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Abstract

Accurate prediction and control of diesel engine-out emissions are vital areas of interest for automotive manufacturers and
researchers. This article presents an investigative review of performance and emission control improvements in diesel engines
over the past few decades. A brief background of environmental organizations like the Environmental Protection Agency
has been included because they initiated stringent emission norms. These requirements caused diesel engine development
to be a more tedious task and also triggered various technologies employed by engine manufacturers to meet the new norms.
This review focuses on various diesel engine modeling methods that have evolved during the last few decades and have
contributed to the technological advancement in modern diesel engines. Three types of modeling methods and their applica-
tions are discussed in detail along with a few controlling methods using different control theories. A detailed emphasis on
recent engine control strategies reviews controlling gridlocks and viable solutions in diesel engines. Significant challenges
such as model fitness, accuracy, robustness, and precise predictions that provide extensive scope for researchers working in
diesel engine out emission control are addressed. Various advancements in optimized engine model development for further
performance enhancement are also reported.
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N,O Nitrous Oxide

NH, Azanide

NH; Ammonia

NOE Nonlinear Output Error

NO, Nitrogen Oxides

OBD On-Board Diagnosis

OICA Organisation Internationale des Constructeurs
d’Automobiles

OLL Optimization layer-by-layer

PCCI Premixed Charge Compression Ignition

PI Proportional Integral

PID Proportional Integral and Derivative Controller

RNN Recurrent Neural Network

SCR Selective Catalytic Reduction

SiL Software in Loop

SOC Start of Combustion

SOI Start of Injection

TDE Turbocharged Diesel Engine

UHC Unburnt Hydrocarbon

VGT Variable Geometry Turbine

VMT Vehicle Miles Traveled

VNT Variable Nozzle Turbine

VOCs Volatile Organic Compounds

VVA Variable Valve Actuation

VVT Variable Valve Turbine

1 Introduction

The number of United States-registered on-road vehicles
has increased from 8000 to 268 million during the last few
decades (Bureau of Transportation Statistics [BTS] 2016;
Federal Highway Administration [FHWA] 1997) [1]. As
a result, vehicle miles traveled (VMT) have increased by
almost 690% while there has been only a 25% increase in
road miles constructed in the United States (U.S.) from
1950 to 2016 [2]. Although the increase in road miles has
been minimal, during the last few decades, technological
development in fuel economy has contributed to the sig-
nificant increase in the number of global on-road opera-
tional vehicles to nearly 1.3 billion even though in 2015,
the U.S. reported 821 motor vehicles per 1000 people
(International Organization of Motor Vehicle Manufactur-
ers- [OICA] 2015) [3]. The increase in the number of on-
road vehicles is proportional to the number of hazardous
by-products emitted by internal combustion (IC) engine
vehicles: This negatively impacted air quality, gave birth
to several respiratory diseases, and even cause premature
deaths. By 1970, U.S. national emissions were largely
produced by on-road vehicles consisting of 35% nitrogen
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oxides (NO,), 68% carbon monoxide (CO), and 42% vola-
tile organic compounds (VOCs) [4].

As a response, the Environmental Protection Agency
(EPA) mandated the first national vehicle emissions stand-
ards in the 1970 Clean Air Act (CAA). The EPA has con-
tinued to issue stringent laws regarding tail-pipe emissions
from both gasoline and diesel engine vehicles from 1990
to 2017 [5]. Figure 1 shows the evolution of the U.S. vehi-
cle emission compliance and control program [6].

This review is limited to diesel engine technologies
since these vehicles contribute to more vehicle miles
traveled (VMT) than gasoline vehicles as shown in Fig. 2.
The diesel engine VMT number illustrates the need for
their development in terms of fuel economy and emissions.
As a result, automotive manufacturers are endeavoring to
meet the EPA emission regulations by introducing new
emission control strategies that enhance the fuel economy
at the same time. Some of the technologies—electroni-
cally-controlled fuel injection, exhaust gas recirculation
(EGR), catalytic converters, particle filters, etc. have been
introduced by vehicle manufacturers [7]. Later, on-board
diagnosis (OBD) devices/systems were mandated to ensure
the emission control devices and to monitor faults if any.

Diesel engine vehicles are mostly long-haul, medium-
duty to heavy-duty vehicles/trucks/buses (HDV) with
heavy-duty engines (HDE), and their total fuel consump-
tion is greater than gasoline vehicle consumption, ulti-
mately resulting in more emissions than gasoline vehi-
cles [8]. This article discusses various control strategies
to reduce EO emissions and the different methodologies
involved. The first section enumerates the need for numeri-
cal investigation of diesel engine combustion followed by
the state of the art of diesel engine combustion modeling.
Furthermore, controller development methods are dis-
cussed to facilitate an understanding of each controlling
approach. The last section focuses on the recent strategies
applied in both modeling and controller design and optimi-
zation. In the end, a detailed summary is given to highlight
the research gaps and the future scope for researchers.

While a few reviews which have recently been pub-
lished focus on alternative fuel blend strategies to reduce
emissions with the optimum performance [9-11] and a
few cover cylinder states estimation methods, empirical
methods based on experimental data, and hybrid diesel
engine control techniques [12, 13], all of these articles
lack in reviewing the controlling strategies that are needed
to address bridging the microscopic gap between state of
the art and future emission goals. This work focuses on a
discussion that covers work related to accurate combustion
modeling and effective control strategies. Specifically, it
covers recent strategies that are needed for precise com-
bustion control to achieve the EPA Tier 3 emission stand-
ards without changing existing engine architectures.
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Fig.2 Annual vehicle registered and distance traveled in miles and related data—2016 FHWA

2 Numerical Investigation of Diesel Engine
Combustion and EO Emissions

This section provides a detailed discussion of Combus-
tion Modeling. Detailed combustion modeling helps in
understanding the different degrees of freedom involved
in modern engines due to advanced technologies. Different

methods are based on approaches derived for various
applications as explained in further sections.

2.1 Need for Combustion Modeling
Diesel combustion is a heterogeneous chemical process dur-

ing which the liquid fuel consisting of hundreds of hydrocar-
bon species interacts with gaseous in-cylinder charge (air)
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leading to heat release and emission formation. These ther-
mal reactions are influenced by several parameters such as
engine geometry, state of the charge mixing with fuel, and
residuals from combustion. Based on this combustion princi-
ple, engine manufacturers have developed such technologies
such as Variable Valve Technology (VVT), Electronics Fuel
Injection Systems, Turbochargers, Superchargers, EGR, and
After Treatment Systems. These techniques aim for optimal
fuel consumption and emission reduction in both the tailpipe
and the cylinder causing engine control to be a complex
task. As a result, developers have a new task: the need to
understand this complex phenomenon. Combustion models
are valuable tools to aid in the understanding of the combus-
tion process and have led to new technological insights that
have yielded better fuel efficiency and reduced emissions.
Figure 3 shows added technologies with multiple degrees of
freedom to meet both driver and legislative demands over
the past few decades [14].

The complexity of engine control strategies has dramati-
cally increased due to multiple degrees of freedom and the
inevitable time and cost constraints for controller design
and development cycles. Engine Models accelerate the
engine development cycles since components or systems
can be modeled in early phases and can then be optimized
by testing these virtual engines without costly test cells [14].

‘Model-Based Control’ saves calibration and testing time
by using real-time combustion models in transient engine
control [15, 16]. Isermann et al. described a systematic pro-
cedure for model-based design of the multi-variable control
function of IC engines, which considers both steady-state
and transient behaviors yielding optimal control of fuel con-
sumption and emissions. The models are verified with the
model uncertainty optimization using the Global Optimiza-
tion method and smoothing the local optimal setpoints [17].

Isermann and his colleagues divided the engine control
system into function development and function calibration.
Based on the functional requirements, systems are modeled
using different approaches as discussed in later sections of
this review. These models are tested in the loop (model in
loop—MIiL) with the actual system testing the preliminary
fitness. Developed functions provide a baseline for the con-
troller development and simulation, which can then be cali-
brated. Successfully calibrated models provide the source
codes for engine control unit (ECU) that are implemented
in real-time simulations for a final check before deploying to
the system. The workflow of model-based design is formu-
lated in Fig. 4 and indicates that the system modeling is the
first milestone in engine development and testing [17]. An
important component of function development requires the
fundamental understanding of diesel engine combustion that

ADDED TECHNOLOGIES AND DEGREED OF FREEDOM

DEMANDS
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Fig.3 Overview of demands placed on the compression Ignition (CI) engine and added new technologies
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Fig.4 The workflow of model-based design

involves various systems depending on the type and applica-
tion. To understand the diesel engine combustion, one needs
to understand different methods of modeling the combustion
phenomena, engine operations considering both inputs and
outputs, and complexity based on the advancement through
past decades. The next section gives an overview of engine
modeling techniques for better understanding.

2.2 Combustion Models

One of the major challenges in Diesel Engine Combustion is
estimation and control of combustion characteristics which
are affected by multiple factors: fuel-air properties, crank
angle based events like intake valve closing (IVC), intake
valve opening (IVO), start of injection (SOI), end of injec-
tion (EQI), start of combustion (SOC), etc., and additional
engine-dependent parameters such as geometry and speci-
fication [18, 19]. The complexity and computational efforts
are based on the number of these parameters involved in the
modeling. Hence detailed and accurate diesel engine mod-
eling is at utmost priority. These models are categorized
into three types:

1. Empirical models.
2. Phenomenological models.
3. Physics-based models.

2.2.1 Empirical Combustion Models

This method considers combustion as a “Black Box” and
is based on the input and output data taken from experi-
ments for defined operating conditions. Neural networks,
correlations, and look-up tables are the hallmarks of the
Empirical Model. Watson et al. 2010, performed several
experiments on three different engines to establish the
relationship between engine operating parameters and
the apparent heat release rate (AHRR) [20]. The study
included finding a correlation between engine operating
parameters and respective heat release rates that are effec-
tive only for coarser crank angle (CAD) intervals. These
models were adaptive for parametric changes in perfor-
mance parameters like compression ratio, valve timing,
valve areas, injection timing, aftercooling, ambient condi-
tions, etc. but could not be used to predict the effect of the
combustion chamber design changes. Weibe, Wolfer, and
Woschni et al. all derived the correlations between ignition
delay and pressure, temperature, SOI and EOI which help
to calculate the heat release rated based on experimental
measurements [21-23]. This approach includes the cal-
culation of mass burned fractions, which leads to the pre-
diction of emissions. They derived the shape factors and
empirical constants for their correlations based on spe-
cific operating conditions. For the last couple of decades,
look-up tables have been widely used in the industry for
engine calibration and control and are proven to be effec-
tive calibration models, but they are not accurate in terms
of handling uncertainties in real-operating conditions.
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The development time for the look-up tables is too long
to develop rapid solutions. Some applications of look-up
tables in controller development along with new strategies
to overcome these disadvantages are discussed in Sect. 4.

Artificial Neural Networks (ANN) are the latest tools
being used to predict the cylinder states and emissions based
on correlations derived from specific operating conditions.
The ANN learning rule is classified as either supervised or
unsupervised. Supervised learning rules adapt the weights
of the network to reduce the error between the network out-
put and measured output. Krijnsen et al. 1999 evaluated
the application of a neural network to predict NOx from
a transient diesel engine cycle to control NOx in catalytic
reduction devices [24]. They compared their work with the
traditional linear fit and engine map models and achieved
accuracy up to 93.4% against linear fit (~83.8%) and engine
map (~82.5%) with a short calculation time of 0.2 ms. Dan-
iel Lee et al. developed a model that aids in simulating the
combustion procedure of diesel engines using probability
density function [25]. This model could predict some of the
major features of diesel engine combustion, but simulated
pressure traces for a few conditions produced hyperbolic
results. Parlak et al. investigated how accurately the artificial
neural network model can predict the exhaust temperature
as well as the specific fuel consumption of a diesel engine
when the injection duration is changed [26]. However, the
ANN method is developed for specific engines; therefore,

relationships derived from this method cannot be used
for generic operating conditions and are prone to errors if
extrapolated outside of the given experimental conditions.
There are, however, some applications in feedforward (FF)
and supervised controller for engine control that are dis-
cussed later in Sect. 4.

2.2.2 Phenomenological Combustion Models

In this model type, combustion variables are predicted
using simple, physical models that replicate the physical
and chemical phenomena occurring during the combustion
process. Phenomenological models can be categorized into
zero-dimensional and quasi-dimensional models. In the
case of fuel spray phenomena, the model is subdivided into
“packages” or “zones” which have no actual spatial coordi-
nates, hence the name “quasi-dimensional” [27-31]. Heat
release and emission formation are predicted for each pack-
age or zone. The number of packages or zones depends on
the chosen model approach and can range from as few as
two to as many as several hundred. The computational effort
and time increase with the applied number of zones. The
zero-dimensional models are generally only able to predict
the heat release rate [32, 33]. For emission formation pre-
diction, at least two zones are required. Several attempts are
made to capture the actual phenomenology for the flame
formation and different emission formation. The fuel flame

Rich Vapor-
Fuel/Air mixture

Nozzle .

Fuel-rich

premixed flame
LL

Soot oxidation zone

Soot particle
accumulation

Initial soot
formation

Diffusion flame

Thermal NO
formation zone

Fig.5 Schematic representation of quasi-steady burning fuel spray
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processing of high-pressure diesel jets is represented by nor-
malized laser-induced imaging, which helps to analyze the
different zones in a combustion process [34]. Figure 5 shows
the representation of a burning fuel spray showing different
regions. It represents the different regions like lift of length
(LOL), liquid length (LL) followed by various regions that
indicate nitric oxide (NO) and Soot formation based on the
fuel spray phenomenology [35]. Before such advancement
in imaging technology, only a few people whose work is cat-
egorized into three types studied the chemical phenomenon
for NO and Soot Formation:

(1) Thermal NO proposed by Zeldovich Y [36] was later
extended by Lavoie [37] and is now referred to as the
extended “Zeldovich mechanism”.

(2) NO formation via the prompt-NO mechanism also
referred to as the Fenimore mechanism after Fenimore
C [38], occurs when fuel-rich flames in the presence of
hydrocarbon radicals react with nitrogen (N,) to form
hydrocyanic acid (HCN).

(3) Wolfrum, postulated the nitrous oxide (N,O) interme-
diate pathway [39]. This describes NO formation via
nitrous oxide N,O as an intermediate species formed
when nitrogen is attacked by atomic oxygen and a third-
body molecule.

The NO formation from fuel-bound nitrogen occurs when
fuels containing significant amounts of nitrogen combust,
resulting in significant NO formation when thermal decom-
position causes the large fuel molecule to break into smaller
fragments like ammonia (NH;), azanide (NH,), imidogen
(NH), HCN, and cyanide (CN) [40]. For coal combustion,
experimental models have shown that fuel-Nitrogen is con-
verted to the intermediate species HCN and NHj;, which
leads to further NO or N, formation by branching reac-
tions using free radicals; this conversion is dependent on
local combustion conditions [40]. Flynn et al. utilized laser
diagnosis techniques both to observe soot formation and to
validate the empirical work based on chemical kinetics [35].
This study encouraged more people to research the piece-
wise modeling of a combustion flame. Tree et al. [41], stud-
ied the soot formation process and discussed the effects of
fundamental properties like temperature, pressure, stoichi-
ometry, and fuel consumption. They revealed the complexity
of the phenomenological models regarding the number of
formation zones; this is a vital criterion for the accuracy of
prediction algorithms. These models generally can predict
heat release rates [33, 41].

In contrast to the (semi-)empirical models, the phe-
nomenological models allow (to a certain extent) extrap-
olation outside of the operating range for which they are
originally developed. They have clear predictive capabili-
ties regarding both heat release rate and emission formation.

Understanding the combustion phenomena is key when
using this type of modeling approach. For emissions, more
detailed data—a combination of both phenomenology and
empirical—is required which limits the use of these zero-
dimensional (0-D) models. Moreover, the prediction of a
certain phenomenon depends on various driving inputs that
are required to be modeled if the physical measurement is
not possible because of the sensing limitations. For instance,
the NO, model is based on the in-cylinder pressure and tem-
perature traces. Understanding the chemical kinetics inside
the cylinder plays a vital role in predicting the heat release
rates that drive combustion states in a cylinder. With the lat-
est technologies involved in the diesel engine control, it is
essential to model these complex systems for better predic-
tion results. The next section focuses on such Physics-Based
models for the different systems in modern diesel engines.

2.2.3 Physics-Based Combustion Models

Physics-based models illustrate the physical and chemical
processes that occur during combustion with the highest
level of detail. The physical model is on the microscopic
level of detailing and combustion events are discrete. The
combustion chamber is divided into numerous local systems,
which have their dimensions and degrees of freedom. For
every local system, full conservation equations for mass,
energy, and momentum are solved. As a result, these models
have the greatest predictive qualities: emission formation
and heat release rate prediction are possible, and models are
generic. In 1998, Guzzella, L. et al. [42], devised a detailed
model for a diesel engine considering the fuel injection sys-
tem, EGR, and turbochargers. They were able to model the
fuel-air path and EGR path with a turbocharger effect to
evaluate the performance and fuel efficiencies taking emis-
sions in the loop. Figure 6 shows the various systems (cells)
taken in the gas exchange model considering the EGR frac-
tion effect [42]. This diagram depicts the detailed factors
considered as gas mixes in a running engine equipped with
EGR.

The system is divided into the intake manifold (fresh gas
mass), exhaust manifold (exhaust mass), fuel injection sys-
tem (injected and burnt fuel mass), combustion chamber (gas
exchange inside the combustion chamber) and EGR system
which are integrated to account for the re-circulated masses
in the cylinder. These local systems can be cycle-to-cycle
based or CAD-based depending on the phenomena and its
occurrence range. For instance, gas exchange processes are
based on the combustion cycle, and the heat release rate is
obtained based on CAD for the respective combustion cycle.

The creation of parametric and non-parametric models
to control fuel-injection timings for both steady-state and
transient operation by Guzella and his colleagues set an
engine control research baseline for future researchers [42].
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Fig.6 Basic engine model including EGR

As innovative as Guzella’s work was, it did have limitations
due to technological deficits. Several factors like detailed
NO, modeling based on recently extended techniques, robust
controllers, and multipoint electronic fuel injection technol-
ogy were not included by Guzzella’s work. Figure 7 gives
an example of speed and start of fuel injection control as a
part of an engine control model. This illustration describes
the factors affecting the different control parts like speed,
torque, emissions, and drivability. The model presented is a
Mean Value Engine Model that includes averaged states esti-
mated during each combustion cycle. These models are tran-
sient in macroscopic effects and more simplified to reduce
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complexity. Such models are convenient to apply in the
online control of diesel engines because of their simplicity.

Gas exchange models are an effective tool to control the
effective air—fuel ratio (lambda) by modeling both intake and
exhaust manifolds including both EGR and Turbo effects.
A realistic online Engine Model as a function of CAD
(Crank Angle Degrees) was developed by a few research-
ers and includes both combustion and gas (air—fuel mix-
ture) exchange models. This model uses 0.1 CAD resolution
with 90% less computational time, which was accurate up
to 10.4% mean relative error in NO formation [43]. Oxygen
sensors (Lambda Sensor) are used to measure the oxygen
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fraction in both intake and exhaust manifolds while control-
lers are developed for the optimal fuel injection to maintain
the pressure, temperature, and emissions [44]. This mode-
ling approach gives flexibility in modifying the local models
to troubleshoot when it is applied online in the electronic
controller that directs the engine. This allows researchers
to explore local systems in more detail. Guardiola et al. fol-
lowed a similar approach and developed a cycle by cycle
NO, prediction model. They focused on the NO, formation
that includes various events that depict the formation of
thermochemistry and phenomena. This detailed approach
focused on the only local models that could make their algo-
rithm 25% more precise than the previous one [45].
Compatibility with different modeling approaches depicts
the versatility of the physics-based models. As mentioned

above, physics-based mean value engine models are at a
significant level of integration compatibility with other mod-
els such as empirical, phenomenological, and real-time data
acquisition systems. With this advantage, Atkinson et al.,
applied the dynamic model-based hybrid equations along
with neural networks to calibrate the engine for perfor-
mance and emissions examination. They used virtual sens-
ing methods to map the engine’s simulation-based calibra-
tion optimization, which can be directly used in the ECU
[46]. Because of the complexity of the entire engine model
including all new technologies, some authors preferred to
work on the actual system and then optimize it for real-time
engine control. Data acquisition and post-processing tools
like Matlab & Simulink, gamma technologies’ GT Suite,
Labview, dSPACE, etc., give the freedom to calibrate and
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optimize the models developed in a more detailed approach
[47]. When employing the transient calibration process, the
transient models should be trained with the training dataset
to achieve accurate model predictions to overcome the effect
of the transient operation of engine components [48].

Each model type has drawbacks, be it in accuracy, run-
time (speed), operating range, or unprecedented operation
disturbances. Therefore, while integrating these models in
a real-time complete engine model, numerical optimization
of such hybrid models is required to compensate for the
drawbacks. Guzzella et al. [49], in their recent work, suc-
cessfully attempted to simplify the complex engine models
into a simple structure. They extracted the most relevant
phenomenological elements and extended them into simple
empirical elements. Only significant elements were devel-
oped into a set point formulator based on the application
and reduced the model dimensions significantly. They could
reduce the model to a single map (empirical model) and
ten scalar parameters only. A significant increase in model
speeds — up to 500 times faster than the real-time throughout
the engine operating range — had relative errors below 10%.

However, this approach had assumptions that are not appli-
cable in modern diesel engines. Factors like multipoint and
multiple fuel injection or any fundamental changes due to
combustion characteristics were not predicted.

In 2019, Durjarasan et al. [50], developed a control-ori-
ented physics-based model for NO, emission prediction for a
diesel engine equipped with EGR. This work focuses on pre-
dicting cycle averaged NO, with more emphasis on reaction
zone modeling and NO, formation reaction rates. The model
predicts in-cylinder pressure based on the heat-release rates
and mass burnt fractions. This work covers the entire engine
modeling including sub-models (physics-based equations)
for each system as well as the impact of major engine control
variables like injection and combustion events. This model
covers a detailed phenomenon of NO, formation by includ-
ing the models for gas exchange, heat release rate, chemical
equilibrium solver for adiabatic temperature, temperature
compensator for losses, and a detailed NO, model. These
integrated accurate and detailed sub-models achieved 93%
prediction accuracy prediction using generic model-based
engine control techniques.

Table 1 Empirical combustion

Focus

Modeling technique

. Ref. No Author
modeling summary

[20] Watson et al.
[21] Wiebe
[22] Wolfer
[23] Woschni et al.
[24] Krijnsen et al.
[25] Lee et al.
[26] Parlek et al.

ANN to predict NOx
Combustion Simulation

ANN for exhaust temperature and Brake
Specific Fuel Consumption

Correlation between engine operating points Experimental Correlations
and AHRR

Correlation for ignition delay

Experimental Correlations

Linear fit method
Probability density function
Experimental Correlations

Table 2 Phenomenological combustion modeling summary

Ref. No Author Focus

Modeling technique

[27] Hiroyasu et al.  Fuel Spray Phenomena packages

[28] Stiesch et al.

[29] Stebler et al. Fuel Spray Phenomena zones

[30] Merker et al.

[31] Andersson et al.

[32] Barba et al. Heat Release Rates

[33] Chmela et al.

[34] Bruneaux et al. Flame formation and emission formation zones

[35] Flynn et al. Burning fuel spray study and soot formation

[36] Zelovich Zedlovich Mechanism for thermal NOx

[37] Lavoie et al. Extended Zeldovich Mechanism

[38] Fenimore et al.  NO formation via prompt NO mechanism

[39] Wolfrum NO formation via intermediate pathways

[40] Glarborg et al. ~ NO formation through thermal decomposition of large fuel molecules
[41] Tree et al. Soot formation process with respect to combustion properties

Zero Dimensional relations

Zero Dimensional relations

Laser-induced thermal imaging
Laser-induced thermal imaging

Chemical Kinetics

Chemical Kinetics focused on reaction rates
Chemical Kinetics

Chemical Kinetics

Chemical Kinetics

Quasi models for combustion zones

@ Springer



A Review of the State-of-the-Art Emission Control Strategies in Modern Diesel Engines

4907

Table 3 Physics-based combustion modeling summary

Ref. No Author Focus

Modeling technique

42] Guzzellaetal.  Detailed model with EGR and Turbo

43] Ericson et al. Combustion and Gas exchange process
Yildiz et al. Gas Exchange model to control optimal fuel
45] Guardiola et al. NOx prediction

—_ = — .
N
N
—

46] Atkinson et al.  Virtual sensing method to calibrate engine

performance and emission control

[49] Asprion et al. Simplified physics-based model to increase
the computational speed
[50] Durjarasan et al. Virtual NOx sensor development

Mean Value Engine Models from sub-models

CAD-based engine operation

Cycle by Cycle engine operation

Cycle by Cycle engine operation with detailed CAD sub-models

Mean Value Engine Models from sub-models along with empirical
networks

Extension of phenomenological, physics-based model to empirical
mapping to reduce the computational time

Mean Value Engine Model with detailed combustion and emission
formation kinetics

In conclusion, physics-based models have an advantage in
an accurate prediction of in-cylinder states that are required
for EO emissions and performance estimation and control.
Tables 1, 2, and 3 represent a summary of the Empirical
Combustion, Phenomenological Combustion, and Phys-
ics-Based Combustion modeling techniques, respectively.
Although model speed is of utmost concern, developing
such local models and integrating them into the mean value
engine models provides both high accuracy and faster pre-
diction when embedded with real-time engine controllers.
A few control strategies are discussed in the next sections.

3 Controller Architectures
and Implementation

Along with the physical models, prediction models based
on control theories play an important role in predicting EO
emissions. Different data analysis and filter techniques help
train these models to achieve optimal model fitness when
applied in real-time applications. Guzzella et al. [42], devel-
oped a self-tuning proportional-integral-derivative (PID)
controller for speed and fuel injection control based on
engine-tested mapping data which was then filtered with the
first-order filter. They used the Linear Quadratic Gaussian
(LQG) controller type to compare the results and included
the self-gain scheduling techniques for auto-tuning. How-
ever, they needed to introduce a Smith predictor to reduce
delays in the controller as a part of simple lead-lag con-
trol; this resulted in required performances with minimized
errors. In 2000, an improved fuzzy logical algorithm was
proposed which is suitable for self-tuning parameters online
in the PID controller. The fuzzy inference mechanism was
carried out by the fuzzy control chip F100, and the load and
flux of air were treated as controlling parameters in the diesel
engine fuzzy controller. The simulation results showed that
the on-line fuzzy logic regulation of PID parameters used in
the PID controller expanded the range of dynamic response
of the controller in the case of loads [51]. A comparative

study of two types of controllers for manipulating EGR and
variable geometry turbocharger (VGT) actuators to mini-
mize the fuel consumption and pumping losses was done by
Wahlstrom et al., 2009 [52]. A first control structure consist-
ing of PID controllers and min/max-selectors was developed
based on a systematic analysis of the model. This controller
achieved all control objectives but increased pumping losses
by 26% because of the sign reversal in direct current (DC)
gains. Another controller with a non-linear compensator was
used in the inner loop for handling the non-linear effects
along with the PID controller and selectors in an outer loop
like the first one. This second approach reduced the EGR
errors but increased the pumping losses as compared to the
first control structure. Based on these results, they recom-
mended the first structure if there is no non-linear behavior
in system feedback (FB).

A new strategy based on a fuzzy multi-variable controller
was proposed by Arnold et al. in 2006 to regulate both the
fresh airflow and the intake manifold pressure. They used
additional weight functions to compensate for oscillation
in system input. Additionally, a significant improvement
in desired setpoint tracking and the in-time response was
obtained as compared to results gained from an embedded
PID. This strategy was designed to implement the ECU
for real-time applications [53]. The air system controller
required neither an internal model nor a certain feed-forward
map. This was more robust than previous findings and was
an improved technique in terms of time response as com-
pared to readymade embedded controllers. For model sim-
plicity, a dynamic feedback linearization technique was used
for tracking the problem for a turbocharged diesel engine
(TDE) equipped with an EGR valve and VGT. For enhanced
simplicity, the third-order mean-value model controller was
used instead of the eighth order-mean value controller [54].

In 2010, another approach was taken to reduce the mod-
els; a flatness-based feed-forward controller was designed
for a diesel engine with a turbocharged air system with
EGR, and model-reduction and model-inversion methods
were used for simplicity of controller design [55]. More
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recently, ANN’s are being developed by several researchers
to predict the performance and emission for internal com-
bustion engines for specific operating conditions focused on
the experimentation of different fuel blends [56-58]. ANN’s
are also being used for onboard diagnosis and for mapping
the emission- range area based on the traffic situation [59].
Because they can be used only for specific operating condi-
tions, ANN is categorized as empirical modeling. However,
they can assist engine control in various control techniques
like predictive algorithms, supervisory control, or adaptive
systems depending on the application.

Different prediction models were evaluated, which
include multi-order filter techniques to process the data
acquired. Controller types like Fuzzy, feed-forward, flatness-
based, PID, and the combination of either a few or all of

these controller types are discussed in detail. Their imple-
mentation depends on both the complexity of the analysis
and the targeted simplicity which results in faster processing
and decision time for actuation. The use of advanced tech-
niques like ANN and its application in engine development
to train these models and their calibration is also discussed.
Yap et al. [60], utilized an optimization layer-by-layer (OLL)
network as a supervised feed-forward learning algorithm,
like the backpropagation, but OLL was proven to have a
faster computation time. The architecture of OLL is shown
in Fig. 8. This network consists of three layers. All neurons
in the input layer are connected to all neurons in the hidden
layer with weights W,,;. All hidden neurons are connected
to all output neurons in the output layer with weights V.

Fig.8 Architecture of OLL in a
layer by layer optimization Zy=
: o) B 2
“ ) B 2
L
.
L]
Zc
X Ve
\ Y J L Y J Y
Input Layer Hidden Layer Output Layer
Fig.9 Structure of NOE RNN
used in virtual sensors u(t—1)
u(t—2)
> y®
yt—2)

yE-1
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Recurrent neural network (RNN) models possess the
advantage of having the dynamic behavior of the controlled
system being manipulated by a simulated environment. Fig-
ure 9 shows the scheme of the RNN model used for virtual
sensors where y“and u are output and control input, respec-
tively. These RNNss are developed from static multi-layered
perception feed-forward networks. To introduce the dynamic
effect, feedforward connections are added among the neu-
rons. The control structure described here is referred to as a
nonlinear output error (NOE) model. Training and test data
sets have been derived from experimental data and measured
on a compact commercial engine during engine transients by
imposing throttle and load perturbations. To enhance RNN
generalization, the input variables have been uncorrelated
by perturbing the fuel injection around the stoichiometric
amount.

4 Recent Engine Control Strategies

During the last few years, new technologies have been added
as a result of new stringent actions and global standards set
by a variety of organizations. Consequently, significant work
has been done to increase the accuracy of prediction models,
controller design and optimization, and to validate the differ-
ent driving cycles practiced globally. Controller robustness
and stability depends on the method of identifying control
variables and plant states. These variables can be a sensor
output or a model output based on the methods discussed
earlier in combustion modeling. This section discusses a
few approaches made in the development of modern diesel
engines with advanced integrated systems to enhance effi-
ciency and reduce emissions. Following are the challenges
that are covered in this article:

Accurate prediction models

Controller design and optimization techniques
Controller robustness and stability strategies
Verification and validation through globally-practiced
driving cycles

/o op

Air-path control in the EGR and Turbo equipped engines
plays an important role in optimized fuel and NO, control.
In 2015, Min et al. [61] proposed an air-path model for a
light-duty diesel engine with duel EGR-VGT to predict the
unmeasurable states in-cylinder such as mass exchange
traces and temperature. State estimation was done using the
Least Square Optimization method and introduced a time
constant for temperature and a transport delay to achieve
the temperature estimation within 5% error and fuel mass
flow accuracy up to three decimals. Another approach was
made using the carbon dioxide (CO,) based air-path model
to evaluate the effectiveness of EGR under the emission

constraints. This model required a physical sensor to meas-
ure oxygen (O,) and was lacking the physical models for
each subsystem [62]. But neither Min et al.. nor Tan et al.
estimated NO, or proposed any active NO, control strat-
egies. Wang et al. proposed a multi-input multi-output
(MIMO) state feedback controller for multiple fuel injection
pulses based on the pressure-based air-path model data taken
from an engine map. The controller showed the guaranteed
stability and shorter settling time for the experiment object,
but this cannot be used as a generic solution due to a lack of
physical models for EGR and VGT [63].

System Identification methods are proven to help evalu-
ate such complex models including complex subsystems.
Neilsen et al. used the Hammerstein-Weiner model for sys-
tem identification to develop a complex nonlinear system
consisting of EGR and VGT together with the fuel injection
system [64]. A nonlinear adaptive controller was developed
to control the EGR which continuously estimates the cylin-
der states with respect to operating points based on the Ham-
merstein model converging the system into the optimal con-
trol points in the presence of a few disturbances in fuel flow
and Turbo effect. Although it controls the EGR, there were
no methods proposed to estimate the in-cylinder states like
Pressure, AHRR, and NO, prediction was not done to assist
the feedback control. The transient model requires additional
control strategies to reduce overshoot during the operating
cycle. A gain scheduled feedback proportional-integral (PI)
controller for EGR and VGT is proposed by Hong et al.
[65] to schedule gains for managing non-linearity of diesel
engine models with EGR and VGT during the transient oper-
ating cycle. Based on the air-path model, static gains were
derived from a nonlinear relation between the EGR and VGT
performed on the European Operating Points. With the new
scheduling variables based on the intake and exhaust pres-
sure instead of the valve positions, controller performance
was enhanced by reducing the pressure overshoot from 64
to 12% for a step change. However, Gain Scheduling is a
repetitive procedure thus makes it time-consuming.

Another approach taken by Yang et al. [66] evaluated air-
path models with EGR, Turbo, and Electrical Turbo Assist
(ETA) for the closed-loop controller. These models were
obtained from the MATLAB system identification toolbox
using the lookup tables and test data on the engine. A sim-
ple MIMO controller (PI) was designed for three inputs and
three outputs. Its robustness was also checked for distur-
bances by introducing gain scheduling strategies for certain
setpoints in operations. But this approach was truly based
on the lookup tables; hence, any uncertainty may fail the
model’s fitness. An additional active disturbance rejection
controller with an extended observer is needed for such error
tracking and control [67]. These approaches that were based
on only a feedback controller with the lack of estimated
or measured cylinder states restrict the robustness of the
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controller. Accurate prediction of cylinder states and engine-
out products based on detailed physical and chemical kinet-
ics models are needed for advanced modern diesel engine
control. Ease of controller design and model parametric
reduction is required to deal with these complex systems
that are the results of detailed models.

Nylén et al. [68] proposed a functional mock-up inter-
face (FMI) to implement the workflow from linear local
feedback controllers to non-linear global systems and
vice versa to control the global systems. Tools like Mod-
ellica Dymola can be used for such model-based control
and significant model reduction. This approach provides
a guideline for dealing with the complex systems for its
optimization and control. Feed-forward and model pre-
dictive control are promising techniques for controlling
complex nonlinear systems because of their adaptability
and enhanced controller performance. Better results were
found in both error and rising- time improvements for a
model including EGT and VGT derivations? based on
lookup tables [69, 70]. Dahl et al. [71] proposed a model
predictive controller (MPC) for a reduced system. It was
based on the Nelder-Mead-Simplex Algorithm for obtain-
ing the parameter and cost function vectors between linear
local models and the ultimate nested global model. They
used burnt gas fraction as a control unit of NO, control
instead of EGR and showed better results using MPC in
terms of improved error estimation and control. Similar
approaches with MPC and additional supervisory control-
lers including more constraints in the system show opti-
mized results in for transient cycles except for the over-
shoots when the steps are changed [72]. A zero-vibration
input shaping in the robotics approach in an open-loop
feed-forward system for input shaping to compensate
the undesired overshoots and sensitivity is proposed by
GroBbichler et al. [73]. They noted a significant reduction
in NO, for some of the defined ranges of the operating
points with better uncertainty handling.

With an understanding that an accurate model with
detailed local models having multiple degrees of freedom
is needed for an engine control problem to solve efficiently,
some of the additional techniques are needed to make
the controller more stable, faster, and more adaptive. In
2016, Yamazaki et al. [74] developed a strategy for model-
based control of diesel engines with multiple fuel injec-
tion schemes to predict accurate in-cylinder pressure and
temperature and controlled it with the EGR disturbances.
A physics-based detailed model with all subsystems was
developed. A feedforward and a feedback controller to con-
trol main fuel injection timing showed good accuracy in con-
trolling the peak pressure timing in a cylinder. It has been
proven that higher degrees of freedom (DOF) for fuel injec-
tion strategies reduce the EO emissions significantly [75].
Another work by Yamazaki et al. on the premixed charge
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compression ignition (PCCI) diesel engine estimated the
parameters in the cycle by cycle operation. A feedback (FB)
controller derived from an inverse model of discretized com-
bustion was implemented to control the targeted set points
in-cylinder [76]. The simulation showed significant and fast-
targeted control, but some delays occurred when the step
inputs were changed. These delays were caused by the error
and inaccurate tracking in the air-path model. To compen-
sate for this, a two DOF feedforward and feedback controller
was developed along with an anti-wind-up control method to
reduce overshoots at step change. They called this additional
controller a Feedback Error Learning (FEL) system.

Zhang et al. [77] proposed the use of a CMAC (Cerebel-
lar Model Articulation Controller) as a feedforward (FF)
controller that trains the FEL developed before in their pre-
vious work as mentioned here above. A comparison of the
FF CMAC and FB controller model with the FF CMAC and
FEL model demonstrated the advantages of CMAC with
FEL. Response in CMAC and FB always delayed by one
cycle. However, when used with the FEL, it is seen that after
the learning phase of FEL from CMAC, there is no delay in
reference tracking because of the learning from the CMAC.
the training data coming from a sensor does have limita-
tions regarding indirect measurements, especially in peak
pressure measurements. Cylinder Pressure based control of
diesel engine applications is explained by Willems et al. in
2018 [78]. With the additional DOFs involved, Yamazaki
et al. applied their controller findings by including more
systems like Turbo and EGR together for detailed air-path
and fuel injection models [79—-81]. Physical actuator delays
affect the control scheme and its performance significantly.
Zhang et al. developed a chattering-free sliding mode con-
trol for diesel engine air path system with actuator faults
that reduces the effect of the faults with their prior knowl-
edge that demands the Fault detection models [82]. Kerik
et al. developed an MPC for the diesel engine air-path and
extended the actuator delay for the steady-state errors, over-
shoots, and other noises. This MPC with prediction models
and an extended observer embedded with actuator delay
showed better response for a few operating points. That
still needs to be validated for wider operating points range
[83]. The versatility of these models is the next task in the
to-do list for researchers and that enhanced versatility can be
achieved by harmonizing the operating cycles for validation
used in different parts of the world.

The environmental pollution control agencies/organiza-
tions around the world have set policies and strategies to
achieve their targeted goals in the next few years. In the case
of NO, emission from heavy-duty vehicles, it is seen that
the existing technology can control the EO emissions under
thresholds for all operations except low speed and low load
application (less than 25mph) [84]. It is necessary to control
the formation itself rather than after-treatment because of the
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after-treatment light-off limitations. Techniques like cylin-
der deactivation and variable valve actuation are required
to achieve these goals [85]. A detailed effort was made by
Shaver et al. [86] to develop a control-oriented model of a
diesel engine’s gas exchange process, which captures the
complete interaction of air handling system components and
flow in a multi-cylinder diesel engine with VGT and cooled
with EGR. Models were created using GT-Suite and test
data was acquired using dSPACE from electronic control
module (ECM) and validated for both steady and transient
operations. This work led to the development of closed-loop
control and estimation strategy for Miller cycle development
which will ultimately leverage the capabilities of a variable
valve actuation (VVA) system.

In-line with the previous work by Shaver et al., a nonlin-
ear model-based controller was developed for combustion
timing with respect to CAD and could achieve control of
the SOC and intake oxygen mass fraction within the resolu-
tion of 1 CAD and 1% fraction respectively. The controller’s
stability was demonstrated through Lyapunov analysis, and
the functionality was experimentally validated at multiple
operating conditions [87]. However, this work required a
model for VVA with EGR and VGT acting together, which
was then developed by Guan, Wei et al., 2019. According
to them, although the Miller cycle adversely affects car-
bon monoxide and unburned hydrocarbon emissions at a
light load of 2.2 bar, mean effective pressure is accurately
indicated. Combining the Miller cycle with a second intake
valve opening strategy as the formation of a relatively hot-
ter in-cylinder charge induced by the presence of internal
exhaust gas recirculation led to a significant 82% reduction
in soot emissions when compared with the baseline engine
operation [47]. Also, the controller design and implementa-
tion strategies have been used with controllers like dSSPACE
DS1104 and experimental validation can is done to achieve
near-zero accuracy [88]. The overall results demonstrated
that advanced variable valve actuation—based combustion
control strategies can control the exhaust gas temperature
and engine-out emissions at low engine loads.

as well as improve upon the fuel conversion efficiency
and total fluid consumption at high engine loads, poten-
tially reducing the engine operational costs. Based on these
findings, Miller Cycle Development and Control is a future
research gap for Diesel Engine development and can be opti-
mized for better performance and emission control. Table 4
shows the recent strategies that are required for versatile
control of a modern diesel engine. It includes the compari-
son of different controlling strategies based on control vari-
ables, controller stability, adaptability, robustness, and its
optimization. These models and corresponding controller
strategies can be implemented as a separate plugin device/s
on existing systems as.

well [89].

5 Summary

This review provides a brief history of Diesel Engine devel-
opment as well as the emission control strategies that have
evolved over the last few decades. Figure 10 illustrates the
percentage contribution of the literature since 1930 that was
reviewed for this article. The increase in the number of on-
road vehicles led to the establishment of the EPA which
introduced stringent emission control norms and the need
to minimize tailpipe emissions. Efforts taken by various
researchers and car manufacturers to comply with these
mandates are discussed in the second section. Finally, the
complexity of engine control algorithms due to various tech-
nologies and the need for diesel engine combustion mode-
ling is discussed in detail. The three major types of modeling
methods and the respective work done by researchers using
each method are investigated and provide insight into the
strengths and limitations of each method.

Empirical and phenomenological models have several
disadvantages because they are limited to specific test cases
and computational efforts respectively, which largely elimi-
nates their use for the generic purpose. The current state
of the art for these models set a scope for a more detailed
study of the combustion phenomenon by understanding and
developing multi-phase combustion models. Physics-based
combustion models are best suited to meet controller design
requirements considering new technologies like EGR and
VVA. Various attempts are being made to develop more
generic and realistic models for current engine technologies
that consider the maximum number of transient variables.
A potential to develop the high-fidelity Miller cycle model
for combustion phasing is also proposed. This model can
include more engine parameters to achieve higher resolution
with respect to CAD for performance and emission control
with a maximum accuracy of more than 96%.

There is a potential to develop ANNs and machine-
learning-based techniques for sub-models/models, which
can interact with each other and make them more generic
and adaptive. Few researchers have developed a structure of
the sensor dynamics models consisting of dead time and a
first order-low-pass filter with a certain response time. These
sensor-dynamic phenomenological algorithms have a signifi-
cant impact on comparisons of virtual sensors with physical
sensors. Especially this is true, when rapid transients and
various engine operating region response times vary, poten-
tially leading to errors in sensor comparisons. To reduce
these errors, a rapid NO,-measurement in the proximity of
an exhaust manifold is necessary.

During the last decade, various environmental protection
organizations around the world revised their clean transpor-
tation policies and the threshold for emissions. Surveys have
been done on different technologies involved in achieving
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the targets set by these organizations. A few approaches are
discussed in the last section based on the controller design
and development that emphasizes precise and stable engine
control. Accurate cylinder state estimation techniques are
needed to achieve these stringent goals for controller devel-
opment because of the limitation in state measurements with
the physical sensors. Another survey from international
council for clean transport (ICCT) concluded that more
strategies are needed to deal with engine control during the
low load operating points. Certain techniques like Cylinder
de-Activation and VVA are proven to be effective for these
requirements. In conclusion, precise in-cylinder state esti-
mations, robust controllers, and a targeted and harmonized
operating cycle will guide the future development in Diesel
Engine Control.

Compliance with ethical standards

Conflict of interest The authors declare that they have no conflict of
interest.

References

1. Bureau of Transportation Statistics. Transportation statistics
annual report (2016). Washington, DC: Bureau of Transportation
Statistics, U.S. Department of Transportation, www.bts.gov/sites
/bts.dot.gov/files/docs/TSAR_2016.pdf, (2016, Accessed 10 July
2019).

2. Federal Highway Administration (2017a) Highway statis-
tics—2016. Washington, DC: Federal Highway Administration,
U.S. Department of Transportation. https://www.fhwa.dot.gov/
policyinformation/statistics/2016/pdf/hf10b.pdf

3. International Organization of Motor Vehicle Manufacturers—
Motorization rate worldwide (2015) http://www.oica.net/world
-vehicles-in-use-all-vehicles-2/

4. EPA (2000a) National air pollutant emission trends, 1900-1998.
EPA-454/R-00-002. U.S. Energy Information Agency, Research
Triangle Park, NC. https://www.epa.gov/air-emissions-inventorie
s/air-pollutant-emissions-trends-data

10.

11.

12.

13.

14.

15.

16.

17.

Regulations for Emissions from Vehicles and Engines. EPA,
Regulatory Information by Topic. https://www.epa.gov/regul
ations-emissions-vehicles-and-engines/regulations-smog-soot-
and-other-air-pollution-commercial

He H, Jin L (2017) A historical review of the US vehicle emis-
sion compliance program and emission recall cases. White paper.
Intl Council on Clean Transp. https://theicct.org/sites/default/files
/publications/EPA-Compliance-and-Recall_ICCT_White-Paper
_12042017_vF.pdf

Rissman J, Hallie K (2013) Advanced Diesel Internal Combus-
tion Engines. American Energy Innovation Council. http://ameri
canenergyinnovation.org/wp-content/uploads/2013/03/Case-Diese
1-Engines.pdf

FHWA, Annual Vehicle Distance Traveled in Miles and Related
Data—(2016) by Highway Category and Vehicle Type. https://
www.thwa.dot.gov/policyinformation/statistics/2016/pdf/vm1.pdf
Ramalingam S, Rajendran S, Ganesan P (2018) Performance
improvement and exhaust emissions reduction in biodiesel
operated diesel engine through the use of operating parameters
and catalytic converter: a review. Renew Sustain Energy Rev
81:3215-3222

Das S, Kashyap D, Kalita P, Kulkarni V, Itaya Y (2020) Clean
gaseous fuel application in diesel engine: a sustainable option
for rural electrification in India. Renew Sustain Energy Rev
117:109485

Hansen S, Mirkouei A, Diaz LA (2020) A comprehensive state-of-
technology review for upgrading bio-oil to renewable or blended
hydrocarbon fuels. Renew Sustain Energy Rev 118:109548
Eriksson L, Thomasson A (2017) Cylinder state estimation from
measured cylinder pressure traces—a survey. IFAC-PapersOnLine
50(1):11029-11039. https://doi.org/10.1016/j.ifacol.2017.08.2483
Al-Durra AA (2018) Survey of the state of affairs in diesel engine
control. J Appl Biotechnol Bioeng 5(4):279-285. https://doi.
org/10.15406/jabb.2018.05.00149

Seykens XLJ (2010) Development and validation of a phenomeno-
logical diesel engine combustion model. Dissertation, Technical
University of Eindhoven

Candel S, Docquier N (2002) Combustion control and sensors:
a review. Prog Energy Combust Sci 28:107-150. https://doi.
org/10.1016/S0360-1285(01)00009-0

Andersson P, Eriksson L, Nielsen L. (1999) Modeling and archi-
tecture examples of model based engine control. Proc Second
Conf Comput Sci Syst Eng Linkdping, Sweden

Rolf 1, Sequenz H (2016) Model-based development of com-
bustion-engine control and optimal calibration for driving
cycles: general procedure and application. IFAC-PapersOnLine
49(11):633-640

@ Springer


http://www.bts.gov/sites/bts.dot.gov/files/docs/TSAR_2016.pdf
http://www.bts.gov/sites/bts.dot.gov/files/docs/TSAR_2016.pdf
https://www.fhwa.dot.gov/policyinformation/statistics/2016/pdf/hf10b.pdf
https://www.fhwa.dot.gov/policyinformation/statistics/2016/pdf/hf10b.pdf
http://www.oica.net/world-vehicles-in-use-all-vehicles-2/
http://www.oica.net/world-vehicles-in-use-all-vehicles-2/
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
https://www.epa.gov/regulations-emissions-vehicles-and-engines/regulations-smog-soot-and-other-air-pollution-commercial
https://www.epa.gov/regulations-emissions-vehicles-and-engines/regulations-smog-soot-and-other-air-pollution-commercial
https://www.epa.gov/regulations-emissions-vehicles-and-engines/regulations-smog-soot-and-other-air-pollution-commercial
https://theicct.org/sites/default/files/publications/EPA-Compliance-and-Recall_ICCT_White-Paper_12042017_vF.pdf
https://theicct.org/sites/default/files/publications/EPA-Compliance-and-Recall_ICCT_White-Paper_12042017_vF.pdf
https://theicct.org/sites/default/files/publications/EPA-Compliance-and-Recall_ICCT_White-Paper_12042017_vF.pdf
http://americanenergyinnovation.org/wp-content/uploads/2013/03/Case-Diesel-Engines.pdf
http://americanenergyinnovation.org/wp-content/uploads/2013/03/Case-Diesel-Engines.pdf
http://americanenergyinnovation.org/wp-content/uploads/2013/03/Case-Diesel-Engines.pdf
https://www.fhwa.dot.gov/policyinformation/statistics/2016/pdf/vm1.pdf
https://www.fhwa.dot.gov/policyinformation/statistics/2016/pdf/vm1.pdf
https://doi.org/10.1016/j.ifacol.2017.08.2483
https://doi.org/10.15406/jabb.2018.05.00149
https://doi.org/10.15406/jabb.2018.05.00149
https://doi.org/10.1016/S0360-1285(01)00009-0
https://doi.org/10.1016/S0360-1285(01)00009-0

4914

V. Ahire et al.

18.
19.

20.
21.
22.

23.

24.

25.

26.

217.

28.

29.

30.
31.

32.

33.
34.
35.
36.
37.

38.

Qs

Yao M, Liu H, Zheng Z (2012) Fuel chemistry and mixture strati-
fication in HCCI combustion control. Green Energy and Technol-
ogy, Xian

Stanglmaier RH, Roberts CE (1999) Homogeneous charge com-
pression ignition (HCCI): benefits, compromise, and future engine
applications. SAE Int, Warrendale

Watson N, Pilley AD (2014) A combustion correlation for Diesel
Engine Simulation. SAE Int, Warrendale

Wiebe I (1956) Semi-empirical formula for the rate of combus-
tion. Academy of Sciences of the USSR, Moscow

Wolfer HH (1938) Der Zunderzug im Dieselmotor. CDI-Forschun-
gsheft 392:15-24

Woschni G, Anisits F (1974) Experimental investigation and
mathematical presentation of rate of heat release in diesel engines
dependent upon engine operating conditions. SAE Int, Warrendale
Krijnsen H, Van Kooten W, Calis H, Verbeek R, Van Den Bleek
C (1999) Prediction of NOx emissions from a transiently operat-
ing diesel engine using an artificial neural network. Chem Eng
Technol 22(7):601-607

Lee D, Rutland CJ (2002) Probability density function combustion
modeling of diesel engines. Combust Sci Technol 174(10):19-54
Parlak A, Islamoglu Y, Yasar H, Egrisogut A (2006) Application
of artificial neural network to predict specific fuel consumption
and exhaust temperature for a Diesel engine. Appl Therm Eng
26(8-9):824-828

Hiroyasu H, Kadota T (1983) Development and use of a spray
combustion modeling to predict diesel engine efficiency and
pollutant emissions—part 1 combustion modeling. Bull JISME,
vol 26, No 214

Stiesch G, Merker GO (1999) A phenomenological model
for accurate and time efficient prediction of heat release and
exhaust emissions in direct-injection diesel engines. SAE Int,
Warrendale

Stebler H, Weisser G, Horler HU, Boulouchos K (1996) Reduc-
tion of NOx emissions of DI diesel engines by application of the
Miller-System: An experimental and numerical investigation.
SAE Int, Warrendale

Merker GP, Hohlbaum B, Rausher M (1993) Two-zone model
for calculation of nitrogen-oxide formation in direct-injection
diesel engines. SAE Int, Warrendale

Andersson M, Johansson B, Hultqvist A, Nohre C (2006) A
real-time NOx model for conventional and partially premixed
diesel combustion. SAE Int, Warrendale

Barba C, Burckhardt C, Boulouchos K, Bargende M (1999)
Empirical model for the prediction of the combustion process in
common rail diesel engines. MTZ-Motortechnische Zeitschrift
60(4):262-270

Chmela FG, Orthaber GC (1999) Rate of heat release predic-
tion for direct injection diesel engines based on purely mixing
controlled combustion. SAE Int, Warrendale

Bruneaux G (2001) Mixing process in high pressure diesel jets
by normalized laser induced exciplex fluorescence Part I: Free
jet. SAE Int, Warrendale

Flynn PF, Durrett RP, Hunter GL, Zur Loye AO, Akinyemi OC,
Dec JE, Westbrook ChK (1999) Diesel combustion: an inte-
grated view combining laser diagnostics, chemical kinetics, and
empirical validation. SAE Int, Warrendale

Zeldovich YB (1946) The oxidation of nitrogen in combustion
and explosions. Acta Physiochimica USSR 21:577-628
Lavoie GA, Heywood JB, Keck JC (1970) Experimental and
theoretical investigation of nitric oxide formation in internal
combustion engines. Combust Sci Technol 1:313-326
Fenimore CP (1972) Formation of nitric oxide from fuel nitro-
gen in ethylene flames. Combust Flame. https://doi.org/10.1016/
S0010-2180(72)80219-0

pringer

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Wolfrum J (1972) Bildung von Stickstoffoxiden bei der Verbren-
nung. Chem Ing Tec 44(10):656—-659

Glarborg P, Jensen AD, Johnsson JE (2003) Fuel nitrogen con-
version in solid fuel fired systems. Prog Energy Combust Sci
29(2):89-113

Tree DR, Svensson KI (2006) Soot processes in compression
ignition engines. Prog in Energy Combust Sci. https://doi.
org/10.1016/j.pecs.2006.03.002

Guzzella L, Amstutz A (1998) Control of diesel engines. IEEE
Control Syst Mag 18(5):53-71

Ericson C, Westerberg B, Andersson M, Egnell R (2006) Mod-
elling diesel engine combustion and NOx formation for model-
based control and simulation of engine and exhaust aftertreat-
ment systems. SAE Int, Warrendale

Yildiz Y, Annaswamy AM, Yanakiev D, Kolmanovsky I (2010)
Spark ignition engine fuel-to-air ratio control: An adaptive con-
trol approach. Control Eng Pract 18(12):1369-1378
Guardiola C, Martin J, Pla B, Bares P (2017) Cycle by
cycle NOx model for diesel engine control. Appl Therm
Eng 110:1011-1020. https://doi.org/10.1016/j.appltherma
leng.2016.08.170

Atkinson C, Mott G (2010) Dynamic model-based calibration
optimization: an introduction and application to diesel engines.
SAE Int. https://doi.org/10.4271/2005-01-0026

Klampfl E, Lee J, Dronzkowski D, Theisen K (2012) Engine cali-
bration process optimization. pp 335-341. https://doi.org/https://
doi.org/10.5220/0003695603350341

Brahma I, Chi JN (2012) Development of a model-based transient
calibration process for diesel engine electronic control module
tables-Part 1: Data requirements, processing, and analysis. Int J
Engine Res 13:77-96. https://doi.org/10.1177/146808741142437
6

Asprion J, Chinellato O, Guzzella L (2013) A fast and accurate
physics-based model for the NOx emissions of Diesel engines.
Appl Energy. https://doi.org/10.1016/j.apenergy.2012.09.038
Saravanan Duraiarasan RS, Anna S, Siddharth Mahesh MA (2019)
Control-oriented physics-based nox emission model for a diesel
engine with exhaust gas recirculation. ASME 2019 Dyn Syst Con-
trol Conf. Oct 8-11, 2019, Park City, Utah, USA Vol 2.

Cao H, Sun BY, Duan J (2000) Self-tuning PID controller of
diesel engine based on fuzzy logic. J-Dalian Univ Technol
40(4):465-469

Wahlstrom J, Eriksson L (2011) Modelling diesel engines with
a variable-geometry turbocharger and exhaust gas recirculation
by optimization of model parameters for capturing non-linear
system dynamics. Proc Inst Mech Eng Part D J Automob Eng
225:960-986. https://doi.org/10.1177/0954407011398177
Arnold JF, Langlois N, Chafouk H, Trémouliere G (2006) Con-
trol of the air system of a diesel engine: A fuzzy multivariable
approach. In: Proceedings of the IEEE International Conference
on Control Applications. pp 2132-2137

Dabo M, Langlois N, Chafouk H (2009) Dynamic feedback lin-
earization applied to asymptotic tracking: Generalization about
the turbocharged diesel engine outputs choice. In: Proceedings of
the American Control Conf. pp 3458-3463

Kotman P, Bitzer M, Kugi A (2010) Flatness-based feedforward
control of a diesel engine air system with EGR. In: IFAC Pro-
ceedings Volumes (IFAC-PapersOnline). IFAC Secretariat, pp
598-603

Ismail HM, Ng HK, Queck CW, Gan S (2012) Artificial neural
networks modelling of engine-out responses for a light-duty diesel
engine fuelled with biodiesel blends. Appl Energy 92:769-777
Gad MS, El-Araby R, Abed KA, El-Ibiari NN, EIMorsi AK, El-
Diwani GI (2018) Performance and emissions characteristics of
CI engine fueled with palm oil/palm oil methyl ester blended with
diesel fuel. Egypt J Petroleum 27(2):215-219


https://doi.org/10.1016/S0010-2180(72)80219-0
https://doi.org/10.1016/S0010-2180(72)80219-0
https://doi.org/10.1016/j.pecs.2006.03.002
https://doi.org/10.1016/j.pecs.2006.03.002
https://doi.org/10.1016/j.applthermaleng.2016.08.170
https://doi.org/10.1016/j.applthermaleng.2016.08.170
https://doi.org/10.4271/2005-01-0026
https://doi.org/10.5220/0003695603350341
https://doi.org/10.5220/0003695603350341
https://doi.org/10.1177/1468087411424376
https://doi.org/10.1177/1468087411424376
https://doi.org/10.1016/j.apenergy.2012.09.038
https://doi.org/10.1177/0954407011398177

A Review of the State-of-the-Art Emission Control Strategies in Modern Diesel Engines

4915

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Teoh YH, How HG, Masjuki HH, Nguyen HT, Kalam MA, Alab-
dulkarem A (2019) Investigation on particulate emissions and
combustion characteristics of a common-rail diesel engine fueled
with Moringa oleifera biodiesel-diesel blends. Renew Energy, pp
521-534

Lozhkina OV, Lozhkin VN (2016) Estimation of nitrogen oxides
emissions from petrol and diesel passenger cars by means of on-
board monitoring: Effect of vehicle speed, vehicle technology,
engine type on emission rates. Transp Research Part D: Transp
and Environ 47:251-264

Yap WK, Karri V (2011) ANN virtual sensors for emissions pre-
diction and control. Appl Energy 88:4505-4516

Min K, Jung D, Sunwoo M (2015) Air system modeling of light-
duty diesel engines with dual-loop EGR and VGT systems.
IFAC-PapersOnLine 28:38—44. https://doi.org/10.1016/j.ifaco
1.2015.10.006

Divekar P, Tan Q, Chen X, Zheng M (2015) Characterization of
Exhaust Gas Recirculation for diesel low temperature combus-
tion. IFAC-PapersOnLine 28:45-51. https://doi.org/10.1016/j.
ifacol.2015.10.007

Luo X, Wang S, De Jager B, Willems P (2015) Cylinder pressure-
based combustion control with multi-pulse fuel injection. IFAC-
PapersOnLine 28(15):181-186. https://doi.org/10.1016/j.ifaco
1.2015.10.026

Nielsen KV, Blanke M, Vejlgaard-Laursen M (2015) Nonlin-
ear adaptive control of exhaust gas recirculation for large die-
sel engines. IFAC-PapersOnLine 28(16):254-260. https://doi.
org/10.1016/j.ifacol.2015.10.289

Hong S, Park I, Chung J, Sunwoo M (2015) Gain scheduled
controller of EGR and VGT systems with a model-based gain
scheduling strategy for diesel engines. IFAC-PapersOnLine
28(15):109-116. https://doi.org/10.1016/j.ifacol.2015.10.016
Yang Z, Winward E, Zhao D, Stobart R (2016) Three-input-three-
output air path control system of a heavy-duty diesel engine.
IFAC-PapersOnLine 49(11):604-610. https://doi.org/10.1016/j.
ifacol.2016.08.088

Chen S, Yan F (2016) Decoupled, disturbance rejection control for
a turbocharged diesel engine with dual-loop EGR system. IFAC-
PapersOnLine 49(11):619-624. https://doi.org/10.1016/j.ifaco
1.2016.08.090

Nylén A, Henningsson M, Cervin A, Tunestdl P (2016) Con-
trol design based on FMI: a diesel engine control case study.
IFAC-PapersOnLine 49:231-238. https://doi.org/10.1016/j.ifaco
1.2016.08.035

Jung D, Min K, Park Y, Pyo S, Sunwoo M (2016) Feedforward
controller design for EGR and VGT systems based on cylinder
pressure information and air path model. IFAC-PapersOnLine.
49(11):596-603. https://doi.org/10.1016/j.ifacol.2016.08.087
Gelso ER, Dahl J (2016) Air-path control of a heavy-duty EGR-
VGT diesel engine. IFAC-PapersOnLine 49(11):589-595. https
://doi.org/10.1016/j.ifacol.2016.08.086

Dahl J, Wassén H, Santin O et al (2018) Model predictive control
of a diesel engine with turbo compound and exhaust after-treat-
ment constraints. [IFAC-PapersOnLine 51:349-354. https://doi.
org/10.1016/j.ifacol.2018.10.072

Karim MR, Egardt B, Murgovski N, Gelso ER (2018) Super-
visory control for real-driving emission compliance of heavy-
duty vehicles. IFAC-PapersOnLine 51(31):460—466. https://doi.
org/10.1016/j.ifacol.2018.10.103

Grofbichler M, Schmied R, Waschl H (2017) Dynamic full range
input shaping of injection parameters for reduction of transient
NOx emissions. [IFAC-PapersOnLine 50(1):3726-3731. https://
doi.org/10.1016/j.ifacol.2017.08.570

Ikemura R, Yamasaki Y, Kaneko S (2016) Study on model based
combustion control of diesel engine with multi fuel injection. J
Phys Conf Ser. https://doi.org/10.1088/1742-6596/744/1/012103

75.

76.

7.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Takahashi M, Yamasaki Y, Kaneko S, Koizumi J, Hayashi T,
Hirata M (2018) Model-based control system for air path and
premixed combustion of diesel engine. IFAC-PapersOnLine.
51(31):522-528. https://doi.org/10.1016/j.ifacol.2018.10.114
Hirata M, Hayashi T, Koizumi J, Takahashi M, Yamasaki Y,
Kaneko S (2018) Two-degree-of-freedom hoo control of diesel
engine air path system with nonlinear feedforward controller.
IFAC-PapersOnLine 51(31):535-541. https://doi.org/10.1016/j.
ifacol.2018.10.118

Zhang X, Eguchi M, Ohmori H (2018) Diesel engine combustion
control based on cerebellar model articulation controller (CMAC)
in feedback error learning. IFAC-PapersOnLine. 51(31):516-521.
https://doi.org/10.1016/j.ifacol.2018.10.112

Willems F (2018) Is cylinder pressure-based control required to
meet future HD legislation? IFAC-PapersOnLine 51(31):111-118.
https://doi.org/10.1016/j.ifacol.2018.10.021

Hirata M, Hayashi T, Takahashi M, Yamasaki Y, Kaneko S (2019)
A Nonlinear feedforward controller design taking account of
dynamics of turbocharger and manifolds for diesel engine air-
path system. IFAC-PapersOnLine 52(5):341-346. https://doi.
org/10.1016/j.ifacol.2019.09.055

Takahashi M, Yamasaki Y, Fujii S, Mizumoto I, Hayashi T, Asahi
T et al (2019) Model-based control system for advanced diesel
combustion. IFAC-PapersOnLine 52(5):171-177. https://doi.
org/10.1016/j.ifac0l.2019.09.028

Fujii S, Mizumoto I, Takahashi M, Yamasaki Y, Kaneko S (2019)
Design of combustion control system based on adaptive output
feedback for premixed diesel combustion. IFAC-PapersOnLine
52(5):165-170. https://doi.org/10.1016/j.ifacol.2019.09.027
Zhang J, Liu L, Li X, Li W (2018) Chattering-free sliding mode
control for diesel engine air path system with actuator faults.
IFAC-PapersOnLine 51(31):429-434. https://doi.org/10.1016/j.
ifacol.2018.10.096

Kekik B, Akar M (2019) Model predictive control of diesel engine
air path with actuator delays. IFAC-PapersOnLine 52(18):150-
155. https://doi.org/10.1016/j.ifacol.2019.12.222

Badshah H, Posada F, Muncrief R (2019) Current State of NOx
Emissions from in-use Heavy-Duty Diesel Vehicles in the United
States. International Council for Clean Transportation
Rodriguez F, Posada F (2019) Future heavy-duty emission stand-
ards. International Council for Clean Transportation.

Kocher L, Koeberlein E, Stricker K, Van Alstine DG, Biller B,
Shaver GM (2011) Control-oriented modeling of diesel engine gas
exchange. In Proceedings of the 2011 American Control Confer-
ence, IEEE, pp 1555-1560

Kocher LE, Hall CM, Van Alstine D et al (2014) Nonlinear
model-based control of combustion timing in premixed charge
compression ignition. Proc Inst Mech Eng Part D J Automob Eng
228:703-718. https://doi.org/10.1177/0954407014521797
Shewale M, Razban A, Deshmukh S, Mulik S (2020) Design,
development and implementation of the position estimator algo-
rithm for harmonic motion on the XY flexural mechanism for
high precision positioning. Sensors (Switzerland). https://doi.
org/10.3390/520030662

Shewale MS, Mulik SS, Deshmukh SP, Patange AD, Zambare
HB, Sundare AP (2019) Novel machine health monitoring sys-
tem. In: Kulkarni A., Satapathy S., Kang T., Kashan A. (eds)
Proceedings of the 2nd international conference on data engi-
neering and communication technology. Advances in Intelligent
Systems and Computing, vol 828. Springer, Singapore. https://doi.
org/10.1007/978-981-13-1610-4_47

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.ifacol.2015.10.006
https://doi.org/10.1016/j.ifacol.2015.10.006
https://doi.org/10.1016/j.ifacol.2015.10.007
https://doi.org/10.1016/j.ifacol.2015.10.007
https://doi.org/10.1016/j.ifacol.2015.10.026
https://doi.org/10.1016/j.ifacol.2015.10.026
https://doi.org/10.1016/j.ifacol.2015.10.289
https://doi.org/10.1016/j.ifacol.2015.10.289
https://doi.org/10.1016/j.ifacol.2015.10.016
https://doi.org/10.1016/j.ifacol.2016.08.088
https://doi.org/10.1016/j.ifacol.2016.08.088
https://doi.org/10.1016/j.ifacol.2016.08.090
https://doi.org/10.1016/j.ifacol.2016.08.090
https://doi.org/10.1016/j.ifacol.2016.08.035
https://doi.org/10.1016/j.ifacol.2016.08.035
https://doi.org/10.1016/j.ifacol.2016.08.087
https://doi.org/10.1016/j.ifacol.2016.08.086
https://doi.org/10.1016/j.ifacol.2016.08.086
https://doi.org/10.1016/j.ifacol.2018.10.072
https://doi.org/10.1016/j.ifacol.2018.10.072
https://doi.org/10.1016/j.ifacol.2018.10.103
https://doi.org/10.1016/j.ifacol.2018.10.103
https://doi.org/10.1016/j.ifacol.2017.08.570
https://doi.org/10.1016/j.ifacol.2017.08.570
https://doi.org/10.1088/1742-6596/744/1/012103
https://doi.org/10.1016/j.ifacol.2018.10.114
https://doi.org/10.1016/j.ifacol.2018.10.118
https://doi.org/10.1016/j.ifacol.2018.10.118
https://doi.org/10.1016/j.ifacol.2018.10.112
https://doi.org/10.1016/j.ifacol.2018.10.021
https://doi.org/10.1016/j.ifacol.2019.09.055
https://doi.org/10.1016/j.ifacol.2019.09.055
https://doi.org/10.1016/j.ifacol.2019.09.028
https://doi.org/10.1016/j.ifacol.2019.09.028
https://doi.org/10.1016/j.ifacol.2019.09.027
https://doi.org/10.1016/j.ifacol.2018.10.096
https://doi.org/10.1016/j.ifacol.2018.10.096
https://doi.org/10.1016/j.ifacol.2019.12.222
https://doi.org/10.1177/0954407014521797
https://doi.org/10.3390/s20030662
https://doi.org/10.3390/s20030662
https://doi.org/10.1007/978-981-13-1610-4_47
https://doi.org/10.1007/978-981-13-1610-4_47

	A Review of the State-of-the-Art Emission Control Strategies in Modern Diesel Engines
	Abstract
	1 Introduction
	2 Numerical Investigation of Diesel Engine Combustion and EO Emissions
	2.1 Need for Combustion Modeling
	2.2 Combustion Models
	2.2.1 Empirical Combustion Models
	2.2.2 Phenomenological Combustion Models
	2.2.3 Physics-Based Combustion Models


	3 Controller Architectures and Implementation
	4 Recent Engine Control Strategies
	5 Summary
	References




