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Abstract

In this paper, adaptive filtering is adopted for active automotive engine vibration isolation where
both transient and stationary engine internal excitations as well as structure flexibility are considered.

The adaptive filtering problem is formulated using a linear regression model representation. This
allows for an application of a general family of state-of-the-art recursive parameter estimation al-
gorithms. The performance of two specific members of this family has been compared. Those are
the well-known normalised least mean square (NLMS) algorithm and a recently suggested Kalman
filter based algorithm originally proposed as a method to avoid covariance windup, here referred to as
Stenlund-Gustafsson (SG). A virtual non-linear 43 degrees of freedom engine and subframe suspension
model and measurement based engine excitation are used in evaluation of algorithm performance.

With respect to trade-off between convergence and steady-state variance, the difference Riccati
equation included in SG implies superior performance of SG compared to NLMS. However, none
of the proposed algorithms provide sufficient tracking performance to deal with transient engine
excitation corresponding, for instance, to rapid acceleration of the car. In this case, the adaptive
filtering strategy is found to be inadequate.

Keywords
Recursive estimation, Adaptive filtering, Parameter estimation, Vibration isolation, Time-varying systems,

Structure flexibility.

1 Introduction

Adaptive filtering [1] relying on the Filtered-x least mean square (FxLMS) adaption algorithm [1] has
become the most widely used control strategy when dealing with active vibration control. In this study,
it is adopted to deal with automotive engine vibration isolation where the objective is to minimise the force
transmitted via a torque-rod to the receiver which is a flexible subframe. The engine model, consisting of
engine and gear box, is subjected to engine internal excitation corresponding to idle operating condition
as well as to an acceleration one including a gear shift operation. As a consequence of the internal
model principle (IMP) [2] it is necessary to incorporate a disturbance model into the controller. Since
the excitation is predominantly periodic [3], this is carried out in a straightforward way by filtering a
periodic reference signal which motivates the use of FxLMS.

The objective of the adaptive filtering is to adjust the coefficients of a set of finite impulse response
(FIR) filters driven by a known reference signal to generate an actuator output cancelling the transmitted
force. This adaptive filtering problem is here considered a recursive parameter estimation one [4, 5] and
is modelled using a linear regression model [5]. Thus, a thoroughly investigated general family of state-of-
the-art recursive estimation algorithms [6, 7] becomes easy to apply. These algorithms are all special cases
of a general Kalman filter based algorithm and are known [6, 7] to include several classical algorithms
like the LMS, the recursive least square (RLS), and also a recently suggested algorithm referred to as
Stenlund-Gustafsson (SG) [8]. The latter is proposed as a way to overcome numerical problems associated
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with insufficient excitation and erroneous assumptions about the parameter variations when using the
Kalman filter. This behaviour is confirmed by the analysis presented in [9]. Another algorithm which
coincides with SG for certain parameter settings, although being less general, is suggested in [10].

It has been pointed out [6] that without knowledge of the parameter variations, none of the special
cases of the Kalman filter could be proven to give superior performance relative to any other one. However,
when dealing with a specific application, the algorithms performances will be different which requires close
comparative investigations. SG has prior to this study been applied to echo cancellation where the main
focus was to investigate its anti-windup properties [11]. In echo cancellation, the objective of the algorithm
is to estimate the parameters of a FIR filter model of the echo path. Yet, SG has not been utilised for
active vibration isolation which constitutes a completely different problem with the main objective to
estimate the parameters of a disturbance model.

The objective of this work is twofold. Firstly, the performance with respect to convergence and track-
ing versus variance of SG is compared to the one of NLMS. I.e., the impact of the Riccati equation, which
becomes redundant for NLMS, on the performance is examined. It is also demonstrated how to exploit
the SG tuning degrees of freedom to suit best the considered application. Secondly, the potential per-
formance of the adaptive filtering strategy is investigated for the specific application. The investigations
have been carried out making use of a detailed control object model and measured excitations.

In Section II, the considered active vibration isolation application is presented including a description
of the excitation characteristics. The adopted adaptive filtering strategy is described in Section III
whereas the recursive parameter estimation algorithms subject to comparison are described in Section IV.
Sections V and VI present the results of the algorithms evaluations for stationary and non-stationary
excitation, respectively. Finally, Section VII concludes the paper.

2 Active Torque-Rod Application

Figure 1 shows a virtual model of a car engine suspension and a flexibly isolated subframe. The engine
is attached to the car body through right- and left-hand side (RHS and LHS) engine mounts, and to
subframe via a torque-rod. The latter is connecting the engine and subframe using the rubber bushings
B1 and B2 while the four rubber bushings, B3-B6, connect the subframe to car body.
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Figure 1: A model of a car engine and subframe suspension system including rigid body engine and gear
box, flexible subframe, rigid body torque-rod, six rubber bushings B1-B6, and two engine mounts.

The engine and subframe suspension system model shown in Fig. 1 has been obtained making use
of a multi-body system analysis and simulation software for dynamics [12] where engine and torque rod
are represented as rigid bodies and subframe as a flexible one consisting of six rigid and 24 flexible body
modes (using the Craigh and Bampton modal synthesis method [13]). This gives a model with 42 physical
and modal degrees of fredom (DOF). 6-DOF (three translational and three rotational) spring and damper
elements are used to model the left- and right-hand side engine mounts and the bushings B1-B6. The
two engine mounts and the bushing B1 exhibit non-linear static stiffness characteristics [3] and linear
damping characteristics, while the bushings B2-B6 have linear stiffness as well as damping characteristics.

The engine is subjected to internal excitation, originating from rotating and translating masses and
combustion forces. This has been estimated using twelve simultaneous engine block acceleration mea-
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surements (measured at four positions on the engine block in three directions each) followed by fft (fast
fourier transform)-analysis based on a linearised model of the engine and subframe suspension system.
Two fundamentally different engine operating conditions are considered corresponding to

• Idle engine operation

• Car acceleration including a gear shift operation

The engine internal excitation is applied to the engine center of gravity and is represented by the
three torques Tx ∈ R1, Ty ∈ R1, and Tz ∈ R1 shown in Figure 1. Except from the nominal level
of the Tx-torque, the engine internal excitation is mainly order based which means that for a specific
engine speed, its spectral content contains frequency components at frequencies equal to multiples of the
rotational engine speed. For convenience the letter ‘E’ is often used to indicate the engine rotational
speed in Hertz. The ignition frequency, i.e. the frequency component at two times the rotational speed
for the four cylinder engine considered, is thus referred to as 2E.

Figure 2 shows the spectral content of the idling engine Ty-torque whereas Figure 3 presents the engine
rotational speed measurement for the acceleration and gear shift operation. In Figure 3, the three vertical
lines mark, from the left, start of acceleration running on the 3rd gear, clutch pedal down, and clutch
pedal release running on 5th gear. Figure 4 shows the magnitude of a windowed fft of the corresponding
Tx-torque using a sliding window. The nominal level which mainly influences low frequencies is omitted
to clearly visualise the characteristics of the Tx-torque fluctuations.
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Figure 2: Spectral frequency contents of the Ty-torque corresponding to idle engine operation. The five
most dominating frequency components have been indicated with reference to the engine rotational speed
as 0.5E, E, 2E, 3E, and 4E.
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Figure 3: Engine rotational speed for the acceleration and gear shift operation.

Turning to engine suspension design, one of the objectives is to minimise induced structural vibrations
and structure borne noise by limiting the forces transmitted from the engine, to body and to chassis. This
contradicts the requirement of preventing large engine displacements. Since vibration isolation is required
essentially for high frequencies, and engine displacements are large only for low frequency excitation, both
requirements could be met by separating them for different frequencies. Thus, the engine attachment
elements, i.e. engine mounts and bushings, should ideally be designed to have high dynamic stiffness for
low frequencies and low one for high frequencies.

For the particular engine suspension layout shown in Figure 1, the above mentioned frequency de-
pendent dynamic stiffness characteristics are especially important when considering the rear torque-rod
bushing. In this case, today’s tough demands leave no room for traditional passive solutions. On the
contrary, by introducing active isolation technology, the potential performance could be considerably
improved.
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Figure 4: Time-dependent frequency contents of the Tx-torque corresponding to the acceleration and
gear shift operation.

3 Adaptive Filtering

To actively isolate the engine vibrations from the subframe, the bushing denoted B1 in Figure 1 is replaced
by an actuator consisting of a controllable force in parallel with a passive element with equivalent stiffness
and damping. The actuator output is a force acting in the longitudinal direction of the torque-rod,
indicated FA in Figure 1 (doubled arrowed line symbolising force action and reaction). It is assumed
linear with 1st order low-pass filter characteristics.

The control approach adopted in this study is generally refereed to as adaptive filtering. It will be
used here to adapt the coefficients of a multi-input single-output (MISO) FIR-filter to cancel the force
transmitted to the subframe. This time-varying FIR-filter H(q, k) is driven by a known and time varying
reference signal x(k) ∈ RK to generate the control signal u(k) ∈ R1, i.e. the actuator input, as

u(k) = H(q, k)x(k) (1)

In (1), zero-order hold of the control signal and sampling interval h is understood, i.e.

u(t) = u(k), t ∈ {t|kh ≤ t < (k + 1)h}
The argument q is throughout the paper used to denote the backward shift operator defined as

q−1u(k) = u(k − 1)

For derivation of the adaptive filtering algorithm, the mechanical system (i.e. engine and subframe
suspension and actuator) is considered to be linear and excited only by the engine internal excitation and
the force actuator. Thus, the measured output e(t) ∈ R1 at the sampling instance k could be written as

e(k)= yd(k)− yu(k)
= yd(k)− Ĝ(q)u(k)

(2)

where Ĝ(q) is a single-input single-output (SISO) linear discrete-time model of the system from actuator
input to the measured output, yd(t) and yu(t) are the output signal contributions from the engine internal
excitation and the control signal respectively.

The total transmitted force in the longitudinal direction of the torque-rod has been chosen as the
measured output e(t) which implies minimal influence of the subframe flexibility on the open-loop transfer
function [14, 15]. This means that the system could be regarded as rigid in realisation of the adaptive
filtering algorithm with impacts on computational load and ease of implementation. Figure 5 presents
the impacts of subframe flexibility on the open-loop transfer function when using force and a less, in this
respect, suitable acceleration sensor. The acceleration is assumed to be measured on the subframe side
in the same direction as the force measurements.

As a consequence of the order dominance of the engine excitation characteristics and the assumption
of system linearity, the output contribution yd(t) could be modeled as
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Figure 5: Difference between the open-loop transfer functions when modelling the subframe as rigid or
as consisting of 24 flexible modes, for both force and acceleration measurements, respectively.

yd(t) =
Kd∑
n=1

an(t)sin(2πfn(t) + αn(t)) + eres(t) (3)

including a non-periodic contribution eres(t). This could intermittently be significant but is not of interest
for the control strategy considered. For fn(t) in (3) it holds that

fn(t)= cnE(t)
= cnN(t)/60

where N ∈ R1 is the engine rotational speed in revolutions per minute (rpm) and cn ∈ R1 is a constant
relating the frequency component to the engine rotational speed E.

The knowledge about the characteristics (3) of the output signal contribution yd(t) should be taken
advantage of. This is intuitively done by choosing the reference signal as

x(k) = [ x1(k), · · · , xK(k) ]T (4)

where xn(k) = sin(2πfn(kh)kh). It is evident from Figures 2 and 4 that K in (4) could be chosen
significantly lowerer than Kd in (3) since only a few orders of excitation dominate the response.

For each frequency fn(t) of interest, the FIR-filter must delicately balance both phase and amplitude
of yu(k) to achieve cancellation of yd(k). Consequently, two parameters per frequency are necessary and
a suitable structure of H(q, k) is

H(q, k) = [h0 + h1q
−P , · · · , h2(k−1) + h2k−1q

−P ] (5)

where P is any integer larger than one.
Assuming that the plant and the FIR-filter H(q, k) are both linear and time-invariant (despite the

index k), then the following holds

yu(k)= Ĝ(q)H(q, k)x(k)
= H(q, k)Ĝ(q)x(k)
= H(q, k)r(k)

(6)

where r(k) ∈ RK is the filtered reference signal. Defining the regressor ϕ(k) ∈ R2K as

ϕ(k) = [ r1(k), r1(k − P ), r2(k), · · · , rK(k − P )]T

whith rn(k) = Ĝ(q)xn(k), and the parameter vector θ(k) ∈ R2K according to

θ(k) = [ h0(k), h1(k), · · · , h2K(k)]T

the control signal output contribution could also be written

yu(k) = ϕT (k)θ(k) (7)
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Inserting (7) into (2) gives

yd(k) = ϕT (k)θ(k) + e(k) (8)

where the elements of θ(k) represent the coefficients of the FIR-filter H(q, k). To render the adaptive
filtering problem as a recursive estimation one, θ(k) is in the remaining part of this paper interpreted
as a parameter in the model (8) of yd(k). In this model, e(k) covers modelling errors corresponding to
eres(t) 	= 0 in (3) and that K << Kd.

4 Recursive Parameter Estimation

The linear regression structure of (8) is suitable for application of a general family of recursive parameter
estimation algorithms captured by the following general algorithm [6, 7]

θ̂(k) = θ̂(k − 1) + L(k)ε(k)

L(k) = P (k − 1)ϕ(k)
R̂(k) + ϕT (k)P (k − 1)ϕ(k)

P (k) = P (k − 1) + Q̂(k)

−P (k − 1)ϕ(k)ϕT (k)P (k − 1)
R̂(k) + ϕT (k)P (k − 1)ϕ(k)

(9)

where Q̂(k) ∈ R2K×2K and R̂(k) ∈ R1 could be considered as design variables, and the prediction error
ε(k) ∈ R1 is given by

ε(k) = yd(k)− ϕT (k)θ̂(k − 1) (10)

Using θ̂(k − 1) to update the FIR filter H(q, k), i.e. taking θ(k) = θ̂(k − 1) in (7) gives

yu(k) = ϕ(k)T θ̂(k − 1) (11)

Assuming (6) holds and that Ĝ(q) is an exact system representation, then from (2), (10), and (11)
ε(k) = e(k). Thus, since yd(k) in (10) is unknown, e(k) is the best available approximation of ε(k).

Modeling the time varying characteristics of the parameter θ(k) using a random walk process as

θ(k) = θ(k − 1) + v(k) (12)

and assuming v(k) ∈ R2K×2K in (12) and e(k) in (8) to be white noise processes with covariances
Q(k) ∈ R2K×2K and R(k) ∈ R1 respectively. Then, with v(k) and e(k) independent and the following
choices

Q̂(k) = Q(k), R̂(k) = R(k) (13)

the Kalman filter (KF) is obtained. This algorithm minimises the conditional covariance expectation of
the estimation error

Π = E[(θ̂(k)− θ(k))(θ̂(k)− θ(k))T |yk, uk] (14)

A recently proposed version of the general algorithm (9), here referred to as the Stenlund-Gustafsson
(SG) algorithm [8], is obtained by choosing Q̂(k) and R̂(k) as

R̂(k) = R(k)

Q̂(k) =
Pdϕ(k)ϕT (k)Pd

R(k) + ϕT (k)Pdϕ(k)
(15)

Since Pd ∈ R2K×2K could be seen to be a stationary point of the difference Riccati equation, i.e.
the difference equation for P (k) in (9), the specific choice (15) of Q̂(k) could be used to control the
convergence point of the matrix P (k).

Also the steepest descent algorithm known as the LMS algorithm could be seen as a special case of
(9). The normalised version of the LMS algorithm, i.e. the NLMS algorithm, is given by

L(t) =
γϕ(k)

1 + γϕT (k)ϕ(k)
(16)
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where γ is a scalar adaption gain. This is captured by (9) taking

Q̂(k) = γ2 ϕ(k)ϕT (k)
1 + γϕT (k)ϕ(k)

R̂(k) = I, P (0) = γI
(17)

which means that the Riccati equation becomes redundant. Comparing the expressions (15) and (17) for
Q̂(k), NLMS is seen to be a special case of SG with Pd = I and the Riccati equation initialised to this
stationary point. With respect to the model (8), this algorithm is also known as a normalised version of
the Filtered-x LMS algorithm [1] widely used in active noise and vibration control.

L(k) in (9) could be regarded as a parameter update direction. Using NLMS, it is given by ϕ(k), and
adjustment of the gain γ is the only way to tune the algorithm performance. Yet, time-varying gains γ(k)
could be considered to add flexibility to the NLMS algorithm. Using the general KF based algorithm (9),
the Riccati equation variable P (k) is multiplied with L(k) possibly altering the update direction and the
speed of convergence. The design variables Q̂(k) and R̂(k) are used to tune the algorithm performance.
This adds degrees of freedom for tuning and enables balancing of convergence speed and variance for each
θ-vector element individually.

A known problem with (9) is covariance windup, i.e. when some eigenvalues of P (k) tend to un-
acceptable large values. This occurs when the regressor data do not cover the whole parameter space
while Q̂(k) is chosen positive definite. However, using the SG-algorithm, this is effectively avoided by
automatically adjusting Q̂(k) so that P (k) is updated strictly in the direction of excitation. Thus, SG
provides additional degrees of freedom by introduction of a Riccati equation, without the risk of windup.

A good choice of the Pd-matrix in SG is the stationary solution of the Riccati equation for the
corresponding Kalman filter. In case of non-stationary data, interpolation between different stationary
points could be used to control the convergence of P (k). In [9] SG is shown to be non-diverging under
lack of excitation. Characteristics of the convergence of P (t) to Pd have not yet been investigated.

5 Simulations-Stationary Excitation

The SG and NLMS algorithms have been evaluated on the 43-DOF (42 physical and modal DOF plus
one DOF from the low-pass characteristic model of the actuator) non-linear model using co-simulation
(involving softwares for control object and control system modelling) with the KF-based algorithm as a
reference. A static equilibrium linearisation was used to obtain the model Ĝ(q) for filtering of the reference
signal which is generated from the engine tacho-signal. The sampling interval is h = 10−3 seconds, and
P in (5) is set to 2. Investigation of the frequency contents of the total transmitted force reveals that the
three dominating orders respond to the major part of the output signal energy. Therefore, K = 3 in (4).

The engine is first subjected to the engine internal excitation corresponding to idle engine operation.
The NLMS adaptation gain γ is tuned for the parameter estimations to reach steady-state within 15
seconds while SG and KF are adjusted to give acceptable parameter steady-state variance. Thus, the
NLMS and KF algorithms parameters were chosen to be

γ = 0.02, R̂(k) = 1, Q̂(k) = I · 10−5

an Pd(k) in SG was set to the stationary solution to the KF Riccati equation using the above settings.
This value is also used as P (0) for both SG and KF.

To evaluate the convergence characteristics of the algorithms, estimations of the optimal parameter
values have been generated using fft -analysis based on yd(k), x(k), and Ĝ(q). This approximate method
does not give the exact optimal values but the results are good enough to be used in relative comparisons.
The parameter misalignment M(k) defined as

M(k) =
(θ0(k)− θ̂(k))T (θ0(k)− θ̂(k))

(θ0(k)T θ0(k))

has been used for evaluation of the overall convergence where θ0(k) are the the optimal parameter
estimations. To present the attenuation of the total transmitted force, the following frequency dependent
measure is defined

Attenuation(iω) =
|e(iω)| − |e0(iω)|

|e0(iω)| · 100
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where e(iω) represents the controlled output using fft and e0(iω) the corresponding uncontrolled output.
Thus, attenuation is the relative change expressed in percent and -100% means zero transmitted force.

Figure 6 presents misalignments for the algorithm settings given above and Figure 7 shows the corre-
sponding parameter estimations. The performance of SG is similar to KF and gives overall convergence
superior to the one of NLMS despite the fact the γ has been chosen too high for acceptable parameter
covariance.
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Figure 6: Misalignment for the excitation corresponding to idle engine operation condition.
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Figure 7: The recursively estimated parameters for the excitation corresponding to idle engine operation
condition.

A particular phenomenon detected is amplification of the total transmitted force outside the desired
frequency control bands. This appears eventually when increasing the adaption gain (γ or Q̂(k)). For idle
engine operation, order two corresponds to approximately 32 Hz and is effectively attenuated which is
demonstrated in Figure 8. However, from Figure 9, showing the corresponding time-dependent frequency
contents of the output for the NLMS simulation, it is clear how it is amplified for frequencies both below
and above order two. None of the algorithms exhibit perfect uniform parameter convergence. Yet, from
Figure 8 it is clear that SG and KF give a better result than NLMS in this respect.

6 Simulations-Transient Excitation

Dealing with the excitation corresponding to the acceleration and gear shifting operation, the maximum
speed of change of the engine rotational speed is approximately 360 rpm/second (without considering
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Figure 8: Attenuation of the individual orders evaluated using fft of the output e(k) over a sliding window.
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Figure 9: Time-dependent frequency contents of the output e(k), i.e. the total transmitted force, evalu-
ated using fft-analysis over a sliding window.

9



the engine speed variation during the actual gear shift operation). This implies time-varying optimal
parameter characteristics and a challenge for the various algorithms with respect to tracking. The adap-
tive FIR-filter settings P = 2 and K = 3 are still valid choices and have been used in the simulations
presented below.

In this study, tuning the algorithms is very prominently a question of balancing convergence against
variance. Figures 10, 11, and 12 show the misalignments, the attenuation of the second order, and the
parameter estimations when using constant gains γ = 10−3 and Q̂(k) = I · 10−7. Pd is interpolated
between the values of P (k) at the stationary points of the Riccati equation corresponding to 6 engine
rotational speed values between 30 Hz and 80 Hz.
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Figure 10: Misalignment for the excitation corresponding to the acceleration and gear shifting operation.
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Figure 11: Attenuation of the second order using fft of the output e(k) over a sliding window. The output
corresponds to the misalignments presented in Figure 10.

Similar to the experience from dealing with the idle engine operation, the convergence of SG exceeds
the one of NLMS for the same, or as here, even worse steady-state parameter variance. However, more
important is the observation of insufficient tracking capabilities when dealing with the transient charac-
teristics corresponding to the acceleration which is clear from Figure 11. SG give less amplification of
the output during the acceleration compared to NLMS, but still, this applies to all algorithms.

Attempts have been carried out with temporarily higher gains during the acceleration phase to deal
with the transient excitation. KF and SG with Pd-interpolation perform best and give similar behaviour,
but not even these are in the vicinity of being able to deal with this case. Apparently, in this applica-
tion, the adaptive filtering implies insufficient tracking behaviour to deal with the transient excitation
characteristics corresponding to rapid acceleration.
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Figure 12: The recursively estimated parameters corresponding to the misalignments presented in Fig-
ure 10.

During the car acceleration, the nominal level of the Tx-torque causes the engine suspension system
to exhibit non-linear behaviour due to the rubber bushing static stiffness properties [3]. To deal with
this problem using the adaptive filtering strategy investigated in this study, a non-linear or time-varying
filtering model of the engine and subframe suspension system is required. However, since the convergence
is too slow for dealing with this kind of transient phenomena anyway it is not a relevant approach and
the problem is left for future research.

For piecewise stationary excitation, e.g. corresponding to idle engine operation or any constant speed
cruising, the SG algorithm is easily adapted by adjusting Pd to suit the different conditions. This is done
by pre-calculating the stationary points to the Riccat-equation for different stationary engine rotational
speeds.

Figures 13, 14, and 15, present the result when only executing the algorithms during the near sta-
tionary time periods and when SG has been adjusted for the nearly piecewise stationary time periods
before and after the acceleration. During the acceleration, the controller is turned off. With respect to
convergence and variance trade-off, SG once again outperforms NLMS. Noteworthy, it even seems to give
slightly better performance than KF. For all algorithms, order one is found to be the one with quickest
convergence which limits the adaption gain. However, this is valid especially for the NLMS showing the
most non-uniform convergence characteristics, see Figure 15.
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Figure 13: Misalignment for the excitation corresponding to the acceleration and gear shifting operation
where the controller is turned of during the acceleration and the gear shift operation.

Simulations have also been carried out making use of a more detailed reference signal filtering model
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Figure 14: The recursively estimated parameters corresponding to the misalignments presented in Fig-
ure 13.
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Figure 15: Attenuation of the individual orders using fft of the output e(k) over a sliding window. The
output corresponds to the misalignments presented in Figure 13.
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(Ĝ(q) equal to a 85th order state-space model) incorporating subframe flexibility. The impacts on the
direction of the regressors did not have any noticeable effects on the performance, neither for NLMS nor
for SG. This is in accordance with the investigation of the effects of flexibility presented in Figure 5.

7 Conclusion

Active automotive engine vibration isolation from a structurally flexible frame is considered where the
adaptive filtering strategy widely used for active noise and vibration control has been adopted. Interpret-
ing the adaptive filtering problem as a recursive parameter estimation one, two specific cases of a general
Kalman filter based recursive estimation algorithm are compared. These are the well-known NLMS
algorithm and the recently suggested SG algorithm. Co-simulation incorporating a detailed non-linear
43-DOF dynamic model and measured engine excitation corresponding to two common but fundamentally
different operating conditions, is used for close evaluations of the algorithms.

For this application, it is demonstrated how SG and the Riccati equation associated with it implies
superior performance compared to NLMS in terms of trade-off between convergence and steady-state
parameter estimation variance. It is also shown how SG could be adapted to suit piecewise stationary
conditions.

None of the algorithms showed sufficient tracking behaviour to deal with transient excitation corre-
sponding to, for instance, rapid car accelerations. The adaptive filtering approach is pointed out as the
fundamental reason for this shortage. To overcome this, another strategy has to adopted where broad
band feedback control constitutes an alternative as suggested in [3].

The impacts of subframe structure flexibility on the performance has also been investigated. Not
surprisingly considering the limited effects on the open-loop transfer function, the flexibility is found to
be negligible. This is the case when making use of a force sensor for output signal measurements but not
likely the one when using acceleration feedback.
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