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Abstract—State estimation strategies are vital for
obtaining knowledge of a dynamic system’s state when
faced with limited measurement capability, sensor noise,
or uncertain system dynamics. The Kalman filter (KF) is
one of the most widely recognized filters and provides the
optimal solution for linear state estimation problems. The
smooth variable structure filter (SVSF) is a model-based
strategy that is also formulated as a predictor-corrector.
Despite being a suboptimal estimator, the SVSF is highly
robust to modeling uncertainties, errors, and system change.
The combination of the SVSF with the KF (SVSF-KF) results
in an adaptive estimation algorithm that provides an optimal
KF estimate in normal operating conditions, and a robust
SVSF estimate in the presence of faults or uncertainties.
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While effective in some cases, the SVSF-KF has been shown to suffer from several drawbacks associated with the
time-varying smoothing boundary layer (SBL) and adaptive gain used to detect system change. Several new approaches
have been proposed in recent years with the aim of improving the SVSF-KF’s performance. Among these approaches is

a novel gain formulation based on the normalized innovation

squares (NISs), while another makes use of the interacting

multiple model (IMM) framework. In this article, we review the newly proposed SVSF-KF formulations and compare their
performance on an electrohydrostatic actuator (EHA) test case.

Index Terms— Adaptive filtering, estimation theory, hydrostatic actuator, interacting multiple models (IMMs), Kalman

filter (KF), smooth variable structure filter (SVSF).

[. INTRODUCTION

TATE estimation strategies are required to obtain
Sinformation about a dynamic system’s state when sen-
sor measurements can only provide a noisy and limited
picture. The Kalman filter (KF), introduced in the early
1960s [1], revolutionized the field of estimation theory by pro-
viding the optimal solution to the linear stochastic estimation
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problem [2]. The KF has led to many important engineering
achievements in navigation, control, space flight, and other
areas [3], [4], [5].

The KF requires a linear mathematical model of the sys-
tem along with knowledge of its measurement and process
noise characteristics. The KF also assumes that both the
process and measurement noise are zero-mean and have
a Gaussian distribution, otherwise known as white. When
these conditions are met, the KF provides the online opti-
mal estimate of the states that minimizes the mean square
error [2], [6], [7], [8]. Significant development effort has
been directed toward the KF, with improvements to numerical
stability, extensions to nonlinear systems, and many other
enhancements [9], [10], [11].

In many real systems, a priori information about the under-
lying dynamics and noise is not known—or known only
to a limited degree. In addition, systems can undergo sud-
den changes and exhibit new dynamic characteristics—either
because they intrinsically operate in more than one mode,
or due to unexpected parameter changes or faults. The KF as
well as other estimators can often struggle in these situations,
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Fig. 1. Basic concept of the sliding boundary layer in SVSF [12], [20].

as their underlying mathematical representation of the system
is rendered inaccurate [12].

Robust and adaptive estimation techniques are specifically
designed for cases where system dynamics are uncertain
or may be subject to change. Robust estimation techniques
include the robust KF [13], Hoo methods [14], [15], variable
structure techniques [16], [17], [18], and others. In robust
estimation, the goal is to render the filter as resilient as possi-
ble to modeling uncertainties. Adaptive estimation attempts
to adjust the underlying filter dynamically in response to
modeling uncertainty and system change. Adaptive techniques
include online parameter estimation, automatic tuning of noise
parameters, gain adjustment techniques, and multiple model
methods [6], [7], [19], [20]. In multiple model methods, the
system is assumed to operate in one or more modes from a
set of different possible modes, with different frameworks for
choosing between and weighting the different modes.

A robust estimation algorithm termed the smooth variable
structure filter (SVSF) was proposed in 2007 [18]. The SVSF
is based on variable structure theory and sliding mode con-
cepts [21], [22], [23]. The SVSF uses a nonlinear switching
gain to drive the estimated states to a region around the true
states, termed the “existence subspace.” The width of this
subspace is unknown and varies with time—depending on the
underlying system and measurement uncertainties. If an upper
bound on these uncertainties can be determined, an upper
bound on the existence subspace can be calculated [18].
The SVSF is not an optimal filter; however, it is highly
robust to modeling uncertainties and system change [24],
[25]. A significant amount of research has been based on the
SVSF’s robustness to the presence of faulty conditions [18],
[24], [25], [26], [27], [28]. Fig. 1 illustrates the basic SVSF
concept.

Due to the nature of the SVSF’s switching gain, an artificial
noise known as chattering is introduced. While chattering is
observed both in the a priori and a posteriori estimates [29],
the a posteriori estimate is highly sensitive to the measurement
noise—with the estimated state converging to the measured

state. To limit these effects, a smoothing boundary layer (SBL)
is introduced such that estimated states within the SBL are
interpolated based on the ratio of the SBL width to the
a priori measurement error [24]. Outside the SBL, the full
nonlinear switching action is applied to ensure the stability
of the estimation process. By adjusting the SBL width, one
can control the overall smoothness of the estimate. Too large
of an SBL can result in filter divergence, while if too small,
renders the estimates sensitive to measurement noise [18],
[24], [28], [29].

The SVSF has been the subject of significant development
over the years, with numerous advancements. Some examples
include the derivations of a covariance term [28], [30], several
approaches to a time-varying SBL (VBL) [28], [29], [31],
[32], new methods to deal with missing measurements [29],
the derivation of a continuous-time SVSF, a square root SVSF
formulation [33], [34], a second-order SVSF formulation [26],
[35], [36], [37], as well as many other enhancements and
applications [27], [38], [39], [40], [41], [42], [43], [44], [45],
[46], [47], [48], [49], [50], [51], [52], [53], [54], [55], [56],
[571, [58], [59], [60].

One particular development is the SVSF with the KF
(SVSF-KF) [28]. The SVSF-KF is an adaptive hybrid estima-
tion strategy that attempts to provide the KF estimate during
normal system operation and the SVSF during a fault. The
SVSF-KF represents a powerful paradigm for many common
applications. A properly tuned KF can be designed for optimal
estimation during normal system operation, with the robust
SVSF being available as a backup during faults or system
changes [61], [62], [63], [64].

The original SVSF-KF strategy emerged from the derivation
of an optimal VBL [31]. It was discovered that integration of
the optimal VBL into the SVSF gain reduces the SVSF to the
KF [21], [28]. As a result, a hybrid adaptive gain switching
approach was proposed using the VBL as an indicator of
system change. During normal operation of the filter, the
VBL converges to a width related to the overall assumed
process noise. During a fault, however, the VBL begins to
grow. A threshold approach based on the VBL was used
to switch between the KF gain and the SVSF gain. This
approach was shown to be effective in several cases, and
multiple nonlinear extensions of the strategy have been put
forward [28], [37], [47].

In some of our related studies [65], we demonstrated that
the VBL may not always be the best mechanism for system
change detection. The overall VBL width is highly coupled
to the recent state estimate, such that when the SVSF gain is
activated in the presence of a fault, the VBL width will drop
well below the triggering threshold at the next timestep. This
results in the filter using the KF gain instead of the SVSF
gain, despite the continued fault condition.

We have put forth three alternative approaches to the
SVSF-KF algorithm that we believe solve these problems
and can offer superior performance. The simplest approach
keeps the adaptive gain switching structure of the SVSF-KF
and exchanges the VBL with a fading memory average of
the normalized innovation square (NIS), combined with a
hysteresis style threshold approach. The NIS are commonly
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used for monitoring system change [2], [6], [19], [66], [67]
and represent a simple and effective alternative to the VBL.
We have called this method the NIS SVSF-KF, which in
essence, makes use of a threshold-style approach to deter-
mining the presence or absence of a fault. In our second
two methods, we have opted for a multiple model approach.
In the first of these two methods, we use the framework
of the multiple model adaptive estimator (MMAE) [7], [20],
[26], [68], which takes a Bayesian approach to coordinate
weighting between two independent filters running in parallel
—in our case, the SVSF and KF. The second approach uses the
framework of the interacting multiple model (IMM) estimator
[19], [24], [68], which despite being more complex, has greater
dynamic capability. The two versions have been termed the
MMAE SVSF-KF and IMM SVSF-KF, respectively. Both
the MMAE and IMM approaches make use of a weighting
strategy to output estimates which are comprised of a weighted
combination of the filters running in parallel, as opposed to a
threshold approach like the NIS.

In this article, we seek to compare the performance of
all the SVSF-KF methods in a simulated electrohydrostatic
actuator (EHA) scenario. The EHA is a relatively new system
that uses a variable speed pump and associated hydraulics to
drive an actuator. The EHA has impressive performance char-
acteristics, capable of submicrometer control of loads in the
20-kg range [18], [36], [69], [70], [71]. Much of the academic
research into the SVSF has used the EHA as a benchmark test
case to demonstrate performance—particularly under various
fault regimes [18], [27], [29], [36], [40], [46], [48].

The novelty of this study lies in the fact that we extend
upon our previous studies in [72] by applying the proposed
SVSF-KF formulations on a real-life nonlinear experimental
setup: the EHA. Previously, the proposed SVSF-KF formula-
tions have only been demonstrated on a simple linear system
such as a damped harmonic oscillator. In those previous
studies, the fault cases covered were not as extensive as
those covered in our study. Furthermore, this study covers
a wider range of formulations, such as statistical-based hard
thresholding with the NIS, and mixed probability models such
as the MMAE and IMM formulations. Overall, the methods
proposed in this study, as will be demonstrated throughout
this article, result in improved fault detection capabilities
and overall performance compared to all previous studies on
the topic. Furthermore, it will be demonstrated within this
study that several limitations associated with the SVSF-KF
formulations can be addressed by the proposed thresholding
models, especially that of the high-frequency switching or
“chattering” problem.

This article is organized as follows. Section II provides
a brief overview of the SVSF with covariance and the
original SVSF-KF. In Section III, we outline the three new
SVSF-KF methods for implementation in the EHA simu-
lations. In Section IV, we provide a detailed overview of
the experimental simulations and implementation of the EHA
and SVSF-KF methods. The results of the simulation are
highlighted and discussed in Section V. Finally, in Section VI,
we present the overall conclusions of this research.

Il. REVIEW OF THE SVSF AND SVSF-KF

The linear system model and measurement model of the
SVSF can be seen in (1), where A is the system model matrix,
B is the input matrix, wy is the system model noise, x is the
state of the system, and k is the current timestep [17]

X1 = Axy + Buy 4+ wy. (1)

Nonlinear systems can be expressed as follows in (2), provided
that the system of interest is differentiable and observable:

Xir1 = F(rg, ug, wy). )

In either case, the measurement equation must be linear and
of full rank, and can be seen as follows in (3), where H is
the measurement matrix, v is the measurement noise, and z is
the system measurement:

zr = Hxp + vg. 3)

Reduced order methods, or artificial measurements, can
be used to generate a complete measurement matrix if
needed [18], [24], [28]. For the SVSF covariance calculations,
a linear system of the form (1) is required. For nonlinear sys-
tems, various techniques used for nonlinear Kalman filtering
can be adapted, such as the extended KF (EKF) and unscented
KF (UKF) [73].

The steps and equations that form the SVSF algorithm are
presented below [28]. Note that there are several differences in
this version of the SVSF, compared to the original—compared
to the originalwhich does not include a covariance. First,
an a priori state estimate is determined using an approximate
system model F and the previous a posteriori (or initial) state
estimate. The estimated a priori measurements Z,x are then
calculated

T = F(Fipe, ur) “
Ziv e = HX pq1k- )

The error of the estimated a priori measurements can then be
calculated by

€ =Tk — Lkt 1k 6)

The SVSF gain, K., is calculated based on the error of
the a priori and a posteriori state estimates. Thus, the a priori
state estimate is updated to the a posteriori state estimate using
the SVSF gain

X =xk+1|k+Kk+leZk+”k. (7)

The SVSF gain, which is derived based on a Lyapunov
condition which ensures the stability of the estimation process,
can be expressed as follows:

Ky = ﬁ+diag[(y|e1k\k| + |ezk+w< |) ° Sat(eszr”k, ‘I’)]
X [diag(emw)]q (8)

where * denotes the pseudoinverse, and o denotes the Schur
product. y is a diagonal scalar matrix such that 0 < y;; < 1.
Note the saturation term; for a priori errors smaller than
the SBL width W, the SVSF gain is interpolated. If the
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a priori error grows outside this bound, the full nonlinear
switching gain is used. The saturation function can be defined
element-wise for a given error vector e and SBL width ¥
as [18]

(Ei/wi), for|e,~/1ﬂ,~| <1
sati(e, ¥) =1

stgn(e,-/lp,-), for!e,-/1ﬁ,-| > 1.
The a priori and a posteriori covariances, P, can be cal-
culated at the same time, as the SVSF estimation process
does not intrinsically require a covariance. In the following
equations, I is the identity matrix, @ is the system noise

covariance, and R is the measurement noise covariance:

©))

P =APyAT 4+ Q, (10)
Pyt = I — Kep\ H)P (1 — K H)T
+ K1 RK], . (1)

The a priori measurements are then updated to the a
posteriori measurement by

Zirtph1 = HEjp1jq1- (12)

Subsequently, the error of the a priori estimate is updated to
the a posteriori error. The process then repeats iteratively

€ = 2k — Lkl (13)

In the VBL strategy proposed in [28], the SVSF covariance
is used to determine an optimal SBL width at each timestep.
Using the form of the SVSF gain expressed in (8), and
considering only the region within the saturation limits, the

SVSF gain can also be written as
K=H'Av"! (14)

where

A= diag[(}/|elk\k‘ + e1k+llk‘)]' (5)

Using the gain in the form of (14), the proposed optimal
VBL width is one which minimizes the trace of the a posteriori
covariance at each timestep. This was determined to be [28]

v — (AIHPk+1|kHT )_1
HP; 1 H" + R

The VBL directly implemented in the SVSF results in a
reduction to the KF; however, the VBL nonetheless provides
a useful indication of a system fault. During normal operation,
the VBL generally converges to a size proportional to the
amount of assumed process noise. In the presence of a system
change, the VBL will rapidly expand. The original SVSF-KF
exploits this feature to detect system changes. During normal
operation, the VBL is expected to remain bound within a
fixed region, and the KF gain is used. In the presence of a
system change, the VBL will begin to grow beyond this bound,
and the estimator switches to the SVSF gain. In setting up
the filter, the designer chooses a fixed VBL threshold that
will achieve the desired detection. However, as discussed,
the use of the VBL can result in inconsistent and unstable
switching between the KF and SVSF gain, resulting in poor
performance [65]. Furthermore, we refer the reader to [18]
and [21], [22], [23], for an overview of the guarantees for
nonsingularity of the SVSFE.

(16)

[1l. PROPOSED SVSF-KF APPROACHES

A. Normalized Innovation Square SVSF-KF

The innovation and innovation covariance are names for
two important terms that appear in many recursive estimators
such as the KF and SVSF (with covariance). The innovation
v represents the difference between the actual measurements
and the a priori estimate of the measurements. The innovation
covariance S characterizes the uncertainty in the measurement
predictions, as shown in the following equation:

Vip1 =2k — HAX 1k
Sis1 = HPipH" + Ryyr.

a7
(18)

The NIS SVSF-KF, as shown below in (19), uses the square
innovation vector at a given timestep, normalized by the
innovation covariance to detect system change

ry = v,{S;lvk. (19)

In a properly modeled system, under the assumption of white
Gaussian noise, a KF’s innovations have several important sta-
tistical properties, namely that they are white, have zero mean,
and have a known covariance [2]. When the filter model fails to
match the reality, the innovations will violate these conditions,
and in many cases, begin to grow. As a result, the innovations
are often used to detect filter divergence [6], [8], [19].

For improved robustness, a sequence of the innovation
history can be averaged using a fading memory technique.
This will help smooth out any noise in the innovations and
avoid false detections. In addition, to avoid an erratic switching
effect across a single threshold line, two thresholds with a
hysteresis approach can be arranged: a higher “on” threshold
such that false triggers of the SVSF are avoided, and a lower
“off” threshold, to be triggered once the innovations drop back
to normal.

The fading memory average of the NIS can be expressed
in (20) below as r [28]. The weights are determined by a
memory factor ¢« where 0 < o < 1, such that more distant
innovations are exponentially weighted lower

ry =orj_y +rg. (20)

In an optimally modeled filter, the distribution of fading
memory average of the NIS can be modeled as approximately
chi-squared with a number of degrees of freedom related to
the number of samples N, and « as follows [19]:

N
dofx = ——

o (21)

The thresholds can then be defined based on an appropriate
chi-squared tail probability. For example, a system with three
states and a memory factor of o« = 0.98, will result in an
expected chi-squared distribution with 150 degrees of freedom.
A tail probability of 0.001, reflecting an unexpected innovation

sequence, would translate into an “on” threshold of about 210.

B. Multiple Model Adaptive Estimator SVSF-KF

In the MMAE approach, a set of filters are run indepen-
dently and in parallel with each other. Each of the filters’
innovations and innovation covariances are used to calculate
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a Gaussian likelihood. Using a Bayesian framework, one can
assign a probability to each filter based on these likelihoods.
The MMAE provides a weighted sum of the individual filter
estimates as its final estimate. The MMAE SVSF-KF takes
this essential approach, using the KF and SVSF as the two
filters, yet both with the same internal models.

In the MMAE approach, the innovation and innovation
covariance of each individual filter is used to compute a
Gaussian likelihood f(;) x for each of i filters out of a set of
m filters as shown in (22) [2], [19]

Sk =

1
exp[__,,(,.),ksa;,ku([%k}. 22)
\/det(Qﬂ St k] 4ps) ?

Probabilities for each individual filter out of the total set of
filters can then be computed by the following equation:

__ JokPi k-1
Pirk = 7 .
ijz S kP k-1

The MMAE uses the computed probabilities to provide a
final weighted output estimate as shown in (24) below. Note
that the MMAE will require an initial probability for each
filter

(23)

m
RMMAEk+1 = D () kP k- 24)
-

One noted disadvantage of the MMAE is that it is better
suited to static systems [19], [20]. The MMAE generally
will converge to the most probable filter model with good
results. If, however, the system exhibits a switching behavior,
the MMAE can struggle to follow the mode transitions after
having converged fully to a prior mode.

To mitigate these effects in the case of the MMAE
SVSF-KEF, several ad hoc modifications are made. An artificial
lower bound on the individual filter probabilities is set, so no
one individual filter probability goes to zero. In addition, upon
switching to the SVSF estimate, the internal KF estimate is
reset using the SVSF state estimate and initial covariance. This
affords the opportunity for the MMAE SVSF-KF to eventually
switch back to the KF estimate following a system’s return
to normal operation. To avoid unwanted excessive switching
while an actual fault is present, a counter can be used so that
the resetting action is only executed after a designer-specified
interval.

C. Interacting Multiple Model SVSF-KF

In the IMM SVSF-KF, we use the IMM framework [19] to
coordinate between the KF and SVSF estimate. In a typical
IMM approach, multiple system and noise models are defined
across the range of possible system behavior. The IMM
assumes that the transition from one system mode to another is
a Markov process with known, time-invariant, mode transition
probabilities. A principal advantage of the IMM is its ability
to dynamically identify and switch to the most likely system
modes [19].

The IMM algorithm has five basic steps to its recursion,
followed by a final output update [19], [28], [74]. First, the
mixing probabilities w;;xx are calculated by (25) — i.e., the

probability that the system was in mode M; at the previous
timestep and in mode M; at the current timestep, where

i,j=1,...,m for m number of possible modes
Miljklk = — PijMik (25)
Cj
=D pijlik (26)
i=1

where p;; is the mode transition probabilities, u; x is the mode
probability from the previous timestep, and ¢; is a normalizing
constant.
Then, the mixing probabilities are used to calculate the
mixed initial conditions for the state estimate and covariance
m
Xojuk = Zfz‘,k\kui\j,k\k

i=1

27)

m
~ ~ ~ ~ ~ ~ T
POj,klk = E Mi|j,k|k{Pi,k|k+(xi,k\k _XOj,k\k) (xi,k\k_XOj,klk) }
i=1

(28)

where X; yx and 13,~_,k|k are the mode-matched state and covari-
ance estimate from the previous timestep.

The initial conditions are then used for mode-matched
filtering — they are used as inputs to each individual filter
along with the current measurement z; and input u;. Each
filter provides an updated mode-matched state and covariance
estimate, X; +1k+1 and Isi,k+1‘k+|, respectively.

A likelihood function based on the Gaussian assumption is
defined for each filter, based on the mode-matched innovation
and innovation covariance

Ajisr = N(ze; vyt Sjket) (29)
which can be computed as follows [2], [19]:

1

\/det(2n|Sj,k+1 |ABS

-1

1
Njr+1 = ) eXP[_E“j,k+1sj,k+lvj,k+1}'

(30)

The computed likelihoods are used to update the mode
probabilities

Hjktt = —Ajeni€; (€29)
c= ZAMHE].. (32)
i=1

Finally, the output state and covariance are updated as a
weighted sum of the mode-matched estimates and associated
mode probabilities as follows:

m
Xkl k1 = E Xk k1M j k41 (33)

=1
m
Pisijk+1 = Z/Lj,k+1{1’j,k+1\k+1 + (%) k11
=1
A A ~ T
_xk+1|k+l)(xj,k+1\k+l - xk+1\k+1) }

(34)
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|r5upply _: Actuation | TABLE |
| Module | Module | PARAMETER VALUES FOR THE EHA TRANSFER FUNCTION
| Accumulator Pressure| |
I \ Sensm:' l : Symbol Quantity Value
I ilfers Iy
| Speed v ¢ M l | I D, Pump Displacement 1.69x107 m*/ rad
| O . Salety : Be Effective Bulk Modulus ~ 1.5x10% to 2 x 10% Pa
I Feedback L - I As  Piston Area 5.05%10% m?
I | I M Load mass 20 Kg
| - i | A Chamber volume 6.85x10°5 m’
I Control Y T | | Bg Load friction 760 Ns/m
: A Command T ¢ r:‘ | L Leakage Coefficient 2.5x10" m’ / Pa - s
i Case drain —¢—% ‘
I 7 Py l
' =t
I Pl Position I .
p | Two models were presented, one for normal EHA operation
I Sensor | p P
_________________________ =1 [~—" (Ay), and the other reflecting modeling uncertainty (A;).
[ | We shall use these system models in our simulations to
Load

Fig. 2. Sample schematic of the EHA under study.

In the IMM SVSF-KF, the two modes are, to reiterate, the
KF and SVSF. Unlike typical IMM implementations, however,
both filters use the same essential model and noise statistics.
The intrinsic distinctions in performance between the two
filters in cases of normal operation versus a fault allow the
IMM to identify the more likely filter.

IV. EXPERIMENTAL SIMULATIONS

For the purposes of demonstrating and comparing the
different SVSF-KF algorithms, we shall examine the electro-
hydrostatic actuator problem, one of the popular benchmark
problems for the SVSF. The EHA is a high-performance actu-
ation system that uses an electric variable-speed bidirectional
pump to propel hydraulic oil into or out of two chambers on
either end of a piston within a hydraulic cylinder. The resulting
pressure differences drive the movement of a shaft and load
coupled to the piston. By controlling motor/pump speed and
direction, extremely high precision (submicrometer) control of
even large (~20 kg) loads can be achieved [18]. A schematic
of the EHA under study can be seen in Fig. 2.

Based on theoretical considerations and experimental stud-
ies [70], and using the parameter definitions and values in
Table I, the following third-order transfer function can be used
to model the EHA dynamics [18]:

2Dp,3eAE
x(s) MV

) 2%+ B s ()

(35)

In [18], a discrete time state space model for the EHA
was presented based on a measurement interval of 1 ms. This
model represents three states of the EHA’s output actuator,
position, velocity, and acceleration as follows:

X1 =x (36)
dx 37)
Xy = —
*T dr
d*x
X3 = ﬁ (38)

reflect normal operation and sudden system changes. The
modeling uncertainty that arises in this experiment is attributed
to simulated sudden changes in the parameter values of the
EHA, as outlined in Table I [28]. While this is an artificially
simulated scenario, the possible faults or uncertainties that may
occur in practice can exhibit similar effects to the approach
we are adopting to simulating such adverse effects

[ 0.001 0

Ay = 0 1 0.001 (39)
| —557.02 28616 0.9418
)

B=| 0 (40)
| 557.02
T 1 0.001 0

A= 0 1 0.001 1)
| 240 28 0.9418

We assume process and measurement noise sequences,
w and v, in our simulations to be Gaussian, zero
mean, and defined by the following covariance matrices,
respectively [28]:

1 x 1072 0 0

0= 0 1 x1073 0 (42)
0 0 1x 107!
1 x 1074 0 0

R = 0 1x1072 0 (43)
|0 0 1

All filters are provided with the same values of Q and R. The
initial covariance P, was set to 10Q. The system shall be
excited by a Gaussian random input sequence with amplitudes
normalized between —1 and 1 rad/s.

The SVSF estimate uses a filter convergence rate of
y = 0.1 and a fixed SBL width defined as

0.05
0.5
5

which is determined based on the overall distribution of the
measurement noises [28]. For the SVSF-KF, the VBL limit
was set to 0.3 and based on the position estimate. This value
was determined by an initial trial and error analysis of the
VBL response to the fault.

- (44)
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For the NIS SVSF-KF, the memory factor o was set to
0.98. Per (21), this means the nonfault NIS should have
an approximate chi-squared distribution with 150 degrees of
freedom. The values of 210 for the “on” threshold and 180 for
the “off” threshold were chosen and reflect tail probabilities of
0.001 and 0.05, respectively. In the temporary modeling case,
the memory factor was reduced to 0.85, to reduce the weight
on older estimates and increase the responsiveness to detecting
the end of the fault. To this effect, “on” and “off” thresholds
of 40 and 24 were chosen, reflecting tail probabilities of
approximately 0.005 and 0.45 in a 20-degree-of-freedom chi-
squared distribution.

For the MMAE SVSF-KEF, initial filter probabilities were
set at 0.95 for the KF and 0.05 for the SVSF. The likelihood
function (22) was only computed for the position state, as from
initial testing seemed to be the best indicator of fault. For the
temporary modeling change case, an artificial lower bound
on the KF probability estimate was set at 0.01, with a reset
counter of 30 timesteps.

As for the IMM SVSF-KEF, initial mode probabilities were
set to 0.95 and 0.05 for the KF and SVSF, respectively. In addi-
tion, the likelihood function (30) was only used with respect
to the position state to avoid numerical stability issues. The
Markov transition probability matrix was defined as follows:

1099 0.01
P=loo1 099 ]
For our benchmark comparison, we shall use three test
cases.

(45)

1) Case One: Permanent modeling change. The system
suddenly switches from model A to A, after 0.5 s. All
filter models continue to use the incorrect A; model.

2) Case Two: Temporary modeling change. The system
suddenly switches from model A; to A, after 0.25 s
and then back to Ay at 0.75 s. In this case, the filter’s
internal model will only be correct prior to 0.25 s and
after 0.75 s.

3) Case Three: Permanent modeling change with step
input. The system suddenly switches from model Aj
to A, after 0.5 s. At the same time, the system receives
a large step input, onto which the original random input
signal is superimposed. This serves to exacerbate the
effect of the modeling error.

These test cases are used to evaluate the filter performance
based on the following four metrics: the total root mean square
error (RMSE) for each state estimate, the prefault RMSE, the
fault RMSE, and the postfault RMSE for the case of temporary
modeling change.

V. RESULTS AND DISCUSSION

A. Case One: Permanent System Change

In this section, we describe the results of the simulations
where a permanent system change is induced halfway through
the simulation. The estimation performance of the KF and
SVSF filters across all three states can be seen in Fig. 3. From
this figure, it can be clearly seen that the position estimate of
the KF begins to diverge from the measured state soon after the
system change occurs at 0.5 s. In contrast, it is also apparent
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Fig. 3. Measured and estimated states from the KF and SVSF-KF in
case one.
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Fig. 4. Measured and estimated state from the KF and VBL-based
SVSF-KF in case one.

from Fig. 3 that the SVSF’s estimates are robust to the system
change and exhibit superior performance in estimating the true
state in comparison to the KF. Otherwise, the velocity and
acceleration states do not convey any qualitative information
about the filters’ performances.

In Fig. 4, the estimates determined by the VBL-based
SVSF-KF are shown alongside the KF estimates and measured
states. It can be easily observed from this figure that the
SVSF-KF faces difficulty in maintaining a stable estimate of
the position upon the introduction of a fault or system change.
Regardless of this observed chattering behavior, it is clear
to see that the SVSF-KF is still more robust in detecting
faults upon their occurrence. Upon closer look at the VBL’s
width and gain activation plot in Fig. 5, the reason behind
this chattering effect is revealed. Despite the VBL'’s ability
to readily detect the system change and grow beyond the set
threshold, the frequent dropping of the VBL after each gain
switch further aggravates a high-frequency switching between
the two gains. As a result of this high-frequency switching,
the overall effect is a degradation in estimation performance.
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Fig. 6. Measured and estimated states from the three newly proposed
SVSF-KF methods in case one.

The three newly proposed SVSF-KF estimates are plotted
in Fig. 6. From this figure, it is evident that all three filters
provide a relatively robust estimate of the true state as inferred
from the fact that they are hardly distinguishable from one
another. Examining the NIS SVSF-KF’s performance further,
the NIS of its position estimate and corresponding gain acti-
vation plot is plotted in Fig. 7. As can be seen in the figure,
the NIS appears to be able to detect the presence of the fault
and grow beyond the switching threshold after the 0.5-s mark.
Furthermore, the NIS SVSF-KF’s switching gain is able to
immediately activate and steadily maintain steady operation
of the SVSE. As a result, the chattering effects previously
observed from the VBL-based SVSF-KF are minimized if not
eliminated, mainly thanks to the fact that the high-frequency
switching behavior to and back from the KF is no longer
present. A limitation that can be observed, however, is the
fact that the switching to the SVSF is slightly delayed from
the actual presence of the fault by approximately 40 ms.

In terms of the MMAE SVSF-KF, the probability of each fil-
ter being activated is plotted in Fig. 8. The MMAE SVSF-KF

(bottom) in case one.
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Fig. 8. Internal filter probabilities of the MMAE SVSF-KF in case one.

is shown to be able to accurately determine that the KF is the
favorable filter prior to the occurrence of a fault. Furthermore,
from the figure, it is shown that the filter is able to detect the
fault, and in turn favor and switch to the SVSF. Similar to
the NIS approach, the MMAE approach is able to maintain
steady operation of the SVSF without any frequent switching
to the KF whatsoever. One drawback of the MMAE approach,
however, is that it is slower in reacting to the fault, requiring
approximately 90 ms and subsequently rendering it slightly
more than two times slower than the NIS approach.

The mode probabilities of the third and final model, the
IMM SVSF-KEF, are shown in Fig. 9. While the mode probabil-
ities determined by the IMM method may seem noisy, they are
generally able to correctly weigh the KF and SVSF for prior to
and after the fault, respectively. However, from the figure, the
IMM approach tends to display jerky behavior at certain points
of the simulation quite often. This can be observed by the less
optimal filter for the normal or faulty condition, i.e., the SVSF
and KF, respectively, is triggered momentarily. Otherwise, the
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Fig. 9. Internal filter probabilities of the IMM SVSF-KF in case one.
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TABLE II
RMSE RESULTS OF FILTERS UNDER CASE ONE CONDITIONS
NIS MMAE IMM
SVSF- SVSF- SVSF- SVSF-
KF SVSF KF KF KF KF
Pos 0.0047 | 0.0031 0.0032
Vel 0.0469 0.0393
fali} Acc 0.9779 | 0.7360 0.7354 | 0.7506
Pos | 0.0174 0.0146 | 0.0051 | 0.0057
Vel 0.0934 | 0.0473 | 0.0834 | 0.0480 | 0.0499
Fault | Acc | 0.9039 | 0.8637 | 0.9301 | 0.8475 | 0.8464
Pos | 0.0152 | 0.0060 | 0.0131 | 0.0054 | 0.0061
Vel 0.0879 | 0.0600 | 0.0796 0.0567
Total | Acc 1.0307 | 1.1525 | 1.0525

IMM SVSF-KF is able to detect and react to the change in
roughly the same time as the NIS SVSF-KF.

A Monte Carlo simulation was carried out with 500 runs,
and the quantitative results from this simulation are presented
in Table II, whereby the RMSE value for each estimated state
is shown, and each filter’s performance is broken down into
prefault, postfault, and total RMSE values. A color-coded
heatmap based on the percentile of the results is implemented
in the table to simplify the analysis of the results. Specifically,
the highest performances (90th percentile) are shaded in green,
followed by a shade of yellow for mid-tier performance (50th
percentile), and finally by a shadow of red for the worst
performance (tenth percentile). The units for the position,
velocity, and acceleration errors are m, (m/s), and (m/sz),
respectively.

Several observations and inferences can be made regarding
the performance of each filter upon examination of Table II.
First, it can be observed that the KF displays the lowest error in
the prefault stage of the simulation for all three states, tied with
the NIS SVSF-KEFE. This superior performance does not extend
into the faulty stage of the simulation, which clearly shows the
KF estimate errors deteriorating, ultimately resulting in one
of the lowest total RMSE scores of all the filters. As for the
SVSE, poor performance is demonstrated in the prefault stage,

with significantly improved performance during the fault stage.
However, the total of the RMSE of the SVSF is still within
the lowest quintile. As for the SVSF-KF, average performance
is apparent in the prefault stage compared to the KF, with the
same poor performance during the system change and overall.

When examining the RMSE of all three newly proposed
SVSF-KF approaches, a clear improvement in performance
can be seen across all stages of the simulation when compared
to the KF, SVSF, and SVSF-KF. Overall, it can be argued that
the NIS SVSF-KF demonstrates the best performance across
all stages of the simulation. The MMAE SVSF-KF shows
slight degradation in performance when the fault is introduced,
but still maintains low total RMSE values. As for the IMM
SVSF-KEF, it demonstrates the best performance in the pres-
ence of a fault, but at the cost of degradation in performance
prior to the fault. By taking the average total RMSE across
all three states for the filters, the NIS SVSF-KF represents an
improvement of 19% in average total RMSE compared to the
worst-performing filter, the KF. Compared to the SVSF-KF,
the NIS-SVSF-KF represents an 8% improvement in average
total RMSE.

B. Case Two: Temporary Fault Condition

In the second case of experimental simulations, the EHA
suddenly switches to the alternate faulty system at t = 0.25 s,
and switches back at t = 0.75 s to the normal system
conditions. This test is more difficult as it requires each filter to
detect the onset of the system change, as well as its conclusion.
The state estimates for this scenario determined by the general
KF and SVSF are plotted in Fig. 10. From the figure, similar
observations can be made to the previous case, in that the KF
begins to exhibit noticeable divergence in its position state
estimate upon the introduction of the fault at 0.25 s. The KF
is able to recover upon the conclusion of faulty conditions
to yield an accurate estimate. As for the SVSF, it can be
seen to present robust estimation performance even during the
presence of fault, and throughout the entire simulation.

The state estimates from the VBL-based SVSF-KF are pre-
sented in Fig. 11. In the figure, specifically from the estimate
of the position state, it is clear that the SVSF-KF can detect the
fault rather quickly and attempt to adapt. Similarly, the conclu-
sion of the fault is also detected, and the filter is able to revert
back to its original operation. However, as in the previous
case, the SVSF-KF begins to display some chattering when it
attempts to account for and act in the presence of the system
fault. Otherwise, no observable difference in performance is
visible in the estimates of the velocity and acceleration states
between the two filters. By inspecting Fig. 12, the cause of
the chattering in the SVSF-KF estimate can be attributed to
the same high-frequency switching behavior of the activation
gain during the presence of the fault. Regardless, it is also clear
from Fig. 12 that the SVSF-KF can instantaneously detect the
presence and subsequent absence of the fault with no delay.

The three new SVSF-KF formulations and their state esti-
mates are shown in Fig. 13. In this figure, all three of the
approaches display robust performance throughout the entire
simulation, despite the presence of the temporary fault. In fact,
other than a slight deviation by the MMAE SVSF-KF at the
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Fig. 10. Measured and estimated states from the KF and SVSF-KF in
case two.
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Fig. 11.  Measured and estimated state from the KF and VBL-based

SVSF-KF in case two.

moment the fault is introduced at 0.25 s, the performances of
all three filters can barely be distinguishable from one another
and all are able to maintain accurate estimates with no sign
of divergence, unlike with the previous KF simulation.

Fig. 14 shows a plot of the NIS of the position estimate as
well as a plot of the NIS SVSF-KF activation gain. Within
these plots, it is evident that the NIS SVSF-KF is able to
instantaneously identify the presence of the fault without delay,
and steadily maintain its gain activation accordingly for most
of the fault’s duration. Similarly, the NIS SVSF-KF is shown
to detect the passing of the fault, with a short delay of approx-
imately between 10 and 15 ms. However, the NIS SVSF-KF
does exhibit brief drops in the activation gain halfway through
the fault’s duration. As a result, there is a temporary switch to
the KF gain instead of the more robust SVSFE. This particular
behavior is not considered desirable, and deemed by the
authors to be possibly a result of improper tuning of the

s RN i
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Fig. 12.  VBL width for the position state (top) and gain activation plot
(bottom) in case two.

Measurement
—_— | NIS SVSF-KF
) MMAE SVSF-KF | . /4

Vel (m/s)

Acc (m/s?)

2000 L . 1 L 1 L 1 L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time (s)

Fig. 13. Measured and estimated states from the three newly proposed
SVSF-KF methods in case two.

fading memory parameter «. Thus, further improvements in
performance may be realized by improved tuning practices and
even possibly by adjustments to the switching thresholds. The
NIS SVSF-KF still, however, exhibits overall consistent use of
the SVSF gain appropriately and without the high-frequency
switching exhibited by the VBL-based SVSF-KF.

The plots of the MMAE and IMM internal filter mode
probabilities are shown in Figs. 15 and 16, respectively. From
these two figures, it is clear that both the MMAE and IMM
SVSF-KF are able to instantaneously detect the presence of
the system fault and adjust accordingly. However, when the
fault is no longer present, the MMAE SVSF-KF is not able to
respond and switch back to the KF gain as rapidly as the IMM
SVSF-KF or the NISSVSF-KF. Overall, the NIS approach had
the fastest reaction of approximately 10-15 ms, then the IMM
SVSF-KF with a reaction of 20 ms, and finally the MMAE
SVSF-KF with a reaction time of 50 ms. It is worth noting
that despite its other limitations, the SVSF-KF is fastest in
reacting to the passing of the fault, doing so instantaneously.

The RMSE results of each of the studied filters are presented
in Table III. As in the first simulation case, the RMSE results

Authorized licensed use limited to: McMaster University. Downloaded on February 27,2025 at 17:00:58 UTC from IEEE Xplore. Restrictions apply.



GOODMAN et al.: COMPARISON OF SVSF-KF ADAPTIVE ESTIMATION ALGORITHMS

2915

300 T T T T
‘ [l | ‘ | | NIS

250 - [ ] \ (| | ||~ oN Threshold ||

| OFF Threshold

200 - [ I |

150 -

NIS (pos)

100 -

50 |-
A Ao
h I

0

0 0.1 0.2 03 0.4 0.5 06 0.7 0.8 0.9 1

SVSF -

Activated Gain

|
KF I . I . 1 L . L I
o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time (s)
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Internal filter model probabilities of the MMAE SVSF-KF in

are tabulated for each of the three states during the prefault,
fault, and postfault stages. It can be seen from this table that
the KF, unlike in the previous simulations, does not exhibit
superior performance in the prefault stages, and instead the
NIS SVSF-KF and IMM SVSF-KF exhibit the best prefault
RMSE values. When the fault is introduced, the SVSF is
shown to have the lowest and most favorable RMSE values,
followed closely by the IMM SVSF-KF and NIS SVSF-
KF. However, this superior performance does not warrant
the SVSF favorable as its state estimates in the prefault and
postfault stages are in the lowest percentile across all filters.
A similar trend is apparent with the SVSF-KF, except that the
superior performance is exhibited in the postfault, and not the
prefault and fault stages. Overall, the original KF, SVSF, and
VBL-based SVSF-KF demonstrate some of the lowest RMSE
values when compared to the three newer SVSF-KF strategies.

Of the three newly proposed SVSF-KF strategies, as pre-
viously mentioned, the NIS SVSF-KF and IMM SVSF-KF
exhibit the lowest RMSE values during the prefault stage.
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Fig. 16.  Internal filter mode probabilities of the IMM SVSF-KF in
case two.
TABLE Il
RMSE RESULTS OF FILTERS UNDER CASE TWO CONDITIONS
NIS MMAE IMM
SVSF- SVSF- SVSF- SVSF-
KF SVSF KF KF KF KF
Pos | 0.0094 | 0.0047 | 0.0082 0.0044
Pre -
| vel | 00623 | 00470 | 00581 0.0461
Adcc | 08054 | 09235 | 08176 1.6108 | 0.8001
Pos | 0.0167 0.0141 | 0.0052 | 0.0049
Fault | por | 0.0900 0.0809 | 0.0482 | 0.0516
Acc | 0.8939 | 0.8650 | 09198 3.0676
Pos 0.0047 0.0034 | 0.0033
Post -
ol | Vel 0.0471 0.0397 | 0.0404 | 0.0401
Acc 0.9816 0.7596 | 0.8413 | 0.7737
Pos | 0.0145 | 0.0060 | 0.0125 0.0059
Toal 4y | 0.0848 | 0.0600 | 0.0770 0.0591
Acc | 1.0276 | 1.1556 | 1.0451 3.1980

Furthermore, these two methods also result in the two low-
est total RMSE values in the overall simulation. Upon the
occurrence of the fault, the IMM SVSF-KF’s performance is
slightly more favorable than the NIS SVSF-KF by an average
RMSE of just 1%. In the postfault stage, the NIS-SVSF-KF
shows superior performance than the IMM SVSF-KF. As for
the MMAE SVSF-KEF, its performance across all stages of the
simulation is inferior to that of its NIS and IMM counterparts.
Thus, it can be concluded that the NIS SVSF-KF once more
demonstrates the most effective estimation performance across
all filters studied. The NIS represents an average total RMSE
improvement of 6% over the SVSF-KF and less than 1% than
the IMM SVSF-KF.

C. Case Three: Temporary Fault With Concurrent Step
Input

In the third simulation scenario, the conditions are almost
identical to that of the first case, except for one slight dif-
ference. In this experiment, a unit step input is superimposed
onto the original input signal at the time the system uncertainty
is introduced halfway through the simulation. The purpose of
doing so is to exacerbate the effect of the system uncertainty
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Fig. 17. Measured and estimated states from the KF and SVSF-KF in
case three.

and observe the resultant effect on the performance of the
different filters.

In Fig. 17, the KF performs poorly when faced with the
structural uncertainty and unit step input at 0.5 s. In fact, the
KF performs significantly worse than the two previously stud-
ied cases when observing the position state estimate. As such,
it can be inferred that the KF’s performance degradation is
exacerbated by the severity of the uncertainty encountered. The
SVSEF, in contrast, manages to maintain a relatively accurate
estimate across all three states. It is interesting to observe that
in this scenario, the KF’s velocity estimate begins to diverge
from the measured state. This is an event that has not occurred
in the previous two cases studied and further supports the
inferences regarding the KF’s worsening performance in the
face of increasingly severe faults.

The VBL-based SVSF-KF state estimates are plotted in
Fig. 18, which demonstrate the same chattering behavior in
the position state as in the previous two cases. This deteri-
oration in the state estimate is confirmed to be a result of
the high-frequency switching commonly experienced by the
VBL-based approach, as can be seen in the plot of the
gain activation in Fig. 19. In this case, the degradation of
performance is further exacerbated by the unit step input,
which results in the increased amount of chattering observed
from Fig. 18.

The estimates of the three newly proposed SVSF-KF
approaches under the step input conditions are plotted in
Fig. 20. It is clear from this figure that all three newly
proposed methods are able to robustly deal with the structural
uncertainty despite being exacerbated further by a unit step
input. In fact, there is no divergence visible by either the NIS,
MMAE, or IMM SVSF-KF when qualitatively examining all
three state estimates from Fig. 20. Upon further examination
of the activation gain of the NIS shown in Fig. 21, it can be
seen that it is capable of detecting the fault and switching
to the SVSF within 10 ms of its occurrence in a steady and
stable fashion. This also holds true for both the MMAE and
IMM approaches, as seen in Figs. 22 and 23, respectively,
which both manage to detect the fault in the same amount
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Fig. 18. Measured and estimated state from the KF and VBL-based
SVSF-KF in case three.
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Fig. 19. VBL width for the position state (top) and gain activation plot
(bottom) in case three.

of time. Surprisingly, both approaches seem to display steady
maintenance of the SVSF mode without any of the exuberant
characteristics observed in previous cases. Furthermore, it is
also interesting to note that IMM SVSF-KF exhibits more
stable switching behavior during the exacerbated fault than
it does prior to the fault’s occurrence. A possible inference
can be made that the IMM approach may perform better in
more severe circumstances and scenarios.

The RMSE results of the third case are presented in the
estimates of the three newly proposed SVSF-KF approaches
under the step input conditions are plotted in Fig. 20. It is
clear from this figure that all three newly proposed meth-
ods are able to robustly deal with the structural uncertainty
despite being exacerbated further by a unit step input. In fact,
there is no divergence visible by either the NIS, MMAE, or
IMM SVSF-KF when qualitatively examining all three state
estimates from Fig. 20. Upon further examination of the
activation gain of the NIS shown in Fig. 21, it can be seen that
it is capable of detecting the fault and switching to the SVSF
within 10 ms of its occurrence in a steady and stable fashion.
This also holds true for both the MMAE and IMM approaches,
as seen in Figs. 22 and 23, respectively, which both manage to
detect the fault in the same amount of time. Surprisingly, both
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Fig. 20. Measured and estimated states from the three newly proposed
SVSF-KF methods in case three.
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approaches seem to display steady maintenance of the SVSF
mode without any of the exuberant characteristics observed
in previous cases. Furthermore, it is also interesting to note
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Fig. 23. Internal filter mode probabilities of the IMM SVSF-KF in case
three.

TABLE IV
RMSE RESULTS OF FILTERS UNDER CASE THREE CONDITIONS

Pre -
fault

0.7055 0.2650
Fault | pey 3.5475 1.0599 0.0503
Acc 20.8860 9.2761 0.8304

Pos 0.5270 | 0.0060 | 0.3063 0.0068 | 0.0059
Total | yef 2.6497 | 0.0600 | 1.1991 0.0595
Acc 15.5445 | 1.1148 | 10.5281 0.9962

that IMM SVSF-KF exhibits more stable switching behavior
during the exacerbated fault than it does prior to the fault’s
occurrence. A possible inference can be made that the IMM
approach may perform better in more severe circumstances
and scenarios.

Table IV, following the same procedures previously dis-
cussed to color the results based on a heatmap of performance
percentiles. As expected, the KF performs well only during
the prefault stages, with performance comparable to that of
the NIS SVSF-KF in the same stage. In the fault stage,
this performance does not last and instead, the KF fails to
perform as well as other filters, as expected. The SVSF
displays the opposite performance than the KF, performing
poorly prior to the fault, and exceptionally well during the
fault. As for the SVSF-KEF, it displays effective performance
in the prefault stage but does not perform as well as the
SVSF during the presence of the fault. Similar to the pre-
vious cases and as would be expected at this point of the
analysis, the three newly proposed SVSF-KF methods exhibit
the lowest RMSE values of all the filters studied. Overall,
however, it is the NIS SVSF-KF that shows the best perfor-
mance across all states and operating stages. The improvement
of the average total RMSE value of NIS SVSF-KF over
the SVSF-KF and IMM SVSF-KF is 92% and 1.5%,
respectively.
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VI. CONCLUSION

The SVSF-KF is an adaptive estimation strategy that pro-
vides an optimal KF estimate during normal system operation,
and a robust SVSF estimate in faulty conditions. However,
the SVSF-KF has been shown to have limitations in its
performance, largely due to the VBL-based gain adaptation
method used to switch between the two filters. In response,
this article presents three new approaches, termed the NIS
SVSF-KF, MMAE SVSF-KF, and IMM SVSF-KF, with the
goal of addressing the issues encountered by the VBL-based
gain adaptation. An experimental simulation is conducted
to observe the estimation performance of the three newly
proposed approaches in comparison to the KF, SVSF, and
VBL-based SVSF-KFE. The simulations involve an electro
hydrostatic actuator test case which is subject to a fault at
certain points of the simulation.

The newly proposed SVSF-KF approaches have been
proven to outperform the original VBL-based SVSF-KF
approach, as well as the original standalone KF and SVSFE
Namely, it was shown that the proposed NIS SVSF-KF
can address and minimize the effects of chattering generally
observed by the VBL SVSF-KF. Furthermore, we demon-
strated that the NIS SVSF-KF exhibits the best overall
performance in estimating the states of the EHA under faulty
conditions, followed by the MMAE and IMM SVSF-KF.
Despite these results, however, each of the newly proposed
methods was associated with its own advantages and limita-
tions. The NIS approach, for example, requires careful tuning
and selection of the fading memory parameter, as well as
the switching thresholds. In this respect, depending on the
circumstances and application, the IMM approach may be a
more suitable choice in more stringent cases. Another main
limitation of both the IMM and MMAE approaches is the fact
that a combined weighting of the SVSF and KF estimates was
often used when it was optimally desired to have just one or
the other.

Future study will involve investigating modification of the
MMAE and IMM approaches, forcing them to apply full
weight to the filter or mode identified to be the most likely
mode, instead of allowing for a combined weighting scheme.
Furthermore, future studies will also include a full exposition
of the performance of the proposed strategies with other pop-
ular adaptive estimation strategies found the in literature. This
comparative study will consider aspects such as convergence
speed, computational complexity, accuracy, and performance,
as well as a full investigation into the effects related to
parameter uncertainties through a thorough sensitivity analysis
study.
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