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Abstract: Diesel engines are widely used for their good power performance and economic
performance, and the emission control technology of diesel engines has developed rapidly
in recent years, not only for the health problems of everyone, but also for the sustainable
development of a country. Amongst other things, NOX and particulate in-engine cleaning
of diesel engines are a mutually constraining relationship and cannot well reduce the
emissions of both at the same time. Therefore, this paper explores the reduction of diesel
particulate emissions based on artificial intelligence research on oxidation catalytic
converters. In order to reduce particulate emissions, three post-treatment methods are
chosen in this paper: particulate trap (DPF), oxidation catalyst (DOC) and particulate
oxidation catalyst (POC). The three technologies are used to analyse the factors influencing
PM emissions, reduce diesel particulate emissions and achieve the goal of diesel exhaust
gas compliance.

1. Introduction

Diesel engines are widely used for their good power and economic performance. Diesel exhaust
emissions are one of the major sources of environmental pollutants and strict emission regulations
are being implemented worldwide to improve and protect the environment [1-2]. As emissions
regulations become more stringent, diesel engines need to use a variety of aftertreatment devices to
enable their exhaust emissions to meet regulatory requirements, including selective catalytic
reduction systems, diesel particulate traps, diesel oxidation catalytic converters, etc. [3-4]. Among
them, diesel particulate traps, as the most direct and effective means to reduce carbon soot
emissions, will become an important component of the future diesel engine aftertreatment system

[7]1.
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With the development of artificial intelligence technology, more and more researchers have
conducted in-depth research on diesel particulate emissions. For example, experts such as Sergey
Samokhin have studied the effect of EGR on engine emissions. EGR reduces CO emissions by
decreasing the dissociation rate of carbon dioxide, and hot EGR can increase the intake air
temperature to reduce NOX emissions, but it also affects the engine power [8]. John Shutty et al.
studied the emission spectra during gas discharge through spectral diagnosis To investigate the
mechanism of different discharge parameters and gas components on the uniform discharge of
dielectric barrier, a new type of dielectric barrier discharge generator with large air gap coaxial
cylindrical structure was designed and effectively matched with the driving power supply [9].
Through the study, it was found that using artificial intelligence to reduce diesel particulate
emissions is a good research direction.

In the context of energy saving and emission reduction, this paper conducts an in-depth study on
diesel engine particulate emissions based on artificial intelligence. The first part is a basic overview
of the physical model of the diesel engine and the particulate trap trap, which introduces the
knowledge about diesel engines. The third part is the analysis of the impact of the reformer,
including the analysis of the impact of POC on PM emissions and the analysis of the impact of NO
conversion.

2. Basic Overview
2.1. Physical Model of Diesel Engine

The internal structure of a diesel engine is complex and requires various systems to work
together during operation.

(1) Engine module: the engine starts its operation in the relevant mode by entering the engine
speed and calculating the engine torque [10].

(2) Air intake system: The air intake system consists of the compressor inlet, the upstream air
duct and contains a simple model of the airbox. At the inlet and outlet of the airbox, conical orifice
connections are used to simulate a smooth transition [11].

(3) Exhaust system: The exhaust manifold uses a heat transfer object to calculate the wall
temperature. The orifice connecting the exhaust port to the flow pipe does not allow heat transfer
between the walls of adjacent components [12].

2.2. Particle Trap Capture

The working process of the DPE is as follows: firstly, the particles in the exhaust gas are trapped
by the filter wall of the clean particle trap under low temperature conditions, when the filter wall is
saturated, the particles are deposited on top of the wall to form a filter cake layer, then under a
certain condition, the passive regeneration rate is accelerated and the deposited particles are
oxidised by NO2, after several iterations, the unburned part of the particles is covered on the wall or
above the coating to form an ash layer, when the particles are trapped again When trapped again,
the vast majority of particles form a cake layer, and then the particle trap regenerates the cake
[13-14]. Differences in the capture process of a particulate trap can also affect the regeneration
process [15]. Particle trap capture is generally divided into two categories: without catalytic coating
and with catalytic coating [16]. Particle traps without a catalytic coating are divided into two stages:
the particles enter the filter wall and are trapped, called deep bed trapping; after the filter wall is
saturated, the particles are deposited on the channel surface, called filter cake trapping [17-18].
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3. Factors Influencing Particulate Emissions
3.1. Particle Size Distribution

The particle size distribution of particle number concentration can be obtained from the
relationship between the number of particles in the test results and the change in particle size.
Similarly, the particle size distribution of the mass concentration of particles can be obtained by
using the formulae shown in equations (1) and (2).

R =exp [(Zai In Rpi)/ K] (1)
R, =exp [(Zbi In Rpi)/ L] (2)

In this case, ai is the particle number concentration at the ith particle size interval, bi is the
particle mass concentration at the ith particle size interval, Rpi is the characteristic particle size at
the ith particle size interval, K is the total particle number concentration, L is the total particle mass
concentration, the geometric mean particle size at the particle number concentration is R1 and the
geometric mean particle size at the particle mass concentration is R2. For analytical purposes, the
particles are divided into several different modes according to their size The particles are divided
into several different modes. Particles with a particle size of 5nm-50nm are called nucleated;
particles with a particle size of 50nm-1000nm are called aggregated; particles with a particle size of
less than 100nm are called ultrafine.

3.2. Effect of Common Operating Conditions on Pollutant Conversion Rates

Based on the common operating conditions of non-road diesel engines, the conversion rates of
CO, HC and NO under common operating conditions were investigated at an exhaust oxygen
concentration of 15%. The four common operating conditions for off-road diesel engines were as
follows: Condition 1: engine 1500r/min, 50% load; Condition 2: engine 1500r/min, 75% load;
Condition 3: engine 1800r/min, 50% load; Condition 4: engine 1800r/min, 75% load. The
temperature at the DOC inlet for these five operating conditions was obtained from the established
engine model and fluid simulation calculations for the emission after-treatment unit. The results are
shown in Table 1.

Table 1. Conversion rate of each pollutant at 15% exhaust oxygen concentration

Condition Inlet temperature CO conversion HC conversion NO conversion
('C) rate (%) rate (%) rate (%)
Condition 1 284 98.49 88.39 4252
Condition 2 377 98.44 89.87 26.53
Condition 3 329 97.25 81.31 31.21
Condition 4 402 97.27 83.65 23.14

As can be seen from Table 1, under the common operating conditions, the CO conversion rate
and HC conversion rate are good, while the NO conversion rate is slightly lower in working
condition 1l and working condition IV. The NO conversion rate can be improved by increasing the
oxygen concentration of the exhaust gas of Case 2 and Case 4 through secondary make-up gas.
When the exhaust oxygen concentration is 20%, the CO, HC and NO conversion rate of working
condition two and working condition four are shown in Table 2. The results show that when the
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exhaust oxygen concentration rises, the NO conversion rate increases significantly, so the NO
conversion rate can be improved through the secondary gas supply.

Table 2. The conversion rate of each pollutant when the exhaust oxygen concentration is 20%

Condition Inlet temperature CO conversion HC conversion NO conversion
() rate (%) rate (%) rate (%)

Condition 2 377 98.45 90.07 30.58

Condition 4 402 97.31 84.24 27.11

3.3. Effect of Initial Soot Density in the DPF on Regenerative Energy Use

Let the initial soot density in the DPF be 4.5g/L, 5.5g/L, 6.5g/L, 7.5g/L, 8.5g/L, 9.5g/L and
10.59/L respectively, adjust the injection rate in different cases so that the particle residue in the
DPF is just less than 0.1g, calculate the total injection volume throughout the process and obtain the
fuel required per unit of particle oxidation, resulting in The results are shown in Figure 1.
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Figure 1. Variation in the amount of oil injected to oxidise a unit mass of particulates with the
initial soot density within the DPF

As can be seen from Figure 1, although the amount of particulate inside the DPF increases, the
amount of fuel injected per unit of particulate oxidation decreases in a hyperbolic pattern,
particularly from 4.5 g/L to 7.5 g¢/L, with the amount of fuel required per unit of particulate
oxidation decreasing by 2.1 g/L. The reason for this decrease is that the increase in initial soot
density allows more particulate to oxidise and exothermise, requiring less external assistance. The
amount of fuel injected per unit of particulate oxidation is also reduced. It can be seen that
regeneration at higher carbon soot densities increases the efficiency of regeneration energy
utilisation.
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4. Transformer Impact Analysis
4.1. Analysis of the Effect of POC on PM Emissions

The results of the before and after particulate (PM) emission comparison of the POC
post-processor under the steady state cycle nine operating conditions are shown in Figure 2. It can
be seen from Figure 2 that before the POC was installed, PM emissions from this diesel engine
gradually increased with increasing load. At low speed and low load, the PM emission in the
exhaust gas is low, 0.003g/kw-h at A25 operating condition, and 0.011g/kw-h when the load
increases to A100 operating condition; at medium speed and low load, the PM emission in the
exhaust gas is 0.003g/kw-h at B25 operating condition, and as the load increases, the PM ratio
emission increases to 0.013g/kw-h at B100 operating condition. At high rpm, PM emissions are
higher than at medium and low rpm, and PM emissions basically increase with load, from
0.007g/kw-h at C25 to 0.017g/kw-h at C100. After the engine is retrofitted with a POC
after-processor, PM emissions are significantly reduced at low, medium and high rpm, while at the
same time, PM emissions increase with load. The PM ratio emissions are significantly reduced as
the load increases. In particular, at medium and high loads, the inlet temperature of the POC
catalyst increases with increasing load. Under the higher inlet temperature, PM can be catalytically
oxidised to CO by the catalyst, and the increase in temperature also enables the DOC catalyst in
front to produce more oxygen and thus NO with stronger catalytic oxidation performance, ensuring
that the POC catalyst can be regenerated continuously and passively, resulting in a reduction in PM
in the exhaust of the POC catalyst. This ensures that the POC catalytic converter can be regenerated
continuously and passively, resulting in a lower PM value in the POC catalyst exhaust.
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Figure 2. Comparison of particulate emissions before and after POC
4.2. Analysis of NO Conversion Influencing Factors

From Figure 3, it can be found that the higher the exhaust flow rate, the smaller the NO
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conversion efficiency (i.e. NO2 concentration increase efficiency) and the narrower the temperature
window for high conversion efficiency. This is because the higher the exhaust flow rate, the higher
the air velocity, the shorter the residence time of the exhaust in the channel, and the NO conversion
efficiency decreases, but the volume of gas handled increases. Therefore, in practical reactor design
and matching, it is critical to select the right air velocity to achieve the goal of high NO conversion
and small volume, and the right reactor volume and catalytic coating thickness for a given
displacement engine. In addition, the exhaust gas flow rate has a strong influence on the NO
conversion efficiency in the intermediate temperature region, less in the low temperature region and
almost no influence in the high temperature region, due to the low reaction activity at low
temperatures, the higher reaction activity at intermediate temperatures and the thermodynamic
limitations received at high temperatures. The air velocity strongly influences the efficiency of NO
oxidation, and obtaining high efficiencies at low temperatures requires relatively low air velocities,
which is particularly important for the correct sizing of the oxidation catalyst. The size of the
oxidation catalyst should be carefully and economically selected for each application, based on the
expected flow rate and conversion efficiency requirements.

70
60
50
40

30

NN OX (%)

20

10

200 230 300 330 400 450 500
TEMPERATURE

0.067kg's 0.133kz/s 0.198kg/s
Figure 3. Effect of exhaust flow rate on NO conversion performance on DOC

The generation of NO2 in the oxidation catalyst is the focus of the study as the NO2
concentration is the main medium for the oxidation of particles deposited in the downstream
particulate trap. Although there is a sufficiently large oxygen content in the diesel exhaust for NO
oxidation, different oxygen levels still have an effect on the NO oxidation performance in the
oxidation catalyst. As can be seen in Figure 4, with a constant total exhaust NOX, the NO2/NOX
ratio at the DOC outlet increases and the NO conversion rate increases as the oxygen concentration
in the exhaust increases, due to an increase in the concentration of reactive gases involved in the
NO oxidation reaction. In addition, the thermodynamic equilibrium shifts towards higher
temperatures, favouring better catalytic activity. At 200<C, the oxygen concentration has almost no
effect on the conversion rate of NO due to the low activity. As the exhaust temperature increases,
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the degree to which NO is affected by the oxygen concentration of the conversion rate increases
until it reaches a maximum at 350<C, and as the temperature continues to increase, the conversion
rate of NO decreases slightly.
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Figure 4. Effect of O2 concentration on NO conversion rate
5. Conclusion

With increasingly stringent emission regulations, in-engine cleaning alone is no longer sufficient
to further reduce emissions of pollutants such as NOX and PM, and the necessary exhaust
aftertreatment technologies are required. This paper uses artificial intelligence to study and analyse
diesel particulate emissions, through the analysis of the following conclusions: through the analysis
of the impact of POC on PM emissions found that the use of POC post-processors can reduce PM
emissions; through the NO conversion factors found that the oxygen concentration has little effect
on the conversion rate of NO, the exhaust temperature will affect the NO conversion rate oxygen
concentration. Due to the professional and time constraints received, there are many shortcomings
in this paper, which need to be improved and perfected.

Funding
This article is not supported by any foundation.
Data Availability

Data sharing is not applicable to this article as no new data were created or analysed in this
study.

Conflict of Interest

The author states that this article has no conflict of interest.

34



Kinetic Mechanical Engineering

References

[1] Daniel Jorss, Bert Henrik Herrmann, Christian Fink: Modeling the Operating Behavior of an
Industrial Diesel Engine used as an Electrical Power Generator. Simul. Notes Eur. 32(2): 55-61
(2022). https://doi.org/10.11128/sne.32.tn.10601

[2] Daniel Bergmann, Karsten Harder, Jens Niemeyer, Knut Graichen : Nonlinear MPC of a
Heavy-Duty Diesel Engine With Learning Gaussian Process Regression. IEEE Trans. Control.
Syst. Technol. 30(1): 113-129 (2022). https://doi.org/10.1109/TCST.2021.3054650

[3] Jihoon Lim , Patrick Kirchen, Ryozo Nagamune :LPV Controller Design for Diesel Engine SCR
Aftertreatment Systems Based on Quasi-LPV Models. IEEE Control. Syst. Lett. 5(5): 1807-1812
(2021). https://doi.org/10.1109/LCSYS.2020.3046447

[4] Sabha Raj Arya O, Mittal M. Patel, Sayed Javed Alam, Jayadeep Srikakolapu, Ashutosh K. Giri,
B. Chitti Babu 0: Classical control algorithms for permanent magnet synchronous generator
driven by diesel engine for power quality. Int. J. Circuit Theory Appl. 49(3): 576-601 (2021).
https://doi.org/10.1002/cta.2916

[5] Chakib Ben Njima, Anouar Benamor, Hassani Messaoud: A New Robust Adaptive Sliding Mode
Control for Discrete-Time Systems With Time-Varying State Delay: Application to Diesel
Engine Control. Int. J. Serv. Sci. Manag. Eng. Technol. 12(2): 132-153 (2021).
https://doi.org/10.4018/IJSSMET.2021030108

[6] Halil Illbrahim Akolas, Aliriza Kaleli D, Kadir Bakirci: Design and implementation of an
autonomous EGR cooling system using deep neural network prediction to reduce NOx emission
and fuel consumption of diesel engine. Neural Comput. Appl. 33(5): 1655-1670 (2021).
https://doi.org/10.1007/s00521-020-05104-1

[7] Gokul S. Sankar, Rohan C. Shekhar, Chris Manzie, Takeshi Sano, Hayato Nakada: Fast
Calibration of a Robust Model Predictive Controller for Diesel Engine Airpath. IEEE Trans.
Control. Syst. Technol. 28(4): 1505-1519 (2020). https://doi.org/10.1109/TCST.2019.2917686

[8] Sergey Samokhin , Jari Hyytia, Kai Zenger, Olli Ranta, Otto Blomstedt, Martti Larmi: Adaptive
Boost Pressure Control for Four-Stroke Diesel Engine Marine Application in the Presence of
Dynamic Uncertainties. IEEE Trans. Control. Syst. Technol. 27(1): 221-233 (2019).
https://doi.org/10.1109/TCST.2017.2768425

[9] John Shutty, Adamu Yebi, Bin Xu, Xiaobing Liu, Paul Anschel, Zoran S. Filipi , Simona Onori,
Mark A. Hoffman :Estimation and Predictive Control of a Parallel Evaporator Diesel Engine
Waste Heat Recovery System. IEEE Trans. Control. Syst. Technol. 27(1): 282-295 (2019).
https://doi.org/10.1109/TCST.2017.2759104

[10] Jose Mekha, V. Parthasarathy: An Automated Pest Identification and Classification in Crops
Using Artificial Intelligence - A State-of-Art-Review. Autom. Control. Comput. Sci. 56(3):
283-290 (2022). https://doi.org/10.3103/S0146411622030038

[11] Pablo Negro, Claudia Pons : Artificial Intelligence techniques based on the integration of
symbolic logic and deep neural networks: A systematic review of the literature. Inteligencia
Artif. 25(69): 13-41 (2022). https://doi.org/10.4114/intartif.vol25iss69ppl13-41

[12] Elizabeth Black, Martim Brandao, Oana Cocarascu, Bart de Keijzer, Yali Du, Derek Long,
Michael Luck, Peter McBurney, Albert Merono-Penuela, Simon Miles, Sanjay Modgil, Luc
Moreau, Maria Polukarov, Odinaldo Rodrigues, Carmine Ventre: Reasoning and interaction for
social artificial intelligence. Al Commun.35(4): 309-325 (2022).
https://doi.org/10.3233/A1C-220133

[13] Ayesha Bhimdiwala, Rebecca Colina Neri, Louis M. Gomez: Advancing the Design and

35



Kinetic Mechanical Engineering

Implementation of Artificial Intelligence in Education through Continuous Improvement. Int. J.
Artif. Intell. Educ. 32(3): 756-782 (2022). https://doi.org/10.1007/s40593-021-00278-8

[14] Irene-Angelica Chounta, Emanuele Bardone, Aet Raudsep, Margus Pedaste: Exploring
Teachers' Perceptions of Artificial Intelligence as a Tool to Support their Practice in Estonian
K-12  Education. Int. J.  Artif. Intell.  Educ. 32(3): 725-755  (2022).
https://doi.org/10.1007/s40593-021-00243-5

[15] Malesela John Lamola : The future of artificial intelligence, posthumanism and the inflection
of Pixley Isaka Seme's African humanism. Al Soc. 37(1): 131-141 (2022).
https://doi.org/10.1007/s00146-021-01191-3

[16] Bernd Carsten Stahl, Josephina Antoniou, Mark Ryan O, Kevin Macnish, Tilimbe Jiya:
Organisational responses to the ethical issues of artificial intelligence. Al Soc.37(1): 23-37
(2022). https://doi.org/10.1007/s00146-021-01148-6

[17] Rashid Minhas, Camilla Elphick, Julia Shaw: Protecting victim and witness statement:
examining the effectiveness of a chatbot that uses artificial intelligence and a cognitive interview.
Al Soc.37(1): 265-281 (2022). https://doi.org/10.1007/s00146-021-01165-5

[18] Sylwia Wojtczak : Endowing Artificial Intelligence with legal subjectivity. Al Soc.37(1):
205-213 (2022). https://doi.org/10.1007/s00146-021-01147-7

36



