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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• STCM reconstructs MAW-based NOx in
dicators from irregular OBD data.

• The method was developed using 502 
heavy-duty vehicles and 1.7 million 
trips.

• A 51-h window and 200 iterations yiel
ded stable indicator estimates.

• STCM agreed with repeated PEMS re
sults within 0.11–0.20 g/kWh.

• The method supports fleet-scale 
screening of in-use NOx emissions.
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A B S T R A C T

Heavy-duty diesel vehicles remain an important in-use source of atmospheric NOx, yet long-duration charac
terization of real-world emissions is constrained by the cost of Portable Emission Measurement Systems (PEMS) 
and by the irregular structure of Onboard Diagnostics (OBD) telematics. Using 13 months of 1 Hz telematics data 
from 502 China VI heavy-duty diesel vehicles, covering approximately 1.7 million trips, this study developed a 
Short-Trip Combination Method (STCM) to reconstruct a screening-oriented estimate of the 90th-percentile 
Moving Average Window (MAW) specific NOx emission indicator for hot-running operation. STCM segments 
thermally stabilized operation into short trips, classifies trips by driving mode, reconstructs regulation- 
constrained synthetic cycles through Monte Carlo resampling, and then calculates the MAW-based NOx indi
cator. The framework was benchmarked against 15 PEMS tests on four representative vehicles and further 
compared with a simple whole-trip averaging baseline. A 51-h evaluation window and 200 Monte Carlo itera
tions provided stable estimates. Median STCM estimates fell within the range of repeated PEMS measurements, 
with vehicle-level absolute errors of 0.11–0.182 g/kWh, whereas the supplementary baseline comparison showed 
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lower agreement for whole-trip averaging. These results indicate that irregular long-duration OBD data can be 
converted into environmentally relevant hot-running NOx indicators that recover persistent elevated-emission 
behavior under real-world operation. Rather than replacing regulatory PEMS testing, the proposed framework 
provides a practical basis for continuous fleet-scale screening and prioritization of vehicles or operating periods 
requiring confirmatory inspection.

1. Introduction

Global economic expansion and accelerating urbanization continue 
to increase demand for freight and passenger transport, thereby inten
sifying environmental pressures from mobile-source emissions. The 
transportation sector is a major contributor to nitrogen oxides (NOx) 
emissions across many economies. For instance, in the 27 European 
Union member states, this sector was responsible for a substantial 56.5% 
of total NOx emissions in 2022 [1]. Within road transport, the influence 
of Heavy-Duty Diesel Vehicles (HDDVs) is particularly pronounced. 
Although HDDVs constitute only a small fraction of the total vehicle 
fleet, they account for a disproportionate share of on-road NOx emis
sions [2]. Because of their high engine loads, long activity durations, and 
frequent operation in freight and passenger corridors, HDDVs remain 
important contributors to roadside and urban NOx burdens. The haz
ardous relevance of HDDV NOx emissions is particularly pronounced in 
urban corridors, where frequent acceleration, congestion, and high en
gine load occur close to exposed populations. NOx promotes photo
chemical ozone formation and participates in secondary nitrate aerosol 
formation, thereby linking in-use diesel activity to both regional oxidant 
pollution and fine-particle burdens [3].

Although zero-emission heavy-duty vehicle technologies are 
advancing, diesel HDDVs are likely to remain a substantial in-use source 
of atmospheric NOx in the near term because fleet turnover is slow and 
large legacy fleets remain in service [4,5]. Selective Catalytic Reduction 
(SCR) is the principal technology for controlling NOx emissions from 
modern heavy-duty diesel vehicles and can achieve high conversion 
efficiency under well-controlled thermal conditions. However, in-use 
NOx emissions remain strongly influenced by transient driving condi
tions, traffic congestion, thermal management, and the in-use condition 
of the after-treatment system [6,7].

A substantial body of evidence indicates that real-world NOx emis
sions frequently exceed certification levels. For example, tests on 2010- 
model-year HDDs in the United States revealed real-world urban-cycle 
NOx emissions 2–3.5 times higher than the certified standards [8]. 
Similar phenomena have been documented in studies across China [9]
and Europe [10]. Furthermore, malfunction, deterioration, or tampering 
of after-treatment systems can lead to substantial emission increases 
[11]. These observations indicate that long-duration characterization of 
in-use NOx behavior remains essential for environmentally relevant 
assessment of heavy-duty vehicle emissions.

Current approaches to in-use emissions monitoring each face 
important limitations in scalability, cost, or temporal representative
ness. Laboratory chassis dynamometer testing cannot fully replicate the 
transient characteristics of real-world driving and is therefore unsuitable 
for timely fleet-scale monitoring [12,13]. Portable Emission Measure
ment Systems (PEMS) provide reference-grade real-world emissions 
data, yet their cost and operational complexity limit routine deployment 
across large fleets [14,15]. Remote sensing provides only instantaneous 
snapshots and is sensitive to plume dispersion and meteorological con
ditions, which limits its ability to characterize long-duration emission 
behavior [16,17]. Emission models support large-scale extrapolation, 
but often yield substantial errors in predicting emissions from individual 
vehicles because of simplified representations of engine operation and 
after-treatment dynamics [18,19]. Consequently, a practical need re
mains for a monitoring framework that combines environmental rele
vance, robustness, and fleet-scale applicability.

In recent years, the proliferation of the Internet of Things (IoT) and 

telematics has enabled remote monitoring technologies based on On
board Diagnostics (OBD), providing a new data source for characterizing 
in-use vehicle emissions [20]. Leveraging OBD telematics data, prior 
studies have developed real-time monitoring platforms and 
machine-learning approaches to identify high emitters or estimate 
on-road NOx emissions [21,22]. The China VI regulation requires 
HDDVs to be equipped with remote monitoring terminals that transmit 
key engine and after-treatment parameters at 1 Hz [23], thereby 
generating large volumes of real-world operational data. However, 
current telematics practice remains data-rich but information-poor for 
environmental assessment: large amounts of routine data are collected, 
but their fragmented and irregular structure prevents direct interpreta
tion using the established China VI/RDE PEMS Moving Average Window 
(MAW) reference framework [24,25].

The MAW method was developed for continuous, structured test 
cycles with prescribed phase order, defined start and end points, and 
window-validity constraints. Real-world telematics, by contrast, consist 
of fragmented trip sequences with arbitrary stop-start events, variable 
durations, and intermittent engine-off periods. Therefore, the challenge 
addressed here is not primarily sensor precision or data transmission, 
although both remain important sources of uncertainty. The central 
methodological gap is the structural mismatch between stochastic 
routine operation and the standardized MAW interpretation framework 
[26,27]. Existing OBD-based studies have often relied on simplified 
approaches, such as whole-trip averaging or methods that do not fully 
apply MAW validity criteria, which are useful for rapid estimation but 
do not resolve this structural mismatch [28].

Against this background, the key challenge is not merely to estimate 
in-use NOx emissions from telematics, but to reconstruct a stable long- 
duration indicator from fragmented routine operation while preser
ving interpretability against a reference window-based framework. The 
present study addresses this challenge by developing and validating the 
Short-Trip Combination Method (STCM). The study makes three con
tributions. First, it proposes a cycle-reconstruction strategy that converts 
fragmented real-world operation into synthetic cycles suitable for stable 
MAW-based indicator reconstruction. Second, using telematics data 
from 502 China VI heavy-duty vehicles, it identifies practical conditions 
for fleet-scale implementation, including the required evaluation- 
window length and Monte Carlo sample size. Third, through compari
son with repeated PEMS tests, it evaluates whether long-duration 
irregular OBD data can recover environmentally relevant elevated- 
emission behavior with sufficient agreement for screening use. 
Although the empirical setting is China VI, the broader methodological 
contribution lies in improving the environmental usefulness of routine 
digital monitoring for long-duration reconstruction of in-use NOx 
emissions.

2. Methodology

2.1. Data acquisition

The raw data used in this study were obtained from a HDDV remote 
monitoring platform compliant with the China VI technical re
quirements (GB 17691–2018). The dataset comprised telematics records 
from 502 HDDVs collected over a 13-month period, encompassing 
approximately 1.7 million individual trips. The fleet covered vehicle 
categories from M1 to N3 (except N1), with M3 passenger vehicles and 
N3 goods vehicles dominating the sample. As shown in Fig. 1, these two 

C. Liu et al.                                                                                                                                                                                                                                      Journal of Hazardous Materials 514 (2026) 142913 

2 



categories accounted for most of the fleet, while N2 and M1 vehicles 
represented smaller fractions. The vehicles covered a broad range of 
engine displacements (4.5–12.8 L) and rated powers (140–350 kW), and 
all were equipped with China VI-compliant after-treatment systems. 
This fleet structure provides a suitable basis for developing a fleet- 
screening method, although category-specific validation remains 
necessary for less represented groups such as N2 vehicles.

Data acquisition adhered strictly to the specifications of the China VI 
emission standard. Twenty critical parameters were recorded and 
uploaded at a frequency of 1 Hz. These parameters include essential 
variables for emission modeling and vehicle activity analysis, such as 
vehicle speed, engine torque and speed, fuel flow rate, and NOx con
centrations upstream and downstream of the SCR catalyst. A complete 
list of parameters is provided in Table 1. Before analysis, the raw tele
matics data were subjected to rule-based quality control. Records were 
removed if they contained duplicated timestamps, invalid GPS status, 
physically implausible values, or prolonged signal interruption. The 
exact filtering criteria are now listed in Supplementary Table S1, 
including the time-gap threshold for prolonged interruption, valid 
ranges for NOx concentration, vehicle speed, engine speed, coolant 
temperature, and consistency checks for fuel-flow and torque-related 

signals.

2.2. Reference PEMS testing protocol

For proof-of-concept benchmark validation of the STCM, four vehi
cles were selected from the main fleet to represent distinct duty cycles 
and operating patterns, including one N3 goods vehicle and three M3 
passenger vehicles. These vehicles cannot statistically represent the full 
emission diversity of the 502-vehicle fleet; therefore, the PEMS com
parison is interpreted as benchmark validation of method feasibility 
rather than universal fleet-level validation. The selected vehicles 
nevertheless cover the dominant N3 and M3 categories and contrasting 
vocations in the dataset, including variable-route freight service, struc
tured commuter-bus operation, and more variable tourism-related bus 
service. Vehicle A (N3 truck) primarily transports steel products be
tween Tianjin and Beijing and typically operates under high-load, var
iable-route conditions. Vehicles B and C (M3 buses) operate as 
commuter shuttles along fixed urban routes with regular stop-start 
patterns. Vehicle D (M3 bus) provides scheduled tourist services 
within the Tianjin metropolitan area, with passenger load varying by 
seasonal tourism demand and weather conditions. All four vehicles are 
equipped with modern DOC-DPF-SCR-ASC after-treatment systems 
compliant with China VI emission standards. Their specifications are 
presented in Table 2, photographs are shown in Fig. 2, and their 
representativeness relative to the broader fleet is summarized in 
Supplementary Table S5.

All PEMS validation tests were conducted in strict accordance with 
the RDE test procedures mandated by the China VI standard. Tests were 
performed on public roads under ambient temperatures ranging from 15 
to 25 ◦C. RDE routes were designed to comply with regulatory re
quirements regarding trip composition and distance. Following the RDE 
requirements specified in Appendix K of the China VI standard GB 
17691–2018 [29], the target shares of urban, rural, and motorway 
operation were 20% ± 5%, 25% ± 5%, and 55% ± 5%, respectively, for 
Vehicle A as an N3 goods vehicle. For the M3 passenger buses (Vehicles 
B, C, and D), the corresponding target shares were 45% ± 5%, 25% ±
5%, and 30% ± 5%, respectively, unless a vehicle is formally classified 
as an urban vehicle, for which the China VI protocol specifies 70% urban 
and 30% rural operation. All tests followed the prescribed order of 
urban, rural, and motorway driving. NOx concentrations in the tailpipe 
exhaust were measured using a reference-grade PEMS (AVL M.O.V.E. 
GAS PEMS 493). The system configuration is illustrated in Fig. 3, and its 
key performance specifications are summarized in Table 3. To capture 
the inherent variability of real-world testing, each vehicle underwent 
three to four replicate RDE tests under similar but non-identical traffic 
and road conditions.

2.3. Reference window-based NOx indicator calculation

This study adopts the MAW method as the reference algorithm for 

Fig. 1. Distribution of vehicle categories within the study fleet.

Table 1 
Remote monitoring data parameters (compliant with China VI standard).

ID Parameter Unit ID Parameter Unit

1 Timestamp - ​ 11 Air Flow Rate kg/ 
h

2 Vehicle Speed km/ 
h

​ 12 SCR Upstream 
Temperature

◦C

3 Atmospheric Pressure kPa ​ 13 SCR Downstream 
Temperature

◦C

4 Engine Net Torque % ​ 14 DPF Differential 
Pressure

kPa

5 Engine Friction Torque % ​ 15 Engine Coolant 
Temperature

◦C

6 Engine Speed r/ 
min

​ 16 Fuel Level %

7 Engine Fuel Flow Rate L/h ​ 17 GPS Status -
8 SCR Upstream NOx 

Sensor Output
10⁻6 ​ 18 Longitude ◦

9 SCR Downstream NOx 
Sensor Output

10⁻6 ​ 19 Latitude ◦

10 DEF (Urea) Level % ​ 20 Cumulative Mileage km

Table 2 
Vehicle specifications for remote monitoring subjects.

Parameter Vehicle A Vehicle B Vehicle C Vehicle D

Vehicle Type Goods 
Truck

Passenger 
Bus

Passenger 
Bus

Passenger 
Bus

Vehicle Category N3 M3 M3 M3
Gross Vehicle Weight 

(kg)
25000 11850 11850 16700

Rated Engine Power 
(kW)

199 169 169 220

Rated Engine Speed 
(r/min)

2300 2200 2200 2200

Engine Displacement 
(L)

6.2 5.1 5.1 7.8

Aftertreatment 
System

DOC + DPF + SCR + ASC (China VI compliant)
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calculating route-specific NOx emissions and reconstructing a bench
mark window-based NOx indicator. Given the inherent variability in 
real-world driving, RDE test repeatability is affected by route, traffic, 
driver behavior, and ambient conditions. The MAW method reduces part 

of this variability by segmenting continuous emission data into engine- 
work-based windows, thereby extracting a comparable metric across 
diverse driving patterns [26]. A window is defined as a subset of test 
data beginning after the engine coolant temperature first exceeds 70 ◦C. 
The window ends when the accumulated engine work reaches the 
reference value Wref, namely the total work of the World Harmonized 
Transient Cycle (WHTC). Subsequent windows are generated by shifting 
the start point forward by 1 s, providing comprehensive coverage of the 
hot-running part of the test, as depicted in Fig. 4.

Cumulative work is calculated from Controller Area Network (CAN) 
parameters using Eq. (1). Instantaneous engine power was derived from 
engine speed and brake torque reconstructed from the OBD-reported net 
torque and friction torque signals together with the manufacturer- 
reported reference torque under the China VI data definition. 

Fig. 2. Photographs of vehicles used for PEMS benchmark validation.

Fig. 3. Schematic diagram of PEMS equipment installed on board for RDE testing.

Table 3 
Key specifications of the AVL M.O.V.E. GAS PEMS 493 analyzer.

Parameter Specification

Operating Temperature Range − 30–45 ◦C
Measurement Range NO: 0–0.5 vol%, NO2: 0–0.25 vol%
Zero Point Drift NO, NO2: 2× 10⁻4 vol% / 8 h
Drive Voltage 24 V DC
Total System Weight ~50 kg
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W =
1

3600

∫ t2,i

t1,i
Pwdt =

1
3600

∫ t2,i

t1,i

Tq × ne

9549
dt (1) 

where W is the cumulative engine work (kWh) over the window, Pw is 
the instantaneous engine power (kW), Tq is the engine output torque 
(N⋅m), and ne is the engine speed (r/min).

The instantaneous NOx mass emission rate ṁNOx (g/s) is calculated 
using Eq. (2). Exhaust mass flow rate was estimated from the telematics- 
reported intake-air flow and fuel-flow signals under the assumption of 
mass conservation, with unit conversion and density correction applied 
consistently throughout the analysis. 

ṁNOx =
cNOx × 10− 6 × ṁexh ×

1000
3600 × MNOx

22.4 × 10− 3 × ρ × 103 = 4.412 × 10− 7 × cNOx × ṁexh

(2) 

Where ṁexh represents the exhaust mass flow rate (kg/h), cNOx is the NOx 
concentration (10− 6), MNOx is the molar mass of NOx (46 g/mol), and ρ 
is the density of air under standard conditions (1.293 kg/m3), with the 
numerical constant derived from these fundamental physical constants.

The resulting window-specific NOx metric (SENOx, in g/kWh), is then 
calculated using Eq. (3). 

SENOx =
mNOx

W
(3) 

Where mNOx is the cumulative NOx mass (g) emitted within the window.
A critical aspect of the MAW method is the validation of individual 

windows. A window-specific SENOx value is considered valid for final 
indicator calculation only if the window average power ratio (APR) 
exceeds a predefined power threshold [29]. APR is defined as the ratio of 
the average power within the window to the engine maximum rated 
power, as expressed in Eq. (4). 

APR =
Pwavg

Pwmax
× 100% (4) 

.
In standard RDE testing protocols, the initial power threshold is 

conventionally set to 20% of the engine maximum power. If valid win
dows account for less than 50% of all windows generated from the test 
data, the power threshold is iteratively reduced in 1% increments until 
the valid-window proportion reaches at least 50%. If the threshold 
would fall below an absolute minimum of 10%, the test is deemed 
invalid for compliance assessment. For a valid test, the final NOx indi
cator is the 90th percentile of the specific NOx emissions calculated from 
all valid windows (SENOx_P90). Under the China VI standard, 

SENOx_P90 < = 0.69 g/kWh is specified for regulatory interpretation 
[29]. In the present study, this value is used only as a reference 
benchmark for screening-oriented interpretation, not as a formal 
compliance decision criterion.

2.4. STCM framework for real-world NOx indicator reconstruction

The implementation proceeds through four sequential stages, as 
illustrated in Fig. 5. Stage 1 performs data preprocessing and initial trip 
segmentation. Raw OBD data are cleaned using the quality-control rules 
in Supplementary Table S1. The cleaned data stream is then segmented 
using idle periods as initial boundaries. Because the telematics stream is 
recorded at 1 Hz, an idle interval of at least 1 s is the minimum 
observable zero-speed event and is therefore used only as the initial 
boundary-detection rule. This rule intentionally preserves stop-and-go 
micro-dynamics in congested operation. To avoid allowing micro-trips 
to dominate Monte Carlo sampling, these initial fragments are subse
quently standardized through same-mode merging and long-trip split
ting, as described in Supplementary Table S2. All data points recorded 
when the engine coolant temperature is below 70 ◦C are excluded from 
the hot-running indicator calculation, keeping the reconstructed indi
cator comparable with the China VI/RDE MAW evaluation boundary.

Stage 2 performs trip classification and length equalization. Each 
segmented hot trip is classified as urban, rural, or motorway according 
to the applicable China VI speed thresholds. The initial segmentation 
commonly produces a highly uneven duration distribution: urban 
congestion generates many very short fragments, whereas rural and 
motorway operation often produces long continuous fragments. To 
avoid excessive dominance of either micro-trips or long high-speed 
segments during Monte Carlo reconstruction, the trip library is stan
dardized using a 10-min target scale. Consecutive trips from the same 
operating mode are merged if their combined duration does not exceed 
10 min, and any trip longer than 10 min is split into two approximately 
equal sub-trips. The 10-min threshold is an empirical standardization 
scale for trajectory libraries rather than a regulatory prerequisite or 
WHTC sub-phase duration. It reduces the numerical dominance of very 
short urban fragments and the duration/work dominance of long rural 
or motorway fragments. Importantly, duration equalization modifies 
only the sampling-unit definition; all second-by-second speed, power, 
temperature, and NOx records are retained for subsequent MAW 
calculations.

Stage 3 performs Monte Carlo simulation and synthetic cycle 
reconstruction. For a given evaluation period, synthetic driving cycles 
are iteratively constructed through stochastic sampling until a valid 
cycle satisfying all reference constraints is obtained. The process begins 
by initializing an empty cycle and defining target phase durations based 
on the regulatory proportions and a randomly selected total-work 
multiplier β drawn from a uniform distribution over the interval of 
4–7. Cycle construction then proceeds sequentially in the prescribed 
order of urban, rural, and motorway operation. Within each phase, trips 
are randomly sampled without replacement from the corresponding 
mode-specific library and appended until the cumulative phase duration 
reaches or exceeds its target value. Once all three phases have been 
assembled, the average speed of each phase and total cumulative work 
are calculated. If all phase-share, phase-speed, driving-order, and work- 
multiplier constraints are satisfied, the cycle is accepted; otherwise, it is 
discarded and reconstruction restarts. This rejection-sampling proced
ure ensures that every retained synthetic cycle is individually compat
ible with the applicable China VI reference requirements.

Stage 4 applies the MAW calculation and aggregates the recon
structed indicator. For each successfully generated synthetic cycle, the 
standard MAW method described in Section 2.3 is executed in full, 
yielding one SENOx_P90 value. Stages 3 and 4 are independently repeated 
NMC times for the same evaluation period, producing an ensemble of 
SENOx_P90 estimates. The final reconstructed indicator for the period is 
defined as the median of this ensemble. Median-based aggregation 

Fig. 4. Schematic diagram of the MAW method.
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reduces sensitivity to extreme sampling outcomes and sequence- 
dependent effects that can occur when a small number of high- 
emission fragments are positioned inside or outside valid MAW 
windows.

3. Key parameter analysis and optimization

To ensure the robustness and reliability of the STCM framework for 
practical fleet-scale application, three key operational parameters were 
systematically evaluated and optimized. These parameters determine 
the trade-offs among assessment timeliness, data representativeness, 
computational efficiency, and the robustness of the final indicator 
reconstruction.

3.1. Determination of the evaluation period (Data window length)

The selection of the evaluation period involves a fundamental trade- 
off between assessment timeliness and data sufficiency. A shorter win
dow enables more frequent indicator updates and more rapid detection 
of emission deterioration or tampering, but may not adequately capture 
the diversity of real-world vehicle operation. By contrast, a longer 
window enhances data representativeness but delays the identification 
of persistently elevated emissions and increases computational burden. 
To define this parameter on a pragmatic data-driven basis, an empirical 
trip-sample adequacy criterion was introduced: within a given evalua
tion period, the number of available trip fragments for each road type 
should be at least three times the minimum number required to assemble 
a compliant minimum-duration RDE test. This factor ensures sufficient 
diversity in the trip library for statistically robust Monte Carlo resam
pling while avoiding excessive sensitivity to limited data availability.

Fig. 5. Complete workflow of the STCM.

Fig. 6. Cumulative distribution function of the minimum data duration required to satisfy STCM trip sample adequacy criteria for 502 heavy-duty diesel vehicles.
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Based on the full fleet of 502 vehicles, the minimum data duration, 
expressed in cumulative engine operating hours, required to satisfy this 
criterion was determined for each vehicle. Fig. 6 presents the cumulative 
distribution of these minimum required durations. The distribution is 
right-skewed, indicating that most vehicles accumulated adequate short- 
trip diversity within relatively short operating times, whereas a minority 
required substantially longer observation because of repetitive or con
strained duty cycles. To establish a conservative and uniform benchmark 
applicable to more than 90% of the fleet, a standard evaluation period of 
51 h of cumulative engine operation was selected. For vehicles that still 
fail the trip-diversity criterion after 51 h, a standard STCM result should 
not be forced. Instead, they should be flagged as having insufficient 
operational diversity, monitored over an extended window, or evaluated 
using a duty-specific protocol when their operation is inherently 
constrained.

3.2. Robustness verification of synthetic cycle length (Cumulative work 
multiplier)

RDE regulations require the total cumulative engine work of a valid 
test to fall within the range of 4–7 times Wref. Although this provision 
offers flexibility in total test duration, it may also introduce variability in 
emission outcomes because longer tests can contain additional low- 
emission high-speed operation. To evaluate the sensitivity of STCM to 
this parameter, a controlled comparison was conducted with Vehicle A. 
Two RDE tests were performed on consecutive days under similar traffic 
and ambient conditions but with different cumulative-work levels: 4.5 
Wref and 6.4 Wref, respectively. Fig. 7 compares the corresponding 
vehicle-speed profiles and instantaneous NOx emission rates.

As shown in Fig. 8, extending the cycle length increased the number 
of valid MAW windows, with most additional windows occurring in the 
motorway phase. Because sustained high exhaust temperatures during 
motorway operation favor high SCR conversion efficiency, these addi
tional windows exhibited very low specific NOx emissions. Conse
quently, the mean specific NOx emission across valid windows 
decreased from 0.138 g/kWh in the shorter test to 0.123 g/kWh in the 
longer test, a relative decrease of approximately 10.8%. In contrast, 
SENOx_P90 decreased only marginally, from 0.190 to 0.183 g/kWh, a 
change of less than 4% (Fig. 9). This limited response reflects the upper- 
tail nature of SENOx_P90. High-emission windows are typically associ
ated with transient events during nominally hot operation, such as urban 
stop-and-go driving, after-treatment temperature excursions, rapid load 
increases, or aggressive acceleration. Once these high-emission events 

are represented in the trip library, adding additional low-emission 
motorway windows has limited influence on the 90th percentile. 
These results indicate that STCM is not unduly sensitive to reasonable 
variation in synthetic-cycle length, provided that the trip library cap
tures the main high-emission operating modes. Accordingly, the target 
cumulative-work multiplier β was sampled uniformly from the interval 
of 4–7 to reflect the admissible reference range while increasing 
reconstruction diversity.

3.3. Optimization of Monte Carlo resampling iterations

Within each evaluation period, the trip library contains numerous 
short trips, and their emission characteristics can vary substantially even 
within the same driving mode. This intra-mode variability arises from 
differences in traffic congestion, road grade, driver behavior, payload, 
and the thermal state of the after-treatment system at trip onset. A single 
random sampling event may therefore produce an SENOx_P90 estimate 
that deviates from the central tendency of the vehicle's emission 
behavior. The sequential ordering of trips introduces another source of 
variability. As illustrated in Fig. 10, valid MAW windows are not uni
formly distributed throughout a driving cycle. Because of the APR 
validation criterion, windows with higher average power are more likely 
to be valid. In a typical RDE-compliant cycle following the prescribed 
urban-rural-motorway sequence, many valid windows occur in the latter 
part of the test, where higher-speed and higher-load operation domi
nates. Consequently, high-emission urban fragments placed near the 
beginning of the cycle may be underrepresented in the valid-window set, 
whereas similar fragments positioned within valid windows may in
crease the reconstructed P90. This ordering effect introduces stochastic 
noise that must be mitigated through repeated sampling and robust 
aggregation.

To mitigate the combined influences of sampling variability and 
ordering sensitivity, STCM employs multi-iteration resampling, with the 
final NOx indicator defined as the median of the SENOx_P90 distribution 
obtained from independent Monte Carlo simulations. To determine the 
appropriate number of iterations, a convergence analysis was conducted 
using data from multiple vehicles. As shown in Fig. 11 for Vehicle A, the 
median SENOx_P90 fluctuated considerably at low iteration numbers but 
gradually stabilized as NMC increased. When NMC = 200, the fluctuation 
range of the median SENOx_P90 decreased to less than 0.035 g/kWh, 
corresponding to approximately 5% of the China VI reference value 
(0.69 g/kWh). Further increasing NMC yielded only marginal stability 
gains while increasing computational cost. Similar convergence 

Fig. 7. Comparison of vehicle speed and instantaneous NOx emission rate between short-duration (4.5Wref) and long-duration (6.4Wref) RDE tests conducted on 
adjacent days.
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Fig. 8. Comparison of valid MAW window distribution between short test and long test.

Fig. 9. Comparison of SENOx_P90 values between short test and long test.

Fig. 10. Schematic illustration of the valid windows distribution.
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behavior was observed for the other three test vehicles. Accordingly, 
NMC = 200 was selected as the standard configuration, balancing 
robustness and computational efficiency.

This computational configuration is also compatible with large-scale 
fleet screening. In our implementation, using a workstation equipped 
with an AMD EPYC 7H12 CPU and 128 GB RAM, processing all 502 
vehicles required approximately 55 s after completion of raw-data 
quality control. This runtime corresponds to an approximate 
throughput of 0.8 million vehicle-level evaluations per day under 
similar batch-processing conditions. The value is an implementation- 
specific estimate rather than a universal benchmark, but it indicates 
that the STCM workflow is computationally feasible for routine remote- 
monitoring applications.

4. Results and validation analysis

4.1. Fleet-scale reconstructed NOx distribution

To demonstrate the value of the complete telematics dataset, STCM 
was first applied to the 502-vehicle fleet using May 2023 as an 

illustrative fleet-screening period. The reconstructed hot-running 
SENOx_P90 values showed substantial between-vehicle heterogeneity 
(Fig. 12), indicating that long-duration OBD telematics can identify 
vehicles with persistently elevated NOx behavior that may be missed by 
sparse spot inspections. The vehicle-category distributions also indicate 
that the reconstructed indicator reflects both technology and duty-cycle 
differences rather than a single fleet-wide average. Interpreted against 
the China VI reference value of 0.69 g/kWh for screening purposes, 
15.9% of the 502 vehicles were flagged as elevated hot-running NOx 
emitters, corresponding to approximately 65 vehicles. Among these 
flagged vehicles, 31% had OBD-reported NOx-control-related faults, 
such as injector blockage or abnormal urea-consumption deviation. This 
association should not be interpreted as component-level diagnosis, 
because OBD faults and reconstructed emissions do not have one-to-one 
correspondence. Nevertheless, it demonstrates that STCM can transform 
routine telematics into an environmentally meaningful prioritization 
tool for identifying vehicles or operating periods requiring confirmatory 
inspection.

Fig. 11. Convergence of the median SENOx_P90 estimate as a function of the number of Monte Carlo iterations for vehicle A.

Fig. 12. Fleet-scale distribution of reconstructed hot-running SENOx_P90 values for the 502-vehicle telematics dataset, stratified by vehicle category and interpreted 
relative to the China VI reference value.
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4.2. PEMS benchmark validation

For proof-of-concept benchmark validation, a sliding-window pro
tocol was adopted for the four PEMS-tested vehicles. Based on the 51 h 
evaluation window established in Section 3.1, overlapping assessment 
windows were sequentially extracted with a sliding step of 10 h of cu
mulative engine operation. This protocol simulates a continuous moni
toring scenario in which the vehicle-specific hot-running NOx indicator 
is periodically updated using the most recent 51 h of operation. For each 
extracted window, STCM was applied with 200 Monte Carlo iterations, 
and the final indicator was defined as the median SENOx_P90 of the 
simulated distribution. In parallel, PEMS data collected for each vehicle 
served as the benchmark reference; the corresponding PEMS SENOx_P90 
values were calculated using the standard MAW method. A simple 
whole-trip average, calculated from the same quality-controlled hot- 
running OBD records but without regulation-constrained reconstruction 
or MAW window validation, was also evaluated as a baseline. Detailed 
vehicle-level values and summary metrics are provided in 
Supplementary Tables S3 and S4.

Fig. 13 shows that the STCM median generally agrees with the cen
tral tendency of repeated PEMS measurements. Across the four vehicles, 
the vehicle-level absolute errors between STCM and the PEMS mean 
ranged from 0.110 to 0.182 g/kWh, with an overall MAE of 0.133 g/ 
kWh and RMSE of 0.136 g/kWh (Supplementary Table S4). The 
exploratory R2 between STCM and PEMS means was 0.899, whereas 
whole-trip averaging yielded a substantially larger MAE of 0.277 g/ 
kWh, RMSE of 0.381 g/kWh, and exploratory R2 of 0.208 (Fig. 14 and 
Supplementary Table S4). These results show that the improved agree
ment is not simply the result of averaging more OBD data; it arises from 

reconstructing MAW-compatible cycles and preserving valid-window 
logic. Vehicles C and D exhibited larger STCM spreads than Vehicles A 
and B. Supplementary Figs. S1-S3 indicate that this spread is consistent 
with greater temporal variability in road-type composition and after- 
treatment thermal behavior. In particular, the supplementary SCR- 

Fig. 13. Validation of STCM-derived SENOx_P90 estimates against repeated PEMS benchmark measurements.

Fig. 14. Comparison of STCM-derived and whole-trip average indicators 
against PEMS measurements.
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temperature and SCR-efficiency trends show stronger thermal and 
conversion-efficiency variation for Vehicle D, while Vehicle C shows 
greater variation in route composition than the more stable commuter 
pattern of Vehicle B. Therefore, the wider STCM distributions are 
interpreted as reflecting heterogeneous real-world operation and after- 
treatment thermal states rather than Monte Carlo numerical instability 
alone. Direct component-level diagnosis was not available, so possible 
contributions from after-treatment deterioration and onboard NOx 
sensor behavior are discussed as uncertainty sources rather than asser
ted as confirmed causes.

5. Discussion

5.1. Methodological significance for real-world NOx monitoring

The principal contribution of STCM is not merely methodological 
reconstruction of a regulation-compatible indicator, but the recovery of 
environmentally relevant long-duration NOx behavior from fragmented 
routine telematics. Existing in-use emission assessment methods are 
either accurate but sparse, as in PEMS-based testing, or scalable but 
weakly suited to capturing long-duration elevated-emission behavior. 
STCM addresses this methodological gap by converting fragmented 
operational telemetry into a form that remains comparable to a refer
ence window-based framework while preserving the diversity of real- 
world operation. In this sense, the framework extends the practical 
use of routine OBD monitoring from passive data collection to envi
ronmentally relevant reconstruction of in-use NOx behavior. This is 
environmentally important because persistent or intermittent high- 
emission behavior may be systematically missed by sparse spot testing 
yet may still contribute disproportionately to roadside NOx exposure 
and regional precursor loading.

A second methodological strength of STCM lies in its explicit treat
ment of real-world variability. Vehicle operation in normal service is 
intrinsically stochastic, and any attempt to define a single “representa
tive” trip is therefore vulnerable to arbitrariness. STCM addresses this 
issue by adopting a Monte Carlo reconstruction strategy, generating an 
ensemble of plausible synthetic cycles rather than relying on a single 
deterministic realization. The final use of the median SENOx_P90 further 
enhances robustness by reducing the influence of atypical sampling 
outcomes and sequence-dependent effects. This is particularly important 
in the present context, because the upper-tail emission metric is gov
erned by the upper tail of the emission distribution rather than by 
average emission behavior. Accordingly, the framework is designed to 
characterize the central tendency of in-use emission behavior while 
remaining resistant to extreme but non-representative cycle 
constructions.

The validation results indicate that this methodological design is 
robust across the tested vehicles and operating conditions. For all four 
vehicles, the median STCM-derived SENOx_P90 fell within the range of 
repeated PEMS measurements, despite substantial variability in real- 
world test results. This finding suggests that STCM can reproduce the 
central tendency of vehicle emission performance as characterized by 
the regulatory reference method, while drawing on a much larger and 
more diverse operational dataset. Additional support for robustness is 
provided by the sensitivity analysis of total cycle length: although 
extending the cycle from 4.5Wref to 6.4Wref reduced mean NOx emis
sions by 10.8%, the corresponding change in SENOx_P90 remained below 
4%. This result confirms that the STCM outcome is driven primarily by 
the occurrence of high-emission events, rather than by the inclusion of 
additional low-emission motorway operation, and is therefore not 
unduly sensitive to reasonable variation in synthetic cycle construction.

The interpretation of SENOx_P90 should nevertheless be distinguished 
from mean emission intensity or total NOx mass. P90 is intentionally 
sensitive to the upper tail of the valid-window distribution and is 
therefore suitable for identifying elevated-emission behavior and 

prioritizing vehicles for confirmatory inspection. It should not be used 
alone to quantify the total emission inventory. The hot-running scope of 
the present indicator also requires careful interpretation. Cold-start and 
SCR warm-up phases may contribute substantially to the total real-world 
NOx burden, especially for vehicles with frequent restarts, short trips, or 
prolonged low-temperature operation. Excluding these phases can un
derestimate total trip-level emissions. This choice was made to preserve 
comparability with the China VI/RDE MAW evaluation boundary rather 
than to claim full inventory coverage. A future monitoring framework 
should therefore combine the present hot-running STCM indicator with 
a dedicated cold-start/warm-up sub-indicator.

5.2. Sources of uncertainty and limitations

Despite its methodological advantages, STCM's performance remains 
fundamentally constrained by the quality of the underlying OBD 
telemetry. As with any remote-monitoring-based approach, the reli
ability of the final reconstructed indicator depends on the accuracy and 
stability of the onboard measurements used to derive NOx mass emis
sions, including NOx sensor signals, exhaust-flow estimation, and rele
vant engine operating parameters. In SCR-equipped vehicles, ammonia 
slip may introduce NH3 cross-sensitivity in downstream NOx sensors, 
and transient exhaust conditions or sensor drift may further bias the 
reported signal [30]. STCM does not eliminate this sensor-level uncer
tainty; rather, it propagates the available OBD measurements through a 
structured MAW-compatible reconstruction framework. Practical 
deployment should therefore include sensor-quality diagnostics, 
cross-checks between upstream and downstream NOx signals, SCR 
temperature and urea-dosing plausibility checks, and, where possible, 
NH3-bias correction before the reconstructed indicator is used for 
regulatory-scale screening [19].

A second limitation concerns the representativeness of the opera
tional data window. Although the 51-h evaluation period was selected to 
ensure adequate trip diversity for most vehicles, the approach may be 
less suitable for vehicles with highly repetitive or operationally con
strained duty cycles. In such cases, the trip library may not contain 
sufficient variability to support meaningful cycle reconstruction, even if 
the nominal data volume is adequate. This issue is particularly relevant 
for specialized vehicles operating predominantly in confined areas or 
under atypical load patterns. The current framework is therefore best 
suited to vehicles with sufficiently diverse on-road activity, and its 
applicability to highly homogeneous operating regimes remains limited.

The scope of validation also requires careful qualification. The pre
sent study was conducted on four China VI-compliant diesel vehicles 
equipped with modern DOC-DPF-SCR-ASC after-treatment systems. 
Although these vehicles exhibited different real-world operating pat
terns, they do not represent the full diversity of the in-service fleet. The 
transferability of STCM to older emission standards, alternative after- 
treatment architectures, hybridized powertrains, or non-road applica
tions has not yet been established. Accordingly, the present results 
should be interpreted as evidence of feasibility and robustness within 
the tested application domain, rather than as universal validation across 
all vehicle categories.

5.3. Environmental implications and practical application

From an environmental perspective, the main value of STCM lies in 
extending routine OBD telematics from operational reporting to long- 
duration screening of real-world NOx burden. This is particularly rele
vant because elevated NOx emissions can be intermittent and thermally 
sensitive, making them difficult to capture with sparse spot measure
ments. By converting fragmented telematics into stable indicators, the 
framework can support earlier identification of vehicles or operating 
periods associated with persistently elevated emissions, improve fleet- 
scale characterization of real-world NOx behavior, and help prioritize 
confirmatory inspection resources toward environmentally relevant 
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high-emission cases. When interpreted relative to the China VI reference 
value of 0.69 g/kWh, the reconstructed SENOx_P90 can serve as a 
screening reference for identifying vehicles or operating periods with 
potentially elevated hot-running NOx behavior. This comparison should 
not be used as a formal compliance decision without confirmatory PEMS 
testing.

Practical application of the framework will nevertheless require 
improved quality assurance for onboard NOx data, particularly with 
respect to sensor drift, cross-sensitivity, and anomalous measurements. 
Broader validation across vehicle technologies, duty cycles, and sensing 
conditions is also needed before large-scale deployment. These next 
steps are essential for determining how telematics-based reconstruction 
can be integrated into future environmental monitoring of in-use vehicle 
emissions.

6. Conclusion

This study developed and evaluated the STCM for reconstructing a 
hot-running, MAW-compatible SENOx_P90 indicator from irregular OBD 
data of HDDVs. Using 13 months of telematics data from 502 China VI 
vehicles, the analysis indicated that a 51-h evaluation window provided 
sufficient trip diversity for most vehicles and that 200 Monte Carlo it
erations yielded stable indicator estimates. Fleet-level application to the 
502-vehicle dataset showed substantial between-vehicle heterogeneity 
and flagged 15.9% of vehicles as elevated hot-running NOx emitters 
when interpreted against the China VI reference value of 0.69 g/kWh for 
screening purposes. Among the flagged vehicles, 31% had OBD-reported 
NOx-control-related faults, supporting the practical value of STCM for 
prioritizing confirmatory inspection. Proof-of-concept benchmark 
comparison against 15 PEMS tests on four representative vehicles 
showed that the STCM median generally fell within the range of 
repeated PEMS measurements, with vehicle-level absolute errors of 
0.110–0.182 g/kWh, MAE of 0.133 g/kWh, RMSE of 0.136 g/kWh, and 
exploratory R2 of 0.899. Controlled comparison of 4.5 Wref and 6.4 Wref 
test conditions further suggested limited sensitivity of the reconstructed 
indicator to reasonable variation in synthetic-cycle length.

Taken together, these findings show that irregular long-duration 
OBD telematics can be transformed into environmentally relevant hot- 
running NOx indicators for screening-oriented assessment of in-use 
emission behavior. The framework is best interpreted as a complement 
to, rather than a replacement for, PEMS, with practical value in identi
fying persistently elevated-emission vehicles or operating periods that 
warrant confirmatory inspection. The present study remains limited by 
the small PEMS validation sample, exclusion of cold-start and SCR 
warm-up operation, dependence on onboard sensing quality, and un
tested transferability to some vehicle categories such as N2 vehicles and 
specialized duty cycles. Future work should expand external validation, 
develop complementary cold-start indicators, strengthen telematics data 
quality assurance, and evaluate broader deployment across more diverse 
in-use fleets.

Environmental implication

Heavy-duty diesel vehicles remain an important in-use source of 
atmospheric NOx, and persistent high-emission behavior is often diffi
cult to capture using sparse spot measurements. This study provides a 
practical framework for reconstructing environmentally relevant NOx 
indicators from irregular OBD telematics, enabling continuous fleet- 
scale screening under real-world operating conditions. By improving 
identification of persistently elevated emitters and abnormal operating 
periods, the proposed method can support more targeted inspection and 
maintenance, strengthen in-use emissions surveillance, and enhance the 
environmental value of routine digital monitoring for reducing road- 
transport-related air pollution.
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