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ABSTRACT- Spring-mass-damper (SMD) systems are
considered a benchmark setup in vibration-based systems.
The system is considered linear for certain ranges during
an excitation. For a simple system, the model is considered
a second order system with one of the following
behaviours for an impulse/unit input: exponential,
sinusoidal, polynomial, or combined from the previous
performances. The performance depends highly on the
values of the parameters including the values of the mass,
spring constant, and viscous damper coefficient. In this
brief paper, one of the new promising filtering techniques,
referred to as the sliding innovation filter (SIF), is used to
estimate the system trajectories including the position and
velocity. The filter is known for being robust and stable
when system parameters change, which makes it a suitable
candidate when the SMD system crosses the ranges of its
linearized model or one of the parameters changes
significantly. To complicate the case, only one state is
assumed to be measured, which is the position. In this
paper, a revised formulation of the SIF with the Luenberger
method is introduced for cases with fewer measurements
than states. The results are compared with the well-known
Kalman Filter (KF). The results demonstrate that the
proposed filter works well with the presence of
uncertainties.

KEYWORDS- Luenberger method, KF, SMD, SIF,
uncertainties.

1. INTRODUCTION

Model based filters use a model the mimics the system
under study. The filter simulates the model with the given
input signal that enters the system [1-10]. Some model
based filters are of type predictor-corrector filters. These
filters predict unrefined estimate from simulating the
model under certain operation. This estimate includes
different type of modeling uncertainties, noise, and
disturbances. These are then reduced in the correction
stage [11-20].

Based on the correction stage, the filters can be divided
into two major groups: optimal filters, and robust and
stable filters. The former depends on finding the optimal
solution using one of the optimal methods like least
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squared error, and maximum likehood functions. The
pioneer work in this field is the Kalman Filter (KF), and its
variant [21-30]. On the other hand, the second group
depends on one of the stability function, i.e. Lyapunov
theorem, to obtain a robust, disturbance resistance, and
stable estimate. The pioneer works of sliding mode
observer (SMO) [31-40], the smooth variable structure
filter (SVSF) [41-50], and the sliding innovation filter
(SIF) [51-60] are worth to mention in this field. These
filters define a hyperplane and then force the estimate to
maintain within its zone. To overcome the limitation in
these two groups, several works were developed where at
least one method from each group were merged together.
Other works merged a filter with other techniques like Al
and Luenberger method [61-69]. This work belongs to the
last category.

SIF is known to be the most recent robust and stable
filter, where it was proposed in 2020. It can handle high
molding uncertainties without becoming unstable.
However, the filter suffers in the application where the
number of measurement signals is less than the number of
states. In such cases, the filter depends on the
pseudoinverse of the measurement matrix and how deep is
it connected to the hidden states. In this work, the SIF is
applied to a spring-mass-damper (SMD) system with a
single measurement signal that represents the position. The
pseudoinverse of the measurement matrix is connected
only to the first state, and hence, it is not connected to the
hidden states. By combining the SIF with the Luenberger
method, the measurement signal is linked to the hidden
states. This improves the filter performance. The rest of the
paper is organized as follows: Section 2 introduces the SIF,
KF, and the proposed method SIF/L. Moreover, it shows
the SMD model. The results of the proposed filter
compared to SIF and KF are discussed and concluded in
Section 3 and Section 4, respectively.

2. METHODOLOGY
2.1. SMD model
The SMD system has the form of:
mi+bx+kx=f 1
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where m, b and k are the mass, viscos damper coefficient
and spring constant, respectively. x and f are the system
position and input, respectively. Assuming x; = x and
X, = x then the system is represented as:

. . —bxy—k

X, = x, and %, = Ybratkxy) x;l *1) )

Or in a matrix form as:

= e[

The system is discretized as

Ag-1 Br-1
ok 1 T ] —2 703w
xl x1 ——
= kT bT T
[xz]k - 1= — [xZ]k_l + 1 D fir
= X = Ap_1Xp1 + Br_qup4 “4)

where T is the sampling time and k is the time index. The
general form of (4) is represented as:

Xy = Ap_1Xp_q + Bp_quy_ g + Wy ()
Z, = Hka + Vi, Hk = [1 0] (6)

where Ay_;,Bi_; and H; are the system, input and
measurement matrices, respectively. X, is the states and z,,
is the measurement vectors at time k. From (6), only the
first state is measured, which is the position. The vectors
w),_; and v;, represents the system and measurement noise
vectors.

2.2. SIF algorithm

The SIF consists of two stages, one to obtain the unrefined
estimates Xy x—; and its measurement Z_, and the
second stage to obtain the refined estimates Xy, and its
measurement Zy,. The stages are as follows:

1- Prediction Stage,

Rijk-1 = Ap1Xp— k-1 + BroqUp_q @)

Zyjk—1 = HieRype—1 (¥

2- Update Stage,

Rijie = Rie—r + i [Saty (2 — Ziegie—1) | ©)
Zie = HiRppie (10)
where:
|21 2xej -1 ~
T et gy, — 2| <
Saty, = ik |2k — Zipe—a| < Pr (1)
1 |z — 2k|k—1| =Py

where 1, , is the boundary layer. From (10), the
shortcoming of The SIF can be observed as the H} is the
pseudoinverse, which is in this case has a zero value for the

second state. This means that the correction action will not
refine the second state estimates. To fix this issue, the SIF
is combined with the Luenberger method that maps the
second state to the measurement.

2.3. Luenberger algorithm

The Luenberger method assumes that the input matrix Ay _4
in SMD is divided as follows:

Ay, = [ kT bT (12)

And hence the error in the second state is mapped to the
error in the first state as follows:

ez ieli—1 = A22A73 (Zie — Zije—1)
= (3-2) (2 — Zgi-1) (13)
The error in the second state compensates the missing
information in the SIF gain. However, it worth to mention
that the Luenberger method assumes an ideal system with
no uncertainties or noise vectors. Therefore, the method by
itself cannot reduce the noise effect and cannot handle the
modeling uncertainties. It needs to be combined with a
robust filter that can reduce the effect of them when they
present.

2.4. SIF/Luenberger algorithm

By using the SIF combined with the Luenberger method,
the system assumed that the states are measured, one with
an actual measurement, and the other one derived from that
measurement as in (13). The algorithm is modified as
follows:

1- Prediction Stage,

Rik—1 = Ap—1Rp—qjk—1 + BroqWpe_q (14)
Zijie-1 = [1 0]Rpep—1 (15)
2- Update Stage,

Satl,k(zk - iklk—l)
Rt = Riteos + A (16)
klle = Xklle—1 Saty, ((% _ %) (2 — zk|k—1))

Zik = Ry (17)
Where
(m—Tb)(zk—Zjk—1) (m—Tb)(2k—Zijk—1) <y
Saty, = Tz m " as)
2,k — 1 (m—Tb)(Zk—ik”(_l) > 1,[)
m = Y2k

where 1, is another boundary layer. Both boundary
layers are considered design parameters that are needed to
reduce the noise effects.
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3. SIMULATION RESULTS

5 F
The KF, SIF and SIF/L are tested on the model of SMD
represented by (1) to (6). The system has one measurement,
which represents the first state. The algorithms are applied
to two cases: with and without modeling uncertainties. The —~
system and filters parameters are summarized by Table 1 g
for both cases. Monte Carlo Simulation is used to show the g 0r
effectiveness of the method. The simulation is repeated o
1000 times for each filter and for each case. Each iteration -
consists of different noise and measurement noise vectors.
The filters and the system are excited by the input of Figure
1. The root mean squared error (RMSE) and the maximum
absolute error (MAE) which are calculated as: -5
0 1 2 3 4 5
ns P— P . 2 i
RMSE = \/Zi=1(xActual,l xPT'edlCthn,L) (19) Time (sec)
i Figure 1. Input signal to the system
MAE = max(|Xactuar — Xpreaiction ) (20)
Table 1. Simulation parameters for system and filters
Parameter Actual System Filter with no uncertainties Filter with uncertainties
. 1 0.001 1 0.001 1 0.001
System Matrix, A, _4 [_2 0.98 [_2 0.98 [O 1 ]
0 0 0
Input system, B;,_ [2 y 10_4] [2 y 10_4] [O]
Y, i, for SIF 1 10
Y,y for SIF/L 10 1
Y, for SIF/L 5 x 10° 5x 102
-7 —4
Q for KF [5.77 x 10 0 _6] [5.77 X 10 0 _3]
0 5.75x 10 0 5.75 x 10
R for KF 0.0057 0.0057
x107 x107
4 . N i : : s i H : H
R 161 . 1 50016F; 1 14 —~006f: | 1
a T ! — Pt IS i - = |
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Figure 2. The RMSE and MAE of the Monte Carlo Simulation for (a) first and (b) second states for the without
uncertainties case, and (c) first and (d) second states for the with uncertainties case.

Figure 2 (a) and (b) show the Monte Carlo Simulation
results for first and second states for the without
uncertainties case, while (c) and (d) are for the simulation
with uncertainties case. Figure 3 (a) and (b) show the
performance of the filters on the first and second states of
the case of no modeling uncertainties, while (c) and (d) are
the performance for the case of modeling uncertainties
present. These results are reflected in the Table 2 for the
without uncertainties case, and table 3 for the with
uncertainties case.

The results in Figure 2 and Table 2 show that the KF,
SIF and SIF/L have similar performance with some
superiority to KF as expected. These results are for the
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system with no uncertainties present. That means that the
application fits with KF criteria and hence, the best
performance is achieved by KF. Once uncertainties
present, SIF/L shows the superior performance with
RMSE of 0.0085 and 1.19 for the first and second states,
respectively. Comparing these values to KF and SIF, it can
be found that it is 53%, and 83% for the first state, and 30%
and 83% for the second states, respectively. The MAE of
SIF/L has value of 0.0436 and 9.41 for the first and second
states, respectively. Comparing these values to KF and
SIF, it can be found that it is 51%, and 71% for the first
state, and 92% and 72% for the second states, respectively.
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Figure 3. The performance of the (a) first and (b) second states for the without uncertainties case, and (c) first and (d)
second states for the with uncertainties case.

Table 2. RMSE and MAE for the without uncertainties case

RMSE in MAE in
x; (m) x,(m/s) x; (m) x,(m/s)
KF 2.61x107% 1.03 x 10702 1.1 x 10793 3.35x107°2
SIF/L 2.71x107% 1.09 x 10702 1.1 x 10793 3.57 x 107°2
SIF 2.87 x 107% 1.09 x 10792 1.1 x 10793 3.70 x 10792
Table 3. RMSE and MAE for the with uncertainties case
RMSE in MAE in
x1 (m) x,(m/s) x1 (m) x,(m/s)
KF 1.82 x 10792 6.84 x 100 8.87 x 10792 3.23 x 10%!
SIF/L 8.50 x 10793 1.19 x 10°° 4.36 x 10792 9.41 x 10°°
SIF 1.21x 107 6.87 x 10°° 5.17 x 107 3.39 x 10%!
4. CONCLUSION
In this brief article, a modified version of the SIF is tested REFERENCES

on a SMD system. The proposed filter, referred to as the
SIF/L, is a combination of the SIF and Luenberger method.
It extracts the hidden states with a performance that
competes with the KF and SIF, especially when modeling
uncertainties are present. The RMSE and MAE of SIF/L for
the worst case scenario of the first state are 0.0085 and

0.0436, respectively, and for the second state 1.19 and 9.41, [3].

respectively. For future work, the proposed filter will be
investigated for higher-order systems, and will be applied
to nonlinear experimental systems.

Kailath, T. 1974. A View Of Three Decades Of Linear
Filtering Theory. IEEE Transactions on Information
Theory IT-20 (Issue 2): 146-181.

Anderson, B.D.O., and J.B. Moore. 1979. Optimal
Filtering. Prentice-Hall.

Maybeck, P. 1979. Stochastic Models, Estimation, And
Control. (Academic Press, Inc).

Authorized licensed use limited to: McMaster University. Downloaded on March 03,2025 at 20:36:28 UTC from IEEE Xplore. Restrictions apply.



[10].

[11].
[12].

[13].

[21].

[22].

Bar-Shalom, Y., and X. Li. 1993. Estimation and Tracking:
Principles, Techniques and Software. Norwood, MA: 1993
ARTECH HOUSE, INC.

Barakat, M. 2005. Signal Detection And Estimation.
Norwood :Artech House.

Bar-Shalom, T., X. Li, and T. Kirubarajan. 2001.
Estimation With Applications To Tracking And
Navigation — Theory, Algorithm And Software. John
Wiley & Sons, Inc.

Spotts, 1., Brodie, C.H., Gadsden, S.A., Al-Shabi, M.,
Collier, C.M. 2001. A comparison of nonlinear filtering
methods for blackbody radiation applications in photonics.
Proceedings of SPIE - The International Society for Optical
Engineering, 11841, art. no. 1184100.

Jilkovand, V., and X. Li. 2002. On The Generalized Input
Estimation. Information & Security 9: 90-96.

Sadati, N., and A. Ghaffarkhah. 2007. Polyfilter; A New
State Estimation Filter For Nonlinear Systems.
International Conference on Control, Automation and
Systems. 2643-2647.

Zheng, J., Y. Feng, and X. Yu. 2008. Hybrid Terminal
Sliding Mode Observer Design Method for Permanent
Magnet Synchronous Motor Control System. 2008
International Workshop on Variable Structure Systems
(VSS 2008) (IEEE) 106 - 111.

Chen, Z. 2003. Bayesian Filtering: From Kalman Filters To
Particles And Beyond.

Barker, A., D. Brown, and W. Martin. 1995. Bayesian
estimation and the Kalman Filter. Department of Computer
Science, Virginia University 30 (10): 55-77.

Bernardo, J., and A. Smith. 1994. Bayesian Theory. John
Wileys& Sons.

. Haykin, S. 2002. Adaptive Filtering Theory. Prentice Hall.
. Ho, Y., and R. Lee. 1964. A Bayesian Approach To

Problems In Stochastic Estimation And Control. IEEE
Transactions on Automatic Control 9 (4): 333-339.

. Sorenson, H. 1970. Least-Squares Estimation: From Gauss

To Kalman. IEEE Spectrum 7 (7): 63-68.

. Chan, Y., A. Hu, and J. Plant. 1979. A Kalman Filter Based

Tracking Scheme With Input Estimation. IEEE
Transactions On Aerospace and Electronic Systems AES-
15:237-244.

. Fitzgerald, R. 1971. Divergence Of the Kalman Filter.

IEEE Transactions on Automatic Control.

. Grewal, M., and A. Andrews. 2001. Kalman Filtering —

Theory And Practice Using MATLAB. John Wiley &
Sons, Inc.

. Elnady, A., Al-Shabi, M., Adam, A. A. 2020. Novel Filters

Based Operational Scheme for Five-Level Diode-Clamped
Inverters in Microgrid. Frontiers in Energy Research, 8, art.
no. 11.

Rahimnejad, A., Gadsden, S.A., Al-Shabi, M. 2021.
Lattice Kalman Filters. IEEE Signal Processing
Letters, 28, pp. 13551359, 9457157

Tang, X., X. Zhao, and X. Zhang. 2008. The Square-Root
Spherical Simplex Unscented Kalman Filter For State And
Parameter Estimation. International Conference on Signal
Processing Proceedings. 260-263.

. Painter, J., D. Kerstetter, and S. Jowers. 1990. Reconciling

Steady-State Kalman and alpha-Beta Filter Design. IEEE

[26].

[31].

[32].

[33].

[36].

Transactions on Aerospace and Electronic Systems 26 (6):
986-991.

. Sun, P, and K. Marko. 1998. The Square Root Kalman

Filter Training Of Recurrent Neural Networks. IEEE
International Conference on Systems.

. Hyland, J. 2002. An Iterated-Extended Kalman Filter

Algorithm For Tracking Surface And Sub-Surface Targets.
Oceans 2002 Conference and Exhibition. Conference
Proceedings. 1283-1290.

Lary, D., and H. Mussa. 2004. Using an Extended Kalman
Filter Learning Algorithm For Feed-Forward Neural
Networks To Describe Tracer Correlations. Atmospheric
Chemistry And Physics Discussion 3653-3667.

. Leu, G.,, and R. Baratti. 2000. An Extended Kalman

Filtering Approach With A Criterion To Set Its Tuning
Parameters — Application To a Catalytic Reactor.
Computers & Chemical Engineering 23 (11-12): 1839-
1849.

. Negenborn, R. 2003. Robot Localization And Kalman

Filters — On Finding Your Position In A Noisy World.

. Al-Shabi, M., Gadsden, S.A., El Haj Assad, M.,

Khuwaileh, B. 2021. A comparison of sigma-point Kalman
filters on an aerospace actuator. Proceedings of SPIE - The
International Society for Optical Engineering, 11755, art.
no. 117550U.

. Al Shabi, M., Hatamleh, K., Al Shaer, S., Salameh, I.,

Gadsden, S.A. 2016. A comprehensive comparison of
sigma-point Kalman filters applied on a complex
maneuvering road. Proceedings of SPIE - The International
Society for Optical Engineering, 9842, art. no. 984211.
Zheng, J., Y. Feng, and X. Yu. 2008. Hybrid Terminal
Sliding Mode Observer Design Method for Permanent
Magnet Synchronous Motor Control System. 2008
International Workshop on Variable Structure Systems
(VSS 2008) (IEEE) 106 - 111.

Madani, T., and A. Benallegue. 2007. Sliding Mode
Observer and Backstepping Control for a Quadrotor
Unmanned Aerial Vehicle. Proceedings of the 2007
American Control Conference. New York City, USA:
IEEE. 5887 - 5892.

Zheng, J., Y. Feng, and X. Yu. 2008. Hybrid Terminal
Sliding Mode Observer Design Method for Permanent
Magnet Synchronous Motor Control System. 2008
International Workshop on Variable Structure Systems
(VSS 2008) (IEEE) 106 - 111.

. Aurora, C., A. Ferrara, and A. Levant. 2001. Speed

Regulation of Induction Motors: A Sliding Mode
Observer-Differentiator ~ Based  Control ~ Scheme.
Proceedings of the 40th IEEE Conference on Decision and
Control. Florida, USA: IEEE. 2651 - 2656.

. Aurora, C., and A. Ferrara. 2007. A Sliding Mode Observer

for Sensorless Induction Motor Sped Regulation.
International Journal of Systems Science (Taylor and
Francis Group) 38 (11): 913 - 929.

Bandyopadhyay, B., P. Gandhi, and S. Kurode. 2009.
Sliding Mode Observer Based Sliding Mode Controller for
Slosh-Free Motion Through PID Scheme. IEEE
Transactions on Industrial Electronics 56 (9): 3432 - 3442.

. Barbot, J., T. Boukhobza, and M. Djemai. 1996. Sliding

Mode Observer for Triangular Input Form. Proceedings of

Authorized licensed use limited to: McMaster University. Downloaded on March 03,2025 at 20:36:28 UTC from IEEE Xplore. Restrictions apply.



[39].

[41].

[47].

[48].

[49].

the 35th Conference on Decision and Control. Kobe, Japan:
IEEE. 1489 - 1490.

. Zhao, L., Z. Liu, and H. Chen. 2009. Sliding Mode

Observer for Vehicle Velocity Estimation With Road
Grade and Bank Angles Adaption. 2009 IEEE Intelligent
Vehicles Symposium. Xi'an, China. 701 - 706.

Bartolini, G., A. Levant, E. Usai, and A. Pisano. 1999. 2-
Sliding Mode with Adaptation. Proceedings of the 7th
Mediterranean Conference on Control and Automation
(MED99). Haifa, Israel. 2421 - 2429.

. Chaal, H., M. Jovanovic, and K. Busawon. 2009. Sliding

Mode Observer Based Direct Torque Control of a
Brushless Doubly-Fed Reluctance Machine. 2009 IEEE
Symposium on Industrial Electronics and Applications,
ISIEA 2009 - Proceedings. Kuala Lumpur, Malaysia:
IEEE. 866 - 871.

Gadsden, S. A., Al-Shabi, M. 2020. A study of variable
structure and sliding mode filters for robust estimation of
mechatronic systems. IEMTRONICS 2020 - International
IOT, Electronics and Mechatronics Conference,
Proceedings, art. no. 9216381.

. Habibi, S. 2005. Performance Measures of the Variable

Structure Filter. Transactions of the Canadian Society for
Mechanical Engineering 29 (2): 267 - 295.

. Al-Shabi, M., Saleem, A., Tutunji, T.A. 2011. Smooth

Variable Structure Filter for pneumatic system
identification. 2011 IEEE Jordan Conference on Applied
Electrical Engineering and Computing Technologies,
AEECT 2011, 2011, 6132500

. Habibi, S. 2007. The Smooth Variable Structure Filter.

Proceedings of the IEEE 95 (5): 1026 - 1059.

. Gadsden, S.A., Al-Shabi, M., Kirubarajan, T. 2015.

Square-root formulation of the SVSF with applications to
nonlinear target tracking problems. Proceedings of SPIE -
The International Society for Optical Engineering, 9474,
947408

. Gadsden, S.A., Al-Shabi, M., Kirubarajan, T. 2015. Two-

pass smoother based on the SVSF estimation strategy.
Proceedings of SPIE - The International Society for Optical
Engineering, 9474, 947409

Al-Shabi, M., Habibi, S. 2011. Iterative smooth variable
structure filter for parameter estimation. ISRN Signal
Processing, 2011 (1), art. no. 725108.

Al-Shabi, M., Saleem, A., Tutunji, T.A. 2011. Smooth
Variable Structure Filter for pneumatic system
identification. 2011 IEEE Jordan Conference on Applied
Electrical Engineering and Computing Technologies,
AEECT 2011, art. no. 6132500

Gadsden, S.A., Al-Shabi, M.A., Habibi, S.R. 2013. A
fuzzy-smooth variable structure filtering strategy: For state
and parameter estimation. 2013 IEEE Jordan Conference
on Applied Electrical Engineering and Computing
Technologies, AEECT 2013, art. no. 6716481

. Avzayesh, M., Abdel-Hafez, M., AlShabi, M., Gadsden,

S.A. 2021. The smooth variable structure filter: A
comprehensive review. Digital Signal Processing: A
Review Journal, 110, art. no. 102912

. Lee, A.S., Gadsden, S.A., Al-Shabi, M. 2021. An Adaptive

Formulation of the Sliding Innovation Filter. IEEE Signal
Processing Letters, 28, art. no. 9457191, pp. 1295-1299.

[52].

[54].

[56].

[57].

[58].

[59].

[60].

[61].

[62].

[64].

[65].

Al Shabi, M., Gadsden, A., El Haj Assad, M., Khuwaileh,
B., Wilkerson, S. 2021. Application of the sliding
innovation filter to unmanned aerial systems. Proceedings
of SPIE - The International Society for Optical
Engineering, 11758, art. No 117580T.

. Al Shabi, M., Gadsden, S.A., El Haj Assad, M,

Khuwaileh, B. 2021 A multiple model-based sliding
innovation filter. Proceedings of SPIE - The International
Society for Optical Engineering, 11756, art. no. 1175608.
Al Shabi, M., Gadsden, S.A., El Haj Assad, M.,
Khuwaileh, B. 2021. The two-pass sliding innovation
smoother. Proceedings of SPIE - The International Society
for Optical Engineering, 11756, art. no. 1175609.

. Al Shabi, M., Gadsden, S.A., El Haj Assad, M,

Khuwaileh, B. 2021. Application of the sliding innovation
filter for fault detection and diagnosis of an
electromechanical system. Proceedings of SPIE - The
International Society for Optical Engineering, 11756, art.
no. 1175607.

Gadsden, S.A., Al-Shabi, M., Wilkerson, S.A. (2021)
Development of a second-order sliding innovation filter for
an aerospace system. Proceedings of SPIE - The
International Society for Optical Engineering, 11755, art.
no. 117550T.

Gadsden, S. A., Al-Shabi, M. 2020. The Sliding Innovation
Filter. IEEE Access, 8, art. no. 9096294, pp. 96129-96138.
Bustos, R., Gadsden, S.A., Malysz, P., Al-Shabi, M.,
Mahmud, S. 2022. Health Monitoring of Lithium-Ion
Batteries Using Dual Filters. Energies, 15 (6), art. no. 2230.
Alsadi, N., Hilal, W., Surucu, O., Giuliano, A., Gadsden,
S., Yawney, J., AlShabi, M. 2022. Neural network training
loss optimization utilizing the sliding innovation filter.
Proceedings Volume 12113, Artificial Intelligence and
Machine Learning for Multi-Domain  Operations
Applications IV; 121131Z.

Spotts, 1., Brodie, C., Gadsden, A., AlShabi, M., Collier, C.
2021. A comparison of nonlinear filtering methods for
blackbody radiation applications in photonics. Proceedings
Volume 11841, Optics and Photonics for Information
Processing XV; 1184100.

Gadsden, S.A., Al-Shabi, M., Arasaratnam, 1., Habibi, S.R.
2014. Combined cubature Kalman and smooth variable
structure filtering: A robust nonlinear estimation strategy.
Signal Processing, 96(PART B), pp. 290-299

Al-Shabi, M., Gadsden, S.A., Habibi, S.R. 2013. Kalman
filtering strategies utilizing the chattering effects of the
smooth variable structure filter. Signal Processing, 93(2),
pp- 420431

. Al-Shabi, M., Hatamleh, K.S. 2014. The unscented smooth

variable structure filter application into a robotic arm.
ASME International Mechanical Engineering Congress
and Exposition, Proceedings (IMECE), 4B

Al-Shabi, M., Bani-Yonis, M., Hatamleh, K.S. 2015. The
sigma-point central difference smooth variable structure
filter application into a robotic arm. 12th International
Multi-Conference on Systems, Signals and Devices, SSD
2015, 2015, 7348201

Al-Shabi, M. 2017. Sigma-point Smooth Variable
Structure Filters applications into robotic arm. 2017 7th
International Conference on Modeling, Simulation, and
Applied Optimization, ICMSAO 2017, 7934865

Authorized licensed use limited to: McMaster University. Downloaded on March 03,2025 at 20:36:28 UTC from IEEE Xplore. Restrictions apply.



[66]

. Al-Shabi, M., Gadsden, S.A., Wilkerson, S.A. 2015. The

cubature smooth variable structure filter estimation
strategy applied to a quadrotor controller. Proceedings of
SPIE - The International Society for Optical Engineering,
9474, 947411

. Avzayesh, M., Abdel-Hafez, M.F., Al-Masri, W.M.F.,

Alshabi, M., El-Hag, A.H. 2020. A Hybrid Estimation-
Based Technique for Partial Discharge Localization. IEEE

Transactions on Instrumentation and Measurement, 2020,
69(11), pp. 8744-8753, 9104966

. Hilal, W., Gadsden, A., Wilkerson, S., AlShabi, M. 2022.

Combined particle and smooth innovation filtering for
nonlinear estimation. Proceedings Volume 12122, Signal
Processing, Sensor/Information Fusion, and Target
Recognition XXXI; 1212204.

. AlShabi, M., Gadsden, A. 2022. The Luenberger sliding

innovation filter for linear systems. Proceedings Volume
12122, Signal Processing, Sensor/Information Fusion, and
Target Recognition XXXI; 121220B.

Authorized licensed use limited to: McMaster University. Downloaded on March 03,2025 at 20:36:28 UTC from IEEE Xplore. Restrictions apply.



