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A B S T R A C T

Remote in-use emissions monitoring of heavy-duty diesel vehicles (HDDVs) is increasingly adopted to strengthen 
air-quality governance and ensure real-world compliance with nitrogen oxides (NOx) limits. A persistent chal
lenge is the severe cross-sensitivity of electrochemical NOx sensors to ammonia (NH3) slip from aftertreatment 
systems. This interference inflates apparent NOx emissions, triggers false exceedances, and undermines the 
credibility of fleet-scale monitoring data. Here, a telematics-integrated dual-algorithm framework is proposed to 
detect NH3 slip events and correct the NOx measurement bias resulting from NH3-induced cross-sensitivity using 
only on-board signals, enabling scalable deployment without hardware modification. NH3 slip is first identified 
using a moving-window NH3 excess index (EINH3) combined with SCR efficiency thresholds to ensure robust 
event discrimination under transient driving. Cross-sensitivity artifacts are then corrected by constraining the 
effective selective catalytic reduction conversion to 99% during slip conditions and applying state compensation 
derived from Arrhenius-type NH3 storage kinetics. The framework is validated on multiple HDDVs over real- 
driving emission (RDE) cycles using portable emissions measurement systems (PEMS) and a laser spectro
scopic NH3 analyzer as independent references. Results show that motorway high-speed operation exacerbates 
NH3 slip under elevated space velocity and exhaust temperature. Across RDE tests, the identification module 
achieves 77-97% slip event recall and >93% classification accuracy, while the correction reduces the mean error 
of the 90th-percentile specific NOx emission (SENOx_P90) by 94% (0.50 to 0.03 g/kWh), effectively eliminating 
false exceedances attributable to NH3 interference. In multi-vehicle compliance screening, several vehicles that 
would have been falsely flagged as non-compliant based on raw remote NOx data were reclassified as compliant 
after correction, with their estimated emissions falling below the 0.69 g/kWh regulatory limit, reducing false 
non-compliance determinations and improving the precision of high-emitter targeting. By enabling scalable and 
trustworthy NOx quantification, the proposed framework enhances the credibility and cost-effectiveness of 
telematics-based oversight. It supports cleaner freight operations through more reliable, data-driven emissions 
governance under real-world driving conditions.

1. Introduction

The global transportation sector faces intensifying pressure to 
advance emission-reduction technologies amid increasingly stringent 
worldwide regulations. Despite policy incentives promoting zero- 
emission alternatives, battery electric and hydrogen fuel cell vehicles 
still face substantial infrastructure and cost barriers (Komnos et al., 
2025; Zhang et al., 2023), thereby sustaining the dominance of 

heavy-duty diesel vehicles (HDDVs) in freight transportation networks 
(Engelmann et al., 2021). The disproportionate contribution of HDDVs 
to nitrogen oxide (NOx) emissions necessitates urgent improvements in 
real-world emission-control compliance (Xu et al., 2023). Although the 
HDDVs equipped with selective catalytic reduction (SCR) systems can 
achieve >95% NOx conversion efficiency under standardized laboratory 
certification cycles, the real-world deNOx performance of the SCR sys
tem often degrades under real driving emission (RDE) conditions due to 
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transient engine loads and highly dynamic exhaust temperature and 
flow profiles (Liu et al., 2023; Jiang et al., 2022). Consequently, to 
ensure emissions compliance during actual operation, regulatory 
frameworks in China, the European Union, and the United States are 
advancing robust, scalable in-use NOx monitoring solutions to support 
more reliable compliance verification and data-driven air-quality man
agement (Barbier et al., 2024; Yang et al., 2025; California Air Resources 
Board (CARB), 2021).

Current methodologies for monitoring NOx emissions from opera
tional HDDVs face inherent limitations. Portable emission measurement 
systems (PEMS) provide reference-grade accuracy for RDE testing but 
remain impractical for large-scale fleet deployment due to their invasive 
installation requirements and prohibitive operational costs (Wang et al., 
2020a). Alternative approaches, such as ambient air quality monitoring, 
on-road remote sensing, and tunnel studies, offer broader spatial 
coverage at reduced cost but are primarily directed toward aggregate 
regional air quality assessment rather than individual vehicle account
ability (Helyar and Alnaggar, 2025; Smit et al., 2019; Huang et al., 
2020). Additionally, these methods exhibit substantial 
weather-dependent variability that complicates data interpretation (Xia 
et al., 2022). Although plume-chasing techniques can target 
single-vehicle emissions, their reliability is fundamentally compromised 
by atmospheric dilution effects and challenges in definitively attributing 
measurements to specific sources (Wang et al., 2020b).

In contrast, telematics-integrated on-board diagnostics (OBD) tech
nology enables scalable, real-time collection of vehicle operational and 
emissions-related parameters directly from the electronic control unit 
(ECU). This approach offers distinct advantages, including non-intrusive 
monitoring, continuous data availability, and the capacity to correlate 
emission anomalies with specific driving patterns and engine operating 
conditions. Its inherent capability for remote data transmission and 
fleet-wide scalability makes it particularly suitable for large-scale, 
continuous compliance monitoring. Consequently, telematics- 
integrated OBD has emerged as the most viable solution for contin
uous fleet surveillance (Wang et al., 2022; Zhang et al., 2020).

Building upon this technological foundation, recent research has 
progressively advanced telematics-based platforms to address real- 
world NOx monitoring challenges. Wang et al. (2020b) developed a 
supervisory platform with real-time anomaly detection capabilities, 
enabling regulatory identification of excessive emitters. Feng et al. 
(2021) established bus-specific emission factor databases using tele
matics data, revealing distinct emission patterns across different engine 
types during urban operations. Concurrently, Ge et al. (2023) pioneered 
machine learning models for NOx identification, while Ge et al. (2025)
validated the 3 B-MAW framework for remote monitoring integration. 
Despite these significant advances, a critical data quality issue continues 
to undermine system accuracy and regulatory utility: fundamental 
reliability concerns in sensor measurements, particularly within retro
fitted on-board monitoring (OBM) systems (Zhang et al., 2020).

The most persistent and technically challenging issue affecting data 
reliability is the NH3-induced cross-sensitivity during NH3 slip events, 
which result from incomplete urea decomposition occurring under 
transient engine thermal profiles. Crucially, NH3 triggers electro
chemical cross-sensitivity in conventional NOx sensors through catalytic 
oxidation at electrode surfaces (4NH3 + 5O2 → 4NO + 6H2O), gener
ating artifactual NOx signals (Zhao et al., 2024). Extensive studies have 
quantified the severe detrimental impacts of this phenomenon. Funk's 
assessment reveals that NOx sensors frequently fail to meet the ±20% 
accuracy requirement under transient conditions, with tailpipe NOx 
mass error exceeding 50% due to the combined effects of 
cross-sensitivity and other noise factors (Funk, 2021). During significant 
NH3 slip events, particularly those induced by rapid thermal transients, 
the NOx sensor signal can become dominated by the cross-sensitive NH3 
response, leading to substantial overestimation of actual NOx emissions. 
Empirical evidence from recent field studies further underscores the 
pervasiveness and magnitude of this interference. For instance, Yu et al. 

(2021) demonstrated that Smart Emissions Measurement System 
(SEMS) equipment, which relies on amperometric NOx sensors, consis
tently overestimates NOx concentrations compared to PEMS during 
motorway driving, precisely where urea overdosing and NH3 slip are 
most prevalent. Similarly, Jeong et al. (2023) confirmed that NH3 slip in 
SCR-equipped vehicles leads to SEMS-measured NOx values exceeding 
those from PEMS, particularly under high-load conditions where 
Urea-Water Solution (UWS) injection is maximized. Consequently, this 
systematic bias not only misrepresents real emissions but also un
dermines the regulatory utility of low-cost OBM solutions, directly 
compromising compliance programs by inflating false non-compliance 
rates and distorting emission inventories, thereby eroding confidence 
in remote monitoring data and hindering effective air quality manage
ment and targeted regulatory enforcement.

To address this challenge, significant research efforts have been 
directed toward resolving the NH3 cross-sensitivity problem, primarily 
through three technical pathways. Physical NH3 sensor integration has 
been evaluated by Van Nieuwstadt (Van Nieuwstadt, 2022), who 
concluded that current NH3 sensor technology provides limited benefit 
due to its own tolerance issues, requiring at least twice the current ac
curacy to yield uniform improvement. Model-based cross-sensitivity 
compensation approaches have been developed by multiple research 
groups. Aliramezani et al. (2016) proposed a dynamic NOx/NH3 
cross-sensitivity model coupled with an SCR model, while Childress and 
Chen (2018) developed a decomposition algorithm for nonlinear sys
tems with cross-sensitive measurements. Jones and Geveci (2011) pio
neered smart sensing techniques using Ammonia to NOx Ratio (ANR) 
perturbation methods to discriminate between NOx and NH3 compo
nents. Additionally, Yan et al. (2019) further optimized urea dosing and 
NH3 coverage ratios using NSGA-II algorithms, though such approaches 
remain computationally intensive for real-time telematics applications. 
Observer-based state estimation represents a third pathway, where 
advanced estimation techniques using Extended Kalman Filters (EKF), 
Square-Root Unscented Kalman Filters (SRUKF), and other observers 
have been developed to simultaneously estimate SCR aging, urea in
jection faults, and gas concentrations. Yang et al. (2020) successfully 
applied SRUKF to estimate NH3 coverage ratio and input NH3 concen
tration, demonstrating improved accuracy over PF and UKF methods.

However, these solutions face fundamental limitations for 
telematics-based remote monitoring applications. The computational 
complexity of EKF, SRUKF, and nonlinear decomposition algorithms 
requires substantial computational resources and high-frequency data 
processing, which makes large-scale fleet deployment across diverse 
ECU platforms impractical. Hardware dependency presents another 
significant barrier, as solutions that rely on additional physical NH3 
sensors face prohibitive cost barriers for retrofit applications while 
introducing new sources of measurement uncertainty, despite promising 
advances such as high-accuracy NOx sensors with monitor electrodes 
developed by Todo et al. (2018). Furthermore, excitation requirements 
limit practical implementation, as methods utilizing ANR perturbations 
interfere with normal engine operation and dosing strategies, rendering 
them unsuitable for continuous monitoring during real-world driving 
conditions.

Thus, a clear research gap exists in developing a calibration method 
that is both computationally efficient and hardware-independent. The 
ideal solution should apply retrospectively to remote data streams 
without requiring specific vehicle excitation or proprietary ECU inte
gration. This gap is particularly critical for regulatory applications 
where trustworthy, scalable monitoring solutions are essential for 
effective compliance verification and data-driven policy refinement 
across diverse vehicle fleets. To bridge this gap, this study proposes a 
novel telematics-integrated dual-algorithm framework. The first stage 
employs a sliding-window detector that adaptively analyzes NH3 excess 
index (EINH3) thresholds to pinpoint NH3 slip events. The second stage 
applies a catalyst-state compensation model to correct NOx sensor 
readings during periods of NH3 presence. By resolving NH3-induced 
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cross-sensitivity at the measurement layer through algorithms suitable 
for retrospective telematics data processing, the framework bridges the 
critical gap between emission regulation and real-world enforcement, 
offering regulators a scientifically robust, scalable methodology for 
trustworthy remote emission monitoring.

2. Methodology

2.1. Experimental platform and instrumentation

Two China VI-compliant M3 HDDVs (designated as Vehicle A and 
Vehicle B) were used to quantify NOx sensor deviations against PEMS 
benchmarks. Two repeat trials were conducted for each vehicle to 
establish measurement robustness. As detailed in Table 1, both vehicles 
employed identical aftertreatment architectures, comprising a diesel 
oxidation catalyst (DOC), a diesel particulate filter (DPF), a copper- 
modified zeolite-based SCR system, and an ammonia slip catalyst (ASC).

The emissions measurement system integrated two precision in
struments, an AVL PEMS 493 for NOx measurement (with a resolution of 
5 ppm and sampling at 1 Hz) and a UNISEARCH LasIR laser analyzer for 
NH3 quantification (with a resolution of 8 ppm and sampling at 1 Hz) 
(see Fig. 1). Key performance specifications are summarized in Table 2. 
All instruments underwent pre-test and post-test calibration following 
manufacturer protocols, with independent battery power supplies uti
lized to eliminate electrical interference. The complete measurement 
setup is illustrated schematically in Fig. 2, which details the sensor 
placement designed to ensure accurate correlation between sensor 
readings and reference measurements. A straight extension pipe 
matching the original exhaust diameter was attached to the tailpipe, 
with the NOx and NH3 sampling probes positioned adjacently at the 
centerline to minimize spatial concentration gradients. Heated PTFE 
tubing was used for both sample lines to prevent NH3 adsorption, 
ensuring that the PEMS and laser analyzer provided reliable benchmark 
data against which the onboard sensor performance and the proposed 
correction algorithms could be rigorously evaluated. A venturi flow 
meter was installed upstream of the sampling points within the exten
sion pipe to measure exhaust flow rate. The entire system was config
ured for underbody vehicle mounting to minimize aerodynamic effects 
during on-road operation (see Fig. 3).

2.2. RDE test procedures and data processing

Field testing was conducted on public roads in the temperate plains 
region of Eastern China, with ambient temperatures maintained be
tween 15 ◦C and 25 ◦C, following China VI RDE testing protocols (Yang 
et al., 2025). Each test trial commenced under cold-start conditions, 
defined by an engine coolant temperature at or below 30 ◦C, and 
continued for approximately 3 h. This duration ensured that the cu
mulative positive work achieved 4-7 times the reference value of the 
World Harmonised Transient Cycle (WHTC), a key criterion for data 
validity stipulated in the regulations (Yang et al., 2025). The driving 
route was meticulously planned to comprise three distinct phases: urban 

(accounting for 45 ± 5% of trip duration, average speed 15-30 km/h), 
rural (25 ± 5%, 45-60 km/h), and motorway (30 ± 5%, >70 km/h), 
conforming to the stipulated boundaries for trip dynamics (Yang et al., 
2025). The resulting speed distribution profiles validate the represen
tativeness of the RDE cycle, showing the required low-speed urban, 
moderate-speed rural, and sustained high-speed motorway phases. This 
diversity in driving dynamics is crucial as it induces the transient ther
mal and load conditions that challenge SCR control and precipitate NH3 
slip, thereby creating the real-world scenarios our method aims to 
address. Critical operational parameters from the test campaigns are 
summarized in Table 3.

Following data acquisition, precise temporal synchronization across 
all measurement streams was achieved by maximizing the Spearman's 
rank correlation coefficient between paired signals (e.g., vehicle speed 
from GPS and ECU). This non-parametric method was selected for its 
robustness to non-linear relationships and outliers. The correlation co
efficient (ρs) was calculated as: 

ρs =
1
n
∑ n

i=1(R(xi) − R(x))⋅(R(yi) − R(y))
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(

1
n
∑ n

i=1(R(xi) − R(x))2
)(

1
n
∑ n

i=1(R(yi) − R(y))2
)√ (1) 

Where R(xi) and R
(
yi
)

represent the ranks of corresponding data points 
between two synchronized signals (x, y), respectively. R(x) and R(y)
stand for the mean ranks of x and y, respectively. n is the data length.

Following data acquisition, precise temporal synchronization across 
all measurement streams was achieved by maximizing the Spearman's 
rank correlation coefficient between paired signals (e.g., vehicle speed 
from GPS and ECU). This non-parametric method was selected for its 
robustness to non-linear relationships and outliers. After optimizing the 
alignment, the typical residual time-alignment error between the pri
mary signals (e.g., GPS vehicle speed and ECU speed) was estimated to 
be less than one data sample (i.e., <1 s), ensuring the integrity of all 
subsequent time-aligned data analysis.

The synchronized NOx and NH3 concentration profiles from the test 
(Fig. 4) provide a critical visualization of the core problem. During 
urban and rural phases, NH3 levels remain negligible despite fluctuating 
engine-out NOx, indicating effective storage. However, upon entering 
the motorway phase, a distinct pattern emerges: sharp rises in NH3 
concentration (exceeding 100 ppm) coincide with periods where the 
downstream NOx sensor reading diverges positively from the PEMS 
reference. Under motorway high-speed operation, NH3 slip deteriorates 
markedly. This may partly stem from the elevated exhaust mass flow 
rate at high vehicle speeds, which increases the space velocity and 
shortens the residence time, thereby imposing more stringent re
quirements on reductant mixing uniformity. Even minor deviations in 
the inlet distribution can lead to localized NH3 overdosage (Birkhold 
et al., 2007). In addition, the higher exhaust temperature during 
high-speed driving can rapidly reduce the catalyst NH3 storage capacity, 
further exacerbating NH3 breakthrough (Opitz et al., 2015). Similar NH3 
slip behavior under high-speed, high-load conditions has also been re
ported by He et al. (2024). As the NH3 concentration increases, the 
discrepancy between the NOx sensor signal and the actual NOx 

Table 1 
Technical specifications of test vehicles.

Parameter Vehicle A Vehicle B

Category M3 M3
Max. towable mass (kg) 11,850 16,700
Dimensions L × W × H 

(mm)
8955 × 2346 × 3380 10,990 × 2550 × 3620

Engine displacement 5.1 7.7
Max. power (kW) 169 228
Max. torque (Nm) 940 1400
Emissions standard China VI China VI
Aftertreatment system DOC + DPF + SCR +

ASC
DOC + DPF + SCR +
ASC

Table 2 
Performance specifications of primary measurement instruments.

Parameter AVL PEMS 393 LasIR Analyzer

Operating temperature 
range

− 30~45 ◦C − 10~50 ◦C

Measurement range 0~5000 ppm (NO), 0~2500 
ppm (NO2)

0~1000 ppm 
(NH3)

Zero drift <2 ppm/8 h (NO/NO2) <10 ppm/24 h 
(NH3)

Power supply 24 V DC 12 V DC
Mass ~50 kg ~5 kg
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concentration becomes progressively larger. This inverse correlation 
provides direct visual evidence of the cross-sensitivity artifact and jus
tifies the need for a phase-aware correction strategy.

NOx compliance was assessed using the Moving Average Window 
(MAW) method, with the workflow illustrated in Fig. 5. A work-based 
MAW approach, which normalizes emissions by engine work, forms 
the basis of regulatory compliance evaluation under China VI. Consec
utive windows were initiated once the engine coolant temperature 
surpassed 70 ◦C and generated by sliding a window of variable length 
through the time series. Each window started at a successive time step 
and ended when the cumulative engine work within that window 
reached the reference work value (Wref), defined as the total engine work 
over the WHTC. The specific NOx emissions (SENOx, in g/kWh) for each 
window were calculated as: 

SENOx =
mNOx

W(t2,i)-W(t1,i)
(2) 

Where mNOx is the total NOx mass per window (g) and W(t2,i)-W(t1,i) is the 
corresponding engine work increment over the window (kWh).

The output of this process, specifically the 90th percentile value 
(SENOx P90) of all valid windows, is the key metric our correction 
framework aims to accurately reproduce. Under the China VI emission 
standard, a vehicle's real-driving emissions are deemed compliant if its 
SENOx P90 remains below the regulatory limit of 0.69 g/kWh. This 
metric is also consistent with the Euro VI and upcoming Euro VII ap
proaches, making it internationally relevant. Concurrently, the average 
power within each window was calculated as a ratio relative to the 
maximum engine power. For a test to be considered valid, three critical 
criteria had to be satisfied: an initial power threshold of at least 20% of 
maximum engine power, a minimum of 50% valid windows across the 
entire driving cycle, and adherence to an absolute minimum power 
threshold of 10% throughout the entire operating period. Tests failing to 
maintain the 10% minimum power threshold at any point were classi
fied as non-compliant.

2.3. NH3 slip identification and data correction

2.3.1. Acquisition of Urea-Water Solution dosing data
NH3 slip primarily results from two mechanisms: physical 

Fig. 1. Photographs of test vehicles (Category M3).

Fig. 2. Schematic of measurement instrumentation and sensor placement.
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breakthrough of unabsorbed NH3 through catalyst channels, and 

desorption of stored NH3 due to sudden changes in operating conditions. 
Under modern SCR catalyst designs, a physical breakthrough occurs 
infrequently. Thus, the direct cause of NH3 slip is typically the desorp
tion of stored NH3 triggered by transient operations, while the root cause 
is prior excess NH3 supply. Consequently, identifying an oversupply of 
NH3 constitutes a crucial prerequisite for detecting NH3 slip. Accurately 
quantifying the UWS injection amount is critical, as it plays a vital role in 
regulating NH3 generation. However, this parameter is not a mandatory 
upload requirement to the remote monitoring system. To address this 
data gap, a predictive model for UWS injection rate was developed, 
integrating multidimensional operational parameters (e.g., engine 
speed, torque) with emission control variables (e.g., SCR temperature, 

Fig. 3. Vehicle speed distribution profiles across urban, rural, and motorway phases.

Table 3 
Operational parameters of RDE test campaigns.

Parameter A1 A2 B1 B2

Duration (s) 10,872 10,743 10,930 10,545
Urban phase (%) 45.6 46.3 47.0 45.2
Rural phase (%) 25.1 24.7 23.7 25.1
Highway phase (%) 29.3 29.0 29.2 29.7
Urban mean speed (km/h) 27.4 25.4 26.5 27.9
Rural mean speed (km/h) 45.9 46.7 48.1 48.1
Highway mean speed (km/h) 77.8 72.9 71.5 74.6

Fig. 4. Synchronized NOx-NH3 concentration profiles across driving phases for the test.
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NOx sensor readings).
Vehicle remote monitoring data collected over one month of normal 

on-road operation of vehicles A and B was utilized as the training 
dataset. To calibrate the UWS injection rate, a data acquisition and 
transmission device was installed on the test vehicles, specifically 
designed to obtain the actual UWS injection rate from the ECU. The UWS 
initiation temperature for each vehicle was empirically determined by 
analyzing the recorded SCR inlet temperature at the moment the ECU 
first commanded a non-zero UWS injection during the engine warm-up 
phase across multiple test cycles. Statistical analysis in Fig. 6 revealed 
that the UWS initiation temperature differed between the two test ve
hicles: 185 ◦C for Vehicle A and 190 ◦C for Vehicle B, measured at the 
SCR system inlet. Subsequent consultation with the manufacturers 
confirmed that these values align with their proprietary urea dosing 
calibration, indicating that the method can accurately determine the 
initiation temperature. The relationship between SCR inlet temperature 
and urea dosing confirms the existence of a vehicle-specific temperature 
threshold for dosing activation. More importantly, it shows that above 
this threshold, the dosing rate is highly variable and poorly correlated 
with temperature alone, justifying the need for a multi-parameter pre
dictive model that captures the influence of engine operation and NOx 
production. To enhance training efficiency, only data where the SCR 
system inlet temperature exceeded the respective vehicle's UWS initia
tion temperature were used for model training.

Parameter selection for the predictive model involved systematic 

elimination of non-essential variables (e.g., reagent residue, fuel tank 
level) and incorporation of key NOx control parameters including excess 
air coefficient (λ), space velocity (SV), and upstream NOx mass flow rate 
(ṁNOx up) (calculated per Eqs. (3)–(5)): 

λ=
ṁair

ṁfuel × 14.3
(3) 

SV =
ṁexh × R × Tcat

P × VSCR × Mexh
(4) 

ṁNOx up =
cNOx up × 10-6 × ṁexh ×

1000
3600 × MNOx

22.4 × 10-3 × ρ × 103

= 4.412 × 10-7 × cNOx up × ṁexh (5) 

Where, ṁair denotes the intake mass flow rate (kg/h), ṁfuel denotes the 
fuel flow rate (kg/h), ṁexh denotes the exhaust flow rate (kg/h). R is the 
universal gas constant (8.314 J/mol⋅K), Tcat denotes the SCR catalyst 
temperature (K), P denotes the exhaust pressure (Pa). VSCR denotes the 
geometry volume of the SCR system (m3), which is a manufacturer- 
specified parameter and obtained from the vehicle's technical docu
mentation. Mexh denotes the exhaust molar mass (g/mol), cNOx up de
notes the SCR upstream NOx concentration (ppm). To ensure 
consistency with emission regulatory requirements, the NO2-equivalent 
molar mass of NOx (MNOx = 46 g/mol) was adopted in all calculations, 
and the exhaust gas density ρ was approximated by the standard air 
density (1.293 kg/m3).

Time-series analysis was necessary due to the nonlinear dynamics of 
the SCR system, particularly the time-delayed responses in NH3 storage. 
Through Spearman's rank correlation analysis, a set of 13 core input 
parameters were identified for the prediction model, including vehicle 
speed, net engine torque, friction torque, engine speed, fuel flow rate, air 
flow rate, SCR system inlet temperature, SCR system outlet temperature, 
engine coolant temperature, SCR upstream NOx sensor readings, λ, SV 
and ṁNOx up. Fig. 7 provides a quantitative rationale for feature selec
tion, showing strong positive correlations between UWS injection rate 
and parameters directly related to engine load and NOx production (net 
engine torque, engine speed, fuel flow rate, air flow rate, SCR upstream 
NOx sensor readings, λ, SV and ṁNOx up). This analysis solidified the 
choice of input parameters for the prediction model, ensuring it focuses 
on the most influential variables. Parameters showing weak association, 
such as barometric pressure (ρs < 0.05), were excluded.

Although the dynamic NH3 storage level within the SCR system 
cannot be directly measured by any sensor (Childress and Chen, 2018), 
its trend can be inferred indirectly by analyzing the supply and 

Fig. 5. Workflow of the MAW method for compliance assessment.

Fig. 6. SCR inlet temperature versus UWS injection rate for Vehicles A and B.
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consumption of NH3 over a specific period. An increase in the upstream 
NOx mass flow rate promotes higher NH3 consumption, leading to 
decreased NH3 storage levels. To replenish the consumed NH3, the UWS 
injection rate is adjusted accordingly. Therefore, to predict the UWS 
injection rate, a Long Short-Term Memory (LSTM) regression algorithm 
was selected. The key advantage of using an LSTM for this task is its 
ability to implicitly learn and represent dynamic system states, such as 
the NH3 storage level, without requiring an explicit assumption about 
the initial storage. The LSTM's memory cells retain information from 
previous time steps, capturing temporal dependencies inherent in the 
SCR system. The model learns the complex, non-linear dynamics, 
including the effects of NH3 slip, directly from the time-series data of 
input parameters and the target UWS injection rate. Consequently, an 
explicit assumption about the initial NH3 storage state is not required; 
the model's internal state is initialized and updated based on the 
sequence of preceding data points, effectively capturing the sup
ply–consumption–storage–slip balance over time. The LSTM model was 
constructed with two hidden layers. To preserve data sequence conti
nuity, 80% of the experimental data was used for training, and the 
remaining 20% was reserved for testing. The model was optimized by 
minimizing the Mean Squared Error (MSE) on the validation set, tuning 
the memory window length and the number of nodes in the hidden 
layers. The final optimized LSTM model utilized a memory window of 
60 s and hidden layers with 40 and 60 nodes, respectively.

The model's performance on the test set demonstrated close agree
ment between predicted and measured injection rates, with minor local 
discrepancies attributable to limitations in the telematics data acquisi
tion system, as shown in Fig. 8. On the held-out test set, the LSTM model 
achieved a Root Mean Square Error (RMSE) of 0.0867 and a Mean Ab
solute Error (MAE) of 0.0518 for the normalized instantaneous UWS 
injection rate prediction for Vehicle A, and correspondingly 0.1099 and 
0.0588 for Vehicle B. The slightly higher RMSE for Vehicle B reflects the 
more challenging transient dosing patterns observed in that vehicle, but 
it remains well within acceptable limits. Crucially, the prediction of 

cumulative UWS mass, particularly valuable for NH3 slip identification 
compared to instantaneous rate monitoring, maintained an error within 
±10% (Vehicle A: 5.0%; Vehicle B: 8.7%), as shown in Fig. 9. These 
results validate the LSTM model as an effective “virtual sensor” for UWS 
dosing. Fig. 8 shows good tracking of transient injection patterns, while 
Fig. 9 demonstrates that any instantaneous errors do not accumulate 
seriously, resulting in highly accurate cumulative mass prediction. This 
cumulative accuracy is paramount for reliably calculating the NH3 
Excess Index in the next step.

2.3.2. Determination of the NH3 excess index
Following the acquisition of NH3 supply data, confirming whether 

excess NH3 supply has occurred is essential. To quantify the degree of 
NH3 surplus, this study proposes the NH3 Excess Index (EINH3). The 
calculation procedure is described below.

NH3 is derived from urea (NH2CONH2) in the UWS via thermal 
decomposition. Standard UWS has a urea concentration of 32.5% (Hu 
et al., 2011). Assuming complete conversion of urea to NH3, the mass 
ratio of UWS to released NH3 can be determined from their molar 
masses: 

mUWS

mNH3

=
60/0.325

17 × 2
≈ 5.43 (6) 

Where mUWS is the mass of the UWS (g) and mNH3 is the mass of NH3 
released (g)

Based on the stoichiometric reaction between NH3 and NOx and their 
molar masses, the mass ratio of NH3 to NOx is: 

mNH3

mNOx

=
17
46

≈ 0.37 (7) 

Where mNOx is the mass of NOx (g).
Consequently, the theoretical mass ratio of UWS to NOx is: 

Fig. 7. Spearman correlation analysis between input parameters and UWS injection rate.
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mUWS

mNOx

=5.43 × 0.37 ≈ 2.01 (8) 

The EINH3 is then defined as: 

EINH3 =
mUWS-mNOx up × 2.01

5.43 × VSCR
(9) 

Where mNOx up is the mass of upstream NOx (g) and VSCR is the volume of 
the SCR system (L). The denominator (5.43× VSCR) serves to normalize 
the excess NH3 mass by the SCR volume, yielding a quantity with units of 
g/L that reflects the degree of NH3 surplus per unit catalyst volume. A 
value of EINH3 > 0 indicates that the cumulative NH3 supply has 
exceeded the stoichiometric demand for reducing the SCR upstream 

Fig. 8. Time-series comparison of predicted vs. measured UWS injection rate (The first 10,000 s).

Fig. 9. Cumulative UWS mass prediction accuracy over the entire test.
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NOx mass, implying a potential for NH3 slip.

2.3.3. Identification of NH3 slip
The NH3 slip diagnostic protocol was developed through systematic 

integration of EINH3 with the observed SCR conversion efficiency, as 
illustrated in the decision flowchart in Fig. 10. The logic encapsulated in 
Fig. 10 is central to the identification algorithm. It moves beyond simple 
thresholding on a single parameter. Instead, it interprets the concurrent 
state of two indicators: the supply-demand balance (EINH3) and the 
system's effectiveness (observed SCR efficiency). A slip is flagged only 
when excess EINH3 is supplied (EINH3 > 0) and the system efficiency 
drops (e.g., <98%), indicating that the excess EINH3 is not being utilized 
for NOx reduction and is therefore slipping. This dual-condition check 
significantly improves discrimination against false positives. When the 
SCR system operates within its optimal temperature window (220- 
500 ◦C) (Yan et al., 2019; Feng and Lu, 2015; Zhao et al., 2011), two 
distinct behavioral modes are identified. 

(1) NOx-dominated exhaust regime (indicating low NH3 storage ca
pacity on the catalyst)

For EINH3 > 0, a progressive increase in NH3 surface coverage en
hances the actual SCR conversion efficiency. For EINH3 < 0, declining 
NH3 coverage reduces catalytic activity and the actual SCR conversion 
efficiency. 

(2) NH3-dominated exhaust regime (indicating approaching or satu
rated NH3 storage)

For EINH3 > 0, excessive NH3 supply leads to slip events and reduced 
observed SCR conversion efficiency. For EINH3 < 0, controlled NH3 in
jection mitigates slip risk while helping to restore conversion efficiency.

To address potential inaccuracies in the predicted UWS injection rate 
and accommodate the SCR system's inherent response delays, the diag
nostic implementation employs a 10-s observation window. This 

duration provides sufficient stability for capturing system dynamics and 
NH3 storage variations while maintaining responsiveness to transient 
conditions. Furthermore, the protocol requires two consecutive positive 
detections within these observation windows to confirm a slip event, 
significantly enhancing robustness against false positives. A slip condi
tion is automatically reset when EINH3 falls below 0 concurrently with 
the observed SCR efficiency exceeding 98%, creating a dual-threshold 
approach that effectively balances detection sensitivity with opera
tional reliability across diverse driving conditions.

2.3.4. Correction of NOx sensor measurements during NH3 slip
The upstream NOx sensor, unaffected by NH3 slip, generally delivers 

highly accurate measurements and can serve as a reliable reference. The 
downstream NOx sensor also provides reliable readings under NH3-free 
conditions. However, during NH3 slip events, the sensor error is domi
nated by cross-sensitivity effects, rendering its direct NOx measurements 
unreliable. NH3 slip typically occurs when the NH3 supply exceeds the 
saturated NH3 storage capacity of the catalyst (Hu et al., 2011). Fig. 11
illustrates the relationship between NH3 concentration and SCR system 
temperature. Given that the measurement precision of the NH3 analyzer 
is 8 ppm, 20 ppm was preliminarily established as the threshold for 
significant NH3 slip. It is evident that significant NH3 slip (>20 ppm) 
occurs almost exclusively at SCR system temperatures above 220 ◦C, 
where the exhaust composition shifts to an NH3-dominated state, with 
only trace levels of residual NOx present. This establishes a crucial 
empirical boundary for applying the correction. Therefore, the correc
tion is only applied when two conditions are met: 1) a slip event is 
identified via Fig. 10 logic, and 2) the SCR temperature is above 220 ◦C. 
This prevents unnecessary correction during low-temperature 
operation.

PEMS measurements under these specific conditions reveal that 
tailpipe NOx concentrations approach instrumental detection limits, 
while the calculated SCR conversion efficiency consistently surpasses 
99%, as shown in Fig. 12. The box plot provides the empirical justifi
cation for the fixed 99% efficiency assumption. During significant slip, 

Fig. 10. Decision flowchart integrating EINH3 and SCR efficiency.
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the actual SCR efficiency measured by PEMS is overwhelmingly high 
(>99%). This key observation allows for a drastic simplification: instead 
of trying to model the complex cross-sensitivity or estimate the precise 
slip concentration, we assume that when NH3 is slipping, the catalyst is 
still highly effective, and the true tailpipe NOx is merely 1% of the 
engine-out NOx. This simplification is the cornerstone of the method's 
practicality for fleet-wide telematics processing. Given that upstream 
NOx concentrations in these scenarios typically remain below 2000 
ppm, the theoretical downstream NOx concentration at 99% conversion 
efficiency would be below 20 ppm, a range comparable to the precision 
limits of commercial NOx sensors. This mechanistic understanding un
derpins our proposed correction method, which is under confirmed NH3 
slip conditions, a fixed 99% conversion efficiency is applied to estimate 
the actual downstream NOx concentration, as calculated by Eq. (10). 
This approach provides a physically plausible and conservative estimate 
of NOx emissions when the direct sensor reading is compromised by 
significant NH3 interference. 

cNOx down cor = cNOx up × (1-0.99) (10) 

Where cNOx down cor denotes the corrected SCR downstream NOx con
centration (ppm).

3. Results

3.1. NH3 slip identification

A binary classification framework based on a confusion matrix was 
constructed to evaluate the performance of the NH3 slip detection 
methodology, as shown in Table 4. Using 10-s evaluation windows, 
comparisons between model predictions and measured results were 
classified into four categories: True Positives (TP) represents correctly 
identified NH3 slip events. False Positives (FP) indicates false alarms. 
False Negatives (FN) corresponds to undetected NH3 slip events. True 
Negatives (TN) denotes correctly identified non-slip periods. The regu
latory implications of classification errors warrant careful consideration. 
Missed events (FN) lead to an overestimation of NOx emissions, poten
tially misclassifying compliant vehicles as non-compliant, thereby 
affecting the fairness of remote monitoring programs. FP, i.e., unnec
essary corrections, may slightly underestimate true NOx emissions, 
potentially masking actual exceedances. From a regulatory perspective, 
FPs are a less critical issue than FNs because they introduce only a minor 
leniency bias. To determine the occurrence of NH3 slip based on 
experimental results, a threshold of 20 ppm was preliminarily estab
lished as the criterion for significant NH3 slip.

Model performance was quantitatively assessed using three key 
metrics: Precision, Recall, and Accuracy, calculated via Eqs. (11)–(13). 
These metrics respectively evaluate the reliability of positive predictions 
(Precision), the completeness of actual slip event detection (Recall), and 
the overall classification correctness (Accuracy). 

Precision=
TP

TP + FP
(11) 

Recall=
TP

TP + FN
(12) 

Accuracy=
TP + TN

TP + FP + FN + TN
(13) 

Analysis across four independent RDE tests demonstrates robust 
performance of the method, with Recall values ranging from 77% to 
97%, as shown in Fig. 13(a). This confirms that the method successfully 
identifies the vast majority of actual NH3 slip events. In all tests, Pre
cision exceeded 75%, indicating that most positive predictions corre
spond to genuine slip events. Overall accuracy remained above 93% 
under all conditions, verifying the robustness of the method under real- 
world driving scenarios. The performance metrics presented in Fig. 13
(a) demonstrate the effectiveness of the identification algorithm. The 
high Recall (77-97%) is particularly important for a compliance- 
oriented tool, as it minimizes the risk of missing actual slip events that 
cause measurement bias. The variable Recall between tests may reflect 
different slip characteristics or more challenging transient conditions. 
Precision above 75% indicates an acceptable false alarm rate, and the 
consistently high accuracy (>93%) confirms the method's overall reli
ability for distinguishing slip from non-slip conditions. Furthermore, the 
sensitivity of the NH3 slip identification algorithm to the NH3 slip 

Fig. 11. Relationship between NH3 slip concentration and SCR system 
temperature.

Fig. 12. Distribution of actual SCR efficiency during NH3 slip periods 
(>20 ppm).

Table 4 
Confusion matrix for binary classification.

Measured result Predicted result

NH3 slip No NH3 slip

NH3 slip TP FN
No NH3 slip FP TN
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threshold was analyzed by varying this threshold. When the threshold 
was reduced to 10 ppm, the measured instances of NH3 slip increased. 
However, the algorithm failed to identify all of them, resulting in a slight 
decrease in Recall (an average reduction of 3.6% across four tests). 
Concurrently, the Precision of the algorithm improved (an average in
crease of 5.1% across four tests), indicating a reduced risk of misclas
sification. Overall, the accuracy of the NH3 slip identification algorithm 
remained largely unchanged, with a maximum variation of 1%. This 
demonstrates that the algorithm is insensitive to changes in the NH3 slip 
threshold, exhibiting high robustness.

Given that the measurement of UWS-related signals in remote 
monitoring data may involve a certain degree of uncertainty, random 
errors within ±5% and ±10% were artificially introduced into the input 
parameters of the LSTM model to simulate this measurement uncer
tainty. The impact of these errors on the prediction of UWS cumulative 
mass and the performance of NH3 slip detection was then examined. 
Taking test A1 as an example, the changes in UWS cumulative mass 
prediction error and NH3 slip detection performance after introducing 
random errors are presented in Table 5. After introducing random errors 
of ±5%, the UWS cumulative mass prediction error increased slightly 
(from − 5.0% to − 6.1%). However, when the random error was further 
increased to ±10%, the prediction error decreased slightly (from − 5.0% 
to − 4.8%). This indicates that the UWS cumulative mass prediction 
error is highly robust to random errors in the LSTM model input pa
rameters. Regarding NH3 slip detection performance, the introduction of 
random errors led to a decrease in Recall, Precision, and Accuracy. At a 
random error level of ±5%, the Recall, Precision, and Accuracy 
decreased by 2.7%, 4.5%, and 2.4%, respectively, all within 5%. At a 
random error level of ±10%, the Recall, Precision, and Accuracy 
decreased by 6.3%, 9%, and 4.6%, respectively, all below 10%. Overall, 
the Recall, Precision, and Accuracy of NH3 slip identification also 
demonstrate high robustness to UWS prediction uncertainty. This 

robustness can be attributed to two factors: (1) the cumulative calcu
lation of EINH3 smooths out instantaneous prediction errors, and (2) the 
dual-condition detection logic (EINH3 > 0 and a decrease in SCR effi
ciency) buffers a certain degree of inaccuracy.”

3.2. NOx sensor measurement correction results

The effectiveness of the proposed NOx correction method during 
NH3 slip events was evaluated through a comparative analysis against 
PEMS benchmark data. Fig. 14 presents the telematically monitored raw 
NOx emissions, the corrected NOx values obtained by applying the 
proposed method, and the corresponding PEMS-measured reference 
NOx values across different driving cycles. These plots provide direct 
visual evidence of the correction's impact. The raw NOx sensor signals 
show characteristic spikes during motorway driving that are completely 
absent in the PEMS reference. These spikes are unequivocally identified 
as NH3 cross-sensitivity artifacts. The corrected signals closely track the 
PEMS baseline, effectively eliminating the spurious spikes caused by 
NH3 interference. The magnitude of the residual error after post- 
correction decreased significantly. Due to variations in vehicle speed 
and acceleration, the four cycles exhibit distinct NOx emission charac
teristics. Taking the A1 test cycle as an example, a pronounced deviation 
between the raw emissions and the PEMS reference was observed be
tween approximately 8000 and 9000 s and after 10,000 s, resulting in a 
RMSE of 52 ppm for NOx concentration data where the SCR temperature 
exceeded 220 ◦C. After applying the correction method, the RMSE be
tween the corrected values and the PEMS reference was reduced to 26 
ppm. Similarly, following correction, the RMSE for the A2 cycle 
decreased from 50 ppm to 35 ppm, for the B1 cycle from 133 ppm to 55 
ppm, and for the B2 cycle from 66 ppm to 39 ppm. The B1 case exhibits 
the largest initial RMSE and the greatest absolute improvement, high
lighting the method's value in scenarios with severe interference. This 
consistent performance across diverse cycles confirms the algorithm's 
robustness in real-world conditions.

3.3. NOx emission compliance assessment results

The ultimate test of the framework's utility is its impact on the reg
ulatory compliance metric, SENOx_P90. To assess the generalizability of 
the proposed method, this study conducted RDE tests on China VI 
HDDVs with multiple categories, including two category N2 vehicles 
(Vehicles C and D), two category N3 vehicles (Vehicles E and F), and a 

Fig. 13. Performance metrics distribution across test cycles.

Table 5 
Effects of random errors in input data on UWS prediction and NH3 slip detection 
performance for test A1.

Items Values

Random error level 0 (Raw data) ±5% ±10 %
UWS cumulative mass prediction error − 5.0% − 6.1% − 4.8%
Recall for NH3 slip identification 76% 73.3% 69.7%
Precision for NH3 slip identification 88.8% 84.3% 79.8%
Accuracy for NH3 slip identification 95.8% 93.4% 91.2%
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category M3 vehicle (Vehicle G). Each vehicle underwent two test trials, 
and NOx emissions before and after correction were compared. Fig. 15
presents the most consequential result for regulatory application. By 

comparing the raw data, corrected data, and PEMS measurement data, it 
can be observed that, after applying the correction algorithm, all tested 
vehicle configurations exhibited a systematic reduction in their 

Fig. 14. Time-series comparison of raw, corrected, and PEMS-measured NOx concentrations for the RDE tests.

Fig. 15. Comparison of SENOx_P90 values before and after correction for all test runs.
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calculated SENOx_P90. The absolute error distribution between the cor
rected data and the PEMS benchmarks was calculated. The mean abso
lute error decreased from 0.50 g/kWh to 0.03 g/kWh, representing a 
94% reduction. Notably, five test runs (B1, B2, C1, C2, G1) would have 
been falsely flagged as non-compliant based on raw sensor data. After 
applying the corrected method, all their SENOx_P90 values fall below the 
0.69 g/kWh limit. Taking Vehicle B as an illustrative case (tests B1 and 
B2), the correction method effectively suppresses spurious NOx signals 
in the raw data caused by severe NH3 slip during the highway phase 
(Fig. 14(c) and d). This directly reduces false non-compliance rates, 
preventing unjustified penalties and improving the fairness of remote 
monitoring programs. To assess the impact of the assumed SCR effi
ciency on the corrected SENOx_P90, a sensitivity analysis was conducted. 
Correction coefficients corresponding to efficiencies of 90%, 95%, 99% 
(baseline), and 100% were applied to the identified slip events. To assess 
the impact of the assumed SCR efficiency on the corrected SENOx_P90, a 
sensitivity analysis was conducted. Correction coefficients correspond
ing to efficiencies of 90%, 95%, 99% (baseline), and 100% were applied 
to the identified slip events. The results show that the corrected 
SENOx_P90 value decreases as the assumed SCR efficiency increases. 
Critically, the variation between the values obtained with 95%, 99%, 
and 100% efficiency is minimal (less than 0.06 g/kWh). This indicates 
that the final compliance assessment is not highly sensitive to the exact 
efficiency value within this plausible range around 99%. Even under the 
most conservative assumption of 90% efficiency, the corrected value 
deviates from the PEMS benchmark by only 0.27 g/kWh, which is still 
far below the regulatory limit of 0.69 g/kWh.

Catalyst aging typically reduces NH3 storage capacity and NOx 
conversion efficiency. NH3 slip may occur on aged catalysts at lower 
efficiency values. For severely aged catalysts, the actual SCR efficiency 
during slip events could potentially fall below 90%. Future work should 
incorporate catalyst aging models to dynamically adjust the baseline 
efficiency based on vehicle mileage or estimated SCR performance 
degradation.

Fig. 16 further evaluates the consistency between vehicle-level 
SENOx_P90 values before and after NH3-slip correction, and the actual 
values measured by PEMS. Aggregating results from seven vehicles over 
14 RDE trips shows that the uncorrected values exhibit a pronounced 
systematic bias and substantial dispersion (fitted relationship: y =
0.58075x+0.77448), indicating that NH3 slip can induce significant 
measurement artifacts with no consistent or stable trend across vehicles 

and trips. Moreover, the corrected data cluster tightly around the 1:1 
relationship, the regression slope is 0.96497, approaching the ideal 
value of 1, and the intercept is 0.03657 g/kWh, approaching 0. These 
results indicate that the proposed correction effectively removes the 
systematic NH3-induced artifact and restores the baseline accuracy 
required for OBM-based remote monitoring to serve as a trustworthy 
regulatory instrument.

4. Discussion

To facilitate integration with existing regulatory telematics moni
toring systems, the proposed framework can be implemented through 
the following workflow. 

(1) Data Acquisition. Standardized OBD data streams are continu
ously acquired via existing telematics systems. Data are trans
mitted at fixed intervals to a central cloud platform.

(2) Cloud-Based Preprocessing. Upon data arrival, the system per
forms time synchronization and quality checks. Missing or invalid 
values are addressed through interpolation or flagged for exclu
sion. For each vehicle, a pre-trained LSTM model (or a light
weight surrogate model) estimates the UWS injection rate based 
on input features. To mitigate computational burden, LSTM 
inference can be performed in batch mode (e.g., weekly) rather 
than in real-time.

(3) Algorithm Execution. For each vehicle and each time window (e. 
g., the 10-s observation window used in this study), EINH3 is 
calculated based on cumulative UWS and upstream NOx mass. 
The dual-condition slip identification logic (Fig. 10) is applied to 
detect NH3 slip events. During confirmed slip periods, the 
downstream NOx sensor readings are corrected using a fixed 99% 
efficiency assumption (Eq. (10)).

(4) Periodic Model Updates. As new data become available, the LSTM 
model can be periodically retrained to adapt to fleet evolution 
and improve accuracy. Alternatively, a global model trained on a 
diverse dataset could be deployed across all vehicles, eliminating 
the need for vehicle-specific training.

The computational demands of the framework are modest and well- 
suited for large-scale deployment. The LSTM model inference is highly 
efficient: in our prototype implementation using Python with Tensor
Flow Lite on a standard server-grade CPU (AMD EPYC 7H12), processing 
100,000 s of data (approximately 27.8 h of driving) takes 6.8 s. The 
sliding-window calculations for EINH3 and slip detection add negligible 
overhead. For a fleet of one million vehicles, processing one day's data 
(assuming 4 h of operation per vehicle) would require approximately 
272 CPU-core hours, which is well within the capacity of modern cloud 
computing platforms (e.g., 100 parallel cores could complete the task in 
~2.7 h). The framework is therefore highly scalable and cost-effective 
for national or regional regulatory implementation.

While the framework has been validated on vehicles with similar 
aftertreatment architectures, its core principles, the mass-balance- 
derived EINH3 and the dual-condition slip identification logic, are 
grounded in universal physical and chemical relationships, ensuring 
platform-agnostic applicability and satisfactory accuracy across diverse 
vehicle types. Nevertheless, for applications demanding even higher 
precision on specific vehicle platforms, the algorithm can be further 
tailored in two respects: first, the empirical thresholds (e.g., EINH3 
>0 and efficiency <98%) can be recalibrated to account for variations in 
catalyst formulation or aging state. second, the LSTM model for UWS 
prediction can be retrained on vehicle-specific data or replaced with a 
more generalizable surrogate model to better capture unique dosing 
characteristics. Future work should broaden validation across additional 
vehicle classes, engine ages, and climatic conditions, and assess inte
gration of the correction layer into standardized regulatory telematics 
data-processing pipelines to facilitate widespread adoption and maxiFig. 16. Distribution of absolute SENOx_P90 errors before and after correction.
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mize environmental benefits.

5. Conclusions

This study has developed and validated a novel telematics- 
integrated, dual-algorithm framework to mitigate NH3-induced cross- 
sensitivity in NOx sensor measurements from heavy-duty diesel vehi
cles. The framework comprises an NH3 slip identification module based 
on moving-window analysis of EINH3 and SCR efficiency, and a correc
tion module that applies a fixed 99% SCR conversion efficiency to 
confirmed slip events. The main conclusions are summarized as follows:

Under motorway high-speed operation, NH3 slip deteriorates mark
edly due to the increased space velocity and elevated exhaust temper
ature. Across real-driving emission tests, the identification algorithm 
achieved high recall (77-97%) and accuracy (>93%), enabling reliable 
localization of periods in which NOx sensor signals are compromised 
and providing a prerequisite for selective correction. After correction, 
the characteristic positive bias caused by NH3 slip was effectively 
reduced. For the key compliance metric SENOx_P90, the mean absolute 
error reduced by 94%, from 0.50 g/kWh to 0.03 g/kWh. Moreover, the 
distribution of errors narrowed substantially, indicating greatly 
improved measurement precision. In multi-vehicle evaluation, the 
framework can effectively correct false exceedances above the legal 
limit attributable to uncorrected sensor bias, reducing the risk of un
justified non-compliance determinations and improving the credibility 
of remote monitoring programs. The proposed approach is well suited 
for large-scale deployment because it requires no hardware modifica
tions, relies only on data streams typically available via onboard tele
matics, and uses computationally lightweight algorithms compatible 
with retrospective, fleet-wide processing. Overall, the framework 
bridges the gap between laboratory certification and real-world emis
sions surveillance by providing a physically motivated, operationally 
feasible tool to restore NOx measurement fidelity, thereby supporting 
more reliable compliance verification and more accurate emissions 
assessment for data-driven air-quality management.
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