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Extremum seeking methods for online
automotive calibration

Chris Manzie, Will Moase, Rohan Shekhar, Alireza Mohammadi, Dragan Nesic
and Ying Tan

Abstract The automotive calibration process is becoming increasingly difficult as
the degrees of freedom in modern engines rises with the number of actuators. This
is coupled with the desire to utilise alternative fuels to gasoline and diesel for the
promise of lower CO, levels in transportation. However, the range of fuel blends
also leads to variability in the combustion properties, requiring additional sensing
and calibration effort for the engine ECU. Shifting some of the calibration effort
online whereby the engine controller adjusts its operation to account for the cur-
rent operating conditions may be an effective alternative if the performance of the
controller can be guaranteed within some performance characteristics. This tutorial
chapter summarises recent developments in extremum seeking control, and investi-
gates the potential of these methods to address some of the complexity in developing
fuel-flexible controllers for automotive powertrains.

1 Introduction

Reciprocating engines are used in transportation and stationary power generation,
with diesel and gasoline representing the vast majority of the fuels used. Their envi-
ronmental impact is observable in the fact that the Australian transport sector con-
tributes approximately 15% of national CO, equivalent emissions [19], while this
ratio is slightly higher in the EU and US at 17.5% and 22% respectively. Meanwhile,
over the period 1990-2007 the relative cost of oil has also risen nearly 300% [32].
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The environmental impact of petroleum fuels has led to substantial consideration
and investigation of lower CO; emitting alternatives. Regional dependencies dictate
that the best option from a fuel security and cost perspective are not unique with
the possible options including liquified petroleum gas, compressed natural gas and
various levels of ethanol blending with gasoline.

While the concern over the environmental ramifications of exhaust emissions has
been well publicised, the public health implications of emissions are only just com-
ing to light. A study by the Californian Air Resources Board [5] estimated 9000
premature deaths during 2007 in California alone are attributable to particulate mat-
ter of diameter less that 2.5 microns. By way of comparison, natural gas has less
than half the particulate matter of diesel [22], and liquefied petroleum gas (LPG)
has 70% fewer particulate emissions than gasoline [4].

The downside of both these and other alternative fuels, however, is that in un-
refined form their composition is variable. Consequently, subsequent operation can
vary markedly, for example a 20% change in fuel consumption was observed across
a range of typical CNG blends in [9], while LPG can vary from propane-butane
ratios of 25:75 to 100:1, with emissions performance significantly impacted [23].

From the engine control systems perspective, the challenge of changing compo-
sition is reflected in Figure 1. In this figure, the torque produced from an internal
combustion engine for spark sweeps on two CNG blends at a close to idle operating
condition are presented. Here, an incorrect (fixed) assumption on fuel composition
would lead to an incorrect MBT estimate used by the engine controller - leading
to efficiency degradation and possible increased coefficient of variation of indicated
mean effective pressure. The same scenario of lost optimality applies for other en-
gine inputs.

Fig. 1 Result of open loop
spark sweeps with Gas A
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While this approach focusses on the immediate penalty associated with changing
fuel composition, the presence of hierarchical control algorithms in many of the
more complex powertrains can also lead to performance and efficiency degradation
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if the composition is incorrectly modelled. One such example is investigated in [12],
where a turbocharged flex fuel engine is used in a hybrid power train with an optimal
Equivalent fuel Consumption Minimisation Strategy (ECMS) controller based on
Pontryagin’s Minimum Principle.

Figure 2 shows the fuel consumption maps mapped using E5 and E85 fuels for
the test engine. In this instance, it was found that incorrect assumptions of the fuel
consumption could lead to fuel efficiency degradation of the hybrid vehicle of up
to 30% relative to the best possible performance obtained when the fuel map was
known perfectly and available to the ECMS-based hybrid power train controller.
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Fig. 2 Engine efficiency maps for a flex fuel engine running with (left) EO5 and (right) E85 fuel.

For fixed fuel operation, the traditional approach to engine control is to apply a
look up table approach whereby the inputs are predetermined for each engine op-
erating point using a lengthy calibration procedure. While many proposed engine
control approaches use dynamic engine models in the controller [21, 26], they typi-
cally maintain look up tables to capture properties relating to in-cylinder dynamics
such as indicated efficiency. These multidimensional surfaces are obtained during
a separate calibration procedure. In both situations, if the fuel composition varies
from that used during the calibration, the engine controller performs suboptimally
and overall engine performance may degrade.

As a consequence, it would appear there is a need to implement some form of on-
line optimisation to maximise the benefits promised by alternative fuels. However,
the inclusion of any such adaptive capability must be in conjunction with rigorous
guarantees on the performance of the closed loop system. With this in mind, recent
developments in extremum seeking methods appear a good potential solution can-
didate, and three main categories of extremum seeking algorithms are reviewed in
the subsequent section.

This is then followed by a discussion of some of the automotive implementations
of extremum seeking algorithms currently reported in the literature, as well as an
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outline of future possibilities for future research directions from both a theoretical
and application based perspective.

2 Review of extremum seeking

The first known examples of extremum seeking techniques date back to 1922 [11],
with several practical examples seen up until the 1950s, however the lack of formal
proofs and performance guarantees led to the approach being largely set aside of
several decades. This changed around the turn of the century with the development
of local stability results in [10] for the basic extremum seeker shown in Figure 3.

Fig. 3 Basic extremum seek- PR
ing scheme exhibiting sinu- —> v = h(z)
soidal perturbation to plant
input, with high and low pass
filters either side of demodu-

lation step. EAbq— %k Si,l 4—(?)4— sib

asinwt

y N

This approach essentially uses a sinusoidal perturbation to perturb the input to
a dynamic plant with output y. The output is high pass filtered to remove any DC
offset, before being multiplied by the dither to demodulate the gradient estimate.
The gradient information can now be isolated by low pass filtering to remove all
components of the plant output that are harmonics of the dither frequency. The re-
sulting gradient estimate is then used in a gradient descent algorithm to push the
plant towards its minimum. Provided the plant has a smooth output function A(x) to
which the output converges uniquely

Following these initial results, many implementations of extremum seeking tech-
niques have followed and further refinements of the theoretical foundations have
been made. A comprehensive review of both the theoretical developments and ap-
plications of extremum seeking over the period 1922 to 2010 is provided in [29].

The extremum seeking literature can now be broadly classified into three groups:
black-box approaches; grey-box approaches; and sampled data approaches. These
have different implementations and subsystem requirements which will be discussed
in the following sections.
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2.1 Black-box extremum seeking

A guiding principle of the basic extremum seeking algorithm outlined above is that
no model information about the plant is required, leading to it often being referred to
as a black box scheme. Other approaches reported in the literature have considered
alternative components in place of the filters and gradient descent in Figure 3, with
the essence of the majority of these black box approaches captured in Figure 4,
which shows the dynamic plant connected to a gradient estimator, and finally the
input to the plant updated through an appropriate optimisation algorithm.

u = f(la u) )
1 oy="h)
{ ESSCHEME
i . Du(0 :
i Y o (@) Gradient(s) [ !
i Optimiser estimator ;
E dither (—li

Fig. 4 Basic extremum seeking scheme exhibiting sinusoidal perturbation to plant input, with high
and low pass filters either side of demodulation step.

Although more formally stated in [17], the following requirements are placed on
the components of Figure 4 in a general setting.

Plant: The plant dynamics, f(x, «) have an asymptotically stable equilibrium de-
scribed for each plant input u by the surface x = I(u). The input-output map of the
plant at equilibrium Q(u) := h(I(«)) is continuous and has a unique global maxi-
mum, u*.

Gradient estimator: Consider the first N-derivatives of Q(u) as represented in
the vector Dy (Q), i.e.:

6]

du’" duN

oo - [12.. 29

The gradient estimator and dither signal must contains sufficient excitation of the
plant to provide sufficiently accurate estimation of Dy (Q) over a finite time interval.
The dynamics of the gradient estimator may be represented as:
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Dy(Q) = & Fi(Dy(Q),P,y) )
P =¢e F(Dy(Q),Py) 3)

Here P represents the presence of potential auxiliary states in the estimator.

Unlike in the extremum seeking scheme of Figure 3, the dither need not be si-
nusoidal, and is only necessary to ensure the first N gradients of the input-output
plant map can be estimated (assuming the chosen optimiser requires N derivatives).
Consequently, various dither alternatives such as square wave, triangular wave and
stochastic signals have been used. As with the dither signal, numerous gradient
derivative estimators have been proposed and successfully deployed, ranging from
combinations of first order filters [3, 18], through to Luenberger observers [14] and
Kalman filters [31]. The dynamics of the gradient estimator are controlled through
the tuning parameter €, representing for example the cut-off frequency of the high
pass filter or the gain used by a Luenberger observer. The suitable choice of € typ-
ically delivers time scale separation of the plant and estimator dynamics.

Optimiser: Consider the continuous optimisation algorithm operating on known
derivatives Dy(Q) of a static map Q(z):

=6k (Z,DN(Q(Z))) 4)

The chosen optimisation algorithm ensures that the output of the static map Q(z)
converges to the optimum value, Q(z*), with some degree of robustness. Again there
are many possible choices for the optimiser, ranging from the gradient descent ap-
proach shown in 3, to higher order optimisers such as Newton step [14] and other
variants, although all typically have tunable dynamics represented by &. As with
the gradient estimator, the choice of & is used to ensure time scale separation, this
time between the gradient estimator and the optimiser.

This decomposition of the closed loop extremum seeking scheme enables the
practitioner to independently select the optimiser and gradient estimator from fami-
lies of possible options satisfying the requirements stated above. The overall conver-
gence of the system is then guaranteed by ensuring that the plant, gradient estimator
and optimiser occupy different time scales (formally stated in Theorem 1 of [17]).
This is achieved by selecting the gains such that the gradient estimator is sufficiently
slower than the plant, and the optimiser is sufficiently slower than the gradient esti-
mator to ensure time scale separation - therefore enabling the plant to be ‘seen’ as a
static map by the gradient estimator, and both components to be ’seen’ as static by
the optimiser.

There is a tradeoff to be balanced in selecting the gains and dither, as smaller
values yield slower convergence but guarantee the convergence of the output will be
to a smaller vicinity of the optimum of the static map, Q(u).

The generality of the framework presented above is useful in guaranteeing con-
vergence and developing tuning rules despite very little knowledge of the plant.
However, one potential drawback of this generality is the conservativeness of the
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result particularly in terms of convergence rate, to ensure time scale separation be-
tween the major system elements. With greater specificity about the plant structure,
and by utilising particular schemes for gradient estimation and optimisation, faster
convergence properties can be obtained. Such approaches have been described for
Wiener-Hammerstein [13] plants, and principally rely on plant input and output fil-
ters to remove the need to wait for plant dynamics to settle before updating the
extremum seeking output. This allows for high frequency dithers to be employed
and arbitrarily fast (in the absence of noise) convergence to be achieved.

2.2 Grey-box extremum seeking

The fast extremum seeking approaches of the previous section utilise knowledge
about the plant dynamics in the design of the input and output filters. In many prac-
tical applications however, there is knowledge of the basic form of the optimisation
surface, Q(u), to which the dynamics converge. The utilisation of this knowledge
in an extremum seeking context falls largely in the domain of the so-called grey
box approaches. Here, the surface Q(u), is parameterised in terms of a vector of
unknown parameters, 0, i.e.:

Q(u) =¥(u)"6 (5)

Thus, by estimating 6 potentially non-local information about the surface can be
obtained. In [1, 2], this approach was explored for specific instances of the parameter
estimator and optimiser, and then further generalised in [15] leading to a description
of the closed loop system in the form shown in Figure 5.

i = fla,u) y
7 h(z)
ES SCHEME
E B .. 0 Parameter
i Optimiser estimator

Fig. 5 Basic extremum seeking scheme exhibiting sinusoidal perturbation to plant input, with high
and low pass filters either side of demodulation step.

The parallels with the generalised black box framework of Figure 4 are clear, and
there exist similar requirements on the plant and optimiser in the grey box scheme,
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although the following requirement for the parameter estimator replaces that for the
gradient estimator given above.

Parameter estimator: The parameter estimator can be represented in the gen-
eral form as states directly relevant to the parameter estimates and additional states
within the parameter estimator , i.e.:

8 = &1Gi(0,Py,u) ©6)
P = &1Gy(6, Py, u) (N

The parameter estimator and dither signal combination needs to contains sufficient
excitation of the plant to provide estimation of the parameters within a finite time in-
terval. A thorough analysis of a number of different parameter estimation schemes
was conducted in [15], with possibilities for deployment including gradient algo-
rithms with and without integral costs along with least squares estimation variants.

By incorporating the parameter estimator in place of the gradient estimator, the
optimiser can potentially utilise differently structured optimisers that may take ad-
vantage of the estimated map, while still satisfying the time scale separation of
the black box scheme. This reliance on time scale separation implies that substan-
tial increases in convergence rates over the black box approach are not necessarily
forthcoming.

With this in mind, preliminary research has been made into algorithm specific
grey box approaches that lack the generality of the framework described above but
may have potential along the lines of the fast black box approaches described in the
previous section [25].

2.3 Sampled data approaches

The previous two categories of extremum seeking algorithms are implemented in
continuous time, and consequently only draw upon the discrete time optimisation
field through indirectly through the time scale separation providing the optimiser
can satisfy the requirements. An alternative viewpoint, drawing more directly on
nonlinear programming techniques, was first presented in [30], and is illustrated in
Figure 6.

In this approach, the dynamic plant is treated as a system to be sampled, with
a finite number of sampled plant outputs used to estimate derivatives of the static
map before the control input is updated, and enabled the use of many discrete time
optimisation algorithms such as Finite Differencing and Simultaneous Perturbation
Stochastic Approximation (SPSA) [28]. The work was generalised further in [8],
where a different style of proof was used and required the discrete time optimisa-
tion algorithm to be uniformly attractive with respect to small additive disturbances,
rather than asymptotically stable as in [30]. The later approach also opens the possi-
bility for global optimisation algorithms such as Piyavskii-Shubert and DIRECT to
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be rigorously deployed [16, 7] thereby reducing the requirement that the plant have
only one global optimum - albeit at significant convergence time penalties relative
to the local optimisation techniques.

u(t) = up &= f(z,u) y(®)
te kT, (k+1)T) y = h(z)
N
Zero order hold Sampler
ES SCHEME
3 T
Ug ; Discrete time
I — . . . €
! optimisation
i k) =y(kT
! algorithm y(k) = y(kT)

Fig. 6 Basic extremum seeking scheme exhibiting sinusoidal perturbation to plant input, with high
and low pass filters either side of demodulation step.

As seen with the continuous extremum seeking approaches, there may be advan-
tages in forsaking generality of the sampled data approach and focusing on a specific
combination of sampled data optimiser and plant. In [27], a discrete time Hammer-
stien plant is subjected to an algorithm using a square wave dither with a two step
averaging filter with the specific nature of the system enabling LPV techniques to
be used to generate an exponential stability result.

3 Application to automotive engine calibration

One of the earliest applications of extremum seeking in the automotive calibration
context was in [24], where a grey box extremum seeking architecture was designed
and implemented for spark control on a gasoline spark ignition engine. The ap-
proach assumed a quadratic map between the spark angle and indicated torque,
similar to Figure 1. The parameters of the quadratic were then estimated using a
recursive least squares estimator, although the optimiser used attempted to imme-
diately drive the control input to the optimum level as calculated by the estimated
parameters. While successful results were reported, the initial conditions of the pa-
rameter estimator needed to be sufficiently close to the true values for convergence
to occur.

Addressing the multi-variable calibration problem from an extremum seeking
perspective was explored in [20]. This approach considered a sampled data imple-
mentation of extremum seeking, with the actuation variables of intake and exhaust
valve timing along with the spark timing. From arbitrary initial conditions, the cal-
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ibration process using extremum seeking was found to take around 15 minutes to
locate the optimum, largely impacted by the multivariable nature of the problem and
the noise associated with torque measurements requiring long averages of measured
data.

In-service alternative fuelled engines may experience regular fuel composition
changes, yet the opportunity to undertake manual recalibration is not present. The
growing interest in these engines has renewed interest in online calibration. One
recent implementation considered the situation for flex-fuelled engines [6] considers
a basic ES implementation to maximise fuel economy by adjusting the spark. This
approach utilises a discrete time black box approach of the form given in Figure 3,
with a square wave perturbation. Unlike in [20], only the spark is changed and this
single variable nature of the optimisation coupled with the fact that the optimisation
problem is effectively "hot-started’ as the optimal spark will not vary significantly
between different ethanol-gasoline blends means the outcome is more positive in
terms of real world deployability.

In a similar vein, but with compressed natural gas blends as the fuel source, dif-
ferent implementations of the grey box extremum seeking framework falling under
the framework of [15] were investigated as possible spark optimisation strategies.
Experiments are carried out for two blended pure methane and a blended gas con-
sisting of 80% methane, 9% carbon dioxide, 8.5% nitrogen, 2% ethane and 0.5%
propane. As with [24] and shown in Figure 1, open loop tests demonstrate that a
quadratic polynomial approximation seems a good representation of the data, al-
lowing the following model to be used relating forque, 7, and spark o:

() =a+ba+co? (8)

Defining the regressor vector ¢ = [a> « 1]7, the grey box approach then in-
volves the selection and tuning of appropriate parameter estimator for 8 := [a b c]7,
and an optimiser to drive 7 towards 7*.

To demonstrate the flexibility afforded by the framework approach, experiments
were conducted using two different estimator-optimiser combinations. The first con-
sisted of recursive least squares parameter estimator and gradient based optimiser,
while the second consisted of a gradient based parameter estimator and a Jacobian-
matrix transpose optimisation metric. All parameter estimators and optimisers had
previously been shown to satisfy the theoretical requirements of the grey box frame-
work in [15], and the tuned algorithms are repeated below in (9)-(13). The discrete
nature of the presented algorithms reflects an emulation of the continuous time ver-
sions of (6)-(7) and (4).

Gradient-based parameter estimator after tuning:
Brs1 = 6, —[0.0020.05 1)7 (7 — ¢ ;) )

Recursive least squares parameter estimator after tuning:
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01 = O+ Pt (T — 0 61) (10)
Pv1 = P+ (0.9P — Pedl 9P (1n

Gradient based optimiser after tuning:

0 = 0 +10(2a,05 +by) (12)
Jacobian matrix transpose optimiser after tuning:

Oy = o — 754, (2dr04 + by (13)

The applied spark advance is then the current estimate of the optimal spark ad-
vance, &, perturbed by a sinusoidal dither of amplitude one crank angle degree,
ie.

o = 0 +sin(0.1kT) (14)

All experiments to test these algorithms were conducted in the test cell of the
ACART Laboratory at the University of Melbourne. The engine tested a six cylinder
4L Ford Falcon BF MY2006 gasoline engine which is converted to operate with
natural gas.

In order to keep the speed and load of the engine constant, an eddy current dy-
namometer is used which can only work as a brake and is not capable of motoring
the engine. The air-fuel ratio was maintained at an approximately stoichiometric
condition by adjusting the injection duration with feedback from a wide-band ex-
haust oxygen gas sensor. The proposed algorithms were implemented in MATLAB.
The output of the MATLAB program were sent in realtime directly to the engine
control unit (ECU) via ATT Vision software, thereby adapting the stored calibration.
The delays in communication between the different software programs were mea-
sured at approximately 6ms, which was considered negligible in the context of this
application. Feedback torque was obtained through measurements from a load cell
on the dynamometer, although in the future could be replaced by in-cylinder pres-
sure sensors and appropriate combustion analysis. The torque measurement was
averaged over a period of three seconds to minimize the effects of combustion vari-
ability and measurement noise. The sample rate used by the controller was set nom-
inally to five seconds so as to be longer than the torque measurement time.

The engine control unit was initially calibrated using the blended methane gas,
leading to an initial estimate of MBT at approximately 40° BTDC. The actual fuel
used in the engine was pure methane, and consequently the extremum seeking con-
trollers were required to adapt the spark to find the new MBT spark, which lies
at approximately 33° BTDC, although may vary slightly with engine temperature.
The adapted spark and resulting engine torque for each of the two extremum seeking
combinations are shown in Figures 7 and 8.

In both instances, (although not shown) the parameter estimates also converge
to a vicinity of the ’true’ values, and the spark converges to a close vicinity of the
optimum. To quantify the gains in efficiency the incorporation of these extremum
seeking approaches strategies may provide, the fuel flow rate of the engine run-
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Fig. 7 Grey box convergence
for a recursive least squares
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ning with the initial spark advance at the specified operating point was compared to
fuel flow rate after convergence of the spark to the optimal value. This latter value
was corrected to allow for the torque difference although in practice this could be
achieved through modification to the throttle angle. Consequently it was found that
the fuel economy improved by approximately 3% at this static operating condition.

To further demonstrate the flexibility of viewing extremum seeking as a frame-
work approach, a sampled data approach is also presented for the same engine. In
this approach, a discrete-time ES scheme using a simple alternating dither signal
a(—1 )k, added to the current estimate for the optimising value of the system input,
and is used as the input to the plant. The resulting output is multiplied by the signal
(—1)* and is passed through a two-step moving-average FIR filter and discrete-time
integrator. This advances the estimate for the optimising value according to an ap-
proximate gradient ascent law, based on a two-point central difference approxima-
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tion applied to the engine spark-to-torque mapping. The entire closed loop scheme
is represented by the block diagram shown in Figure 9.

Zero order hold

Engine

(677 Ak

kT

Sampler

z+1

a(-1)*

2z

(-n*

Tk

Fig. 9 Proposed sampled data extremum seeking approach for optimal spark estimation on CNG

engine

Implementing this sampled data extremum seeking approach on the same engine
set up as described previously, with an initial estimate of MBT spark of 22° leads to
the results shown in Figure 10. As previously observed for the grey box approaches,
convergence to the vicinity of the optimum spark and torque occurs and there is
a subsequent improvement in fuel economy of approximately 3% at this operating
point relative to the case of no adaptation of the spark.

Fig. 10 Spark and torque pro-
gression under the proposed
sampled data extremum seek-
ing approach witha =17 .
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4 Summary and future opportunities

The recent development of extremum seeking frameworks has delivered consider-
able flexibility into the deployment of different algorithms to achieve convergence
to optimal performance in many applications. To the automotive community, this
appears to be highly relevant as the industry continues a progression towards al-
ternative fuels exhibiting variable composition, thereby necessitating some form of
closed loop calibration being conducted during regular vehicle operation. There re-
main a number of theoretical challenges and opportunities for research in extremum
seeking algorithms. These include research into increasing the convergence rate
without unduly compromising the region of attraction; dealing with map uncertainty
in grey box frameworks; handling state constraints within the various frameworks;
and identifying when certain frameworks might lead to better closed loop perfor-
mance. Similarly, there are also application-centric issues for automotive calibration
including the deployment of the algorithms in transient driving conditions; imple-
menting some of the novel theoretical developments promising faster convergence
for online multivariable calibration; consideration of emissions in the cost function;
and the integration with model based techniques for faster offline calibration partic-
ularly in highly actuated engines.
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