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Preface

In spite of the economic crisis of transport sectors such as the aerospace or naval,
the automotive sector is facing a really challenging time. The trends in this sector
during the past years had been focused on minimizing the pollutants, namely NOx,
CO, HC or PM. However, the efforts in the next years are moving towards the CO2

reduction, and thus minimizing the fuel consumption without worsening the pol-
lutants. In the case of gasoline engines, the emissions problem is relatively solved
since years by the three-way catalyst but for diesel, the use of different after-
treatment systems as well as new combustion systems and control improvements
are necessary. At the same time, the introduction of new fuel types and the
development of the electric or hybrid vehicles introduce indeed new possibilities
to the engineers.

The diesel engine requires a renewal of the number of information sources
available in order to monitor and control all the variables that affect the correct
performance of this complex system. A good example is the on-board diagnostics
algorithms necessary to monitor the NOx emissions, required for the urea dosing of
the selective catalyst reduction systems or useful for the development of direct
NOx control.

Within this framework, this book intends to give solutions to real problems on
the topic of the online estimation of the exhaust engine variables in diesel engines.
The reader will find a number of methods and algorithms that cover the main
possibilities for inferring the exhaust variables on-board:

On-board sensors
Control oriented models
Data fusion methods for combining the information from sensors and models.

At all times, I have tried not to forget the application and motivation of this work,
so that all the methods and solutions presented, have been applied to real engine
data for the estimation of NOx and exhaust lambda. In addition, it is well known
that the electronic control unit capacities are limited and thus the computationally
efficiency and the simplicity of the methods are mandatory in order to implement
the methods on-board. The reader will find then, that these guidelines are kept, so
that chapters which cover the engine setup or the applied results are combined with
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others that directly cover the mathematics of the methods and the development of
on-board suitable methods.

From my current position in an automotive company, I am able to test myself
the utility of the methods when using them for a big number of tasks in different
projects. I would be really satisfied if I could see how this work can be useful for
other people in the automotive field or any other field. Furthermore, I am really
open to hear the opinion from my colleagues regarding the methods developed
here or indeed from some improvement suggestions. I still feel that there are lots of
things to do in the field of the adaptive modelling or observation. From my modest
contribution, I would like to do my one’s bit on this field.

Aachen, May 2014 Dr.-Ing. David Blanco-Rodriguez
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Chapter 1
Introduction

1.1 Background

The evolution of transportation systems is closely linked with the degree of
development of modern societies. As shown in Fig. 1.1, developed countries present
passenger car densities around 0.5 cars per inhabitant (Santos et al. 2011; The Euro-
pean Commission 2011), while developing countries, such as China or India around
0.03 (Dargay and Gately 1999; Guzzella and Sciarretta 2007; Payri et al. 2012),
although the economic development is expected to make this average grow. The
transportation fleet is responsible for about 40% of the global fuel consumption and
the expected growth will rise the number.

1.2 The Emissions Regulation in Diesel Engines

The world attention about environmental protection has resulted in new strict laws
which establish the requirements for pollutants emissions, and therefore define prior-
ities in the technology development (Bosch 2011). Traditionally, two types of internal
combustion (IC) engines have dominated the transportation market: the spark igni-
tion (SI) or gasoline and the compression ignition (CI) or diesel engines. Particularly
in diesel engines, main pollutants are:

• Nitrogen oxides (NOx) are benefited from high temperatures and a lean combus-
tion. NOx at the engine exhaust contains NO with a proportion between 70 and
90% while the rest is mainly NO2 (Hernández 2004).

• Particulate matter (PM) is a complex aggregate formed by soot, hydrocarbons
(HC) resulting from fuel and lubrication and other minor products. The proportion
of these components varies with the engine and operating point conditions. PM
emissions have an opposite trend with NOx, and if fuel is burnt appropriately, PM
concentration decreases while NOx increases.

D. Blanco-Rodriguez, Modelling and Observation of Exhaust Gas Concentrations 3
for Diesel Engine Control, Springer Theses, DOI: 10.1007/978-3-319-06737-7_1,
© Springer International Publishing Switzerland 2014
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4 1 Introduction

Fig. 1.1 Cars per person
(bars) and gross domestic
product (GDP) per capita
(line) in some selected coun-
tries, adapted from Payri et al.
(2012)
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• Carbon dioxide (CO2) formation is proportional to the fuel consumption. Tradi-
tionally, CO2 emissions were not regulated, however they have been driven by the
fuel economy demanded by the users. CO2 is today a main concern for manufac-
turers not only due to the fuel saving requirements but due to the new regulations
on CO2.1 The passenger cars are particularly responsible for around the 12% of
the CO2 emissions caused by humans (Johnson 2010).

• Carbon monoxide (CO) is a sub-product of the combustion (more important in SI
than in CI engines) and a dangerous colourless, odourless and tasteless gas. The
usual is that CO oxides at the atmosphere for forming CO2.

• Hydrocarbons (HC) are a product of an incomplete combustion of the injected fuel
due to rich conditions and low temperatures that can locally be achieved inside the
cylinder. Partially oxidised HC and non-burnt HC are usually included inside this
group. The emissions of CO and HC in diesel engines are of less importance than
NOx, PM and CO2.

Figure 1.2 shows emissions limits for NOx and PM for the different versions
of European legislation standards (The European Parliament and the Council of
the European Union 2009) for diesel passenger cars and light-duty (LD) vehicles.
Specifically in mobile sources, diesel engines must reduce NOx emissions by 20%
with regards to EURO 5 and 50% with regards to EURO 6 if comparing with the
previous EURO 4 standard.

Driven by these legislations and the market demands, the diesel engine has sub-
stantially changed from the original one designed by Rudolf Diesel. The modern
diesel engine comprises of variable geometry turbocharging (Varnier 2012) for
increasing the intake air mass flow, common-rail systems for allowing multiple and
controlled injections (Schommers et al. 2000), an exhaust gas recirculation (EGR)
(Pla 2009) for reducing NOx and different after-treatment (AT) systems (Johnson
2012) such as the diesel particulate filter (DPF) for trapping soot, the diesel oxidation

1 CO2 emissions are regulated in Europe since the year 2009 by the European directive 443/2009
(The European Parliament and the Council of the European Union 2009).
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1.2 The Emissions Regulation in Diesel Engines 5

Fig. 1.2 NOx and PM emis-
sion limits for diesel passenger
cars and light-duty vehicles
(M1) from Euro 1 to Euro 6
standards. NOx limits were
first imposed in Euro 3.
Euro 6 is to be applied in 2014
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catalyst (DOC) for eliminating HC and the selective catalyst reduction (SCR) or the
lean NOx trap (LNT) for removing NOx. These advances make the diesel engine a
sophisticated system that requires an engine control unit (ECU) for an appropriate
management and a growing complexity on calibration and implementation.

The SI engine has traditionally solved the emissions problem easier than the
CI engine by installing a three way catalyst (TWC), which simultaneously reduces
NOx and oxidises CO and HC. Nevertheless, the fuel efficiency is lower in SI than
in CI engines. In the last years, and with the idea of taking advantage of the best
properties of CI and SI engines, manufacturers and researchers have put a big effort in
developing a more efficient and environmentally sustainable engine. These concepts
usually lie on low temperature combustions (LTC) (Lu et al. 2011). Alternatively,
hybrid-electric and pure electric power sources are also becoming an option for the
present and future vehicle.

Whatever the engine selected (IC, electric or hybrid), the appropriate manage-
ment of all subsystems merits a special focus on the ways of retrieving information
about the states (i.e. variables that determine the behaviour of the engine). The work
presented in this dissertation is focused on the estimation of the exhaust gas concen-
trations of diesel engines, whose motivation is further presented in the next section.

1.3 The Need of Information in Diesel Engines

The advancements in the diesel engines must be in the direction of guarantying
low emissions while achieving high efficiency, performance and reliability. These
purposes require not only efforts on the engine design and performance, but also
in the development of reliable measurement systems to get information about the
processes, which is needed for the implementation of control strategies, paying a
special attention to the transient operation. In such sense, standards also specify

www.TechnicalBooksPDF.com



6 1 Introduction

on-board diagnostics procedures (OBD) that, based on models and measured data,
are capable of detecting faults on engine or vehicle system. Driver must be notified
when emissions are out of the limits with the malfunction indicator lamps (MIL)
and the ECU must correct this fault or recommend what to do for a correct and safe
actuation.

The diesel engine itselfmay be split in twomain systems: the fuel and the air paths.
The fuel path is controlled by the measured rail pressure and the estimated injection
fuel rate. Globally, the engine is controlled for delivering a given referenced torque on
the wheels. However, no variable is measured downstream the combustion chamber
and that means that engine management is not based on final measurements, and
emissions limits or performance are tracked by feed-forward controllers with closed
loop control on intermediate variables.

Regarding the emissions control in LD diesel engines without SCR and LNT, the
common layout is installing no physical nor virtual sensor for tracking pipe-out emis-
sions; the engine is calibrated offline before going to market. During the calibration
procedure, the emissions are measured by laboratory sensors with limited dynamic
capabilities. Furthermore, standard procedures are often based on steady-state mea-
surements and indeed, dynamic homologation cycles, such as the new European
driving cycle (NEDC) (see Chap. 3), are not representative of real-life driving cycles
(Rubino et al. 2008). Finally, hardware unit-to-unit dispersion (engine, sensors, etc.),
system ageing and the effects of external variables (temperature, pressure, humidity,
etc.) make this procedure does not ensure that the engine keeps working as when it
was calibrated.

Narrow band lambda sensors for measuring lean or rich mixture have been
installed in SI engines from 1968 (for controlling the TWC) and wide band lambda
sensor for providing full resolution oxygen concentration can be found in some diesel
engines from the end of the 90s. Anyway, the exhaust oxygen measurement in diesel
engines is not standard and is not usually utilised for controlling the air path (except
for detecting injector drifts).

Furthermore, it is less usual finding on-board sensors for measuring engine-out
emissions in LD diesel engines. Different reasons can be stated:

• Exhaust gas concentration sensors (mainly NOx and soot) with a sufficient small
size and acceptable accuracy for on-board measurements have not been available
until the last decade. More recently, on-engine NOx can be measured with NOx
sensors based on the ZrO2 planar technology (Kato et al. 1996; Zhuiykov and
Miura 2007). On-board soot sensors are also starting to be marketed.

• The high cost of these on-board sensors with respect to the traditional ones used in
automotive until EURO 5 standards [the cost can be several times higher according
to Fleming problem of the online estimation (2001)].

• Even though the steady-state accuracy of these sensors is acceptable, the dynamic
performance is still problematic due to the slow and filtered responses in the order
of 1 s, which prevent from using them with real-time purposes.
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1.3 The Need of Information in Diesel Engines 7

Anyway, these sensors are being gradually introduced in the market, enhanced
by the development of after-treatment devices.2 Admittedly, some luxury cars have
already installed NOx sensors some years before. However, the problems derived of
using the raw output signal in real-time functions must be addressed.

Models may be used as an alternative to sensors, since they can reproduce fast
transients and present offline prediction capabilities (Wahlström and Eriksson 2011;
Schilling and Amstutz 2006). Nevertheless, models suffer from drift depending on
time and engine operating conditions, and uncertainties linked with the model struc-
ture or non-considered inputs. In commercial engineECUs, the prevailing approach is
to use look-up tables to model nonlinear and operating point dependencies because
of the simple programming and easy comprehension. An intensive test campaign
should be made for filling the tables with a big number of steady-states for offline
calibration and a limited number of dynamic tests for validation. Anyhow, the drift
problem cannot be eliminated unless sensors with acceptable accuracy are used.

Two main options can be considered for cancelling drift: modelling the bias as an
additive or multiplicative factor to the model, or recalibrating the model. For both
adaptive options, observers can be designed. For the former, the bias can be tracked by
designing a proper drift correction observer, while for the latter, themodel parameters
can be updated for minimising the errors.

For all those techniques and cases, the Kalman filter (KF) (Kalman 1960) is a stan-
dard tool for observing variables. The multiple possibilities for designing observers
make feasible to estimate drift, correct variables and indeed calibrate and update
tables and models, all in an online basis required for diesel diagnostics or control.
Anyway, computational limitations should be issued, and optimized algorithms and
simplifications are crucial, jointly with the robustness of the algorithms.

1.4 Scope of the Work

The dissertation covers the problem of the online estimation of diesel engine exhaust
concentrations of NOx and the fuel-to-air ratio or richness (λ−1). Two information
sources are utilised:

• On-board sensors for measuring NOx and λ−1, and
• Control oriented models (COM) in order to predict NOx and λ−1.

The evaluation of the static accuracy of these sensors is made by comparing the
outputswith a gas analyser, while the dynamics are identified on-board by performing
step-like transitions on NOx and λ−1 after modifying ECU actuation variables. The
former are produced by provoking sharp changes in the start of injection (SOI) while
the latter by sharp changes in the injected fuel. With a sufficient data set, the response
time and delay of the sensor are identified.

2 In HD engines it is usual finding NOx sensors for a correct urea dosing in SCR systems.
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8 1 Introduction

Afterwards, control oriented models for estimating NOx and λ−1 are proposed.
Regarding the λ−1 prediction, the computation is based on the relative fuel-to-air
ratio,where fuel comes fromanECUmodel and airmassflow ismeasured by a sensor.
For the case of NOx, the model is set-point relative and based on look-up tables fitted
for representing nominal engine emissions with an exponential correction based on
the intake oxygen variation. Different correction factors for modelling other effects
such as the thermal loading of the engine are proposed. The model is able to predict
NOx with a low error and a simple structure.

Regardless of using models or sensors, model drift and sensor dynamic deficien-
cies affect the final estimation. In order to solve this problem, data fusion strate-
gies are proposed by combining the steady-state accuracy of the sensor and the fast
estimation of the models. In a first approach, a drift correction model tracks the
bias between the model and the sensor but keeping the fast response of the model.
A KF is used for observing the bias, acting as a high-pass filter for the model and a
low-pass filter for the sensor. In a second approach, the updating of look-up tables
by using observers is coped with different versions based on the extended Kalman
filter (EKF). Particularly, a simplified KF (SKF) allows to observe the parameters
with a low computational effort.

Finally, the methods and algorithms developed in this work are combined and
applied to the estimation of NOx and λ−1 by drift correction algorithms and by
developing adaptive look-up tables. The methods developed in this work are applied
to NOx and λ−1, however these could be employed for other variables such as soot,
or engine parameters such as the volumetric efficiency.

1.5 Objectives

The present work provides solutions and ideas in the field of adaptive estimation
and drift correction of signals and models. Particularly, the following are the main
objectives of the present work:

• The introduction of a novel method for the online characterisation of NOx sensors
(Chap. 3).

• The development of a simple ECU-oriented model for diesel NOx prediction
(Chap. 4).

• The design of a simplified version of the EKFwith similar accuracy as the standard
KF, but that requires a much lower memory resources and calculation time, for
updating look-up tables and models (Chap. 5).

• The development of a full methodology covering design, tuning and on-engine
implementation of observers for the estimation of NOx and λ−1 (Chaps. 5 and 6).

• The design of a set of observers for updating an ECU-oriented model based on
physical and virtual sensors and applied to the NOx prediction (Chap. 6).
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1.5 Objectives 9

1.5.1 Methodology

This document is split up among different parts, which at the same time can contain
more than one chapter. Part I covers the first two chapters and presents the introduc-
tion and the state of the art in estimating exhaust gas concentrations. Part II comprises
Chaps. 3 and 4, and presents the methodology for on-boardmeasuring andmodelling
of gas concentrations. Part III, which covers Chaps. 5 and 6, introduces filtering algo-
rithms for fusing the data coming from sensors and models. Furthermore, it remarks
the design of computationally efficient methods for its on-board implementation.
Part IV comprises Chap. 7 and presents the conclusions and future works. Finally,
the document also includes appendices and the curriculum vitae of the author. In
addition, every chapter has its own bibliography for the sake of clarity.

In the following, the work methodology is sketched up and split up among the
aforementioned chapters.

Chapter 1 has introduced the background and motivation of the present work,
centred on the need of information and sources for obtaining in CI engines in order
to estimate exhaust engine variables such as NOx and λ−1. In addition to this, the
objectives and methodology of the work have been presented.

Chapter 2 emphasises the need of information for a proper control of the diesel
engine and reviews sensors and models for estimating gas concentrations in diesel
engines, while also presents different methods for fast estimation of variables. These
methods are focused on the drift correction and updating algorithms for look-up
tables.

Chapter 3 describes the system set-up including the engine characteristics, which
in the present work has been a 2.2 L turbocharged DICI engine, and the different
engine tests performed on that engine. Furthermore, a novel procedure for the online
characterisation of NOx sensors based on SOI variations is depicted. Characterisa-
tion of λ−1 output from NOx sensors is also presented. This is a key point for the
application of the algorithms developed in subsequent chapters, as the knowledge on
the sensor response greatly affects the results.

Chapter 4 presents the design and validation results of ECU-oriented models for
λ−1 and NOx prediction. The first is just based on the calculation of the fuel-to-air
ratio by the injected fuel mass flow and the air mass flow signals from the ECU
while the second is based on a nominal set-point relative fitting of the NOx with a
series of corrections for accounting with variations on λ−1, temperatures and other
signals. The NOx model combines look-up tables with physical-based equations and
is designed for being implemented on commercial ECUs.

Chapter 5 presents two data fusion strategies for the fast estimation of variables
when a steady-state accurate sensor and a fast model are presented. The first is based
on drift correction algorithms in order to track the bias between a model and a sensor.
In order to observe the bias, a steady-state KF is designed and the observer tuning is
also discussed.

The second strategy comes from that look-up tables are often used in automotive
control systems and there is a need for systematicmethods that can estimate or update
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10 1 Introduction

them on-line. According to that, learning algorithms for the online updating of look-
up tables are proposed. Based on the EKF for observing look-up tables parameters
(Höckerdal et al. 2011), two different versions that keep some of the properties of
the original KF but optimise the computation are designed.

The methods presented in the Chap. 5 can be applied to different engine variables.
In this work, Chap. 6 applies them to the fast estimation of λ−1 and NOx. In order
to do that, different algorithms based on the dynamic estimation methods of Chap. 5
are proposed.

Afterwards, a full methodology for the fast estimation of λ−1 is presented. This
part covers the methodology, the implementation of robustness conditions for cop-
ing with signal uncertainties and proposes an adaptive look-up table for modelling
operating point dependency of the bias. Finally, experimental results are presented.

The secondpart of the chapter is centred on the fast estimation ofNOx bydesigning
different algorithms. First, the evaluation of the methods for updating look-up tables
designed in the Chap. 5 is validated by using real engine data for the NOx estimation.
Furthermore, single 2D adaptive look-up tables scheduled by injection and speed are
proposed for modelling slow varying cycles. Second, different set of observers are
proposed in order to update parameters on the NOx model developed in the Chap. 4
and for minimising the errors in the model inputs when sensor signals are available.
To conclude, the estimation of the actual NOx, solving the problems of filtering and
delay of sensors, is proposed.

Finally, Chap. 7 presents the conclusions and the future works derived from this
dissertation.
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Chapter 2
Exhaust Gas Concentrations Estimation
in Diesel Engines

2.1 Introduction

Driven by the advancements in diesel engines and especially due to the stringent
regulations in the recent years that have enhanced the introduction of the after-
treatment (AT) systems, the control and diagnostic logics in the modern ECU are
accomplishing a renewal. The typical configuration of a short route EGR and a vari-
able geometry turbine (VGT) shall be extended to include dual EGR loops, and dif-
ferent systems for eliminating particles, hydrocarbons and NOx in the exhaust. This
modernisation must be run jointly with the improvements in the ways of retrieving
information from the states of the engine, particularly from engine-out concentra-
tions. This chapter gives an overview on the actual state on technologies related
with diesel engine and the different sources of information from the exhaust gas
concentration on diesel engines: sensors, models and adaptive estimators. A spe-
cific discussion about the λ and NOx estimation in CI engines is made due to their
relevance in the present dissertation.

2.2 Diesel Engine Subsystems

There exists different possible diesel engine layouts, but they all share at some point
the following subsystems (Bosch 2011): the fuel path, the air path, the after-treatment
and the control system.

2.2.1 The Fuel Path System

The common-rail (CR) system and the direct injection (DI) is standard in current
diesel engines (Schommers et al. 2000). The main advantages of the CR against

D. Blanco-Rodriguez, Modelling and Observation of Exhaust Gas Concentrations 13
for Diesel Engine Control, Springer Theses, DOI: 10.1007/978-3-319-06737-7_2,
© Springer International Publishing Switzerland 2014

www.TechnicalBooksPDF.com



14 2 Exhaust Gas Concentrations Estimation in Diesel Engines

other systems, such as the distributor pump and the unit pump injector, are the
multiple injections and the control flexibility. A pressurised deposit monitored by a
rail pressure sensor is capable of maintaining the pressure highly constant during the
injection.

In the ECU, the total injected fuel mass (mf ) is modelled by a look-up table
function of the injection duration (tid ) and the rail pressure (prail). The SOI actuation
(usoi ) is determined by a calibrated look-up table as function of speed (n) and the
desired mf and is measured in degrees with respect to the top dead centre (TDC). In
the case of sharp load steps and in order to avoid the excessive emissions of HC and
soot, the smoke limiter function limits mf until the air path responds and supplies
the air mass flow (ṁa) required for the combustion, as depicted later in Fig. 2.2.

mf = f (tid , prail) (2.1a)

usoi = f (n,mf ). (2.1b)

2.2.2 The Air Path System

In a commercial CI engine, the following subsystems can usually be found in the air
path: the air filter (in order to clean the entering air, although causing a minimum
pressure drop in the line), a (single or double stage) turbocharger (TC) including an
intercooler for cooling the compressed air (thus increasing the density), the intake
and exhaust manifolds, the EGR loops (high and low pressure loops) and the pipe-out
line (the after-treatment devices are considered as an independent subsystem because
of the different possibilities existing today, even though they are really connected to
the pipe-out line).

A single TC is the common layout in commercial engines, but some mount also
dual stage TC (Varnier 2012). The main function is increasing the intake air mass
flow by increasing the density with a compressor usually powered by a turbine shaft
located at the engine exhaust (Saidur et al. 2012). One of the main drawbacks of the
system is the turbolag of the TC which is associated with the inertial response of the
turbo shaft to accelerations, especially at low speed and low loads, when the exhaust
energy is quite low (Park et al. 2010). In order to get the maximum efficiency of the
compressor and turbine, two types of control are usual: waste-gate (WG) valves and
a variable geometry turbine (VGT), also known as variable nozzle turbine (VNT).
The WG configuration is based on the use of a fixed geometry in the turbine with a
valve that acts bypassing the flow minimising the effective exhaust flow through the
turbine. This solution has practically been replaced by the use of the VGT, which
is based on movable nozzles that vary the turbine work depending on the operating
point. The VGT allows to increment the engine performance reducing the specific
fuel consumption and also adds a major flexibility to the control, admittedly that
increments the related complexity and calibration effort. In a dual stage TC, there
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Fig. 2.1 Nominal NOx emis-
sions depending on [CO2]int
for nominal tests in the CI
engine explained in Chap. 3.
Values are normalised with
the maximum NOx value for
each operating point, which
corresponds to uegr = 100
(fully closed) for each pair
of [n,mf ]
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exists a wide variety of possibilities of combining WG, VGT and fixed geometries
in the high pressure (HP) and low pressure (LP) turbines (Galindo et al. 2009).

The exhaust gas recirculation (EGR) is the most widely extended NOx reduction
system (Pla 2009) and is used in CI engines since the middle of the 90s. The basic
idea is recirculating a portion of the exhaust gas to the intake. The principal effect
of the EGR system is reducing the effective O2 (increasing effective [CO2]int ) at the
intake and then diminishing the peak temperature in the cylinder and thus reducing
NOx as it is shown in Fig. 2.1.

The EGR rate in steady-state operation can be defined as the quotient between
the total EGR mass flow ṁegr and the intake mass flow (ṁint )

ṁint = ṁa + ṁegr (2.2a)

EGR = ṁegr

ṁint
(2.2b)

The work by Ladommatos et al. (1996a, b, 1997a, b, 2000) is a good reference for
understanding the effects of the EGR in the combustion and emissions. In addition to
the internal EGR (inert gas fraction that stays in the cylinder after the combustion),
the external EGR can comprise high pressure EGR (HPEGR) and low pressure EGR
(LPEGR) loops. The HPEGR is based on the extraction of a portion of the exhaust
gas upstream of the turbine and driven normally to the intercooler output (hot EGR).
The LPEGR extracts a portion of the exhaust gas at some point downstream of the
turbine (it is usual to locate it downstream of the diesel particulate filter for avoiding
damage in the compressor) and is guided at the compressor inlet (after the air filter).
Besides the installation of valves for controlling the flow, coolers are installed for
increasing the flow density.

The HPEGR, namely EGR for simplification, is the standard in CI engines due to
the simple layout and control: the pressure differences between exhaust and intake
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facilitate that gas goes to the intake with some exceptions, which can occur for
high EGR rates, problem that can be solved e.g. by introducing a throttle valve
(van Nieuwstadt 2003). Even though the LPEGR did not enter into massive produc-
tion, there exists today a certain interest in combining both loops for further reduction
of emissions that can push up to relax the AT efficiencies (Millo et al. 2012; Desantes
et al. 2013) and thus the cost of complex systems.

2.2.2.1 EGR/VGT Control

The air path is managed independently of the fuel injection system. The effects of
the injection settings are considered in the air path as instantaneous inputs for a
multiple input multiple output (MIMO) control problem. More concretely, the fuel
injection quantity (mf ) and the engine speed (n) are used as scheduling variables for
defining the set-points for the EGR and VGT actuation. Then, for a common layout
of HPEGR and VGT (or WG), the inputs are the EGR valve position (uegr ) and the
turbine actuation (uvgt or uwg), besides other actuators such as valves for bypassing
the flow over the EGR cooler (ubp,egr ) if necessary. If the TC is dual stage, it is usual
that only one of the turbines can be actuated. For other layouts, different control
strategies can be designed, e.g. with a twin turbo sequential parallel configuration,
an extra variable is necessary in order to coordinate the switching (Galindo et al.
2009). Varnier (2012) gives a complete review on boosting technologies and its
associated control.

TheEGR/VGTcontrol strategy basically consists on twomaps for determining the
set-points for the air mass flow (ṁa) and the boost pressure (pboost ), while uegr and
uvgt are commanded for reaching these set-points (Guzzella and Amstutz 1998). The
coupling of the EGR/VGT system is avoided by defining control regions, with and
without EGR. When engine is working in the EGR area, uegr is controlled in closed
loop for reaching the required air mass flow set-point scheduled by mf and n. The
VGT is commanded in open loop by a feed-forward controller that imposes a given
uvgt depending also on mf and n. This structure avoids the problem of the EGR/VGT
coupling that can be exemplified as follows: when the EGR valve is opened, a closing
on turbine nozzles increments the exhaust backpressure and the turbine regime, this
effect produces a higher recirculation of EGR reducing the effective air mass flow at
the intake (the EGRmass flow replaces the fresh air). However, when the EGR valve
is fully closed, a closing of the turbine nozzles produces an increase of the intake air
mass flow. This occurs for medium-high engine loads and uvgt is controlled in closed
loop, while the EGR valve keeps closed. The control objective is then reaching the
intake air mass flow set-point. Figure 2.2 schematises the air path and the smoke
limiter controller.

Furthermore, some corrections or maps switching are applied depending on com-
bustion modes or for cold starting strategies (the references for injection and air path
are modified). The engine coolant temperature (Tcool ) is also used for corrections
and for defining the cold starting strategies.
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Fig. 2.2 Smoke limiter and air path control blocks

An alternative to the commercial air path control is using virtual and physical
sensors or including adaptive strategies by feeding back the controllers with direct
measurements of exhaust conditions, e.g. exhaust gas concentrations whose estima-
tion is further discussed in Sect. 2.3. Then, model predictive control (MPC) (Tschanz
et al. 2012; Ortner and del Re 2007) or other strategies (Stefanopoulou et al. 2000)
can be exploited for such control.

2.2.2.2 Dual EGR/VGT Control

When using a dual EGR loop, in addition to the control variables presented for the
single loop, the following inputs are necessary: LPEGR valve (ulp), intake throttle
valve (uit ) and/or the backpressure valve positions (ubp). The total EGR rate is
calculated as in (2.2b) but considering mass flows of the low and high pressure loops
respectively ṁlp and ṁhp

ṁegr = ṁlp + ṁhp (2.3)

Depending on the engine conditions and control needs, the EGR split (ṁlp/ṁhp)
is selected, i.e. the set-points for ṁlp and ṁhp. The control is similar to that of the
single EGR/VGT control but designing an appropriate algorithm for defining the
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Table 2.1 Approximate
characteristic response times
for the main actuation
variables in a CI engine

Command Response time

u prail , usoi , uid 100–600µs
uhp (uegr ) 0.2–0.5 s
ulp 0.2–1s
uvgt , uwg 0.5–1.5 s

EGR split (Shutty et al. 2007). A common solution in steady-state is controlling
ulp and if necessary opening uhp for reaching the ṁa set-point (EGR is not directly
measured). Indeed, the LP loop itself might be sufficient for getting the required
ṁa set-point. For transient operation, the discussion must evaluate the characteristic
response times of the systems: the HPEGR line is faster than the LPEGR line due to
the higher pressure differences and the shorter length. This produces that different
trade-offs between uhp and ulp may be stated during transients. An intrinsic benefit
of using a dual loop EGR is that for the EGR engine area, the total ṁegr quantity may
be increased leading to further reductions on NOx, which can alleviate the needs of
AT or could move the deNOx

1 trade-off to select a lean NOx trap (LNT) rather than
a selective catalyst reduction (SCR) system. Model based and optimal approaches
to the control problem of dual EGR loops can be found in (Haber and Wang 2010;
Chauvin et al. 2011; Desantes et al. 2013).

2.2.2.3 Control of the Air and Fuel Paths

Some authors have proposed a joint control of the air and fuel paths for optimising the
engine transient operation. For that, fast acting variables linked to the fuel path (usoi

or prail) are able to track NOx or soot while uegr and uvgt are arranged to improve the
engine transient response while keeping the engine operation (ensuring the torque
on wheels) without exceeding emission limits. This can be made by feeding back the
controllerswith real timemeasurements of exhaust gas concentrations (typicallyNOx
and soot, or exhaust oxygen) (Deng et al. 2012; Tschanz et al. 2012). Table 2.1 sums
up the characteristic response times for step variations in the inputs, showing how the
associated fuel path responses are quite faster than the air path ones. Furthermore,
the response times of the TC are in general higher than those related to the EGR loop
due to the turbolag problem.

Some authors have proposed a transient operation optimization of the engine
management strategy (EMS), see e.g. (Alberer and del Re 2009b). However, man-
ufacturers are still reluctant to change the actual implementation in the fuel and air
path system: the EMS is confided to fixed calibrations and optimised for steady-state
operation with a validation in transient operation without feedback on exhaust engine
states.

1 The term deNOx refers in general to an AT system for reducing NOx, see Sect. 2.2.3.
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2.2.3 The After-Treatment Systems

The new stringent regulations have forced to get an impressive development in diesel
engines, and particularly with the after-treatment devices (AT); Johnson (2012) and
Twigg (2007) present complete reviews on emissions control and available AT tech-
nologies. The standard configuration for AT in diesel engines for EURO 6 will
comprise

• a diesel oxidation catalyst (DOC) for three main functions: oxidising CO and HC,
heating the exhaust gas and oxidising NO to NO2, which is useful in the DPF
regeneration and also facilitates the SCR performance;

• a diesel particulate filter (DPF) for eliminating soot; and
• a deNOx system for reducing NOx that it is usually a selective catalyst reduction
(SCR) or a lean NOx trap (LNT).

The DPF and LNT action is based on substrate materials that store the pollutants
through mechanisms or chemical principles. When the system is full, a regenera-
tion by means of post-injections and thus increasing exhaust heat is necessary. The
DOC system is built from ceramic and catalytic noble metals, such as platinum or
rhodium, for enhancing the oxidation of CO and HC as well as NO to NO2. SCR
systems eliminate NOx by dosing urea and water (principle component is ammo-
nia) and reacting with NOx for obtaining N2 and water, where a dedicated control
management is necessary for optimising its dosing (Chi and Da Costa 2005; Roberts
2011). The SCR requires an specific installation for the urea storage that increases
the cost and weight, and for this reason, the SCR is more extended in HD than in
LD. Major concerns in SCR are the light-off related with the minimum temperature
for guarantying the efficiency of the system (critical when the engine is cold or it is
working in low-load operation); and the ammonia slip, due to the excessive injection
of urea, which does not react withNOx, constituting an economical cost and affecting
the output of the NOx sensors based on ZrO2 (see Sect. 2.3.1).

DPF and DOC are standard in EURO 5 cars, and deNOx systems will also be
with the application of EURO 6. Anyway, the trade-off between SCR and LNT is not
solved (Bickerstaffe 2009), and different factors influence the final decision. Think-
ing of future regulations, manufacturers struggle between getting lower removal
efficiencies (around 85%) by using LNT or allowing the engines to work on much
higher efficiencies and then higher NOx production but with the use of a SCR with
a removal efficiency nearly 98% (Johnson 2012).

The selection of the layout of the ATs in the engine is another important trade-
off and influence the correct operation of the systems. Some possibilities are later
shown in Fig. 5.1; however this is a trending discussion. It seems logical that the
DOC should be located first because it is required for a proper performance of
DPF and SCR, but the trade-off between DPF and SCR or LNT present advantages
and drawbacks. Indeed, there are some research on moving the DPF upstream of
the turbine for preventing turbine and compressor damage (if it is located before
the EGR loop) (Payri et al. 2011b) or doing something similar with the DOC
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(Carberry et al. 2005). There are also some alternatives that combine some of the
systems for reducing the packaging and final weight (Frobert et al. 2012).

With respect to the feedback, the knowledge of the concentrations upstream and
downstreamof theAT systems allows to diagnose the performance, and is required for
direct control of the final emissions. The temperature also influences the regeneration
of the DPF and LNT as well as it is critical for the SCR light-off (key reactions are
inhibited at low temperatures). The pressure drop in the line could also be used for
detecting failures or when the DPF or LNT are full. The decision on the sensor set for
a proper control and diagnosing is a challenging problem that requires a specific study
out of the scope of this work. The use of sensors and models for estimating exhaust
gas concentrations, especially NOx and exhaust oxygen, is discussed in Sect. 2.3.

2.2.4 The Control System

Aspresented in previous sections, themoderndiesel enginehas evolveduntil reaching
today an important and increasing complexity,which is reflectedwith the introduction
of different subsystems for improving the performance andminimising the emissions.
The vehicle electronics in the 80s were reduced to the radio plus simple engine
controllers. At the same time, these were based on mechanical and hydraulic devices
with a simple electronic assistant, and dedicated to specific functions such as the
ignition in the case of SI engines. However, the evolution of the engines has been
closely related with the rise of complexity of the modern embedded electronics
in automotive, as it is well depicted in (Ebert and Jones 2009). Nowadays, safety
performance, fuel efficiency and comfort are major demands and these are achieved
by installing proper control units. Modern cars have between 20 and 70 control units
with a size of 108 in object instructions, while in the first 90s this was in the order of
106, according to Ebert and Jones (2009).

From all the control units in the vehicle, the ECU is in charge of managing the
engine. Others work with the braking systems, the air conditioning in the cabin or
the gear shifting management (Bosch 2011). In the beginning of the 00s, the ECU
EDC16 model by Bosch for diesel engines changed the view of the diesel control by
using the final torque demand on the wheels as the feedback for a proper air and fuel
pathmanagement. This ECU also included a fully flexible control of the common-rail
(pilot, main and post-injections), the VGT and the EGR, all in the same processor.
The current EDC17 (Hammel et al. 2003) model coordinates a bigger number of data
from sensors, actuators and models in order to get a full management of the diesel
engine.

From all the requirements and purposes of the ECU, the on-board diagnostics
(OBD) standards were applied to engines in order to implement safety routines for
detecting sensors or engine systems malfunctions (van Basshuysen and Schaefer
2004). Currently, about 40% of the automotive electronics are devoted to OBD
functions. The gradual introduction of the AT systems in diesel engines, especially
with the current trade-off between selecting SCR (more complex due to the urea
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dosing but effective) or LNT (more simple but less effective), is requiring a renewal
of the current diesel air path control (Bickerstaffe 2009), and new functions and
managing strategies are being developed; see for instance (Yang et al. 2009) who
propose an independent control unit for the AT line separated from the main ECU.

2.2.4.1 Summary on the Information Required for a Global
Diesel Management

The commercial diesel enginemanagement focuses on referencesmeasuredupstream
of the combustion chamber,with no direct feedback from the exhaust line. Thismakes
that emissions are controlled in open loop and possible changes and the ageing are
not taken into account. The sensors set used in the automotive in the beginning of
00s (Fleming 2001) had hardly changed until the end of the last decade. A major
factor is the unnecessary of increasing the number and the type of sensors due to the
current control logic. Furthermore, other important factor is the low cost of pressure,
temperature and rotational motion sensors (bellow 3$ per unit) against the higher
cost (minimum>10–20$) of more sophisticated sensors, such as NOx or in-cylinder
pressure ones [references obtained from (Fleming 2001) and conversations with
engine manufacturers].

Table 2.2 summarises the usual inputs and sensors that are installed in current
diesel engines, while indicating possible alternatives in a short future (Turner 2009),
which are essentially driven by the emission standards (the need of ATs control and
diagnosis). It is rather complicated establishing an universal sensor set and some
discrepancies can be found, e.g. GM is starting to include pcyl sensors in engines
and some AUDI and BMW vehicles already install NOx sensors before and/or after
the SCR system.

Alternatively, model based strategies present different advantages: models can
be used for engine calibration saving costs (Arsie et al. 2011); models can easily
be linked in control and diagnosis algorithms as they present faster responses than
sensors; and the fusion of sensors and models permits to estimate variables or update
parameters on real time solving the drift and ageing and improving the dynamic
responses of the original signals.

This section has emphasised the importance of the information about engine states
and how to correctly retrieve them on-board. Next section deals with the topic of
exhaust gas concentration estimation inCI engines, stressing the variablesNOx andλ.

2.3 Dynamic Exhaust Gas Concentration Estimation

Previous section has made a review on the different technologies in order to manage
the diesel engine and has underlined the need of reliable methods for estimating
variables online. Test-bed measurement systems are usual for testing and research
but these present in general deficient dynamic responses and overall limited on-board
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Table 2.2 Summary of the on-board sensors and control inputs used in a commercial LD diesel
engine for control and feedback, and split between the main engine subsystems

System Inputs Standard Expected
sensors sensors

Injection
u prail

[usoi , uid ]pilot,main,post
n, prail

pcyl
∗

f uel quali t y

Air path
uvgt , uhp, ulp

uit , ubp

pboost , ṁa, Tcool

Tboost , pamb, Tamb

ṁegr , Tegr

nvgt ,λint
∗

AT [usoi , uid ]post , uurea NO x
∗, soot, λexh

∗

The inputs column defines the main actuator signals in the diesel engine. The remaining columns
show the variables that are measured by sensors, differentiating between standard for EURO 5 cars
and the possible expectations in a short future. Admittedly, some discrepancies can exist between
this distinction depending on the considered car and sector (luxury, utility, etc.). The symbol *
represents sensors that can be found in some actual engine models but with less probability. The
injection settings are defined by the rail pressure control u prail , the injection timing command (usoi )
and the injection duration uid , and these settings can be specified for pilot injections main injections
and possible post injections (variable utmi makes reference to the duration of themain injection only).
A detailed summary on the symbols and acronyms used in this work appears in the beginning of this
document. The interested reader is also referred to Turner (2009) for finding basic comprehensive
explanations about the principles of measurement of the main automotive sensors

capabilities. However, in the last years, and forced by the stringent emission laws,
developments of on-board gas concentration sensors have proliferated and some of
them are a reality today, such as NOx or wide-band lambda sensors. Furthermore,
COMs and data fusion (DF) techniques that combine different information sources
can also be used for real-time (RT) estimations.

Current section gives a review on the different methods for the estimation of
the exhaust gas concentration in CI engines, emphasising the on-board methods.
Therefore, in addition to being feasible from the point of view of cost and engine
implementation, the accuracy and dynamic responses of these estimators should be
issued. Hereinafter the following three main possibilities are discussed:

• sensors,
• models and/or virtual sensors, and
• DF techniques for combining different information sources.

2.3.1 Sensors

A subsequent division is made between test bedmeasurements systems and on-board
gas concentration sensors, such as exhaust gas oxygen (EGO), universal exhaust
gas oxygen (UEGO) sensors, fast soot sensors and finally innovative solution for
monitoring e.g. NOx by using the substrate materials of the AT systems.
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2.3.1.1 Test Bed Sensors

Some of the most common test bed sensors are the following: gas analysers (Horiba
2001) for different gas concentrations; opacimeters based on Beer-Lambert law
(Lapuerta et al. 2005) and smoke meters for soot; and gravimetric devices or spec-
trometers for PM (Mamakos et al. 2013), among others. But these are expensive,
require from specific installations and their dynamic responses are questionable.
Nevertheless, there have been some developments for fast response emissions analy-
sers for NOx, CO2 or particles and portable emission measurement systems (PEMS)
(Franco et al. 2013) are being generalised for on-board inspections but with limited
dynamic accuracy (Mrosek et al. 2011) and packaging. Finally, standard procedures
for measuring emissions in test-cells can show representative errors in the dynamic
cycles with respect to the actual transient emissions (Mamakos et al. 2013; Viskup et
al. 2011) and this should be taken into account when processing the data (Geivanidis
and Samaras 2008; Chan et al. 1997; Arrègle et al. 2006b; Bedick et al. 2009) (see
Sect. 2.3.2.3).

2.3.1.2 On-board Gas Concentration Sensors

Oxygen Sensors

In 1968, the introduction of EGO sensors (Dueker et al. 1975) was the key for the
implantation of the primary three way catalyst (TWC) control in SI engines. These
sensors offered a binary lean/rich resolution for measuring oxygen concentration
and thus the equivalent air-to-fuel ratio or lambda, which represents the excess air
factorwith respect to the stoichiometric air-to-fuel ratio (approximately 14.5 in diesel
engines)

λ = ṁa

ṁ f

1

14.5
(2.4)

In the end of the 90s, planar UEGO sensors were implemented for SI and CI engines.
It is common to use directly the term lambda probe for referring to these sensors. The
term lambda is due to the characteristic shape of the signal output in narrow-band
lambda sensors, which is similar to theλ letter from theGreek alphabet (see Fig. 2.3).
Furthermore, these are also known as switching-type sensors. UEGO sensors present
full and linear resolution on oxygen over a wide range, hence the term wide-band.
UEGO and EGO response characteristics are shown in Fig. 2.3.

λmeasurement in CI engines is used for correcting injector drift. In the case of low
temperature combustion (LTC) processes (Lu et al. 2011), intake charge composition,
and hence λ is important for the combustion stability and control (Chiang et al. 2007;
Agrell et al. 2005). Some studies about wide-band lambda sensors performance can
be found in (Regitz and Collings 2008b; Klett et al. 2005).
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Fig. 2.3 Characteristic outputs of oxygen lambda sensors. Left Narrow-band lambda or EGO
sensors. Right Wide-band lambda or UEGO sensors

NOx−ZrO2 Sensors

The development of on-board NOx sensors has been driven by those which are based
on ZrO2 layers (Kato et al. 1996; Nakanouchi et al. 1996) and able to measure gas at
wet condition (i.e. without removing exhaust gaswater steam content as gas analysers
do). These sensors have suffered an evolution over the last 15years (Zhuiykov and
Miura 2007) and now are manufactured using the planar ZrO2 multilayer technology
(Moos 2005), which combines thick film screen printing and ceramic tape casting
(Riegel et al. 2002). Modern versions offer reduced warmup time, smaller size,
lower weight and cost-effective production, which encourage their implementation
on commercial engines. This kind of sensors simultaneously provides ameasurement
of the relative air-to-fuel ratio (λ) and NOx concentration and must play a major role
in the SCR control and diagnosis (Hofmann et al. 2004; Hsieh and Wang 2011;
Künkel 2001; van Nieuwstadt and Upadhyay 2005).

The working principle is well explained in Riegel et al. (2002) and layout is
schematised in Fig. 2.4. This sensor presents two cavities with membranes for mea-
suring oxygen and NOx, respectively. In a first outer cavity, an electrochemical pump
adjusts the oxygen concentration from the diffusing gas to a predefined value (pump
intensity Ip1) by reducing O2 to O2− with an electrode (usually Pt), thus providing
a linear amperometric measurement of λ. At the same time, a faster binary output
is provided, differentiating between rich and lean conditions in the exhaust gases
(similar to EGO sensor output). The measurement principle of this first cavity is
similar to that of a wide-band UEGO sensor. In addition, NO is oxidised to NO2,
and then the NO2 is diffused to a second inner cavity, where the oxygen produced
through the dissociation of the NO2 is pumped out in a similar way by means of a
second electrochemical pump (Ip2). The output of this pump is proportional to the
NOx concentration in the exhaust gases. A heater is necessary for keeping the sensor
at high temperatures, where the device gets good resolution, i.e. the sensor needs
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Fig. 2.4 Schematic representation of aNOx–ZrO2 sensor, where themain reactions in the chambers
and diffusion barriers are shown

some lag for starting to measure when switching on (the same occurs for UEGO sen-
sors). Therefore, these sensors provide three signal outputs: a fast binary λ (around
100ms), lean or rich, suitable e.g. for TWC diagnosis, a slower (around 500ms of
response time) full resolution λ and NOx (with a response around 750ms).

NOx and UEGO Sensor Limitations

Because of the importance of NOx and UEGO sensors in the present work, response
limitations of these sensors are underlined. Several studies have evaluated the accu-
racy and response times of real time NOx sensor measurements for different applica-
tions, such as Smith (2000), Manchur and Checkel (2005) and Galindo et al. (2011).

Conventional UEGO sensors exhibit fast response times around 70ms with suffi-
cient accuracy (Schilling et al. 2008). This can be improved, as proposed in Alberer
and del Re (2009a), moving the O2 sensor upstream of the turbine and using a
Kalman filter (1960) for taking into account pressure effect on the output signal. If
the NOx sensor is placed downstream of the AT systems, its response is affected by
a considerable transport delay and filtering. Figure 2.5 compares λ−1 signals from a
UEGO sensor located upstream of the AT systems, and from a NOx sensor located
downstream of an AT line including DOC, DPF and SCR in a turbocharged diesel
engine. The NOx sensor signal is significantly slower and more filtered than that of
a UEGO sensor, although the steady-state accuracy seems to be sufficiently accurate
in both devices at a glance. Due to the measurement principles of both UEGO and
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Fig. 2.5 λ−1 measurement
from a UEGO sensor located
at the turbine outlet and from
a NOx sensor downstream the
after-treatment systems
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NOx sensors, the pressure in the runners also compromises the steady-state accuracy
of the sensor.

Concerning NOx output from NOx sensors, the delay is variable, depends on
operating conditions, and is in the order of 1 s. This delay is caused for both transport
and physical motives, which are difficult to model and can vary with the engine
operating conditions. This issue makes difficult to use the raw sensor signals for
RT critical functions. For illustrating sensor response, see Fig. 2.6: the actual NOx
is expected to respond instantaneously when performing start of injection (SOI)
steps where the delay and response time in the sensor are attributed to the sensor.
Several studies have evaluated the accuracy and response times of RT NOx sensor
measurements (Smith 2000; Manchur and Checkel 2005; Mrosek et al. 2011).

Finally, since sensors are subjected to unit-to-unit manufacturing discrepancies,
and can be affected by significant drift during their lifespan, methods for the online
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characterisation of sensors would improve the application of these for automotive
control purposes. Usual calibration methods consist of a specific test rig which gen-
erates known composition synthesis gas which is used for the static and dynamic
calibration of the sensor, while high speed valves are needed for dynamic calibration
(Regitz and Collings 2008a); or some solutions based on openly mounted sensors
with valves allocated before the sensor, where gas composition is changed within
milliseconds (Tobias et al. 1999). However, these calibration methods are restricted
to laboratory use and cannot be performed during the operation phase on the engine.
Chapter 3 presents a contribution for the online characterisation of NOx output by
means of SOI steps (Galindo et al. 2011); furthermore, λ−1 output from wide-band
lambda sensors may be characterised by means of load steps.

Fast Soot Sensors

According to (Kasper 2004), particles with lower diameters affect more to alveolar
deposition after healthy tests with persons, which underline the risk of underestimat-
ing the effect of the residual soot downstream of the DPF. This carries out a sensitive
problem for sensors: in addition to robustness, packaging and dynamic limitations,
on-board soot sensorsmust measure with high resolution at low-soot values (this sen-
sitive problem is also linked with NOx sensors). Another problem with soot sensors
is the selection of an appropriate metric as different metrics can be used depending on
the physical measuring principle: particle number, total mass, sizes or light absorbing
properties (opacity). A common solution for fast soot sensors, described in Warey
andHall (2005), is measuring the electrical conductivity of the carbonaceous fraction
of the PM, which acts as a resistance between two electrodes located in the sensor.
One of them is feed with a high voltage DC, while the current generated in the other
is transformed to voltage, conditioned and then acquired for being converted into
a soot estimation. This layout is similar to other fast soot sensors, see e.g. Steppan
et al. (2011) and Nelson (2011). Even though these sensors have not reached the
maturity of UEGO or NOx sensors, some companies have already introduced them
in the market or are targeted for start of production in 2013.

Sensors in Development, Other Alternatives

A relevant problem of fast NOx–ZrO2 sensors is the low sensitivity when the NOx
concentration is small, i.e. downstreamof SCRorLNTsystems; and the related cross-
sensitivity to ammonia. In that field, it can be underlined the work by Moos (Moos
et al. 2008; Moos and Schönauer 2008; Moos 2010; Geupel et al. 2011; Schönauer
et al. 2011; Groß et al. 2012).

An alternative is using the catalysts and/or substrate materials of the AT devices
for determining the NOx, soot or ammonia by means of measuring the impedance
variance of the material. This allows to profit the proper AT device for measuring,
developing an integrated device. These are often called in situ monitoring devices.
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Moos (2010) show results for in situ sensors in order to detect loadings of oxygen
in TWC, NOx in LNT, NH3 in SCR-catalyst and soot in DPF, among others. The
principal advantage of the approach is the simple and inexpensive setup required as
the devices themselves are used as sensors.

Concretely for NOx sensoring, see Geupel et al. (2011) and Groß et al. (2012)
who extend the use of integrating-typeNOx sensors formeasuring instantaneousNOx
concentration, especially in the low ppm range (where NOx concentration is low),
incorporating temperature based corrections in the measurements. Groß et al. 2012
also present results with respect to NO/NO2 differentiation and cross-sensitivities
with other gas components. Other alternatives for innovative sensors could be using
electromagnetic waves (Moos 2010) or radio-frequency signals which coincide with
the oxidation/reduction rate of a TWC for determining oxygen loading without using
lambda sensors (Moos et al. 2008).

NH3 on-board sensors (Moos and Schönauer 2008) are also being developed for
closed loop urea dosing control, based on the same principles of the wide-band
lambda sensors: the mixed-potential principle between electrodes, separated by a
solid electrolyte, where an electric force is created. Delphi has already marketed a
commercial version where the reference electrode is in direct contact with exhaust
gas (Wang et al. 2008). Schönauer et al. (2011) show results with mixed potential
ammonia sensors and suggest some improvements in the technology.

2.3.2 Models and Virtual Sensors

Modelling or virtual sensing2 is an important tool in the design, analysis and control
of IC engines. It is not in vain that model-based strategies in ECU have each time
higher responsibilities, overall in control and OBD functions (Stewart et al. 2010).
Furthermore, models are quite helpful in the analysis and design phases: hardware
and software in the loop (HIL and SIL) are usual because of the reduced cost and
time-to-implement with respect to a pure experimental approach. However, the accu-
racy, reliability, computational cost and time effort of models depend highly on the
structure, data used for calibration and the dynamic conditions. A classification on
models for automotive is made in Guardiola et al. (2012) and these are compared in
Table 2.3:

• Mean valuemodels (MV), which average the physical quantities over a time range,
neglecting in-cycle variations. They can be further subdivided in data driven mod-
els (DDM) and physical mean value engine models (MVEM).

• Emptying-and-filling models (E&FM), based on first-principle equations and with
certain capability for estimating in-cycle variations. They are usually crank-angle
solved.

2 The term virtual sensing is often used for RT on-board models for estimating variables that cannot
be measured easily or their measurements are not reliable, in contrast with using physical sensors.
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Table 2.3 Summary of the characteristics of different type of models used in the automotive,
reproduced from Guardiola et al. (2012)

DDM MVEM E and FM WAM CFD

Spatial resolution 0D 0D 0D 1D 3D
Time resolution MV MV CAS CAS CAS
Typical acq. rates 0.5–100Hz 1–200Hz >1MHz >10MHz 1–100MHz
Physical description No/Very low Low Low Medium Complex
Prediction capabilities No Low Medium Medium High
Computational cost Very low Low Medium High Very high
Main application Control Control CAE CAE CAE

MV mean value, acq. acquisition, CAS crank angle solved, CAE computer aided-engineering

• Wave Action Models (WAM), able to quantify variables in 1D space and based on
an Euler equation balance. These allow to represent wave effects (useful e.g. for
valve lifting tuning).

• Computational fluid dynamics models (CFD), based on a detailed geometrical
description of the engine volumes and the application of the Navier-Stokes equa-
tions. Due to the 3D nature of this approach, this tool is effective for simulating
mixing models, i.e. EGR distribution around the cylinders or injection spray mod-
els. However, CFD characteristic times of computation can range from seconds to
days, preventing its use for RT purposes.

In order to design control oriented models (COMs), MVEM and DDM are the
predominant approaches (Calendini and Breuer 2010), basically for the relatively
simple computation and the good accuracy achieved, especially when the training
data set is appropriate, getting indeed higher accuracy than more complex models.
MVEM and DDM rely on twomain hypothesis: variables are averaged over the time,
with computation (and acquisition) rates about 50Hz,3 and the number of states that
these models can manage are reduced due to the limited computational resources
available (mainly the ECU limitations). A straightforward classification of COMs is:

• Physical models,
• gray box models, which combine first principle equations with parameters, curves
and maps to be fitted with engine data, and

• black box models, which are fitted only by data and with no physical based
structure.

These approaches present advantages and drawbacks. In the following, COMs for
λ and NOx are discussed, as being core variables of the present work. The interested
reader can find a review on proposed models for these variables in the dissertation
by (Schilling 2008) with application to failure detection and isolation (FDI).

3 For an engine that is spinning at 3,000 rpm, that is equivalent to a rate of 1–100Hz. A typical
frequency for getting changes inside the combustion chamber could be in the order of 1◦ if talking
about crank angle, and this makes a required frequency (at 3,000 rpm) of 50×360 = 18MHz, quite
higher than the typical rates used in MV models.
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Fig. 2.7 Opacity (left axis
and black points) and nominal
NOx (gray +) emissions
depending on λ for nominal
tests in the TCCI engine used
in Chap. 3. NOx is normalised
with the maximum NOx
value for each operating
point, which corresponds to
uegr = 100 (fully closed) for
each pair of [n,mf ]
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2.3.2.1 λ Models

λ, although not measuring emissions itself, is a key variable in order to control
emissions in CI engines. Figure 2.7 shows the opacity and NOx with respect to
λ showing the clear opposite trade-off between both variables. λ can be directly
estimated in the basis of ṁa and ṁ f , see (2.4). Both signals can be measured from
the ECU or estimated by a model. In the first case, ṁa is measured by a sensor and
ṁ f , inferred by a the prail and utmi (2.1a). This computation is simple and no specific
model is necessary.

Alternatively, MVEMs can be proposed for calculating λ, which will be reduced
to estimate the air mass flow at intake as mf is often considered as an input for
control models (Guardiola et al. 2013c). Basic literature for principle equations of
CI engines is in Heywood (1988), Guzzella and Amstutz (1998) and Guzzella and
Onder (2004) while Wahlström (2009) develops and tune a MVEM for control of
EGR and VGT in diesel engines. In addition, other model types with higher or lower
ability to compute on RT can be proposed, Tunestsl and Hedrick (2003) estimate λ
using net heat release data and (Arsie et al. 2006) use neural networks (NN) (with SI
application), among other examples (Nyberg and Stutte 2004; Cesario et al. 2005).

2.3.2.2 NOx Models

The case of emissions, such as NOx, is more complex than for λ. NOx can be inferred
by using predictive models that can be implemented on-engine for RT purposes such
as engine or AT control and diagnosis. Furthermore, such models can be useful in an
off-line basis for NOx simulation and prototype design. The physical based approach
presents difficulties to be applied on RT but can be the basis for grey box approaches
(Arsie et al. 2003). First, some words on NOx physics.
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NOx Physical-Based Models

The term NOx includes all nitrogen oxides but the nitric oxide (NO) is the predomi-
nant in diesel engines (Heywood 1988). NOx formation is affected by three different
mechanisms: thermal, prompt and from fuel-bound nitrogen (Arrègle et al. 2010).
The thermal mechanism is the most important in diesel engines where high temper-
atures benefit reaction of N and O2 from air producing NOx. NOx formation physics
in combustion and explosion processes were modelled by Zeldovych (1946) in 1946,
and formulated for IC engines by Lavoie et al. (1970) in 1970 with the well-known
extended-Zeldovych mechanism

N + NO � NO2
N + O2 � NO + O
N + OH � NO + H

(2.5)

According toHeywood (1988), the typical characteristic times of theNO formation in
diesel engines combustion is in the order of seconds and thus under the hypothesis of
equilibrium of certain species, the dNO/dt can be fittedwith the initial NO formation
rate by the Arrhenius equation

dNO

dt
= k1

T 0.5
e−k2/T [O2]0.5[N] (2.6)

The strong dependency with the temperature T is clear: when T increases, NO (and
thus NOx) increases exponentially. The other mechanisms can be relevant in some
specific conditions such as LTC (Andersson 2006; Desantes et al. 2012).

Cylinder conditions such as temperature, pressure and oxygen concentration
(Brand 2005; Luján et al. 2008; Timoney et al. 2005) are themost important variables
for determining NOx concentration.

Because of the cylinder severe conditions, price and signals problems have pre-
vented to use in-cylinder sensors in commercial vehicles. Although in-cylinder pres-
sure cost is one of the main factors burdening its application for automotive engines,
the continuous improvements of pressure sensors and its applications are justify-
ing its nearby implementation (Powell 1993). The case of the temperature sensors
is more complicated (Fleming 2001), and their use is not foreseen in applications.
Therefore, the solution for estimating the in-cylinder conditions on RT is then using
virtual sensors.

Physical models for NOx estimation are often based in the heat release, using
pressure sensor signal for estimating flame temperature (T f ) in the cylinder. The
problem is not trivial and a multi-zone discretisation is advisable. Furthermore, the
residual gases (internal EGR) affect the process and these are not always easy to
estimate. An usual solution to the problem is applying mass and energy conservation
equations to each zone (walls, injector neighbourhood, etc.) in conjunction with heat
transfer equations, among them it stands out the heat transfer to cylinder wall (Payri
et al. 2005), which can be approached by using Woschni equation (Woschni 1967).
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Finally, NOx emissions for both Diesel and gasoline engines are calculated by using
the extended Zeldovych mechanism. Good examples for estimating NOx by using
heat release are Arrègle et al. (2006a), Payri et al. (2011a), Guardiola et al. (2011)
andWestlund et al. (2008). In the case of SI engines, some authors use the ionisation
current on the spark for approaching the pressure (Andersson and Eriksson 2002,
2009), but this is not available on the diesel engine. Nevertheless, the accuracy of
the prediction is not as satisfactory as expected, and the drift cannot be eliminated.

There is an open discussion about using time or crank angle based models for the
NOx prediction. For the case of pressure based models, crank angle sampling seems
more logical as volume can be easily linked with pressure trace. However, these
models require heavy calculations and big memory resources. The time required for
completing one engine cycle is often bigger than the characteristic time of the engine.
In order to overcome this limitation some authors have proposed simplifications.
Guardiola et al. (2011) develop a semi-physical discrete event model based on the
heat release calculation but considering only one zone as the main contributor to
the NOx formation; and the process is supposed adiabatic, approaching T f with the
adiabatic temperature of the process. This approach requires specific corrections,
especially when the combustion temperature is low. Other examples are Westlund
(2011) who present a fast physical model for NOx and soot, or Arsie et al. (2003)
who present a hierarchical model structure for engine control design with different
models and layers, ranging from physical based to mean value approaches.

Control-Oriented Models for NOx

Literature about COMs for NOx is extensive. Schilling (2008) gives a short review
on different COMs for NOx and presents a NOx virtual sensor (see also references
therein). His work is based on deriving maps from complex models (Schilling et al.
2006, 2008) or engine data (Lughofer et al. 2011; Desantes et al. 2011), building a
model that is easy to integrate into the engine ECU, but with limited extrapolation
capabilities. In commercial ECUs the prevailing approach is to use look-up tables
to model nonlinear and operating point dependent behaviours because of the simple
programming in spite of the intensive tuning effort (Guardiola et al. 2013a); even
though other possibilities can be commented. Winkler-Ebner et al. (2010) design a
virtual NOx sensor for SCR control and diagnosis. Black box models rely on system
identification (Karlsson et al. 2010) but are often operating point dependent and its
adaptation is not an easy task. Hirsch et al. (2008) present a gray box model for NOx
and PM. Other non-linear approaches are Takagi-Sugeno fuzzy models (Takagi and
Sugeno 1985; Lughofer et al. 2011), Hammerstein-Wiener (HW) (Falck et al. 2012),
or NN (Yen and Michel 1991; Alonso et al. 2007; Maaß et al. 2009; Arsie et al.
2010).
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2.3.2.3 Identification of Sensor and Physical Dynamics

Dynamic models describe the evolution of a state vector x along the time t and
subjected to a specific set of inputs u

ẋ = f (x, u, t) x ∈ R
nx , u ∈ R

nu (2.7a)

y = g(x, u, t) (2.7b)

The identification is the technique of designing and tuning the dynamic models
by means of a data set {u, y}tend

t1 over a certain time tend ; see (Johansson 1993; Ljung
1999) for comprehensives references on system identification. A common procedure
for identification is defining different black box linear model structures (AR, ARX,
ARMAX, etc.) based on polynomial relationships with a certain order and solving
the linear regression problem, usually by means of a least squares (LS) formulation.
In addition to the model parameters, the selection of an appropriate order of the
system is key for an adequate solution. If the system is non-linear, specific structures
should be utilised, e.g. piece-wise affine (PWA), linear parameter varying (LPV) or
HW models, among others.

Sensors Identification for On-board Strategies

Most of the dynamic models with physical meaning used in engineering, as for
instance sensor models, respond to n-order linear filters with a certain delay τ (Ogata
2001), at least in the selected areas of performance. In the case of exhaust gas concen-
tration sensors, 1st order linear models can be sufficient for representing the sensor
response in the s-domain (Galindo et al. 2011; Mrosek et al. 2011)

G(s) = e−sτ k

1 + T s
(2.8)

where T is the response time and k is the gain. Parameters can be fitted by LS. How-
ever, actual sensor responses are non-linear and parameters usually vary, especially
the delay or dead-time τ , due to the hardware itself, the engine operating condi-
tions and ageing. These variations can be modelled by scheduling strategies, where
parameters are stored in look-up tables, or functions (Trimboli et al. 2012) typically
depending on n and ma .

Another possibility is using model structures with physical insight: e.g. Wang
(2007) identifies the oxygen sensors dynamics by means of a physical based model
and Zhuiykov (2010) describes andmodels the electrochemistry of ZrO2 gas sensors.
Adaptive filtering can also be used for taking into account the ageing and dispersion.
Furthermore, if the signal processing is made off-line, non-causal deconvolution
techniques may also be used, see e.g. Henningsson (2012).

DDMs are often based on static relationships such as look-up tables and alge-
braic equations. In addition, the dynamics are often modelled by linear filters and
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the correct identification is critical for the adaptive filtering algorithms presented
hereinafter.

2.3.3 Adaptive Filtering

Sensors present problems when using the raw output signal in RT functions, in
particular the delay from engine to sensor and the response time of the sensor. With
respect to models, two problems can be underlined when working with COMs. On
one hand, the model accuracy is driven by the collection of the appropriate data and
calibration of all the parameters. This is a hard and time consuming task. In fact,
ECU has a big number of maps and parameters for engine and vehicle management.
On the other hand, independently of how well the model has been calibrated there
is inevitably a drift between the system and the model as the surrounding conditions
changes and the engine ages. DDMs are highly sensitive to the calibration data set
andwill have problemswith the ageing,manufacturing discrepancies, slowly varying
parameters and other non-modelled variables. These affects also to dynamic models
identified for both sensor and physics filtering.

2.3.3.1 Data Fusion

Data fusion (DF) utilises information from different sources for providing a better
estimation of a given variable. These information sources can come from sensors,
models and/or other DF algorithms. DF has been used for many years in different
engineering fields, such as e.g. inertial navigation of satellites and missiles (Wagner
and Wieneke 2003) or automotive applications in intelligent transportation systems
(Faouzi et al. 2011; Stiller et al. 2011) related with traffic and driver/road assistance,
among others. Different DFmethods can be used as (Faouzi et al. 2011) propose: sta-
tistical, ranging from the simplest arithmetic mean to weighted combinations or data
mining techniques (Henningsson 2012); probabilistic, such as Bayesian approaches,
maximum likelihoods methods and Kalman filter (KF); and artificial intelligence
including NN or genetic algorithms. A more exhaustive classification and discus-
sion on challenging problems of multisensor DF is in (Khaleghi et al. 2013). From
DF methods, those which are applied adaptively for bounding error of parameters,
signals and parameters can be included as methods for adaptive filtering, fusion or
learning (Mehra 1970).

The present work centres on the use of Kalman filter (KF) (1960) based tools in
order to observe exhaust gas concentration variables in CI engines (Guardiola et al.
2013b, c). The KF is probably the most extended adaptive filtering algorithm used
in engineering (Gao and Harris 2002) and provides a systematic and simple way
of manipulating linear dynamic models and engine variables by supposing a priori
knowledge of the measurement and noise statistics, modelled by Gaussian distrib-
utions. This property allows to track the estimation error by means of a covariance
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matrix P that also tracks the ageing of the states, i.e. if the error in a given state is
foreseen to be higher or lower depending on when was updated the last time and how
much. The KF minimises this expected error by solving an iterative Riccati matrix
equation and setting out a Kalman gain (K ) for correction. The linear structure of the
filter makes it appropriate to ECU-oriented approaches, even though simplifications
shall be considered when manipulating large state vectors. Furthermore, depending
on the available data, different fusion structures can be programmed as Gao and
Harris (2002) show.

Other filtering alternatives, such as RLS (recursive least squares) or proportional
methods can also be applied and in some cases lead to similar solutions. Input
observers by means of measurements of the states and outputs can also be addressed
for estimating engine variables (Chadli et al. 2009; Stotsky and Kolmanovsky 2002).
The interested reader is referred to Simon (2006) and Höckerdal (2011), the former
for finding a complete and broader view on optimal state estimation and KF-based
algorithms for engineering applications, and the latter for a key precedent and moti-
vation for the current work.

In the next, and due to the importance of the KF in this work, main equations
are recalled although the reader familiarised with control engineering could skip this
paragraph.

2.3.3.2 Kalman Filter

In the setting the data are assumed to be generated by the following discrete time
system

xk = f (xk−1, uk) + wk (2.9a)

yk = g(xk, uk) + vk (2.9b)

where xk ∈ R
nx represents the state vector, uk ∈ R

nu the input vector, yk ∈ R
ny the

output vector. If f and/or g are non-linear, a previous linearisation step is required
for the filter and then, elements i j of Fk and Hk are obtained

Fk,ij = ∂fi

∂xj
|x=x̂k Hk,ij = ∂gi

∂xj
|x=x̂k (2.10)

being F the linearised process matrix and H the linearised output matrix. From now,
the discussion is valid both for linear and non-linear systems and KF will be used
referring to Kalman filter based methods, including the non-linear Extended Kalman
Filter (EKF) (Simon 2006) and the standard one.

Noises in (2.9) wk ∈ R
nx and vk ∈ R

ny are assumed to be independent and both
generated by Gaussian distribution with zero mean and covariance matrices Qk resp.
Rk, defined by
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E[wk w
T
k ] = Qk (2.11a)

E[vk v
T
k ] = Rk (2.11b)

Inmany applications these are often chosen to be constant, i.e.Q andR, and diagonal.
Then, x̂k ∈ R

nx is the observation of the state vector xk

x̂k|k−1 = f (x̂k−1, uk) (2.12a)

ek = yk − g(x̂k|k−1, uk) (2.12b)

x̂k = x̂k|k−1 + Kk ek (2.12c)

where Kalman gain Kk is solved by the following iterative equation

Pk|k−1 = (FkPk−1FT
k + Q) (2.13a)

Kk = Pk|k−1HT
k

(
HkPk|k−1HT

k + R
)−1

(2.13b)

Pk = (I − KkHk)Pk|k−1 (2.13c)

and matrix Pk is the covariance matrix of the state estimate error (Ljung 1999)

Pk = E[xk − x̂k][xk − x̂k]T . (2.14)

2.3.3.3 About the Methods in this Work

From all the possible applications of the KF for the gas concentration estimation, the
following are exploited in the present work:

• Dynamic estimation of engine variables by means of fusing a fast reference, often
a model, and a slow but accurate sensor, for developing robust virtual sensors or
bias tracking algorithms; and

• on-line adaptation of models, especially the online updating of look-up tables as
basic structures in COMs.

These algorithms, although applied in the present work to λ and NOx, can be used
for estimating other relevant engine quantities, such as the intake air mass flow or the
volumetric efficiency (Höckerdal et al. 2009, 2011), just considering the appropriate
state-space model. In the following, the state of the art related with these applications
on automotive is reviewed.

2.3.3.4 Adaptive Estimators Based on the KF

Figure 2.8 shows amodel signal forλ−1, based on the injected fuelmass ṁ f estimated
by the electronic control unit (ECU) and the air mass flow ṁa determined from a
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Fig. 2.8 Different λ−1 esti-
mations during a load transient
in the tested diesel engine (see
Sect. 3.2): zλ−1 is the output
of a NOx sensor located at
the turbine outlet, x−1

λ is the
output of the model presented
in Sect. 4.2 and λ−1 is the
foreseen actual value
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hot wire anemometer. Comparing to the sensor, model is faster and non-delayed but
presents a bias with respect to the sensor steady-state value.

Algorithms based on bias tracking take a fast model that keeps high frequency
components of the considered variable while a slow but steady-state accurate sensor
permits to correct model drift. The vector xm(t) ∈ R

nx contains model signals and
z(t) ∈ R

nz the sensor signals. The drift is modelled with a vector θ(t) ∈ R
nx , which

contains model biases and varies with time often slowly. If xr (t) ∈ R
nx is the vector

containing the actual values of the states, then the true bias θ is

θ(t) = xr (t) − xm(t) (2.15)

but the problem here is that xr is usually measured by a sensor z

z(t) = g(xr (t − τ )) (2.16)

and in general will have a certain delay τ . The discussion on identifying the function
g and delay τ was made before in Sect. 2.3.2.

In order to design a drift correction algorithm, an augmented state-space model is
written. An extra-state is used for tracking the given error (θ), creating a wide state
vector xw with drift vectors and the original state vector x ∈ R

nx , which contains
the estimations of xm ,

xw(t) =
[

θ(t)
x(t)

]
(2.17)

and the state-space model

ẋw = f (xw, xm, W, t) (2.18a)
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z = g(xw, xm, V, t) (2.18b)

is solved by adding noises W (t) ∈ R
2nx and V (t) ∈ R

nz to the model and sensor
output respectively.

This formulation, with different variations, is made by different authors in order to
observe the bias between two references, usually a model and a sensor. Alternatively,
the bias can be applied to the model and/or sensor by shifting the references when
proceeding; for the latter the sensor is not steady-state accurate and a steady-state
accurate reference is required (Chen and You 2008).

The classical approach for modelling the drift is supposing a slow variation of the
state by the dynamic equation

θ̇ = 0 (2.19)

and supposing that states noise W is low with respect to output noise V , for having
a smooth correction.

There exist different references with similar models as described above for esti-
mating engine variables. The majority of them uses the EKF due to the non-linear
equations involved, some references from 2005 are commented below:

• Hsieh and Wang (2011) use an EKF in order to estimate NOx up, in between and
downstream of a two-series SCR configuration and consider the ammonia cross
sensitivity of a NOx sensor located in between.

• Höckerdal et al. (2009) uses an augmented model for observing the sensor bias
with an air mass flow sensor application.

• Alberer and del Re (2009a) use a KF for correcting an oxygen measurement made
by a UEGO sensor located upstream of the turbine in a TCCI engine, where
pressure effects in the sensor are taken into account.

• Polóni et al. (2012) compare two different sensors configuration in a TCCI engine
for correcting states in a MVEM of the air path, designing a closed loop MVEM.
They use anEKF for tracking the bias on the considered states and then simulate the
modelwith the corrected variables. References included in thiswork are interesting
and show other different observer designs.

• Other examples are Yan and Wang (2012), Surenahalli et al. (2012),
Chauvin et al. (2006), Grünbacher et al. (2005), Trimboli et al. (2012), Tschanz
et al. (2012), Benaicha et al. (2011), and Zhou et al. (2012) who design observers
for different relevant engine quantities, such as intake manifold temperature, soot,
individual in-cylinder air to fuel ratio or engine torque among others, with diag-
nosis or control applications.

Drift Models

However, there are cases where the considered bias, e.g. model bias θ variation does
not depend only on time
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dθ

dt
= ∂θ

∂t
+ ∂θ

∂n

dn

dt
+ ∂θ

∂mf

dmf

dt
+ · · · (2.20)

and although the bias variation associated with the system drift (∂θ/∂t) is expected
to be slow, the actual variation of the bias may be very fast, due to the ability of the
engine of performing fast transition between operating conditions (usually defined
by n and mf ). This can be solved by using specific models for the bias, where a
possible solution may be using look-up tables.

In the following, the use of adaptive virtual sensors is discussed.

2.3.3.5 Online Adaptation of Models

In addition to the bias and ageing, the basic structure of models lead to errors due
to uncertainties and non-considered inputs. Therefore, the model error might be
tracked and distributed between the model parameters. This could be made on an
offline basis if the variables are stored, and then the model signals and parameters
might be updated by means of executing an optimisation method. An alternative is
using adaptive filtering for directly updating the model parameters online. Schilling
(2008) makes a selection on parameters from a virtual sensor for NOx and λ; and
designs an adaptive virtual sensor for their online adaptation. Another possibility is
introduced by Polóni et al. (2012) where a set of individual observers are designed for
some states of the model. However, MVEMs often pose a mixed structure with dif-
ferent parameters, curves, tables and dynamic equations. The problem of updating all
elements is not straightforward and must be faced carefully. The design of observers
for updating parameters and tables can be used for tuning or updating DDMs and
MVEMs, although stability and robustness of the solution should be issued. Due to
the relevance on the present work, the updating of look-up tables is considered.

Look-up tables4 allow engineers to easily model systems that present complex
expressions by means of mapping outputs with a set of nD heuristic array structures.
Look-up tables are used in automotive for different purposes (Vogt et al. 2004):
maps of engine parameters as function of the operating-point conditions, often mf

(or torque) and n; in order to provide set-points for the controllers; or for gain
scheduling, among others. Furthermore, the manipulation and interpretation of look-
up tables is simple and the usual offline procedures for calibration are based on LS
methods. Linear interpolation is usual for computing the outputs. Anyhow, the tables
are of course subjected to drift and ageing when running online. Adaptive filtering
can be used for correcting the drift and/or tuning parameters in an offline basis.

4 Usual dimensions of look-up tables are 2D, while 1D tables are often named as curves, but in
fact they can be considered as 1D look-up tables. Using higher dimensional grids is not usual due
to the involved computational burden, excepting specific cases such as for representing different
combustion modes.
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EKF for Updating Look-up Tables

Höckerdal et al. (2011) propose an EKF for updating table elements where they are
treated as states to be observed and updated by measuring the considered output.
In this approach, P represents the ageing of the states, defining a proper K for
updating in such sense that locally inactive elements see how their related variance
grows monotonically and active elements see how this is modified depending on the
weighted distance to the considered element. The interpolation principle weights the
correction and P updating: more excited elements will tend to have lower variance
than the less excited ones. A bounded limit on P should be applied for engineering
applications in order to avoid robustness problems.

The first limitation of this algorithm is that although inactive elements do not
really affect the updating in a given iteration, EKF manipulates all elements of P.
The global stability of the method relies on the observability (linked with activeness)
of the states and although during each iteration only 4 elements (in a 2D example)
are locally observable and the remaining are unobservable, the calculation involves
all grid areas. A second limitation is that system matrices vary with time making
impossible to derive a steady-state Kalman filter (Payri et al. 2012). This forces to
solve the Riccati equation at every instant for inferring K , involving a huge memory
and computational resources. By utilising a numerical example, an EKF for updating
a look-up table with 20-by-20 elements gives rise to a covariance matrix of 400-by-
400 elements and thereby also a significant computational burden when solving
the Riccati equations, which grows rapidly with the grid dimensions. Therefore
an important discussion of the work is how the KF can be used or modified to
get an efficient updating procedure for look-up tables without an important loss of
properties.

RLS and Other Approaches

An alternative solution for estimation is the use of LS techniques, see e.g. Peyton
Jones andMuske (2009) who use a RLSwith a forgetting factor for updating look-up
tables. The programming of a RLS is fairly simple and requires that table grid and
data is well distributed for avoiding robustness problems (as the authors literally
claim). Vogt et al. (2004) present the normalised least mean square (NMLS) method
optimised for online-adaptation of tables and propose an interesting simplification
on this method by separating non-active and active elements of the considered table,
aspect that is also exploited in this work but for EKF-based methods. The results
are good with much lower computation involved but with a slower convergence with
respect to the standard RLS.

Another interesting contribution due to the simplicity of the formulation is made
by Wu (2006), who treats the problem of table updating as a reverse interpolation
problem. A proportional weighting is then used for updating all the elements that
were involved in the previous interpolation calculation. The author cites it literally
as multiple nodes proportional distribution. This weighting is calculated only from
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the inputs and previous outputs. In that way, the method does not take into account
any noise in the measurement, and can be considered as sub-optimal if comparing
with the KF, but with a much lower computation and memory weight because only
the table values related with observable elements are updated.

This work presents two approaches (SKF and SSKF) with some characteristics
of the commented above in order to update look-up tables efficiently.
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Chapter 3
System Setup and Sensors Characterisation

3.1 Introduction

This chapter is divided into two parts. The first part, which comprises Sects. 3.2 and
3.3, is devoted to the description of the experimental configuration and tests used for
this work. Section 3.2 describes the experimental set-up used in the present work,
including the relevant characteristics of the engine, sensors and test cell equipment,
while the Sect. 3.3 presents the steady-state and dynamic tests performed to tune and
validate the methods.

In the second part of the chapter, the use of online methods for characterising NOx
and λ−1 output from exhaust gas concentration sensors is emphasised. NOx output
is characterised by a novel method based on SOI steps (Galindo et al. 2011), while
λ−1 output is characterised by performing injection steps (Guardiola et al. 2013).

3.2 Experimental Set-up

Test engine is an automotive 2.2-litre 4-cylinder common rail DICI engine with a
sequential parallel turbocharger Galindo et al. (2007), certified according to EURO
4 standard (model DW12B from PSA). Engine specifications are shown in Table 3.1.
A bypass-allowed ECU permits varying injection parameters, such as prail, SOI and
main injection duration (tmi), and also boost and EGR control set-points. The engine
is installed on an engine test bench and coupled to a variable frequency eddy current
dynamometer that allows carrying out dynamical tests. Standard air intercooler is
substituted by a water intercooler for a proper heat extraction on the intake air mass
flow. The usual experimental set-up used for generating the data in this work is
shown in Fig. 3.1, where the AT devices are removed and the main sensors are
sketched. A backpressure valve is installed downstream of the turbine outlet and
commanded for replicating the pressure drop in the exhaust line of series engines.
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Fig. 3.1 Engine layout with the main sensors used in this work (pressures, temperatures in different
positions are also measured but are not shown for clarity)

Table 3.1 Main
characteristics of the DW12B
engine from PSA

Stroke (S) 96 mm
Bore (D) 85 mm
S/D 1.129
Number of cylinders 4
Displacement 2179 cm3

Turbocharging system Sequential parallel
EGR HP
Injectors Solenoid (common-rail)
Valves by cylinder 4
Maximum power 125kW @ 4,000 rpm
Compression ratio 17:1

Table 3.2 Main actuators
used in the experimental
setup

EGR command uegr %
WG command uwg %
Rail pressure command uprail bar
Main injection duration (MI) utmi µs
Start of injection of the MI usoi

◦BTDC

The nomenclature for the engine positions is clarified in the Fig. 3.1 and in the list of
variables at the beginning of the document as well. In some specific tests, the sensor
layout is modified and AT devices are included, however they are indicated where
proceed. The main actuators on the engine are described in the Table 3.2.

The Rapid Prototyping System
In order to avoid the shifting and causality problems with the signals, the system
layout shown in the Fig. 3.2 is used for acquiring from and commanding signals to
the engine. A real time (RT) PXI system (from National Instruments) is used for
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ECUPXI

ACQUISITION + ACTUATION SENSORS

SENSORS
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ES910

Feedback line for controling the engine
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ETH ETH

Labview INCA

INTECRIO

ENGINE

Fig. 3.2 System layout for rapid prototyping (fast acquisition, bypass and control) and integration
of new sensors for testing the engine

the acquisition of data from series and experimental sensors. The PXI is connected
via CAN with a ES910 hardware from ETAS for acquisition and bypass of the ECU
signals, allowing to design control routines and skipping ECU logic. In addition
to series sensors (already connected with the ECU), other sensors are installed on
engine and linked with the PXI for acquisition and providing feedback for control
strategies. Labview software is used for managing PXI, while INCA software is
utilised for interfacing with the ES910. INTECRIO software permits to program the
engine variables for the bypass.

When bypassing, the time needed by the PXI software for writing into the ECU
channel is 20ms, and the same for reading in the other direction. Then, the maximum
expected error between commanding and reading a signal in the PXI is 40 ms for the
round path. Lags are around 20 ms when storing data by INCA software (used for
sensors characterisation and connected with the ES910). Acquisition frequencies are
100 Hz for integrated sensors and between 10 and 100 Hz for ECU signals (fixed by
manufacturer). Commanding frequencies depend on the test and variable.

3.2.1 Engine Sensors

Besides the commercial sensors, a full set of sensors is installed on-engine in order to
measure full operating conditions (pressures, temperatures, mass flows, engine and
turbo speeds, torque and fuel consumption), atmospheric conditions and emissions.
Some of them are measured redundantly for calibration. All sensors are tested and
calibrated with standard procedures, both in steady and transient-state. Table 3.3
shows themain series and test cell sensors harnessed formeasuring engine conditions.
Due to the relevance in this work, gas concentration sensors are described separately.
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Table 3.3 Sensors used in
the experimental setup (gas
concentration sensors are
discussed bellow)

Series sensors Symbol Location

Air mass flow (MAF) (kg/h) ṁa adm1
Boost pressure (bar) pboost boost
Engine speed (rpm) n crank
EGR valve position (%) xegr EGR valve
WG position (%) xwg WG
Rail pressure (bar) prail CR
Test cell sensors
Torque (Nm) Me crank
Air mass flow (sensyflow) (kg/h) ṁcell

a adm0
Fuel (gravimetric) (kg/h) ṁcell

f external

Pressures (bar) p runners
Temperatures (◦C) T runners
In-cylinder pressure (bar) pcyl cyl

3.2.1.1 Exhaust Gas Concentrations Sensors

Different gas concentration sensors are installed for designing and validating the
algorithms. These can be summed up in research grade and on-board (experimental
and commercial) sensors. From the first type, a gas analyser is used formeasuring gas
concentrations and an AVL 439 opacimeter for measuring the opacity at the exhaust
(not relevant in this work). From the second type, λ sensors and NOx sensors are
highlighted.When necessary, redundancy is applied to sensors for comparing signals
in different locations and indeed different units, e.g. the measurement of λ−1 before
and after the turbine. Appendix A.1 summarises the technical data of these sensors
according to the suppliers.

Gas Analyser
A Horiba MEXA 7100DEGR gas analyser HORIBA (2001) is used as calibration
standard and among others, the following relevant concentrations are measured: CO2
at the intake and exhaust, NOx at the turbine outlet and O2 at the intake manifold and
turbine outlet. The engine-out λ−1 and NOx are inferred by locating the gas probe
downstream of the turbine. λ−1 is calculated from the O2 measurement, estimated by
means of a magneto-pneumatic detection (MPD), while NOx is measured on a dry
basis, by means of a heated chemiluminescence detector (HCLD) with a NO2/NO
converter. Calibration gases are used for the calibration of the system (zero and span).

Three key factors do not allow to use this system as a dynamic calibration method
for on-board sensors:

1. Measurement system response time, which includes the signal rising time, is
slower than the tested on-board sensors.

2. A long line is used for providing exhaust gas to the gas analyser (12m). This long
line causes not only a transport delay, but also can cause diffusive effects.

3. Soot-free gas is needed in order to prevent sensor damage; therefore a filter is used
in the line Bermúdez et al. (2008). In transient engine operation, filter contributes
to substantial emission signal distortion.
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It is worth noting that some studies combine experimental data and phenomeno-
logical modelling approach to synchronise Broatch et al. (2008); Arrègle et al. (2006)
or to restore Chan et al. (1997); Geivanidis and Samaras (2008); Mrosek et al. (2011)
the signals from slow response analysers during transient engine operation. This is
done by analytical means, using simple gas diffusion models and perfect gas mixing
models, or through a control theory approach to the problem. Section 3.4 shows static
and dynamic results by using the gas analyser for characterising the NOx sensor.

UEGO Sensor for Measuringλ−1

This on-board sensor may be located in different positions in order to evaluate
the possibilities of using measured λ−1 in models and adaptive algorithms. The
proposal in this work for estimating engine-out λ−1 is utilising a NOx sensor, capa-
ble of measuring also λ−1, while avoiding the use of a UEGO sensor (used for some
production engines). Anyway, the sensor is used for helping some explanations and
as a reference for comparison with the NOx sensor. Section 3.2.1 presents different
alternatives for measuring intake λ−1 from UEGO sensors and the gas analyser.

ZrO2-Based Sensor for Measuring λ−1 and NOx
The availability and the trade-off for locating NOx sensors in production diesel
engine cars varies depending on the final application. In HD engines, the NOx sensor
is becoming usual, and the normal solution is locating one NOx sensor downstream
of the SCR for diagnosing and managing the system, while exhaust NOx is observed
(saving the need of using more than one sensor unit). In LD, the sensor will become
necessary for EURO 6 diesel engines with a similar trade-off to that of HD (although
LNTmight be used instead of SCR), while some luxury cars already mount two NOx
sensors for providing a valid reference before and after the AT devices.

In this work, the AT devices are removed in the standard configuration and the
sensor is located at the turbine outlet. The capability of measuring λ−1 permits to
work without UEGO sensors. It should be clarified that even though λ−1 is not really
necessary for the control of diesel engines, it is advised for emissions control (soot
and NOx) and may be used for correcting injector drift or bounding injection (on the
basis of the smoke limiter actuation). Anyway, the sensor response must be assessed
and this is performed in Sect. 3.4.

3.2.1.2 Intake Gas Concentration Sensors

Due to the strong dependency of NOx emissions on [O2]int , the measurement of
[O2]int is of major importance. However, the lack of homogeneity of the intake mix
stands a major problem in some engines. In this work, the methodology presented
in Luján et al. (2008) has been used for analysing the homogeneity of the mix.
The method is based on feeding the gas analyser from different probes, as sketched
in Fig. 3.3:
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Fig. 3.3 Engine layout showing the main sensors used for measuring [O2]int or equivalently
[CO2]int

• Measurement of the [CO2]int just before the separation of the manifolds at the
intake by the gas analyser,

• extractions in the four individual cylinder intake runners and measurement by the
gas analyser (cylinder 1 to 4 [CO2]int independent measurements),

• measurement of a sample result of the mix of the 4 extractions and made by the
gas analyser (1 measurement, from a rail where gas coming from all the probes is
mixed).

When using the gas analyser, the [CO2]int (%) is measured with a non-dispersive
infrared method (NDIR). As the intake gas is a mix of ambient air and the results of
the combustion of this air with fuel, the [O2]int is linearly correlated with the [CO2]int

(the higher the [CO2]int , the lower the [O2]int).
Additionally, and as a real time alternative, the measurement of the intake λ by

means of the UEGO sensor located in the intake manifold has been implemented.
The sensor has been located with a certain distance upstream the separation between
individual cylinder runners for avoiding separation effects (1 measurement).

UEGO sensor provides the ion pump current Ip (mA). The Ip signal is previously
corrected with the effect of pboost which affects to the oxygen partial pressure mea-
surement. Furthermore, Ip is related with λ−1 (and thus [O2]int and [CO2]int) by a
curve given by the manufacturer.

A set of measurements is made in order to evaluate the different alternatives and
to determine the best method to estimate the intake gas concentration. In total 4
operating points defined by the pairs [n, mf ] are studied: [2,500, 35], [2,500, 7],
[1,500, 20] and [1,500, 7] (units are rpm and mg/str respectively) with the rest of
inputs fixed by the standard engine calibrations.

The results of the study are summarised in Table 3.4 for the 4 operating points.
Even though there exists an important dispersion among the cylinder samples (due
to not utilizing a mixer that guarantees the homogeneity of the fluid at intake), the
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Table 3.4 Comparison of different sensor outputs for determining the effective intake [CO2]int
(and thus [O2]int and λ−1) in the cylinder

Operating point [n, mf ] [2,500, 35] [2,500, 7] [1,500, 20] [1,500, 7]

[CO2]int (%) 1.37 1.07 1.27 2.30
[CO2]int 1 (%) 1.14 0.98 2.38 2.62
[CO2]int 2 (%) 1.65 1.09 2.46 2.92
[CO2]int 3 (%) 2.07 1.11 1.89 2.64
[CO2]int 4 (%) 1.89 1.10 1.79 2.55
[CO2]int 1–4 (%) 1.62 1.07 2.27 2.73
[CO2]int mean 1–4 (%) 1.69 1.07 2.13 2.68
std 1–4 (%) 0.40 0.06 0.34 0.16
Ip (mA) 1.93 2.12 1.91 1.78
[CO2]int (%) from Ip 1.99 0.95 2.10 2.80

std standard deviation
Thefirst row represents themeasurement of [CO2]int by a gas analyser just upstreamof themanifolds
at the intake junction; the rows 2–5 represent the gas analyser measurements of [CO2]int by means
of the 4 individual extractions of gas at the intake manifolds of the engine; the row 6 is the gas
analyser measurement of the sample result of a mix of 4 equal extractions of the intake manifolds of
each cylinder; rows 7–8 represents the mean and standard deviation of the 4 individual extractions
of the gas measured in rows 2–5; while the last two rows represents the measurement of the intake
lambda sensor.

Fig. 3.4 Equivalency
between [CO2]int and the
pressure corrected signal Ip
from the UEGO sensor. The
saturation of the intake probe
is evident for values of Ip
around 2.3, i.e. equivalent to a
low [CO2]int concentration
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comparison of the mean value for the 4 cylinders with the measurement from the
rail (Cyl 1-4 probe) is satisfactory. Nevertheless, the [CO2]int measured just before
the cylinder manifolds is highly affected by the lack of homogeneity in the mix and
the signal presents a significant error when comparing with the rest of alternatives.
The results obtained by the UEGO sensor are acceptable, despite of a slight deviation
lower than that of the gas analyser intake extraction. However, the Bosch sensor
presents a saturation when Ip > 2.3 mA (low [CO2]int and high [O2]int) as shown
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in Fig. 3.4. Chapter 4 completes the discussion comparing the different possibilities
(sensors and models) for estimating the [O2]int .

3.3 Engine Tests

Steady-state and dynamic tests are performed for obtaining the results presented in
this work. A summary on these is shown in this section.

3.3.1 Steady-State Tests

A full set of steady-state tests are performed in order to characterise the engine and fit
the tables and parameters of the models described in Chap. 4. This includes different
pairs of [n, mf ] values covering:

• nominal tests, defined by the manufacturer ECU settings, with warm conditions
and variables stabilised,

• variations of the EGR rate (EGR),
• variations of the engine coolant temperature (Tcool),
• variations of the water temperature of the intercooler (Twic) to influence the intake
temperature (Tint), and

• variations of pboost to influence on ṁint .

Ranges are selected in order to produce appreciable NOx variations but taking
into account the limits for engine operation. 363 steady measurements are made in
total. Covered engine areas are shown in Fig. 3.5.

3.3.2 Transient Tests

3.3.2.1 Steps

Step-like tests are used for identifying sensor and system dynamics (flow, temper-
atures and pressures). Table 3.5 shows specific tests performed for different engine
operating points.

Furthermore and for demonstrating the effect of sharp variations in SOI on the
NOx emissions, 19 specific tests consisting in several consecutive steps were per-
formed at different engine speeds (from 1,000 to 3,000 rpm) with different initial
NOx concentrations (i.e. different initial engine operating conditions) and step sizes
(ranging from 1◦ to 4◦ in SOI). Regarding the fuel-to-air ratio, specific load tran-
sients are performed by keeping the EGR valve fully closed in order to avoid possible
interactions. Data is later used for the sensor dynamics identification in Sect. 3.4.
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Fig. 3.5 [n, mf ] set of values run for testing the engine in steady-state. In each set, different
variations of uegr , Tcool , pboost and Tint are made for characterizing the engine. Some additional
points are measured for completing the engine characterization. Nominal EGR map EGR0 (white
area corresponds to EGR valve closed, EGR = 0) and full load line are also plotted

Table 3.5 Steps performed in the engine for system and sensors characterisation

n (rpm) mf (mg/str) Δusoi (◦ BTDC) Δuegr (%) Δuwg (%)

1,000 7.5 ±2 ± 10 −30
1,000 43 ±2 −3
2,500 35 ±2 ±5 ±3
4,000 10 ±2 ±5
4,000 50 ±2 ±3

BTDC before top dead centre

3.3.2.2 Cycles

Different engine cycles are designed on the basis of the homologation cycle and ad-
hoc modifications for proving and testing the models and methods developed in this
work. In the following, the cycles are described and the test campaign is summed up
in Table 3.7.

Adapted Transient Cycles (TRAN)
A set of dynamic tests are designed on the basis of two different modifications of
the FTP cycle for HD engines (named here as TRAN A and TRAN B), and are used
for training and evaluating a NOx model in transient operation. These consist of a
re-escalation of the central part of the standard FTP and are compared in Fig. 3.6.
Test proposition is a full factorial design by performing modifications on set-points
for uegr (by modification on the ṁa maps), pboost (by fixing ṁa set-point and modi-
fying pboost map) and Tcool (modifying the engine coolant reference temperature at
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Fig. 3.6 TRAN nominal cycles designed for the model validation. TRANA is the black line, while
TRAN B is the grey line

Table 3.6 Experimental plan of the modified TRAN cycles

Cycle Tcool (◦C) Δuegr(%) Δpboost (mbar)

TRAN A [75, 85, 95] [−5, 0, +5] [−100, 0, +100]
TRAN B nom [−10, 0, +20] [−100, 0, +100]

the test cell controller). The sequence is presented in Table 3.6, totalling 36 different
tests (27 TRAN A and 9 TRAN B, both in the test campaign A). For each test, three
repetitions of the sequence shown in Fig. 3.6 are made.

The NOx sensitivity to variations on inputs and parameters is considerably lower
for transient than static conditions. This fact is due to the systems and sensors dynam-
ics which filter the effects. For instance, an increasing of 10% in pboost (100 mbar) in
the TRANA cycle leads to an increase NOx around 10%, while in steady conditions
produces an increase in the order of 40% for the same conditions (while fixing ṁa

set-point in the EGR area of the engine). In all cases, the higher NOx sensitivity is
found for EGR variations, especially for TRANB cycles, which present sharper EGR
transients. Figure 3.7 shows the effect of modifying EGR rate (by plotting [CO2]int)
over the final NOx emissions measured by the sensor.

Sportive Driving Mountain Profile (SDMP)
The SDMP is designed for covering a wide operating range of the engine by sharp
variations on n and mf . A zoom on 400s (total is 1,200) of the SDMP is shown
in Fig. 3.8 (left plot indicates the whole cycle points). Since the SDMP presents
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Fig. 3.7 [CO2]int at intake and NOx emissions for TRAN B after varying the EGR set-point. The
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Fig. 3.8 SDMP cycle performed on the engine

sharp load transients, the EGR valve is mostly closed during the cycle, making that
EGR = 0 during the major part in spite of the engine might be run in the EGR area.
This circumstance distorts the closed loop nominal engine operation.
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Fig. 3.9 NEDC cycle performed on the engine

New European Driving Cycle (NEDC)
The NEDC is tested in cold and warm-start conditions (at the beginning of the test).
The cycle consists of a urban part with accelerations/decelerations and idling, and
an extra-urban part that lasts 400 s. The urban part has 4 equal repetitions of a
sequence that lasts 200 s; Fig. 3.9 shows last repetition of the urban part and the
extra-urban section. Cold-start cycle presents lower NOx, indeed when mf is slightly
higher because of cold starting strategies. Anyway, differences are not considerable
and can also be associated with cycle differences in operating points (n and mf have
dispersion, see left plot of Fig. 3.9).

Common Artemis Driving Cycles (CADC)
CADC cycles are designed upon the basis of an statistical analysis of European
real world driving patterns, developed by the European Artemis1 project. The cycle
includes three different variants: urban, rural road and highway. These profiles are
more realistic than theNEDCas they cover different real situations and then constitute
a good source for experimental testing. Three versions of the CADC are shown in
Figs. 3.10–3.12.

Summary on the Transient Cycles
In total, two different test campaigns for testing dynamic cycles have been performed
for the present work; these are separated in test campaign A and B just for remarking
that they have been performed in different moments. Table 3.7 sums up the dynamic
tests made, where an identifier (ID) names the cycles. A3 to A29, and A30 to A38
stand for the test of the full factorial design summarised in Table 3.6.

1 ARTEMIS: Assessment and Reliability of Transport Emission Models and Inventory Systems.
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Fig. 3.10 Urban CADC cycle performed on the engine.
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Fig. 3.11 Rural CADC cycle performed on the engine

3.4 Gas Concentration Sensors Characterisation

In the next, the static and dynamic calibration of λ and NOx output from the gas
concentration sensors is discussed. The static calibration is based on the linear fitting
of sensor outputs by using the steady-state data-set collected from the engine, while
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Fig. 3.12 Highway CADC cycle performed on the engine

Table 3.7 Dynamic test
campaigns

ID Cycle Calibration

Test campaign A
A1 NEDC warm nom
A2 NEDC cold nom
A3-A29 TRAN A DoE
A30-A38 TRAN B DoE
Test campaign B
B1 NEDC warm nom
B2 CADC Urban nom
B3 CADC Rural nom
B4 CADC Highway nom
B5 SDMP 1 nom
B6 SDMP 2 nom

the dynamic characterisation is based on generating exhaust gases with different
concentrations by means of the step-like variations on the engine injection settings.

With respect to theNOx output, this section presents an easy on-engine experiment
for NOx sensors by abrupt changes on the start of injection (SOI). The results shown
in this section corresponds to a NOx sensor and a gas probe located downstream of
the turbine, removing the AT line.

Regarding theλ−1 output characterisation, variations on the injected fuelmass rate
ṁf are used for provoking step-like transitions on the λ output and the methodology
for identifying the sensor is similar to that of the NOx output. Figure 2.5 already
compared λ−1 output from the NOx and a UEGO sensor in a configuration different
from the standard of this work, where the former is located downstream of the
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ATs while the latter at the turbine outlet. The NOx sensor provides a slower and
more filtered response than the other due to the position and the sensor response
time. However, if using a NOx sensor, the UEGO sensor can be removed instead
of using two different sensor units. In the following, the results for the NOx sensor
output located at the turbine outlet are presented.2 The conclusions and results of
the characterisation are required for the implementation of models and observers in
subsequent chapters.

3.4.1 Static Calibration

Previous to theNOx sensor static calibration, some issuesmust be considered. On one
hand, the measurement procedures of the sensors affect the output itself, especially
for NOx where a number of different species (NO and NO2 among others) can be
distinguished. This discussion is moved to the Appendix A.2.

On the other hand, the NOx sensor principle is based on the measurement of the
partial pressure of oxygen in order to determine both λ−1 (zλ−1 ) in a first chamber
(outer cavity) and NOx (zNOx) in a second one (inner cavity), as shown in Fig. 2.4.
The total pressure of the manifolds affects the output, as occurs also on UEGO and
MAF sensors, and a correction (by software) is required. A simple analysis by dispos-
ing different gas concentrations and pressures (in a static way) in a sealed chamber
allows checking the pressure effect over the NOx sensor outputs. Two gas bottles
containing pure CO2 and a calibrated mix of NOx and N2 are used for designing the
mixes when added to atmospheric air. A ZrO2 sensor is installed and measurements
are made in steady-state.

Figure 3.13 shows iso-NOx curves (left plot) and iso-O2 (right plot) for different
relative pressures in the chamber and for different NOx levels (ppm) and oxygen
levels (%), tested in the sealed chamber with the actual references known beforehand.
The curves are obtained discharging the vessel, which ensures that the concentration
is constant along each one of the tests. As it can be noticed in the plot, the oxygen
output (zO2 ) is already pressure compensated by the manufacturer, while the NOx
output is affected and a specific correction seems necessary if the sensor is to be used
with varying gas pressures.

The NOx sensor is installed at the turbine outlet. The turbine outlet pressure (pout)
is in all cases between 1 and 1.6 bar (in the NEDC the maximum pout is about 1.3
bar). Derived from the limited range in pout , the possible error due to the pressure
effect is lower than the expected error according to the specifications provided by
the manufacturer (shown in Appendix A.1); hence no specific correction has been
used in the present work.

2 The UEGO sensor is used for initial phases of this work but then removed.
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Fig. 3.13 Effect of the pressure over the NOx sensor for the NOx output zNOx (left) and oxygen
estimation zO2 from λ−1 output (right). It seems that the manufacturer has compensated the oxygen
output but not the NOx output

3.4.1.1 Static Calibration of the NOx Output

With respect to the NOx sensor accuracy, the ZrO2 sensor is calibrated by comparing
the signal with the NOx output of the gas analyser, used as static standard. The NOx
output in the gas analyser ismeasured by a chemiluminescence system (CLD) in a dry
basis and corrected by humidity and other factors. The important dependability of the
exhaust NOx concentration when varying the engine operating conditions is profited
for the steady calibration. The steady-state tests are used for the calibration, caus-
ing NOx concentration variations to cover the sensor measuring range. Figure 3.14
illustrates the results. After removing the outliers (usually caused by human errors
in the measurement procedure of the gas analyser) and using the box-and-whiskers
method, a linear fit is performed. Mean absolute error after calibrating NOx from
ZrO2 output results of 10.7 ppm, and the residuum standard deviation of 14.77 ppm.

3.4.1.2 Static Calibration of the λ−1 Output

NOx sensor provides a very accurate information of λ−1 in steady-state operation.
Static measurements of the NOx sensor are compared to those of the gas analyser in
Fig. 3.15 by using the steady-state data-set. Mean absolute error after calibrating λ−1

from ZrO2 output results of 0.0048, and the residuum standard deviation of 0.004.
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Fig. 3.14 NOx from ZrO2
sensor (zNOx ) and the gas
analyser under different steady
operating conditions; the
linear fit and correlation
coefficient are represented
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Fig. 3.15 λ−1 from ZrO2
sensor (zλ−1 ) and the gas
analyser under different steady
operating conditions; the
linear fit and correlation
coefficient are represented
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3.4.2 Dynamic Calibration

The second step in the calibration procedure consists in the identification of the sensor
dynamics. A well-known method consists of using a step transition in the measured
quantity Ogata (2001). However, usual means for providing step-like transition in gas
concentration are complex set-ups with fast valves and synthetic gas mixes Regitz
and Collings (2008), which can hardly being implemented on-board.

For solving this issue, on-engine alternatives are next presented for the calibration
of the NOx and λ−1 outputs of the exhaust concentration sensor.
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3.4.2.1 Dynamic Calibration of the NOx Output

This subsection presents a novel method based on the variation of the SOI
Galindo et al. (2011), which can be easily done in current engines during their normal
operation. In order to decouple as much as possible the effect of SOI variations on
the air path of the engine, EGR rate is set to zero (EGR valve fully closed) during
the tests. Although other variables could be used for affecting the NOx concentration
(e.g. EGR valve control), SOI is selected because:

• SOI varies the exhaust gas composition in an importantway, producing appreciable
NOx concentration variations.

• SOI variations produce low variations for turbine intake temperature and pres-
sure. Hence conditions at the turbine inlet are not importantly varied, and the
turbocharged speed and boost pressure are not significantly affected; since the
EGR valve is closed, the effect of the slight variation in the exhaust pressure may
be neglected. This is considered as a key factor since pressure and temperature
variations are associated with slow transients (because of mass and heat accumu-
lation) which would affect the NOx concentration.

• Other control variables correspond to slow acting valves, which will distort the
step-like profile in the gas composition. However, the system response to SOI
variation can be considered instantaneous: SOI is electronically applied, thus no
actuation delay is expected beyond the cycle-to-cycle response time.3 Additionally,
since no EGR is performed, NOx concentration at the cylinder exhaust port is only
dependent on the trapped air mass quantity and temperature, and injection settings
during the previous cycle (NOx contained in the residual gas fraction is re-burned
during the combustion Payri et al. (2008)). Finally, the gas transport delay from
the cylinder to the ZrO2 sensor (located at least 1 m from the exhaust port) is of a
few tens of ms, as it will be discussed in Sect. 3.4.2.

Figure 3.16 shows the evolution of NOx measurements during a cycle with SOI
steps, while Fig. 3.17 illustrates that other significant variables (as intake and exhaust
pressure, gas temperatures, coolant temperature and air mass flow) do not vary in an
important way during the tests. The maximum variation in these properties is 2.8%
for exhaust pressure (considering a moving average filtered value), while the rest of
them varies less than 0.5%.
Sensor Identification
For illustrating the applicability of using data derived from the SOI steps, a dynamic
identification is done assuming a linear first order model behaviour (other possible
model structures with physical insight could be found in Zhuiykov (2010)) with the
transfer equation in the s-domain

G(s) = e−sτNOx

1 + TNOxs
(3.1)

3 This delay is in the order of 20 ms maximum for an engine spinning at 3,000 rpm, which can be
neglected when comparing with typical delays of the sensor, which are above 500 ms. On the other
hand, maximum software delay is below 40 ms, which is not additive to the previous one.
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Fig. 3.16 NOx concentration during a SOI step-like test at 2,000 rpm and 50 mg/stroke. Legend:
dashed line is SOI, black line is the NOx sensor (zNOx ) before the steady-state calibration and gray
line is the gas analyser. The difference in terms of delay, dynamics and steady-state values between
both sensors is clearly noticed in the Figure
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mg/str
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Fig. 3.18 Identified models (solid gray) and measured evolution (solid black) for both sensors:
thin lines correspond to the gas analyser while thick ones to the NOx sensor. SOI step is reproduced
with a black dashed line. The delay of the gas analyser is clear with respect to NOx sensor

Table 3.8 Mean and
standard deviations for the
identified time constant TNOx

Gas analyser NOx sensor

TNOx (s) 4.25 0.91
σk (s) 0.46 0.47

The sensor response to the step is then

zNOx(t) = zNOx(t0) + ΔNOx

(
1 − e

− t−τNOx
TNOx

)
t ≥ τNOx (3.2a)

zNOx(t) = zNOx(t0) t < τNOx (3.2b)

where zNOx(t0) is the zNOx initial value before the step, ΔNOx is the step-amplitude
and t the time. The sensor delay (τNOx) represents the delay from the application
of SOI (judged to be instantaneous) to the start of the sensor output variation, and
TNOx stands for the sensor time constant. For each individual step and sensor, TNOx

and τNOx are obtained. For the coefficient identification, a least-square fit of (3.2a),
(3.2b) is performed [although more robust recursive identification techniques could
be used for the online case (Ljung 1999)]. Even though not shown in this work, other
different models have been proved, as for instance second order filters and AR or
ARMAX models.

Figure 3.18 illustrates an example of the fit obtained with the first order response
model. Averaged values of the identified time constant TNOx and their deviations are
shown in Table 3.8. On the other hand, the standard deviations obtained for TNOx

estimates merit for additional analysis, as they suggest that the sensor behaviour
could be affected by the gas concentration conditions during the test.

No direct influence is found on the sensors response from the gas speed,
temperature or pressure, since the identified parameters do not vary significantly
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Fig. 3.19 Response time TNOx for the NOx sensor as function of the concentration step ΔNOx and
the initial concentration zNOx (0)

with these conditions. In order to analyse the effect of the initial zNOx concentra-
tion (zNOx(0)) and of the step size (ΔNOx), scatter plots of TNOx are presented in
Fig. 3.19.

In the case of the ZrO2 sensor, there exists an important variability of TNOx,
especially at low ΔNOx, with an exponential-like shape. One reason is that, in the
case of small steps, the concentration profile is not step-like, but affected by other
slower variations (temperature, pressure, etc.) that here are not negligible; another
possible reason could be related to the diffusion speed of the gas inside the sensor
chambers, which depends on the concentration itself and its evolution along time.
Note also that the sensor presents a low sensitivity to low NOx values Moos et al.
(2008). This explains the larger deviations obtained in TNOx as presented in Table 3.8.
However, the response time of the gas analyser does not present these problems and
the trend is more constant (and response quite slower) for all values (see bottom
plots in Fig. 3.19). For larger step sizes, the response time of the NOx sensor is more
stable, as shown in Table 3.9 where tests with ΔNOx < 75 ppm have been removed.
Physical modelling approaches can be useful for identifying these behaviours by
including dynamic models for diffusion chambers Wang (2007).

Furthermore, only lowΔNOx could be applied in tests with low zNOx(0), because
SOI actuation does not permit significant variations in the gas concentration. Hence
zNOx(0) and ΔNOx are correlated. This partly explains the effect of high devi-
ation presented for low zNOx(0) values shown in right-hand plots of Fig. 3.19.
In addition, the low sensitivity of ZrO2 sensors to low NOx values can be addressed
Groß et al. (2012).
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Table 3.9 Identified
dynamics for NOx sensors
considering tests with
ΔNOx > 75 ppm

Gas analyser NOx sensor

TNOx (s) 4.14 0.79
σk (s) 0.33 0.27

The discussion about the sensor delay is included in a different subsection. Finally,
one of the main problems of automotive sensors is their degradation during their
lifespan. For ensuring the correct performance of the control structure, the system
has to be capable of checking the sensor periodically. This methodology could be
useful for these purposes.

Correspondence with the Discrete Filter
The results above have been presented in the s-domain and the continuous time
domain, due to the easy interpretation and for supporting the discussion. However,
electronic systems work on the discrete domain. An alternative for converting the
obtained results to the z-domain is using the first order discrete filter to model the
sensor response

G(z) = 1 − aNOx

1 − aNOxz−1 z
−τNOx/Ts (3.3)

instead of the continuous filter where z is the z-transform variable, aNOx represents
the response time and τNOx is the delay. Depending on the sample time (Ts), aNOx

can be deduced Ogata (2001).

Prospective for the On-board Application
Presented method based on shifting SOI could be easily applied during operation
phase of automotive diesel engines. That means that the ECU could use this test
for identifying the sensor behaviour, and diagnosing the sensor and system perfor-
mance. This could be periodically done during specific conditions of the engine
run. The knowledge of the dynamic sensor characteristics is needed for data fusion
and signal reconstruction techniques Manchur and Checkel (2005); Tschanz et al.
(2012). For this, the dispersion of the sensor model might be corrected online using
the combination of the mentioned techniques and the sensor measurements by using
the proposed method. In this way, the robustness of the control law can be checked
regarding this dispersion.

Note that the presented results correspond to a NOx sensor located upstream of
the AT devices. Hence the presented methodology will be of direct application for
sensors in this position, which can be used for feed-forward control of the SCR
system Hofmann et al. (2004). For the case of the sensor located downstream of a
SCR system, the following two aspects must be considered:

• The method can be applied but the model should take into account the effect of the
SCR. On one hand, the important removal of the raw NOx concentration (about
80%) compromises the NOx output due to the insufficient accuracy of the sensor
for low NOx values. On the other hand, the cross sensitivity to ammonia affect the
sensor measurement. Because of these, the dynamic characteristics of the signal
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Fig. 3.20 NOx concentration measured by the NOx sensor (zNOx ) and torque evolution (Me) at
2,000 rpm and 50 mg/stroke when varying SOI

can be importantly distorted (also filtering the signal and thus losing the step-like
behaviour).

• Even in the case the SCR is not operating, the possibility of exciting the NOx
sensor needs to be checked: depending on the signal dynamics and the volume
of AT devices, the gas concentration can sufficiently keep its step-like profile.
This issue must be verified beforehand by installing two sensors, one up and one
downstream of theAT line. Anyway, once established the feasibility of themethod,
one of them may be removed. Finally, the NH3 storage mechanism could also
contribute to unexpected variations in the NOx concentration at the SCR outlet,
and hence a sufficient delay is needed between the SCR cut-off and the dynamic
characterisation checking.

However, the method could still be used for the SCR system diagnosing, or a proper
dynamic model as e.g. the one presented in Hsieh and Wang (2011) might be used
for covering the storage dynamics and NH3 effects.

Excellent operating condition for performing the method is highway operation
(where torque and engine speed are reasonably constant during long periods and
SOI variations can produce appreciate variations). Figure 3.20 shows the variation
in NOx concentration and torque when SOI is varied in a 2-degree step profile while
keeping constant mf and n. As shown in the central part of the plot, the raw NOx
production can clearly be increased with a low impact on torque; that means that
the driveability can be ensured while the test is performed (corrections on mf can be
performed for maintaining the engine torque to its set-point ensuring the driver to be
blind to the test). The increase in NOx emission during the sensor testing should not
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Fig. 3.21 Two sensor responses (zλ−1 in solid lines) for injection steps from 15 to 30 mg/str
(left plots) and the opposite (right plots) at 1,550 rpm (top plots) and 2,250 rpm (bottom plots).
The model x−1

λ is provided for comparison (dashed black)

importantly impact the overall emissions, since a few seconds are enough for the test
(and also a descendent step could be used). On the other hand, in engines with SCR
technology and a NOx sensor located upstream of the SCR, the SCR could cope with
the excess of NOx.

3.4.2.2 Dynamic Calibration of the λ−1 Output

The slow dynamic response of λ−1 from the NOx sensor is explained by several
reasons: the distance and the system volume between engine exhaust and sensor
location affect transport delay anddistort the signal; the sensormeasurement principle
and sensor hardware itself; and the acquisition chain. Although slow, the sensor is
quite precise, since several repetitions of the same test provide similar results. This is
illustrated in Fig. 3.21, where 2 repetitions of the same fuel step are depicted for 2
different engine speeds. Top plots show a step up (left) and step down (right) in
injection for 1,550 rpm and bottom plots the same for 2,250 rpm. Despite the sensor
precision, it must be considered that the dynamic response is significantly affected
by the operative conditions (e.g. the sensor response in bottom plots in Fig. 3.21 is
always faster than in top plots). A model based on the fuel-to-air ratio calculation
(xλ−1 ) is also shown in the plots (detailed explanation is found in the Chap. 4).

A first order filter similar to that of (3.3) is used and parameters identified on
the basis of the data obtained by performing steps on mf , which provoke step-like
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Fig. 3.22 Example of identification of the sensor behaviour for two engine speeds, where zλ−1 and
y−1
λ are depicted. Top plot training data at 1,550 rpm where parameters aλ−1 and τλ−1 are identified.

Bottom plot validation data at 2,250 rpm, where parameters aλ−1 and τλ−1 obtained for the top plot
situation are used now for obtaining y−1

λ

transitions on λ−1 (Guardiola et al. 2013). Figure 3.22 shows the evolution of the
measured zλ−1 and the identified sensor model y−1

λ for two different operating con-
ditions. Left plot is used for identification while validation is provided by the right
plot. The fitting is good (even in the right plot) although a slight error can be appre-
ciated, which suggests that the dependence of the sensor dynamics with the engine
operating point may be neglected in a first approach, i.e. the response time may be
taken as constant. A similar study to that of the NOx output may be performed in
order to obtain characteristic values of the response time. Anyway, the repetitiveness
of the parameters is higher than for the NOx case, and in this work the NOx sensor
response time for λ−1 output is considered constant.

This method could be applied when driver performs a sharp tip-on or can profit
DPF regeneration modes, even though the effect of post-injections should be studied
more deeply.

3.4.2.3 Delay in the NOx Sensor

As expected, the NOx sensor delay is much lower than chemiluminescence system
delay. This occurs because the gas analyser delay is mainly caused by the treatment
operations and by the transport in the long gas line feeding the measurement system
(12 m), which adds a non-negligible delay due to the low flow allowed. The outputs
have been plotted in Fig. 3.16, and the significant lower delay for the ZrO2 sensors
with respect to the gas analyser can be clearly noticed.

In principle, the ZrO2 sensor delay (for both λ−1 and NOx outputs) varies with
the sensor actuation possibly by gas concentrations (Wang 2007) and in a minor way
by transport lag. The effect of the gas concentrations and mass flows themselves
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Fig. 3.23 Variable sensor delay modelled for zNOx and zλ−1 outputs from the NOx sensor during
the second half of the NEDC A01 (left) and SDMP B5 (right). Higher peaks correspond to the
idling operating conditions, which are overestimated. In general, the bigger mf and n, the lower the
delay

over the final delay is appreciable and should be analysed but it escapes from the
scope of this work. With respect to the transport delay, it could be calculated taken
into account the gas flow rate and the exhaust pipe cross section. The transport delay
can take a wide range of values depending on the operating conditions. Simulations
with a wave action model (Galindo et al. 2009) and for the considered diesel engine
after varying injected fuel mass and engine speed show velocities of the exhaust flow
between 10 m/s and 140 m/s. The transport delay could be then calculated as the
time that the gas takes to reach the sensor from the combustion chamber, and goes
with the inverse of the gas velocity. From the simulations, transport delays rarely
present values above 100 ms, and according to simulations by wave action models,
are generally lower than 25 ms. The influence on the total delay is supposed to be
minimum with respect to the hardware delay.

Some authors have proposed functions for modelling the delay. For instance,
(Trimboli et al. 2012) design the following function

τ (n, ma) = α0 + α1

n
+ α2

ma
(3.4)

Figure 3.23 shows the delay modelled by (3.4) in the cycles A1 and B5 for both
NOx and λ−1 outputs. The results show that the delay is quite constant during part
and full load operation, while it is slightly bigger when approaching to idling or low
loads. The variation can be explained not really by the (minimum) transport lag but
mainly by the sensor diffusion processes between the sensor chambers, which are
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affected by the total oxygen and NOx concentrations. In the case of NOx, the delay
is slightly higher than for λ−1 due to the sensing element location is in the inner
cavity. It should also be noted that the delay tends to be overestimated during idling
(about 2 s in NOx against 1.4 in the reality) due to the simple model structure (3.4).
In this work, a constant delay is used for the implementation of models and fusion
strategies, and values are shown in dashed lines in Fig. 3.23 (about 0.75 s in NOx
and 0.5 s in λ−1, in line with the manufacturer technical data). The results obtained
in subsequent chapters justify this decision, in addition to the simple programming
of a constant delay against a variable one. Furthermore, the robustness, dispersion
and ageing of a delay model should be assessed more in detail, where scheduling
strategies in line with the thesis algorithms might be explored.

3.5 Conclusions

This Chapter has described the experimental setup and the test campaign performed
in order to design and validate the models and algorithms utilised in the current dis-
sertation. Furthermore and considering the gas concentration sensors used for this
work, the NOx and λ−1 outputs from a ZrO2 sensor are characterised by means of
steady-state tests for static calibration and transient steps for dynamic characterisa-
tion. More precisely:

• A simple on-engine experiment for characterising NOx output is presented.
The method uses the engine as a gas generator and the procedure consists of
applying steps in SOI producing sharp variations in NOx concentration. With a
simple variation of 2–3◦ in SOI, NOx concentration is varied whilst torque values
and fluid conditions remain approximately constants.

• A similar procedure based on performing injection fuel rate steps in order to
produce sharp variations on λ−1 is used for the dynamic characterisation of this
signal.

These methods allow the determination of the dynamic response of the sensor
(for both NOx and λ−1) over its entire useful life and the detection of faults in the
sensor. A simple mathematical modelling, taking as a reference a first order model
response, is proposed, althoughmore complexmodelsmight be utilised.According to
this, the delay and the response time ismodelled for both NOx and λ−1. In both cases,
and even though there exists variability in the parameters, the delay and the response
time are considered constants for the applications made in subsequent chapters.
The good results of themodels and fusion strategies for the proposed applications give
validity to this decision, provided that a deeper analysis is advised for future robust
implementations. Due to its nature, the methods could be implemented on-board for
the online dynamic calibration and development of adaptive strategies.
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Chapter 4
Control Models for Engine-Out NOx and λ−1

4.1 Introduction

Control oriented modelling is aimed to predict engine variable with a low
computational effort and is the basis of model based strategies, such as diagnosis
or MPC (Deng et al. 2012). Models usually have the possibility of predicting with
acceptable accuracy the transient performance of the engine. Once that the Chap. 2
have already reviewed models for NOx and λ−1, this chapter is devoted to the design
of an ECU signals based virtual sensor for the estimation of engine-out λ−1 and NOx
(Payri et al. 2012a, b; Guardiola et al. 2013). The reported results correspond to the
DW12B DICI engine presented in the Chap. 3 with all AT devices removed.

4.2 λ−1 Model

Instead to refer to λ, results and discussion are centred in its inverse λ−1, namely
relative fuel-to-air ratio or simply richness, as it presents a bounded value (ranging
from 0 to 1 in diesel engines, although slightly higher values might be reached during
engine load transients).

Depending on the engine configuration, an air mass flow sensor (ṁa) may be
present (or mass flow can be estimated through the boost pressure), and the injected
fuel mass flow (ṁf ) is usually estimated by the ECU. A simple model may be then
proposed

x−1
λ = 14.5

ṁf

ṁa
(4.1)

where ṁf and ṁa quantities are expressed in the same units, i.e. mg/str or kg/s, and
14.5 stands for the stoichiometric air-to-fuel ratio. Note that the model neglects the
mass accumulation in the intake and exhaust manifolds [the reader is referred to
the Chap. 2 for finding more elaborated models]. Despite such effects should be
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Fig. 4.1 x−1
λ and λ−1 from

the gas analyser for different
steady operating conditions;
the linear fit and correlation
coefficient are represented
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considered for correcting ṁa during the engine transients (for example, when boost
pressure is increased orwhen shifting between boostingmodesGalindo et al. (2009)),
they will be neglected hereinafter for simplicity.

Figure 4.1 compares model steady-state results (x−1
λ ) with gas analyser measure-

ments. As it can be easily noticed, the model provides a lower accuracy than that
of the sensor (shown in Fig. 3.15). Regarding the transient behaviour, the model
exhibits an almost instantaneous response; the injected fuel mass estimate, although
biased is fast; and the air mass flowmeasurement characteristic time is in the order of
miliseconds, while the exhaust gas sensor response time can be of several hundreds
and even seconds (depending on the considered set-up).

4.2.1 λ−1 Model Drift

x−1
λ output presents a significant bias that strongly depends on the operating condi-
tions due to several facts:

• mf is obtained from internal calculations of the ECU, and response is fast and non-
delayed, but is based on tabulated values which rely on rail pressure measurement
and injection duration. The error of these tables can be significant when short
injections or split injection strategies are applied. On the other hand, injector
manufacturing discrepancies and ageing can create a significant unit-to-unit [and
cylinder-to-cylinder (Macián et al. 2006a, b; Payri et al. 2006)] dispersion in the
actual injected quantity.

• While ṁa sensor response is judged to be fast and non-delayed enough for being
directly used as a model input, the precision of the sensor is not very high
[for example in (Desantes et al. 2010) the non-systematic error of the air mass
flow sensor is quantified with a standard deviation of 3.23%, in part due to flow
pulsations in the intake line associated with the engine speed]. On the other hand,
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Fig. 4.2 Model bias for the steady-state tests

during transient processes in which a significant variation of the air mass accu-
mulated in the manifolds exists, the air mass flow measured in the intake line is
different to that entering the engine (Galindo et al. 2009). This can be corrected
accounting pressure variations in the ṁa estimation, although this is not considered
in the current work.

With this scenery, xλ−1 can be related to the actual value of λ−1 considering a
bias θλ−1

xλ−1 = λ−1 − θλ−1 (4.2)

The model bias is not constant and varies with the operating condition, since
ṁa error significantly depends on the engine speed, and ṁf error is affected by the
injection profile, which is usually scheduled as a function of n and Me. Figure 4.2
shows bias estimation for the measured steady points and its variation with engine
speed and torque.

Additionally, the model bias varies with time due to the system drift, and a slow
variation could be expected. At the same time, the model drift may be associated
with injection soiling, air mass flow sensor drift, or the variations of leakage in the
intake manifold and blow-by. In order to model that, both effects, the dependency
with the operative conditions, and the drift, must be considered

dθλ−1

dt
= ∂θλ−1

∂t
+ ∂θλ−1

∂n

dn

dt
+ ∂θλ−1

∂mf

dmf

dt
+ · · · (4.3)

Although the bias variation associatedwith the systemdrift (∂θλ−1/∂t) is expected
to be slow, the actual variation of the bias may be very fast, due to the ability of the
engine of performing fast transition between operating conditions (defined by n
and mf ).
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4.3 NOx Model

A RT gray box NOx model combining first principle equations with the use of
operating-point dependent look-up tables is developed based on simple correlations
of engine available signals. This model describes a quasi-static representation of the
engine plus some filters for describing actuators and sensor dynamics, where the
scheduling points are n and mf .

4.3.1 Previous Considerations

Firstly, previous considerations related with the validity of a quasi-static representa-
tion and definition of engine operating points, the [O2]int estimation and the selection
of the appropriate units for modelling NOx are discussed.

4.3.1.1 Comments on the Engine Dynamics and Definition of the Engine
Operating Point

The engine works in closed loop by mainly following set-point references for air
mass flow (ṁ∗

a) and boost pressure (p∗
boost), which are controlled by modifying the

actuators for EGR (uegr) and waste-gate (uwg). Other variables such as the coolant
temperature (Tcool) aremeasured and taken into account in the ECU controller. Speed
(n) and injection (mf ) are used as scheduling variables in order to build the references
for the controllers bymeans of look-up tables. Since the fuel path representative times
are in the order ofμs, this can be considered as instantaneous if compared with the air
path dynamics. However, the major influence of the fuel path over the air path is with
the smoke limiter, which limits the injected fuel rate until ṁa or pboost (depending on
the manufacturer) reach a certain limit in order to bound λ−1. Therefore, the engine
states (X) could be modelled with the dynamic equation

Ẋ = f (X, n, mf , uegr, uwg, Tcool) (4.4)

The set-point references for air and boost pressure (ṁ∗
a and p∗

boost) are modelled by
look-up tables scheduled by n and mf

ṁ∗
a = f (n, mf ) (4.5a)

p∗
boost = f (n, mf ) (4.5b)

The variables ṁa and pboost aremeasured by sensors in diesel production engines, and
if considering them as fast signals and neglecting mass storage effects (MAF sensor
for measuring ṁa is usually installed upstream of the low pressure compressor), the
dependency of the command signals uegr and uwg might be skipped as follows

www.TechnicalBooksPDF.com



4.3 NOx Model 85

Ẋ = f (X, n, mf , ṁa, pboost, Tcool) (4.6)

If the engine air path states can be modelled by quasi-static representations
(dynamics do not have influence on the output) or by adding filters and delays func-
tion only of the scheduling inputs n and mf , then the dependency with ṁa and pboost
might also be modelled as function of n and mf . The case of temperatures, associated
with slow transients is more difficult and the measured engine variable Tcool is not
able to exactly represent for instance in-cylinder conditions. The inner wall cylinder
temperature influence deserves a specific consideration, and its influence is included
in the model with a dynamic factor (see discussion in Sect. 4.3). Anyway, Tcool is
used as input for switching warm-cold engine strategies. Based upon this reasoning,
X could be represented as

Ẋ = f (X, n, mf , Tcool) (4.7)

Putting aside the thermal dynamic effects, further simplifications could be made
if the engine performance is slow enough that ṁa and pboost are able to track ṁ∗

a and
p∗

boost fast and then, engine performance is simplified to

X = f (n, mf ) (4.8)

Figure 4.3 shows examples of the set-point references and responses for the air
and fuel path and for three different cycles (NEDC A1, CADC B2 and SDMP B5),
including also in the bottom plots the variables uegr and uwg corresponding to the
actuation signals for EGR and WG respectively. The cycles correspond in that order
from the slowest to the fastest transitions. In the A1 test, the air path controllers track
with a minimum error both ṁ∗

a and p∗
boost , especially for the case of ṁa which is

logical due to the slower dynamics associated to the turbo inertia. The response for
the B2 cycle is also good but transients are a little bit more aggressive than for A1,
and the errors are slightly higher. For these two cycles, the quasi-static representation
defined by (4.8) gives good results if the engine is alreadywarmed up (Tcool is stable).
However, for the case of B5 cycle, the transients are muchmore aggressive and errors
on the ṁa and pboost tracking are appreciable as well as the fact that the EGR valve is
mostly closed during the cycle and the second TC is indeed working at some points
(see Fig. 4.3 when uwg reaches 100%). For this cycle, the engine is running out of
the nominal (ṁ∗

a and p∗
boost set-points differ from the other cycles) and the effect of

the thermal loading due to the fast transients is critical.
Thus, the selection of the model structure for a given precision would depend

not only on the engine characteristics but on the use cases. In all these cases and
examples, it should be considered not only the thermal transient effects but the
sensor dynamics. Therefore, (4.8) should consider the sensor model if the output is
compared with a sensor output. The model structure proposed in this chapter, aimed
to be representative of the engine performance under different conditions, is built
on the basis of (4.6) as a quasi-static model representation and an extra-state for
representing sensor dynamics (now included in the equation):
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Fig. 4.3 Air and fuel path response to variations in the driver’s command (uα) for different cycles.
First and second row plots: dashed line is set-point ṁ∗

a and p∗
boost , and gray line is measured value

of ṁa and pboost . Last row plots: gray line uwg [mg/str], black line uegr [mg/str] is the smoke limit
for injection. Note that 100% in uegr corresponds to the EGR valve fully closed and around 25%
the EGR mass flow is maximum (the relation between uegr command and the effective area is not
linear). For the case of uwg, 100% corresponds toWG fully closed and the two turbo shafts working

X = f (n, mf , ṁa, pboost, Tcool) (4.9a)

Ẋ = f (X, t − τ ) (4.9b)

where t is the time and τ the sensor delay. This model structure, considering an state
for including the thermal transient effect, is used after along the present chapter for
developing a NOx model. Alternatively, in Sect. 6.3.1 a similar model to (4.8) will
be considered for modelling NOx in engine cycles.

4.3.1.2 Intake Oxygen Estimation

In the interest of developing a RT model for NOx, the Arrhenius equation (2.6) can
be arranged with two operating point dependent factors C1 and C2

dNOx

dt
= C1e−C2/T (4.10)

where C1 includes gas intake concentrations (nitrogen and oxygen) while C2 is the
exponential factor. According to Andersson (2006), oxygen rate in the cylinder and
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Fig. 4.4 Normalised NOx
emissions as function of
[CO2]int for different nominal
operating points in the diesel
engine explained in Chap. 3
and coming from the steady-
state campaign. Engine cali-
bration is the standard given
by the manufacturer
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operating conditions (n and mf as discussed above) seem to be suitable variables
for predicting NOx emissions. Hence it is possible to find a new generic expression
whose structure is equivalent to (4.10):

xNOx = f ([O2]int, x1, ..., xn) (4.11)

where xNOx is themodel output. This expression relatesNOx with [O2]int anddifferent
parameters (x1, ..., xn) including temperature and time reactions effects. The model,
which is based on the thermal NOx formation mechanism, might be calibrated for
accounting for the NOx formation by other mechanism.

Figure 4.4 shows NOx versus [CO2]int in the intake manifold when varying EGR
valve position for different speed n and injected fuel rate mf . NOx is normalised by
NOx,EGR=0, which corresponds to the maximum NOx value at every operating point
(equivalent to the EGR valve fully closed). The exponential fit in Fig. 4.4 is clear, in
spite of operating point dependency of the exponential factor is not modelled yet.

[O2]int can be measured, but intake lambda probes are not always available in
diesel engine production cars, and measurements errors related with the gas non-
homogeneity may appear (Luján et al. 2008; Arrègle et al. 2010). Considering the
test engine, Sect. 3.2.1 already compared the intake oxygen estimation by a UEGO
sensorwith different samples in different intake positionsmeasured by a gas analyser.
Although the steady-state accuracy is acceptable, the UEGO sensor presents impor-
tant problems linked with the pressure effects over the output signal, which drive to
saturation and the need of compensation.

Alternatively, [O2]int can be modelled by relating [O2]int, EGR and λ−1

[O2]air(1 − λ−1) = [O2]exh. (4.12)
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Fig. 4.5 Left plot shows normalised NOx emissions as function of EGRλ−1 for different operating
points in the diesel engine explained in Chap. 3.Right plot shows the fitting of [CO2]int andEGRλ−1

By the oxygen balance at the intake junction

[O2]int = [O2]air(1 − EGR) + [O2]exhEGR (4.13)

and substituting the former in the latter

[O2]int = [O2]air(1 − EGRλ−1) (4.14)

that shows a direct relationship between [O2]int and EGRλ−1. The product EGRλ−1

is often called the inert gas rate and represents the actual portion of exhaust gas
that has reacted with the injected fuel and then contains no available oxygen; e.g
Andersson et al. (2006) use EGRλ−1 for designing a fast NOx model. Figure 4.5
shows the NOx fitting with EGRλ−1 and the fitting between EGRλ−1 and [CO2]int,
where the expression (4.14) is proved.

On the other hand, Fig. 4.6 shows the fitting of NOx by using EGR. Results with
EGR are much worse than with EGRλ−1 and it is difficult finding a tendency, which
proves that EGRλ−1 seems a good alternative for estimating [O2]int (or [CO2]int)
when an intake lambda probe is not installed, although the uncertainties propagated
from the different involved measurements are to be checked (Arrègle et al. 2010).

4.3.1.3 About the NOx Model Output Units

Sensor raw signal is measured in ppm, which indicates the relative molar
concentration of NOx, but the final NOx mass depends on the exhaust mass flow
and time. The conversion from ppm to g/h used in this work is
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Fig. 4.6 Normalised NOx
emissions as function of
EGR for different nominal
operating points of the
DW12B engine
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considering that molecular mass of NOx is 46.1 g/mol and exhaust mass flow density
is 1.293 kg/m3, measured at 273 K and 101.3 KPa. The conversion of mg/str to kg/h
is defined as

ṁkg/h = 1.2 10−4 n · mmg/str (4.16)

in a 4 cylinder basis. The use of mass flow variables is appropriate for taking into
account total emissions and calculating the real impact on the environment. In addi-
tion, AT devices such as the LNT require a count of the accumulated NOx mass for
regenerating the trap. Then, a mass flow seems also suitable for OBD purposes.

For computing total NOx emissions, ẋg/h
NOx

can be integrated in the considered
cycle

Mg
NOx

=
t2∫

t1

ẋg/h
NOx

dt (4.17)

where M stands for total mass.
Commercial NOx sensors measure the relative volume flow of NOx in parts per

million (ppm) and the conversion to g/h can induce some error, especially if ṁa

presents some drift or filtering effect. Anyway, the use of g/h for online NOx tracking
is justified for two reasons: (1) dilution effects are avoided as ppm is a relative
measurement and (2) the use of g/h is coincident with the actual emissions. Dilution
effects can distort the ppm output and can lead to sign shifts in the gradient when
comparing ppm output and g/h at high load conditions (no EGR), i.e. an increase of
g/h could result in a decrease of ppm if ṁa increases. On the other hand, minimum
variations of g/h can lead to huge variations in ppm even though the relative gradient
could be high in both two, especially at low load conditions (related with low ṁa),
leading to overestimate NOx emissions when tracking ppm. In this work, the NOx
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Fig. 4.7 Single point reference model (left plot) versus two-point reference models (center and
right plots)

model output is calibrated for minimising the error on g/h, even though ppm output
is also considered.

4.3.1.4 Selection of the Model Structure

In order to find a suitable model equation for a RT NOx model, different structures
may be used (Finesso and Spessa 2012; Lee et al. 2013). Figure 4.7 shows a visual
example of point dependent fittings: single (left plot) and two-point functions (centre
and right plot). On one hand, if using a single point function, model variations
are centred around one reference. The point should be chosen as representative of
the engine operation: NOx emissions under nominal conditions (defined with the
standard calibration of the OEM) or maximum emissions (EGR = 0), which is used
in previous figures. On the other hand, the two point function interpolates in a two
reference basis, which in diesel engines could be around nominal EGR actuation and
closed EGR (at least for the EGR area of the engine).

Both correlations have advantages and drawbacks: single point fitting is more
flexible than two point for mathematical adjustment but with a smaller accuracy in
points far from the nominal, however the single point one is easier to calibrate as
only one map or reference must be tuned. Admittedly, extrapolation capability for
the two-point function output when input values are out of the two-point area is
compromised. See for instance right plot of Fig. 4.7, the two references are quite
close to each other and extrapolation is not fair. The same occurs in diesel engines in
areas where nominal EGRλ−1 is low. Here, the single reference point model is used
due to simplicity and robustness.

4.3.2 A Real Time NOx Model

A RT NOx model is proposed using EGRλ−1 for representing the intake oxygen
jointly with maps and corrections fitting the operating point dependency
(Finesso and Spessa 2012). The model scheme is outlined in Fig. 4.8. In the top
right and for clarifying the reader, engine positions subscripts are reminded: boost
is downstream the intercooler, int the intake manifold, egr the EGR manifold at the
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Fig. 4.8 Structure of the RT NOx model, where the main blocks are depicted: the EGR flow model
(or air path model), the fuel-to-air ratio calculation and the proper NOx model calculation. The
model inputs (coming from ECU signals) are marked with squares with white front, while the
squares with gray front are used as short-cuts for linking intermediate variables in the model. At
the top right, the legend for the engine positions is shown

intake junction and exh the exhaust. Themain RTNOx model requires two additional
blocks: a mean value engine calculation of the EGR flow for obtaining EGR and the
calculation of the fuel-to-air ratio λ−1. The model design is flexible and other struc-
tures for the EGR flow and λ−1 model or other measurements might be utilised just
replacing the corresponding blocks.

Following the discussion presented in the previous section about representation
of engine states, an engine-out NOx model is designed considering the state vector X

X = [
xNOx yNOx Cdyn

]T (4.18)

where xNOx is the NOx model output (actual NOx), yNOx is the filtered and delayed
NOx output (for comparing with NOx sensor) andCdyn is a dynamic factor for coping
with in-cylinder temperature and explained after. The input signals contained in the
vector U are available in the ECU and are shown in squares in the Fig. 4.8

U = [
n mf ṁa pboost Tboost Tcool H

]T (4.19)

where H is the humidity and the rest of variables have already been defined. Model
output vector Y is the modelled sensor response

Y = yNOx (4.20)
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in order to have a comparable signal with NOx sensor output during dynamic tests.
xNOx indicates the rawor actualNOx,whichmust befiltered and delayed. The delayed
first order discrete model identified in Chap. 3 is used

yNOx = z−τNOx/Ts
1 − aNOx

1 − aNOxz−1 xNOx (4.21)

where aNOx is the sensor response time and τNOx is the total sensor delay (see Chap. 3
for more information).

Finally, constants are also marked with squares and gray squared variables are
used as shortcut for avoiding crossed lines in the Fig. 4.8.

4.3.2.1 Model Hypotheses

The following hypotheses are assumed:

• The model is programmed and calibrated in discrete form and frequency used for
simulation is 50 Hz.

• The model is based on a set of static look-up tables, curves and parameters with
the addition of discrete filters and lag blocks in order to consider system dynamics.

• Intake conditions (ṁint and Tint) are calculated on the basis of the volumetric
efficiency and an EGR flow model by assuming constant pressures upstream
and downstream of the intake junction and an adiabatic mixing model for the
temperature.

• The engine combustion is tabulated by using look-up tables related to nominal
conditions and different variations of the intake conditions.

• TheEGRpath ismodelledwith a coolermodel and a first order filter for accounting
with the manifold dynamics.

• Turbocharger effects are bypassed by directly using sensor signals ṁa and pboost ,
the former located upstream of the compressor and the latter downstream of the
intercooler.

In the next, the model and sub-model equations are described.

4.3.2.2 RT NOx Model Equation

The NOx model is presented in (4.22) and consists in a single function referenced
to conditions with nominal EGR for calculating xNOx, which is affected by an expo-
nential EGRλ−1 correction and additional factors CNOx and Cdyn. This structure
guarantees that nominal tests corrections are eliminated minimising the nominal
error and subscript 0 goes with nominal conditions. Then, the model xNOx output is
calculated as follows

xNOx = NOx,0 · e−kNOx ·(EGRλ−1−EGR0λ
−1
0 ) · CNOx · Cdyn (4.22)
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Fig. 4.9 Structure of the factor CNOx calculation for correcting NOx output

where CNOx and Cdyn are used as correction factors to the model structure, and are
explained in subsequent paragraphs.

4.3.2.3 Correction Factors

The factor CNOx, defined with the product

CNOx = Cṁint · CTint · CTcool · Ch (4.23)

is calculated on the basis of previous experience and tests made in the engine [see
(Arrègle et al. 2008) for a sensitivity study of NOx to relevant engine inputs]. For
that, 4 important effects are included in CNOx: (4.24a) Cṁint indicates variations of
the intake mass flow ṁint (Luján et al. 2008); (4.24b) CTint copes with intake tem-
perature Tint ; (4.24c) CTcool relates engine temperature [especially for distinguishing
cold and warm conditions (Broatch et al. 2008); (4.24d) Ch considers Humidity H
(if a humidity sensor is available]. The expected NOx sensitivity for the differ-
ent parameters is depicted at the right side of (4.24a), (4.24b), (4.24c), (4.24d).
Figure 4.9 shows the blocks diagram of the CNOx model. kṁint , kTint , kTcool , kh are
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calibrated by [n,mf ] dependent maps. If engine is operating at nominal conditions
then Cṁint , CTint , CTcool = 1. Equations are shown in the following.1, 2

Cṁint = 1 + kṁint (ṁint/ṁint,0 − 1) ◦ ṁint ∈ NOx
1 (4.24a)

CTint = 1 + kTint (Tint/Tint,0 − 1) ◦ Tint ◦ NOx (4.24b)

CTcool = 1 + kTcool (Tcool/Tcool,0 − 1) ◦ Tcool ◦ NOx (4.24c)

Ch = 1 + kh H/0.03 ◦ H ∈ NOx
2. (4.24d)

4.3.2.4 Thermal Loading Model

Tcool represents the engine coolant temperature and is measured on-board. Tcool is
used on-board for defining warm and cold strategies. However, neither the engine
block temperature nor the in-cylinder temperature (Tcyl) are measured on-board (and
rarely in test benches) and are factors of great importance for NOx formation in
diesel engines. If the engine is working on steady-state operation and the variables
are already stabilised, Tcyl might be approximated as a function only of the operating
point conditions and Tcool as follows

Tcyl = f (Tcool, n, mf ). (4.25)

But if the engine is in transient operation, e.g. a tip-in, it is necessary to consider
an extra degree-of-freedom since Tcyl will be related with the historic of the engine
load. Note that Tcool itself is not capable of representing actual Tcyl and in addition,
it is controlled in closed loop for tracking a reference making that

Tcyl �= f (Tcool, n, mf ) (4.26)

An option is installing a temperature sensor at the exhaust but even though this option
should be interesting for improving the model accuracy, these sensors are not usually
available on-board.

An alternative is considering the heat conductive problem between the cylinder
walls and the coolant. The temperature wall affects the in-cylinder temperature and
should be considered as a state of the model. If analysing the problem, as the gas
temperature variation (ΔTcyl) state defines the heat power released (Q̇)

Q̇ ∝ ΔTcyl (4.27)

1 If p∗
boost set-point is increased for a constant air mass flow (ṁa) set-point, then uegr will be opened

andmore ṁegr will enter the cylinder (consequently ṁint will be higher), producing that NOx should
be lower. This effect might be shifted if uegr is already opened, especially at low load and regime
areas, or engine is running out of the EGR area.
2 Moisture increases the air specific heat cp, diminishing in-cylinder temperature Tcyl .
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Fig. 4.10 Block diagram of
the thermal loading factor
Cdyn
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while the total heat dissipation between the cylinder and the coolant depends on
�Tcyl and the considered time, which is inversely proportional to n, then

Q = k�Tcyl
1

n
(4.28a)

�Tcyl ∝ λ−1n (4.28b)

which shows that λ−1n is related with the thermal load in the cylinder and could be
used as an estimator for the problem.

Therefore, a multiplicative factor Cdyn to the NOx model output is proposed. This
factor augments the state vector X and copes with the engine loading and indirectly
Tcyl effects. The correction factor is designed for correcting the NOx output only
during transient, since steady state effects due to changes in Tcool are yet corrected
through CTcool . The main equation is presented in (4.29) and block diagram shown in
Fig. 4.10. Cdyn is built with the filtered difference of λ−1n, which represents engine
thermal load variation (other options have also been checked, but this has given the
best results for themodel, which is in line with the discussion above), and a calibrated
gain kdyn. When the engine is steady, so λ−1n is, Cdyn = 0. This factor is set to one
for steady-state simulations.

Cdyn = 1 + kdyn(λ
−1 n)

(
1 − z−τdyn

1 − adyn

1 − adynz−1

)
. (4.29)

Figure 4.11 shows relevant signals during a sharp engine transient in n and mf .
Texh is measured with a sensor and compared with Tcool showing two effects: First,
Tcool is much more filtered and delayed than Texh, and second, the sensitivity of Tcool
is not sufficient for representing the actual thermal transient occurring on-engine, i.e.
Tcool hardly varies from 82 to 92 ∀C while Texh goes from 200 to 700 ∀C. Bottom
plot shows the value Cdyn tuned for the NOx model, being lower than 1 during the
transient but finally converging to 1. This is for representing that engine comes from
a colder state. In that plot, NOx sensor (zNOx) is compared with yNOx model output
[see (4.21)] without Cdyn (it overestimates NOx) and with Cdyn.

www.TechnicalBooksPDF.com



96 4 Control Models for Engine-Out NOx and λ−1

0

1000

2000

3000

4000
n 

[r
pm

]

0

20

40

60

80

m
f [m

g/
st

r]

200

400

600

800

T
ex

h [º
C

]

82

86

90

94

T
w

 [º
C

]

0 10 20 30 40 50 60 70 80
0

400

800

1200

N
O

x [p
pm

]

time [s]
0 10 20 30 40 50 60 70 80

0.6

0.8

1

1.2

C
dy

n

Fig. 4.11 NOx and thermal response during a sharp transient. Top plot n and mf evolution. Middle
plot exhaust temperature (Texh) and coolant temperature (Tcool) during the transient. Dynamics of
both signals, especially for Tcool , are slow, which affects final NOx. Bottom plot and left axis: black
line zNOx by sensor, gray dashed line yNOx with Cdyn = 1, thin gray line yNOx using Cdyn. Bottom
plot and right axis: thick gray line Cdyn factor calculated by the thermal model

4.3.2.5 The Effect of the Injection Parameters

The injection duration (tid), the start of injection (SOI) and the common rail pressure
(prail) are critical for NOx emissions (Arsie et al. 2012) and so is the engine speed (n)
that is coupled with the others, which here is a model input. For the current structure,
the engine commercial calibration for the injection settings is used being the injected
fuel mass (mf ) the representative variable. For that reason, all nominal conditions
(marked with subscript 0) are related to the set [n mf ], i.e every pair [n mf ] defines
nominal usoi,0, uprail,0 and uid,0. The engine torque (Me) could be used instead of
mf , but even though both Me and mf are estimated by the ECU, mf is preferred
as used in the ECU of the considered engine. SOI or prail could be considered as
exponential corrections if different from the nominal, and such effects should be
taken into account in the combustion model (this could be useful for controlling the
fuel path).
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Fig. 4.12 Structure of the EGR flow model

4.3.2.6 The EGR Flow Model

The EGR rate

EGR = ṁegr

ṁint
(4.30)

is calculated on the basis of a mean value model of the volumetric efficiency (ηv)
using boost pressure (pboost) and air mass flow (ṁa) inputs coming from commercial
sensors. The model block diagram is shown in Fig. 4.12.

The intakemanifoldmass flow (ṁint) is obtained from ηv (mappedwith the steady-
state tests). pboost is assumed constant in the manifolds that confluence at the intake
(egr,boost,int)whileTboost ismeasured andTexh calculated bymeans of a combustion
model based on maps and corrections over Tcool and ṁint .

ṁint = ηv ncyl Vd n pboost

2R Tint
(4.31)

n, mf , Tboost and ṁa are measured by sensors, the unit displaced volume (Vd) and
the number of cylinders (ncyl) are known beforehand and a model is proposed for
Tint . For instance, Wahlström and Eriksson (2011) propose an isothermal model
(Tint = Tboost); for the currentwork amixingmodel based on the energy conservation
at the intake junction is utilised, i.e. intake volume is small and mixing is so fast that
no heat is transferred to the walls.
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ṁintTint = ṁaTboost + ṁegrTegr (4.32)

and from (4.31), the product ṁintTint , defining the intake enthalpyflow, canbe inferred
as

ṁintTint = ηv ncyl Vd n pboost

2R
(4.33)

and rewriting the mass equilibrium at the intake junction

ṁegr = ηv ncyl Vd n pboost

2RTint
− ṁa (4.34)

and finally substituting in (4.32), Tint can be solved

Tint = ηv ncyl Vd n pboost Tegr

ηv ncyl Vd n pboost + 2R mboost
(
Tegr − Tboost

) . (4.35)

Two additional models (see Fig. 4.12) are needed in order to calculate Tegr (not
usuallymeasured on commercial engines): aTexh model and anEGRcooler efficiency
model.

4.3.2.7 Texh Model

Temperature increase between the intake and the exhaust ΔTie is calculated from a
steady map and corrections

Texh = Tintz
−1 + ΔTie (4.36)

adding the discrete delay z−1 for coping with causality.
ΔTie can be calculated on the basis of heat release functions (e.g. Wiebe for

Watson functions) and solving the principle equations of the cylinder, or fitted to
experimental values. Since the results of such physical approach may be calculated
beforehand, a map based model coherent with the full RT NOx model is proposed
with two corrections based on ṁint and Tcool

ΔTie = ΔTie,0 · k�m + kT (4.37)

Maps depending on [n, mf ] are used for generating references for ΔTie,0 and ṁint,0.
Then �m is calculated

�m = ṁintz−1

ṁint,0
− 1 (4.38)

and defining the calibrated map output
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k�m = f (�m) (4.39)

Finally, term kT represents the steady-state effect of the wall cylinder temperature
effect and is calculated from the curve

kT = f (Tcool)

noting that Tcool adds a degree of freedom to the problem as there exists a closed loop
control that manages the coolant mass flow and the set-point for Tcool. The difference
with respect to the thermal factor Cdyn is that the latter copes with transients, while
kT with the static effect.

If SOI and prail are different from the nominals used for generating the nominal
maps, then the additional factors kSOI and kprail should be calibrated in the combustion
model.

4.3.2.8 EGR Cooler Model

Tegr is calculated by a temperature drop and a first order discrete filter with response
time aegr and a transport delay τegr

Tegr = z−τegr
1 − aegr

1 − aegrz−1

(
Texh − kegr (Texh − Tcool)

)
(4.40)

where kegr is calculated by the curve

kegr = f (ṁegr) (4.41)

and τegr is function of the engine characteristic time

τegr = kτegr

n
. (4.42)

4.3.3 Tuning Methodology

The tuning andvalidationmethodology is shown inFig. 4.13, splitting the steady-state
and dynamic testing. Dashed lines show critical paths, e.g. once that NOx structure
has been fixed after preliminary studies that include [CO2]int and sensitivity analysis,
changes in the NOx structure are expected to be minimum.
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Fig. 4.13 Scheme of the
calibration and validation
procedure for the NOx model
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4.3.3.1 Static Tuning

The steady tests are considered for having a representative sample of the operative
engine range and calibrating nominal maps, main parameters and curves by using
LS, with the following sequence:
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Table 4.1 Mean errors when fitting the model with different input variables

EGRλ−1 Corrected Ip [CO2]int from gas analyser

g/h 9.31 9.78 8.54
% 8.09 8.96 7.58

[CO2]int from the gas analyser is themean of the 4 extractions of the intakemanifolds as discussed in
Sect. 3.2.1.EGRλ−1 is calculated on the basis of theEGRmean value flowmodel and theλ−1 model.
Signal from the intake lambda probe (Ip) is corrected by pressure and some data points with faulty
measurements have been removed because they present problems with the sensor saturation. NOx
output is adjusted in g/h

• From all tests, ηv, ṁegr and temperatures differences are calculated and used for
fitting the maps as function of the engine speed and fuel mass.

• From nominal tests, maps are built for NOx,0, EGR0λ
−1
0 and Tcool,0 as function of

the engine speed and fuel mass.
• From all tests, the RT NOx model is simulated in order to estimate the results for

ṁint and Tint . The results are used for identifying ṁint,0 and Tint,0.
• The ratios ṁint/ṁint,0, Tint/Tint,0 and Tcool/Tcool,0 are calculated from all tests.
• Curves kNOx, km, kTint , kTcool and kh are fitted by LS of the main model equation
(4.22). This adjustment is made independently by using the steady-state data set.
In addition to EGRλ−1 and in order to compare results with other possibilities
for estimating [O2]int, Ip from an intake UEGO sensor and [CO2]int from the gas
analyser are evaluated. The results are presented in Table 4.1. The best fit is for
[CO2]int but this is not available on-board, while it can be used for tuning and
validation. Therefore, the minimum error is achieved with the variable EGRλ−1,
calculated in (4.14).

4.3.3.2 Dynamic Tuning

Dynamic tests are used for adjusting the Cdyn model, the path dynamics (e.g. EGR
path) and for the fine tuning of the maps and curves fitted with the steady-state
tests. Furthermore, the step tests are used for calibrating the sensors; and the cycles
for validating the model in dynamic state. If the validation is not satisfactory, the
dynamic cycles can be repeated and identifications checked. If the error persists, it
could be advisable to come back to the static calibration and re-tune the unreliable
parameters (see Fig. 4.13).

Even though not included in the scheme, tests from different campaigns could lead
to drift because of the ageing or other effects that are not well modelled. Anyway,
the repetition of a specific DOE will not avoid the model drift, and for sure, it is not
a cost-effective solution. For that, adaptive strategies are useful as discussed in next
chapters.
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4.3.4 NOx Model Results

In the following, NOx model results with static and dynamic tests are presented.
Furthermore, error metrics are built in order to determine the model accuracy.

4.3.4.1 Steady-State Results

Top plots of Fig. 4.14 show xNOx and zNOx (from the NOx-ZrO2 sensor) for both ppm
and g/h units as well as histogram plots of relative and absolute errors. The mean
error is 9.31 g/h, with a minimum deviation of σ=14.74 g/h proving the validity of
the calibration. The results by evaluating the ppm output present a mean error of
30.43 ppm and σ = 54.84 ppm. It must be noted that errors of 1% in input variables
can produce final NOx errors of 33%, measured in a predictive and physics-based
NOx model [see the NOx sensitivity study published in Arrègle et al. (2008)]. The
maximum error in a DDM, such as the one presented here, is bounded by the tables
grid and only the ageing and dispersion errors can affect, problems that exist also in
more complex models. This fact and the results presented in this subsection justify
the validity of a data-driven NOx model, as well as the efficient computation and
simple programming.

Medium and bottom plots of Fig. 4.14 show absolute and relative error metrics
for both outputs in g/h and ppm. Again, only a minimum percentage of points (total
are 363) are out of the ±σ boundary, also plotted in those plots. If a higher accuracy
on ppm output is required, tuning objective can be easily shifted to ppm.

Additional information from the model can be extracted to compare intermediate
variables (calculated by the model) and the corresponding measurements, as for
instance for the mean value EGR flow model. A multi-objective optimisation could
be programmed if other model states should be important for control. However, here
xNOx output error has been minimised. The left plot of Fig. 4.15 compares EGR
calculated by the model and by using [CO2]int averaged from the 4 extractions of the
in-cylinder manifolds. The fitting is acceptable in the whole range. Results for Tegr

are shown in the right plot of Fig. 4.15, and the fitting in general is also acceptable,
but there exists a high dispersion around the centre line. This is mainly due to areas
with low or null EGR, where Tegr does not make any sense (ṁegr=0).

4.3.4.2 Model Robustness

This section turns out the attention to themodel robustness analysing themodel sensi-
tivity to errors in the main parameters and inputs. 2% disturbances in the parameters
presented in Table 4.2 are applied and the final variation in NOx model output is
stored, e.g. a change of 2% in n produce an error of 4.51% in NOx. Parameters with
more influence on model output are n, mf and ṁa. These signals basically represent
the engine operating conditions, and define the EGR setting (jointly with pboost that
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Fig. 4.14 RT NOx model results with steady tests. Top plots Model fitting with respect to the NOx
sensor output. Medium plots Absolute and relative error in percentage with respect to the NOx

sensor output and for g/h output (xg/h
NOx

) of the model. Bottom plots Absolute and relative error in

percentage with respect to the NOx sensor output and for ppm output (xppm
NOx

) of the model

presents a minor influence) and the trend was already expected. pboost and ηv have
the same influence as expected because both are multiplied for calculating ṁint and
consequently ṁegr .

An important conclusion of this study is that variables with more influence on
NOx are directly measured, and then having a reliable measurement is crucial for
the model accuracy. In the second group, NOx,0, ṁint and ηv steady maps denote the
most relevant maps to calibrate. The rest of variables have lower influence but not
negligible.
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Fig. 4.15 Relevant results from the EGR flow model. Left plot EGR calculated by the model and
from the gas analyser measurements. Right plot Tegr calculated by the model and measured by a
sensor

Table 4.2 Results over the final NOx model output of applying variations of 2% on different
variables

Variable Variation (%) Mean error (%) STD error (%) Max. error (g/h) Min. error (g/h)

n +2 4.51 3.27 15.23 −1.41
mf +2 3.67 2.53 13.42 −0.36
mboost +2 3.42 3.50 12.60 −1.12
NOx,0 MAP +2 2 0.00 2.00 2.00
ṁint MAP −2 1.79 0.74 3.16 0.06
ηv MAP −2 1.03 2.78 8.29 −2.93
pboost −2 1.03 2.78 8.29 −2.93
Tcool +2 0.97 0.39 1.81 0.08
EGR0λ

−1
0 +2 0.66 0.79 3.22 0.00

kegr MAP −2 0.16 0.31 1.39 −0.51
ΔTie MAP +2 0.06 0.14 0.97 −0.14
kNOx MAP +2 0.04 0.48 2.46 −2.42

4.3.4.3 Dynamic Results

Figure 4.11 already showed the ability of the NOx model to fit the sensor output and
the necessity of utilising the factor Cdyn. Figure 4.16 shows the model results with
the SDMP test. This test is a good benchmark for testing the dynamic ability of the
model as fast transients are performed. The influence of Cdyn is remarkable and can
be seen in the left plot of the figure. Thin gray line corresponds to the model output
but cancelling the effect of the thermal dynamic factor, i.e. Cdyn = 1, whilst the
thick gray line is yNOx. If using Cdyn = 1, NOx is overestimated (about 20% higher
than expected) due to the model does not consider the rapid load variations and the
magnitude of them. In the SDMP, the influence of Cdyn is of crucial importance as
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Fig. 4.16 Left yNOx calculated normally (thick gray) and cancelling thermal dynamic factor; i.e.
Cdyn = 1 (thin gray), and zNOx (black) during a part of the SDMP B5. Right yNOx against zNOx
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Fig. 4.17 Left yNOx (gray) and zNOx (black) in the TRAN A (Tcool = 75 ∀C,�uegr =
5%,�pboost = 0). Right xNOx (dashed black), yNOx (thin gray) and zNOx (black) in the same
test. xNOx is the actual NOx, no delay nor filtering are expected

the profile is ranging from low to high loads (thermal transients are critical). The
right plot compares yNOx with zNOx obtaining a good fitting indeed when using ppm
as output. The mean error in the SDMP tests (B5 and B6) is in the order of 50 ppm,
which can be minimised by using online observers.

Figure 4.17 shows results on the TRAN A (Tcool = 75 ∀C, �uegr = 5%,
�pboost = 0) cycle; the left plot compares yNOx with zNOx while the right plot
includes the xNOx estimation. The sensor model fits well enough to have a reliable
xNOx, that is observed by cancelling sensor filtering and lag. Even though the NOx
model is based on quasi-static maps, system and physics dynamics are contained in
the model inputs, which are directly measured from sensors. As shown in this Figure,
the results are also promising.
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The absolute mean value for zNOx and yNOx is calculated for every FTP cycle

mean(yNOx) = 1

ltran

ltran∑
k=1

(abs(yNOx(k))) (4.43a)

mean(zNOx) = 1

ltran

ltran∑
k=1

(abs(zNOx(k))) (4.43b)
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where ltran is the total number of samples for every TRAN cycle. Results are
plotted in Fig. 4.18, where the left plot shows mean(yNOx) against mean(zNOx)while
the right plot shows the error distributions in ppm. The results demonstrate the model
accuracy.

Finally, Fig. 4.19 shows the results with the NEDC A1 (warm) and A2 (cold).
Especially during the highway part, there exists a bias in both cycles. Since themodel
is optimised for a set of steady-state tests, dispersion effects or errors due to non-
modelled variables (NOx is highly affected by the ambient conditions) can affect the
model accuracy. Admittedly, themodel dynamics are able to reproduce zNOx and then
the drift can be corrected by using observers as discussed in subsequent chapters.

4.4 Conclusions

An ECU oriented NOx model has been developed by considering that variations
of [O2]int cause exponential changes in the nominal NOx, which is conveniently
mapped. A study on different alternatives for estimating [O2]int is presented in the
chapter, selecting the inert gas rate EGRλ−1 as the most convenient. A set of correc-
tions and factorswith respect to nominal operating points are included for considering
the most sensitive parameters. Furthermore, a thermal dynamic model for simulating
thermal loading is proposed as function of the product λ−1n. Two additional models
are needed for the NOx model: an EGR gray box model for estimating EGR and a
model for estimating the fuel-to-air ratio λ−1.

A total of 363 steady-state tests are performed for calibrating all parameters and
maps. Step-like tests for system and sensors identifications are made and different
cycles are tested in order to validate the model. The NOx prediction is successful and
the simple programming as well as the fact that all required signals are available in
commercial ECUs makes the model suitable for online engine control or diagnosis.
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Chapter 5
Adaptive Observers for the Dynamic Estimation
of Engine Variables

5.1 Introduction

In the previous chapters, different sensors and models have been explored in order
to estimate engine variables, with focus on the exhaust λ and NOx. From all the
possible problems in the signals, the dynamic filtering, delay and drift are noticeable
from sensor and model outputs (Guardiola et al. 2011, 2013b, c). These issues are
affected not only by sensors and models themselves, but by the engine layout.

5.1.1 Sensor Layout

Figure 5.1 shows three possible layouts for on-board gas concentration sensors in
order to estimate the engine-out NOx andλ−1 for OBD and control of the AT devices.
The final implantation depends heavily on the AT configuration and a variety of
solutions were already discussed in the Chap. 2. Manufacturers are struggling for
finding the configuration of systems and sensors that optimises the trade-off between
low emissions, efficient torque production, low cost and robustness.

The usual position of UEGO sensors is directly downstream of the turbine: this
way the sensor is near of the source and avoids the large range of pressure variation
that exists in the exhaust manifold. However, if a SCR is installed, a NOx sensor is
needed for their control. Such sensor might be placed downstream of the AT devices
in order to measure tail-pipe emissions, as sketched in the options 1, 2 and 3 of
Fig. 5.1. Hence it seems possible to avoid the UEGO sensor and just rely on the NOx
sensor information, which measures λ−1 and NOx, as depicted in the third exhaust
line of Fig. 5.1. However, the slow response of the ZrO2 sensor, if compared with
that of a UEGO sensor, is poor for RT purposes as was shown in Fig. 2.5.

D. Blanco-Rodriguez, Modelling and Observation of Exhaust Gas Concentrations 111
for Diesel Engine Control, Springer Theses, DOI: 10.1007/978-3-319-06737-7_5,
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Fig. 5.1 Possible UEGO and NOx sensors configuration setup for a turbocharged diesel engine

5.1.2 The Drift Problem on Models

Models can be used instead for estimating variables but despite of the promising
results with the models presented in Chap. 4, two problems can be underlined. On
one hand, the model accuracy is driven by the collection of the appropriate data
and calibration of all the parameters. This is a hard and time consuming task. In
fact, the ECU has a big number of maps and parameters for the engine and vehi-
cle management. On the other hand and independently of how well the model has
been calibrated, there is inevitably a drift between the system and the model as the
surrounding conditions change and the engine ages (this occurs with all kind of
models). DDMs are highly sensitive to the calibration data set and will have prob-
lems with ageing, manufacturing discrepancies, slowly varying parameters and other
non-modelled variables.

Figure 4.19 showed the NOx model (filtered) output yNOx for two NEDC cycles
(warm A1 and cold A2) and a clear drift exists, especially during the highway part in
theA1 and during thewhole cycle inA2.Another example is shown in Fig. 5.2, where
an old and non-optimised calibration set for themodel (maps and sensor dynamics) is
used for simulating the SDMPB6 test. The dynamics are well caught but a clear drift
also exists. In this case it is not only ageing that affects, but test or ambient conditions.
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Fig. 5.2 Model output yNOx

and NOx sensor signal zNOx in
the SDMP B6 test with a non-
optimized calibration data set.
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5.1.3 The Use of Adaptive Strategies

The dynamic problems of the sensors and the drift on models motivate the design
of adaptive on-board strategies. Concretely, two kind of models and algorithms are
proposed in order to solve these issues, which are:

• augmented models for drift correction and dynamic estimation of variables, and
• learning algorithms for updating look-up tables and parameters on the basis of
COMs, which can be used for calibration and/or online adaptation.

In the next, the dissertation focuses on the description of the proposedmethods, while
Chap. 6 will give the results with experimental data.

5.2 Augmented Models for Drift Correction

The design of augmentedmodels for bias tracking and the implementation of aKF for
observing this bias is discussed. A known case is considering a fast model that keeps
high frequency components of the considered variable while a slow but steady-state
accurate sensor permits to correct themodel drift. This problem is solvedbyobserving
the bias θ between a referencemeasurement z and an initial estimation u, considering
the measurement dynamics and delay (Guardiola et al. 2013c; Payri et al. 2012).

5.2.1 Drift Correction Algorithm

Themodel is presented in the discrete state-space form.The sample time is considered
constant and the model equation is defined as follows
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xk = Fxk−1 + Buk + Wk (5.1a)

zk = H xk + vk (5.1b)

Without loss of generality, the problem can be stated for estimating the drift
θk ∗ R, augmenting the standard model with such state. uk ∗ R is the state-space
input, and corresponds to a model output with a certain delay τ . The effect of the
delay over the augmented model observation is discussed in Chap. 6. For the models
presented in Chap. 4, the vector u is as follows

uNOx
k = xNOx(k − τNOx/Ts) (5.2a)

uλ−1

k = x−1
λ (k − τλ−1/Ts) (5.2b)

depending if NOx or λ−1 is the key variable. The sensor signal zk ∗ R the output,
while the first order filter presented in Eq. (3.3) with response time a is used for
modelling zk , giving the signal x f k ∗ R. The state vector xk ∗ R

2 is built as follows

xk = [
θk x f k

]T (5.3)

F, B and H are the constant state-space matrices

F =
[

1 0
1 − a a

]
B =

[
0

1 − a

]
H = [

0 1
]

(5.4)

Noises Wk ∗ R
2 with wk ∗ R

Wk = [wk 0]T (5.5)

and vk ∗ R, from process and output respectively, correspond to Gaussian processes
with the following stationary constant covariance matrices

Q = cov
[
wwT

]
=

[
σ2

w 0
0 0

]
(5.6a)

r = cov
[
vvT

]
= σ2

v (5.6b)

The system is fully observable and linear time invariant (LTI). Note that only a
noise to the state θ is applied as far as this is the key observed variable and the noise is
directly transmitted to x f . Applying noise to x f adds an extra degree of freedom that
does not necessarily improve the identification. The system can easily be augmented
with other key variables if necessary. In such sense, the state vector X (4.18) and the
input vector U (4.19) from the RT NOx model could be included in the vectors of
the state-space model (5.1a), (5.1b) for a compact programming.
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5.2.1.1 The Kalman Filter for Drift Observation

The optimal solution of the estimation problem was addressed by Kalman (1960),
and has been applied by different authors to the automotive domain (see for
example Alberer and del Re 2009; Desantes et al. 2011; Schilling et al. 2006, 2008).
In a first step, the state vector is predicted considering the system input and their
expected dynamic characteristics and in a second step, this is updated by calculating
the estimation error ek and weighting it by means of the KF gain Kk

x̂k|k−1 = Fx̂k−1 + Buk (5.7a)

ek = zk − H x̂k|k−1 (5.7b)

x̂k = x̂k|k−1 + Kkek (5.7c)

Kalman gain Kk was solved in the Eq. (2.13).

5.2.1.2 The Steady-State Kalman Filter

Since current application considers a linear time invariant (LTI) and a fully observable
system, the filter is steady-state (Kalman and Bucy 1961). A constant Kalman gain
K◦

K◦ = [k1 k2]
T (5.8)

is then considered and calculated offline

K◦
(
σ2

w/σ2
v, a

)
= lim

k∈+◦ Kk (5.9)

The use of a constant K◦ leads to a sub-optimal filter neglecting the K updating
(Simon 2001) but alleviating the computational burden, since all the iterative process
for obtaining K◦ is performed offline. Anyway, if a more complex sensor model
(including the effect of the operating conditions on the sensor dynamics) were
employed, the Kalman gain would vary with time, and then Kk might be approxi-
mated online by means of the steady-state solution of the Riccati Eq. (2.13):

k1 =
√

(1 − k2)
σ2

w

σ2
v

(5.10a)

k2 = s

s + 1
(5.10b)

with

s = (1 − a)

√
σ2

w/σ2
v

1 − k2
(1 + a − ak2) + a2k2 (5.11)
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Fig. 5.3 Evolution of the
elements of K◦ gain vector
when varying σ2
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which is demonstrated in the Appendix A.3.2. k2 is solved by a fixed point iteration,
and k1 by direct substitution of k2.

5.2.1.3 Final Estimation

The final estimation x̂ on a delayed basis is computed by adding the observed bias
to the input u [see (5.2a), (5.2b)]

x̂(k − τ/Ts) = uk + θ̂k (5.12)

This equation might be included in the state-space model (see Sect. 6.3.3); the online
estimation solving the delay problem is discussed later (see Sects. 6.2.3 and 6.3.3).

5.2.2 Observer Tuning

The KF is tuned with the adequate selection of the quotient σ2
w/σ2

v that affects
the model and sensor respectively, defining an optimal K◦. Figure 5.3 shows the
different values of the two elements of K◦ for different values of σ2

w/σ2
v . k1 is the

bias gain, while k2 corrects the sensor model. Note that the lower the sensor noise
is considered (higher σ2

w/σ2
v), the faster the states’ estimations are updated (because

sensor measurement is propagated to the states). The filter behaves as a low pass
filter for the sensor and a high pass filter for the model.

Hence the filter tuning defines how fast the bias is cancelled, but two issues must
be considered:

• The filter also rejects the sensor noise. Using a very high Kalman gain implies do
not filtering the measurement noise.
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5.2 Augmented Models for Drift Correction 117

• If the sensor dynamics characteristics are not perfectly known, a high value of the
gain causes the system to rely on incorrect information, and then peaks appear in
the estimation especially during transients.

For illustrating the latter issue, the augmented model (5.1a), (5.1b) is simulated
by using synthetic signals. A step transition in the objective variable, named xr ∗ R

is produced by defining the following parameters for the sensor model

a′ = a ± σa τ ′ = ±στ

with an initial drift θ0 and a final drift after the step θ1. Since synthetic signals are
used, filter performance can be evaluated through the comparison of x̂ with actual
xr (which in real applications it is not usually known). The results can be seen in
Fig. 5.4.

The basic cases correspond to:

1. Sensor perfectly known (a′ = a, τ ′ = τ ) with an step in the bias (θ0 ∝= θ1). In
this case, the higher K◦ is, the faster the bias is corrected, as depicted in top plots
of Fig. 5.4.

2. Constant bias and uncertainty on the sensor description (a′ ∝= a, τ ′ ∝= τ ). In
this case, higher K◦ values yield to rely excessively on the poorly known sensor
dynamics, creating artificial peaks, as shown in bottom plots of Fig. 5.4.

The general error case in the sensor modelling is a (non-linear) superposition
of the previous cases, and it is clear that a trade-off in the selection of K◦ must
be considered according to the signals uncertainties and the required convergence
speed. For the sensors considered in this work, sometimes they exhibit a significant
variation in their dynamic properties and a consistent model cannot be derived for
the whole engine operating range. This would force a low value of K◦ (and hence
a slow correction of the model bias), but several modifications are proposed in the
implementation.

Even though data based methods could be used for estimating the appropriate
noise trade-off (Rajamani and Rawlings 2009), trial-and-error tuning is usual when
working with KF. A Monte Carlo based method application presented in Payri et
al. (2012) is proposed for tuning the filter, where the uncertainties on the sensor
knowledge, expected working points (n and mf values) and different expected θ
are used for evaluating the filter performance under different σ2

w/σ2
v values. These

variations are considered with statistical distributions, and the configuration which
minimises the total error is selected.

5.3 Learning Algorithms for Updating Look-up Tables

Look-up tables are often used in automotive in order to model systems with complex
(and highly non-linear) expressions in a grid basis. The table elements are used for
interpolating in order to generate the outputs. They can be included in a model, such
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Fig. 5.4 Top plots Observation of the augmented model when the sensor model is perfectly known
(a′ = a, τ ′ = τ ) with an step in θ. Bottom plots Observation of the augmented model when the
sensor model is not perfectly known (a′ ∝= a, τ ′ ∝= τ ) and with a constant θ. The left plots show the
model estimation x̂ when the sensor performance is perfectly known and for two different σ2

w/σ2
v

quotients, i.e. two different values for K◦. The right plots show the sensor model estimation x̂ f
for these two K◦ values

as the NOx model presented in Chap. 4, or can be used directly for storing the bias
θ calculated in the previous section. The possibility of developing RT algorithms
for updating tables makes possible to develop adaptive look-up tables. The methods
based on the EKF are well-suited but require a heavy computation burden, topic
that is especially treated in this section. In the following, the section describes the
problem of updating look-up tables and presents three methods based on the EKF
(Guardiola et al. 2011, 2013a, b).
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5.3.1 Defining Look-up Tables

A look-up table � ∗ R

∏N
i=1 ni is defined as a N-Dimensional mapping {� : RN ∈

R} represented by a grid in N ∗ Z
+ dimensions, where each one has ni grid points.

The mapping further relies on a multivariate interpolation q(·) to calculate the func-
tion value from the input using the grid for the interpolation variables and �. In
automotive systems, the multivariate interpolation schemes are often linear in each
one of the dimensions, and this is the case that will be considered here. Without loss
of generality the presentation will use 2D tables as being the most frequently occur-
ring dimensions, since working with other dimensions is only a matter of reducing
or increasing indexes. Then, for N = 2,

� = [Δi, j ] (5.13)

where i = 1, . . . , nr and j = 1, . . . , nc (r stands for row and c for column). The
multivariate interpolation function for generating the output xΔ(k) from the input
uk = [u1(k) u2(k)]T can be expressed as

xΔ(k) = vec (q(uk))
T vec(�) (5.14)

vec(·) is the vector transformation and q(uk) is the interpolation matrix that both
selects the elements to be interpolated and contains theweights. In the 2D case qk(uk)

selects the 4 (2N in the ND case) active elements Δi, j , Δi, j+1, Δi+1, j , Δi+1, j+1
(with i, j fulfilling u1,k ∗ [ri , ri+1] and u2,k ∗ [c j , c j+1]) and thus contains the
following block with non-zero weights

[
q(uk)i, j q(uk)i, j+1

q(uk)i+1, j q(uk)i+1, j+1

]
=

[
(1 − η1,k)(1 − η2,k) (1 − η1,k)η2,k

η1,k(1 − η2,k) η1,kη2,k

]
(5.15)

where

η1,k = u1,k − ri

ri+1 − ri
, η2,k = u2,k − c j

c j+1 − c j
(5.16)

This section analyses the computational aspects of updating look-up tables with
the KF. Two algorithms are designed based on the KF for a computationally efficient
table updating: a simplified KF (SKF) which manipulates the covariance matrix P
and the associated updates efficiently, and a steady-state approach for the KF (SSKF)
which directly neglects covariance information. Both methods are inspired by the
works presented in Höckerdal et al. (2011), Vogt et al. (2004), Wu (2006).

5.3.2 Modelling for Learning, Drift or Ageing in Tables

In the setting, � models a nonlinear function and the interesting aspect is to allow
the model to adapt to the system to either learn the system and/or follow the ageing
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of the system. This is modelled in the standard way as a random walk process, where
the table parameters are collected in a state vector xk ∗ R

nr ×nc . The full model can
be written as follows

xk = xk−1 + wk (5.17a)

zk = vec(q(uk))
T xk + vk (5.17b)

noting that no uncertainties are allowed in the interpolation variable uk . For conve-
nience, the non-zero elements in vec(q(uk)) are denoted qo

k ∗ R
1×4 (o stands for

observable) and the corresponding elements in the state vector, xo
k ∗ R

4 for the 2D
case. Then, the following expression is obtained for the output

zk = qo
k xo

k + vk (5.18a)

qo
k = [

(1 − η1,k)(1 − η2,k) η1,k(1 − η2,k) (1 − η1,k)η2,k η1,kη2,k
]

(5.18b)

where Q and R are

Q = σ2
wInr×nc (5.19a)

R = σ2
v (5.19b)

and Inr×nc ∗ R
nrnc is the identity square matrix. If there is application knowl-

edge available, σ2
w might be selected individually for each table element building

a vector �2
w = [σ2

w,1 . . . σ2
w,nr ×nc

] that contains individual variances in such way
Q = �2

wInr×nc . In automotive, this is useful for considering the order of magnitude
of the parameters, i.e. the absolute error will not be the same for low emissions at
lower loads than highest peaks at higher loads, and on the other hand, if a driving
pattern exists, the noise could be mapped over the table grid. This is linked with the
foreseen probability that the engine is running at a certain operating condition, i.e.
the ageing of the elements corresponding to more frequent areas will be lower and
the opposite.

5.3.3 The Extended Kalman Filter, KF

The EKF (along the text and figures, the acronym KF refers to both EKF and KF)
can now be used to observe xk , when measurements zk are given. At every iteration,
the table is updated by

x̂k = x̂k−1 + Kk(zk − vec(q(uk))
T x̂k) (5.20)

where Kk is calculated using Eq. (2.13), Hk = vec(q(uk))
T varies with the operating

point conditions. Although only the active elements xo
k are updated at every k, all
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P elements enter in the equation, which leads to huge calculations and big required
memory resources. This makes difficult the implementation in commercial ECUs.

There are several publications on computational aspects of Kalman filters. Some
authors have studied the filter optimization when different nonlinear functions are
handled as for instance (Charalampidis and Papavassilopoulos 2011; Jørgensen et al.
2007; Singer and Sea 1971); where the latter makes an interesting study on the total
number of operations required for the updating phase. Chandrasekar et al. (2007)
present an interestingmethodologywhen the systemorder is extremely large by using
the finite-horizon optimization technique for obtaining reduced-order systems. But
the key observation here is that the look-up table estimation has structural proper-
ties that can be exploited to reduce the computational and memory requirements
significantly in a simple way, as suggested by Vogt et al. (2004).

To understand the problem, the covariance matrix P in the KF is studied. For
instance, a 2D look-up table with a size nr nc needs system F and covariance matrices
P of (nr nc) × (nr nc). However, only the active elements are influenced during the
update and by defining a local observable system (which corresponds to the active
elements), one receives a system which is 4×4 against (nr nc)× (nr nc). That means
that the non-active elements do not affect the updating until they become active (zero
values for the K related elements). Furthermore, P is a symmetrical and positive-
semidefinite matrix, which allows further simplifications in the KF calculations.

5.3.3.1 The Local Observable System

The Local Observable System is defined and analysed and a computationally efficient
approximation for the KF is described (Guardiola et al. 2013b). Following with the
2D look-up table application, at every iteration a maximum number of 4 elements
can be updated and then, if no dynamics are considered, the general nr nc system
(5.17a), (5.17b) can be simplified to

xo
k = I4×4xo

k−1 + wk (5.21a)

zk = qo
k xo

k + vk (5.21b)

where I4 ∗ R
4×4 is the unitary matrix and xo

k ∗ R
4 is the state-vector that stores

the active states at every k. The simplest 2D map is a table of only 4 elements, and
where the one existing area is always active, i.e. the system (5.21a), (5.21b) is exactly
(5.17a), (5.17b). For the general case, (5.21a), (5.21b) must be rewritten at every k
as elements and matrices change.

5.3.3.2 About the System Observability

The system (5.17a), (5.17b) is not fully observable in one iteration. But the local
observability is ensured if the parameters or states in the local system (5.21a), (5.21b)
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converge with a given data set. As the system is not LTI, the ordinary observability
rank condition (Ogata 2001) is not directly applicable. qo

k depends on the input data,
and it is evident that if a enough level of excitation is given, then the system could be
observed, whatever the method chosen. This minimum level of excitation could be
proved if four elements have been excited. A sufficient observability matrix for local
observability may be built with the first 4 independent observations not necessarily
consecutive in instants i1, i2, i3 and i4 of the elements of the involved area:

O = [
qo

i1 qo
i2 qo

i3 qo
i4

]T (5.22)

and if the rankof thismatrix is 4, then the system (5.21a), (5.21b)might be observable.
But here the problem is linked with the noise tuning and indeed full rank O does not
lead to system full convergence (full observability does not lead to full convergence
as the method and the model structure affect). The most of the elements are also
included in other neighbour areas and because of this, the minimum condition of
observability of a given state depends on the number of independent measurements
that affects every state. The condition stated in Höckerdal et al. (2011) gives a general
condition.

5.3.4 The Steady-State KF Approach, SSKF

If the problem is considered stationary (the same input is repeated once and again),
then qo

k = qo and the filter is steady-state (Guardiola et al. 2013a). In addition to
this and given a noise ratio σ2

v/σ
2
w, Kk in (2.13) converges after a certain number of

iterations as expressed in (5.9). That occurs although P does not converge and can
be ill conditioned. Then, the stationary equivalent filter is obtained and an analyti-
cal expression is derived for the local observable system, resulting a Kalman gain
K ss ∗ R

4

K SS =

⎡
⎢⎢⎣

ki (η1,σ
2
v/σ

2
w) · ki (η2,σ

2
v/σ

2
w)

ki (η1,σ
2
v/σ

2
w) · ki (1 − η2,σ

2
v/σ

2
w)

ki (1 − η1,σ
2
v/σ

2
w) · ki (η2,σ

2
v/σ

2
w)

ki (1 − η1,σ
2
v/σ

2
w) · ki (1 − η2,σ

2
v/σ

2
w)

⎤
⎥⎥⎦ (5.23)

where ki is computed as follows

ki (η,σ2
v/σ

2
w) = 0.5(1 − η)(1 + s)

0.5(1 + s)(1 − 2η + 2η2) + σ2
v/σ

2
w

(5.24a)

s =
√
1 + 4

(1 − 2η + 2η2)

σ2
v

σ2
w

(5.24b)

These expressions are solved in Appendix A.3.2.
The user can evaluate (5.23) for the 2D case for a given σ2

v/σ
2
w or can simulate the

functions off-line formapping the values and reduce the computing time, which is the
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Fig. 5.5 Membership functions for Kalman gain correction for the 2D case for σ2
v/σ

2
w = 0 (top)

and σ2
v/σ

2
w = 0.1 (bottom)

option suggested by the authors. Figure 5.5 shows the values of the K SS elements
for two different σ2

v/σ
2
w quotients. The symmetry of the functions is clear when

comparing the elements of K SS . Both the noise tuning and the relative position of
the operating points affect to the estimation. On one hand, as the operating point
approaches to one grid node, the gain is closer to the maximum (it is not linear)
and the opposite. On the other hand, a higher σ2

v/σ
2
w leads to a higher correction.

Non-active elements have a null correction, i.e. their related gain is zero.
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This approach allows to map K SS and this only depends on the inputs [η1 and η2
from (5.16)] and the noise trade-off σ2

v/σ
2
w. Nevertheless, as the parameters ageing

is not considered nor the estimation error computed, the algorithm is quite fast and
light but the robustness must be assessed in the applications. The pseudo-code of the
algorithms is in the Appendix A.4. The next subsection presents the SKF algorithm
which tracks the estimation error in an efficient way.

5.3.5 The Simplified Kalman Filter, SKF

Despite that only the associated active elements affect Kk , all Pk elements are pre-
dicted and updated at every k. Pk can be reorganised in such way that variances
related with observable Po

k and unobservable Pu
k elements are split.

Pk =

⎡
⎢⎢⎣

·
Pu

k ·
·

· · · Po
k

⎤
⎥⎥⎦ (5.25)

Kk , qk and Q can also be split in the same way. Iterating one step ahead (2.13c)
is written

Pk+1 =

⎡
⎢⎢⎣

I 0

0 I4×4 − K o
k qo

k

⎤
⎥⎥⎦

⎡
⎢⎢⎣

·
Pu

k + Qu ·
·

· · · Po
k + Qo

⎤
⎥⎥⎦

=

⎡
⎢⎢⎣

·
Pu

k + Qu ·
·

· · · (I4 − K o
k qo

k )(Po
k + Qo)

⎤
⎥⎥⎦

(5.26)

where all observable sub-matrices are 4×4, while the unobservable ones are (nr nc −
4) × (nr nc − 4). (5.26) shows how the diagonal elements of Pu

k are only affected by
adding the diagonal matrix Qu. However, both diagonal and non-diagonal elements
of Po

k are affected as in a 4×4 KF. The crossed relationships between the observable
and the unobservable system, shown as dots in the matrix, are kept constant. This
allows simplifying the complete system to the 4×4 active state-space system, whose
resolution is highly computationally efficient.

The current work develops an approximation of the KF that requires both less
memory and computations in the iterations and is named SKF. The SKF builds
and solves the local observable system (5.21a), (5.21b) at every k. Some simplifi-
cations are assumed: for the non-active elements, whose covariance matrix is Pu,
non-diagonal elements are neglected building a vector Pu = diag(Pu). This is justi-
fied for two reasons. First, when the system is running, then leaves one area and later
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returns to it, related variances reflect the time that the system has been out of this
area. This is a desired property since the ageing is captured by the variance increase
due to Qu, which indeed for this application it is defined as a diagonal matrix. Older
crossed correlations are maintained over the time and whether or not they are valid
is not sure. Second, the simulation results show that the full EKF and the SKF have
similar performances when running on synthetic data and real data from the engine
application. Then, at every iteration, the local system (5.21a), (5.21b) is solved with
the only additional operation of Pu

k + Qu (converted to a vector calculation). The
SKF is a suboptimal filter but with a similar behaviour than KF, as demonstrated in
Sects. 5.3.6.

The pseudo-code for the SKF implementation is in Algorithm A.4. Note that
the code is to show the algorithm where some variables are not strictly needed in the
computer programming, e.g. Pu

k always that Pk exists, but these steps are kept for the
sake of clarity. The noise variance σ2

w is selected equal and constant for all elements,
allowing to pre-define a diagonal matrix Qo = σ2

wI4×4 for the active system and a
vector Qu = σ2

wdiag
(
Inr×nc−4

)
for the non-active one.

In the next, the memory allocation and computational complexity of the three
methods, full EKF (here denoted KF), the SKF as well as the SSKF are described.

5.3.5.1 Analysis of the Memory and Computations

A computation time study is made programming code in the Matlab software on a
laptop computer equipping Intel Core 2DUO T9300 2.5 GHz with Windows VISTA
64 bits. Figure 5.6 shows the relative computation time used by the three methods
for updating 2D look-up tables of different sizes. Only square n × n tables have
been considered with n ranging from 2 to 21, since it is the total number of elements
in vec(T ) that influences memory allocation and computations. The Y-axis shows
the relative computation time with respect to the averaged time that the SSKF takes
for performing 1,000 iterations, i.e., a relative time of 1 means that the method
needs exactly the same time than the SSKF. The SKF needs around 1.15 times the
SSKF calculation time, whatever the number of parameters. This slight difference
is explained by the manipulation of variances and the need of redefining the active
vector and matrices Po, and xo when the active area changes (see lines 4 and 5 of
the Algorithm 2 and compare with Algorithm 1, both included in Appendix A.4).
However, the required time for the KF rapidly grows when the number of parameters
increases, i.e. for 256 parameters (16 × 16), the KF needs around 7.8 times the one
for the SSKF. An exponential function may be fitted by the least squares method to
the KF time as function of the number of parameters n p, whose result is the relative
time that the KF takes with respect to the one of the SSKF.

Table 5.1 summarises the required memory resources and computation times for
the algorithms. The SKF permits to reduce the requirements in terms of memory
resources and the general system (nr nc)× (nr nc) is reduced to a simple 4×4. These
results show the benefits when using the SSKF and the SKF compared to the full KF.
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Fig. 5.6 Relative compu-
tation time required for the
methods for updating 2D
look-up tables. Times are
normalised with the averaged
time that the SSKF needs for
computing 1000 iterations of
the filter
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Table 5.1 Memory storage and computational burden comparison between the Kalman filter KF,
the simplified Kalman filter SKF and the steady-state approach SSKF

P K Rel. time

KF (nr nc) × (nr nc) (nr × nc) × 1 (by 2.13) 0.82 exp(0.0087n p)

SKF 4 × 4 + (nr × nc) × 1 4 × 1 (by 2.13) 1.15
SSKF 4 × 4 4 × 1 (by 5.23) 1

5.3.6 Simulation of the Updating Algorithms

The convergence and robustness of the approximations need also to be studied and
this is first performed by simulations. The objective of this section is comparing the
abilities and performance of the algorithms against different synthetic cases where
no dynamics are accounted (the real system and the model are statics; Sect. 5.3.7
later discusses how to consider the dynamics).

For automotive applications, engine speed n and fuel mass injection quantity mf

usually define the engine operating point and the look-up table scheduling points
selected in the simulation are inspired by these quantities. Hence r represents a grid
for u1(k) (the speed in rpm) and c for u2(k) (the injected fuel mass in mg/str)

r = [500 1500 2500 3500] (5.27a)

c = [0 20 40 60] (5.27b)

and the true map (the objective map to update) �r is defined with the surface
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�r =

⎡
⎢⎢⎣
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1

⎤
⎥⎥⎦ (5.28)

where xr = vec(�r ) is the expanded state vector objective of the estimation process.
No initial process knowledge is considered: x0, xo

0 , P0 are initialised with zeros.
σ2

v/σ
2
w = 1 for all cases, unless it were pointed.

System measurements are given and the algorithms performance is evaluated. As
synthetic signals are used, this allows defining error metrics. Simulations include
two worst-cases and a favourable one:

• Input with random variation: a random shot of values following an uniform proba-
bility distribution. This is an ideal situation for learning as all areas are excited and
the parameters ageing is low (the excitation is high). Measurements are perfect
and constant, thus zk = 1∀k.

• Linear variation: varying u2 keeping constant u1. This variation tests a degenerated
case where observability is critical along the u1-dimension. Measurements are
perfect and constant: zk = 1∀k.

• Measurement noise rejection: studying the effects of noise transmission between
output and observation when the measurement vector of the previous case is noisy.

5.3.6.1 Simulation 1: Input with Random Variation

The sequence {uk}1000k=1 following an uniform distribution over the grid defined in
(5.27a), (5.27b) is used for exciting the system. A complete identification is possible
as the grid is completely covered. This situation is not so far of the reality for diesel
engines, e.g. urban cycles with a lot of speeding/braking actions cause quasi-random
variations in partial-low load areas of the engine map. The selected grid and covered
points are shown in Fig. 5.7.

In this case, the variance information is not as relevant as in other cases, because
of the stochastic nature of inputs. The mean value of all states is plotted at each time
step in Fig. 5.8. All three methods perform well and the rate of convergence can be
tuned varying σ2

v and σ2
w.

A quick view on the effects of the hypothesis for the SKF is shown for one element
x6 in top plot of Fig. 5.9, which shows the variance P6 of x6 for the KF and the SKF
(not applicable for the SSKF). This value indicates the observability of x6: when it
increases monotonically, x6 is not observable. In some parts, an offset between P6
for the KF and the SKF appears because of the neglected covariances in the SKF, but
in the end, this offset is absorbed and the two methods behave similar. The bottom
plot of Fig. 5.9 shows x6 evolution for the three methods. x6 is updated when the
element becomes observable. Note that x6 is already active in the first iteration and
K SS
1 , which represents the converged value of the equivalent LTI system, is non-

null. Then, the SSKF updates x6 in k = 1 while K1 for the KF and the SKF is null.
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Fig. 5.7 Random variation of
inputs u1 and u2 shown with
small dots and table grid with
thick dots
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Anyway, this is not an advantage of this method: the KF and the SKF can behave
similar if P0 is non-null, but here for the simulations P0 = [0]. When there exists
no previous knowledge of the system to be learnt, it should advisable to initialize P0
with a certain value for speeding up the updating during the first iterations.

5.3.6.2 Simulation 2: Input with a Linear Variation

�r is identified with a sequence {uk}200k=1 where u1 varies monotonically from 0 to
60 (from k = 0 to 100) and coming back from 60 to 0 (from k = 101 to 200),
while u1 = 2,000 ∀k. This condition is highly restrictive as the excitation level is
not high: at each k only small variations of input u2 are applied and due to this, the
full convergence condition is not fulfilled in the first running of one area, and the
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Fig. 5.9 Variance analysis for an uniform distributed inputs sequence. Top Variance evolution of
the 6th element P6 where black thick line is the KF and gray line is the SKF (P6 is normalised by
100 in both cases). Bottom x6 value where black thick line is the KF, gray line is the SKF, thin black
is the SSKF

interactions between areas and the way back are necessary to ensure the convergence
of both the KF and the SKF. Three matrix areas are excited [see (5.29)]; area 1:
elements 5, 6, 9, 10; area 2: 6, 7, 10, 11; area 3: 7, 8, 11, 12. Moreover, due to the
inputs nature, the row 5–8 evolution is equivalent to that of 9–12.

�k =

⎡
⎢⎢⎣

· · · ·
x5,k x6,k x7,k x8,k
x9,k x10,k x11,k x12,k

· · · ·

⎤
⎥⎥⎦ (5.29)

Figure 5.10 shows the evolution of the 4 states x5 to x8. First thing to note is the
similar performance of the KF and the SKF and the instabilities of the SSKF. For
instance, x5 is in the area 1, and during the first run it is not capable of converging, but
in one complete round the KF and SKFmethods converge, and the SSKF seems to do
it, at least in k = 200. The other states have slightly different performances, because
the first area has been already been covered; e.g. x6 is closer to the convergence as
being a member of area 1 and area 2, but until the way round it does not get the full
convergence for the KF and SKF methods. Similar behaviours are observed for x7
with these methods. In addition, x8, as member of the area 3, has the advantage that
areas 1 and 2 have been covered first, and the information is already available for
getting the full convergence for the KF and SKF in k = 100. The full observability
(in the sense of convergence) of these 8 elements is reached only when O in (5.22)
copes with the three areas when using the KF and SKF. Nevertheless, the SSKF
estimation does not converge for x6, x7 and x8 due to no state error information is
tracked, and the system and convergence becomes more dependent on data.

In order to understand how KF and SKF behave, it is informative to also study
the variance and covariance evolution (remember that this is not present for the

www.TechnicalBooksPDF.com



130 5 Adaptive Observers for the Dynamic Estimation of Engine Variables

0

1

2

x 5

0

1

2

x 6

0

1

2

x 7

0 50 100 150 200
0

1

2

x 8

k [−]

Fig. 5.10 States evolution for a monotonically varied inputs sequence. Black thick line is KF, gray
line is SKF, thin black is SSKF and dashed line shows when the element is observable (1 is active;
0 is not active)

SSKF). Figure 5.11 shows the variance evolution for row elements, while Fig. 5.12
shows the evolution of a few selected covariances between states (corresponding to
non-diagonal elements of P). As for the random case in Fig. 5.9, variance evolution
for the KF and SKF is similar, although some deviation exists in elements 6 and
7. This is explained for covariances or non diagonal Pi j ∀i ∝= j elements that the
SKF only accounted for active areas. This is shown in Fig. 5.12 where some crossed
covariances are plotted. When the pair of elements is not active, covariances of these
are not tracked, equivalent to reset them to zero in the global P. This is the particular
difference with the KF, which always tracks the covariance, although the area would
not be active, increasing the computing requirementswithout a justified improvement
in the estimation. However, when an area is active, the SKF covariance evolves as the
KF and in the limit is equivalent to the KF. The difference is larger initially but after
the observations have converged the difference is negligible, as shown in Fig. 5.10.
This pattern may slightly be modified linking the covariance values to elements pairs
and not to the involved areas (excepting boundaries, all pair of elements are shared
in two different areas), although final results are similar.

5.3.6.3 Simulation 3: Measurement Noise Rejection

An uniform distributed noise with zero mean and maximum amplitude of 0.2 is
applied to the measurement given in simulation 2; zk is shown in Fig. 5.13. A robust
method must filter this noise and converges to the true values.

The resulting estimations are shown in Fig. 5.14, and the evolutions are quite
similar to the ones of Fig. 5.10 although with a slight noise transmission. The KF
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Fig. 5.11 Pii analysis for a monotonically varied inputs sequence. Values are normalised by 100.
Variances of elements 9–12 are equal to those of 5–9 because of symmetric properties. Black line
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Fig. 5.12 Pi j analysis for a monotonically varied inputs sequence. Values are normalised by 100.
Black line is KF, gray line is SKF and dashed line shows when the element is active (1 active; 0 is
not active)

and SKF perform well, being able to also filter the noise, but the SSKF is not capable
of converging again having a similar response as in the simulation 2. Variance and
covariances are exactly the same of Figs. 5.11 and 5.12 as the state-space system and
the inputs sequence does not change.
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Fig. 5.13 Measurement zk plot with the addition of a uniform distributed noise with zero mean
and maximum amplitude of 0.2
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Fig. 5.14 States evolution for noisy measurements. Black thick line is KF, gray line is SKF, thin
black is SSKF and dashed line shows when the element is active (1 is active; 0 is not active)

5.3.6.4 Conclusions from the Simulations

The SKF method is demonstrated to have similar accuracy as the KF, at least for
the numerical cases proved in this section. Furthermore, the KF and SKF solutions
converge for all cases, including the simulations 2 and 3, which are specifically
restrictive because of the low level of excitation. The KF, as shown in Fig. 5.6 and
Table 5.1, is computationally heavy. The SSKF is the fastest and lightest method as
the variance is not tracked and K SS formulation is derived analytically. The SKF only
needs around 1.15 times the SSKF time for calculation, and the required memory
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resources are similar, except for the track of the variances. The SSKF behaves well in
situationswhere the variance tracking is not critical, e.g. the simulation 1, but it is less
robust when the data is structured and the level of excitation is low, e.g. simulations 2
and 3. The KF and SKF are also capable of filtering the noise, a minimum condition
for a correct updating, and SSKF also filters the noise, but its stability depends on the
data. In comparison, the SKF method, derived from the KF, is demonstrated to be an
efficient and accurate method for updating look-up tables, at least for the presented
simulation conditions.

5.3.7 The Dynamic Equations for Learning

The learning algorithms presented in the previous subsections have considered a
quasi-static model, i.e. the model outputs are directly calculated by a table interpo-
lation. In this subsection, the state-space model (5.17a), (5.17b) is slightly modified
for coping with sensor dynamics and inputs u are treated as well.

Usual inputs for the tables in diesel engines are the signals of the ECU: speed n
and injection mf , and as far as they are fast signals, no special treatment is necessary
in principle, while the delays are still needed to phase the system correctly with the
NOx sensor

u1,k = z−τ/Ts n(k) (5.30a)

u2,k = z−τ/Ts m f (k) (5.30b)

where τ represents the averaged sensor delay obtained with the procedures shown
in Chap. 3 (Ts is the sampling period). This is preferred to apply the delay in the
state-space model for avoiding to increase the dimensions of the system.

In this basis, the table output xΔ(k) ∗ R is calculated by means of interpolating
the adaptive map �k

xΔ(k − τ/Ts) = �k(u1,k, u2,k) (5.31)

defining a quasi-static representation of the table output where k defines the current
time.

Sensor dynamics are considered as in (3.3) for computing x� f (k) ∗ R

x� f (k) = 1 − a

1 − az−1 xΔ(k − τ/Ts) (5.32)

and the global system (5.17a), (5.17b) must be augmented with one extra-dimension
considering x� f (k)
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xw
k =

⎡
⎢⎢⎣

Inrnc×nrnc

(1 − a)qk a

⎤
⎥⎥⎦ xw

k−1 + wk (5.33a)

zw
k = Hwxw

k + vk (5.33b)

with
xw

k = [
x x� f

]T
k (5.34)

Hw = [0 · · · 1] (5.35)

being xw
k ∗ R

nr nc+1 with xk ∗ R
nr nc as in (5.17a), (5.17b), and zw

k ∗ R. The Index
w stands for wide.

The local observable system (5.21a), (5.21b) is now

xow
k = Fow

k xow
k−1 + wk (5.36a)

zow
k = Howxow

k + vk (5.36b)

Fow
k =

⎡
⎢⎢⎢⎢⎣

0
I4×4 0

0
0

(1 − a)qo
k a

⎤
⎥⎥⎥⎥⎦

(5.37)

How = [0 0 0 0 1] (5.38)

xow
k = [

xo
1 xo

2 xo
3 xo

4 x� f
]T

k (5.39)

where How is constant, because qo
k and the filtering parameter a are included now in

the time varying process matrix Fow
k . Qow process noise matrix is also augmented,

and includes an extra-noise term σ2
f for the new state x� f

Qow =

⎡
⎢⎢⎣

Q 0

0 σ2
f

⎤
⎥⎥⎦ (5.40)

Even though the new local system has one more dimension (5 × 5), the SKF
hypotheses are still applicable as proved in Appendix A.5. Chapter 6 will prove the
algorithms under real conditions in a diesel engine considering dynamics (the sensor
output will be used there as reference) and completing the study on the methods
capabilities.
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5.4 Conclusions

This chapter has presented different observers based on the KF in order to estimate
engine variables and update look-up tables.

First, a drift correction algorithm is proposed by augmenting a state-space model
with an extra-state for tracking the drift which exists between a fast biased model
and a delayed and filtered but steady-state accurate sensor signal. The data fusion is
done through a steady-state KF, which may be computed beforehand. The algorithm
allows to estimate online the actual considered signal.

Second, the attention turns out to the design of adaptive algorithms for look-
up tables fitting and updating. Kalman filtering is used for updating because of
its capability for tracking the system and parameters ageing. Computational issues
involved when of updating look-up tables online with the KF based methods are then
addressed. Two novel methods are designed for the current work:

• A steady-state KF (SSKF) approach using precalculated membership functions
based on an off-line solution to the KF main equation. Table elements are updated
in a fast way and the computational burden is low. The method relies on neglecting
the covariance information, given by the standard KF, and then setting out the
stationary problem where the inputs can be considered as constants in order to
calculate the steady-state gain.

• A simplifiedKF (SKF)with similar accuracy as the standardKF, but that requires a
much lower memory resources and calculation time. The local observable system
serves as inspiration for analysing the variance matrix performance and is used
for comparison. The SKF is based on the KF but neglects covariances of locally
unobservable states.

The only requirement for the full table adaptation when using online learning
algorithms is running the engine in all the matrix areas. The stability and conver-
gence is assessed by means of simulating the algorithms. The memory saving and
computational reduction that SKF offer, as well as the robust performance, make
this algorithms suitable for being implemented on commercial ECUs. The SSKF has
also an interesting performance and a very low computational burden, although the
stability depends on the data quality.

In the following chapter, these algorithms are combined and different results are
presented in order to estimate NOx and λ−1 in diesel engines.
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Chapter 6
Adaptive Estimation of NOx and λ−1

6.1 Introduction

This chapter uses the adaptive algorithms developed in Chap. 5 in order to estimate
λ−1 and NOx, when a NOx sensor is available. The use of adaptive algorithms also
allows to tune model parameters with and without an initial knowledge (Schilling
2008), i.e. the algorithms can be used for online model fitting. For that purpose, three
different algorithms are designed and the filter gains are calculated on the basis of
the methods presented in Chap. 5:

• Algorithm A: The drift correction algorithm corrects the bias in the λ−1 and NOx
models. The bias is tracked online but models are not re-calibrated.

• Algorithm B: An adaptive table is used for learning and prediction without requir-
ing the RT NOx model. This approach is valid for slow cycles, such as the NEDC.
The table is updated by using the SKF or the SSKF methods, as advisable.

• Algorithm C: Model is adapted and re-tuned online by tracking the nominal NOx.
With this strategy, the nominal NOx map can be fitted by using the dynamic
tests, indeed avoiding the steady-state campaign usually needed for its calibration.
The state-space system (5.17) built for updating look-up tables should be slightly
modified in order to consider the model structure.

Figure 6.1 schematises the three options, particularising for the NOx estimation.
The objective is on one hand, obtaining a fast and reliable estimation of the considered
variable, i.e. without sensor filtering and delay and, on the other hand, introducing
adaptive capabilities to the models.

In the following, these algorithms are selected for the fast estimation of λ−1

and NOx.
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Fig. 6.1 From top to bottom, algorithms 1 to 3: drift correction model, adaptive table for NOx
estimation and adaptive NOx model

6.2 Fast Estimation of λ−1

The estimation of λ−1 is the core of this section, where a complete methodology
based on the drift correction model developed in Sect. 5.2.1 is proposed (Guardiola
et al. 2013c). The original problem is modified in order to consider the model and
sensor uncertainties as well as the actual variation of the bias θλ−1 with respect
to the operating point and time as remarked in (4.3). In addition, the variable λ−1
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is a relevant input for the NOx model, and its observation by KF methods can be
integrated in an adaptive NOx model. First, the problem set-up and the methodology
are explained.

6.2.1 Problem Set-up and Methodology

The goal is providing an estimation x̂λ−1 of the actual value of λ−1 combining the
information provided by the sensor zλ−1 and themodel xλ−1 . The basic idea is keeping
themodel dynamicswhile correcting themodel bias (and its drift) profiting the sensor
steady performance.

Figure 6.2 shows an schematic representation of the proposed structure. All cal-
culations and equations are set-up in discrete form where represents the sampling
period,which corresponds to 20ms for the results shown in thiswork.Main inputs are
the injected fuel massmf , the air mass flowma, the speed n and the sensor signal zλ−1 .

Because of the bias strong dependence with the operating point conditions, an
adaptive 2D look-up table �λ−1,k ∗ R

nr×nc updated at instant k is used for account-
ing with this variation depending on the engine speed and load (see discussion in
Sect. 4.3.1 about engine operating point representation). Hence the current bias at
the instant k may be represented as

θλ−1(k) = �λ−1,k(n(k), mf (k)) + wk (6.1)

where a noise wk ∗ R is added to the tabulated value coming from the table �λ−1,k
at instant k for considering modelling errors, and for dealing with the system drift.

Through the combination of the sensor and the model information (conveniently
delayed for being comparable), a KF is used for tracking the value of the bias and
of the filtered value of λ−1, thus providing the estimates θ̂λ−1 and x̂λ−1f . A set of
‘freezing’ conditions adds robustness to the algorithm stopping the integration when
the sensor signals or the model are not reliable.

In order to cope with the system drift, the look-up table �λ−1 is updated on the
basis of the adaptive SSKF algorithm that uses the estimate θ̂λ−1

�λ−1,k = f (�λ−1,k, θ̂λ−1(k)) (6.2)

Finally, the estimation x̂λ−1 is built up from the current model output xλ−1 and the
tabulated value of the bias (see (6.5)).

6.2.2 Robustness Against Signals Uncertainties

Three main circumstances affect the correct algorithm performance:
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Fig. 6.2 Schematic view of the proposed procedure for λ−1 estimation

• Sensor saturation: NOx sensors exhibit saturation problems for high O2 partial
pressures (low λ−1). Figure 6.3 shows the saturation point for the tested NOx
sensor, where two units of this model are located downstream of the turbo and
downstream of the engine here equipped with an AT line. If the KF is active, the
integration would be incorrect in these situations as far as zλ−1 is not reliable.

• Sensor andmodel uncertainties during sharpdynamic transients: The sensor behav-
iour, defined by aλ−1 and τλ−1 , varies with time, boundary conditions, system con-
ditions and because of the ageing and unit-to-unit dispersion. For avoiding wrong
integrations, these must be considered. Furthermore, the sensor model considered
in (3.3) could not be complex enough for accounting with the actual sensor per-
formance. An incorrect sensor model leads to peak errors, especially when a sharp
transient occurs.

• Spurious measurements: Signals involved can present outliers or errors that could
be fatal for the algorithm.

When these occur, the integrationmust be stopped.A set of deactivation IF- THEN
or ‘freezing’ rules have been programmed for that. If any of the following conditions
is true, the updating of the KF is null; i.e. ek = 0:
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Fig. 6.3 zλ−1 measurements from two NOx sensors, the first located downstream of the turbine
(gray) and the second downstream of the AT line (black) in an engine equipped with DOC, SCR
and DPF (see the third configuration of Fig. 5.1). Both sensors are the same commercial model and
present a saturation in approximately λ−1 = 0.1

ek
1 − z−1

> F1 (6.3a)

xλ−1
1 − z−1

> F2 (6.3b)

zλ−1
1 − z−1

> F3 (6.3c)

zλ−1 < F4 (6.3d)

zλ−1 > F5 (6.3e)

x̂λ−1 < F6 (6.3f)

x̂λ−1 > F7 (6.3g)

where (6.3a)–(6.3c) deactivate the filter in sharp dynamic transients or in the case
of spurious measurements; (6.3d) if sensor saturation or outliers appear; (6.3e) if
measurement outliers are detected; finally (6.3f) and (6.3g) are included for pro-
viding robustness to the estimation. These conditions make the table update highly
insensitive to sensor model errors, sensor output errors and model output errors.

The freezing conditions allows to set a faster integration, i.e. a higherKalman gain,
as integrations at points with high expected errors on θ̂λ−1 are avoided. The definition
of thresholds needs to be done accordingly with the level of uncertainty in the sensor
knowledge, signals noise level, model reliability and assumptions concerning the
dynamic characteristics of the λ−1 evolution.
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Fig. 6.4 x̂λ−1 for two different conditions of freezing for an injection step from 15 to 30 mg/str at
2,250 rpm. Thin solid lines represents x̂λ−1 , lighter to darker gray is less to more severe freezing
condition. x̂λ−1f models linked with the estimate x̂λ−1 are also included with dashed lines

Figure 6.4 compares x̂λ−1 obtainedwith two different tunings of the thresholds and
for one sharp injection transient, where λ−1 value is drastically varied and the bias
is affected by the operating conditions (it varies from 0 at the beginning of the test
to 0.1 after the step). In all cases, a significant error in the sensor model is assumed
(a◦

λ−1 ∈= aλ−1 and τ ◦
λ−1 ∈= τλ−1 ). It can also be noticed that including freezing

mitigates the overshoot in the correction; although a conservative tuning will result
to completely deactivating the integration of the filter, and then no bias integration
would be made during the engine operation. The Monte Carlo calibration method
presented in Payri et al. (2012) might be used for tuning the thresholds F1 to F7.

6.2.3 An Adaptive Look-up Table for Modelling the Drift

An adaptive look-up table (see Fig. 6.2) is used for coping with the bias dependence
with the operative conditions. The look-up table interpolation principle is based on
a 2D bilinear interpolation. At every iteration, the initial estimation of the bias is
interpolated from the table �λ−1 conveniently updated

θ̂λ−1(k|k − 1) = �λ−1,k−1(n(k − τ/), mf (k − τ/)) (6.4)

where the table scheduling inputs n and mf are conveniently delayed in order to
consider the sensor delay. The KF provides an updated value of the bias (at the



6.2 Fast Estimation of λ−1 143

0 2 4 6 8
0.3

0.4

0.5

0.6

0.7

λ−
1  [−

]

No table

time [s]
0 2 4 6 8

0.3

0.4

0.5

0.6

0.7

λ−
1  [−

]

Using table

time [s]

Fig. 6.5 x̂λ−1 without table (left) and using an adaptive table (right) changing the operating point
condition of the engine repeating two times a cycle by simulating. Black line is zλ−1 , dashed black
line is xλ−1 and gray line is x̂λ−1 . Deactivation freezing rules are applied

delayed input conditions) that is used for updating the table with a given learning
method. Chapter 5 have made a review and developed two methods based on the
EKF for updating look-up tables. For this formulation, the SSKF method presents
the advantage that the table can be considered as an independent block, and then the
converged K∞ for the drift correction is still applicable. In this section, the results
by using the SSKF are presented (although for a robust implementation, the SKF is
advised).

Once the table has been adapted, an updated value of the bias is obtained for the
current operative conditions. This is used for building the final estimation

x̂λ−1(k) = xλ−1(k) + �λ−1,k(n(k), mf (k)) (6.5)

where the current values of the inputs and the model are used at the instant k, in order
to provide the more updated information and avoiding the causality problem related
with the sensor delay when the table is not used.

For illustrating the look-up table performance, Fig. 6.5 shows the simulation of
λ−1 for a repetition of the same profile. τλ−1 is known and null and aλ−1 presents a
certain error. The top plot represents the evolution if the adaptive table is not used.
In the case of using the adaptive table (right plot), first part of the cycle serves for
the bias identification (initially all elements of the table are set to zero), and in the
second part of the cycle the estimation is significantly improved because of the stored
values. Note that during transients, the error integration starts slightly after the step
because of the freezing rules.

Different tables may also be used in case of using different combustion modes
(split injection, exhaust system regeneration) for coping with the different trend of
the bias on the mf estimate when the injection settings change. Each table is updated
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only when the mode is activated and can add more accuracy to the estimate although
incrementing the programming complexity.

6.2.4 Experimental Results

In order to provide a reference signal for assessing the algorithm, injection steps are
performed in the engine and x̂λ−1 calculated. Since the injection is a fast acting control
variable, the actual λ−1 response is judged to be instantaneous and no more than one
engine cycle delay is expected; being able to generate a reference for comparison.
Furthermore, this signal is available online, making that the algorithm may be tuned
and proved without a specific test rig beyond the engine and the ECU itself.

The Sensor model identification was discussed in Chap. 3, hence a delayed first
order filter ((see (3.3)) with parameters aλ−1 = 0.92 and τλ−1 = 0.5 s with a
sampling frequency of 50 Hz (= 0.02 s) is used. K∞ is precalculated offline for all
cases as the KF is steady-state. Figure 6.6 shows the results for a set of different
injection steps for a constant engine speed n = 1,500 rpm. For that figure, the ZrO2
sensor has been moved downstream of the AT systems and a significant bias, 5% of
its own value, has been added for exaggerating the correction; i.e xdrift

λ−1 = 1.05xλ−1 .
Furthermore, xλ−1 presents a significant variable bias depending on the operating
point with respect to zλ−1 . The drift correction algorithm is applied to the estimation
of λ−1. Freezing conditions are relaxed because the sensor is well modelled. The
left plot shows an example where the integration is quite slow; the right plot shows
the opposite situation where the integration is quite fast, provoking some peaks but
with a lower settling time. Here, no model or table is used for modelling θλ−1 . This
makes that after every step, θλ−1 shall be integrated for coping with its variation.

Theuse of an adaptive table�λ−1 smoothes the bias integrationwhen theoperating
point changes once the table has been learnt. Figure 6.7 shows the same situation of
Fig. 6.6 but now using a look-up table with the grid

r = [750 1,000 : 500 : 5,000] (6.6a)

c = [0 : 5 : 30 34 : 4 : 50 55 : 5 : 80] (6.6b)

Figure 6.8 shows final results for three different injection steps of the previous
cycle once that the bias has been perfectly learnt. x̂λ−1 keeps fast dynamics but
converges to the steady-state value of xλ−1 , in contrast to the biased model and the
slow sensor.

Finally, the algorithm is proven with the NEDC B1 cycle and is shown in Fig. 6.9
for a window of the cycle. The described conditions and data for previous tests are
still valid here. x̂λ−1 keeps the model dynamics but evolves correcting the drift and
relying on the steady-state value of the sensor. This test is representative of real
driving conditions and the procedure demonstrates its feasibility for being used in
commercial vehicles.
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Fig. 6.6 x̂λ−1 performing injection steps at 1,500 rpm without using a look-up table. Left plot Slow
correction, with σ2
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v = 10−5. Right plot Fast correction, with σ2
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Fig. 6.7 x̂λ−1 performing injection steps at 1,500 rpm and using an adaptive look-up table for
modelling θλ−1 . Legend: Thick black is the sensor zλ−1 , thin black is the model xλ−1 and gray is
x̂λ−1 . Values for tuning the KF are σ2
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v = 1/80

6.3 Fast Estimation of NOx

The attention is turned out to the problem of the online NOx estimation. With an
algorithm like B, an adaptive NOx map can be used in order to infer NOx as function
of only mf and n as in (4.8), which is justified if the transitions are slow enough for
utilising a quasi-static approach (plus a filter for the sensor dynamics). An algorithm
C permits to update NOx model parameters and look-up tables. Finally, and for both
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Fig. 6.9 Top and bottom x̂λ−1 using the table and applying freezing conditions to the NEDC B01
cycle. zλ−1 is the sensor output (thick black), xλ−1 is the model output (thin black) and x̂λ−1 is the
observation (gray). The drift is corrected while the dynamics of the observation x̂λ−1 are maintained

designs, the algorithm A and the drift correction algorithm could be used in order to
track the model bias.

This section also completes the comparison of the different methods for updating
look-up tables already presented in Chap. 5 by testing the cycle SDMP B5 and the
algorithm B. Afterwards, the adaptive tuning of the RT NOx model is proposed. On
the basis of the presented results, the estimation of the actual NOx is proposed.
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6.3.1 Online Updating of Look-up Tables for Modelling NOx

In a first approach, NOx is modelled by using a 2D adaptive look-up table function
of n and mf , whose parameters are estimated with the updating methods (Guardiola
et al. 2013a, b). The state-space model (5.33) is used for designing an observer like
the algorithm B presented in Fig. 6.1.

The model parameters are estimated online while the engine is running without
any special calibration procedure or test rig, beyond the sensor measurements. The
first time that the engine is running, parameters evolve, and when the engine switches
off, the stored parameters can be used for predictingNOx.When the engine is running
again, the parameters keep evolving for correcting drift and slowly varying effects.
Furthermore, the observer built for updating the map can be profited for having an
actual NOx estimation, i.e. avoiding the filtering and the delay of the sensor. The SKF
updating method is appropriate for online usage because of the light computational
burden and the estimation capabilities.

Moreover, this configurationmight be applied to estimate localmodels for defining
the NOx emissions as function of usoi and uegr , and for different engine operating
points (Desantes et al. 2011; Arsie et al. 2012). These maps are useful for the joint
air and fuel path control (Tschanz et al. 2012).

With respect to the dimensions of the maps used for the adaptive estimation of
NOx and according to the author’s experience, usual dimensions for look-up tables
in production engines are between 200 and 400 parameters. The selection of the
appropriate dimensions is a trade-off between the accuracy and the computational
resources. An excessive density can compromise the table convergence, but a higher
density of scheduling points can improve the accuracy of the solution.

Figure 6.10 shows the nominal NOx,0 map used for the NOx model in Chap. 4.
This map was filled with an intensive DOE comprising 363 steady-state tests. The
NOx sensitivity depends on the engine area, with a clear difference between the EGR
area, transition and the areas without EGR. Note that all elements of NOx,0 are filled
in order to avoid numerical problems, indeed areas that are not reached for the engine
(out of the full load line).

The grid used in this work for the observation is defined as follows

r = [750 1,000 1,250 1,500 1,750 2,000 : 500 : 4,500] (6.7a)

c = [0 : 5 : 30 34 : 4 : 50 55 : 5 : 80] (6.7b)

where r represents the grid for n (rpm) and c stands for mf (mg/str).

6.3.1.1 Comparison of the Updating Methods

The SDMP B5 cycle is used for comparing the algorithms with real engine data.
�NOx,0 is the null matrix and is updated with the cycle. The state-space model (5.33)

http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_5
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Fig. 6.10 NOx map plotted in the n and mf directions. Left plot represents the NOx emissions at
iso-mf values, while right plot shows the NOx emissions at iso-n

is built with the following numerical values

aNOx = 0.96; τNOx = 0.75 s (6.8)

while the sampling frequency is 50 Hz (=20ms). Sensor parameters come from the
methods presented in Chap. 3 by performing SOI steps. The state-spacemodel output
zNOx is given by the NOx sensor, while the inputs are

u1,k = z−τNOx/ n(k) (6.9a)

u2,k = z−τNOx/ mf (k) (6.9b)

and the state vector x is
xk = [vec(�NOx) xNOxf ]T

k (6.10)

The filter is tuned with the values

σ2
v = 252; σ2

w = 152; σ2
f = 502 (6.11)

and a test subset of t = 400 s is used for updating the adaptive map and the look-up
table �NOx,400 is used for predicting NOx in the whole cycle plus considering the
first order filter that models the sensor response.

yNOx = 1 − aNOx

1 − aNOxz−1�NOx,400(u1,k, u2,k) (6.12)

The KF, SKF and SSKF methods are used for updating the model and the results can
be seen in Fig. 6.11. All three methods behave well and are capable of predicting

http://dx.doi.org/10.1007/978-3-319-06737-7_3
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Fig. 6.11 NOx prediction for the three methods by performing the SDMP B5 cycle. The maps are
updated during 400 s, i.e. a subset of 20,000 measurements of zNOx . yNOx is simulated with the
updated tables at 400 s �NOx,400. The sensor measurement zNOx is provided for comparison

NOx emissions. Dynamics assumptions are also good enough for having a good
fitting in the SDMP. Note that the SSKF results are also acceptable as the covariance
tracking is not relevant in this cycle as it is in slow varying tests. The fitting should
be optimized by independently tuning the filter for each method.

It isworth comparing the convergence of themethods and for this, the SDMPcycle
is also used as benchmark for testing the absolute mean error when the updating time
is varied monotonically around the cycle

eM(k) =
∑ny

i=1

(
zNOx(i) − yNOx(i)|t=k

)

k
(6.13a)

where t is the time that the table has been updated and yNOx is calculated by (6.12).
The results are shown in Fig. 6.12. Focusing the attention in the lines generated
with the filter calibration Cal (6.11), eM tends to be lower as t grows at least during
first iterations when the system knowledge is poor. The horizontal line shows the
benchmark model error, which is constant as the model calibration is fixed. It is clear
how all the threemethods converge to an error similar to that of the benchmarkmodel,
but with the advantage that the drift and ageing are considered by the online versions
but not by the model. The KF and SKF behaviour is quite similar as expected. On
the other hand, Fig. 6.12 also shows that the KF and the SKF are faster than the
SSKF and this is due to the filter tuning. Anyway, there exists a trade-off between
the convergence speed and the estimation robustness, e.g. the KF and SKF have a
significant oscillation with respect to the SSKF around the benchmark model line.
This is a matter of the noise tuning and the results are also generated by using a lower
gain observer with the calibration set
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Fig. 6.12 Evolution of the mean of the absolute error eM for the different methods in the SDMP
B5 cycle and for two different filter calibrations. SSKF dashed line is calculated by using the filter
calibration (6.11). Lines left to the SSKF one using calibration (6.11). During first iterations, the
error is high, as far as the table has no initial knowledge, but once that the time is around 400 s, the
error is minimum, although the noise transmission is evident. Lines right to the SSKF one using
calibration (6.14), noise transmission is reduced but the convergence speed as well. The chosen
filter tuning must be a trade-off between the robustness and convergence speed

σ2
v = 252; σ2

w = 72; σ2
f = 502 (6.14)

for the KF and the SKF. The results are shown in lines generated by Cal (6.14)
in Fig. 6.12. With this configuration, the convergence speed is lower but the noise
transmission and overfitting is avoided when t is large. This goes in the direction
of the robustness and the optimised calibration data set must solve this trade-off,
considering uncertainties in the sensor behavior knowledge or in the model quality
and data-set quality, among others. Strategies such as the freezing applied to the λ−1

estimation may also be applied to this problem.
With respect to the global observability, variances of the 4 table parameters are

compared for both the KF and SKF using the calibration (6.14). Figure 6.13 shows
the results. The top plot shows an element that is never observed during first 200 s
and due to this, the variance increases monotonically and x126 is still null in t = 200.
Second and third elements represent two elements that are active at some instants.
This is clearly seen when the variance decreases, while when the elements are not
active, the variance increases again monotonically. Note that in a production system
application, that will run for the life time of a vehicle, the elements of the estimation
error covariance matrix need to be limited so that they do not grow too much and
cause numerical problems, see e.g. Höckerdal et al. (2011) who propose a saturation
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Fig. 6.13 Variance analysis by updating a NOx map in the cycle SDMP B5. From top to bottom,
variances of elements 126, 126, 133 and 217 are plotted. Black line is the KF and gray line is the
SKF

for avoiding too large variances. The bottom plot shows the variance related to xNOxf
that is fairly constant and is a proof of the system global observability.

The variances by using the KF and the SKF behave similar and differences can
only be found when zooming in the Fig. 6.13. Therefore, the SKF method performs
quite similar to the standard KF but with a much lower computational burden. Due
to the SDMP presents sharp transients, the SSKF method also performs quite well,
and proves that this method can be useful when the considered data set fulfils some
conditions in order to ensure robustness. To the nature of the application considered
here, the SKF is the best solution for online updating of maps.

6.3.1.2 Adaptive Maps for Predicting NOx

The SDMP is a test with sharp variations on the operating point conditions but the
homologation cycles, such as the NEDC, are much slower. This could compromise
the global observability since higher levels of excitation are beneficial for updating.
As shown in Fig. 4.3, the air path dynamics are fast enough to follow the load
variations in the NEDC and then ṁa and pboost are able to track their references.
In such case, the model (4.8) is valid and the table �NOx might directly replace the
nominal NOx,0 table in the RTNOx model ((see (4.22)). Despite NOx,0 could be used
for initializing �NOx, here the null matrix is the initial map, which is a worst-case
condition.

http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.14 Adaptive NOx estimation in the NEDC A01, where it is estimated with a table that is
updated during the whole cycle and then used for simulating yNOx . zNOx is provided for comparison.
The estimation keeps the dynamic properties of zNOx but after updating, the drift in Fig. 4.19 is
cancelled

The NEDC A1 cycle is run for updating the map. Figure 4.19 already showed the
RT NOx model output when comparing with zNOx in that cycle, where a clear drift
exists. After using an adaptive map and the SKF method with the calibration (6.14),
the results are shown in Fig. 6.14. There, yNOx is calculated on the basis of a table
�NOx which has been updated during the whole cycle. After comparing with zNOx

and xNOx coming from theNOx model (see Fig. 4.19), the adaptivemap approach gets
a good NOx estimation which is slightly better than the one of the NOx benchmark
model.

The SKF could be used for the online adaptation and/or calibration of complex
models, where a large number of maps and parameters must be updated. Anyway,
a deep study is required for ensuring the observability, convergence and robust-
ness properties and for getting a computationally efficient learning structure. A big
number of parameters and maps should be updated and the problem is non-convex.
Admittedly the computational issue is critical and there the SKF can be an effective
solution.

In the case of a fast cycle, i.e. the SDMP, the EGR valve is closed the most
of the time. Therefore, the states are function of n and mf for the engine settings
corresponding to a closed EGR valve

x = f (n, mf , m∝
a(n, mf ), p∝

b(n, mf ))uegr=100 = f (n, mf )uegr=100 (6.15)

In the case of the NEDC or CADC cycles, the transients are much slower and the
engine works closer to the nominal settings. In such case, the states are also function
of n andmf but for the nominal operation of the EGR-VGT controller. Possible states
can now be approximated with

http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.15 Offline NOx prediction yNOx (gray) against NOx sensor (black) by using a table �NOx

updated online in the SDMP B5 cycle. Top plot results in the SDMP B6 cycle. Bottom plot results
in the NEDC B1 cycle

x = f (n, mf , m∝
a(n, mf ), p∝

b(n, mf ))0 = f (n, mf )0 (6.16)

This point links with the discussion of Sect. 4.3.1 about how to represent the
engine conditions. Figure 6.15 shows the predicted NOx emissions in the cycles
SDMP B6 (top plot) and NEDC B1 (bottom plot) after using a map �NOx that has
been updated in the cycle SDMP B5. The table output is filtered and delayed by a
sensor model with the parameters aNOx = 0.96 and τNOx = 0.75s. The ability to
reproduce NOx on the SDMP B6 is clear while a slight drift exists in the NEDCB01.
Anyway, the NOx estimation during the urban part is not as bad as in the highway
part, where NOx is overestimated as expected (�NOx has been fitted with nearly zero
EGR conditions).

However, if updating �NOx with the NEDC B1 cycle and then using the results
for predicting the SDMP B6, shown in top plot of Fig. 6.16, the results are quite bad
as a big area of the engine map is not excited and the covered areas present lower
NOx emissions because of the EGR actuation. The prediction using �NOx in the
CADC B2 urban cycle is quite better, as the covered areas are similar.

6.3.2 Online Updating of the NOx Model

In Chap. 4, a NOx model was developed based on a set of look-up tables for repre-
senting nominal engine conditions with several corrections based on the estimated
intake oxygen, thermal loading and others as in (4.22). In this section, adaptive capa-
bilities are proved in the NOx model (Schilling et al. 2006), and the new state-space
vector Xw might be augmented as follows

http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.16 Offline NOx prediction yNOx (gray) against NOx sensor (black) by using a table �NOx

updated online in the NEDC B1 cycle. Top plot results in the SDMP B6 cycle. Bottom plot results
in the CADC B2 cycle

Xw = [
xNOx yNOx xλ−1 yλ−1 vec(�NOx) θ

]T (6.17)

where besides xNOx and yNOx, the following states are included: xλ−1 and yλ−1 repre-
senting the actual λ−1 and the filtered λ−1 (for comparing with the λ−1 output from
the sensor as was made in (6.12) for NOx) respectively and used as inputs for the RT
NOx model, the nominal NOx map �NOx and the model bias θNOx.

On one side, the use of an observer for λ−1 if the NOx sensor is available is
completely justified due to the NOx sensitivity to errors on mistaking the intake
oxygen (Arrègle et al. 2008) (see Table 4.2). Furthermore, the error sources in the
λ−1 model were already explained in Sect. 4.2 and an example of λ−1 observation is
shown for the NEDC in Fig. 6.9 where the model drift is not negligible. Figure 6.17
precisely compares the model output yNOx when a drift on xλ−1 estimation occurs.
The top plot shows zλ−1 by a ZrO2 sensor, xλ−1 from (4.1) and the observation x̂λ−1

by a KF, when a clear drift on xλ−1 exists.1 If the drifted signal is used for inferring
NOx by the model, the output is also drifted from the sensor signal as shown in the
bottom plot. However, if observing x̂λ−1 by a KF, the NOx output keeps the model
accuracy. Therefore, the benefits of observing λ−1 are clear.

On the other side, model errors and ageing can be corrected online by tracking the
bias in the same way as explained in Sect. 6.2 for λ−1, or by observing the nominal
NOx,0 table for also improving the prediction capabilities of the model. The former is
useful for actual NOx prediction, while the latter is advisable for ensuring the model
accuracy.

1 The drift on xλ−1 is caused due to failures in the air mass flow or the injected fuel mass signals.
This drift will affect to the EGR flow model and the look-up tables interpolation. In those cases, the
sensor signal zλ−1 can be used for correcting errors on the air mass flow and/or injected fuel mass
signals. In this section and for the simulation, the error is only considered in the xλ−1 model.

http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.17 λ−1 and NOx estimations in a TRAN B (Tcool = nom, Δuegr = 0 %, Δpboost = 0). Top
plot zλ−1 sensor signal (black), xλ−1 calculated by the model (dashed thin black) and x̂λ−1 observed
by a drift augmented model (gray). Bottom plot NOx estimation by three ways, zNOx sensor signal
(black), yNOx by the NOx model using xλ−1 as input (dashed thin black) and yNOx by using an
adaptive model with x̂λ−1 as λ−1 input

6.3.2.1 A Learning Algorithm for Updating the NOx Model

The state-space vector

Xw = [
xNOx yNOx xλ−1 yλ−1 vec(�NOx)

]T (6.18)

is built for designing an algorithm like C (see Fig. 6.1) in order to adapt the nominal
NOx table (NOx,0) to possible changes in the NOx emissions, mainly due to the
ageing. Nevertheless, this structure is useful not only for learning NOx,0 where

�NOx = NOx,0 (6.19)

but for fitting a table without initial knowledge. Depending on the model and sensor
uncertainties, the strategy of the filter tuning can be conservative (slow corrections)
or aggressive (fast corrections).

The new state-space model remains similar to that of (5.33), used for the observer
B, but including NOx model variations and corrections around the nominal values
((see (4.22)) in the output matrix Hk

Hw
k = [zeros(length(vec(�NOx))) Cmod] (6.20)

where
Cmod = e−kNOx ·(EGRλ−1−EGR0λ

−1
0 ) · CNOx · Cdyn (6.21)

http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Other model maps and parameters, such as the ηv , might be updated by just
applying an EKF similar to that applied to NOx,0 (with the correspondent linearisa-
tion). If a full adaptive model is proposed, in a way that all model parameters are
observed, then the learning structure would lack of robustness and it would be dif-
ficult to discriminate the observed error between all tables, curves and coefficients.
An alternative strategy could be to observe a drift θNOx and afterwards weighting
the error between model the parameters by LS or other strategies. Other limitations
are the computational and memory resources or the lack of awareness in the error
sources, making inadvisable to design an strategy based on the together updating of
all model parameters and tables (Polóni et al. 2012).

�NOx is designed with the grid defined by (6.7a), (6.7b) and is updated with the
SKF method. The RT NOx model is simulated with the tests of the campaign B and
the errors are computed. Due to the system ageing, the model presents a drift. The
SKF method is also used for updating NOx,0 coming from the NOx model and thus
cancelling the drift. The updated model is simulated in those cycles and the new
errors are computed.

For the application, the NOx sensor output zNOx is converted from ppm to g/h by
using (4.15) and the updating method is run with the output in g/h in order to directly
modify NOx,0 table.

The noise calibration is adjusted by the trial and errormethod and is not guaranteed
to be the optimised one

σ2
v = 1; σ2

w = 0.01; σ2
f = 1 (6.22)

The tests in the test campaign B are run by maintaining the calibration (6.22),
and the offline NOx prediction is calculated just after finishing the cycle by using the
updated NOx,0 in the NOx model. The computed errors are compared with the ones
of the model. The cycles used for the updating are the B1 to B6, totalling 6 tests. In
these simulations, the initial matrix is NOx,0 fitted for the NOx model in Chap. 4.
Figure 6.18 shows the results on 4 different cycles, where the original and updated
yNOx are compared with the sensor signal zNOx. yNOx with the original calibration
presents a bias with respect to zNOx that is corrected after running the cycles with the
SKF.

Table 6.1 compares the absolute mean errors by using the original model output
and the predictions of the updated model

e = mean(

k=lend∑
k=1

zNOx(k) − yNOx(k)) (6.23)

where lend defines the number of samples taken for the considered cycle. The errors
can beminimised achieving quite better results by using the learning structure. These
results validate the SKF method and the capabilities for updating models.

With respect to the filter tuning, it has not been optimised for obtaining the results,
and a trial-and-error method has been followed. Further improvements are in the line
of optimising the tuning by improving the sensor model, e.g. including a variable

http://dx.doi.org/10.1007/978-3-319-06737-7_4
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.18 Comparison of the NOx estimation by three different sources in 4 different cycles: sensor
signal zNOx (black), yNOx by using the RT NOx model (dashed thin black) and yNOx computed by
updating the NOx,0 table with the SKF method (gray). Left to right and top to bottom NEDC B1,
CADC B2, CADC B3 and CADC B4 cycles

Table 6.1 Mean absolute errors (g/h) in the NOx model output for different tests, and comparing
the error of the original model (model column) with the ones of the updatedmodel (updated column)

Cycle Model error [g/h] Model error after updating [g/h]

NEDC B1 6.14 3.08
CADC urban B2 6.40 3.75
CADC rural B3 14.81 10.46
CADC highway B4 36.23 22.51
SDMP B5 49.46 49.13
SDMP B6 46.34 43.64

The cycles are run one time and the matrix NOx,0 is updated online

delay, or augmenting the state vector with other model parameters. Anyway, the
obtained results show the capabilities of the method for its online implementation in
order to re-tune models and fit tables and parameters.

6.3.3 Online Observation of the Actual NOx

The actual NOx can be predicted by utilizing the state-space models and tables
properly. For that, the state vector is augmented with an extra-state for representing
the actual NOx, i.e. NOx emissions before sensor filtering and correcting the delay.
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Estimating the actual NOx is advisable for RT purposes, such as on-board NOx
control or diagnosis.

One of the important problems when of working on RT systems is the causality
of the solution, as far as sensors usually measure in a delayed basis, mainly due
to the transport and hardware delays. In this work, two possibilities are described
for solving this issue: tracking the bias and the use of a model learning structure.
Both possibilities are similar, and are based on the ageing cancellation by means of
adaptive filtering.

6.3.3.1 Actual NOx by Drift Correction Models

The following state-space vector is built

Xw = [
θNOx xNOx xNOxf

]T (6.24)

where now xNOx(k) ∗ R is added to track the actual NOx, the model input uk =
xNOx(k − τNOx/) is conveniently delayed and zk = zNOx(k). Matrices F, B and H are
modified accordingly

F =


1 0 0
1 0 0
0 1 − aNOx aNOx


 B =




0
1

1 − aNOx


 H = [

0 0 1
]

(6.25)

Due to the sensor delay, the bias θ̂NOx(k − τNOx/) at the instant k is observed
with a certain delay τNOx, and that means that at a given time, the actual drift will be
calculated with the delay τNOx

x̂NOx(k) = xNOx(k) + θ̂NOx(k − τNOx/Ts) (6.26)

However, the actual NOx estimation should be

x̂NOx(k) = xNOx(k) + θ̂NOx(k) (6.27)

which corresponds to a non-causal operation.
Using the delayed θ̂NOx(k − τNOx/) could lead to important errors when sharp

load transients. Alternatively, an adaptive map �NOx ∗ R
2 : [n, mf ] ∀ θNOx could

be introduced for modelling the drift as a function of the operating point conditions,
as was made for λ−1. This option is well described in Chap. 5: a map �NOx is
adapted by means of a steady-state version of a KF (similar to a RLS filtering) and is
interpolated in a 2D basis for giving an initial estimate in the prediction of the state,
in such way that the KF is modified as follows

x̂k = F�NOx,k(n(k), mf (k)) + Buk + K∞
(
zNOx(k) − H

(
Fx̂k−1 + Buk

))
(6.28)

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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and the table �NOx is independently updated from the KF in order to store θNOx

�NOx,k = f
(
�NOx,k−1, x̂k, zNOx(k)

)
(6.29)

The map itself is interpolated for inferring θNOx avoiding the causal problem and
huge integrations when the drift varies with the operating point conditions and time.
The final estimation is then calculated as follows

x̂NOx(k) = xNOx(k) + �NOx,k(n(k), mf (k)). (6.30)

6.3.3.2 Actual NOx by Updating Look-up Tables

The state-space model for learning maps is useful not only for calibrating the map
but also for the RT observation of the NOx signal. Therefore, the matrices and the
state vector in (5.33) are also modified and augmented for introducing xNOx

Xw = [
vec(�NOx) xNOx xNOxf

]T (6.31)

with the local observable matrix Fo
k

Fo
k =


⎡⎡⎡⎡⎡⎡

0 0
I4×4 0 0

0 0
0 0

Cmod qk 0 0
0 (1 − aNOx) aNOx


⎢⎢⎢⎢⎢⎢

(6.32)

For the case of the algorithm B for updating only look-up tables, Cmod = 1
((model (4.8)). For the case of an algorithm like C and for the NOx model,

Cmod = e−kNOx ·(EGRλ−1−EGR0λ
−1
0 ) · CNOx · Cdyn (6.33)

with the parameters calibrated offline. Finally,Hw is nowconstant for both algorithms
B and C

Hw = [0 0 · · · 1] (6.34)

The use of the table allows to solve the non-causalities related with the RT esti-
mation in a smart way: note that the observer is built on the basis of delayed inputs.

The use of a drift correctionmodel or adaptive look-up tables NOx leads to similar
results, but the look-up tables structure is beneficial as far as can be used also for
updating the model. In order to decouple the filter tuning for updating the look-up
table and the output drift correction, the twomethods could be combined byobserving
both the table parameters, the bias and the filtered output, designing a state-space
vector

http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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Fig. 6.19 NOx estimation by three ways: zNOx sensor measurement, online observation of the
sensor signal by the SKF method x̂NOxf , offline prediction yNOx by using the map �NOx,100 and
online actual estimation x̂NOx

Xw = [
vec(�NOx) θNOx xNOx xNOxf

]T
. (6.35)

6.3.3.3 Results

The model with the state-space vector (6.31) is observed in order to show an appli-
cation example of the fast estimation of the actual NOx, taking into account that this
algorithm can be adapted to other applications. Therefore, the look-up tables learn-
ing structure can be utilised for updating models and also estimating actual signals.
Figure 6.19 shows results in the cycle SDMP B5, by fitting the NOx model NOx,0
map with initial null values and keeping the calibration set (6.14). x̂NOxf represents
the observation of zNOx by using the adaptive map at every iteration. The adaptive
map provides a perfect fitting in about 30 s (it might be accelerated varying the filter
calibration but it is not advisable if the sensor model is not perfectly identified).
Alternatively, yNOx |t=100 shows the offline NOx sensor prediction using the model
�NOx,100 with acceptable results.

The table itself might predict the actual NOx emissions if interpolating the table
directly applying no delay nor filtering. Furthermore, the actual NOx is directly
observed with the state-space system for learning having a compact programming
and providing an adaptive estimation. For that, xNOx is included in the state vector.
This does not compromise the assumptions made for the SKF. Coming back to
Fig. 6.19, x̂NOx is the online observation of the actual NOx. This signal is advised
for using it as a valid reference of the actual NOx.
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6.4 Conclusions

This section has presented different applications for themethods developed inChap. 5
applied to the fast estimation of λ−1 and NOx.

For the case of λ−1, a complete procedure for the drift correction of a λ−1 model
is presented by programming an augmented model. The robustness against signal
uncertainties, coming from sensors ormodels, is ensured by introducing the so-called
freezing rules that deactivate the updating when some conditions are fulfilled. Amap
for modelling the bias is proposed in order to solve the drift problem and to overcome
the temporal and operating point variability of the bias.

The second part of the chapter emphasises the fast estimation of NOx by following
different methods.

First, the only use of look-up tables and a model sensor for estimating NOx
is presented. This section completes the experimental validation of the different
methods for updating look-up tables, presented in Chap. 5. The results with all the
methods are acceptable, but due to the robust properties of the SKF, this method is
selected for the rest of the work.

Second, different observers are proposed in order to the online adaptation of the
NOx model presented in Chap. 4: the λ−1 observation, the online updating of the
nominal NOx,0 table and the model bias correction. The results show that the model
bias can be tracked by the online updating of the model parameters and inputs.

Finally, the estimation of the actual NOx by avoiding the delay and sensor filtering
is proposed by augmenting the state-space models in order to observe the actual
signal. Concretely, two alternatives are proposed: a drift correction model and a
look-up tables learning model. The results are presented and validated by utilising
the second option.
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Chapter 7
Conclusions and Future Works

7.1 Main Contributions and Conclusions

The present dissertation covers the topic of the online dynamic estimation of λ−1

and NOx in diesel engines. For that purpose, different sources of information are
utilised:

• physical sensors for measuring exhaust gas concentrations (and intake oxygen
when necessary), and

• control oriented models using ECU signals as fast inputs for estimating gas
concentrations.

By combining the sensor and models, data fusion strategies are designed by means
of observers based on the Kalman filter (KF) for the adaptive estimation of engine
variables.

Specific tools, covering the online characterisation of sensors, the design of fast
models and adaptive observers are developed in this work. Even though the methods
of thiswork are applied to the estimation ofλ−1 andNOx, these canbe applied to other
engine variables, such as other gas concentrations or the volumetric efficiency, if a
set-up with sensors and models is available. In the following, the main contributions
and conclusions are presented and organised according to the thematic.

7.1.1 Online Characterisation of Gas Concentration Sensors

The measurement of engine-out gas concentration variables of a diesel engine is
subjected to gas dilution, transport delays and is affected by the sensor hardware. In
this work, a NOx–ZrO2 sensor is used for measuring λ−1 and NOx at the exhaust line
of a diesel engine (while a gas analyser and a UEGO sensor are used for calibration
and comparison when necessary). NOx sensors are useful for control and diagnosis
of AT systems, but the specific characteristics of the dynamic response must be
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assessed (Galindo et al. 2011;Guardiola et al. 2013b, c). Themethods for the dynamic
characterisation used in this work are based on the application of step-like transitions
of the objective variables. For that purpose, ECU actuators are used for generating
these profiles, allowing the on-board implementation of these methods.

7.1.1.1 Static Characterisation of λ−1 and NOx

Both λ−1 and NOx outputs of the ZrO2 sensor are compared with those of a gas
analyser, used as standard reference for the signals. The static accuracy, after mea-
suring a representative set of the engine operating conditions, is enough for engine
control purposes. A linear correlation is calculated with the static results.

7.1.1.2 Dynamic Characterisation of the NOx Output

A simple on-engine experiment is proposed for the NOx output characterisation. The
method uses the engine as a gas generator and consists of applying steps in the start
of injection (SOI) producing sharp variations (ΔNOx) in the NOx concentration. The
use of SOI is justified by the high sensitivity of NOx to SOI variations; the fact that
SOI variations produce low variations in temperatures and pressures; and that SOI
application is nearly instantaneous and no more than a cycle-to-cycle response time
is expected. Furthermore, the SOI command can easily be varied in the diesel engine.

The dynamic response of the sensor is identified with a delayed first order filter.
Themain parameters, namely response time and delay, are identified by utilising least
squares (LS) tools. The response time of the sensor is highly constant whatever the
conditions, even though some variations appear at lowNOx and/or lowΔNOx condi-
tions. The identified delay has a bigger dispersion, especially when also approaching
to idling. However the supposition of a constant delay for the designed algorithms
gives satisfactory results.

7.1.1.3 Dynamic Characterisation of the λ−1 Output

A similar procedure to that of the NOx output is made by performing injection step
transitions provoking fast responses of λ, and thus λ−1. LS methods are also used for
identifying the delay and response time of a first order filter that models the sensor
response.

The conclusions reached for the NOx output are also applicable to the λ−1 output.
The difference here is that the responses are a little bit faster, both in terms of delay
and response time, because the output generated by an oxygen ion pump is located
in a first cavity closer to the engine runner; while the NOx output is proportional to
a second oxygen ion pump located in a second chamber, thus increasing the delay
and filtering.
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In this work, a constant response time and delay have been utilised for mod-
elling both NOx and λ−1 outputs from the NOx sensor. The results with the applied
algorithms justify the selection of these simplistic sensor models.

7.1.2 Control Oriented Models for λ−1 and NOx

The present dissertation designs virtual sensors for the on-board prediction of λ−1

and NOx by means of fast models which take profit of signals coming from the ECU.

7.1.2.1 Fast Modelling of λ−1

The relative fuel-to-air ratio (λ−1) is estimated on the basis of the ECU signals for
the injected fuel mass flow (ṁ f ) and the air mass flow (ṁa) (Payri et al. 2012a;
Payri et al. 2012b; Guardiola et al. 2013c). Both signals are fast, which in principle
guarantees the dynamic response of the model. For simplicity, this model neglects
the mass accumulation effects that affect the intake and exhaust manifolds. Such
effects could be considered for correcting the value ṁa during the engine transients,
e.g. when the boost pressure (pboost ) is increased.

The model presents significant errors in the steady-state determination of λ−1.
This is due to the deviations that exhibit the hot wire sensor used in the series engine
for measuring ṁa , and because the fuel mass is not measured, but determined through
the rail pressure and the injection duration.

The bias on ṁa is expected to vary with the speed (because of the fluctuation
patterns in the manifolds) and load (different set-points for pboost and ṁa). Possible
leaks in the manifold and blow-by also depend on the engine load, thus affecting the
total signal error. On the other hand, the error in ṁ f estimation is affected by the
injection settings (and hence load and engine speed).

When comparing the dynamic performance of the model with that of the sensor,
the model exhibits almost instantaneous response: ṁ f estimate, although biased, is
instantaneous; and ṁa characteristic response time is in the order of milliseconds.

7.1.2.2 Fast Modelling of NOx

An ECU oriented model for estimating NOx is designed based on an exponential
variation around the nominal behaviour as a function of the available intake oxygen
and a set of corrections for catching possible deviations from the nominal. First
principle equations function of different ECU signals, such as n, m f , ṁa, pboost and
the engine coolant temperature (Tcool ), are combined with different maps used for
modelling the steady-state behaviour of the engine (Guardiola et al. 2013b).

The available intake oxygen is approximated by means of the product of
the EGR rate and λ−1. A calculation based on the volumetric efficiency map, and
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the ṁa and pboost signals, is utilised for estimating the EGR rate, after computing the
intake temperature by a mixing model. The exhaust temperature (Texh) is modelled
by tables and used for inferring the EGR manifold temperature (Tegr ). A set of cor-
rections (CNOx) for coping with different deviations in the intake mass flow (ṁint ),
the intercooler temperature (Twic), ambient humidity (H ) and the intake temperature
(Tint ) is proposed. The effect of the thermal transients is considered by means of
a factor Cdyn that considers the temperature in the cylinder walls by means of a
dynamic equation depending on the thermal loading, characterised by the product
λ−1n.

The model is tuned by means of steady-state tests for filling the maps and para-
meters, while it is also validated by means of dynamic engine cycles. The identified
sensor model for the NOx output of the ZrO2 sensor is used for comparing the model
with the sensor output.

The results are satisfactorywith both static and dynamic cycles, showing the capa-
bilities of the model. The dynamic assumptions are sufficient for getting acceptable
dynamic responses. The model tuning (mainly maps) is dependent on the calibration
data set, and the ageing and changing conditions affect the model output, producing
a biased response.

7.1.3 Observers for the Fast Estimation of Engine Variables

Two different observers are proposed for being used as adaptive estimators of engine
variables:

• augmented models for drift correction, and
• on-board methods for updating look-up tables.

It is worth noting that these methods, presented in Chap. 5, are suited for a general
problem, and can be applied for other engine variables if required inputs are available.

7.1.3.1 Augmented Models for Drift Correction

The data fusion is done through a steady-state KF for observing the bias between a
fast model affected by drift and a slow but accurate sensor (Payri et al. 2012a; Payri
et al. 2012b; Guardiola et al. 2013c). The filter works as a pass filter that keeps the
high frequency components of the model and the low frequencies of the sensor. The
model states are augmented for tracking the model bias. The steady-state analytical
solution of the Kalman gain is solved and computed beforehand as function of the
response time of the sensor and a noise quotient between the process and sensor
noises. Guidelines for the observer tuning are proposed by a sensitivity analysis of
the estimations covering possible errors or variations in the sensor modelling.

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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7.1.3.2 Methods for Updating Look-up Tables

The problem of updating look-up tables by methods based on the extended Kalman
filter (EKF) is treated (Guardiola et al. 2013a, b). The table parameters are treated
as states that can be observed if an output measurement is given. The table output is
computed with a first order linear interpolation, which defines the output matrix of
the learning state-space system. In a first approach, the problem has been focused on
the use of a static table whose output is directly the aimed variable, i.e. the sensor
dynamics are not considered in a first approach.

The EKF, with respect to other recursive methods for identification such as the
recursive least squares (RLS), presents the advantage of tracking the estimation error
by means of a covariance matrix. Nevertheless, when coping with large systems,
the computational burden is high, in terms of memory, fact that makes difficult its
implementation for on-board strategies.

Beyond the EKF and based on it, two methods are developed:

• A steady-state KF (SSKF) calculated by means of building independent state-
space models for every relative position of the matrix, which corresponds to a
given operating point, e.g. scheduled by n and m f in a general case. Therefore, if
the inputs are considered stationary, the KF is steady-state under these hypotheses
and a constant Kalman gain can be derived (the filter is linear time invariant). If
covering the whole grid, the Kalman gain can be mapped for the operating range,
depending on the inputs and noise trade-off.
The analytical solution of the steady-state filters is demonstrated and a propor-

tional correction method is developed, resulting in a fast filter, whose gains can
also be mapped beforehand if the noise variances are constants. Even though the
method does not track the covariance error, the magnitude of the corrections could
be modified online just varying the noise trade-off and recalculating the Kalman
gain (by the analytical functions of by interpolating the map). The method behaves
well for data when variations are rapid, closer to random data. However, it presents
some convergence problemswhen the system knowledge is poor and the excitation
level is not sufficient.

• A simplified KF (SKF) that lights the computation of the covariance matrix of the
KF. This method exploits the fact that a N-D look-up table has a structure where at
every iteration a maximum number of 2N elements are active, allowing to skip the
updating of the elements out of this area. Nevertheless, a KF tracks the ageing of all
elements, indeed the inactive ones, by means of storing large covariance matrices
and compromising the memory and processing. The SKF method neglects the
non-diagonal relationships of the covariance matrix (crossed covariances between
table elements), but keeps the updating of the diagonals (variances).
The SKF method requires similar resources to those of the SSKF, but the perfor-

mance is more similar to the one of the KF. The solution of the SKF is robust and
the method behaves well under different data settings. The SKF is well-suited for
a robust on-board implementation of look-up table estimators.
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The static look-up tables can be linked with first order filters for representing
dynamic equations, related with the sensor measurement or physical processes. For
including the filters in the learning structure, an augmentation of the state-space
model is proposed. After validating the methods by learning an adaptive table that
models the NOx emissions, the SKF method is advised instead of the KF (heavier)
or the SSKF (less robust), due to its performance is similar to that of the KF but with
a comparable computational cost to that of the SSKF.

7.1.4 Application of Adaptive Estimators to Infer
λ−1 and NOx in Diesel Engines

Considering themethods developed inChap. 5, the following three algorithmspresent
useful data fusion strategies:

• algorithm A for tracking bias by an augmented model and a steady-state KF esti-
mator,

• algorithm B for directly updating a static look-up table, and
• algorithm C for including the algorithm B structure inside a model for updating a
table or parameter of a given model.

The results with the proposed structures are shown by applying to the engine-out
λ−1 and NOx signals in a diesel engine. The uncertainties on the sensors and the
models are considered as well.

7.1.4.1 Fast Observation of λ−1

An observer is initially proposed for tracking the bias on the λ−1 signal computed on
the basis of the fuel-to-air ratio (Guardiola et al. 2013c). A set of rules is established
in order to stop the bias integrationwhen certain conditions do not ensure the problem
robustness, which are:

• uncertainties on the sensor model when sharp transients,
• saturation problems of the sensor, and
• unexpected behaviours due to inaccuracies in themodel or involved sensor signals,
i.e. m f , ṁa , λ−1.

The estimation is accurate, even though two problems are underlined. First, the
causality of the solution since the sensor response is delayed and therefore the actual
bias is not computed on real time; second, the bias varies with the operating point
conditions which involve high variations of the state.

These problems are solved by introducing an adaptive look-up table for modelling
the bias. The table elements and the bias can be included directly in the observer
structure. However, the table is kept as an independent block of the drift correction,
being able to program independent filters for the bias and the table. Both the SSKF

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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and the SKF methods are suitable for updating the table, although the results are
shown by applying the former. The table output gives the prediction for the bias,
while a steady-state KF is applied to update this bias and at the same time for giving
the reference for also updating the table, and so on.

7.1.4.2 Fast Observation of NOx

The three different algorithms (A, B and C), and some modifications based on them,
are applied to the estimation of NOx emission in diesel engines.

Adaptive look-up tables for modelling NOx
NOx emissions aremodelled first by introducing a static 2D look-up table, as function
of n andm f in order to catch the nominal NOx, and a first order filter for representing
the sensor dynamics (Guardiola et al. 2013b).

The three learningmethods (EKF, SKFandSSKF) are implemented and the results
compared in order to fill the table parameters without any previous knowledge. The
results are satisfactory for the three methods, but due to the special properties of the
SKF, this method is advisable.

These tables can model with acceptable accuracy NOx emissions when the cycles
are slow enough, allowing to simplify the closed loop engine response to a function
that depends uniquely on n and m f . Under this condition, the learning on a given
cycle, i.e. NEDC, can be used for representing NOx emissions in other similar cycles
such as the CADC, provided that the table elements have already been updated.

Online updating of the NOx model
Different modifications are introduced to improve the online and offline capabili-
ties of the NOx model: the observation of λ−1 when a sensor signal is available,
the adaptation of the main table of the NOx model (NOx,0), and the possible state
augmentation by tracking the model bias (discussed in the next paragraph). These
modifications are proposed for correcting the ageingwhile rejecting spurious signals.

The benefits of the λ−1 observation are clear from the λ−1 estimation, avoiding
that incorrect model estimations affect the NOx model output. A drift correction
algorithm is proposed when the NOx sensor (or a UEGO sensor) is available.

The use of a learning model for updating the NOx,0 table in the NOx model allows
to avoid the ageing, minimising the online estimation error and the offline prediction
error (model is adaptive). The SKF method is used for the application. The updating
method is useful for both fitting a table when no initial knowledge exists or updating
the model for cancelling the drift.

Online observation of the actual NOx
The actual NOx is inferred on the basis of the adaptive filtering models. Two alter-
natives are designed in this work.

First, a drift correctionmodel is proposed for tracking the bias, and thus correcting
the filtered NOx model output when a NOx sensor is available. This model is aug-
mented with a state for tracking the actual NOx (before filtering and delaying),
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resulting from adding the bias to the NOx model output. The algorithm and causality
problems are similar to those of the λ−1 estimation.

Second, the learning model for look-up tables can also be augmented with the
actual NOx state. In this case, the structure avoids the causality problemwhen the RT
estimation is required. The direct interpolation of the table is the actual NOx output,
when the only delays are associated with the ECU signals, mainly n, m f , ṁa and
pboost .

A further augmentation of the model with a bias state makes possible to decouple
the table updating with respect to the fast actual NOx estimation, in such a way that
the related noises for the bias and table elements are tuned separately:

• Table parameters may be updated slowly by selecting a low noise related to those
parameters,

• while the bias can be integrated faster if the sensor model is reliable and hence
selecting a bigger noise for this state.

Other different trade-off might be selected in order to speed up the table convergence,
but this structure allows to decouple in some way the table updating and the bias
tracking. Of course that the lower the model error (table output) the lower the bias.

7.2 Future Works

Even though the results presented in this work prove the validity of the proposed
methods, the on-board implementation of them still deserves a deeper study. Par-
ticularly, the works to be performed as a continuation of this dissertation can be
divided into those related with possible improvements of the sensor models, the
design of an adaptive MVEM of the engine air path, the design of more complex
emission models (and their possible adaptation), the validation of the methods and
the different applications of the algorithms.

7.2.1 Sensor Knowledge

A deeper study on the NOx sensor response is mandatory in order to identify a
physical model that can predict both the delay and response time with higher accu-
racy. The sensor delay and response times are variable, especially at low loads and
low NOx emissions [partly due to the loss of accuracy of the sensor for low NOx
concentrations (Groß et al. 2012)]. Different phenomena and effects deserve an atten-
tion: the protective layer distortion, the internal diffusion speed between chambers
and the effect of flux velocities, pressures, temperatures and concentrations over the
final sensor output. Even though the pressure effect over the NOx output from the
NOx sensor has been identified and it is not high for the pressures that can appear
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at the diesel engine exhaust, a deeper study should be conducted in order to char-
acterise an appropriate correction. Furthermore, the influences of the pressure and
other operation variables over the sensor should also be analysed.

To sum up, the use of a first order filter model with constant response times and
delay could be improved by considering possible variations in these parameters as
well as other influences that can be modelled for instance with transfer functions,
or alternatively by considering a more representative non-linear model. In order to
fulfil this task, the use of fast response measurements is required for calibration and
validation.

7.2.2 Design of an Adaptive MVEM for the Air Path

The air path model used for computing the EGR mass flow entering the engine is
based on the volumetric efficiency and the measurements of the air mass flow and the
boost pressure. The influence of the storage dynamics at the intake and the exhaust
junction are not considered nor the dynamic effects over the intake and exhaust
temperatures. Furthermore, the exhaust temperature is also modelled by a map with
a set of corrections. The model could also consider the turbocharger (TC), the air
filter, the actuators or the intercooler as well as the after-treatment (AT) systems.

The design of a MVEM considering these effects is not a challenge (this topic
is well covered in the bibliography and the state of the art) but the adaptation of a
MVEM is an interesting problem. Different strategies, similar to those presented in
this work, can be implemented in order to estimate model states and inputs [see e.g.
(Polóni et al. 2012)].

With regards to the observation of the model inputs and states, drift correction
models can be set for tracking the bias between the model states and sensor mea-
surements. Good examples are the drifts on ṁa (by considering a model for the TC)
and the injector (by using λ−1 and the corrected ṁa).

With respect to the observation of model parameters as states, the fusion strate-
gies can be utilised for updating the model while also for fitting the ECU parameters.
Hence the drift correction and the updating algorithms are useful tools. However,
there exists a problem with respect to the observability of the states and the filter
tuning, i.e. it is difficult toweight the errors between all the parameters and the robust-
ness must be assessed. The problem could be split up by designing local observers
for the different sub-models, e.g. observing compressor maps by comparing with the
MAF sensor output. Anyway, the closed-loop interaction should be assessed and a
global cost function optimised.

This problem deserves a specific study and the use of synthetic signals should be
a first step for evaluating the possibilities of the observers for solving a global opti-
misation problem. When involving look-up tables (frequent on MVEMs and ECUs),
methods like the SKF permit the online adaptation with an affordable computational
effort.
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If the updating problem is designed globally and considering the closed loop
interaction on real time, the discussion made for the SKF in order to simplify the KF
when the system is large and only a few parameters are observable is also valid. Here,
the use of parameters for defining how observable elements are at every iteration (e.g.
grammians) allows to simplify the observation problem.

7.2.3 Emission Models

The designed NOx and λ−1 models are based on static maps and equations with a
set of corrections and ECU signals as inputs, plus filters and delays for modelling
physical and sensor dynamics. If other sensors are available, such as a cylinder
pressure sensor, the prediction of the exhaust conditions can be benefited from a
more accurate combustion model. The model states could also be augmented by
including the soot prediction and considering further states from a MVEM of the air
path.

In addition, an interesting improvement is modelling the AT devices. For instance,
the monitoring of soot upstream and downstream of the DPF and the tight control of
the exhaustλ−1 is required for an optimal control of theDPF. For a correct estimation,
the combination of sensors and models with similar methods to those developed in
this dissertation is advisable. The same example can be applied to SCR.

The physical interactions should also be included in control-orientedmodels of the
AT line (Guzzella and Sciarretta 2007). This is of particular importance for tracking
the NOx emissions at different points, i.e. although the total NOx could be highly
constant upstream of the deNOx system (SCR or LNT), the concentration of NO and
NO2 species vary due to the oxidation in the DOC. And of course, the total NOx will
be reduced after deNOx systems. The crossed effects over other concentrations (e.g.
soot) and over the sensor signals, as well as other factors such as the ammonia cross
sensitivity should be taken into account. For such cases, the data fusion of sensors
and models by observers is also interesting, as shown in Hsieh and Wang (2011).

7.2.4 Validation of the Models and Adaptive Methods

The assessment of the estimations and sensors should be validated with fast response
measurement systems that can offer a dynamic and accurate reference of the con-
sidered variables. They are necessary for improving the sensor model identification
and the validation of the methods.

Fast gas analysers based on CLD for measuring NOx present response times
around 2 ms, those based on NDIR for measuring CO/CO2 (thus oxygen or λ−1)
reach 8 ms, while for soot these can be lower than 100 ms. These devices are suitable
in order to identify the sensor dynamics and validate the results.



7.2 Future Works 175

7.2.5 Applications

Once these methods and models are validated, the RT estimation of engine states
(NOx and λ−1 in the present work) could be used for the following functions:

• Control of the air path, fuel path and AT devices with feedback on exhaust emis-
sions and other engine states,

• OBD of the AT systems,
• serving as inputs for other models or functions, as for instance, soot models (which
depends on the exhaust λ−1), and

• tuning of controller parameters by model based optimisation (Arsie et al. 2011).

To sum up, if a proper sensor set is available, engine variables and parameters
can be observed. In addition to λ−1 and NOx, interesting examples could be the
volumetric efficiency, the intake oxygen concentration, the mass flows, temperatures
and pressures in the manifolds, and other relevant exhaust concentrations. Due to the
EURO6 and future legislations, this topic is of high interest, and recent advancements
in sensor technology, as the case of soot sensors, may be benefited by the presented
methods. Anyway, the final quality on the estimation also falls on the accuracy of
the models used for the data fusion and the knowledge of the sensor behaviour.

References

Arsie I, Criscuolo I, Pianese C, De Cesare M (2011) Tuning of the engine control variables of
an automotive turbocharged diesel engine via model based optimization. SAE Technical Paper
2011-24-0146

Galindo J, Serrano JR,GuardiolaC,Blanco-RodriguezD,Cuadrado IG (2011)Anon-enginemethod
for dynamic characterisation of NOx concentration sensors. Exp Thermal Fluid Sci 35(3):470–
476

Groß A, Beulertz G, Marr I, Kubinski DJ, Visser JH, Moos R (2012) Dual mode NOx sensor:
measuring both the accumulated amount and instantaneous level at low concentrations. Sensors
(Basel) 12(3):2831–2850

Guardiola C, Pla B, Blanco-Rodriguez D, Cabrera P (2013a) A learning algorithm concept for
updating look-up tables for automotive applications. Mathematical Comput Modelling 57(7–
8):1979–1989

Guardiola C, Pla B, Blanco-Rodriguez D, Eriksson L (2013b) A computationally efficient Kalman
filter based estimator for updating look-up tables applied to NOx estimation in diesel engines.
Control Eng Pract 21(11):1455–1468

Guardiola C, Pla B, Blanco-Rodriguez D, Mazer A, Hayat O (2013c) A bias correction method for
fast fuel-to-air ratio estimation in diesel engines. Proc Inst Mech Eng Part D: J Automobile Eng
227(8):1099–1111

Guzzella L, Sciarretta A (2007) Vehicle propulsion systems. Introduction to modeling and opti-
mization, 2nd edn. Springer, Heidelberg (ISBN 978-3-540-74691-1)

Hsieh M-F, Wang J (2011) Design and experimental validation of an extended Kalman filter-based
NOxconcentration estimator in selective catalytic reduction system applications. Control Eng
Pract19(4):346–353



176 7 Conclusions and Future Works

Payri F, Guardiola C, Blanco-Rodriguez D, Mazer A, Cornette A (2012a) Methodology for design
and calibration of a drift compensation method for fuel-to-air ratio estimation. SAE Technical
Paper 2012-01-0717

Payri F, Guardiola C, Pla B, Blanco-Rodriguez D, Mazer A, Cornette A (2012b) Fast estimation of
fuel-to-air ratio through the combination of a fast model and an exhaust lambda sensor. In: SIA
2012 International Conference

Polóni T, Rohal’-Ilkiv B, Alberer D, del Re L, Johansen TA (2012) Comparison of sensor config-
urations for mass flow estimation of turbocharged diesel engines, vol 418. In: Proceedings of
Lecture Notes in Control and Information Sciences



Appendix A

A.1 Gas Concentration Sensor Specifications

Table A.1 presents the relevant characteristics of the gas concentration sensors
certified by the OEMs.

A.2 Principles of the NOx Measurement

The term NOx emissions includes the di-nitrogen oxide N2O, nitrous oxide NO and
the nitrogen oxide NO2 (Turner 2009); the most habitual at the engine exhaust in
diesel engines is NO, with percentages about 70–90% (Hernández 2004; Schilling
2008), while the remainder is mainly NO2.

The gas analyser is capable of measuring NOx and separating between NO and
NO2 if necessary. For the NOx case, the total composition is first oxidised to NO2 and
then converted by a catalytic reaction to NO, that afterwards reacts with ozone (O3)
for producingNO2 and emitting photons. The produced light is detectedwith theCLD
and is proportional to the NO concentration. For detecting NO (before oxidising),
the thermal catalytic phase is avoided.

The measurement provided by the gas analyser for NOx is made in a dry basis
and for converting to a standard wet basis, the correction Kw is calculated as follows

Kw = (1 − F f h
ṁ f

ṁa
(1 + 0.001 Ha)) − Kw2 (A.1a)

Kw2 = 1.608 Ha

1, 000 + 1.608 Ha
(A.1b)

F f h = 1.969

1 + ṁ f
ṁa

(A.1c)

where ṁa and ṁ f are the air mass flow and the injected fuel mass flow [kg/h]
respectively, while Ha is the absolute humidity.
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Table A.1 Relevant characteristics of the gas concentration sensors used for this dissertation

Horiba MEXA 7100DEGR Bosch LSU 4.9 Uni-NOx sensor

Output signals CO, CO2, NOx, THC, O2 λ NOx, linear λ, binary λ

Measuring range NOx: 0–5,000 ppm (Ip) 0.65 to air NOx: 0–1,500 ppm
O2: 0–25 % vol. lin λ: 0.75 to air
CO2: 0–12 % vol. bin λ: >0.75 V (λ = 0.9)

bin λ: <0.2 V (λ = 1.1)
Accuracy NOx: ±1.5 % FS λ = 1.016 ± 0.007 NOx: 100 and 500 ppm ±10 %

O2: ±1.5 % FS λ = 0.8 ± 0.01 0 ppm ± 10 ppm
CO2: ±1 % FS λ = 1.7 ± 0.05 lin λ: λ = 1 ±6 (1,000/λ) fresh

bin λ: 1.002 ± 0.008
Response times NOx: <900 ms <100 ms∗ NOx: 750 ms

O2: <750 ms λ: 550 ms
CO2: <800 ms

∗Data not specified by the OEM. FS is Flux Storage

Furthermore, the legislation fixes the factor Khd for accounting with the ambient
conditions

Khd = 1

1 + A(Ha − 10.71) + B(Tatm − 298)
(A.2a)

A = 0.309
ṁ f

ṁa
(1 + 0.001Ha) − 0.0266 (A.2b)

B = −0.209
ṁ f

ṁa
(1 + 0.001Ha) + 0.00954 (A.2c)

where Tatm [K] is the ambient temperature. Therefore, the NOx output after correc-
tions is computed

NOx = Kw KhdNO
gas analyser
x (A.3)

A deeper explanation on the gas analyser procedures for measuring NOx and
separating components is in (Hernández 2004).

In the case of the NOx sensor, the exhaust gas is diffused first to a first chamber,
where the oxygen is measured, and then diffused again to the second chamber. In
the first chamber, NO species are oxidised to NO2, while in the second, total NOx
is reduced to oxygen and nitrogen ions. These oxygen ions are pumped out and
are proportional to the total NOx concentration. Note that the first oxidation step is
required in order to get a correct measurement of total NOx, i.e. NO2 contains two
oxygen atoms while NO contains only one and then the oxygen ions resulted from
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the dissociation could not be directly related with total NOx. The static calibration
was shown in Fig. 3.14, where the fitting between ZrO2 sensor and gas analyser is
quite acceptable.

A.3 Analytical Solutions to the Riccati Equations

The drift correction algorithm (Sect. 5.2.1) and the SSKF approach (Sect. 5.3.2)
for updating look-up tables constitute steady-state versions of the KF. This special
property drives to calculate a steady-state Kalman gain, allowing to precompute it
and saving online resources. The Riccati iterative matrix system (2.13) becomes a
matrix algebraic system and analytical expressions may be solved.

A.3.1 Drift Correction Model

The dynamic Riccati equation (2.13a, b, c) is steady-state as K and P converge after
a certain number of iterations (Simon 2001), which depend on the initial values.
Then, it is possible to derive an analytical solution as proved by Kalman and Bucy
(1961). Some authors have given solutions to particular problems, such as (Hewer
1973; Nash 1967; Ekstrand 1983; Sudano 1995) or indeed computationally effective
solutions as (Lainiotis et al. 1994). Here, an analytical solution to the Riccati matrix
algebraic system (2.13a, b, c) considering the model (5.1a, b) is derived.

Pk−1 matrix is

Pk−1 =
[

p1 p2
p3 p4

]
(A.4)

Operating (2.13a), Pk|k−1 results

Pk|k−1 =
[

p1 + σ2
w (1 − a)p1 + ap2

(1 − a)p1 + ap3 q

]
(A.5)

where

q = (1 − a)((1 − a)p1 + ap2) + a(1 − a)p3 + a2 p4 (A.6)

Calculating Kk from (2.13b)

Kk =
[

k1
k2

]
=

[
(1−a)p1 + ap2

q +σ2
vq

q +σ2
v

]
(A.7)

http://dx.doi.org/10.1007/978-3-319-06737-7_3
http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_2
http://dx.doi.org/10.1007/978-3-319-06737-7_2
http://dx.doi.org/10.1007/978-3-319-06737-7_2
http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_5_2
http://dx.doi.org/10.1007/978-3-319-06737-7_2
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From (2.13c)

Pk =

 p1 + σ2

w − ((1−a)p1 + ap2)((1−a)p1 + ap3)
q+σ2

v
((1 − a)p1 + ap2)

σ2
v

q+σ2
v

((1 − a)p1 + ap2)
σ2

v

q+σ2
v

qσ2
v

q+σ2
v


 (A.8)

The Kalman filter is steady-state and observable and sequences {Pk}k=∞
k=1 and

{Kk}k=∞
k=1 are convergent. The system solution can be computed through solving the

system that results from setting (A.4) and (A.8) as equal.

p1 = p1 + σ2
w − ((1 − a)p1 + ap2)((1 − a)p1 + ap3)

q + σ2
v

(A.9a)

p2 = ((1 − a)p1 + ap2)
σ2

v

q + σ2
v

(A.9b)

p3 = ((1 − a)p1 + ap3)
σ2

v

q + σ2
v

(A.9c)

p4 = qσ2
v

q + σ2
v

(A.9d)

k1 = (1 − a)p1 + ap2
q + σ2

v

(A.9e)

k2 = q

q + σ2
v

(A.9f)

From (A.9b) and (A.9c), p2 = p3, which was already known as P is symmetric,
and system (A.9a) really has 5 equations with 5 unknowns.

From (A.9a) and (A.9e)
σ2

w = k21(q + σ2
v) (A.10)

and from (A.9f)

q + σ2
v = σ2

v

1 − k2
(A.11)

and combining these two expressions,

k1 = σw

σv

√
(1 − k2) (A.12)

which relates k1 to k2.
q parameter (A.6) depends on P elements and must be re-arranged for the correct

problem solution. Then, from the symmetry of P (p2 = p3), and considering (A.9b)
and (A.9e)

p2 = p3 = σwσv

√
1 − k2 (A.13)

http://dx.doi.org/10.1007/978-3-319-06737-7_5_2
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From (A.9d) and (A.9f)
p4 = k2σ

2
v (A.14)

and finally from (A.9b), (A.11) and (A.13)

(1 − a)p1 + ap2 = p2
1 − k2

= σwσv

√
1 − k2

1 − k2
(A.15)

Substituting (A.13), (A.14) and (A.15) in (A.6)

q = (1 − a) (1 + a − ak2)

√
σ2

wσ2
v

1 − k2
+ a2k2σ

2
v (A.16)

For convenience, (A.16) is set as function of the noise covariance trade-off σ2
w/σ2

v

q =
⎡

(1 − a) (1 + a − ak2)
⎢

σ2
w/σ2

v

1−k2
+ a2k2

⎣
σ2

v = sσ2
v (A.17)

defining parameter s = f (σ2
w/σ2

v)

s = (1 − a)

√
σ2

w/σ2
v

1 − k2
(1 + a − ak2) + a2k2 (A.18)

Considering (A.9f), (A.12) with (A.17), K can be computed

k1 =
√

(1 − k2)
σ2

w

σ2
v

(A.19a)

k2 = s

s + 1
(A.19b)

The set (A.19) represents an analytical solution of the steady-state Kalman filter
that may be solved iteratively. Moreover, (A.19) shows that K depends exclusively
on the noise covariance trade-off σ2

w/σ2
v given a certain system (5.1).

P is solved from (A.9a)–(A.9d) and (A.19)

p1 =
√

σ2
wσ2

v

1 − k2

⎡
1 + ak2

1 − a

⎣
(A.20a)

p2 = p3 =
⎢

σ2
w(1 − k2) (A.20b)

p4 = k2σ
2
v (A.20c)

although is not really necessary for the algorithm implementation.

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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Fig. A.1 Kalman gain K and covariance matrix P calculation for two noise sets with a = 0.8.
Solid lines corresponds to the standard Kalman formulation by the iterative Riccati equation
(2.13a, b, c), while dashed lines correspond to the proposed analytical formulation ((A.19) for
K and (A.20) for P)

Numerical example

A numerical example using (A.19), (A.20) for calculating P and K of a steady-state
Kalman filter is presented. The result must be equal to calculate the converged Pk
and Kk from (2.13a, b, c) when the simulation time is high enough:

K = lim
k→+∞ Kk (A.21a)

P = lim
k→+∞ Pk (A.21b)

Parameter a is 0.8 and in all cases σ2
v = 1, while two different values are applied

to σ2
w: σ

2
w1 = 1 and σ2

w2 = 2.
Figure A.1 shows the results applying the standard Kalman formulation and the

ones calculated by the analytical formulation. Note that x axis shows the number of
iterations (k), which only makes sense for the standard Kalman formulation as far as
the proposed solution is calculated beforehand. Final values after convergence are
exactly the same proving the validity of the proposed formulation.

http://dx.doi.org/10.1007/978-3-319-06737-7_2
eqspspsol
http://dx.doi.org/10.1007/978-3-319-06737-7_2
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A.3.2 The SSKF for Updating Look-Up Tables

Given the system (5.17) for updating look-up tables and a filter tuning σ2
v/σ

2
w, the

value of P does not converge under normal operation, nor does Kk . This is because
Hk matrix is not constant and depends on the engine operating conditions. But if the
operating point condition is constant, system runs in a constant point (Hk = H ) with
a certain σ2

v/σ
2
w, then it is possible to derive a constant K SS , although P does not

really converge. This is observed from simulations and then it can be set out for a
2D grid

K SS(η1, η2,σ
2
v/σ

2
w) = lim

k→+∞ Kk (A.22)

Taking into account the symmetric property of the problem, the solution is set out
for a 1D table �, whose elements are expanded in a state vector and whose 1D local
observable has a state vector

xo
k = [Θi Θi+1]T

k ∈ R
2

where i denotes the position of the first active element in�. The state-space equations
of the local observable system are

xo
k = I2×2xo

k−1 + wk (A.23a)

zk = qo
k xo

k + vk (A.23b)

with

qo
k = [1 − η η] (A.24)

and considering r as the vector that defines the 1D grid

η(k) = uk − ri

ri+1 − ri
(A.25)

where uk ∈ R is now the scheduling point considered as input to the table.
Noise covariances are

Q =
[

σ2
w

σ2
w

]
; R = σ2

v (A.26)

By imposing the condition A.22, the value of Kalman gain ki can be derived
analytically with a certain effort

ki (η,σ2
v/σ

2
w) = 0.5(1 − η)(1 + s)

0.5(1 + s)(1 − 2η + 2η2) + σ2
v/σ

2
w

(A.27)

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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Fig. A.2 Membership functions for the Kalman gain correction for the 1D case for σ2
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v/σ
2
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where

s =
√
1 + 4

(1 − 2η + 2η2)

σ2
v

σ2
w

(A.28)

showing explicitly the dependance of ki with the noise trade-off σ2
v/σ

2
w and the

interpolation function defined by η. The result is used for calculating gain correction
for the node i , when the observable region is between i and i + 1 in the 1D case. By
using symmetric properties

ki+1 = ki (1 − η,σ2
v/σ

2
w) (A.29)

The function is plotted in Fig. A.2. For the 2D case, K SS (see (A.22)) can be
solved by considering at the same time the interpolation properties, and then the gain
for a local observable system of a given 2D table with interpolation weightings η1
and η2 defined in (5.16) has the solution

K SS =


⎤⎤

ki (η1,σ
2
v/σ

2
w) · ki (η2,σ

2
v/σ

2
w)

ki (η1,σ
2
v/σ

2
w) · ki (1 − η2,σ

2
v/σ

2
w)

ki (1 − η1,σ
2
v/σ

2
w) · ki (η2,σ

2
v/σ

2
w)

ki (1 − η1,σ
2
v/σ

2
w) · ki (1 − η2,σ

2
v/σ

2
w)


⎥⎥ (A.30)

The obtained solution can be easily generalised for the nD case by solving

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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n⎦
i=1

ki (ξi ,σ
2
v/σ

2
w) (A.31)

where ξ = ηi or ξ = 1 − ηi depending on the considered node.

A.4 Pseudo-codes of the SSKF and SKF Methods
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A.5 The Dynamic System for the SKF Method

The system (5.36) is the local dynamic observable system. For this system, the split
in (5.25) is still valid. The only modification is that the new observable part Pwo

k has
n extra dimensions corresponding to the n:th order discrete filter. In the paper, a first
order discrete filter is used, and then Pwo

k is 5 × 5.

Pw
k =


⎤⎤

Pu
k

Pwo
k


⎥⎥ (A.32)

Pwo
k =


⎤⎤

Po
k Pndo

k
T

Pndo
k Pdo

k


⎥⎥ (A.33)

where Pdo
k is the scalar variance coupled to sensor dynamics and Pndo

k is the vector 1×
4 with the covariances between sensor estimation and observable parameters. Pw

k is a
positive-semidefinite matrix, so is Pwo

k . Kk is reordered to contain the unobservable
part K u

k = 0 and the observable part K o
k , and the latter in the parameters related K θ

k
and dynamics related part K s

k

K w
k =


⎤⎤⎤⎤⎤⎤⎤⎤⎤⎤

K u
k

K o
k


⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥

=


⎤⎤⎤⎤⎤⎤⎤⎤⎤⎤⎤⎤

0

K θ
k

K s
k


⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥

(A.34)

and (5.26) is now

Pk+1 =


⎤⎤

I 0

0 I5x5 − K o
k Hw


⎥⎥


⎤⎤

·
Pu

k + Qu ·
·

· · · Fw
k Pwo

k (Fw
k )T + Qwo


⎥⎥

=


⎤⎤

·
Pu

k + Qu ·
·

· · · (I5×5 − K o
k Hw)(Fw

k Pwo
k (Fw

k )T + Qwo)


⎥⎥

(A.35)

http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_5
http://dx.doi.org/10.1007/978-3-319-06737-7_5
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which shows that the SKFhypotheses are also applicable for thewidespread dynamic
system. Pk is a positive-semidefinite matrix so are Pw

k and Pwo
k .
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