
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
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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

http://dx.doi.org/10.1007/978-3-319-06737-7_5
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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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Fig. 2.6 NOx sensor response
to SOI steps (black-right axis).
NOx presents a clear delay
and filtering with respect
to the SOI signal (gray-left
axis). The dynamic response
could be fitted with a first
order delayed discrete filter.
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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.

http://dx.doi.org/10.1007/978-3-319-06737-7_3
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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.

http://dx.doi.org/10.1007/978-3-319-06737-7_3
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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)

http://dx.doi.org/10.1007/978-3-319-06737-7_3
http://dx.doi.org/10.1007/978-3-319-06737-7_4
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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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