not adjust hot-running BC emissions for ambient temperature.  Future work will focus on 

improving the accuracy of mobile emissions  in air quality modeling by incorporating  the effects  

of temperature  and traffic  flow  in  the  system used to generate  mobile  emissions input for  

commonly  used  air quality models.   
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51 1.  Introduction  
 

Vehicles  emit substantial amounts of c arbon monoxide (CO), nitrogen oxides (NO + NO2 

= NOx), black carbon (BC), and carbon dioxide (CO2).  Both CO and NO2  are criteria pollutants  

regulated by the United States  Environmental Protection Agency (US EPA) due to their hazards  

to human health and role as  precursors to the formation of ozone, O3  (Crutzen, 1973; Pusede &  

Cohen, 2012; Sather & Cavender, 2016).  Fine particulate matter  (PM2.5), de fined as  “particulate  

matter with a nominal  mean aerodynamic diameter less than or equal to 2.5 μm”  (US EPA,  

2016), includes  BC and all other particulate matter in this size range, and is regulated by the US  

EPA due to the adverse health and visibility impacts  (US EPA, 2021b).  Ozone, BC, and CO2 

absorb radiation and can have  adverse radiative forcing  (US EPA, 2021a).   

According to the 2017 National Emissions  Inventory (NEI), the mobile sector is the  

dominant emitter of CO and NOx  both nationally and within Maryland  (US), the focus of this  

study. At the national scale, vehicles  contribute  to 44% of total CO (including wildfires) and 

52% of total NOx  emissions, a nd in Maryland vehicles  generate  83% of total CO and 70% of 

total NOx  emissions.   The mobile sector is also the largest contributor to BC emissions, 

representing  42% of total emissions nationally and 58% in Maryland.  Within the on-road mobile  
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sector in Maryland, diesel engines are estimated to emit 75% of BC, 41% of NOx, but only 3.8% 

of CO, with similar percentages on the national scale (US EPA, 2022).  

Lockdown mandates and other restrictions imposed in response to the COVID-19 public 

health emergency in early 2020 resulted in a sharp decline in the number of on-road vehicles, a 

decrease in traffic congestion, and lower vehicular emissions (e.g., Du et al., 2021; Harkins et al., 

2021; Hudda et al., 2020; Laughner et al., 2021; Yang et al., 2021) and other sources (e.g., Ahn 

et al., 2022; Gaubert et al., 2021; Krüger et al., 2022; Lopez-Coto et al., 2022; Yadav et al., 

2021; Zeng et al., 2022). 

Diesel-fueled trucks and gasoline-fueled cars emit air pollutants in varying amounts 

(Grieshop et al., 2006; Hudda et al., 2020), primarily due to differences in engine technologies 

used by each type of vehicle. Diesel engines inject the fuel directly into the engine cylinders 

(known as direct injection) and tend to operate fuel-lean, while gasoline engines typically premix 

the air and fuel upstream of the engine cylinders and operate at lower air-to-fuel ratios and lower 

maximum temperature. The latter process results in higher emissions of CO and lower emissions 

of BC and NOx for gasoline compared to diesel-fueled vehicles (Ban-Weiss et al., 2008; Park et 

al., 2011). 

To study emissions from gasoline and diesel vehicles in the near-road (NR) environment, 

here we use emission ratios, such as ∆NOx/∆CO2, to indicate the amount of NOx emitted (∆NOx, 

where ∆ represents the change in concentration relative to the background) relative to the amount 

of CO2 emitted (∆CO2). Emission ratios are useful to interpret the relative influence of gasoline 

and diesel vehicles in an air sample because each source has its own unique range of emission 

ratios.  For example, exhaust emissions from diesel trucks contain approximately ten times 

higher ∆NOx/∆CO2 emission ratios because diesel vehicles produce more NOx than gasoline 
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vehicles and diesel engines typically run with greater fuel efficiency, resulting in lower CO2 than 

from a gasoline engine of comparable size (O’Driscoll et al., 2018). ∆NOx/∆CO emission ratios 

from diesel-fueled compression-ignited vehicles (CIVs) are typically close to 1 and for gasoline-

fueled spark-ignited vehicles (SIV) the ratios are closer to 0.1 (Bureau of Transportation 

Statistics, 2018).  Fuel-specific BC emission factors (gBC/kgfuel) from CIVs are up to 50 times 

higher than those from light-duty SIVs (Ban-Weiss et al., 2008; Dallmann et al., 2013), while 

CO emission factors are roughly half of those from SIVs (Dallmann et al., 2013). 

Vehicle speed and acceleration affects vehicular emissions of BC, CO, and NOx. 

Turbocharger lag, resulting from acceleration in diesel vehicles, produces a mixture of BC, 

metals, unburnt fuel and oil, and sulfates, a blend commonly referred to as soot (Rakopoulos & 

Giakoumis, 2009). Therefore, fewer instances of acceleration result in lower BC emissions 

(Giakoumis & Zachiotis, 2021). Prior work shows conflicting results of the effect of driving 

cycles on emissions.  For example, PM emissions showed no clear trend with driving cycle in  

Dixit et al. (2017) and Durbin et al. (2008).  Using dynamometer data, Dixit et al. (2017) showed 

that NOx emissions from heavy-duty (HD) diesel trucks were often more than twice as high for a 

stop-and-go driving cycle as for free-flow traffic. NOx emissions were also uniformly higher 

when exhaust aftertreatment systems (designed to remove NOx) were below the optimal 

operating temperature; see also (Jiang et al., 2022; McCaffery et al., 2021). These studies were 

focused on urban driving cycles and are not strictly comparable to traffic on an interstate 

highway where a substantial fraction of the vehicles move at speeds exceeding 27 m s−1 (for 

reference, 1 m s−1 equals 2.2 miles hr−1).  Prior studies also indicate that some, but not all, HD 

vehicles show higher NOx emissions (per distance traveled) for the higher cruise speeds (> 24.5 

m s−1) than for 18 m s−1 cruise (Durbin et al., 2008). Batterman et al. (2010) found emissions of 
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NOx and CO (per distance traveled) to vary by speed for the combined vehicle fleet, with 

emissions increasing with speeds above 18 m s−1. 

Ambient temperature has been found to impact on-road vehicular emissions (Bishop et 

al., 2022; Grange et al., 2019; Hall et al., 2020; Li & Lü, 2021; Saha et al., 2018; Weber et al., 

2019). Inferred mobile NOx emissions at a NR site in Maryland were lower at higher outdoor 

temperatures while CO and CO2 emissions remained relatively constant (Hall et al., 2020).  A 

similar temperature sensitivity was reported at a NR site in North Carolina (US), with higher 

NOx emission factors in winter than in summer (Saha et al., 2018).  Further studies examining 

the European vehicle fleet found declining mobile NOx emissions with rising ambient 

temperatures in light-duty diesel vehicles (Grange et al., 2019; Weber et al., 2019). Some 

publications suggest that mobile BC emissions peak at the highest ambient temperatures in 

diesel-fueled vehicles (Book et al., 2015; Chen et al., 2001; Kondo et al., 2006) and in 

“measureable emitters” (Wang et al., 2018). Other studies found little seasonal difference in the 

contribution of total PM2.5 mass concentration from diesel vehicles (Kim & Hopke, 2012); 

gasoline-powered vehicles may even emit higher BC emissions at colder temperatures, such as 

during cold-starts (Schauer et al., 2008). 

Impacts of ambient temperature on vehicular emissions need to be properly represented 

in mobile emissions models and inventories. The NEI estimates mobile emissions using the 

MOtor Vehicle Emissions Simulator (MOVES) developed by the US EPA (US EPA, 2015b) that 

incorporates multiplicative factors to adjust mobile hot-running emissions of CO, NOx, and BC 

for ambient temperature.  In both the previous version (MOVES2014b) and the latest version 

(MOVES3), the adjustment factors for CO and NOx are set to unity and running emissions from 

any gasoline- or diesel-powered vehicle are commonly not adjusted for temperature (US EPA, 
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2015a, 2020a).  MOVES2014b includes an adjustment for hot-running BC emissions for 

gasoline vehicles of model year (MY) 2004 and earlier but does not modify running BC 

emissions from diesel-fueled vehicles (US EPA, 2015a).  The temperature sensitivity in running 

BC emissions from MY 2004 and older gasoline vehicles was removed in MOVES3 (US EPA, 

2020a); see also Hall et al. (2020).  The absence of a temperature sensitivity in mobile BC 

emissions simulated by MOVES may also help to explain a previous study showing that the 

CMAQ model, which indirectly uses mobile emissions simulated by MOVES, underestimates 

ambient BC concentrations in the summer but not in the winter (Appel et al., 2008). 

In this study we use ambient measurements of BC, CO, NOx, and CO2 collected at a fixed 

NR site located along Interstate-95 (I-95) in Maryland to infer mobile emissions using ratios of 

these measurements. Our goal is to quantify the impact of changes in on-road vehicle fleet 

composition and the near-elimination in traffic jams on highway emissions.  We also present 

evidence for a temperature dependence in mobile BC emissions and compare the results to the 

temperature sensitivity of BC emissions from MOVES3. 

2. Methodology 

2.1 Interstate-95 Near-Road and Traffic Observations 

Ambient pollutant concentrations and meteorological data were measured at a NR site 

located 12 m from the southbound leg of I-95, an eight-lane interstate highway in Howard 

County, Maryland (MD, Figure S1; 39° 8’ 35.38” N, 76° 50’ 45.53” W).  Observations were 

collected between January 2017 and December 2018, then again from March 2020 through 

December 2020.  The site is managed by the Maryland Department of the Environment (MDE) 

as part of the US EPA Air Quality System (AQS), and the monitoring site follows standard 
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160 measurement collection and quality control protocol outlined in the Code of Federal Regulations  

(CFR) 40 part 58 (available at http://www.ecfr.gov/cgi-bin/ECFR?page=browse).  Hourly-mean  

data were  calculated from 10-second mean  NOx  and CO mixing ratios, 1-minute  mean  BC 

concentrations ([BC]), and 2-second  mean  CO2  abundances.  The measurement technique, 

analyzer used, and relative accuracy of the CO, NOx, CO2, BC, and meteorological  

measurements are provided in Table  1 a nd discussed in more detail  in Section S1 of the  

Supplemental Information  (SI).  To isolate highway emissions, only hours when winds were  

blowing from the adjacent highway (25° to 225° clockwise from North) were used in these  

analyses.  Allowing wind from all directions had little  impact on the results.  
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170 Table  1. Instrument details for the CO, NOx, BC, CO2, and meteorological variables  measured at  
the I-95 NR site used i n this  study.   The accuracy is provided  as a relative value with the  
appropriate reference given.   
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Pollutant Species Method of Detection/Analyzer Accuracy 
CO Infrared Energy Absorption 2.3% 

Teledyne API 300U (See the SI) 
NO/NO2/NOx Chemiluminescence 4.7% 

Teledyne API 200U (See the SI) 

BC 
Filter-based, optical measurement technique 

Magee Scientific TAPI M633 (AE33) 
~ 5% 

(Grimes & 
Aethalometer (880 nm) Dickerson, 2021) 

CO2 
(2017 and 2018) 

Laser Absorption Spectroscopy 
Los Gatos Research Fast Greenhouse Gas Analyzer 

0.089% 
(See the SI) 

CO2 
(2020) 

Laser Absorption Spectroscopy/Cavity Ring-down 
Picarro Model G2301 

0.025% 
(See the SI) 
T: 0.3 °C 

P: 0.5-1 hPa 
T/P/RH/Winds Vaisala WXT 520 RH: 3-5% 

WS: 3-5% 
WD: 3° 

(Vaisala, 2012) 
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174 Hourly traffic observations along I-95 were collected by an in-road traffic sensor, 

operated by the Maryland State Highway Administration. The sensor is  located 8 km north of the  

ambient NR trailer and had a daily mean  of 198,000 pa ssing vehicles prior to March 2020.  

Vehicle information (count, type, and speed) was measured using a combination of two inductive  

loops and a class II piezo pressure sensor in each lane to count  the number of and spacing  

between vehicle axles.   This technique allows the site to c ount  the hourly total number of 

vehicles, as well as vehicle type and speed from   the number of and  distance between axles  (US 

Department of Transportation Federal Highway Administration, 2014).  The sensors connect to 

an electronic equipment cabinet adjacent  to the highway that contains two Diamond Traffic  

Products  Phoenix II Classifiers with Integrated IRIS cellular modems to record the vehicle data.   

 

2.2  Inferred Emission Ratios and Speed and Temperature Sensitivity Analysis  
 

The proximity of the  I-95 NR  site  to the highway provides an ideal setting to analyze  

mobile emissions.  BC, CO, NOx, and CO2  share vehicles as a common source, resulting i n 

similar patterns  for a mbient measurements of BC, CO,  NOx, and CO2  in the NR environment  

(see, for example, Krecl et al. [2018] a nd Naser et  al. [2009]).  Covariations in pollutants  are  

useful to study properties  in  vehicular emissions  through inferred emission ratios, which are  

often applied to trace specific sources in plume analysis.   Here we  calculate  the  hourly 

∆BC/∆CO, ∆BC/∆CO2, ∆NOx/∆CO, ∆NOx/∆CO2, and ∆CO/∆CO2  emission ratios  from the  

slope  parameter  of linear geometric mean regression fits performed on five-minute  mean  mixing  

ratios of two pollutants sampled within that hour, similar to Anderson et al. (2014) and Hall et al. 

(2020).  For example, the regression slope of five-minute  mean  [BC] and [CO] re presents the  

hourly ∆BC/∆CO.  Only hours  with more than 30 minutes of obs ervations  were  used in the  
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219

analysis. Table S1 in the SI shows good agreement between fuel-based BC and NOx emission 

factors calculated from the emission ratios in this study and emission factors reported in other 

references. 

To investigate the relative importance of CIVs and SIVs to the traffic flow and 

temperature sensitivity in each time period, the analysis was performed for all days and hours, as 

well as by weekday and time-of-day (overnight, morning rush hours, and afternoon rush hours).  

We use Eastern Local Time (ET) for the analysis by hour of day, which is Eastern Standard Time 

from early-November to mid-March and daylight savings for the remainder of the year.  

2.3 MOVES3 Temperature Sensitivity Simulations 

The latest version of the US EPA MOVES model, MOVES3, was used to simulate mobile 

emissions for Howard County, MD.  At the county-level scale, MOVES3 requires county-

specific input data including vehicle speed, road type, and age distributions; vehicle miles 

traveled (VMT) by vehicle group, hour, day, and month; an average 24-hour profile of 

temperature and relative humidity; vehicle population; inspection and maintenance; and fuel 

information (see Table S2). All input, except for fuel information, was supplied by the MDE. 

For input on fuel specifics, MOVES3 default data for Howard County, MD, was used as this 

information had not yet been finalized by MDE at the time of paper submission. 

MOVES3 emissions were generated in the form of emission rates, representing the mass 

of pollutant per distance traveled.  Emission rates generated by MOVES are a function of month, 

temperature, relative humidity, vehicle type, fuel, speed, road type, model year, and 

weekday/weekend.  The choice of month impacts emission rates because the fuel information 
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241

used by MOVES3 differs between winter and summer. A major difference between summer and 

winter months in the model and in the real-world is the volatility of the fuel, with winter fuel 

used from September through April and summer fuel used from May through August (US EPA, 

2021c).  

In this study, MOVES3 simulations were performed using 2017 input data, the latest year 

with available data, and for the month of December, when winter gasoline and diesel fuels are 

used. Repeating the analysis for summer yields little difference in emission ratios (Figure S3). A 

detailed explanation of how weighted mean emission ratios were calculated using fleet 

composition data along I-95 is provided in Hall et al. (2020). 

MOVES3 does not incorporate a temperature adjustment for hot-running BC emissions 

from either CIVs or SIVs. While neither MOVES3 nor the previous version, MOVES2014, 

adjusts hot-running BC emissions from CIVs, the default setting of MOVES2014 incorporates an 

adjustment for running BC emissions from pre-2004 model year SIVs for temperature, using a 

multiplicative adjustment factor (US EPA, 2015a, 2020a).  To verify the documented absence of 

a temperature sensitivity in MOVES3 output, weighted mean emission ratios were calculated in 

1 °C increments from −5 °C to 25 °C and the results presented in Section 3.2. 

3. Results and Discussion 

3.1 Impact of COVID-19 Traffic Restrictions on Vehicle Fleet, Traffic Flow, and Emissions 

3.1.1 Vehicle Fleet Characteristics Before and During the Pandemic 

Travel restrictions for the COVID-19 pandemic began in mid-March 2020 in the 

Baltimore-Washington Region (BWR) and led to a peak decrease in on-road vehicle counts in 
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242 April 2020 (Figures  1  and S4).  The  mean  daily total number of vehicles passing the site  was 

192,000 pre-COVID (April 2017 and 2018) and decreased to 96,300 in April 2020.  Light-duty 

passenger vehicle counts were 60% lower in April 2020 relative to pre-COVID  counts, while the  

number of buses was down by 85%, single-unit trucks by 21%, and trailer (combination-unit) 

trucks by 8.6% (Figure  1).   
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Figure  1.  Relative difference (%) in monthly 2020 traffic counts compared to 2017 and 2018 for the  
months of January through July at the I-95 NR site.   Error bars represent the 95% confidence intervals  
(2σ) of the  mean  daily traffic count differences in each month.  250 

251 

252 Of the vehicles passing the traffic sensor, the typical pre-COVID fleet composition was  

88% cars, motorcycles, and light-duty pick-up trucks;  1.3% buses; 3.0% single-unit trucks; and 

7.7% tractor-trailer trucks.  The highest fraction of CIVs (single-unit and tractor-trailer trucks) 

typically  occurred ove rnight from 23:00 to 4:59 ET, with a mean value  (±  1σ) of 0.22 ±  0.072 

(Table  2 a nd Figure S5c).   During  the overnight  period there  were  few passenger cars on the  

road.  The fraction of CIVs dropped t o 0.11 ±  0.027 during the morning rush hour (5:00 to 9:59 
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258 ET) and further declined t o 0.073 ±  0.024 during the afternoon rush hour (14:00 – 20: 59 ET).  In 

terms of day-of-week, the fraction of CIVs decreased by a  factor of 2 from 0.14 on weekdays to 

0.074 on weekends  (Table  2 a nd Figure S5f).   

259 

260 

261 
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264 

Table  2.  Traffic composition of vehicles passing the I-95 NR traffic counter pre-COVID (April  
2017 and 2018) and in April 2020 by weekday and local time.  SIV represents spark-ignited  
vehicles and CIV indicates compression-ignited vehicles.  

265 

266 

  April 2017 & 2018  April 2020 
SIV (CIV)  SIV (CIV)  

All Days and Hours  88%  (12%) 79%  (21%) 

Weekdays Only  86%  (14%) 77%  (23%) 
 (M-F) 

Weekends Only  93% (7%)  84%  (16%) 
(S-S)  

 Overnight Hours 78%  (22%) 63%  (37%) 
  (23:00 – 4:59 AM Local) 

Morning Rush Hours  89%  (11%) 82%  (18%) 
  (5:00 – 9:59 AM Local) 

Afternoon Rush Hours 93%  (7%) 88%  (12%) 
  (14:00 – 20:59 Local) 

The traffic composition passing the I-95 NR site  in April 2020 exhibited higher fractions  

of CIVs for all time windows than in April of 2017 and 2018.  In April 2020, the fleet consisted 

of 79% cars, motorcycles, and pick-up trucks; 0.010% buses; 4.9% single-unit trucks; and 16% 

tractor-trailer trucks  (Table  2).   The  total  number of on-road passenger cars declined much more  

than the number of trucks  (Figure S5), resulting in a doubling of the fraction of CIVs  relative to 

SIVs from 12% pre-COVID to 21% in April 2020 ( Table  2).    
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While CIVs represent the minority of vehicles passing the NR site, their contribution to 

highway emissions of BC and NOx can be substantial. As demonstrated in a tunnel study by 

Dallmann et al. (2013), medium- and heavy-duty trucks, composing as little as <1% of the fleet, 

contributed up to 45% of BC and 18% of NOx concentrations. With the fraction of CIVs along I-

95 increasing from 12% in April 2017 and 2018 to 21% in April 2020 (Table 2), diesel trucks 

would have had a greater contribution to mobile emissions in April 2020 than in prior years. 

3.1.2 Influence of Pandemic-Related Travel Restrictions on Traffic Flow and Inferred 

Vehicular Emissions 

Significant reductions in the number of on-road vehicles in April 2020 affected fleet 

composition, vehicle speed, and stop-and-go traffic.  The weighted mean vehicle speed (μ) on I-

95 was 14% higher in April 2020 (μ = 30.3 m s-1) compared to prior years (μ = 26.6 m s-1) and 

the fraction of vehicles driving slower than 22 m s−1 was nearly eliminated in April 2020 (Figure 

2).  The threshold of 22 m s−1 was selected because the speed limit on this portion of the highway 

is 29 m s−1 and speeds slower than 22 m s-1 typically indicate traffic jams marked by more 

frequent braking and accelerating.  Repeating this analysis by weekday and local time shows 

consistent results with higher speeds and virtually eradicated stop-and-go traffic in April 2020 

relative to prior years (Table S3).  The only time period with comparable mean vehicle speed and 

lack of traffic congestion between April 2020 and prior years was the overnight period (23:00 – 

4:59 AM ET), marked by fewer on-road vehicles and little traffic congestion (Table S3). 
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293 

294 Figure  2.   Mean hourly number of vehicles  in  each of 12 speed bins in April 2017 and 2018 (turquoise)  
and  April 2020 (purple) at a traffic  sensor located on I-95 in H oward County, MD.  Provided in the top 
left-hand corner is the weighted  mean  speed and the fraction of vehicles driving  slower  than 22 m s-1  
(frac<22mps) pre-COVID and in April 2020.    
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299 Fewer  on-road vehicles  in April 2020 resulted in  reduced mobile emissions as  well as  

lower ambient BC, CO, NOx, and CO2  mixing ratios  compared to prior years at the  I-95 NR site  

(Table S4).  Rather than use  absolute concentrations, affected by other processes including  

changing boundary layer height, here  we use concentration ratios to infer emissions and to better 

understand the impact of fewer vehicle miles traveled and changing traffic patterns  on the  

emission of pollutants.   

  A comparison of inferred emission ratios for April 2020 and pre-COVID by weekday 

and local time  is presented in  Table  3.  The difference in temperature between April 2020 and 

prior Aprils  was  small (2.2  °C) and its  impact on our temperature  analysis  is  discussed in Section 

3.2.1.  
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Table  3.  Median inferred emission ratios for April 2017 & 2018 (“pre-COVID”) and April 2020 
(“2020”) at  the I-95 NR site. Also provided is the relative difference (%), with the statistical  
significance indicated  by the  p-value, between each  pair  of median va lues for each emission ratio 
and time period considered. Percentages of CIVs  and SIVs  provided are for typical  pre-COVID  
traffic  composition.   

  Temperature (°C)  ∆BC/∆CO 
 (μg m−3) 

(μg m−3)−1  

 ∆BC/∆CO2 

(μg m−3) 
(μg m−3)−1  

 ∆NOx/∆CO 
ppbv  

 ppbv−1 

 ∆CO/∆CO2 

ppbv 
ppmv−1  

 ∆NOx/∆CO2 

ppbv  
ppmv−1  

All Days and Hours                       (Pre-COVID: 12% CIV, 88% SIV) 
Pre−COVID   14.4  0.0104   5.11 × 10−5  0.247  8.02  2.05 

 2020  12.2  0.0076  3.75 × 10−5   0.276  8.40  2.37 
Relative   −26.9% −26.6%   11.7%  4.74%  15.6% 

Change (%)    (p<0.05)  (p<0.05)    (p = 0.074)    (p = 0.41)  (p<0.05) 
    Weekdays Only                          (Pre-COVID: 14% CIV, 86% SIV) 

Pre−COVID   13.9  0.0125  5.54 × 10−5   0.282  7.69  2.21 
 2020  11.7  0.0096  4.23 × 10−5   0.313  7.19  2.49 

Relative   −23.2% −23.6% 11.0%  −6.50%  12.7% 
Change (%)   (p<0.05)  (p<0.05)  (p<0.05)    (p = 0.26)  (p<0.05) 

  Weekends Only                          (Pre-COVID: 7.4% CIV, 92.6% SIV)  
Pre−COVID   15.3  0.0056  3.31 × 10−5   0.159  9.09  1.41 

 2020  12.2  0.0038 2.76 × 10−5   0.169  12.5  2.05 
Relative   −32.1% −16.6%   6.29%  37.5% 45.4% 

Change (%)   (p<0.05)    (p = 0.27)    (p = 0.68)  (p<0.05)  (p<0.05) 
 23:00 – 4:59 AM Local Time        (Pre-COVID: 22% CIV, 78% SIV) 

Pre−COVID   11.7  0.0151  6.39 × 10−5   0.439  6.62  3.03 
 2020  10.0  0.0128  4.52 × 10−5   0.549  5.26  2.94 

Relative   −15.2%  −29.3% 25.1%  −20.5%   −2.97%  
Change (%)     (p = 0.12)  (p<0.05)  (p<0.05)    (p = 0.21)    (p = 0.76) 

 5:00 – 9:59 AM Local Time          (Pre-COVID: 11% CIV, 89% SIV) 
Pre−COVID   11.7  0.0123 5.31 × 10−5   0.280  7.63  1.96 

 2020  10.0  0.0095 3.94 × 10−5   0.296  6.45  2.08 
Relative   −22.8% −25.8%  5.71%   −15.5%   6.12%  

Change (%)   (p<0.05)  (p<0.05)    (p = 0.17)    (p = 0.23)    (p = 0.76) 
 14:00 – 20:59 Local Time            (Pre-COVID: 7.3% CIV, 92.7% SIV) 

Pre−COVID   18.3  0.0076 4.25 × 10−5   0.189  8.93  1.63 
 2020  14.4  0.0038 3.04 × 10−5   0.169  12.8  2.48 

Relative    −50.0  −28.5 −10.6  43.3% 52.1% 
Change (%)   (p<0.05)  (p<0.05)    (p = 0.12)  (p<0.05)  (p<0.05) 

Table  3  shows that ∆BC/∆CO  in April 2020 was 26.9% (p<0.05) lower than in prior 

years, considering all days and hours.  Likewise, ∆BC/∆CO2  was 26.6% (p<0.05) lower in April  
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2020. With SIVs (i.e., passenger cars) exhibiting a much larger decline in numbers than CIVs 

(i.e., trucks) in 2020, one initial hypothesis was that the reduction in mobile CO and CO2 

emissions would be greater than that for BC and thus lead to an increase in ∆BC/∆CO and 

∆BC/∆CO2 during April 2020.  Instead, we observed consistently lower values of ∆BC/∆CO in 

April 2020 compared to prior years.  The ∆BC/∆CO2 ratio exhibited a statistically significant 

decrease in all time periods except for weekends, which had a statistically insignificant decrease 

in the emission ratio.  These findings indicate that the influence of vehicle fleet changes on 

∆BC/∆CO and ∆BC/∆CO2 was overshadowed by a drastic change in another highway 

characteristic: stop-and-go traffic. 

While the differences in mean traffic speeds were generally minor (<6 m s−1), the fraction 

of vehicles driving below 22 m s-1 (frac<22mps) dropped down from 23.6% in prior years to less 

than 2% in April 2020 (Figure 2 and Table S3).  The afternoon rush hour (14:00 – 20:59 ET), 

when the frac<22mps was highest of the day at 35.4% (Table S3), exhibited the largest decrease in 

∆BC/∆CO (−50.0%, p<0.05) from April 2017 and 2018 to April 2020 (Table 3). The morning 

rush hour also saw a significant improvement in traffic flow, with the percentage of vehicles 

driving slower than 22 m s−1 decreasing from 24.1% pre-COVID to 1.23% in April 2020, and a 

concurrent decrease of 22.8% in ∆BC/∆CO and 25.8% in ∆BC/∆CO2 (Table 3).  The drop in 

∆BC/∆CO during the overnight period (23:00 – 4:59 ET), when traffic flow did not differ much 

in April 2020 compared to previous years, was less remarkable and statistically insignificant 

(−15.2%, p = 0.12). 

The difference in ∆BC/∆CO and ∆BC/∆CO2 between weekdays and weekends suggests 

that CIVs are the primary contributor to mobile BC emissions at the I-95 NR site.  The median 

pre-COVID ∆BC/∆CO ratio on weekdays was 0.0125 compared to the weekend ratio of 0.0056, 
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a decrease of 55.2% (Table 3). Similarly, ∆BC/∆CO2 decreased by 40.3% from 5.54 × 10−5 on 

weekdays to 3.31 × 10−5 on weekends.  Note that for both ∆BC/∆CO and ∆BC/∆CO2, the units 

of ∆BC, ∆CO, and ∆CO2 (μg m−3) are the same and hence the ratios are expressed as unitless 

quantities but are mass ratios.  The decrease in both ratios from weekdays to weekends followed 

the change in the fraction of CIVs passing the NR site: the fraction of CIVs dropped from 14% 

on weekdays to 7.4% on weekends, resulting in a decrease of 47.1% (Table 2).  These 

observations provide strong evidence that CIVs dominate the BC emissions at the I-95 NR site. 

Figure 2 shows that traffic congestion was nearly eradicated in April 2020.  Two 

mechanisms may help to explain the decline in ∆BC/∆CO and ∆BC/∆CO2 during the time of 

little to no stop-and-go traffic: BC emissions from brake pad wear and acceleration in CIVs.  

Vehicular brake pads, composed of various metals and graphite, are known to emit BC and a 

variety of other species (Lyu & Olofsson, 2020). Significant alleviation of stop-and-go traffic in 

April 2020 thus led to lower BC emissions from brake pad wear. Black carbon is also released 

from the exhaust of CIVs during acceleration (Giakoumis & Zachiotis, 2021; Rakopoulos & 

Giakoumis, 2009), and emissions from tailpipes are expected to be higher than those from brake 

pad wear in the NR environment. With CIVs representing the dominant source of exhaust 

emissions of BC, the near-elimination of traffic jams in April 2020 produced a larger reduction 

in mobile BC emissions than the effect of fewer on-road SIVs on CO emissions.  Given a 

decrease in the number of SIVs of 60% in April 2020 and assuming a comparable reduction in 

CO emissions, the decrease in ∆BC/∆CO of 26.7% (considering all days and hours) indicates 

that BC emissions likely decreased by up to 70%, a number compatible with the decrease in the 

median BC concentration of nearly a factor of two (Table S4).  
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Table 3 presents the results for various other emission ratios; comparison of CO and NOx 

to CO2 provides better understanding of the effectiveness of exhaust-aftertreatment devices, 

specifically catalytic converters, installed in vehicles passing the NR site.  Trucks generally emit 

less CO relative to CO2, resulting in lower ∆CO/∆CO2 than cars (Figure S6).  With fewer on-

road SIVs relative to CIVs in April 2020, one might expect lower ∆CO/∆CO2 as well. The 

∆CO/∆CO2 analysis presented in Table 3 shows no significant effect considering all hours; 

however, we observe higher ratios on weekends and during the afternoon rush hour in April 2020 

than in previous years.  A plausible explanation for this observation is that vehicles emit more 

CO at high speeds (Hickman et al., 1999; OECD & ECMT, 2006; Wang et al., 2018; Figure S7).  

With less traffic congestion on I-95 in April 2020, vehicles were driving 14% faster than usual 

(Figure 2) and emitted more CO relative to CO2. 

A statistically significant increase in ∆NOx/∆CO2 was observed for weekdays, weekends, 

and during the afternoon rush hour.  ∆NOx/∆CO2 increased by 45.4% (p<0.05) on weekends and 

52.1% (p<0.05) in the afternoon rush hours, compared to 12.7% on weekdays (Table 3). The 

increase in ∆NOx/∆CO2 can be explained by elevated NOx emissions from SIVs at high speeds, 

as well as the higher fraction of CIVs in April 2020 than in April 2017 and 2018.  Since the 

∆NOx/∆CO2 emission ratio from CIVs is approximately ten times higher than from SIVs 

(O’Driscoll et al., 2018), a greater fraction of on-road CIVs in April 2020 would have led to 

elevated ∆NOx/∆CO2 (but lower NOx mixing ratios; Table S4) for all days and hours in April 

2020 compared to April 2017 and 2018. The time periods that had the largest increase in 

∆NOx/∆CO2 (weekends and the afternoon rush hours) also had the highest fraction of SIVs 

compared to weekdays, overnight, and the morning rush hours, both in April 2020 and April of 

prior years.  A plausible explanation for this finding is that gasoline vehicles emit more NOx at 
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high speeds (Kean et al., 2003; OECD & ECMT, 2006), contributing to the higher ∆NOx/∆CO2 

observed at times when the fraction of SIV was at a maximum in April 2020. Figure S8 shows a 

strong dependence of MOVES-estimated NOx emission factors (per distance traveled) on vehicle 

speeds; NOx emission factors from MOVES were 28% higher for SIVs traveling at speeds faster 

than 32.4 m s−1 than for those driving at 22.4 m s−1 (Figure S8). In April of 2017 and 2018, 12% 

of the I-95 vehicle fleet drove faster than 32.4 m s−1, while in April of 2020 this fraction 

increased to 25% of the vehicle fleet. The shift toward faster speeds would have led to greater 

speed-related NOx emissions from SIVs in April 2020 than in April 2017 and 2018 and 

contributed to the observed increase in ∆NOx/∆CO2. With CO emissions from SIVs also 

increasing with higher speeds (Figure S7), a likely explanation for the increase in ∆CO/∆CO2 

from April 2017 and 2018 to April 2020 on weekends and during the afternoon rush hours is 

similar to that discussed for NOx emissions. 

To evaluate the sensitivity of the results presented in Table 3, we repeated the analysis 

using a different method of estimating emission ratios, as well as for August 2020 when on-road 

traffic had increased. To test the impact of the method used to estimate emission ratios, we 

repeated the analysis using a background subtraction technique similar to that discussed in 

Brantley et al. (2014). The details of how background concentrations were calculated are 

provided in Section S2 of the SI.  The results, shown in Table S7, are similar to those in Table 3 

and do not change our conclusions.  Differences in vehicle speeds, SIV/CIV fleet composition, 

and frequency of stop-and-go traffic between August 2020 and August 2017/2018 were smaller 

compared to differences between April 2020 and April 2017/2018 (Tables S8 and S9).  More on-

road vehicles in August 2020 than in April 2020 led to more frequent traffic congestion, resulting 
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409 in  less significant  decreases in ∆BC/∆CO and ∆BC/∆CO2, as well as smaller  increases in  

∆NOx/∆CO2  and ∆CO/∆CO2  in August than in April  (Table S10).  410 

411 

412 3.2. Temperature Sensitivity of Vehicular BC Emissions    

3.2.1. Near-Road Ambient Observations  

 
Previous studies reported  a seasonal cycle in observed ∆BC/∆CO at suburban and urban 

sites, with higher ∆BC/∆CO emission ratios in the summer than in the winter (Chen et al., 2001;  

Kondo et al., 2006).  Additionally, Wang  et al. (2018) found hi gher BC fuel-based emission 

factors (mg −1BC  kg fuel) in the spring-summer than in the fall-winter using observations collected 

adjacent to a four-lane highway in Toronto, Canada.  A similar seasonal  pattern i s evident at the  

I-95 NR site.  Figure  3  shows seasonal  mean values of  ∆BC/∆CO  ratios  for 2017 and 2018 

separately (colored by season) and 2017-2018 combined (filled black circles) a s a function of 

ambient  temperature.   At  the I-95 NR site, the  highest ∆BC/∆CO  ratio occurred in summer and 

lowest ∆BC/∆CO  in  winter.  Seasonal  mean  ∆BC/∆CO, calculated from the hourly emission 

ratios, were strongly correlated with ambient temperature (r2  = 0.96) and increased by 81% from  

winter (5 ° C) to summer (25  °C).  The seasonal changes  in ∆BC/∆CO and proximity of the NR 

site to a major highway suggests a temperature sensitivity in vehicular emissions, particularly 

those from diesel trucks.  
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428 

429 Figure  3.  Seasonal variability  in  ∆BC/∆CO  inferred  from  observations  collected at the I-95 NR site from  
January 2017 through  December 2018.   Each season contains two colored symbols for 2017 and 2018 
separately, with the  mean  of the two shown by the filled black circles.   Blue stars represent winter  
(December  –  February), green diamonds represent spring (March  –  May), red circles represent summer  
(June  –  August), and orange triangles represent fall (September  –  November).  The  mean  emission ratio in  
each season is represented by the filled black circles, fitted using a linear geometric  mean regression  
(solid black line) with regression statistics provided on the bottom of the plot.   
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437 To avoid potential  impacts of seasonal fuel  switching on emissions, we focus on the  

temperature dependence of ∆BC/∆CO during the cold season.  Figure 4 shows that  ∆BC/∆CO  

and ∆BC/∆CO2  exhibit a positive correlation with ambient temperature considering all hours and 

days of the week during the cold months, de fined as November, December, January, and 

February, in 2017 and 2018.  Hourly ∆BC/∆CO and ∆BC/∆CO2  were placed into ten equal-

numbered bins, sorted by ascending temperature.   Figure  4 s hows the median and 25th  and 75th  

percentile values for each of these  temperature  bins, along with an ordinary linear least-squares  

regression fit to the median values.  Considering all  data, both emission ratios exhibited a  

statistically significant  increase  with temperature:  1.4 ±  0.40 ×10−4  °C−1  in ∆BC/∆CO and 1.0 ±   

0.27×10−6  °C−1  in ∆BC/∆CO2, equivalent to an increase of 56% in ∆BC/∆CO and 83% in 
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447 ∆BC/∆CO2  from −5  °C to 20  °C (Figure  4).   Using these  regression parameters, the difference in 

temperature between April 2020 relative to the April of prior years (April 2020 was 2.2  °C  

cooler) can only account for a 3-4% decrease in the  ∆BC/∆CO and ∆BC/∆CO2  quantified in  

Table  3.  Similar  temperature sensitivities  were obtained when hourly emission ratios were  

calculated with an orthogonal linear regression instead of geometric mean regression.   Repeating  

the  analysis  in  Figure  4 for t he upwind region of the NR site (225 to 360  °) results  in statistically  

insignificant changes in both ∆BC/∆CO and ∆BC/∆CO2  with temperature (Figure  S10).  The  

absence of a  temperature effect in the upwind region supports the finding of Figure 4  that direct  

vehicular emissions  are sensitive to ambient temperature.    

448 

449 

450 

451 

452 

453 

454 

455 

456 

457 
458 

 

 
Figure  4.  Hourly ∆BC/∆CO  (a)  and ∆BC/∆CO2  (b) inferred from  I-95 NR observations as a function of  
ambient temperature for the cold season  in 2017 and 2018.  Hourly ratios (light gray points) were  
estimated from the slope values of linear geometric mean regressions  (±standard error) performed on  five-
minute  mean  data within each hour.   Only hours with w inds originating from the highway were included 
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in the analysis.  Hourly data were compiled  into  ten  equal-sized bins, with the median value of each bin  
represented by the black diamonds, and the 25th  and 75th  percentile values by the dashed black line.  An  
ordinary least-squares regression was fit to the binned median values (red line) and the details of the 
regression provided in the top left of each plot.  The statistical significance of each  regression  was  
determined by the non-parametric Mann-Kendall test (Gilbert, 1987; Kendall, 1975; Mann, 1945).   

464 

466 

467 

468 As shown  previously, vehicular running  emissions of CO and CO2  do not appear 

sensitive to temperature during the cold season (H all et al., 2020).  Thus, the increase in 

∆BC/∆CO and ∆BC/∆CO2  is likely due to an increase in BC emissions from mobile sources at  

higher temperatures.  Some evidence suggests that gasoline vehicles utilizing direct injection and 

particulate filters appear to remove BC more efficiently at lower intake temperatures  (Chan et al., 

2013).  Direct injection, the mechanism in diesel engines, may also be employed with gasoline  

engines and has been on the rise in recent years  (US EPA, 2020b) t o provide more power and 

increase fuel efficiency.  Like in diesel engines, this  mechanism of injecting fuel directly into the  

cylinder produces more BC emissions.  However, diesel engines emit the vast majority of BC 

reaching  the NR site and thus a more plausible explanation for the temperature sensitivity lies  

within diesel vehicles.   Turbochargers  on diesel engines compress intake air,  leading to  higher 

temperatures and l ower densities.  This can  favor elevated BC production as the air-to-fuel ratio 

is reduced (Chen et al., 2001; Ghazikhani  et al., 2013).  Diesel trucks equipped with 

turbochargers typically also utilize charge-air coolers, or turbo coolers.  In an air-to-air turbo 

cooler, the hot, c ompressed air is  cooled via heat exchange with outside air (Joshi et al., 2009;  

Sher, 1998),  resulting in  greater  air  density and lower emissions of NOx  and BC (Cipollone et al., 

2017).  Because compressed air is cooled by heat exchange with ambient air, and also because  

the coolers degrade over time  (Joshi et al., 2009), higher ambient temperatures may lead to less  

cooling of the intake air and, in turn, higher BC emissions at warmer conditions.  This process  
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488 

can lead to increasing BC emissions, and  higher  ∆BC/∆CO and ∆BC/∆CO2, with rising  

temperature, as observed in F igure  4.  

To further explore the contribution of the vehicle fleet composition on the temperature  

sensitivity, we repeated  the  analysis by day of week and at different times of the day.  Both  

∆BC/∆CO  and ∆BC/∆CO2  exhibited  a  significant  increase with rising temperature on weekdays  

(p<0.05) absent on weekends  (Table  4).  Both the total truck traffic (1,022 vehicles/hr on weekdays  

and 433 vehicles/hr on weekends) and the fraction of CIVs (14% on weekdays and 7.4% on  

weekends) dropped by  a factor of two from weekdays to weekends. Traffic  congestion marked by 

slow-moving  vehicles  (<  22 m  s−1)  was  greater  on weekdays  (24%)  than on weekends  (11%, Table  

S3), resulting in  higher weekday BC emissions from diesel trucks due to the  stop-and-go  effect  

discussed in Section 3.1.2. With diesel trucks  emitting the bulk of on-road BC emissions, the  

increase  in ∆BC/∆CO  and ∆BC/∆CO2  with rising temperature on weekdays  suggests  that the 

emission of BC from  diesel vehicles  is sensitive to ambient  temperature.   
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507 Table  4.  Measured  ∆BC/∆CO  and  ∆BC/∆CO2  as  a function of ambient temperature during the  months of  
November, December, January, and February in 2017 and 2018 at the I-95 NR site.  Hourly emission  
ratios were placed into  ten  equal-sized bins and an ordinary linear regression fit to the  median emission  
ratios of each bin,  the same as in  Figure  4.    

508 
509 
510 

511

512 

 I−95 Fleet   
CIV /  SIV  

 (∆BC/∆CO) / T  
 (μg m−3) (μg m−3)−1 °C−1  

 (∆BC/∆CO2) / T 
 (μg m−3) (μg m−3)−1 °C−1  

                                  All Days and Hours  12% / 88%   1.42 (±0.40) × 10−4  
 (p<0.05) 

   1.01 (±0.27) × 10−6 

 (p<0.05) 

Weekdays Only                                    14% / 86%   1.64 (±0.68) × 10−4 

 (p<0.05) 
   1.06 (±0.19) × 10−6 

 (p<0.05) 

Weekends Only                               7.4% / 92.6%    −0.085 (±0.06) × 10−4  
  (p = 0.72) 

     0.072 (±0.24) × 10−6  
  (p = 1) 

Overnight  
 (23:00 – 4:59 AM ET)  

 22% / 78%    2.84 (±0.84) × 10−4 

 (p<0.05) 
     0.96 (±0.58) × 10−6 

 (p<0.05) 

Morning Rush Hours  
 (5:00 – 9:59 AM ET)  

 11% / 89%    3.62 (±0.83) × 10−4 

 (p<0.05) 
   1.48 (±0.32) × 10−6 

 (p<0.05) 

Afternoon Rush Hours  
 (14:00 – 20:59 ET)  

 

 7.3% / 92.7%    1.59 (±0.43) × 10−4 

 (p<0.05) 
   1.00 (±1.48) × 10−6  

  (p = 0.074) 

   

A positive  correlation between  ∆BC/∆CO  and t emperature  was  evident in all three local  

time windows  (Table  4).  The slope  with temperature  (°C−1)  was  highest during the morning rush 

hours [3.62 (±  0.83) ×10−4, p<0.05], followed by the overnight period [2.84 (±  0.84) ×10−4, 

p<0.05], and was  lowest in  the afternoon rush hours [1.59 (±  0.43) ×10−4, p<0.05].  These results 

indicate  that fleet make-up and driving conditions  both contribute to BC emissions.   

Patterns in the temperature dependence of ∆BC/∆CO by local time follow  the fraction of 

CIVs and vehicular traffic  over the course of the day.  The overnight period experienced t he  

highest fraction of CIVs to total vehicles, e ven though the total number of trucks on the road was  

lower than during the rest of the day  (Figure S5).  The temperature dependence in BC emissions  
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521 observed in the overnight period was  likely driven by the high fraction (22%) of diesel vehicles  

(Table  4).  

The morning rush hour  exhibited  the largest slopes of ∆BC/∆CO and ∆BC/∆CO2  with  

temperature.  While the fraction of CIVs to total vehicles in the morning (11%) was  lower than 

overnight (22%), stop-and-go traffic  was  more common during the morning rush hour than 

during the overnight period (Table S3).  A plausible explanation for the observed temperature  

sensitivity in the morning i s that elevated BC emissions from CIVs due to frequent acceleration  

enhances  the temperature effect from diesel engines.  

The  temperature sensitivity of ∆BC/∆CO in the afternoon rush hours had t he lowest slope  

considering all times of day [1.59 (±  0.43) ×10−4  °C−1, p<0.05] (Table  4).  The slope of 

∆BC/∆CO2  was also at a minimum in the afternoon rush hours, but the  regression was 

statistically significant  only at the 90% confidence level (p  = 0.074). Given that CIVs make up 

only 7.3% of the vehicles passing the  I-95 NR site in the afternoon, the sensitivity in ∆BC/∆CO  

likely originates from high BC emissions by CIVs due to a peak in stop-and-go traffic during the  

afternoon rush hour or a combination of CIV and SIV.  
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537 3.2.2.  MOVES Simulations  
 

Here we compare the  ∆BC/∆CO and ∆BC/∆CO2  temperature sensitivity in mobile  

emissions inferred at the I-95 NR site to MOVES3 output.  MOVES3 was run using 2017 input  

data, the latest year with available data, supplied by the Maryland Department of the  

Environment for Howard County, MD, t he county i n which the  I-95 NR site resides.  Data used 
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as input for the model include average speed distribution, meteorology, road type distribution, 

fuel information, and vehicle age, populations, and miles traveled by hour, weekday, and month. 

Unlike prior versions, MOVES3 does not adjust hot-running exhaust of PM2.5 from any 

gasoline or diesel vehicle for ambient temperature. The temperature adjustment for gasoline 

vehicles of MY 2004 and earlier was removed in the development of MOVES3 (US EPA, 2020a; 

Table S6).  Figure 5 documents the lack of sensitivity; the temperature dependence simulated by 

MOVES in the I-95 weighted mean from −5 °C to 20 °C is negligible for both ∆BC/∆CO 

(0.04%) and ∆BC/∆CO2 (0.02%) and arises because of a small indirect adjustment to CO and 

CO2 emissions due to increased air conditioner use at higher temperatures that exists in both 

MOVES3 and MOVES2014 (Hall et al., 2020; US EPA, 2020a).  The absence of a temperature 

effect is robust regardless of vehicle type and fuel use.  Negating the temperature adjustment 

factors for hot-running emissions does not appear to represent conditions along I-95 well: the 

observed increase in emission ratios from −5 to 20 °C at the I-95 NR site, considering all 

weekdays and hours of the day, was 56% in ∆BC/∆CO and 83% in ∆BC/∆CO2 (Figure 4).  With 

the air conditioning effect at a minimum in the observed temperature range and inferred mobile 

emissions of CO and CO2 at the NR site exhibiting an insignificant temperature impact (Hall et 

al., 2020), the temperature effects seen in ∆BC/∆CO and ∆BC/∆CO2 are likely the result of an 

increase in BC emissions with rising temperatures that is not represented within MOVES as 

configured. 
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Figure  4.  MOVES3  simulated  ∆BC/∆CO  and  ∆BC/∆CO2  as a function of temperature for the 13 different  
vehicle types modeled in MOVES.  The dominant type of fuel (G for gasoline and D for diesel) is  
provided next to each vehicle type and is based on county-level data compiled by the Maryland 
Department of the Environment mobile emissions team.   The weighted  mean  emission ratios were  
calculated using the fractions of various vehicle types derived from traffic counts collected  at the traffic 
counter site along  I-95.  S-H indicates short-haul while L-H represents long-haul combination unit trucks.  
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570 4.  Conclusions  

Peak travel restrictions at the beginning of the COVID-19 pandemic  in April 2020 

enabled us to quantify the effects of traffic  flow  on BC emissions from diesel trucks.  Lower 

∆BC/∆CO and ∆BC/∆CO2  observed in April 2020 compared to prior years  likely resulted from   

diesel trucks emitting  far less BC in 2020 than under typical, congested traffic conditions with 
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frequent acceleration. These results suggest that eliminating traffic jams could reduce highway 

BC emissions from diesel trucks by up to 70% (i.e., to 30% of normal BC emissions).  Similar 

reductions in mobile BC emissions may be possible with diesel engine designs that reduce 

turbocharger lag.  

Vehicular BC emissions are observed to exhibit a strong sensitivity to ambient 

temperature. Prior to COVID restrictions we observed a 56% increase in ∆BC/∆CO as 

temperature rose from −5 to 20 °C.  The overnight period, when the fraction of CIVs was at a 

maximum, had a strong increase in ∆BC/∆CO and ∆BC/∆CO2 with temperature, suggesting BC 

emissions from diesel trucks are sensitive to temperature.  The observed sensitivity may result 

from emissions control devices used on diesel engines producing elevated BC emissions at either 

warmer ambient conditions and/or lower air density.  

Finally, the default settings of MOVES3 do not adjust for the temperature sensitivity of 

BC emissions, for any type of vehicle. Future air quality simulations would benefit from 

incorporation of a realistic temperature dependence of BC emissions within the default settings 

of this model. The future improvement of air quality model representation of BC emissions as a 

function of traffic patterns and possibly turbocharger lag is needed to improve the accuracy of air 

quality simulations from on-road vehicles, and to properly guide emissions engineering and 

public health policies.  
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