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ABSTRACT This article introduces the Sliding Innovation Lattice Filter (SILF), a robust extension of
the Lattice Kalman Filter (LKF) that leverages sliding mode theory. SILF incorporates a sliding boundary
layer in the measurement update formulation, enabling the filter innovation to slide within predefined upper
and lower bounds. This enhances the robustness of SILF, making it resilient to model uncertainties and
noise. Additionally, a derivative-free formulation of SILF is developed using statistical linear regression,
eliminating the need for Jacobian calculations. To further improve accuracy, robustness, and convergence
behavior in the presence of abrupt changes in system model/parameters, SILF is reinforced with the Iterated
Sigma Point Filtering and Strong Tracking Filtering strategies, resulting in the Reinforced Lattice Kalman
Filter (RLKF). The experimental findings for the estimation of distorted power waveforms illustrate the
superior performance of SILF and RLKF over competing methods, especially when operating in scenarios
characterized by model uncertainties and noisy environments.

INDEX TERMS Lattice Kalman filter, variable structure filter, adaptive fading factor, iterated filtering
method, robust estimators.

I. INTRODUCTION
Estimation algorithms play an essential role in the smooth
and efficient operation and control of the system in many sci-
ence and engineering fields. In recent decades, many research
works have focused on the development of accurate and ro-
bust estimators based on the best-known Kalman filter (KF)
algorithm [1] in the presence of model nonlinearity and un-
certainty. KF is formulated as a predictor-corrector estimator,
in the framework of linear Bayesian filtering with Gaussian
assumption based on the derivation of the optimal solution for
Kalman gain (used in the correction stage) that minimizes the
trace of the posterior (updated) state error covariance matrix.
However, the real-world systems most often present model
nonlinearity that requires an efficient extension of KF in terms
of accuracy and complexity. The nonlinear extensions of KF
utilize either the derivative-based linearization method (based
on Jacobian matrix calculation) as per extended KF (EKF)

[2], [3] or the derivative-free methods (based on statistical
linear regression or numerical integration) as per the sigma
point KF (UKF) [4], [5], cubature KF (CKF) [6], Lattice KF
(KF) [7], etc. Other than model nonlinearity, in most practical
applications, the system is exposed to uncertainties originat-
ing in model changes (under different operating conditions)
and/or noise behavior, which directly yields a declined per-
formance or failure (divergence) of the KF-based algorithms.
To address this issue, a couple of strategies have been pro-
posed in the literature for improving the filter’s robustness
in the context of both linear and nonlinear Kalman filtering.
A robust version of KF is proposed in [8] by introducing
an adaptive fading factor that puts more weight on the most
recent observations in the presence of modeling mismatch.
Being inspired by the strategy proposed in [8], authors in [9],
[10] propose the strong tracking filtering method to increase
the robustness of nonlinear filtering algorithms including UKF

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

410 VOLUME 4, 2023

https://orcid.org/0000-0002-2203-9075
https://orcid.org/0000-0001-6191-3063
https://orcid.org/0000-0002-4125-1055
https://orcid.org/0000-0003-3749-0878
https://orcid.org/0000-0002-9540-3675


and CKF. As another robust extension of KF algorithms, the
H-infinity filter [11] and its hybrid nonlinear variants [12],
[13], [14] are proposed in the framework of the minimax
estimation method in which the worst-case estimation error
is minimized (as opposed to minimization of mean squared
error (MSE) by KF). Although the H-infinity filter improves
the estimation results in an uncertain environment, the level
of improvement is highly sensitive to how its parameters are
tuned and it adds some computational complexity to the orig-
inal KF [11]. Inspired by the concept of sliding mode control
theory and sliding mode observer, the Variable structure filter
(VSF) was formulated to improve the robustness of the KF
[15], whose extension for nonlinear systems under Gaussian
assumption, including smooth variable structure filter (SVSF)
and time-varying SVSF [16], were later developed to maintain
states within a bounded tube in the presence of uncertainty
resources. Comparative results indicate that SVSF outper-
forms the well-known EKF, UKF, and CKF algorithms under
uncertain and noisy environments [17], [18], [19]. Moreover,
to further improve the performance of SVSF, authors in [19]
develops some hybridization of SVSF with nonlinear KF such
as UKF and CKF among the others, and the obtained results
show the better performance of CKF-SVSF. In order to reduce
the computational burden of SVFS and improve its accuracy
as well, a new variant of VSF called the sliding innovation
filter (SIF) along with its derivative-based nonlinear exten-
sion, namely as extended SIF (ESIF) have been formulated
for Gaussian linear and nonlinear systems under uncertain-
ties, respectively [20], [21]. To improve the performance of
SIF/ESIF against higher level of uncertainty and nonlinear-
ity, a hybridized version of SIF combined with particle filter
(PFSIF) and CKF (SICF) have been formulated in [22] and
[23], respectively. An adaptive formulation of Particle Filter
(PF) which carries out sampling based on randomized Quasi-
Monte Carlo (QMC) technique has been presented in [24]. A
robust and adaptive formulation of H-infinity filter utilizing
adaptive fading factor strategy has been proposed in [25].

In our previous work [7], we have proposed a new nonlinear
filtering strategy based on a class of QMC integration meth-
ods, called lattice rules, to approximate Gaussian-weighted
multi-dimensional integrals in the nonlinear KF framework
using low discrepancy lattice points. This nonlinear filtering
approach established is based on the Korobov type rank-1
lattice rule is referred to as lattice Kalman filter (LKF) [26].
The main superiority of the LKF over other sigma point fil-
tering methods has been recognised to be its relatively low
computational complexity (due to a reduced number of sam-
pling points) while maintaining accuracy at an asymptotically
same level. However, the accuracy and robustness of the LKF,
particularly with a low number of sampling points, diminish
when confronted with highly nonlinear and uncertain systems.
To address these challenges, this article proposes a novel
and robust formulation of the LKF specifically designed for
nonlinear systems operating under high levels of uncertain-
ties and nonlinearity. The main contributions of the proposed
algorithm can be listed as follows:

1) Exploitation of the sliding innovation strategy presented
in [21], combined with lattice-based generated sampling
points with an adjustable number of points. This inte-
gration gives rise to the sliding innovation lattice filter
(SILF), which significantly improves the robustness of
the original LKF.

2) Development of a derivative-free formulation of SILF
based on the statistical linearization approach. This
formulation enables SILF to effectively handle highly
nonlinear systems without the need for computationally
expensive Jacobian matrix calculations.

3) Integration of the iterated filtering algorithm [27], [28],
[29] to enhance the accuracy of SILF. The iterative na-
ture of this algorithm refines the estimation results and
improves their overall accuracy.

4) Incorporation of the adaptive fading factor introduced
by the strong tracking filter theory. This inclusion leads
to a reformulation of the measurement update equations,
resulting in improved convergence behavior and per-
formance of SILF, particularly in scenarios involving
abrupt changes in the system model/parameters.

The combination of iterated strategy and strong tracking
filter applied to the derivative-free SILF method is called rein-
forced lattice Kalman filter (RLKF). The proposed SILF and
RLKF are then employed to estimate the distorted electrical
waveforms of the power grids in four different scenarios in-
cluding static, dynamic, transient operation of the system, and
real-time application as well. Simulation and experimental
results demonstrate the superiority of the proposed methods in
terms of estimation accuracy and robustness against uncertain
system models and noise disturbances, with RLKF presenting
better results, especially for estimation under uncertainty, but
at a higher computational time. This complexity, however,
can be addressed by reducing the number of sampling points
(inherited by the lattice rule) of RLKF to some extent.

The rest of the article is organized as follows: In Section II,
we briefly overview the main concept and formulation of the
LKF method followed by the proposed robust formulation of
LKF in Section III. The sliding innovation lattice filter (SILF),
iterated version of SILF augmented with a strong tracking
filter method is presented in Section III, where at the end,
the proposed reinforced LKF (RLKF) is formulated. Different
simulations and experiments, which are designed in the frame-
work of harmonic estimation problems in power systems, to
evaluate the performance of the proposed filter along with
the corresponding results are discussed in Section IV. Finally,
Section V concludes the main outcomes of the article and
discusses future works.

II. LATTICE KALMAN FILTER
In [7], we employed the rank-1 lattice rule [30] to generate
low-discrepancy points to approximate multivariate integrals
in the nonlinear Kalman filtering framework to propose the
lattice Kalman filter (LKF) whose main concept and formula-
tion are briefly overviewed in this section.
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LKF is formulated in the Gaussian filtering framework for
a system with noisy nonlinear dynamics whose process and
measurement model are defined as follows:

xk = f
(
xk−1, uk−1

)+ wk (1)

zk = h (xk ) + vk (2)

where wk and vk represents the process and measurement
noises, respectively, and assumed to be independent and
have Gaussian distributions with zero mean and covariance
matrices Q and R, respectively. The main concept behind
LKF formulation is to approximate the multivariate Gaussian
weighted integrals, associated with the recursive calculation
of mean and covariance of conditional density at the current
time step, using lattice rule-based generated sampling points
[31], [32]. Consequently, LKF, as a predictor-corrector esti-
mator is formulated as per the following stages:

A. PREDICTION STAGE
The prior state estimate x̂k|k−1 and state error covariance ma-
trix Pk|k−1 at the kth recursion step can be calculated as per
the following equations, respectively:

x̂k|k−1 ≈ 1

N

N−1∑
j=0

f
(

X QGL
j,k−1|k−1, uk−1

)
(3)

Pxx,k|k−1 ≈ 1

N

N−1∑
j=0

[
f
(

X QGL
j,k−1|k−1, uk−1

)
− x̂k|k−1

]

∗
[

f
(

X QGL
j,k−1|k−1, uk−1

)
− x̂k|k−1

]T + Qk−1 (4)

where N is the number of sampling points, and X QGL
j,k−1|k−1;

j = 0, 1, . . . , N − 1 denotes quasi-Gaussian lattice points
that are generated using the procedure presented in (5):

Pxx,k−1|k−1 = ST
k−1|k−1Sk−1|k−1

X SN,QL
j = φ−1

(
xL,Shi f ted

j,d∗
)

; j = 0, 1, 2, . . . , N − 1

X QGL
j,k−1|k−1 = x̂k−1|k−1 + Sk−1|k−1X SN,QL

j ; j = 0, . . . , N − 1

(5)

In which x̂k−1|k−1 and Pk−1|k−1 are the previous posterior
mean and covariance matrix, respectively, and Sk−1|k−1 is
calculated by applying Cholesky factorization to the poste-
rior covariance matrix at the previous time step Pxx,k−1|k−1.
Also, φ−1(.) represents inverse normal cumulative distribu-
tion function evaluated at the shifted lattice points with a
random permutation xL,Shi f ted

j,d∗ ; j = 0, 1, 2, . . . , N − 1 that is
generated in the unit hypercube using the following proce-
dure. Firstly, randomly shifted lattice points are produced as
follows:

xL,Shi f ted
j =

(
G j mod N

N
+ �

)
mod 1 ; j = 0, . . . , N − 1

(6)

where � is a random shift vector, generated based on the
Cranely Patterson shift strategy [33], and is applied to the Ko-
robov type rank-1 lattice points; G represents the generating
vector, defined as follows as per the Korobov type lattice rule
[30]:

G =
[
1 c c2 . . . cd−1

]T
(7)

Moreover, mod 1 denoted in (6) produces modular 1 of
the term inside the round brackets and operates element-wise.
Note that in (7), we have to choose c so as to be a coprime
integer with N .

Additionally, in this article, to prevent the probable bias
originating in the dependency of a certain state/dimension on
the outcome of resampling (in different time steps), a random
permutation of lattice points over the dimensions is applied
to the points generated in (6) xL,Shi f ted

j which results in a

new point set xL,Shi f ted
d∗ where d∗ denotes the uniform and

random permutation of the points over the problem dimension
d (random permutation of integers in [12 . . . d]). This way
xL,Shi f ted

d∗ is generated in each recursion independently.

B. CORRECTION STAGE
In this stage, the quasi-Gaussian lattice points are updated
using the prior state estimate x̂k|k−1 and covariance matrix
Pxx,k|k−1 using the same procedure defined in (5) reformulated
as follows:

Pxx,k|k−1 = ST
k|k−1Sk|k−1

X SN,QL
j = φ−1

(
xL,Shi f ted

j,d∗
)

; j = 0, 1, 2, . . . , N − 1

X QGL
j,k|k−1 = x̂k|k−1 + Sk|k−1X SN,QL

j ; j = 0, 1, 2, . . . , N − 1

(8)

The updated points X QGL
j,k|k−1; j = 0, 1, . . . , N − 1 are then

used to calculate the predicted measurement vector, and in-
novation and cross-covariance matrices using the (9) through
(11), respectively:

ẑk|k−1 ≈ 1

N

N−1∑
j=0

h
(

X QGL
j,k|k−1, uk

)
(9)

Pzz,k|k−1 ≈ 1

N

N−1∑
j=0

[
h
(

X QGL
j,k|k−1, uk

)
− ẑk|k−1

]

∗
[
h
(

X QGL
j,k|k−1, uk

)
− ẑk|k−1

]T + Rk (10)

Pxz,k|k−1 ≈ 1

N

N−1∑
j=0

[
X QGL

j,k|k−1 − x̂k|k−1

]

∗
[
h
(

X QGL
j,k|k−1, uk

)
− ẑk|k−1

]T
(11)
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Eventually, the LKF gain Gk, the posterior state estimate
x̂k|k , and (state) error covariance matrix Pxx,k|k can be com-
puted using the following equations, respectively:

Gk = Pxz, k|k−1P−1
zz,k|k−1 (12)

x̂k|k = x̂k|k−1 + Gk
(
zk − ẑk|k−1

)
(13)

Pxx,k|k = Pxx,k|k−1 − GkPzz,k|k−1GT
k (14)

III. PROPOSED ROBUST REFORMULATION OF LKF
As per our previous work [7], LKF yielded asymptotically
similar results to UKF but with less computational effort.
This lower computational burden originates in the adjustably
lower number of sampling points (for the systems with a
lower level of nonlinearity and uncertainty) introduced by the
lattice-based integration method. However, the accuracy and
robustness of LKF decline in the presence of severe nonlinear-
ity, modeling uncertainty, and high-level noise disturbances.
This issue becomes even worse when a lower number of
sampling points compared to that of the other sigma-point
methods is used to approximate the nonlinear integrals. This
shortfall against highly nonlinear models and model uncer-
tainties and disturbances has motivated us to propose a robust
formulation of LKF which is presented and formulated in the
following subsections.

A. SLIDING INNOVATION LATTICE FILTER (SILF)
The first modification applied to LKF is founded on the sliding
innovation strategy that is inspired by the concept of sliding
mode observer and smooth variable structure filter (SVSF)
[21]. In this regard, the time update stage of the proposed SILF
algorithm is formulated similar to LKF; however, unlike LKF
(nonlinear KF, in general) whose gain is derived as a func-
tion of the state error covariances, the measurement update
equations of SILF are developed as if the gain is a function
of the innovation vector sliding within a targeted hyper-tube
(high-dimensional tube). If the innovation term is denoted as
z̃k|k−1 = zk − ẑk|k−1, the SILF gain at the current time step Gk

can be formulated as per the following equation:

Gsil f
k = H pinv

k Satdiag

(∣∣z̃k|k−1
∣∣

δ

)
(15)

In this formulation, H pinv

k represents pseudoinverse of the
measurement matrix Hk , Satdiag represents the diagonal ma-
trix of saturation function applied to the element-wise division
of the absolute value of the innovation vector by a control
vector δ; this keeps the gain inside the targeted boundary
layers (hyper-tube). Note that saturation function Sat yields
its output sliding between +1 and -1. Based on the level of
uncertainties in the estimation process, the sliding boundary
layer width δ can be determined [21].

Since the measurement equation is often nonlinear in the
real-world problems, the nonlinear measurement function
h(xk ) can be either approximated by analytical linearization
based on calculating the Jacobian matrix (derivative-based

formulation) or formulated using statistical linear regression
(derivative-free formulation); the latter is developed for the
proposed SILF in this article (derivative-free SILF) which is
further discussed in the following subsection:

1) DERIVATIVE-FREE SILF
It can be shown that for highly nonlinear measurement mod-
els, linearization using the first term of the Taylor series
around the operating point would lead to inaccurate ap-
proximation. On the other hand, although the approximation
of nonlinear models using the higher-order terms of Tay-
lor series expansion yields a more accurate result, its high
computational complexity is a substantial barrier in real-time
applications. Therefore, in order to relax the calculation of the
Jacobians matrix and the required smoothness of the nonlinear
functions, we employ the statistical linear regression method
[34] to develop a derivative-free SILF formulation.

If we use the lattice-based generated sampling points to
linearize the nonlinear measurement function using statistical
regression as per the following equation,

zk = Hkxk + bk + ek (16)

then, the parameters of the linearized model Hk and bk can be
obtained by minimizing the mean squared error (MSE) of the
linear regression model:

Hk = PT
xz,k|k−1 P−1

xx,k|k−1 (17)

bk = zk − Hkxk|k−1 + ek (18)

and deviation of statistical linear regression model ek is
a stochastic variable with zero mean and covariance of
Pzz,k|k−1 − HkPxx,k|k−1HT

k . In this framework, we can obtain
the pseudo-inverse of statistically linearized Hk by applying
the Moore-Penrose formula to (17):

H pinv

k = PT
xx,k|k−1

(
Pxz,k|k−1PT

xz,k|k−1

)−1
Pxz,k|k−1 (19)

Note that in this study, we use the derivative-free formula-
tion of H pinv

k presented in (19) to calculate the SILF gain Gsil f
k

(15) using which state estimates and state covariance matrices
are updated as per the following equations:

x̂k|k = x̂k|k−1 + Gsil f
k z̃k|k−1 (20)

Pxx,k|k = Pxx,k|k−1 − Gsil f
k Pzz,k|k−1Gsil f

k

T
(21)

For the rest of this study, when we use the term SILF, we
technically refer to the derivative-free formulation of SILF.

B. ITERATED SILF
To improve the estimation accuracy of the proposed SILF
algorithm, the iterated sigma-point filtering concept [27] is
utilized to formulate iterated SILF (ISILF). The main idea
of the iterated filtering strategy is behind the fact that the
updated state estimates x̂k|k is expected to provide a better
estimate than the predicted state estimates x̂k|k−1, because x̂k|k
is calculated once the most recent measured data at time step k
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is received. We exploit this fact to regenerate quasi-Gaussian
lattice points using the updated state estimate x̂k|k and error
covariance matrix Pxx,k|k , based on (8), which are then used to
recalculate statistical moments of the posterior state density
denoted as x̂(iter)

k|k and P(iter)
xx,k|k at the current time step k and iter-

ation count iter. This strategy may yield a decline in the errors
introduced by employed numerical integration and statistical
regression methods after a specific number of iterations. The
proposed ISILF adds additional stages to the original SILF
defined as follows.

After calculating x̂k|k and Pxx,k|k in each time step k, we ini-
tialize x̂(0)

k|k = x̂k|k−1, P(0)
xx,k|k = Pxx,k|k−1, x̂(1)

k|k = x̂k|k , P(1)
xx,k|k =

Pxx,k|k , and set iter = 2. We then calculate the new quasi-
Gaussian lattice points as follows:

P(iter−1)
xx,k|k = S(iter−1)

k|k
T

S(iter−1)
k|k

X SN,QL
j = φ−1

(
xL,Shi f ted

j,d∗
)

; j = 0, 1, 2, . . . , N − 1

X QGL
j,k|k

(iter) = x̂(iter−1)
k|k + S(iter−1)

k|k X SN,QL
j ; j = 0, . . . , N − 1

(22)

The newly generated sampling points are then used to cor-
rect the measurement update equations as follows:

x̂(iter)
k|k−1 ≈ 1

N

N−1∑
j=0

f
(

X QGL
j,k|k

(iter)
, uk−1

)
(23)

ẑ(iter)
k|k−1 ≈ 1

N

N−1∑
j=0

h
(

X QGL
j,k|k

(iter)
, uk

)
(24)

P(iter)
zz,k|k−1 ≈ 1

N

N−1∑
j=0

[
h
(

X QGL
j,k|k

(iter)
, uk

)
− ẑ(iter)

k|k−1

]

∗
[
h
(

X QGL
j,k|k

(iter)
, uk

)
− ẑ(iter)

k|k−1

]T
+ Rk (25)

P(iter)
xz,k|k−1 ≈ 1

N

N−1∑
j=0

[
X QGL

j,k|k
(iter) − x̂(iter)

k|k−1

]

∗
[
h
(

X QGL
j,k|k

(iter)
, uk

)
− ẑ(iter)

k|k−1

]T
(26)

Gsil f
k

(iter) = H pinv

k

(iter)
Satdiag

⎛
⎝
∣∣∣zk − ẑ(iter)

k|k−1

∣∣∣
δ

⎞
⎠ (27)

where

H pinv

k

(iter) = P(iter−1)
xx,k|k

(
P(iter)

xz,k|k−1

(
P(iter)

xz,k|k−1

)T
)−1

P(iter)
xz,k|k−1

(28)
Eventually, the state mean and error covariance matrix at

each iteration are updated as follows:

x̂(iter)
k|k = x̂(iter)

k|k−1 + Gsil f
k

(iter)
z̃(iter)

k|k−1 (29)

P(iter)
xx,k|k = P(iter−1)

xx,k|k − Gsil f
k

(iter)
P(iter)

zz,k|k−1

(
Gsil f

k

(iter))T
(30)

It can be easily proven that the convergence of ISILF is
guaranteed with the proceed of iterations, as per the discussion
presented in Section II-C of [27]. However, as the number
of iterations increases to achieve better accuracy, the compu-
tational complexity introduced by the iterative strategy also
increases. Note that for most real-world problems a noticeable
improvement in accuracy is obtained after only a few numbers
of iterations (in most cases one or two iterations) [29].

C. STRONG TRACKING FILTERING STRATEGY
To further improve the robustness of the proposed SILF
against abrupt changes in the system dynamics, the strong
tracking filtering strategy, originally proposed in [10], is used
to introduce an adaptive fading factor to the predicted covari-
ance matrix Pxx,k|k−1 of SILF algorithm. This strategy, in fact,
reduces the weight of the old measurements against that of the
recent ones. The adaptive fading factor, denoted as λk , can be
calculated as follows (recall z̃k|k−1 = zk − ẑk|k−1):

λk = max {ck, 1} (31)

ck = trace (Nk )

trace (Mk )
(32)

Nk =Ez̃
k − PT

xz,k|k−1 P−1
xx,k|k−1Qk−1Pxx,k|k−1PT

xz,k|k−1 − βRk

(33)

Mk = Pzz,k|k−1 − Ez̃
k + Nk + (β − 1) Rk (34)

Ez̃
k = E

{
z̃k|k−1 z̃T

k|k−1

}

=
{

z̃k|k−1 z̃T
k|k−1 ; k = 0

ρEz̃
k−1+z̃k|k−1 z̃T

k|k−1
1+ρ

; k > 0
(35)

where ρ is the forgetting factor and β is the softening factor
which are usually set to 0.95 and 4.5, respectively. Then, λk is
applied to correct Pxx,k|k−1 at time step k as per the following
equation [10]:

PST
xx,k|k−1 = λk

(
Pxx,k|k−1 − Qk−1

)+ Qk−1 (36)

in which subscript ST stands for strong tracking. PST
xx,k|k−1 is

then used to calculate new quasi-gaussian lattice points based
on (8), which are used to reformulate the update stage of SILF.

D. REINFORCED LATTICE KALMAN FILTER (RLKF)
Eventually, we employ the three abovementioned algorithms
simultaneously to propose a new accurate and robust version
of LKF, named reinforced LKF (RLKF), which exploits the
guaranteed stability of the sliding innovation strategy, boosted
robustness against abrupt changes in system dynamics of the
strong tracking filtering strategy (by defining adaptive fading
factor applied to the predicted state error covariance), and im-
proved accuracy guaranteed by iterative sigma-point filtering
algorithm. The stages and flowchart of the proposed RLKF
algorithm are presented in Table 1 and Fig. 1, respectively.
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TABLE 1. The Stages of the Proposed RLKF Algorithm
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FIGURE 1. Flowchart of the proposed RLKF algorithm.

IV. SIMULATIONS AND EXPERIMENTAL SETUP
In this section, the accuracy, robustness, and computational
complexity of the proposed filters, SILF and RLKF (strong
tracking strategy combined with iterative SILF), are evalu-
ated. For this purpose, the proposed filtering methods are
applied to estimate the harmonic parameters (amplitudes and
phases of the harmonic contents) of distorted waveforms in
power grids. Sate vector for the harmonic estimation problems
is generally defined as follows:

x = [
ϕ1, ϕ2, . . . , ϕr, Amp1, Amp2, . . . Ampr

]T
(37)

where Ampr and ϕr are the amplitude and phase of the r-th
harmonic order, respectively. Note that the dimension of the
vector state is n = 2∗r. Then, the system and measurement
models are defined as per the following equations, respec-
tively:

xk = In×n ∗ xk−1 + wk−1 (38)

zk =
(

r∑
i=1

Ampi ∗ sin (ϕr )

)
+ vk (39)

where In×n is n × n identity matrix that represents the system
transition matrix. In this study, the nonlinear measurement
model contains r = 5 harmonic orders (including 1st, 3rd,
5th, 7th, and 11th order) that matches with the harmonic
contents (with considerable amplitudes) of power signals in
smart power grids in most cases.

To demonstrate the strength of the proposed filtering strat-
egy in various operating modes, different scenarios of sim-
ulations along with experiments have been implemented. As
per software simulations, two harmonic estimation problems
are defined for estimating the harmonic parameters of static

and dynamic (with time-varying amplitude) signals. As per
practical applications of the proposed method, an experimen-
tal setup has been mounted to evaluate the performance of
the proposed filters under the switching operating mode of the
power system (abrupt changes of the power signal). In fact, the
proposed methods are applied to process the transient logged
data set so that their harmonic parameters are estimated. Then,
the estimated waveform is constructed using the estimated
harmonic contents. Finally, the proposed algorithms are im-
plemented in a real-time hardware-in-the-loop (HIL) setup for
evaluating their robustness and accuracy in practical applica-
tions. The performance of the proposed RLKF and SILF in
terms of accuracy, robustness, and computational complexity
is compared to those of conventional UKF, EKF, Extended
SIF (ESIF), and original LKF as well.

Note that for all scenarios, the initial state vector and
state error covariance matrix are set to x̂0 = [0]n×1 and P0 =
103 × In×n, respectively; also, system and measurement noise
covariance are set to Q = 10−10 × In×n and R = 4 × 10−4,
respectively. The sliding boundary layer δ for all simulations
and experiments is between 0.02 and 0.2, whose value has
been selected according to the theoretical bound presented by
[20]. The forgetting factor ρ and softening factor β (related to
strong tracking strategy) are set to 0.95 and 4.5, respectively.
Moreover, the sampling frequency of 1200 Hz (24 samples
per cycle of power signal) has been considered for all simula-
tions. Note that in all scenarios the iterated stage of RLKF is
executed only for one iteration.

A. SCENARIO 1: STATIC POWER SIGNAL ESTIMATION
In this section, the reference signal is considered as a distorted
waveform defined as a series of 5 common harmonic contents,
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TABLE 2. Statistical Comparison of Filters in Estimating Static Signal

which matches with the electrical current of arc furnaces and
high-intensity discharge electronic devices [35]:

zk = 1.5 sin
(
ωt + 80◦)+ 0.5 sin

(
3ωt + 60◦) . . .

+ 0.2 sin
(
5ωt + 45◦)+ 0.15 sin

(
7ωt + 36◦) . . .

+ 0.1 sin
(
11ωt + 30◦)+ vk (40)

wherein ω denotes the angular frequency of the fundamental
harmonic component of the power signals whose frequency is
50 Hz in our study. The static signal defined in (40) is used
to assess the capabilities of the proposed filtering methods
(RLKF and ISILF) in tracking the original signal corrupted
with noise vk (white noise). Accordingly, two different levels
of noise with signal-to-noise ratios (SNRs) of 30 dB and
20 dB are added to the reference signal to investigate the
performance of the proposed algorithms in noise rejection.
The estimation results of the proposed RLKF and ISILF are
compared with those obtained by the UKF, ESIF, and original
LKF. Note that the initial parameters of all filters are set to the
same values for all noisy conditions. Due to space limitations,
only the graphical representations of the estimation results
obtained by the filtering methods for the highest noise level
(SNR = 20 dB) are presented. The standard deviation of the
Gaussian noise i.e., vk injected to the static waveform in (40)
is set to be 0.022.

Regardless of the relatively lower convergence rate of the
proposed algorithms in estimating parameters of the higher-
order (harmonic) components (as seen in Fig. 2), RLKF
and ISILF track the overall waveform with a convergence
time of around half a cycle of the power signal, as shown
in Fig. 3(a). Note that RLKF presents a better convergence
behavior than SILF. Moreover, the proposed estimation al-
gorithms show stability after being converged to the final
values of the parameters as shown in Fig. 3. Then, the sig-
nal estimation errors introduced by the different algorithms
are statistically analyzed and the mean squared error (MSE)
and variance (Var) are computed using which the algorithms’
accuracy and robustness can be evaluated, respectively. These
statistical indices are generated using the estimation results

FIGURE 2. (a) Amplitude and (b) phase estimation results obtained by
different algorithms for the static waveform.

obtained between 0.06 s and 0.5 s (as discussed, this range
is selected to compare the performance of all algorithms af-
ter transient behavior of all filters) for all algorithms under
various noisy conditions. The results of the first three cycles
are not considered to let all algorithms converge to their fi-
nal values (although this convergence rate of LKF and UKF
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FIGURE 3. (a) Estimated waveform and (b) the corresponding error of
different algorithms for static signal.

is not acceptable from the power system operation point of
view). Results presented in Table 2 demonstrate that RLKF
and ISILF track the true signal with high accuracy at different
noise levels, with RLKF presenting a slightly better result
due to the strong tracking strategy integrated with ISILF. As
observed from the last column of Table 2, the computational
complexity of proposed algorithm is dominated by the number
of states (n) and the number of lattice points (N), as can be
seen from the term n2N . This means that as the number of
states and the number of lattice points increase, the computa-
tional burden of the approach rises quadratically with respect
to the number of states and linearly with respect to the number
of lattice points. Therefore, this approach might face scalabil-
ity issues when applied to very high-dimensional systems or
when a very large number of lattice points is required. How-
ever, many of the computations can potentially be parallelized
in practical applications, which could significantly reduce the
actual computational time if parallel computing resources are
available.

Although SILF shows almost the same behavior as the
RLKF in tracking the static signal (see Fig. 3), the indices,
mean squared error (MSE) and variance (Var), presented in
Table 2, reveal the lower performance of SILF compared to

RLKF. The corresponding results obtained by ESIF are no-
ticeably worse in terms of accuracy and robustness. This is
mainly because of the drawback of approximating a highly
nonlinear measurement function using the first term of Tay-
lor series expansion. Furthermore, estimation results obtained
by UKF and LKF are the worst ones with UKF present-
ing slightly a better result. As discussed earlier, the required
number of sampling points used by LKF increases for ap-
proximating functions with a higher level of nonlinearity in
the presence of uncertainty (this is why N is set to 21 for
LKF). Meeting this requirement is facilitated by an adjustable
number of sampling points introduced by the lattice-based
filtering strategy. Note that we exploit this capability origi-
nated in LKF formulation and improved the performance of
the proposed RLKF and ISILF by increasing their number of
sampling points (see the results of RLKF and ISILF in Table 2
where N = 21).

B. SCENARIO 2: DYNAMIC POWER SIGNAL
Time-varying operating conditions in the power systems yield
some dynamic changes in the electrical waveforms. These
dynamics cause time-varying harmonic parameters whose es-
timation would be more challenging. In this subsection, we
define a dynamic power signal by injecting time-variant terms
into the signal (40), using which the performance of the pro-
posed algorithms is further investigated for dynamic signal
tracking. The following equation represents the dynamic sig-
nal with the corresponding time-variant parameters:

Zk = (1.5 + a1 (t )) sin
(
ωt + 80◦)

+ . . . (0.5 + a3 (t )) sin
(
3ωt + 60◦)

+ . . . (0.2 + a5 (t )) sin
(
5ωt + 45◦)

+ . . . 0.15 sin
(
7ωt + 36◦)+ 0.1 sin

(
11ωt + 30◦)+vk

(41)

where

a1 (t ) = 0.15 sin (2π f1t ) + 0.05 sin (2π f3t ),

a3 (t ) = 0.05 sin (2π f2t ) + 0.02 sin (2π f3t )

a5 (t ) = 0.025 sin (2π f1t ) + 0.005 sin (2π f3t )

f1 = 0.25 + 1.875t Hz

f2 = 0.75 + 5.625t Hz

f3 = 1.5 + 11.25t Hz

As seen, the amplitudes of 1st, 3rd, and 5th harmonics are
considered to be time-varying signals with time-dependent
frequencies as well which makes the harmonic estimation
problem even more complex. Additionally, a 20 dB Gaussian
noise (zero-mean with standard deviation = 0.022) is added
to make the model represents real-world conditions.

Figs. 4 and 5 demonstrate the harmonic parameters and
the associated dynamic signal estimated by the filtering al-
gorithms along with their corresponding estimation errors.
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FIGURE 4. (a) Amplitude and (b) phase estimation results obtained by
different algorithms for the dynamic waveform.

although the filters are blind to these dynamic changes of the
signal due to the fact that their process model formulation is
kept similar to one defined for the static signal in (41), as
can be observed, the proposed SILF and RLKF maintained
their estimation quality in the presence of model dynamics.
However, the convergence rate of the estimation problem in
this scenario is slightly lower than that of the static signal
case.

It should be noted that the performance of UKF and
LKF estimators significantly declined in tracking the dynamic
signal; on the other hand, ESIF results remain acceptable ben-
efiting from the sliding innovation strategy in its formulation.
Table 3 presents the performance of the proposed algorithms
in comparison with other filtering methods in terms of statis-
tical indices: MSE and Var. These indices are again computed
using the estimated value of the dynamic waveform obtained
between 0.06 s and 0.5 s for all algorithms. As per the es-
timation results given in this table, UKF and LKF present
the highest errors among the others. Although ESIF perfor-
mance is comparable to that of SILF and RLKF with 11
sampling points, the proposed algorithms with 21 sampling

FIGURE 5. (a) Estimated waveform and (b) the corresponding error of
different algorithms for the dynamic signal.

TABLE 3. Statistical Comparison of Filters in Tracking Dynamic Signal

points clearly outperform ESIF but at a higher computational
cost. Note that PFSIF also present comparable results to those
obtained by proposed algorithms with 11 points but with
significantly higher computational burden (1000 particles).
This superiority of the SILF and RLKF originates in the fact
that the sliding innovation strategy (used by both) and strong
tracking theory (adaptive fading factor used in RLKF) place
more weight on the measurements than the process model
when encountering model uncertainties.
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FIGURE 6. Experimental setup for testing abrupt changes in the signal.

C. SCENARIO 3: POWER SIGNAL WITH ABRUPT CHANGES
Transient phenomena in power systems yield abrupt changes
in the power signals with an effective time in the range of a
few microseconds to milliseconds. Such a sudden change in
the power signal introduces some challenges to the filtering
algorithms in maintaining their robustness while tracking the
transient waveform.

In this section, an experimental setup (shown in Fig. 6) is
developed to extract data under a transient phenomenon, i.e.,
load switching. We then apply the SILF, RLKF, and ESIF
algorithms to estimate the voltage magnitudes with transient
changes measured from the test setup.

The mounted circuit consists of a 0.1 H inductor connected
in series with two parallel transformers whose named power
are 100 VA and 200 VA, respectively. The 100 VA transformer
operates under the no-load condition and is directly supplied
via an AC power source; however, the 200 VA transformer is
fed through a switch to supply a 48 W LED driver load. A fast
response voltage transducer, i.e., LV 25-P, is used to measure
the analog voltage of the series inductor. The analog data is
then digitized using an A/D NI USB-6009 data acquisition
(DAQ) card at a sampling rate of 1200 Hz. Transient voltage
change of the series inductor is generated by switching the
200 VA transformer (supplying LED load on its secondary
winding) at the time of 2.759 sec. Fig. 6 also depicts the
transient changes of inductor voltage after switching time.
Note that the filtering algorithms are used in the off-line mode
to process the logged data of transient voltage waveform.

Fig. 7 shows the graphical representation of their corre-
sponding estimated signals. As observed, RLKF tracks the
measured transient waveform within an acceptable range of
error compared to other algorithms. Since transient changes
in the signal are not modeled in the process model of the
filtering algorithms, their predicted results in the time update
phase present a significant error. Using UKF and LKF al-
gorithm, this error is propagated to the measurement update
phase which yields low-quality updated estimates. On the
other hand, SILF and RLKF exploit the sliding innovation
strategy in their measurement update phase to compensate

FIGURE 7. (a) Estimated waveform and (b) the corresponding error of
different algorithms for transient signal.

TABLE 4. Statistical Comparison of Filters in Tracking Signal With Abrupt
Change

TABLE 5. Statistical Comparison of the Proposed Filters in Real-Time
Application

for the errors of the time update phase. This robust behavior
against sudden changes is reinforced for RLKF by exploiting
an adaptive fading factor term applied to the predicted error
covariance. Thus, RLKF provides even more reliable estima-
tion results for transient changes in the system model. The
estimation results obtained by estimators are compared nu-
merically in Table 4. As discussed above (and even could be
predicted from dynamic case results), UKF and LKF poorly
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FIGURE 8. Real-time HIL experimental setup.

track the abrupt changes, and this is why we exclude them in
reporting the results in this section.

D. SCENARIO 4: REAL-TIME IMPLEMENTATION
In this section, a Hardware-In-the-Loop (HIL) setup is devel-
oped to evaluate the real-time operation of the proposed SILF
and RLKF methods. Since MATLAB-based implemented
scripts present some processing delays while reading data
from DAQ cards, the C++ programming language, which
provides strong traction in real-time applications, is used in
the current scenario for the implementation of the proposed al-
gorithms. The codes are processed in a real-time manner using
an embedded hardware system, i.e., PC/104 micro-computer
set, equipped with a VDX-6354 processor card (Vortex86DX
800 MHz CPU module) and a PCM-5114 DAQ card. Further-
more, we employ a fast response current sensor using which
the current of an AC feeder line supplying a total of 6KW LED
luminaires is measured. This current is then read by the DAQ
card at the sampling rate of 1200 Hz. The harmonic contents
of the measured current are 3rd, 5th, and 7th harmonic orders
with noticeable amplitude. Fig. 8 shows the diagram of the
real-time experimental setup.

Once a measurement is received by the DAQ card, a 5V
digital activation pulse is submitted to the General-Purpose
Input Output (GPIO) port of the processor card and one recur-
sion of the filtering method (SILF or RLKF) is simultaneously
executed to provide the estimates associated with the current
recursion. The digital pulse is then set to 0V at the end of
each recursion of the corresponding estimator. The train of
pulses detected by a digital scope is then used to analyze the
computational performance of the proposed algorithms. To
guarantee the real-time performance of the proposed methods,
the duration of the digital activation pulse (processing time) is
required to be less than (1/1200) s (since the sampling rate is
1200 Hz). As Fig. 9(a) and (b) depicts, the processing time of
all recursions (not exactly the same though) is always less than
(1/3000) s and (1/2500) s for SILF and RLKF, respectively,
which confirms the performance of the proposed algorithms in
real-time applications. Note that the number of lattice-based
sampling points for both algorithms is set to 21. It is worth
mentioning that the relatively low computational burden of
SILF originates in using a simple integration method (Lattice

FIGURE 9. Processing time of (a) SILF and (b) RLKF along with (c) their
real-time estimation results.

rule) to approximate nonlinear multivariate integrals (inher-
ited from LKF), and a simple gain formulation inherited from
SIF. Having the SILF formulation reinforced by the iterative
filtering strategy and strong tracking filtering method, RLKF
provides more robust and accurate estimation results but at a
higher computational complexity (see Table 5).

The estimated waveform is outputted by the DAQ card to
its analog output channel (for each proposed filter). Then, the
measured and estimated waveforms are cabled to the scope.
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Note that for the sake of a more efficient graphical represen-
tation, the data logged for 1-minute execution of the SILF
and RLKF algorithms is used in the MATLAB environment
to present the measured and estimated waveforms in one plot,
as shown in Fig. 9(c).

V. CONCLUSION
This article presented a derivative-free robust formulation
of the LKF algorithm, namely SILF, by applying the slid-
ing innovation strategy to the update stage of the original
method with the aim of enhancing its performance against
different uncertainty resources. The proposed algorithm was
then reinforced by an adaptive fading factor and iterated
filtering method to battle transient changes in the system
model/parameters. The resulting filter has been formulated as
a predictor-corrector estimator and is called RLKF. Different
simulation and experiment scenarios have been carried out to
investigate the performance of the proposed SILF and RLKF
under uncertain system dynamics perturbed with high-level
noises as well. The obtained results have shown the superi-
ority of the RLKF compared to SILF, ESIF, UKF, and the
original LKF in terms of accuracy and robustness, and con-
vergence rate as well. Furthermore, the results obtained from
a HIL setup based on real-time coding and an embedded
hardware system have confirmed the performance of the pro-
posed filtering strategy in the real-time application in terms
of estimation accuracy and processing time. Although RLKF
requires more computational burden compared to SILF and
other well-known filtering methods, its adjustable number of
sampling points inherited from the LKF formulation gives us
the opportunity of reducing the number of points for the sys-
tems with a lower level of nonlinearity and uncertainty while
maintaining the estimation accuracy in an acceptable range.
The development of the proposed filter in the non-Gaussian
framework and its interacting multiple models (IMM)-based
formulation for fault tolerance and detecting model changes
are considered for future research works.

REFERENCES
[1] R. E. Kalman, “A new approach to linear filtering and prediction prob-

lems,” ASME. J. Basic Eng., vol. 82, no. 1, pp. 35–45, Mar. 1960,
doi: 10.1115/1.3662552.

[2] M. I. Ribeiro, “Kalman and extended Kalman filters: Concept, deriva-
tion and properties,” Inst. Syst. Robot., vol. 43, pp. 3736–3741, 2004.

[3] J. L. Crassidis and J. L. Junkins, Optimal Estimation of Dynamic Sys-
tems. London, U.K.: Chapman & Hall, 2004.

[4] S. J. Julier and J. K. Uhlmann, “Unscented filtering and nonlinear
estimation,” Proc. IEEE, vol. 92, no. 3, pp. 401–422, Mar. 2004,
doi: 10.1109/JPROC.2003.823141.

[5] S. J. Julier and J. K. Uhlmann, “New extension of the Kalman filter
to nonlinear systems,” in Signal Processing, Sensor Fusion, and Target
Recognition VI. Bellingham, WA, USA: SPIE, 1997, pp. 182–193.

[6] B. Ienkaran Arasaratnam, Cubature Kalman Filtering: Theory & Appli-
cations. Hamilton, ON, Canada: McMaster Univ., 2012.

[7] A. Rahimnejad, S. A. Gadsden, and M. Al-Shabi, “Lattice Kalman
filters,” IEEE Signal Process. Lett., vol. 28, pp. 1355–1359, 2021,
doi: 10.1109/LSP.2021.3089935.

[8] Q. Xia, M. Rao, Y. Ying, and X. Shen, “Adaptive fading Kalman filter
with an application,” Automatica, vol. 30, no. 8, pp. 1333–1338, 1994.

[9] W. Zhou and J. Hou, “A new adaptive robust unscented Kalman filter
for improving the accuracy of target tracking,” IEEE Access, vol. 7,
pp. 77476–77489, 2019, doi: 10.1109/ACCESS.2019.2921794.

[10] H. Zhang, J. Xie, J. Ge, W. Lu, and B. Zong, “Adaptive strong tracking
square-root cubature Kalman filter for maneuvering aircraft track-
ing,” IEEE Access, vol. 6, pp. 10052–10061, 2018, doi: 10.1109/AC-
CESS.2018.2808170.

[11] D. Simon, Optimal State Estimation: Kalman, H Infinity, and Nonlinear
Approaches. Hoboken, NJ, USA: Wiley, 2006.

[12] J. Zhao and L. Mili, “A theoretical framework of robust H-infinity
unscented Kalman filter and its application to power system dy-
namic state estimation,” IEEE Trans. Signal Process., vol. 67, no. 10,
pp. 2734–2746, May 2019, doi: 10.1109/TSP.2019.2908910.

[13] J. Zhao and L. Mili, “A decentralized H-infinity unscented Kalman
filter for dynamic state estimation against uncertainties,” IEEE
Trans. Smart Grid, vol. 10, no. 5, pp. 4870–4880, Sep. 2019,
doi: 10.1109/TSG.2018.2870327.

[14] J. Xia, S. Gao, X. Qi, J. Zhang, and G. Li, “Distributed cubature
H-infinity information filtering for target tracking against uncertain
noise statistics,” Signal Process., vol. 177, 2020, Art. no. 107725,
doi: 10.1016/j.sigpro.2020.107725.

[15] S. R. Habibi and R. Burton, “The variable structure filter,” J.
Dyn. Syst. Meas. Control, vol. 125, no. 3, pp. 287–293, Sep. 2003,
doi: 10.1115/1.1590682.

[16] S. A. Gadsden, “Smooth variable structure filtering: Theory and appli-
cations,” Ph.D. dissertation, McMaster Uni., Hamilton, ON, Canada,
2011. [Online]. Available: http://hdl.handle.net/11375/11249

[17] S. A. Gadsden, M. Al-Shabi, I. Arasaratnam, and S. R. Habibi, “Com-
bined cubature Kalman and smooth variable structure filtering: A robust
nonlinear estimation strategy,” Signal Process., vol. 96, pp. 290–299,
2014.

[18] I. Al-Omari, A. Rahimnejad, A. Gadsden, M. Moussa, and H. Karim-
ipour, “Power system dynamic state estimation using smooth variable
structure filter,” in Proc. IEEE Glob. Conf. Signal Inf. Process., 2019,
pp. 1–5, doi: 10.1109/GlobalSIP45357.2019.8969306.

[19] M. Avzayesh, M. Abdel-Hafez, M. AlShabi, and S. A. Gads-
den, “The smooth variable structure filter: A comprehensive re-
view,” Digit. Signal Process, vol. 110, 2021, Art. no. 102912,
doi: 10.1016/j.dsp.2020.102912.

[20] A. S. Lee, “Sliding innovation filtering: Theory and applications,” Doc-
toral dissertation, University of Guelph, Guelph, ON, Canada, 2021.
[Online]. Available: https://hdl.handle.net/10214/26361

[21] S. A. Gadsden and M. Al-Shabi, “The sliding innovation filter,” IEEE
Access, vol. 8, pp. 96129–96138, 2020.

[22] W. Hilal, S. A. Gadsden, S. A. Wilkerson, and M. Al-Shabi, “Combined
particle and smooth innovation filtering for nonlinear estimation,” in
Signal Processing, Sensor/Information Fusion, and Target Recognition
XXXI, Bellingham, WA, USA: SPIE, 2022, pp. 29–42.

[23] J. Enayati, A. Rahimnejad, L. Vanfretti, S. A. Gadsden, and
M. Al-Shabi, “Dynamic harmonic estimation using a novel ro-
bust filtering strategy: Iterated sliding innovation cubature filter,”
IEEE Trans. Instrum. Meas., vol. 72, 2023, Art. no. 2502310,
doi: 10.1109/TIM.2022.3218539.

[24] T. Zhang, W. Zhang, Q. Zhao, J. Chen, and Y. Zhang, “Adaptive particle
filter with randomized Quasi-Monte Carlo sampling for unbalanced dis-
tribution system state estimation,” IEEE Trans. Instrum. Meas., vol. 72,
2023, Art. no. 1004513, doi: 10.1109/TIM.2023.3276002.

[25] J. Wang, X. Chen, and P. Yang, “Adaptive H-infinite Kalman fil-
ter based on multiple fading factors and its application in un-
manned underwater vehicle,” ISA Trans., vol. 108, pp. 295–304, 2021,
doi: 10.1016/j.isatra.2020.08.030.

[26] A. Rahimnejad, Lattice Kalman Filters: Theory and Applications.
Guelph, ON, Canada: Univ. Guelph, 2022. [Online]. Available: https:
//hdl.handle.net/10214/27262

[27] R. Zhan and J. Wan, “Iterated unscented Kalman filter for passive
target tracking,” IEEE Trans. Aerosp. Electron. Syst., vol. 43, no. 3,
pp. 1155–1163, Jul. 2007, doi: 10.1109/TAES.2007.4383605.

[28] A. Rouhani and A. Abur, “Constrained iterated unscented Kalman filter
for dynamic state and parameter estimation,” IEEE Trans. Power Syst.,
vol. 33, no. 3, pp. 2404–2414, May 2018.

[29] J. Enayati, A. Rahimnejad, and S. A. Gadsden, “LED reliabil-
ity assessment using a novel Monte Carlo-based algorithm,” IEEE
Trans. Device Mater. Rel., vol. 21, no. 3, pp. 338–347, Sep. 2021,
doi: 10.1109/TDMR.2021.3095244.

422 VOLUME 4, 2023

https://dx.doi.org/10.1115/1.3662552
https://dx.doi.org/10.1109/JPROC.2003.823141
https://dx.doi.org/10.1109/LSP.2021.3089935
https://dx.doi.org/10.1109/ACCESS.2019.2921794
https://dx.doi.org/10.1109/ACCESS.2018.2808170
https://dx.doi.org/10.1109/ACCESS.2018.2808170
https://dx.doi.org/10.1109/TSP.2019.2908910
https://dx.doi.org/10.1109/TSG.2018.2870327
https://dx.doi.org/10.1016/j.sigpro.2020.107725
https://dx.doi.org/10.1115/1.1590682
http://hdl.handle.net/11375/11249
https://dx.doi.org/10.1109/GlobalSIP45357.2019.8969306
https://dx.doi.org/10.1016/j.dsp.2020.102912
https://hdl.handle.net/10214/26361
https://dx.doi.org/10.1109/TIM.2022.3218539
https://dx.doi.org/10.1109/TIM.2023.3276002
https://dx.doi.org/10.1016/j.isatra.2020.08.030
https://hdl.handle.net/10214/27262
https://hdl.handle.net/10214/27262
https://dx.doi.org/10.1109/TAES.2007.4383605
https://dx.doi.org/10.1109/TDMR.2021.3095244


[30] D. Nuyens, “Fast construction of good lattice rules,” Doctoral disser-
tation, KU Leuven, Leuven, Norway, 2007. [Online]. Available: https:
//people.cs.kuleuven.be/∼dirk.nuyens/phdthesis/thesis.pdf

[31] H. H. Afshari, S. A. Gadsden, and S. Habibi, “Gaussian filters
for parameter and state estimation: A general review of theory and
recent trends,” Signal Process., vol. 135, pp. 218–238, Jun. 2017,
doi: 10.1016/j.sigpro.2017.01.001.

[32] H. Fang, N. Tian, Y. Wang, M. Zhou, and M. A. Haile, “Nonlinear
Bayesian estimation: From Kalman filtering to a broader horizon,”
IEEE/CAA J. Automatica Sinica, vol. 5, no. 2, pp. 401–417, Mar. 2018,
doi: 10.1109/JAS.2017.7510808.

[33] R. Cranley and T. N. L. Patterson, “Randomization of number theoretic
methods for multiple integration,” SIAM J. Numer. Anal., vol. 13, no. 6,
pp. 904–914, Dec. 1976, doi: 10.1137/0713071.

[34] T. Lefebvre, H. Bruyninckx, and J. de Schuller, “Comment on ‘A
new method for the nonlinear transformation of means and co-
variances in filters and estimators’ [with authors’ reply],” IEEE
Trans. Autom. Control, vol. 47, no. 8, pp. 1406–1409, Aug. 2002,
doi: 10.1109/TAC.2002.800742.

[35] J. Enayati and Z. Moravej, “Real-time harmonic estimation using a
novel hybrid technique for embedded system implementation,” Int.
Trans. Elect. Energy Syst., vol. 27, no. 12, 2017, Art. no. e2428.

ABOLFAZL RAHIMNEJAD (Member, IEEE) re-
ceived the B.Sc. degree in electrical power engi-
neering from Mazandaran University, Babol, Iran,
in 2009, and the M.Sc. degree in electrical power
engineering from the Babol Noshirvani Univer-
sity of Technology, Babol, in 2012. From 2013
to 2017, he was a Research Assistant with the
Power System Research Laboratory, Babol Noshir-
vani University of Technology, Mazandaran, Iran.
From 2017 to 2018, he was then a Visiting Re-
searcher with the Lamar Renewable Energy and

Microgrid Laboratory, Beaumont, TX, USA. From 2018 to 2022, he was
with the College of Engineering and Physical Sciences, University of Guelph,
Guelph, ON, Canada, as a Graduate Research and Teaching Assistant. He is
currently a Research Associate with Intelligent and Cognitive Engineering
Laboratory, McMaster University, Hamilton, ON, Canada. His research inter-
ests include estimation and identification methods, data-driven power system
operation and control, machine learning Algorithms, and smart home energy
management.

JAVAD ENAYATI was born in Shahi, Mazandaran,
Iran, in 1986. He received the B.S. degree in
electrical engineering from Mazandaran Univer-
sity, Babol, Iran, in 2009, and the M.S. and Ph.D.
degrees in electrical power engineering from the
Semnan University, Semnan, Iran, in 2011 and
2017, respectively. From 2016 to 2022, he was with
R&D Department of Mazinoor Lighting Industry,
Babol, Mazandaran, Iran. Since 2022, he has been
a Postdoctoral Research Fellow with the Univer-
sity of Hertfordshire, Hatfield, U.K. His research

interests include state estimation, system identification, reliability, and power
quality analysis.

LUIGI VANFRETTI (Senior Member, IEEE) re-
ceived the M.Sc. and Ph.D. degrees in electric
power engineering from Rensselaer Polytechnic
Institute, Troy, NY, USA, in 2007 and 2009, re-
spectively. In 2017, he was an Associate Professor
with Rensselaer Polytechnic Institute, where he
is currently developing his laboratory and Re-
search Team ALSETLab. He was an Assistant
Professor, an Associate Professor (tenured), and
a Docent with the KTH Royal Institute of Tech-
nology, Stockholm, Sweden, from 2010 to 2013

and from 2013 to 2017, respectively, where he led the SmarTS Lab (a Re-
search Group). He was with Statnett SF, the Norwegian transmission system
operator, from 2013 to 2016, as a Special Advisor with the Research and
Development Department, and as a Consultant, from 2011 to 2012 and in
2017. His research interests include synchrophasor technology applications,
and cyber-physical power system modeling, simulation, stability, and control.

STEPHEN ANDREW GADSDEN (Senior Mem-
ber, IEEE) received the bachelor’s degree in me-
chanical engineering and management (business)
and the Ph.D. degree in mechanical engineering
from McMaster University, Hamilton, On Canada,
in the area of estimation theory with applications
to mechatronics and aerospace systems. He is cur-
rently an Associate Professor with the Department
of Mechanical Engineering, McMaster University,
Hamilton, ON, Canada, and is the Director of the
Intelligent and Cognitive Engineering Laboratory.

His research interests include control and estimation theory, artificial intelli-
gence and machine learning, and cognitive systems. He was a Postdoctoral
Researcher for nearly three years with the Centre for Mechatronics and
Hybrid Technology, Hamilton, ON, Canada. He also worked concurrently as a
Project Manager with the Pharmaceutical Industry. Before joining McMaster
University, he was an Associate/Assistant Professor with the University of
Guelph, Guelph, ON, Canada, and an Assistant Professor with the Depart-
ment of Mechanical Engineering, University of Maryland, College Park, MD,
USA. He worked and continues to work with a number of colleagues in
NASA, the U.S. Army Research Laboratory, U.S. Department of Agriculture,
and the National Institute of Standards and Technology. Dr. Gadsden is an
elected Fellow of ASME, and is a Professional Engineer of Ontario. He is
also a certified Project Management Professional. Dr. Gadsden is a Reviewer
of a number of ASME and IEEE journals and international conferences.

MOHAMMAD ALSHABI (Senior Member, IEEE)
received the B.Sc. and M.Sc. degrees in mecha-
tronics from the Mechanical Engineering Depart-
ment, Jordan University for Science and Technol-
ogy, Ar-Ramtha, Jordan, and the Ph.D. degree in
mechanical engineering from McMaster Univer-
sity, Hamilton, ON, Canada. His thesis was in the
area of filtering and estimation on mechatronic sys-
tems. He is currently an Assistant Professor with
the Department of Mechanical and Nuclear Engi-
neering, University of Sharjah, Sharjah, UAE. His

research interests include broad and consider nonlinear and robust control, fil-
tering, estimation theory, fault detection, robotics, optimization, and artificial
intelligence.

VOLUME 4, 2023 423

https://people.cs.kuleuven.be/protect $
elax sim $dirk.nuyens/phdthesis/thesis.pdf
https://people.cs.kuleuven.be/protect $
elax sim $dirk.nuyens/phdthesis/thesis.pdf
https://dx.doi.org/10.1016/j.sigpro.2017.01.001
https://dx.doi.org/10.1109/JAS.2017.7510808
https://dx.doi.org/10.1137/0713071
https://dx.doi.org/10.1109/TAC.2002.800742


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


