IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 12 October 2022, accepted 23 October 2022, date of publication 26 October 2022, date of current version 15 November 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3217248

== RESEARCH ARTICLE

Surviving Most Relevant Features on Transient
Trajectories Data by Dyadic 24-Way Hybrid
Feature Selection Algorithm for Transient
Stability Prediction

SEYED ALIREZA BASHIRI MOSAVI

Department of Electrical and Computer Engineering, Buein Zahra Technical University, Buein Zahra, Qazvin 3451866391, Iran

e-mail: abashirimosavi@bzte.ac.ir

ABSTRACT Designing an effective feature selection scheme (FSS) is an inevitable solution for top-level
balancing contrastive-correlated indices, namely transient processing time (TPT) and transient prediction
accuracy (TPA) on transient stability assessment (TSA). Achieving low TPT and high TPA have a tight
relationship in selecting the most relevant transient point features (MRTPFs) survived by applying com-
prehensive FSS on m-variate transient trajectory features (mVTTFs). Hence, we introduce dyadic 24-way
hybrid FSS (D24WHFSS) to select MRTPFs from mVTTFs. The D24WHFSS comprises 24 permutations of
the chained four-stage hybrid structure called 24-way hybrid FSS (24WHFSS). The 24WHFSS raised by bi-
incremental wrapper mechanism (bi-IWM) contains incremental wrapper subset selection (IWSS) and IWSS
with replacement (IWSSr). Each hybrid scenario is equipped with symmetric uncertainty (SU) (filter phase)
and dual support vector-based classifiers (DSVCs) (wrapper phase). Embedded DSVCs into IWSS/ IWSSr
include kernel support vector machine (kSVM) and k-twin SVM (kTWSVM). By plugging dual kernel
function pairs (DKFPs) into DSVCs, 24-way SUbi-TWMPSVCS s exerted in the varied twofold repetition
(dyadic 24WHEFSS). In the first KFP (KFP'), the radial basis function (RBF) is situated in the DSVCs of
bi-IWM. In KFP?, the dynamic time warping (DTW) and polynomial (Poly) kernels are used in 24-way SUbi-
TWMPSVCs that the DTW and Poly kernels plugged into SUTWSSKSVM/SUIWSSASVM gnd SUTWSSKTWSVM/
SUIWSSHTWSVM respectively. Finally, the efficacy of D24WHFSS-based MRTPFs in TSA is evaluated via
cross-validation. The results show that D24WHFSS has a TPA of 99.25 % and a TPT of 102.607 milliseconds
for TSA.

INDEX TERMS Hybrid feature selection scheme, most relevant transient point features, transient stability

assessment.
ACRONYMS TPT Transient Processing Time.
DM Data Mining. TPA Transient Prediction Accuracy.
FSP Fast-Sudden Phenomena. IRTFs Irrelevant-Redundant Transient Features.
HPA High Prediction Accuracy. HDTS High Dimensional Transient Space.
LPT Low Processing Time. FSS Feature Selection Scheme.
HDS  High Dimensional Space. MRTPFs  Most Relevant Transient Point Features.
IRFs Irrelevant and Redundant Features. MLCs Machine Learning Classifiers.
FS Feature Selection. CTS Compact Transient Space.
TSA Transient Stability Assessment. ITPs Information Theory Principles.
PMUs Phasor Measurement Units. MI Mutual Information.
mRMR Minimum-Redundancy and Maximum-
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Partial-Injective Trilateral Hybrid Scheme.

NOTATION
; i feature.
fui Feature with i"-highest SU.
A (fii) Learning model accuracy based on fi;.
Incr: #i i increments in IWSS/ IWSSr tree.
CL"in(£;) Training procedure of classification
learner based on f;.
param Recording learning parameters.

CL'"S\(f;, param)

OCTVsBFi Output channels transient values
related to i basic features; i
{ VOLT/VANGLE/PELEC/QELEC/QLOAD}.

TU, x'! transient univariate in mVTTFs.

*MRTPFs MRTPFs subset related to TUy.

UMRTPFs!™  Union result of !'MRTPFs to
MMRTPFs.

Tu " ™ TPFs of x™ TU.

HX) Entropy of X; X:{TUXT PRy , target
class}.

Max Maximum function.

Min Minimum function.

Var Variance function.

RankTPFsyy Ranked TPFs of TU,based on SU val-
ues.

Z*RTPFs'. Contain the Zone*-specific RTPFs per
‘D24WHFSS.

ZV4URTPFs: Contain union result of Zone!-
Specific RTPFs to Zone*-specific
RTPFs per 'D24WHFSS.

ZV"4MRTPFs!**  Contain union result of obtained
'D24WHFSS-specific CRTPFs and
2D24WHFSS-specific CRTPFs.

DKFP! i kernel function pair; it {(RBF,
RBF)/(DTW, Poly)}.

OFs)8% Struct for recording the L4SH'-

Testing procedure of model based on
param and f;.

specific OFs related per zone of
'D24WHFSS.

I. INTRODUCTION

Nowadays, the application of data mining (DM) technologies
[1], [2] for promoting the prediction quality of fast-sudden
phenomena (FSP) in core strategic industries (e.g., the energy
industry, health industry, transportation industry, and so on)
leads to realizing intelligent insights for system stakehold-
ers [3], [4], [5]. Measuring FSP prediction quality depends
on contrastive-correlated metrics, namely the accuracy of
system status prediction and processing time for system status
labeling. Achieving high prediction accuracy (HPA) and low
processing time (LPT) simultaneously is defined ultimate
goal in supervision-required industries. Such targeting in cog-
nition of system phenomena markedly reduces system oper-
ator’s directing challenges in conducting the timely-accurate
intervention actions to return the system to a normal operation
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state. However, a significant concept called high dimen-
sional space (HDS) negatively overshadows the performance
of DM-based tools to reach HPA and LPT-based effective
decision-making on the system under study. The HDS arises
from massive variables observed by software and hardware-
oriented monitoring systems that irrelevant and redundant
features (IRFs) populate a considerable portion of HDS. The
presence of IRFs in DM-based extracting pattern procedures
reduces prediction accuracy and increases the processing
time related to unseen case labeling. Hence, the problem of
dimensionality is a critical topic in pattern recognition [6],
[7]. The right solution presented by DM experts to handle
the HDS is termed the feature selection (FS) process [8], [9].
Applying FS-based techniques on HDS be caused discarding
IRFs and surviving the most relevant ones. The selected
subset encompasses features with minimum redundancy and
maximum relevance criteria that promise low processing time
and high accuracy prediction regarding FSP occurred in high-
risk industries.

The energy sector as a sensitive industry includes the
strategic product, namely electricity. Electric power has
an incomparable role in economic prosperity and meeting
human needs in modern society by guaranteeing the survival
and continued growth of downstream to upstream industries.
Hence, power system operational reliability assessment is a
24/7 supervisory support to ensure a stable power supply. One
of the significant branches of dynamic stability assessment of
the power grid is transient stability assessment (TSA) [10].
TSA aims to predict the transient stability status based on
the data analytics dashboard raised by coupling DM tech-
nologies and transient data obtained by phasor measurement
units (PMUs) [11] so that the system operator triggers a
prompt-correct reaction against the unstable state. However,
on the way to the synchronal achievement of low tran-
sient processing time (TPT) (low prediction time and small
observation window) and high transient prediction accuracy
(TPA) on TSA, the irrelevant-redundant transient features
(IRTFs) in high dimensional transient space (HDTS) is the
main obstacle. To solve this concern, applying the feature
selection scheme (FSS) on HDTS to select the most relevant
transient point features (MRTPFs) should be on the agenda.
The IRTFs elimination and streaming of more information
between MRTPFs and target class cause facilitate the well-
training process condition of machine learning classifiers
(MLCs) for high TPA. On the other hand, MRTPFs-based
compact transient space (CTS) brings low TPT (low predic-
tion time due to CTS-based faster training procedure; and
selecting small observation window from MRTPFs subset),
which causes to pass the time constraint in demanded correc-
tive actions [12]. Considering the above points, designing the
effective FSS for high-performance TSA has become a hot
topic for DM specialists.

Il. RELATED WORKS
Scrutinizing glance at the FS-based TSA studies manifests
that applied FS mechanisms to find optimal transient fea-
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tures are mounted on information theory principles (ITPs)
(filter) and ITPs-MLCs approaches (filter-wrapper). In the
case of filter-oriented works like [13] and [14], power and
angle-based HDTS is targeted by mutual information (MI)
metric to gain the best quantify of redundancy and relevance
(minimum-redundancy and maximum-relevance (mRMR)).
Another way of measuring the relevancy of observed fea-
tures for monitoring the induction motor is the extended
Relief called ReliefF elaborated in [15]. In [16], the fast
correlation-based filter (FCBF) is situated as the primary
stage in the transfer capability calculation (TTC) model,
which by selecting optimal features helped the grid opera-
tors in addressing triple issues, namely static security, static
voltage stability, and transient stability. In the case of the
hybrid FS frameworks used in transient studies, [17] pro-
poses the Relief and support vector machine (SVM)-based
filter-wrapper combination to extract the optimal features
on transient trajectories data set. In [18], hybrid FSS is
appeared by integrating the normalized mutual information
(NMI) (filter phase) and binary particle swarm optimiza-
tion (BPSO) (wrapper phase) for high-performance tran-
sient stability status prediction. To surmount the HDTS, [19]
presents the point and trajectory-feeding hybrid algorithm in
the form of coupling fuzzy imperialist competitive algorithm
(FICA) and incremental wrapper subset selection (IWSS)
called FICA-IWSS that includes MI and conditional MI
metrics in the filter phase and kernel SVM in the wrap-
per phase. In [20], a BinJava-based kernelized fuzzy rough
sets (KFRS) approach is conducted on the entire feature
space for selecting optimal feature subsets. In [21], coupling
the kernelized fuzzy rough sets (KFRS) and the memetic
algorithm is applied to transient data to survive the optimal
transient features for TSA of power systems. In [22], cross-
permutation-based quad-hybrid FSS (CPQHFSS) to select
optimal features from TMEs. The CPQHFSS consists of four
filter-wrapper blocks (FWBs) in the form of twin two-FWBs
mounted on two-mechanism of the incremental wrapper.
Reference [23] presents the partial-injective trilateral hybrid
scheme (PITHS) based on horizontally integrated mode is
applied on transient multivariate trajectory features (TMTFs)
which consist of two nested trilateral phases namely nested
trilateral filter phase (NTFP) and the nested trilateral wrapper
phase (NTWP).

Focusing on the past FS-based TSA studies (e.g., [13],
[14], [15], [16], [17], [18], [19], [22], and [23]) revealed
the released strategies suffer from the mono-way filter-
wrapper structure (MWFWS) that causes failure in the
precise exploring MRTPFs from nonlinear HDTS. Pass-
ing the weak-learner MWFWS gates requires designing
the well-structured FSS supported by a multi-level circular
learning model (MLCLM). Performing MLCLM on foggy
non-separable transient data brings the retrieving of invis-
ible MRTPFs (IMRTPFs). On the other hand, in some
of FS-based TSA like [20] and [21], applying MLCLM
on m-variate transient trajectory features (mVTTFs) set to
single-window streaming data (SWSD) mode stemmed from
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sticking transient univariates together leads to pruning fea-
tures defeated by selected features according to filter-wrapper
metrics (a slight distinction between discarded features and
optimal ones). In this regard, replacing the sectoral-oriented
view with the SWSD mode is compelling in the feature
selection process. Generally, overcoming mentioned obsta-
cles has a direct impact on achieving timely-accurate transient
stability prediction (TSP).

The trilateral contributions of this paper to handle FS-based
TSP problems faced by transient analysts are categorized as
follows:

« A novel feature selection algorithm named the dyadic
24-way hybrid FSS (D24WHFSS) is proposed to extract
optimal features for high-performance TSA. The offered
scheme including the linked four-stage hybrid model
in a 24-way manner (called 24WHFSS) mounted on
the bi-incremental wrapper mechanism (bi-IWM). The
bi-IWM is decorated by symmetric uncertainty (SU)-
based filter phase and hyperplane-based MLCs as
wrapper phase. To reach CTS containing discrimina-
tive transient features, HDTS is fed to kernel-based
in the varied twofold-repetition of 24WHFSS (dyadic
24WHESS).

o Based on the SWSD in FS, the univariates of mVTTFs
are fed to the D24WHFSS separately. Besides extracting
univariate-specific MRTPFs in such an approach, the
risk of discarding optimal features in the streamed fea-
ture set induced by pasting together features of transient
univariates (TUs) (TU; to TU,,) will be close to zero.

o The performance of D24WHFSS-based MRTPFs in TSP
is compared with survived MRTPFs by various FS algo-
rithms via cross-validation.

The rest of the article is structured as follows: The proposed
D24WHESS are elaborated in Section 3. Experimental results
of exerting D24WHFSS on mVTTFs and MRTPFs-based
TSP are depicted in Section 4. Also, Section 4 ending is
explained the performance comparison of the D24WHFSS-
based MRTPFs with the optimal features survived by other
FS techniques in TSA. Finally, the conclusion is remarked in
Section 5.

1Il. DYADIC 24-WAY HYBRID FEATURE SELECTION
SCHEME (D24WHFSS)

The overall workflow for high-performance TSA centered
on D24WHEFSS is depicted in Fig. 1. As the preliminary
step, the contingency simulation to construct transient data
set is performed by a triad of SIEMENS power system sim-
ulator for engineering (PSS/E) software, Python technology,
and matrix laboratory (Matlab) tools. Next, dimensionality
reduction of HDTS by introducing D24WHEFSS is on the
agenda. The proposed hybrid FSS is driven by 24 permu-
tations of the chained four-stage hybrid models mounted
on bi-IWM called 24WHFSS. The bi-IWM encompasses
incremental wrapper subset selection (IWSS) and IWSS
with replacement (IWSSr), which is supported by SU and
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dual support vector-based classifiers (DSVCs) as the filter
and wrapper phases of D24WHFSS, respectively ("¢ bi-
IWMs»@Pe’ including SUTWSSPSVCs and SUTWSSIPSVCs),
The DSVCs contain kernel support vector machine (kSVM)
and k-twin SVM (kTWSVM). Based on setting dual kernel
function pairs (DKFPs) into DSVCs, 24WHFSS is con-
ducted in varied twofold repetition (dyadic 24WHEFSS).
Each KFP contains two functions: the first function is
the bi-TWM*SYM_gpecific kernel and the second function
is the bi-IWMKTWSVM_gpecific kernel. As the first KFP
(KFP!), the radial basis function (RBF) kernel plugged
into DSVCs of bi-IWM that we have four-stage hybrid
scenarios including SUTWSSRBFSVM - SUTy gGRBFTWSVM
SUTWSStRBFSVM | and  SUTWSSrREFTWSVM 1 KFP2,
SUTWSSKSYM_SUIWSSHKSVM_gpecified kernel is dynamic
time warping (DTW) and SUTWSSKTWSVM_SUTWggKTWSVM_
specified kernel is polynomial (Poly) kernel. Finally, the
efficacy rate of survived MRTPFs by D24WHEFSS in TSP
is measured via cross-validation. In the continuation of the
third step, we compare the performance of D24WHFSS-
based MRTPFs with extracted discriminative features by
other feature selection algorithms.

In D24WHEFSS, the bi-IWM accompanied by filter and
wrapper methods plays the pivot role in extracting MRTPFs
of mVTTFs to achieve low TPT and high TPA. Accord-
ing to the overall summary of D24WHFSS depicted in
Fig. 2, first, the filter phase is conducted per TUx of
mVTTFs for ranking the transient point features (TPFs)
of TU, (RenkIPFsT( ) Next, RKIPESTU, is entered into
24WHFSS, which is repeated two times ('D24WHFSS and
2D24WHFSS) according to various two KFPs (See Fig. 2,
sprinkler symbols), namely (RBF, RBF), (DTW, Poly) pairs.
Each 'D24WHFSS is categorized into four learning zones.
Each zone consists of linked four-stage hybrid (L4SH) struc-
ture (SUIWSSkSVM, SUIWSSkTWSVM,SUIWSSI'kSVM, and
SUTWSSHTWSVMy which led by one of them (Zone! led
by SUIWSS¥SYM | Zone? led by SUIWSSKTWSVM ' 74pe3
led by SUIWSSr*SYM and Zone* led by SUTWSSHATWSVM),
Based on the starter hybrid scenario in each zone, by per-
muting of the rest hybrid scenarios (three scenarios have
six permutations), we have six types of L4SH structure
(6L4SH structure) per zone of ‘D24WHFSS. Based on
the chained-face of L4SH, the output of each hybrid sce-
nario will be the input of the other scenario. After enter-
ing RankTPESTU, into 6L4SH of zones (See Fig. 2, blue-
face dotted line), the optimal features (OFs) obtained by
L4SH' to L4SH® (*OFs! to *OFs®) are recorded. Then,
the intersection of zone” L4SH!-specific selected fea-
tures is labeled as 'D24WHFSS-based *zone” relevant TPFs
(iD24WHFSS-based *Z’RTPFs). Then, the union operator is
applied on ‘D24WHFSS-based *Z!RTPFs to 'D24WHFSS-
based *Z*RTPFs for selecting ‘D24WHFSS-based *Z'*#
unified RTPFs (‘D24WHFSS-based *Z'*URTPFs) (See
Fig. 2, red-face dotted line). Based on setting DKFPs
on 24WHFSS, we have 'D24WHFSS-based *Z'"“*URTPFs
and 2D24WHFSS-based *Z'"*URTPFs sets. To achieve
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O Contingency simulation to
| record transient behaviors of I
| defined features via a triad of |
| SIEMENS PSS/E software, I
| Python technology, and Matlab |
tools. I

O m-variate transient
trajectory features dataset.

MRTPFs.

Transient Dataset Construction

FIGURE 1. Overall workflow of FS-based TSA via D24WHFSS.

TUy-specific MRTPFs (*MRTPFs), the union of ID24WHFSS-
based *Z'**URTPFs and >D24WHFSS-based *Z!**URTPFs
is calculated. Finally, the union result of 'MRTPFs to
MMRTPFs is called UMRTPFs!™ subset.

Besides the visual summary of D24WHFSS (See Fig. 2),
for more details about the main functions of the proposed
FSS, the pseudocode of D24WHFESS is shown in Table 1.
According to Table 1, ‘SUCalc’ for SU-based TPFs weight-
ing per transient univariate (TU; to TUy,) is situated in
the main body of D24WHFSS as a primary filter-oriented
function (See Table 1, Line 1-5). After ranking the weights
of TPFs, to TPFs; related to TPFssyTUs in descending
order (Line 7), the necessary condition for entering each
TUy into 24WHFSS decorated in varied two-fold repetition
based on DKFPs (Line 9) is provided. The RakTPFsgryTUx
is fed to 'D24WHFSS designed by the four-zone contains
the linked four-stage hybrid structure (Line 11, Zone4SH).
Each zone of 'D24WHFSS (Line 12) is led by the starter
(or leader) hybrid scenario. By execution of starter leader
in each zone of 'D24WHFSS (IWSS (R *TPFsTU,  IDKFP,
Classifier {1}); IWSS (RakTPFsT ~ 2DKFP!, Classifier
{21); IWSSr (RankTPEsTy, IDKFP!, Classifier {1}); IWSSr
(RankTPEsTU, | 2DKFP!, Classifier {2})), the optimal fea-
tures of RankTPEs gy TU g calculated (COFskedr) (Line 13).
On the other hand, the permutation of the three remaining
hybrid scenarios (containing IWMs of Zone4SH without
starter IWM) is obtained as [§6L4SHX] 63 (Line 14 and
Line 15). Hence, ;6L4SH,and fOFsﬁe”d” are considered
as arguments of the ‘Link4SH’ function (Line 16) select-
ing six subsets of OFs ('*®OFs) per zone of 'D24WHFSS.
Based on the last command of ‘Link4SH’ (Line 18 of
the ‘Link4SH’ function), the union result of LOOFs is
obtained as the ZZRTPFs' set. By calculating ZRTPFs’.
per zone of 'D24WHFSS, the union of Z'RTPFs. to
Z*RTPFs'. is recorded as Z'"URTPFs'. (Line 23). Repeat-
ing the above-mentioned scenario (Line 10-23) for all
KFP! (two KFPs) cause to obtain two Z 1:“URTPstCsets.
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O Designing D24WHFSS in
| the form of linked four-stage |
| filter-wrapper schemes I
| supported by kernel-based I
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O Applying D24WHESS on
transient univariates to select

D24WHFSS-based MRTPFs
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| D24WHFSS-based MRTPFs in |
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| validation I

I
! O Comparing the performance |

rate of D24WHFSS with other I
feature selection schemes. ‘

After conducting union operation on 'D24WHFSS-
specific URTPFs and 2D24WHFSS-specific URTPFs
(Z"4URTPFs. to Z'“URTPFs?), the Z'*MRTPFs!?
(TUx-specific MRTPFs) is obtained (Line 30). Finally,
by extracting the MRTPFs per TUyx (Z 1:4MRTPFS}:2 to
Z'*MRTPFs}?), the union result of them is labeled as
UMRTPFs!", For a better understanding of filter and bi-
IWM formulations, refer to Sections III-A to III-C.

Besides the explanations of D24WHFSS in the form
of the pseudocode of its main body and various func-
tions, we discuss the complexity of D24WHEFSS in this
section. The complexity of D24WHFSS is based on the bi-
IWM (IWSS and IWSSr) accompanied by DSVCs (kSVM
and kK TWSVM). By focusing on these significant ele-
ments, we can approximate the complexity of D24WHEFSS.
In the worst case, the complexity of IWSS and IWSSr is
O(n) and O(n?), respectively [24]. Also, the complexity
of SVM and TWSVM is O(n?) and O2x(n/2)%), respec-
tively [25]. Hence, the complexity of TWSSKSYM/KTWSVM
is O(max{(nxn?), (nx2x(1/2)3)}) and IWSS<SYM/TWSVM
has O(rnax{(nzxn3), (n2x2x(n/2)3)}) complexity. Since
the complexity of the SVM is 4 times larger than of
the TWSVM, the complexity of SUIWSSKSVM/KTWSVM
and SUTWSSKSVM/KTWSVM 1] pe equal to O(nxn3) and
O(n?> xn?), respectively. On the other hand, [24] results show
that the complexity of IWSSr is near to IWSS in the presence
of the compacted space of optimal features in wrapper iter-
ations. Consequently, according to the D24WHEFSS scheme,
D24WHESS has O(cxn*) complexity.

A. BI-INCREMENTAL WRAPPER MECHANISM (BI-IWM)

1) IWsS

The IWSS [27] is one of the IWM, which is used in variant
forms in six types of the chained four-stage hybrid scenarios
embedded in the D24WHESS four-zone. Two approaches,
including the ITPs (filter) and MLCs (wrapper), have a direct
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FIGURE 2. Overall process of D24WHFSS.
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TABLE 1. The pseudocode of the D24WHFSS.

Main body of D24 WHFSS

Input: Transient univariates of m-variate transient trajectory features (m VT TFs) dataset, {TUy | x=1, 2, ..., m}.

Output: Most relevant transient point features of TU}., ('™ MRTPFs).

(1) for x=1 tom

2) for =1to/ // I=length (TPFs), TPFs: transient point features in TUj.

3) "P5j suTUx =SUCale ( TUy " ); // SU value of TPFs; € TU,, for more information about SU index refer to Section IIL. B.1
4) end

5) end

(6) for x=1tom

7 RankTPFsTyy =Sort (TPF5:1 sUTVx ), // Sort the SU-based weights of TPFs; to TPFs; related to TU, ( 777 SUTVx ) in descending order.
®) Classifier: {SVM, TWSVM}; DKFP: {(RBF, RBF), (DTW, Poly)}.

9) for i=1 to 2 // Exerting 24WHFSS in varied two-fold repetition based on DKFPs (dyadic 24WHFSS), {{D24WHFSS | i=1, 2}.

(10) DKFP= DKFP{i};

an Zone4SH: {IWSS ( R TPFsy - \DKFP, Classifier {1}), IWSS ( R TPFsy - 2DKFP, Classifier {2}), IWSSr ( R TPFy

IDKFP, Classifier {1}), IWSSr ( ®"*TPFspy  2DKFP, Classifier {2})} // 'DKFP': the first function of DKFP' plugged into SVM; 2DKFP’: the
second function of DKFP' plugged into TWSVM.

(12) for z=1 to 4 // four zone contains six type linked four-stage hybrid (6L4SH) structure per ‘'D24WHFSS.

(13) 20Fskeeder = run (Zone4SH{z}); // select starter (leader) hybrid scenario per zone of ‘D24WHFS, run: function execution.
(14) resttWMs= Zone4SH-Zone4SH {z}; // contains IWMs of Zone4SH without starter IWM.

(15) 26LASH, = Permutation ([restfWMs]); // [§6L4SHXLX3 : contains different permutations of restt WM per zone; for more
information about permutation function refer to MATLAB-based ‘perms’ command [26].

(16) ZZRTPstr = Link4SH ( 56L4SH, , ?OFs)f"ad"’ ); I/ ZZRTPstr : contain the Zone*-specific RTPFs per ‘D24 WHFSS.

(17) if z=1

(18) S= struct (2, Z*RTPFs’. );

(19) else

(20) S(end+1)= struct('z, Z*RTPFs'. );

21 end

(22) end

(23) Zl:4URTPFs; =S(1) U S(2) U S(3) U S4); // Zl:4URTPFs; : contain union result of Zone!-specific RTPFs to Zone*-specific RTPFs
per ‘D24WHFSS.

(24) if i=1

(25) SS= struct('i', Z"4URTPFs. );

(26) else

27) SS(end+1) = struct('i', Z“*URTPF. );

(28) end

(29) end

(30) ZY4MRTPFsE? = SS (1) U SS (2); // Z"*MRTPFSY? : contain union result of obtained 'D24WHFSS-specific URTPFs and 2D24WHFSS-
specific URTPFs.

31) if x=1

(32) SSS= struct('x', Z"MRTPFs\?);

(33) else

(34) SSS(end+1)=struct(x', Z"4MRTPFsL? );

(35) end

(36) end

(37) UMRTPFs!™ = SSS (1) USSS (2) U ... U SSS (m); / MRTPFs: contain union result of TU;-specific MRTPFs to TU,-specific MRTPFs.

Function: IWSSr (A, B, C)
(1) Sel=A {1}; // the first element of A array (feature with highest SU) insert in Sel.
(2) Learning model: {B plugged in C}.

(3) AccSel=PerEval (Learning Model, [data]

xSel with L V3 /I 'L: [class label] nx;; n: number of sample, PerEval: Performance Evaluation.

(4) for i=2 to length (A)

(5) OptFea= ;

(6) for r=1 to length (Sel)

7 Seltemp=ypdateS!St® (copy(Sel), swap(Sel{r}, A{i}));

(8)  AccSelm™= PerEval (Learning Model, [data] xcSel'®P svith 1. )3
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TABLE 1.

(Continued.) The pseudocode of the D24WHFSS.

©)

(10)
(1)
(12)
(13)
(14)
(15)

(16)
amn
(18)
(19)
(20)
@n
(22)
(23)
24

if (AccSel“mP>AccSel)
OptFea=swap (Sel{r}, A{i});
Acc= AccSel"m;
end
end
Seltem=updateSe'St® (copy(Sel), add (A{i}));
AccSel“mr=PerEval (Learning model, [ data

nxSel’®"P with L %

if (AccSel“mP>AccSel)
OptFea=Sel®mp;
AccSel=AccSeltemp;
end
if (OptFea != null)
update (Sel, OptFea);
end
end
return Sel;

Function: IWSS (D, E, F)

(1) Sel=D {1};
(2) Learning model: {E plugged in F}.

(3) AccSel=PerEval (Learning Model, [data:l

nxSel with L %

(4) for i=2 to length (D)

(5) Selm=add (copy(Sel), D {i});

(6)  AccSelem=PerEval (Learning Model, [daza] I
(7)  if (AccSeltm>AccSel)

(8)  add(Sel,D{i});

(9)  AccSel=AccSel®mr;

(10) end

(11) end

(12) return Sel;

Function: Link4SH (G, H)

(1) fors=1to6 /I exerting the six types of L4SH according to the number of permutation of resttWM without leader hybrid scenario
2) petlWM=G (s, :);

(3) ROEvlf’“g‘)l =Sort (H);

4) perlWM(1).{1}= ROEvl‘\‘:mgd :

Q) OFs?"%¢%% =run (perlWM(1));

(6) ROEv;'tagez =Sort ( OFvl‘\‘.mg‘)Z %

@ perlWM(2).{1}= ROEV‘;\_‘tagGZ :

®) OFs$"%8% =run (perlWM(2));

) ROFsl‘X‘:mf”e3 =Sort ( 0F9§mg€3 %

(10) perlWM(3).{1}= ROE‘,‘.\\_‘tagd :

(11)  OFs$ 8 —un (perTWM(3));

(12) if s=1

(13) OFC;i?a%e‘Y :StI'I.lCt('s', o Fs‘;‘tag@4 );

(14)  else

(15) OFspe8e (endt1) =struct('s', OFsy'***);
(16)  end

(17) end

(18) RTPFS = N [ORE () 0RO

(19)

return RTPFs ;

* The pseudocode of the D24 WHESS is rewritten based on MATLAB commands in the MATLAB environment.

relationship in the growth of IWSS tree branches. First,
features ranking in descending order based on information
theory-based indices (ITIs) is performed to determine how
features are entered into the IWSS tree. Then, the first branch
of the IWSS tree grows by training the MLC via the feature

118328

with the highest ITI (f;,1), and the prediction accuracy in the
presence of fi1 (A°“(fi1)) is obtained. The subsequent growth
is related to the participation of the second-rank feature (f2)
with f; to train MLC, and the obtained result is labeled as
Ace(fir, fi). If the comparison of A(fi Jn2) and A1)
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Features f1 fr f3 Ji
Values of RR | 0.56 0.49 0.81 | 0.76

Sorted Surfs | fozifs | fus:fi | fuicfa
array 081 | 0.76 [ 0.56 | 0.49

param= CL"™" (fyz, ..) | Incr: #1
Node 1 | Ace(fiy)y= CL® (fi1, param)

CFS: {f3}; Acc: 76 %

v
% Node 2 param= CL"" (ﬁxl,fhz, <-)| Incr:#2 |

Acc(fug, fu2)= CL* (fu1, fuz, param)
CFS: {fs,f3}; Acc: 83 %

Node 3 param= CL"™n (ﬁ:z,ﬁfz,fhs,---)| Incr: #3 |

Acc(fur, fuz, fu3)= CL*" (fui, fir2, fus, param)
CFS: {f1,fs, f3}; Acc: 73 %

param= CLrain (fus, fuz, fusy )| Incr: #4 |

Acc(fut, fuz, fua)= CL™ (fu1, fu2, fis, param)
CFS: {f2,f1,f3}; Acc: 87 %

Node 4
L
FIGURE 3. IWSS algorithm [22].

Features fi 1 f3
Values of RR | 0.76 | 0.65 | 0.81

Sorted Jurzfs | fuzzfi | fusifa
array 081 | 076 | 0.65

param= CL"™" (fiy, ...) bncr: #1

Ace(fur)= CL™" (fu1, param)
CFS: {f3}; Acc: 76 %

Node 1

Node3 [
param= CL"™" (fiy, fia, ...)

Ac(fu, fuz)= CL™' (fus, fuz, param)
CFS: {fi,f3}; Acc: 89 %

param= CL™" (fys, ...)
Acc(fuz)= CL"" (fiz, param)
CFS: {fi}; Acc: 69 %

Incr: #2

param= CL™" (fs, fis, ...)

Ac(fis, fuz)= CL™' (fi3, finz, param)
CFS: {f2,/1}; Acc: 83 %

param= CL™" (fy, fis, ...)

Ac(fyy, fus)= CL™" (fu1, fu3, param)
CFS: {f3,/2}; Acc: 79 %

Incr: #3

param= CL™" (fis, fia, fis -...) Node 6
A<(fin, fuz, fus)= CL™" (fus, fuz, fu3, param)
CFS: {f3,f1,/2}; Acc: 85 %

FIGURE 4. IWSSr algorithm [22].

reports superiority of coupling fijand fio, the f43 added to
(fh1 fi2) as 3 element for MLC training. On the other hand,
if the A°(fi1, firn) is lower than A°C(fi,1), fin is discarded from
the candidate file, and a couple of f,3 and f,; are used for
MLC training. An example of how the IWSS algorithm works
is shown in Fig. 3.

2) IWSSr
Another IWM accompanied by IWSS for selecting opti-
mal features in D24WHEFSS is the IWSSr algorithm [24].

VOLUME 10, 2022

According to the dual basic requirements to form the IWSS
tree (ITPs and MLCs), the IWSSr is no exception in this
matter. The IWSSr works differently than IWSS in the tree
branches grow. After sorting features based on ITIs, f;; is
placed in the candidate file as the first element and used
for training the MLC. After obtaining “°°(fy,1), two branches
develop from the f;1-based node. First, f;; is replaced with
Jn2 (See Fig. 4, Node 2), and MLC is trained by fhy. Sec-
ond, couple f;; and fy» (See Fig. 4, Node 3) participate in
MLC training. According to Fig. 4, the obtained results is
manifested that among Node 1 (A (fi1)), Node 2 (A°(fin)),
and Node 3 (A““(fi1, fi2)), Node 3 is selected for subsequent
increment. Node 3 growth via f;;3 cause to create the Node
4 with (fp2, fn3)-based MLC, Node 5 with (fy1, fh3)-based
MLC, and (fq1, fh2, faz)-based MLC. Such an increment under
Node 3 does not improve the prediction accuracy, and conse-
quently, (fh1, fh2) of Node 3 is introduced as optimal features.

B. FILTER AND WRAPPER METHODS PLUGGED IN
BI-IWM of D24WHFSS

1) SU-BASED FILTER IN BI-IWM

The SU index [28] as the symmetrical measure is considered a
preliminary step of bi-IWM to specify the importance degree
of features. The SU via interlacing basic ITIs measures the
amount of feature relevance with the target class. Based on
triple basic ITIs, namely entropy, conditional entropy, and
mutual information (MI), the SU index is defined as:

MiTu. L)

HTU™™) + HL)

P

suTu Ly =2

ey

where TUXT PRy indicates j transient point features of TU,,
and L as class label reports the status of transient cases.
According to (1), SU supported by the entropy index, which
is defined as:

H(K) = — ) p(k)log p(k) )

keK

In (2), based on the probability density function p(k) =
Pr{K = k}, K’s entropy (K represent discrete random vari-
able) is calculated. Another index situated in (1) is mutual
information (MI) which is given by:

TPFs;

MI(TU. TPFs;

i Ly = HTU. Y — Hau! L) 3)

In 3), H(TU,"

is defined as:

Fs; o
Y |L) reflects the conditional entropy and

TPFs;
H@TU Ly ==Y Y p(f,Dlogp(fID)  (4)
TPFs; |eL
feru, 7

2) WRAPPER METHODS IN BI-IWM

a: SVM CLASSIFIER

SVM [29] is one of the most popular hyperplane-based
classifiers that focus on plotting the optimal separating
hyperplane between binary or multi-label considering triple
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PSS/E API

&

OCTVsB¥ plus
add-ons

+ "
(" OCTVsB¥)

OCTVsBFi

FIGURE 5. Two-step transient data creation mechanism (2STDCM).

fundamental principles (3FPs), namely margin maximiza-
tion, structural-risk minimization, and avoiding overfitting.
Besides the soft or hard margin-based idea for linear classifi-
cation, the kernel-based approach paves the way for finding
the zero-error nonlinear decision boundary on non-separable
HDTS. Plugging kernel into SVM computations causes pro-
jecting data into separable space. Hence, SVM can be refor-
mulated by exploiting the kernel trick as follow:

1 1 )

o1

a* = arg rr}lm 7 Z Z oo yiyiK (x;, xj) — kz o
i=1 j=1 =1

1
0<a=<C, Y ayi=0ij=1,....1 )
Jj=1
In this paper, two types of efficient kernels are used as substi-
tutes for K(x;, x;): 1) radial basis function (RBF) [29] and 2)
dynamic time warping in RBF (°TWRBF) [30]. The concise
explanations of RBF and PTWRBF kernels are as follow:
(1) RBF kernel: The RBF provides point-to-point matching
for pattern discovery in feature space. The non-elastic RBF
kernel is defined as:

W12
K(x,x") =exp (—M> (6)

202

||x —x'||? in (6) represents the squared Euclidean distance for
calculating the distance between two data points.

(2) PTWRBF kernel: Changing the RBF kernel formula by
replacing RBF’s distance function with DTW causes defining
elastic kernel, which brings the nonlinear pattern matching on
feature space. The DTW distance is given by:

distance®™™ (A7, BY)
distance?™" (A}~ t BY)
distance?" (A} -1 Bl hl @
distance?™ (A, B‘]]_ ! )

= d(a(p), b(q)) + Min
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MATLAB

+ y
OCTVsPfibased

TOCTVsPFi-based TUj.25

ELEC;
Max Q ‘l

Qmax;

TUx formula

(
|
|
|
|
|
|
|
|
|
|
|
|
|
i

{NETS

FIGURE 6. Single line diagram of NETS-NYPS test system.

Based on DTW distance, the PTWRBF kernel is defined as
3):

[distance®" (A7, BY)] 2
57 (8)

K(x,x") =exp (—

Finally, solving (9) leads to drawing 3FPs-based separating
hyperplane in HDTS:

f(x) = sgn (Z aiyiK (xi, x) + b) ;

ies

b= 23 = Y ik ey ) ©

s =
ies Jj

b: TWSVM CLASSIFIER
Making the changes in the mathematical structure of
the SVM learning model caused the offering of a
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TABLE 2. 28-variate transient trajectory features (TU;.,g).

Math formula

PELEC; i=1:N
TUltm = Max ([ Pmax ]l genbus)
PELEC; i=I:N,
TU"" =Var(— = ]’ st
ELEC, :
TU. by _ Max ([Q ]l 1'Ngenbus)
3 Qm
ELE!
TU ' = Min(Eeet N
4 Omax;
ELEC;
U - Var ([Q ]l 1Ngenbus)
5 Qm

TUg™ = Max([VOLT, =N
TU;' = Var((VOLT, =N )
TUgm = Max([VANGLE; =" o), slack bus =0
TUg'™ = Min([VANGLE;="Neus ). slack bus =0
TU,o" = Var((VANGLE; ] =N ; slack bus =0
TU, ' = Max(abs([VANGLE; —~VANGLE ;"/="ous )
TU )" = Mean(abs([VANGLE; —~VANGLE ; 1/ ="Nous )
TUys'™ = Var(abs((VANGLE; ~VANGLE ;1/="Nns )
Npusgen

> 0L04p,
Uy =t

sz«sgen
> QELEC,
i=1
TU{'§:28 = Gradient of TU| to TU,4

Symbol: tn= moments in simulation time [1: s], Nbus gn = number of bus
generator in test case, PELEC= machine electrical power (pu), Pmax=

maximum amount of machine electrical power, QELEC=machine reactive
power, Qmax= maximum amount of machine reactive power, Qload= reactive
power consumption, Volt=bus pu voltages, Nyus= number of buses in test case,
VANGLE= voltage phase angle, Var= variance, Max= maximum, Min=
minimum, Mean= average.

cross hyperplane-based classifier called generalized prox-
imal eigenvalue support vector machine (GEPSVM) [31].
In GEPSVM, finding two hyperplanes that each hyperplane
takes the nearest distance from the samples of a class and

VOLUME 10, 2022
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fault duration time | /
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I clear fault | ( 1e
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Fi4Trajectory Variations

FIGURE 7. Stable and unstable samples based on F;, variations [22].

0.19
0.185
0.18
0.175
0.17
0.165
0.16
0.155
0.15
0.145

SU values

TPF, TPF, TPF, TPF5 TPF, TPF,

TPF:
FIGURE 8. SU amount of TU,, ~"'6.

the farthest distance from the samples of another one is on
the agenda. Achieving the high-performance classification
based on GEPSVM motivates DM scholars to design a novel
classifier based on the GEPSVM principle. TWSVM [32] is
the name of the GEPSVM-based classification model that
regards the new formulation for plotting the separating cross
hyperplanes. The TWSVM-based optimization problems are
as follows:

min —||Pw1 —I—elb]|| +c162q

wibi.g 2
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s.t. —(Owy +exb1)+qg>e,q>0 (10)
o1

min —||Ow, + ezbzll2 + czequ

wa.bag 2

s.t. (Pwy +eb))+qg=>e,qg>0 (1D

where c1, co > 0 are parameters, and e; and e, are vectors
of ones with proper dimensions. By obtaining the Karush—
Kuhn-Tucker (KKT) conditions for (10) and (11) based on
applying the Lagrangian function on (10) and (11); and also
combining some relations, the dual optimization problem
of (10) and (11) are obtained as follows:

1
dualTywsym' ;. max{el o — EozTG(HTH)*‘GToz} (12)

1
dalTysymM? ;. maxfe! ¢ — ElpTP(QTQ)’lPTW} (13)
Based on quadratic programming applied on (12) and (13),
aand ¥ are obtained. Hence, necessary conditions to take the
values of [w(), bD] and [w?®, bP] for drawing the cross
hyperplanes on a binary classification problem is provided:

XTwD 450 = 0and XTw® + 6@ =0 (14

Finally, predicting the class label of an unseen case is given
by:

Class x = arg, min w4+ M v =1,2  (15)

To achieve high-performance classification in the non-
separable HDTS, empowering TWSVM by embedding the
kernel functions on TWSVM computations is the best solu-
tion [32]. Hence, we have:

KT, ¢ + 6™ =0and KT, cTHu® + b =0
(16)

In (16), CT = [A B]" and K indicate the kernel function.
Solving the (17) and (18) leads to obtaining the [u‘" »(V]7
and [u® 6T vectors.

1
Krwsvm!' . min  ~||(K@A, CTHuV + 16| + c1el g

uD b g 2
sit. — (KB, CTHuV + erpM) 4+ g > e,
g=>0 (17)

1
Krwsvm? . min  — (KB, CTHu® + e2b@|1> + c2el ¢

u® b g 2
s.t. (KA, CHu? + e1bP) 4+ g > ey,
qg>0 (18)
In (17) and (18), the K is replaced with RBF (discussed in
(a) section of II1. B. 2) and the polynomial (Poly) [33] kernels.
The following definition is related to the Poly:

Poly kernel: In linear kernel relation [33], by setting degree
(d) to greater than one, the Poly kernel is defined as follows:

K, x) = (axTx/ + c)d (19)
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TABLE 3. Different uncertainties to generate dynamic responses [23],

[34].

Parameter elements

loadin [1] is the percent of active power load
to be converted to the constant current
characteristic.
loadin [2] is the percent of active power load
to be converted to the constant admittance
characteristic.
loadin [3] is the percent of reactive power
load to be converted to the constant current
characteristic.
loadin [4] is the percent of reactive power
load to be converted to the constant
admittance characteristic.
Outage [substation, generator, line outages]

0.23 (second) ®
*loadin: an array of four elements, the value of each element is percent of
the load being converted.

Parameter

convert the constant
MVA load for a
specified grouping
of network loads to
a specified mixture
of the constant
MVA, constant
current, and
constant admittance
load characteristics

Type of disturbance
Fault duration time

IV. EXPERIMENTAL DESIGN

A. CREATING TRANSIENT DATASET

For FS-based TSA, creating the transient dataset is the pre-
liminary task of the three-step proposed framework in this
paper (See Fig. 1, Step 1). In this regard, we design the two-
step transient data creation mechanism (2STDCM) as shown
in Fig. 5. In 2STDCM, first, output channel transient values
per basic features (OCTVsBF7) are recorded. The BF; includes
the bus voltages (VOLT), voltage phase angle (VANGLE),
machine active power (PELEC), machine reactive power
(QELEC), and reactive power consumption (QLOAD)). The
OCTVsPFi is obtained via Python-based contingency simu-
lation (PCS) supported by the application program interface
(API) functions of the SIEMENS power system simulator
for engineering (PSS/E) [34]. For more information about
Python scripting for dynamic simulation based on PSS/E API
(‘psspy’ module) refers to Table 4. The contingency simula-
tion is conducted on the New England test system- New York
power system (NETS-NYPS) (See Fig. 6) [35]. The transient
cases are stemmed from substation outages, generator out-
ages, and line outages by setting disturbance different param-
eters (fault duration time: 0.23 seconds with 0.0167 seconds
time step and the fault clearing time is set after the end of fault
duration time). For gathering severe transient samples, the
uncertainty factor is considered by the convert load (CONL)
API of PSS/E situated in PCS that causes the setting of dif-
ferent load characteristics for converting active and reactive
power load (See Table 3; first row) [23], [34]. The second
step of 2STDCM includes a Matlab-based script for adding
the required add-ons to OCTVs®Fi (e.g., geometric functions
and other electrical parameters) called *OCTVs®Fi. Finally,
transient responses of 28-variate transient trajectory features
(28VTTFs) enumerated in Table 2 [36], [37], and [38] are
obtained. Based on performing 2STDCM, we have transient
dataset containing 800 (No. transient cases) x 28 (TUj.28) X6
(No. observed cycles). For example, some stable and unstable
excursions regarding TU14 trajectory (The proportion of total
QLOAD to total QELEC) are shown in Fig. 7. We executed
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TABLE 4. Python scripting for dynamic simulation based on PSS/E API (‘PSSPY Module’) [37].

(1) for k in xrange(1,buscon+1):
(2)  x=busm[0.k-1]

(3)  psspy.psseinit(150000000) #/nitialize PSS/E, requested bus size
(4)  psspy.case(CASE) #PSS/E Saved Case file and transfers its data into the PSS/E working case

5) report = r"C:\Users\...\report"+ 'k +".txt"

(6)  ierr=psspy.progress_output(2,report,[0,0]) #specify the progress output device; direct output to a file and open with
carriage control format and, for files, for overwrite of existing files

7 psspy.conl(-1,1,1) #initialize for load conversion

®) psspy.conl(-1,1,2,[0,0],[100,0,0,100]) #convert the constant MVA load for a specified grouping of network loads to a
specified mixture of the constant MVA, constant current, and constant admittance load characteristics

(9)  psspy.conl(-1,1,3) # postprocessing housekeeping
(10)
simulations
an
(12)
(13)
(14)
(15)
(16)

psspy.tysl() #run switching study network solutions
case_root=os.path.splitext(CASE)[0]

psspy.cong() #convert generators from their power flow representation in preparation for switching studies and dynamic
psspy.ordr() #calculate a sparsity preserving ordering of buses in preparation for the processing of network matrices

psspy.fact() #factorize the network admittance matrix in preparation for switching studies and dynamic simulations

psspy.save(case_root+" C"+'k'+".sav") #save the PSS/E working case in a Saved Case File
psspy.dyre_new(dyrefile="C:\Program Files (x86)\PTI\PSSE33\EXAMPLEWETS-NYPS 68 Bus Syste.dyr") #read a

dynamics data file, and place the model references specified on its data records into dynamics working memory

an

psspy.chsb(sid=0,all=1,status=[-1,-1,-1,1,3,0]) #chsb: specify the simulation variables to monitor during dynamic

simulation. run (activity chsb); machine reactive power: QELEC

(18)

psspy.chsb(sid=0,all=1,status=[-1,-1,-1,1,26,0]) #chsb: specify the simulation variables to monitor during dynamic

simulation. run (activity chsb), reactive power consumption: Qload

19
working memory into a Snapshot File
(20)

psspy.snap(sfile="C:\Program Files (x86)\PTI\PSSE33\EXAMPLE\python _test "+'k'+".snp") #save PSS/E dynamics

psspy.dynamics_solution_param_2(intgar=[11,271,0,0,0,0,0,1],realar=[1,0.0005,0.0167]) #modify the dynamic simulation

solution parameters in dynamics working memory, e.g.; intgar [1] for network solution maximum number of iterations and

intgar [2] for number of output channels being monitored
21
(22)
(23)
(24)

psspy.run(tpause=0.03677) #fault occurrence time

psspy.strt(outfile="C:\Users\...\out\python_test "+'k'+".out") #recorded during the dynamic simulation
psspy.throwPsseExceptions = True #throw exceptions instead of returning error codes values

psspy.dist_bus_fault(ibus=x,units=3,values=[0,0]) #apply a fault at a bus during dynamic sim; ibus: # bus which the fault

is to be placed; basekv: base voltage in kV used to calculate the per unit fault admittance.

(25)  psspy.run(tpause=0.2677) #fault clearing time

(26)  psspy.dist_clear_fault() #clear a fault during dynamic simulation

(27)  psspy.dist_bus_trip(ibus=x) #disconnect a bus during dynamic simulation
(28)  psspy.run(tpause=1.1027) #simulation time termination

TABLE 5. The SU-based ranking of transient point features of TU; »g.

RankTPFSTUJ, based on SU

Input RankTPESTUy based on Input

TU, {!TPF\, 'TPFs, 'TPFs,'TPFs, 'TPF», 'TPFs} TUs {TPF\, WTPF, 'TPF3, "TPFs, Y TPF,, "TPF4}
TU, {2TPF\, *TPF 1, TPF 3,°TPF 4, *TPF s, *TPF ¢} TUs {1°TPF\, "°TPF, 'TPF3, '°TPF., \°TPFs, "' TPFe}
TU; {3TPFs, 3TPF\, *TPF3,*TPFs, 3TPFy, *TPF>} TU,; {""TPF,, "TPF4, "TPF3, ""TPF\, ""TPFs, ""TPFe}
TU, {*TPF4, “TPF\, *TPF3,*TPFs, “TPFy, *TPF>} TUs {"8TPF\, 'S TPF3, 'STPFs, '*TPFs, "*TPF., 'STPF}
TUs {’TPF\, >TPF>, *TPF3, TPF., >TPFs, *TPFs} TUyy {"°TPF\, "’TPF,, °TPF;, "°TPF4, \°TPFs, °TPFe}
TUe {°TPF3, TPF, °TPF4, °TPFs, °TPF\, °TPFs} TUy {®TPFs, *°TPF3, **TPFs, ®TPF4, *°TPF», *°TPF1}
TU; {"TPF\, '"TPF>, "TPF3, " TPF4, 'TPFs, "TPFe} TUy, {>'TPF\, >'TPF2, > TPF3,* TPF4, *' TPFs, > TPFe}
TUg {8TPF», STPFs, 8 TPF3, TPFy, STPF, STPFe} TUx, {®2TPFs, **TPF4, ?TPF\,*TPFs, **TPF3, ?TPF}
TUy {°TPF», °TPF\, °TPF3, TFPs, °TPFs, °TPFas} TU»s {BTPFs, TPF3, ®TPFs, ®TPFs, *TPF», ®TPF1}
TUjo {OTPF\, '°TPF,, "°TPF3, " TPF,, \°TPFs, '°TPFe} TUyq {#TPF\, **TPF2, *TPF3,*TPF4, **TPFs, *TPFe}
TU, {""TPF3, "TPF\, "TPF,, "TPF4, "TPF ¢, "'TPF ¢} TUxs {BTPFs, TPF3, ®*TPFs, ®TPF», > TPF4, *TPF1}
TU» {2TPF\, ’TPF>, "*TPF3, >TPF4, ?TPFs, '*TPFe} TUss  {*TPF\, **TPF,, *TPF3,*TPFs, **TPFs, TPFs}
TU;5 {BTPF\, 3TPF,, ¥TPF3, 3TPF4, 3TPFs, “TPFe} TU,, {¥'TPF\, *'TPF2, ¥ TPF3,* TPF4, *'TPFs, * TPFe}
TU4 {4TPF\, "*TPF, "“TPF3, “TPF4, “TPFs, “TPFe} TUxs {BTPF\, 2’TPF2, ®TPF3, ®TPF4, **TPFs, **TPFe}

Symbol: TPF: transient point feature; TUyx: x transient univariate; *TPFj: j* TPFs of T Uy; R TPFSTU,: Sorted TPFs of TUx based on SU

all the simulations on a programming platform employing a
Surface Pro 4 with an Intel Core i15-6300 2.5 GHz processor
and 4 GB RAM.

B. SELECTING UMRTPFs'-28 SET

In this section, we elaborate on how to select the "2 MRTFPs
set containing the union result of TU;-specific MRTPFs to
TU»,g-specific MRTPFs based on performing D24WHFSS
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on 28VTTFs (TUj.g). According to Fig. 2, in the first
step of D24WHEFSS, the SU-based filter is applied on
28VTTFs for ranking the importance degree of the TPFs of
TU | .o (RaKTPEST(y | 1o RankTPEST(],0) According to descrip-
tions of the filter method in Section III.B.1 (See (1) to (4)),
the SU values of transient point features (TPFs;) per TUy are
obtained (TPFSiSUTUx). As an illustration of the SU amounts
related to the six TPFs (6 cycles observed of TU15(TU ITSPFS“),
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TABLE 6. Selecting ! D24WHFSS-2Z1:4RTPFs from RankTPFsTy, via KPF!-Based D24WHFSS (! D24WHFSS).

'D24WHFSS-*Z'RTPFs

OFs-L4SH! OFs-L4SH> OFs-L4SH®

OFs-L4SH* OFs-L4SH® OFs-L4SH®

(*TPF,, *TPF;} (*TPF,, *TPF;} (*TPF,, *TPFs}

(TPF,, *TPF,} (2TPF,, °TPFy} {(2TPF,, ’TPF}

'D24WHFSS-2Z'RTPFs= N [OFs-L4SH"]s-1:6

{*TPF\}

'"D24WHFSS-*Z*RTPFs

OFs-L4SH' OFs-L4SH? OFs-L4SH?

OFs-L4SH* OFs-L4SH® OFs-L4SH®

{*TPF\, *TPF,} {*TPFy, *TPF,} {*TPF\, *TPF,}

{(2TPF, °TPF,} {(2TPFy, 2TPF3)} {(2TPF,, °TPF)}

'D24WHFSS->Z’RTPFs= N [OFs-L4SH"|-1:

(2TPF,, 2TPF3}

'"D24WHFSS-Z*RTPFs

OFs-L4SH' OFs-L4SH? OFs-L4SH?

OFs-L4SH* OFs-L4SH® OFs-L4SH*

{TPF,, 2TPFs} {TPF,, TPF; (2TPF, TPFs}

(2TPF, *TPFs} {TPF,, 2TPFs} {TPF,, 2TPFs}

(2TPF,, *TPFs}

'D24WHFSS-2Z*RTPFs

OFs-L4SH! OFs-L4SH? OFs-L4SH?

OFs-L4SH* OFs-L4SH® OFs-L4SH®

(TPF,, ’TPFs} (TPF,,TPFs {TPF,,*TPFs}

(TPF,, TPFs) (TPF,, ’TPFs} (TPF,, ’TPFs}

'D24WHFSS-2Z*RTPFs= N [OFs-L4SH"]1-1:6

{’TPF), °TPFs}

D24WHFSS-2Z'*URTPFs= U ['D24WHFSS-2Z*RTPFs]~1.4

{(2TPF,, >TPF,, *TPFs}

Symbol: TPF: transient point feature; TUx: x” transient univariate; *TPFj: j" TPFs of TUy; R*"TPFSTU,: Sorted TPFs of TUx based on SU; 'D24WHFSS-*Z’RTPFs: Selecting six OFs
set based on performing six type linked four-stage hybrid (6L4SH: L4SH' to L4SH®) of 'D24WHFSS per Zone; z: Zone 1 to 4.

refer to F%% 8. According to Fig. 8, among the TPFs of
TUs, TU,s 51 and TUlTSID % get the first (high SU) and last
(low SU) rank, respectively. Then, by sorting TU ITSPFS”) in
descending manner, R&"KTPFST, 5 is entered into the bi-TWM
of D24WHFSS. The sorted face of TUlT PEst6 1 TU2T8PFS‘:6
(RankTPEs (g, o RankTPFsT(],0) based on SU is shown in
Table 5.

After ranking the TPFs of TUj.pg based on SU val-
ues (RankTPFsTU1 to RankTPFSTU28), the RankTPFsTUl:28 are
entered into the varied bi-IWM (IWSS and IWSSr-based
hybrid  structures) embedded into  D24WHEFSS.
The RakTPEST(J, 5 are fed to four zones (Z! to Z*) dec-
orated by the bi-IWM-oriented six-type L4SH structures
(6L4SH) (See Fig. 2, e.g., Zone! including L4SH'to L4SH®)
called 24WHFSS. By setting DKFPs (See Fig. 2, sprin-
kler symbols) in the form of KFP' and KFP? (20), the
24WHEFSS is performed in the two-fold repetition named
D24WHESS (!D24WHFSS and 2D24WHFSS). For exam-
ple, Table 6 shows the results of entering R"KTPFSTU, into
'D24WHFSS. By exerting the first zone led by IWSSSVM,
the OFs per L4SH (L4SH'®) are selected (See Table 6, 3™
row), and the 'D24WHFSS-2Z!RTPFs set by intersecting
zZ1[OFs-L4SHM];,_.¢ is obtained (See Table 6, 5th row).
In Z! of 'D24WHEFSS, in the case of L4SH structure,
first, the RaTPFSTU, are entered into the first stage of
L4SH> (See Fig. 2, Z'-L4SH>, first circle blue-face tree),
namely SUTWSSRBFSYM The OFs of the first stage of L4SH?
('L4SH?) is OFs-'L4SH> = {TPF,, TPF3, TPE;} with
87.80% classification accuracy (accuracy (Acc) metric in
Table 9). Next, the ranked OFs-'L4SH> is entered into
SUIWSSHRBFTWSVM (Gee Fig. 2, Z1-1L4SH?, circle?: yellow-
face tree), and OFs-’L4SH> = ({TPF;, TPF;}: 82.92%
is obtained. In the third stage, the sorted 21L4SH5 are fed
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to SUIWSSRBFTWSVM ' and 3L4SH> = ({TPF;, TPF.}:
82.92% is obtained (See Fig. 2, Z!-L4SH!, circle?® with
orange-face tree). In the last round, 3L4SHS are entered
into SUTWSSrRBFSYM (See Fig. 2, Z!-L4SH?, circle* with
green-face tree), and the result is recorded as 4L4SHS =
{TPF;, TPF4}: 90.24%. The “LASH is the TU,-specific
OFs-L4SH? of 7! (See Table 6, row 3, column 5) based on
the 'D24WHEFSS setting. Such a mechanism is performed
in the rest chained hybrid scenarios (L4SH'* and L4SH®)
for extracting OFs-L4SH!* and OFs-L4SH® (See Table 6,
row 3, column 1 to column 4 and column 6). In Z? of
'D24WHFSS led by ITWSSTWSVM the 6L4SH of Z? is
exerted, and Zz-specific OFs are obtained (See Table 6, gth
row) and recorded in the 'D24WHFSS-?Z2RTPFs array by
the intersection of Z2[OFs-L4SH"];,_1.¢ (See Table 6, 10t
row). The optimal features obtained by Z> (IWSSr>¥M as
the starter of 6L4SH) and Z*(IWSSrTWSYM 5 the leader
in 6L4SH) of 'D24WHFSS are gathered in 'D24WHFSS-
2Z3RTPFs and ' D24WHFSS->Z*RTPFs, respectively. Next,
by union the 'D24WHFSS-2Z!*RTPFs (U ['D24WHFSS-
2Z*RTPFs],—1.4), the 'D24WHFSS-2Z"*URTPFs set con-
taining {TPF;, TPF4, TPFs} is obtained (See Table 6,
last row or See Table 7, 3th row, column 1). Accord-
ing to what was mentioned on obtaining 'D24WHFSS-
27Z4URTPFs, by setting the KFP?> on 24WHFSS, the
execution of 2D24WHFSS is lead to obtaining the
2D24WHFSS->Z#URTPFs (See Table 7, 3™ row, col-
umn 2). As can be seen in Table 7, the ID24WHEFSS-
*Z4*URTPFs and 2D24WHFSS-*Z!"*URTPFs sets related to
each RankTPEsT(y (RankTPFsT(y, .0y are listed. The XMRTPFs-
specific results (MRTPFs to 2MRTPFs) stemmed from
union result of the !'D24WHFSS-*Z"*URTPFs and
2D24WHFSS-*Z!"*URTPFs @ [(D24WHEFSS-
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TABLE 7. Selecting 2D24WHFSS-*Z':4URTPFs of RankTPFsTy, based on D24WHFSS.

Input 'D24WHFSS-*Z'**URTPFs ’D24WHFSS-*Z"*URTPFs
RankTPFSTJ, {!TPFs} {'TPF\,'TPFs,'TPFs }
RankTPFSTJ, {2TPF\, >TPF4, >TPFs} {TPF}

RankTPFST [, {3TPF1, 3TPFs, *TPFs} {CTPFs})

RankTPFSTJ,, {(*TPF), *TPF4} {*TPFs}

RankTPFSTJ {STPF\, STPFs, STPFs} {3TPF\, TPF,, TPFs}
RankTPFSTJ,, {STPF3} {*TPF3,°TPFs}
RankTPFSTJ, {'TPF), "TPFs} {'TPF\}

RankTPFST [ {8TPF», STPFs, STPFe} {*TPF>}

RankTPFSTJ, (OTPF\, °TPF,} {°TPF\,°TPFs}
RankTPESTJ |, {°TPF} {1OTPF 1}

RankTPESTJ) | {""TPF,, "TPFs, " TPFs, ' TPFs} {("TPF, "TPFs, " TPFs}
RankTPFST(J {12 TPFy, 2TPF»} {12 TPF\, 2TPF, "*TPF3}
RankTPFSTJ 5 {BTPF\, BTPF4, ®TPFs} {B3TPF13}

RankTPFST(J ) {“TPFs, “TPF4, “TPFe} {TPF>, “TPF4}
RankTPFST(J 5 {5TPFy, STPF»} {5TPF\, STPFs}
RankTPFST(J {1°TPFy, 'S TPF,} {1°TPF>, 'S TPF4}
RankTPFSTJ, {TPF3} {V'TPF,, "TPFs}
RankTPFST(J o {8TPF,, 8TPFe} {'*TPFs, "*TPFs}
RankTPFST(J {1°TPF4, YTPFs} {°TPF4,"TPFs}
RankTPFST (. {NTPFs, °TPFs} {?°TPFs}

RankTPFSTJ,, {?'TPF, 2 TPFe} {2'TPF1}

RankTPFST(J,, {2TPF\, 2TPF4, 2TPFs} {22TPF,,2TPFs}
RankTPFST (], {BTPFs, ®TPFs} {BTPF,, TPFs}
RankTPFST U, {¥TPF>)} {*TPF3, % TPF4}
RankTPFST'(J 5 {BTPF3, ®TPF4} {BTPFs, ®TPFs}
RankTPFST[J, ¢ {2TPF,, TPF3, TPFe} {2TPF;,TPFs}
RankTPFSTJ,, {(YTPF;} {*'TPF, ' TPF>, * TPF3}
RankTPFST [, ¢ {BTPF,BTPF,, TPF3} {*TPF3}

Symbol: TPF: transient point feature; TUx: x” transient univariate; *TPFj: j" TPFs of TUy; R"kTPFsTU,: Sorted TPFs
of TUx based on SU; 'D24WHFSS-*Z'"*URTPFs: Selecting *Z'*URTPFs by performing ‘D24WHFSS based on
KFP’; *Z'"#URTPFs: contain union result of Zone'-specific RTPFs to Zone*-specific RTPFs per ‘D24 WHFSS.

TABLE 8. The obtained UMRTPFs':28 set based on union ' MRTPFs to 28 MRTPFs.

Input *MRTPFs Input *MRTPFs
U [[D24WHFSS-'Z!“URTPFs]i-1.» {'TPF\, 'TPFs, ' TPFs} U ['[D24WHFSS-'SZ“URTPFs]i-1» {STPF\, STPF,, STPFs}
U ['(D24WHFSS-*Z'4“URTPFs]i-1» {*TPF\, *TPF.,*TPFs} U ['(D24WHFSS-!1¢Z4URTPFs]i-1.2 {!TPF\, TPF,, "TPF4}
U [[D24WHFSS-3Z!*URTPFs] ., {*TPF\, *TPFus} U [[D24WHFSS-!"Z'*URTPFs]-.» {""TPF4, "TPFs)}
U ['D24WHFSS-4ZI:4URTPFS]1:1;2 {4TPF1, 4TPF4,4TPF5} U [iD24WHFSS—l8Z154URTPFS]1:1;2 {lgTPFz, 8TPFs, ISTPFe.}
U ['[D24WHFSS-Z'“URTPFs]i-1.» {’TPF\, TPF,, °TPFs, "TPFs} U ['[D24WHFSS-"°Z“URTPFs]i-1. {TPF4, °TPFs}
U [[D24WHFSS-*Z'“URTPFs]i-.» {STPFs, °TPFs, STPFs} U ['(D24WHFSS-2Z'*URTPFSs]i-1.» {2TPF;, TPFs}
U [[D24WHFSS-"Z!*URTPFs]-» {’TPF,, "TPFs) U [[D24WHFSS-2!Z"*URTPFs]i-; 2 {?'TPF1,>' TPFs}

U [[D24WHFSS-*Z!*URTPFs]i-.»

{STPF», *TPFs, TPFs}

2

U [[D24WHFSS-2Z!*URTPFs];-

{2TPF\, TP, *TPFy, *TPFs}

U ['(D24WHFSS-"Z'4*URTPFs]i-1.,

{°TPF\, °TPF,, °TPFs}

U ['(D24WHFSS-?Z'“URTPFs];

{®TPF,, ®*TPF3,>TPFs}

1:2

U ['(D24WHFSS-19Z!#*URTPFs];-1.» {1°TPF} U [[D24WHFSS-**Z!*URTPFs]i-1.» {*TPF24}

U ['[D24WHEFSS-!'Z!*URTPFs];-1.» {"'TPF\s} U [[D24WHFSS-»Z!*URTPFs]i-1.» {*TPFs}

U ['(D24WHEFSS-12Z!*URTPFs]i-1.» {2TPF\3} U [[D24WHFSS-2Z'*URTPFs]i-1., {2TPF,, TPF3,TPFs,TPFs}
U ['(D24WHFSS-B3Z#URTPFs];-1.» {3TPF\:s} U [[D24WHFSS-?7Z'*URTPFs]i-1.» {*'TPF\, ¥’ TPF>, *'TPF3}

U [[D24WHFSS-4Z!*URTPFs]i-1:»

{"TPF»4,'*TPFs}

U [[D24WHFSS-2Z'*URTPFs]i-1

{3TPFi4}

UMRTPFs'2: Union of '"MRTPFs to MRTPFs

{\TPF\ 5,6, *TPF\ 4.5, *TPF) 4:6,*TPF) 4 5, TPF\ 3 5 6, "TPF3 4.6, "TPFy 5,8TPF) 5 6, "TPF\ 3,5, \"TPF\, " TPF\:5,">*TPF\ 3, 3TPF\:5, "*TPF».4 6, "TPF\ 2,5,
'TPF\,5.4, "TPFy 5, " TPF) 5 6, "TPFy 5,°TPF; 5, 2\ TPF) 6, >TPF\ 3.4,5, 2 TPF} 36,* TPF.4, ® TPF36, 2TPF) 3 5.6, >’ TPF) 5.4, TPF .4}

Symbol: TPF: transient point feature; TUx: x” transient univariate; *TPF;:
'D24WHFSS-specific *Z'*URTPFs and 2D24 WHFSS-specific *Z'“URTPFs.

xZI4URTPFs]iz;.2) is shown
UMRTPFs'28 is obtained by the union of 'MRTPFs to

in Table 8.

Z8MRTPFs (See Table 8, last row).
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ith

Finally,

TPFs of TUx, U [[D24WHFSS*Z"*URTPFs] i12: Selecting *"MRTPFs based on union of

In the case of exerted wrapper-based predictive models
(SVM and TWSVM) in D24WHESS, the following points are

important. The accuracy (Acc) metric (21) measured the per-
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Sorting OFs of TUsin descending manner
(RankIPFsT(Jg) based on SU values

TPFs;| TPFss| TPFs;| TPFs\| TPFss| TPFs

IWS. SRBFS\"M

1

Acc

80.48% _(TPFs;)
o SVMRBF

85.36% .. (0f2,p[5)
Acc SVMRBF

| |1

4

6

85.36%  (Pf2.Pfs.Pf3.0f1)
Acc SVMRBF

Acc

87.80% (pf 2. f5.pf3.0f4)
SVMREF

Ace

87.80%  (pf2 Pfs. Pf3.Pfe) )
SVMHEF

H Acc variation based on {TPFs, TPF:, TPFs}; Max (Acc)=87.80% “

Accuracy

FIGURE 9. Structure of IWSSRBFSYM tree related to Z!-specific first stage of L4SH':6 of ' D24WHFSS
in selecting OFs of TUg regarding Acc variations in optimal node (node 3).

TABLE 9. The evaluation metrics.

Metrics Formula

Accuracy Acc=(TP+TN)/(TP+TN+FP+FN)
Sensitivity TPR=TP/(TP+FN)

Specificity TNR=TN/(TN+FP)

formance of SUTWSSKSYM SUTWSSH*SVM SUTWgShTWSVM
and SUTWSSHTWSVM learning models. On the other hand,
the fine-tuning of learning parameters (C in SVM and
TWSVM, o in RBF and DTW, and p in Poly) in each
increment of bi-IWM is considered in train-test procedures.
The range of learning parameters (RoLPs) related to SVM
(SVMROLPSY and TWSVM (TWSVMROLPS) i5 defined in (22)
and (23), respectively. In each iteration, the maximum amount
of the Acc which is obtained based on the best value of
learning parameters is recorded. For example, Fig. 9 shows
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the IWSSRBFSYM tree related to Z'-specific first stage of
L4SH'"® of 'D24WHFSS applied on TUg, which Acc varia-
tions of optimal node (node 3: green-face) is depicted in 3-D
plot.

OKFPs — {KFP‘ : (RBF, RBF)|SVMRBF  TWSVMRBF) }
KFP% : (DTW, Poly)|SVMP™  TwSvMmFeby
(20)
Accuracy(Acc) = (TP + TN)/(TP + TN + FP+ FN)
{P : stable sample; T : predicted correctly @1
N : unstable sample; F : predicted incorrectly
rotps | C=211i=0,1,...,5
SVM {a=2f|j=—3,—2,...,4(RBF,DTW)}
(22)
c=21i=01,...,5
TWSVMROLPs 1 o =2/ | j=—3,-2,...,4(RBF) } (23)

p=21j=2,3,4,5(Poly)
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FIGURE 10. Acc variations based on learning parameters in some folds (fold%-6-8:10) for TSP based on UMRTPFs':28,

TABLE 10. Results of TSP based on UMRTPFs!:28 set.

10-fold cross validation

Classifier Test case Max(Acc.) per fold based on fine-tuning on C and ¢
Accuracy [TPR / TNR]
fold 1 fold 2 fold 3 fold 4
98.75 96.25 98.75 100
[97.5/100]  [97.5/95] [97.5/100]  [100/100]
fold 5 fold 6 fold 7 fold 8
100 100 100 100
SVM (RBF)  NETS-NYPS  r199/100]  [100/100] [100/100] [100 / 100]
fold 9 fold 10
98.75 100
[97.5/100] [100 / 100]

Mean (measure) of folds: Accuracy [TPR/TNR]

99.25[99/99.5]

TABLE 11. TPT based on coupling UMRTPFs'28 and SYMREF,

Observation Window Time TPT

(OWT) (OWT + prediction time)
in cycle / second
6/0.1002 100.2 ms +2.407 ms= 102.607 ms

C. TSP BASED ON UMRTPFs'28 SET

The union of TUj.p3-specific MRTPFs (I:ZSMRTPFS) called
UMRTPFs!28 (See Table 8, last row) is used for TSP
in this section. ThelO-fold cross-validation-based scenario
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is considered for measuring the performance of the
UMRTPFs!28 on TSP. The SVMRBF_based learning model
is performed per fold-specific train-test procedure. Further-
more, the fine-tuning of the SVMRBF parameters, namely C
and o, is considered regarding the {C = 2i|i =0,1,...,15}
and {0 = 2|j = —5,—4,...,15} to report the best val-
ues of evaluation metrics (See Table 9) per fold. Accord-
ing to the above-mentioned experimental design, the per-
formance of SVMRBF based on UMRTPFs'28 is shown in
Table 10. Set different values on learning parameters of
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TABLE 12. Results of TSP via coupling SYMREF and selected OFs by 3SMWHFSSs and 3MCWHFSSs

10-fold cross validation

Classifier-FSS Test case Max(Acc.) per fold based on fine-tuning on C and ¢
Accuracy [TPR/TNR]
fold 1 fold 2 fold 3 fold 4
93.75 93.75 90 90
[97.5/90] [97.5/90] [95/85] [82.5/97.5]
fold 5 fold 6 fold 7 fold 8
95 95 95 91.25
SVMEEF NETS-NYPS  1975/925]  [95/95]  [100/90] [87.5/95]
-mRMR fold 9 fold 10
88.75 93.75
[95/82.5] [92.5/95]
Mean(measure) of folds: Accuracy [TPR/TNR]
92.62 [94/91.25]
fold 1 fold 2 fold 3 fold 4
98.75 95 96.25 97.5
[97.5/100] [95/95] [92.5/100] [95/100]
fold 5 fold 6 fold 7 fold 8
SVMRBF NETS-NYPS 96.25 97.5 97.5 97.5
_FCBF [92.5/100] [97.5/97.5] [95/100] [97.5/97.5]
fold 9 fold 10
97.5 100
[95/100] [100/100]
Mean(measure) of folds: Accuracy [TPR/ TNR]
97.37[95.75/99]
fold 1 fold 2 fold 3 fold 4
98.75 95 96.25 97.5
[97.5/100] [95/95] [92.5/100] [95/100]
fold 5 fold 6 fold 7 fold 8
96.25 97.5 97.5 97.5
SYM®F - NETSNYPS 1975/ 100]  [97.5/97.5] [95/100]  [97.5/97.5]
-ReliefF
fold 9 fold 10
97.5 100
[95/100] [100/100]
Mean(measure) of folds: Accuracy [TPR/ TNR]
97.37[95.75/99]
fold 1 fold 2 fold 3 fold 4
100 97.5 96.25 95
[100/100] [100/95] [92.5/100] [92.5/97.5]
fold 5 fold 6 fold 7 fold 8
RBF 100 100 97.5 98.75
-]gl\\]/ll\;llFSS NETS-NYPS [100/100] [100/100] [97.5/97.5] [97.5/100]
fold 9 fold 10
97.5 100
[97.5/97.5] [100 /100]
Mean(measure) of folds: Accuracy [TPR/ TNR]
98.25[97.75/98.75]
fold 1 fold 2 fold 3 fold 4
98.75 96.25 97.5 98.75
[97.5/100] [100/92.5] [95/100] [100/97.5]
fold 5 fold 6 fold 7 fold 8
SVMRBF 100 100 98.75 100
_PITHS NETS-NYPS [100/100] [100/100] [97.5/100] [100 /100]
fold 9 fold 10
97.5 100
[97.5/97.5] [100/100]

Mean(measure) of folds: Accuracy [TPR/ TNR]

98.75 [98.75 /98.75]
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fold 1 fold 2 fold 3 fold 4

98.75 95 975 98.75
[97.5/100]  [95/95] [95/100]  [100/97.5]
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TABLE 12. (Continued.) Results of TSP via coupling SVMREF and selected OFs by SMWHFSSs and 3MCWHFSSs.

10-fold cross validation

Classifier-FSS Test case Max(Acc.) per fold based on fine-tuning on C and &
Accuracy [TPR / TNR]
fold 5 fold 6 fold 7 fold 8
SVME 100/ 100 100/100] [100/100] _[100100

-CPQHFSS NETS-NYPS [ ] [ 11 ] [ ]

fold 9 fold 10

98.75 100

[97.5/100] [100/100]

Mean(measure) of folds: Accuracy [TPR/ TNR]

98.87 [98.5/99.25]

TABLE 13. TPT based on 3MWHFSSs and 3MCWHFSSs.

SVMREF. OWT in TPT
3MWHFSSs / cycle / second (OWT + prediction time)
3MCWHFSSs

SVMREFE-mRMR 4/0.0668 66.8 ms+1.993 ms=68.793 ms
SVMRBEF_ECBF 4/0.0668 66.8 ms+2.130 ms= 68.930 ms
SVMRBF-ReliefF 4/0.0668 66.8 ms+2.110 ms= 68.910 ms
SVMRBF-BMHFSS 3/0.0501 50.1 ms+2.848 ms= 52.948 ms
SVMRBF-PITHS 9/0.1503 150.3 ms+2.291 ms= 152.591 ms
SVMRBF.CPQHFSS 9/0.1503 150.3 ms+2.225 ms=152.525 ms

TABLE 14. Amount of memory usage by Matlab-based TSPP.

Max Mem Available Mem Used
Memory status Possible All Arrays MATLAB
Array Bytes (MAAAs)
Before starting 3.4058e+09 3.4058e+09 1.2423e+09
TSPP (*TSPP)
After ending 3.2955e+09 3.2955e+09 1.2503e+09
TSPP (**TSPP)

Memory used in Megabytes
AETSPP.MAAAs - BSTSPP.MAAAs = - 105.25 Megabytes

(-): indicates that the free memory is (about 105 megabytes) lower now than it was
before started TSPP.

SVMRBF cause obtaining various Acc per fold. As can be
seen in Table 10, the maximum value of Acc is consid-
ered as the result of Acc-based performance evaluation per
fold. For more clarity, the Acc variations in some folds
(fold*, fold®, fold®, and fold'®) are illustrated in Fig. 10.
Also, the maximum Acc-specific TPR and TNR per fold
are listed in Table 10. Finally, the mean value of obtained
results in all folds per metric is calculated (See Table 10,
last row). The Acc 99.25 %, TPR 99 %, and TNR 99.5 %
indicates the high TPA on TSP via UMRTPFs'28. Another
main factor in proving the efficiency of the UMRTPFs!23-
oriented learning model is the TPT index (including obser-
vation window time (OWT) and prediction time). For TPT
calculation, first, we focus on the TPFs of UMRTPFs!28
(See Table 8, last row) to specify OWT. The most extended
observed cycle in UMRTPFs!28 is related to TPFsg, which
picked up as the optimal cycle of TU;, TU3, TUs, TUg, TUs,
TU14, TU;g, TUyq, TUs3, TUjs, and TU¢. In this manner,
the OWT is six cycles (100.2 milliseconds (ms)). On the
other hand, the prediction time based on UMRTPFs!28-
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SVMREBF i5 2 407 ms. Consequently, the TPT is 102.607 ms
(See Table 11), reflecting the low TPT to exert control
actions.

D. COMPARISON OF EXPERIMENTAL METHODS:
D24WHFSS VS. 3MWHFSSs AND 3MCWHFSSs

For a deep assessment of the efficiency of the proposed
FSS in selecting OFs, D24WHFSS is compared with
3MWHEFSSs. The 3MWHEFSSs includes mRMR [13], Reli-
efF [15] and FCBF [16]. Also, D24WHEFSS is compared
with 3MCWHEFSSs including BMHFSS [19], CPQHFSS
[22], and PITHS [23]. The 28VTTFs are fed to the
3MWHFSSs and 3MCWHEFSSs, the 3MWHFSSs-based
OFs and 3MCWHEFSSs-based OFs are selected. Then, the
3MWHFSSsOF and 3SMCWHFSSsOF® are entered into the
SVMRBF based on similar train-test conditions defined for
D24WHEFSS (See Section IV. C).

As can be seen in Table 12, D24WHFSS-based
UMRTPFs'?® have better performance in TSP than
3MWHFSSsO"  and 3MCWHFESSsOF.  According to
Table 12, the obtained results manifested the D24WHFSS
by selecting 88-cycles of 28VTTFs (See Table 8, last
row), which has better performance (Acc, TPR, and
TNR) than mRMRO (9 cycles-4VTTFs), FCBFOFs,
ReliefFOFS, and BMHFSSO™ (9 cycles-3VTTFs) [19],
CPQHFSSOF (48 cycles-28VTTFs [22]), and PITHSOF
(24 cycles-18VTTFs [23]). Based on the TPT index,
the obtained results (See Table 13) show that the cou-
pling D24WHFSSO and SVMRBF has a higher TPT
(102.607 ms) than SVMRBF_3MWHESSsOFs (SVMRBF.
mRMROFS: 68.793 ms, SVMRBE_FCBFOFS: 68.930 ms,
SVMRBF_ReliefFOFs: 68.910 ms) and SVMRBF_.BMHFSSOFs
with 52.948 ms. Also, SVMRBF-D24WHFSSOF* has lower
TPT than SVMRBF_PITHSOF with 152.591 ms and
SVMRBF_CPQHFSSOF with 152.525 ms. The TPT value
of SVMRBF_D24WHFSSOF* provides the proper opportunity
for the grid operator to conduct corrective actions. For more
TPT-based info, refer to Table 11 and Table 13. As the final
report, checking the amount of memory usage by the transient
status predictive program (TSPP) (MATLAB-based TSPP) is
presented in the form of the user-focused memory structure
in Table 14.
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V. CONCLUSION AND FUTURE WORK

Thinking critically about the low-performance of the pro-
posed mono-way hybrid FSS on TSA studies motivated
us to design a novel feature selection algorithm called
dyadic 24-way hybrid FSS (D24WHFSS) in this paper. The
D24WHESS is driven by the beating heart of linked four-
level hybrid models (LFLMs) that the different permuta-
tions of levels cause execution LFLMs in 24-way (called
24WHEFSS). The 24WHFSS is mounted on the bi-incremental
wrapper mechanism (bi-IWM), namely IWSS and IWSSr.
The filter and wrapper phases of bi-IWM are accompanied
by SU and DSVCs, respectively. kSSVM and kK TWSVM are
supervised machine learning algorithms regarded as DSVCs
plugged into the bi-IWM. For precise mining on nonlinear
HDTS, DKFPs are situated into DSVCs. Hence, KFPs-based
24WHEFSS exerting is repeated in varied two times (dyadic
24WHEFSS). After conducting D24WHFSS on mVTTFs, sur-
vived MRTPFs are entered into the cross-validation proce-
dure to measure the efficacy of MRTPFs set in achieving
low TPT and high TPA. Obtained results manifested that the
MRTPFs have high performance (Acc 99.25 %, TPR 99 %,
TNR 99.5 %, and TPT of 102.607 ms) for TSP. To address
the effectiveness of the D24WHFSS against other feature
selection algorithms, the performance of D24WHFSS com-
pared with SMWHEFSSs and 3MCWHEFSSs. The results show
that selected MRTPFs by D24WHFSS have better perfor-
mance than extracted optimal features by 3SMWHFSSs and
3MCWHEFSSs on TSP.

In future work, we intend to introduce a novel feature
selection-feature extraction algorithm decorated by embed-
ding a hybrid-based optimum-features selector layer in the
convolutional deep network-based feature extraction. Such a
framework can promise to pick up the most discriminative-
relevant features on HDTS for high-performance TSA. Fur-
thermore, the efficacy of the optimal transient features in
achieving high-performance TSA under the N-k contingency
analysis, load-generation level variations, and contaminated
transient responses (missing and noisy transient data) is eval-
uated in future studies.
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