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Real-world identification of high-emitting vehicles based on
near-road sensor measurement
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* Real-world high emitters were identified using
roadside measurements.

* 12.6%—16.5% of total vehicles were identified as
high-emitters in field campaign.

* A correct identification rate of 95% was achieved High-emitter false
and proven via on-site inspection.
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ABSTRACT: A small fraction of high-emitting vehicles make disproportionally large contributions to
total fleet emissions. Therefore identifying high emitters under real driving conditions is crucial. In this
study, two portable sensor platforms for high-emitter identification were used for online roadside
measurements of vehicle-emitted NO, particle number (PN), and CO, concentrations in Tangshan and
Chengdu, respectively. The measured mean concentrations of vehicle-emitted NO, PN, and CO, in
Tangshan and Chengdu were 27.7-32.9 ppb, 5.4 x 103-8.2 x 103 #/cm3, and 7.3-8.2 ppm, respectively.
Based on more than one month of second-by-second measured pollutant concentrations and passed
vehicle information, a scheme was developed to identify high emitters. Among the 217000 and 43000
vehicles that passed the roadside sensor platforms at Tangshan and Chengdu, approximately 60% and
73% of vehicle exhaust plumes were successfully detected using the sensor platform. The NO and PN
emission factors (EFs) tended to have log-normal distributions with the median values of 14.3 g/kg-fuel
and 1.3 x 1013 #/kg-fuel, respectively. In general, the percentages of high-emitters identified at the
Tangshan and Chengdu sites were 8.7% and 12.2% of the total identified vehicles, respectively. Among
these high-emitters, 122 vehicles were randomly inspected on-site with the assistance of traffic officers,
and the rate of correct identification was approximately 95%, which demonstrates that our methodology
performs well in identifying real-world high-emitters. Overall, its low cost, good mobility, strong
adaptability, and high correct identification rate make this roadside sensor platform a promising

approach for real-world high-emitter identification.

& Corresponding authors. E-mails: wdb2016@tsinghua.edu.cn (D. Wang); jiangjk@tsinghua.edu.cn (J. Jiang)
Article history: Received 4 November 2024, Revised 24 February 2025, Accepted 24 February 2025, Available online 15 March 2025

© Higher Education Press 2025


mailto:wdb2016@tsinghua.edu.cn
mailto:jiangjk@tsinghua.edu.cn
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x
https://doi.org/10.1007/s11783-025-1983-x

Bo Li et al., Front. Environ. Sci. Eng. 2025, 19(5): 63

https://doi.org/10.1007/s11783-025-1983-x

KEYWORDS: Real world, High-emitter identification, Roadside sensor measurement, Nitrogen

oxide, Particle number

1 Introduction

Vehicle emissions have become a the major contributor
to air pollutants such as nitrogen oxides (NO,),
hydrocarbons (HC), carbon monoxide (CO), and fine
particulate matter (PM) in urban cities (Raparthi and
Phuleria, 2022; Yang etal., 2022), which pose
significant risks to air quality, public health, and
climate change globally (Lelieveld etal.,, 2015;
Anenberg et al., 2017; Carter et al., 2022; Blanco et al.,
2023; Camilleri et al., 2023; Zeng et al., 2024). Despite
the continuous increase in the number of new-energy
vehicles, traditional fuel motor vehicles, that operate on
diesel or gasoline remain the main source (Liu et al.,
2021; Su etal., 2023). Vehicle emissions sources
contributed approximately 31% of NO, emissions
globally and more than 45% of PM, in China’s
megacities (Deng et al., 2020). Several countries and
regions have established strict emission standards to
reduce emissions from motor vehicles. However, owing
to the lack of maintenance, overload, and failure of
exhaust after-treatment systems, the emissions from a
small fraction of vehicles (high-emitters) in the real
world can be orders of magnitude higher than the
regulatory limit thresholds (Liu and Zimmerman, 2021;
Chu etal., 2022; Qiu and Borken-Kleefeld, 2022;
Raparthi et al., 2023). Previous studies have pointed out
that 10% of high-emitters could contribute 65% PM,
40%-70% PN, and 20%—44% NO, to total fleet
emissions, respectively (Huang et al., 2018; Liu et al.,
2019; Zhou et al., 2020; Liu and Zimmerman, 2021).
Therefore, the identification of high-emission vehicles
in the real world is important for controlling vehicle
emissions.

The emission factor (EF) is a typical indicator of
high-emitter identification (Huang et al., 2022). There
are several approaches for determining EF from vehicle
emission including cycles or bench test methods (Zheng
etal., 2014; Arvind etal., 2015; Hu etal., 2021; Lei
et al., 2021), portable emissions measurement systems
(PEMS) (Liu et al., 2009; Kwon et al., 2017; Bishop
etal., 2019), plume-chasing (Wen etal., 2019; Tong
et al., 2022; Xiang et al., 2023), remote sensing (Huang
etal., 2020; Heerah etal., 2021; Bishop etal., 2022;
Huang et al., 2022; Qiu and Borken-Kleefeld, 2022),
and stationary roadside sensor measurement (Wang
et al., 2018; Raparthi and Phuleria, 2021; Shen et al.,
2022). Cycle or bench tests are the primary methods for

obtaining the EF. However, these test methods are
conducted under controlled driving conditions, which
normally underestimate the real-world emissions of
individual vehicles (Chen etal., 2022). On-board
PEMS and plume-chasing measurements are considered
“standard methods” for obtaining real-world individual
vehicle EFs. However, these approaches usually sample
a limited number of individual vehicles, and the time
and labor costs are high (Xiang et al., 2023), which
restricts their application in routine high-emitter
screening in the real world. In contrast, remote sensing
and roadside sensor approaches are stationary
measurements that automatically sample of fuel-
specific emission factors from a large number of
vehicles without interrupting traffic (Yang et al., 2022).
This advantage makes remote sensing a widely used
approach for monitoring individual and/or fleet vehicle
emission rates (Deng et al., 2020; Bishop et al., 2022)
and identifying potentially high-emission vehicles
(Huang et al., 2022; Qiu and Borken-Kleefeld, 2022;
Yang etal., 2022; Ghaffarpasand etal., 2023).
Normally, remote sensing is based on optical principles
for measuring gaseous pollutants emitted by vehicle
exhaust and indirectly evaluating PM emissions
according to exhaust smoke opacity to a certain extent
(Feng etal., 2022). Huang etal. (2022) employed
vertical remote sensing technology to detect significant
percentages of in-use petrol and liquefied petroleum gas
vehicles that failed to meet NO emission standards.
With increasing awareness of the health impact of
ultrafine particles, non-volatile particle number (PN)
above 23 nm emission was regulated by the Euro-5
standard in Europe and China-6 standard in China
(Wang etal., 2017; Olin etal.,, 2023). Particle size
down to 10 nm for PN will be counted and regulated
under Euro-7 (Bancd etal.,, 2024). Boveroux et al.
(2019) demonstrated that the PN is a more useful high-
emitter indicator than the exhaust smoke opacity.
Compared to remote sensing methods, roadside
measurements (referred to as point sampling) are cost-
effective, more flexible, and not limited to gaseous
pollutants (Shen et al., 2022). These advantages make
roadside measurements more suitable for widespread
deployment and  establishment of mass-scale
measurement networks.

Low-cost sensors or instruments such as PM, 5 NO,,
sulfur dioxide (SO,), and carbon dioxide (CO,)
analyzers are widely used to measure air quality (Apte
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etal.,, 2017, Qiao etal.,, 2021; Russell etal., 2022;
Bousiotis et al., 2023). To determine vehicle emission
factors, roadside sensors must have reasonable accuracy
and respond rapidly to highly dynamic vehicle exhaust
plumes. Several studies have attempted to apply
roadside sensor measurements to evaluate vehicle
emissions (Wang etal., 2017; Liu etal., 2019; Chu
et al., 2022; Raparthi and Phuleria, 2022; Shen et al.,
2022; Raparthi etal.,, 2023). Wang etal. (2017)
measured the mean fleet EFs of NO,, PN, black carbon
(BC), and organic aerosols on a four-lane major arterial
roadway at a field measurement facility in downtown
Toronto, Canada using a roadside approach. Liu et al.
(2019) measured 234 city buses exhaust EFs for
gaseous pollutants (NO,, CO, and SO,) and particles
(PN and PM) under stop-and-go traffic conditions at a
bus stop in Gothenburg, Sweden. Chu etal. (2022)
conducted roadside measurements to determine NO,
and CO EFs using high-time-resolution sensors on a
typical street canyon in Causeway Bay, Hong Kong,
China. Raparthi and Phuleria (2022) and Raparthi et al.
(2023) selected a semi-confined two-way canyon road
and road tunnel to develop the fleet mean and
individual vehicle EFs in India. In our previous study,
we conducted a field experiment to investigate the
viability of a compact roadside sensor platform for
high-emitter identification (Shen etal., 2022). The
results demonstrate that the roadside sensor platform
has potential applications in successfully identifying
high emitters by combining the EFs of PN and NO
(Shen etal., 2022). Similarly, these studies used
roadside sensors to evaluate individual and fleet vehicle
emission factors in restricted driving tracks such as
experimental fields and street canyons with small traffic
flows and low wvehicle speeds (below 20 km/h).
However, high-emitter identification for real-world
urban roads has rarely been reported.

In contrast to the restricted driving track scenario,
real-world urban roads are characterized by high traffic
volumes, high wvehicle speeds, and short wvehicle
intervals. As vehicle exhaust plumes need to reach the
roadside after vehicles pass, pollutant concentrations
usually spike rapidly over a period of seconds to
minutes. As a significant number of spike signals are
observed in roadside measurements, identifying the
corresponding vehicle emissions from these spike
signals is a crucial step in the identification of high-
emission vehicles. In addition, the roadside monitoring
results are a superposition of the local background and
vehicle emissions. To identify on-road vehicle
emissions, the background level must be subtracted
from the measured concentrations. Several methods
have Dbeen proposed to subtract background
contributions, such as the lowest percentile from a

certain time window (Wang et al., 2018; Hilker et al.,
2019) and the time-frequency method (Wei etal.,
2021). Although the aforementioned methods are
effective in separating local and background
contributions, their applicability in real-world roadside
measurement scenarios is unclear. Moreover, higher
emitter thresholds are key factors for successfully
identifying high emitters. Several methods can be used
to define the high-emitter threshold, such as setting the
top few percentages of emission factors (Wang et al.,
2015), setting thresholds according to emission
standards (Qiu and Borken-Kleefeld, 2022), and outlier
methods (Raparthi etal.,, 2023). However, rigorous
assessments of the uncertainty and effectiveness of
high-emitter thresholds for identifying high-emission
vehicles on real-world roads through roadside
measurements are lacking. Therefore, effectively
separating the background value, accurately identifying
the measured vehicle-emitted pollutant concentration
peaks of the corresponding vehicles, and setting up
reasonable high-emission thresholds are key issues in
the real-world identification of high emitters.

In this study, a near-road high-emission identification
(HEI) platform consisting of a portable non-dispersive
infrared (NDIR) gas analyzer, an electrochemical NO
sensor, and a newly developed low-cost and compact
condensation particle counter (CPC) was used for more
than one month of online roadside measurement of
vehicle-emitted NO, PN, and CO, concentrations on
typical urban roads in Tangshan and Chengdu, China.
Based on the HEI measurement data sets in Chengdu
and Tangshan, a novel comprehensive scheme
including background subtraction, individual vehicle
emission identification, and high-emitter threshold
setting was developed for real-world high-emitter
identification. This high-emitter identification scheme
was then tested by an on-site inspection of the vehicle
exhaust after-treatment system with the assistance of
the traffic police. Moreover, the potential implications
and limitations of near-road HEI platforms are
discussed.

2 Methodology
2.1 Roadside measurement sensors

In this study, we developed an HEI platform for the
measurement of pollutant concentrations emitted from
vehicle exhaust including NO, CO,, and PN. These HEI
platforms were set on two roadsides in typical urban
areas in Tangshan and Chengdu, China. The road
conditions and measurement instruments used at the
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Tangshan and Chengdu sampling sites are shown in
Figs. 1(a)-1(c) and the HEI structure is shown in
Fig. 1(d). Specifically, a nondispersive infrared (NDIR)
gas analyzer (Li-820, LI-COR, USA) was employed to
quantify the CO, concentration. The time required for
the CO, analyzer to reach a 90% response (t,,) was
approximately 3 s. An electrochemical sensor (NO-B4,
ALPHASENSE, UK) was used to measure NO
concentration. The load resistance of the NO sensor
was modified from 47 to 3.3 Q, resulting in a reduction
in the t,, time from approximately 30 to 5 s (Shen et al.,
2022).

In addition, a low-cost and compact CPC suitable for
roadside measurements was developed to measure the
PN concentrations. The cost of the newly developed
CPC is approximately 1000 USD, which is relatively
low compared with those of the commercial CPC. This
compact structure causes the HEI platform to have
lower power consumption and maintenance costs. More
detailed information on the developed CPC can be
found in the Supporting Information (Text S1 and
Fig. S1) and a previous study (Li et al., 2024). Briefly,
butanol (ACS, = 99.4%, Shanghai Aladdin
biochemical technology Co., Ltd., China) was used as
the working fluid for the developed CPC, and the
bottom cutoff particle size was 10 nm. The performance
of the developed CPC was evaluated through the
comparative analysis with CPC TSI-3772, USA. As

(a) Tangshan 2-lane two-way

RS sensors

shown in Fig. S1, there is a good agreement between
the developed CPC and the CPC TSI-3772 with the
slope and R? values of 1.03 and 0.999, respectively.
Owing to its low cost and compact size, this newly
developed CPC has great potential for mass-networked
deployment. To the best of our knowledge, roadside PN
concentrations generally range from 10* #/cm3 to 5 x
10¢ #/cm3, whereas the upper limit of a general CPC is
approximately 105 #/cm3. A customized aerosol flow
diluter (DIL-001, Beijing NaKe Environmental
Technologies Co., Ltd., China) with a fixed dilution
ratio of 30:1 was used in this study, and the
measurement range of the developed CPC can be
extended to 6 x 10° #cm3. A 2-D ultrasonic
anemometer (WindSonic, Gill Instruments Ltd., UK)
was used to observe the wind speed and wind direction.
The measurement time resolutions of the sensors is
1 Hz. The ¢y, response time of the CPC is approximately
3 s. The fast response times (approximately 3-5 s) of
the NO, CO,, and CPC sensors in this study render the
HEI platform particularly well-suited for the
identification of high emitters in real-world scenarios.

2.2 Sampling and data set details
Real-time measurements of vehicle exhaust emission

pollutants (NO, CO,, and PN) and vehicle information
were conducted on the roadsides of Dazhao Road in

(¢) The HEI plattform

Fig. 1 Road condition and measurement instruments of the Tangshan (a) and Chengdu (b) sampling sites, (c) the HEI in the
instrument shelter box, and (d) the HEI structure. Note: Cameras are used to recognize the vehicle license plate, vehicle speed,
and acceleration, and RS sensors are top-down remote sensing systems.
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Laoting, Tangshan (Fig. 1(a)) and Taodu Road in
Chengdu (Fig. 1(b)), China. Dazhao Road is a typical
2-lane two-way road without a divider. Taodu Road in
Chengdu is a 4-lane one-way road without dividers,
above which road is a high-speed railway channel. The
HEI platform was in an instrument shelter box and
placed on one side of the road (Fig. 1(c)), and the inlet
was placed outboard of the shelter box (approximately
1.2 m above ground), which was close to the height of
the vehicle tailpipe. A cyclone separator for aerosol
sampling was used to remove the larger particular
matter (particle size larger than 2.5 um). A top-down
remote-sensing system was placed at the same site
(Figs. 1(a) and 1(b)). The measurement of the remote
sensing system was performed simultaneously with the
HEI measurements. In this study, remote-sensing high-
emitter identification results were compared with those
of the HEI. In addition, vehicle speed and acceleration
sensors were used to record the instantaneous speed and
acceleration of the passing vehicle. A vehicle license
plate recognition camera was employed to record the
vehicle’s passing time and number plate so that vehicle
characteristics, such as vehicle emission standards,
vehicle type, and fuel type, could be retrieved from the
national vehicle registration databases. Additional
information on the top-down remote sensing systems
can be found in previous studies (Yang etal., 2022;
Ghaffarpasand etal., 2023). The measurement data
from the different measurement devices were processed
by time synchronization.

The sampling periods for Tangshan and Chengdu
were August 8th to October 20th, 2022, and April 13th
to May 30th, 2023, respectively. The characteristics of
the vehicle types, vehicle speed, wind speed, and wind
direction during the sampling period are shown in
Fig. S2. Generally, gasoline passenger cars were the
dominant vehicle model, which accounted for 65.9%
and 88.9% in Tangshan and Chengdu, respectively.
Heavy-duty diesel trucks accounted for 11.8% in
Tangshan, which was approximately 2 times higher
than that in Chengdu. Similar vehicle speed distribution
characteristics were observed in Tangshan and
Chengdu. Both followed the fitted normal distributions,
and most vehicle speeds were in ranges of 30-65 and
40-70 km/h at the Tangshan and Chengdu sites,
respectively.

In addition, the track experiment data sets published
in our previous study were used to determine the
background subtraction method and different
instrument response times to vehicle exhaust-emitted
pollutants. Detailed information regarding the track
experiment can be found in our previous study (Shen
etal., 2022).

2.3 The high emitter identified algorithm

A workflow scheme for high-emitter identification
based on long-term HEI measurements in Tangshan and
Chengdu, China, is presented in Fig. S3. The measured
concentrations of NO, PN, and CO, were processed
using background subtraction. In general, the time
series of pollutant concentrations (C, ;) of NO, PN, and
CO, measured by the near-road HEI platform were
determined by the superposition of on-road vehicle
emission source (Cy,;) and local background sources
(Cpeppy) for pollutant p at time i, which can be
presented as follows Eq. (1).

Cii» = Cvipiy + Cheipiy- (D

In this study, the specified lowest percentile from a
certain time window was used to extract background
concentrations from the near-road measurements. The
reliability and accuracy of this method were evaluated
by comparing the emission factors measured by
roadside and PEMS measurements under different
lowest percentiles and time windows. Considering that
the cutoff particle sizes of CPC and PEMS were
inconsistent in this study, the effects of different time
windows (1 and 5 min) and lowest percentiles (lowest
10 value average value, lowest 1, 5, 10, 20, and 30
percentiles) on NO emission factor estimation were
evaluated by comparing the HEI and onboard PEMS
measurement NO emission factors to evaluate the
reliability and accuracy of this method. As shown in
Figs. S4(a)-S4(f), the results demonstrate that the 10-
percentiles and 20-percentiles in the 5-min time
windows (Figs. S4(d) and S4(e)) have better
performance (slope = 0.97, R = 0.95) in the NO
emission factors calculation than other time windows
and lowest percentile settings (Figs. S4(a)-S4(c) and
S4(f)). In addition, other time windows and lowest
percentile settings presented significantly
underestimated (points in the red circle in Fig. S4).
Therefore, a 5-min time window and the lowest 10-
percentile were selected to calculate the background
concentrations in this study. The on-road vehicle
emitted concentrations of ANO, APN, and ACO, were
obtained by subtracting the background value from the
HEI measured concentrations.

Second, peaks in the on-road vehicle-emitted
pollutant concentrations were detected. In this step, the
selected peaks, namely peak 1, should follow several
base criteria: 1) higher than neighboring wvalues,
2) higher than the limit of detection (LOD), which is
three times the standard deviation of the background
signal, 3) the distance between two adjacent peaks is no
less than 3 s, and 4) the CO, concentration is normally
used to normalize the NO and PN concentrations to
compensate for different degrees of dilution between
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the wvehicle exhaust emission and instrument
measurement. In addition to the aforementioned base
criteria, a threshold for the ACO, peaks was required to
ensure the accuracy of the emission factor calculations.
According to previous studies (Zhou et al., 2020; Xiang
et al., 2023), this ACO, peak threshold was set as 5 ppm
in this study.

To match the detected spikes to the passing vehicle
exhaust plumes, a time alignment algorithm was
proposed to determine whether detected vehicle-emitted
concentration peaks (peak 1) were the responses of the
passed vehicle exhaust plume. Because of the different
instrument response times, when the test vehicles drove
past the sensor platform, the appearance times of the
NO, PN, and CO, peaks differed. Therefore, the
appeared times of ANO, APN, and ACO, peaks and
time differences between CO, with NO (Afyg co,) and
PN (Afpn co,) were determined according to field
experiment measurement results. As shown in Fig.
S5(a), these signal peaks typically appear within 1-10 s
of the test vehicles passing through the sensor platform.
In addition, most of the Atyo co, and Afey co, Values are
gathered within the range of =5 to 5 s (Fig. S5(b)). If
there is a ACO, peak within 5 s before or after the APN
or ANO peak, these peaks are considered as matched
peaks (Fig. 2(a)). For unmatched peaks, if the APN or
ANO peak exceeds 10 times the deviation of the

background signal, namely the limit of quantification
(LOQ), these peaks were also selected for further
vehicle exhaust plumes identification (Fig. 2(b)). This
was done to avoid misjudgment owing to CO,
concentrations below the thresholds mentioned above.
The pollutant peaks that met the aforementioned
standards were defined as peaks 2. If there were peaks 2
of APN or ANO within 10 s after the vehicle past the
HEI platform, these peaks 2 were believed to be the
successfully captured plumes and this vehicle was
namely successfully identified vehicles. If multiple
vehicles pass through the observation station in close
succession, they are identified as forming part of a fleet.

Fuel-based NO and PN emission factors of the
successfully identified vehicle plumes were calculated
using the carbon balance method (Shen et al., 2022;
Xiang etal., 2023). Previous studies (Zhang etal.,
2014; Preble etal., 2015) have indicated that the
proportion of carbon in CO, BC, and HC is typically
less than 2% of the total fuel carbon. The primary
carbonaceous product resulting from the combustion of
vehicle fuel is CO, (> 95% by mass) (Preble etal.,
2015). The sensitivity of CO, to the emission factor
calculation was several orders of magnitude higher than
those of CO and BC (Preble et al., 2015). The exclusion
of CO, BC, and HC had a negligible effect on the
emission factors calculation. Consequently, the fuel-
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Fig.2 Time series of pollutant signals during continuous drive-throughs (a) matched peaks, (b) unmatched peaks, and (c) fleet

passed.
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based emission factors of NO and PN were derived
from the formula proposed by Wang etal. (2012),
which assumes that all carbon in the fuel is converted to
CO,. The emission factors of NO and PN were
calculated using the following Eq. (2). In addition,
several methods can be used to compute fuel-based
emission factors, such as the differential (Raparthi
etal., 2023), integration (Raparthi etal., 2023), and
peak height methods (Shen etal., 2022). The peak
height method was selected in this study, with the peak
height of vehicle-emitted pollutant concentrations being
utilized for the calculation of emission factors, as
opposed to integrating the peak area. This method is
suitable for high traffic densities in real-world urban
environment.

EF A[P]

" A[CO;]
where EF, is the vehicle emission factor of the target
pollutants NO and PN. A[P] is the vehicle-contributed
concentration peak height of ANO (ppb) and APN
(#/cm?). A[CO,] is the vehicle contribution peak height
of ACO, (ppm). w, is the carbon fraction of fuel and
was set to be 0.81 for the mixed fleet in this study
(Raparthi et al., 2023).

Finally, if the fuel-based emission factors of NO
(EFyo) and PN (EF})) of the identified vehicle plume
were higher than the high-emitter threshold, the vehicle
was identified as a high emitter. In general, the outlier
values of all identified vehicle EFs were set as high
emitters in this study, and detailed information on the
high emitter threshold settings can be found in Section
3.2. We conducted a blind test under real-world driving
conditions at the Tangshan and Chengdu sites for
different potential high-emitter thresholds to assess the
uncertainty and effectiveness of the high-emitter
thresholds for identifying high-emission vehicles.
Furthermore, several high emitters were tested using
PEMS (OBS-ONE, Horiba Ltd., Japan) with the
assistance of traffic police officers (Tian et al., 2024) to
validate the high emitter identification scheme. The
emission factors for NO and PN by PEMS were
calculated using the same carbon balance method, as
previously described. The China VI emission standard
was employed to determine whether the identified high
emitters were in fact high emitters.

XWe, 2

3 Results and discussion

3.1 Overview of measurement and vehicle
identification

Figures 3 and S6 present a short section of second-by-

second PN, NO, and CO, measured concentrations,
background concentrations, identified vehicles, and
corresponding emission factors at the Tangshan site
(local time 2022-08-15 08:05-08:30) and Chengdu
(local time 2023-04-06 08:05—08:30), respectively, as
illustrative examples. Figure 4 shows the relative
frequency histogram distributions and probability
fitting curves for vehicle emission contributions,
background values, and LOQ concentrations during the
sampling period at the Tangshan and Chengdu sites.
Generally, vehicular emission-contributed
concentrations and LOQ show log-normal or highly
skewed distributions. This is a common feature of on-
road vehicle exhaust emission measurements (Zhou
etal., 2020). In contrast, normal or weakly skewed
distributions were observed for the background
concentrations of NO, PN, and CO,. NO and PN
exhibited larger response signals to vehicle emissions.
The vehicle emission-contributed concentrations of NO,
PN, and CO, in Tangshan (Chengdu) were 32.9 + 71.9
(27.7£77.2) ppb, 8212.7 £ 59749.5 (5384.6 = 46678.4)
#/cm3, and 7.3 £ 14.9 (8.2 £ 20.5) ppm, respectively.
The average background concentrations of NO, PN, and
CO, in Tangshan (Chengdu) were 347 + 57.5 (481 +
153) ppb, 14387 = 11077 (9132 £ 5076) #/cm3, and 442
+ 45.1 (426 = 9.1) ppm, respectively. The vehicle-
contributed pollutants concentration in Tangshan was
higher than that in Chengdu, which might contribute to
the relatively larger traffic density and a higher
percentage of heavy-duty diesel trucks (16.3%, Fig.
S2(a)) than that in Chengdu (5%, Fig. S2(b)). Previous
studies have demonstrated that the PN emissions of
heavy-duty vehicles are approximately 20 times higher
than those of light-duty vehicles (Wang et al., 2012).
Numerous cars may identify the same pollutant peak,
namely, fleets (Fig. 2(c)). Figure 3 depicts multiple
vehicles passing at 08:15 and approximately 30 s, with
concentrations remaining high. The methodology
employed in this study could not identify the high
emitters within the fleet. However, subsequent analysis
indicated that the exclusion of such high emitters had a
negligible impact on the overall identification of high
emitters.

According to the workflow scheme of high emitter
identification via HEI measurement mentioned in
Section 2.3, approximately 60% and 73% of vehicles
that passed the HEI measurement sites were
successfully detected, respectively (Fig. S7). A
proportion of vehicle exhaust plumes was not detected,
which may be attributed to the low emission levels of
vehicles, diffusion, and dilution of vehicle exhaust
plumes under adverse wind direction and speed
conditions (Sahlodin et al., 2007). In addition, among
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Fig.3 Measured concentration, background concentration, and identified vehicle emission concentration peaks of PN, NO,

and CO, at Tangshan from 8:05 to 8:30 a.m. on 16 August 2022.

the unidentified vehicles by roadside sensors at the
Tangshan and Chengdu sites, only a few vehicles were
identified as high-emitters (less than 2%) by RS
sensors. Overall, a higher percentage of vehicles
identified by roadside sensors implies a superior
performance of the HEI platform. Among the vehicles
identified by roadside measurements, more than 99000
NO plumes in Tangshan, 28000 NO plumes in
Chengdu, 87000 PN plumes in Tangshan, and 18000
PN plumes in Chengdu were successfully identified.

3.2 The emission factor distribution and high-emitter
thresholds

EFs for the corresponding vehicle exhaust plumes were
calculated using the carbon balance method proposed in
Section 2.3. Figure 5 shows the histograms of the
measured NO and PN EFs for the identified vehicles

and the corresponding fitting curves of the EF
distributions at the Tangshan and Chengdu sites during
the sampling periods. The large sample size ensured
sufficient data points for investigating the emission
factor distribution characteristics. The NO and PN EFs
tended to have log-normal distributions, with
coefficients of determination (R%) of 0.93 (p < 0.001)
and 0.95 (p < 0.001), respectively. The mean EFs for
NO and PN are 28.3 + 59.5 g/kg-fuel and 8.6 x 101 +
4.5 x 1016 #/kg-fuel, respectively. By contrast, the
median values of NO and PN EFs are 14.3 g/kg-fuel
and 1.3 x 1015 #/kg-fuel, respectively. The EFs
distributions of NO and PN were highly skewed, which
was mainly attributed to the strong influence of a small
portion of high emitters (Wang et al., 2023). To the best
of our knowledge, a small fraction of vehicles with
failed exhaust after-treatment systems or those driven
under high-emission conditions, such as overweight and

https
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Fig. 4 Relative frequency distributions and fitting curves for the vehicle contributed concentrations (a, d, g), background
values (b, e, h), and LOQ concentrations (c, f, i) of PN, NO, and CO, in the Tangshan and Chengdu sites.

severe traffic congestion, have the potential to emit
pollutants that are several orders of magnitude higher
than those emitted by well-maintained vehicles under
normal driving conditions (Jezek et al., 2015).

In this study, the fraction of high emitters was
determined using the box distribution method, and the
outlier points whose EF values exceeded the third
quartile plus 1.5 times the inter-quartile range (Q3 +
1.5IQR) were defined as high emitters. The box plot
distributions of EFy, and EFpy for different vehicle
and fuel types at Tangshan and Chengdu are shown in
Fig. S8. The high emitter thresholds of the EFy for
gasoline passengers (GPs), light gasoline trucks
(LGTs), light diesel trucks (LDTs), and heavy diesel
trucks (HDTs) are 65, 60, 59, and 58 g/kg-fuel,
respectively. The high-emitter thresholds of EFpy for
gasoline passengers (GPs), light gasoline trucks
(LGTs), light diesel trucks (LDTs), and heavy diesel

trucks (HDTs) were 1.0 x 106, 1.1 x 1016, 1.1 x 1016,
9.5 x 1016 #/kg-fuel in this study, respectively.
Considering that there were no significant differences
in the high emitter thresholds for different vehicle and
fuel types, the high emitter thresholds of EFy, and
EF, were defined using the box plot distribution of the
total identified wvehicles in this study. A box plot
distribution of the total identified vehicle EFs for NO
and PN is shown in Fig. 6. The high-emitter thresholds
of EFy, and EFyy were 65 g/kg-fuel and 1.0 x 1016
#/kg-fuel in this study, which were 4.5 and 7.5 times
higher than the median values of EFy and EFpy. The
high emitter thresholds of EFy, and EF},y were used in
combination to identify the high-emitters. If either
EFy, or EFy was greater than the corresponding
threshold, the vehicle was identified as a high emitter.
Higher emitter thresholds are key factors in the
successful identification of high emitters. Therefore, we
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this study.

conducted a blind test using 976 vehicles (including
727 high-emitting and 249 clean vehicles) to calculate
the high-emitter false alarm rate (false-identified high-
emitters/identified emitters) and high emitter miss rate
(actual high-emitters classified as clean vehicles/actual
high-emitters) under real-world driving conditions at
the Tangshan and Chengdu sites for different potential
high-emitter thresholds of EFy, from 30 to 75 g/kg-
fuel and EFpy from 2 x 1015 to 2 x 10'6 #/kg-fuel.
From Fig. 7, it is evident that with an increase in EFy,
and EFpy thresholds, the high-emitter false alarm rate
decreased from 30% to 2%, and the high-emitter miss
rate increased from 50% to 75%, respectively. This
high miss rate can be attributed to the fact that high
emitters can also have low instantancous emissions.
Both the false alarm and miss rates should be

considered when setting high-emitter cut-off thresholds.
Considering public trust in high-emitter identification
results, a low false alarm rate might be appealing to
policymakers, as it places a light burden on the drivers
of clean vehicles (Qiu and Borken-Kleefeld, 2022).
Therefore, the false alarm rate should be limited to a
reasonable range, such as below 10% or 5%. When the
high-emitter thresholds of EFy, and EF,y were set to
be 60 g/kg-fuel and 1.1 x 1016 #/kg-fuel, the false alarm
rate was below 5%, and relatively more high-emitters
were successfully identified. The high-emitter cut-off
thresholds of EFy, and EF,y determined at a false
alarm rate of 5% level are very close to that by the box
plot distribution method used in this study. When the
high-emitter thresholds of EF\ and EFp) are set to be
65 g/kg-fuel and 1.0 x 10'¢ #/kg-fuel, approximately
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27% high-emitters can be identified at 5% false alarm
rate level, which reflects that the high-emitter
thresholds determined in this study are reasonable. Qiu
and Borken-Kleefeld (2022) used 48 EU-5D passenger
vehicles from the European Mobile Emission Sources
Study (ERMES) database to perform 163 RS sensor
measurements, and results demonstrated that only 29%
of high-emitters were identified from the total high-
emitters at a 75% precision level with one
measurement. The roadside HEI and RS measurements
have high miss rates of high emitters with a single
measurement. More high emitters can be identified with
repeated measurements at a low false alarm rate level
(i.e., 5%), and the low cost of the roadside HEI
platform makes it more suitable for mass application in
real-world high emitters identification.

3.3 High-emitter and on-site inspection

In general, the percentage of high-emitters identified in
individual vehicles at the Tangshan and Chengdu sites
was 9.6% of the total identified vehicles (Fig. 8(a)).
This result was similar to that from previous studies
reported in India (14%) (Raparthi et al., 2023), USA
(13%) (Park etal., 2016), China (20%—23%) (Wang
etal., 2011; Huo etal., 2012), but was slightly higher
than the high-emitter percentages identified using RS
measurement at Tangshan and Chengdu sites in this
study, with the values of 8.3% and 3.2%, respectively.
Specifically, the high-emitter percentages of NO and
PN that exceeded the high-emitter thresholds for
individual vehicles at the Tangshan site were 4.1% and
5.4%, respectively (Fig. 9). The high-emitter
percentages of NO and PN EFs exceeding the high-

emitter thresholds at the Chengdu site were 10.6% and
2.6%, respectively. In addition, the contribution of
high-emitter emissions to the total identified vehicular
emissions was investigated. 5.4% NO and 4.1% PN
high-emitters contributed approximately 30.9% NO and
75.7% PN to the total identified vehicle emissions at the
Tangshan site. At Chengdu sites, 10.6% NO and 2.6%
PN high-emitters contributed approximately 57.7% NO
and 72.1% PN to the total identified individual vehicle
emissions. These results demonstrate that on-road
vehicle emissions can be effectively reduced by
maintaining post-treatment devices and replacing older
vehicles (Jezek et al., 2015).

Furthermore, a proportion vehicles were categorized
as fleets. As shown in Fig. 9, among the identified
vehicles, approximately 26% and 24% were identified
as fleets at the Tangshan and Chengdu sites,
respectively. High emitters in the fleets accounted for
approximately 4% and 4.6% of all identified vehicles at
the Tangshan and Chengdu sites, respectively. Notably,
it is difficult to identify an actual single high emitter
from a fleet using the current algorithm. This may result
in the inadvertent classification of some mnormal
vehicles as high-emitters. As shown in Fig. S9, there
was no significant difference in the identified high
emitter percentages at the Tangshan and Chengdu sites
between the fleets and the excluding fleets. These
results indicate that the exclusion of high emitters from
the fleet had a negligible impact on the overall
identification results of high emitters. Thus, it follows
that high emitters in the fleet are classified as suspected
high emitters and undergo further testing.

Moreover, the ideal method for validating the high-
emitter identification scheme is to conduct confirmatory
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testing of these vehicles using PEMS/chassis tests (Qiu
and Borken-Kleefeld, 2022). In this study, we tested a
few identified high emitters by conducting on-site
inspections of vehicle exhaust after-treatment systems
and performing PEMS testing with the assistance of the
traffic police. Overall, 122 identified high-emitters were
inspected, and the false alarm rate was 5.4% (Fig. 8(b)).

If the high-emitter thresholds of NO and PN increase to
70 g/kg-fuel and 1.6 x 1016 #/kg-fuel, respectively, the
on-site inspection high-emitter false alarm rate can be
closed to zero (Fig. 8(c)). Relatively lower false-alarm
rates of the on-site inspections demonstrating that our
algorithm performs well in identifying real-world high
emitters.
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4 Conclusions and implications

Real-world high-emitter identification plays an
important role in controlling vehicular emission
pollutants. In this study, a low-cost roadside HEI
platform was used for online roadside measurements of
vehicle-emitted NO, PN, and CO, concentrations.
Based on more than one month of HEI measurement
data sets, a novel comprehensive scheme was
developed for real-world high-emissions identification.
Slightly larger high-emitter percentages of the roadside
HEI platform (9.6%) than RS measurement (3.2%—
8.3%) were found in this study. The roadside HEI
platform identified high-emitters contributed 30.9%—
57.7% NO and 72.1%-75.5% PN emission of the total
identified individual vehicles.

High-emitter thresholds have a significant impact on
the high-emitter identification false-alarm and miss
rates. A low false alarm rate implies a high miss rate for
the detection of high emission vehicles. Therefore, we
suggest a low false alarm rate (below 5%) might be
appealing to policymakers, as it places a light burden on
drivers of clean vehicles. Moreover, with a single
instantaneous measurement, the roadside HEI platform
and RS sensor showed larger high-emitter miss rate.
With repeated measurements, improvements in high-
emitter identification were even more significant. The
advantages of low cost and convenient mobility make
roadside HEI platforms suitable for large-scale
applications in real-world high-emitter identification.
Furthermore, although 65 g/kg-fuel for NO and 106
#/kg-fuel for PN were suggested in this study, the high
emission thresholds of EF, and EF,; can be
determined based on the requirements of local
regulatory authorities.

Finally, there are some limitations to and suggestions
for the roadside HEI platform measurement approach.
First, a large number of vehicles that passed the HEI
platform were not detected, most probably because of
changes in wind direction, leading to the plume not
reaching the roadside platform to be detected.
Therefore, HEI platforms should be placed on both
sides of the road to increase the chances of detecting
emission plumes under various wind conditions.
Second, the roadside sensors and RS measurements
showed a larger miss rate and uncertainty for high
emitters, with a single instantaneous measurement.
Therefore, the joint application of these two methods
can enhance the measurement of gaseous and
particulate pollutants and reduce the uncertainty and
miss rate of high-emitter identification. If the vehicle is
frequently listed as a suspected high emitter over a

certain period of time, such as more than three times a
month, it will be identified as a high emitter and will
receive a citation for further inspection. Overall, the
roadside HEI platform developed in this study
represents a promising approach for real-world high-
emitter identification. Its low cost, mobility, and strong
adaptability significantly enhance the network-
monitoring capability of urban supervision departments
and directly promote the coordinated management of
road traffic and air quality.
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