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ABSTRACT Neglect feature selection matter for high-dimensional transient data obtained from phasor
measurement units (PMUSs) negatively affect the inconsistent-linked indices, namely data labeling time
(DLT) and data labeling accuracy (DLA) in the transient analysis (TA). A reasonable trade-off between DLT
and DLA or a win-win solution (low DLT and high DLA) necessitates feature-based mining on transient
multivariate excursions (TMEs) via designing the comprehensive feature selection scheme (FSS). Hence,
to achieve high-performance TA, we offer the 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, namely incremental
wrapper subset selection (IWSS) and IWSS with replacement (IWSSr). The IWSSZFWBs and TWSSr2FWBs
contain filter-fixed and wrapper-varied approaches (' W") that first block-specific ' WY of IWSSZFWBS and
IWSSrZFWBS includes relevancy ratio-support vector machine (RR-SVM) and second block-specific ¥ WY of
IWSS?FWBS and TIWSSr2FWBs accompanied by relevancy ratio-twin support vector machine (RR-TWSVM).
Generally, RRIWSSSYM and RRIWSSTWSVM i in IWSS?FWBs and RRIwSSrSYM and RRIWSSrTWSYM g in
IWSSrZFWBs  Besides direct relations in two-Ff WYBs per incremental wrapper mechanism, by plugging
different kernels into the hyperplane-based wrapper, all possible cross-permutations of hybrid FSS are
applied on transient data to extract the optimal transient features (OTFs). Finally, the evaluation of the
effectiveness of the CPQHFSS-based OTFs in TA is conducted based on the cross-validation technique. The
obtained results show that the proposed framework has a DLA of 98.87 % and a DLT of 152.525 milliseconds
for TA.

INDEX TERMS Hybrid feature selection algorithm, optimal transient features, transient analysis.

ACRONYMS TWSSr IWSS with Replacement.
PMUs Phasor Measurement Units. RR Relevancy Ratio.
TA Transient Analysis. SU Symmetric Uncertainty.
DLT Data Labeling Time. SVM Support Vector Machine.
DLA Data Labeling Accuracy. TWSVM  Twin Support Vector Machine.

TMEs Transient Multivariate Excursions. OTFs Optimal Transient Features.
FSS Feature Selection Scheme. IT Information Technology.
CPQHFSS  Cross-Permutation-based Quad-Hybrid FSS. DM Data Mining.
FWBs Filter-Wrapper Blocks. ML Machine Learning.
HBs Hybrid Blocks. HDD High-Dimensional Data.
IWSS Incremental Wrapper Subset Selection. TTP Training-Testing Procedure.
A&T Accuracy and Time.
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TSA Transient Stability Assessment.

TSP Transient Stability Prediction.

LDOTFs Low Dimensional Optimal Transient
Features.

mRMR Minimum-Redundancy and
Maximum-Relevance.

FCBF Fast Correlation-based Filter.

DSA Dynamic Security Assessment.

MI Mutual Information.

PCC Pearson Correlation Coefficient.

NMI Normalized Mutual Information.

SRFS Strongly Relevant Feature Subset.

WRES Weakly Relevant Features Subset.

TFWM Trajectory-based Filter-Wrapper Method.

PFWM Point-based Filter-Wrapper Method.

FICA Fuzzy Imperialist Competitive Algorithm.

MIE Mutual Information-Entropy.

MHFSS Multifaceted Hybrid FSS.

IWMs Incremental Wrapper Mechanisms.

CL Classification Learner.

CFS Candidate Features Subset.

GEPSVM Generalized Proximal Eigenvalue SVM.

KKT Karush-Kuhn-Tucker.

LinKer Linear Kernel.

PolKer Polynomial Kernel.

SGRBF Standard Gaussian Radial Basis Function.

DTW Dynamic Time Warping.

REDK Recursive Edit Distance Kernel.

PFs Point features.

pOTFs Preliminary Optimal Transient Features.

TDGW Transient Dataset Generation Workflow.

OCBF Output Channels of Basic Feature.

API Application Program Interface.

PSS/E Power System Simulator for Engineering.

CONL Convert Load.

VOLT Bus Voltages.

VANGLE Voltage Phase Angle.

PELEC Machine Active Power.

QELEC Machine Reactive Power.

QLOAD Reactive Power Consumption.

TMTD Transient Multivariate Trajectory Dataset.

Acc Accuracy.

TPR True Positive Rate (Sensitivity).

TNR True Negative Rate (Specificity).

VUFSSs Vertically Unilateral FSSs.

PITHS Partial-Injective Trilateral Hybrid FSS.

BMHEFSS Bi-Mode Hybrid FSS.

oT Observed Time.

NETS-NYPS New England Test System-New York
Power System

NOTATION

fi i" feature.

Thi Feature with i-highest RR.

Ace(fi ) Learning model accuracy based on fh;.
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Incr: #i i increments in IWSS/ IWSSr tree.

CLUain(f) Training procedure of classification
learner based on f;.

param Recording learning parameters.

CL'"S\(f;, param)

Testing procedure of model based
on param and f;.

HB!- First-second hybrid blocks of IWMs.
Si i contingency sample in TMEs.
pfi i point feature.
TU' i" transient univariate in multivariate
data.
fiTUk i features of k™ transient univariate.
H(X) Entropy of X; X: {fiTUk, target class}.
H (f[.TUk |C) Entropy of fl.TUk when class is given.
0() Stands for worst-case complexity.
PATU! Point features (observed cycles)
of TUL,
SPBTU! Sorted point features of TU'based
on SU.
pOTEs T Preliminary OTFs of TU'.
fOTFsTV# Set of final OTFs per TU.
Max Maximum function.
Min Minimum function.
Var Variance function.
F'wY Filter-fixed wrapper-varied in IWMs.
UfOTFsTUITUZ8  Union of final OTFs of TU! to TU?S.
OCBF-X Output channels of basic feature (X);
X: {VOLT/ VANGLE/ PELEC/
QELEC/ QLOAD}.
SVM1yy gg3ker Embedding SVM model
equipped with triple kernel in IWSS.
TWSVMpwss3ker  Embedding TWSVM model
equipped with triple kernel in IWSS.
SVMIwSSrke Embedding SVM model
equipped with triple kernel in IWSSr.
TWSVMIWwSSr3ker  Embedding TWSVM model

equipped with triple kernel in IWSSr.

I. INTRODUCTION

Nowadays, information technology (IT) by integrating dif-
ferent data-driven systems, plays the pivot role in collecting
a large amount of data in different sensitive industries. The
raw data obtained by the IT paradigm provide the necessary
conditions for conducting data-oriented actions instead of
experience-based operations in all tasks and responsibili-
ties of system operators [1]-[5]. Such restructuring in the
decision-making process will be possible through data min-
ing (DM) technology which triangulated machine learning
(ML), statistical learning (SL), and dataset to discover useful
patterns for predicting different phenomena [6], [7]. Besides
the importance of the type of ML and SL methods for achiev-
ing efficiency in learning procedures, the high-dimensional
data (HDD)with sparse-dissimilar features is the most sig-
nificant factor that negatively affects the training-testing
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procedures (TTP) of learning frameworks. In this regard,
the concept of the curse of dimensionality is defined as a
great challenge on the way of high-performance DM [8], [9].
Furthermore, the importance of inconsistent-linked indices
like accuracy and time (A&T) to make A&T-critical pre-
diction in real-world problems exacerbates the necessitate
of focusing on HDD concern. To fill two needs with one
deed, DM engineers apply FSS on HDD for extracting the
optimal features (OFs) set [10], [11]. The survived OFs
based on the FSS will bring two points: first, the low pro-
cessing time to predict unseen cases due to the mapping
HDD to low-dimensional feature space, and second, high
accuracy prediction induced by selecting most discriminative
features (MDFs).

One of the HDD-oriented real-world problems is tran-
sient stability assessment (TSA) related to secure power sup-
ply [12], [13]. The I'T-based grid infrastructure equipped with
phasor measurement units (PMUs) gathers high-dimensional
transient features (HDTF) for transient analysis (TA) [14].
In HDTF, the presence of irrelevant and redundant features
is problematic for TTP of predictive approaches, which
cause low-accuracy transient stability prediction (TSP).
By applying the FSS scheme on HDTF, optimal transient
features (OTFs) are selected to achieve high data labeling
accuracy (DLA) in TSP. Also, the severe-sudden essence
of transient stability necessitates using the FSS for com-
pacting the HDTF to decrease data labeling time (DLT)
in TSP, including observed time and prediction time [15].
In terms of the low DLT, low dimensional optimal transient
features (LDOTF) caused fast learning in TTP scenarios leads
to low prediction time, and existing the most relevant fea-
tures in LDOTF allow picking up small-optimal observations.
Consequently, by applying the FSS scheme on HDTF, sys-
tem operators will be able to take timely-accurate corrective
control actions to provide secure-adequate exploitation of the
power grid. Hence, to achieve a win-win trade-off (high DLA
and low DLT), designing the comprehensive FSS has been
widely considered by DM researchers for TA.

Il. RELATED WORKS

Reviewing the FSS-based transient studies shows that opti-
mal transient features are selected by filter and filter-
wrapper (hybrid) methods. In term of filter-oriented FSS, in
Reference [16], [17], mutual information theory applied on
transient characteristics related to power and angle to select
optimal features regarding two principles: selected transient
features have maximum relevance to the target class and have
minimum relevance to one another, which is called minimum-
redundancy and maximum-relevance (mRMR) FSS. Refer-
ence [18] introduce the ReliefF algorithm for calculating
relevancy of rotor faults features to predict the health state
of induction motor. To calculate total transfer capability
regarding transient stability limitations, designing the fea-
ture pre-screening scenario based on the fast correlation-
based filter (FCBF) is considered in [19]. Based on FCBE,
optimal features of active and reactive load power, phase
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angles of bus voltages, and the induced electromotive force of
generators are selected to achieve training-testing efficiency.
In Reference [20], for constructing the dynamic security
assessment (DSA) model for predicting the transient sta-
bility margin, applying the FSS algorithm based on partial
mutual information (PMI) and the Pearson correlation coeffi-
cient (PCC) is considered as the main step of the DSA model.
In terms of hybrid FSSs, in Reference [21], filter-wrapper
FSS includes feature weight ranking by Relief (filter as the
preliminary) step, and five-fold cross-validation SVM model
(wrapper as the complementary step) are applied on trajectory
cluster features for selecting optimal feature set. Based on
the proposed hybrid FSS in [22], first, normalized mutual
information (NMI) ranks the initial features in the form of
strongly relevant feature subset (SRFS) and the weakly rele-
vant feature subset (WRFS). Next, the obtained knowledge
of the filter phase is fed to the wrapper phase equipped
with an easy-implementing search algorithm called binary
particle swarm optimization (BPSO) to improve the effec-
tiveness of FSS results.Considering high-dimensional mul-
tivariate time series data obtained by transient simulations,
Reference [23] designed hybrid FSS in bi-mode, including
trajectory-based filter-wrapper method (TFWM) and point-
based filter-wrapper method (PFWM). In TFWM, mutual
information-entropy-based (MIE) calculations (filter) and
fuzzy imperialist competitive algorithm (FICA)-IWSS-based
trihedral kernel-SVM (wrapper) find the optimal transient
series. Next, the PFWM, including MIE calculations (filter)
and the Gaussian kernel-SVM (wrapper) utilized to find opti-
mal point features per optimal time series.

Regardless of the precise mining on transient feature
space by the abovementioned FSSs, which have led to
the acceptable performance in TSA, designing the com-
prehensive hybrid framework to extract masked-relevant
transient features is the greatest challenge to achieve
timely-accurate TSA. Lack of cross-oriented learning mech-
anisms in the form of multifaceted hybrid FSS (MHFSS)
causes some features with the discriminative character don’t
survive in the feature selection process. In this regard, focus-
ing on the structure of the filter or hybrid FSSs in previous
studies shows the fact that the mining of intrinsic character-
istics of transient data for selecting optimal features is based
on the unilateral strategy equipped with vertically learning.
Such a mechanism may be applicable in selecting the optimal
features to improve the TSA, but it will ignore optimal-
blurred transient features. Furthermore, the characteristic of
transient data is the main parameter in determining how
to apply the proposed MHFSS to it. Having a glance at
FSS-based studies shows that the FSSs applied on multivari-
ate point or time series data in the whole-manner. Such a
strategy tends to select the OTFs without regard to the possi-
bility of optimal features sacrificing related to each univari-
ate trajectory. Streaming k-variate time-series data obtained
by the PMU-based synchronized measurement necessitate
extracting univariate-specific OTFs in the form of univariate-
oriented learning in both filter and wrapper phase.
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Cross-Permutation-based

Transient Dataset
Construction

> Contingency simulation
based on interlacing Python,
PSSE, and MATLARB for
recording feature-specific
transient responses

STEP 2

STEP 1

> Multivariate time series-
formed transient dataset

Quad-Hybrid FSS
(CPQHFSS)

> The designing quad-hybrid
FSS scheme in the form of
the twin two filter-fixed
wrapper-varied mounted on
the two-mechanism of the
incremental wrapper in a
cross-permutation manner

» Applying CPQHFSS on
transient univariates to
extract OTFs

CPQHFSS Performance
Analysis

> Evaluating the effectiveness
rate of CPQHFSS-based
OTFs in TA (DLA & DLT)
via cross-validation scenario

STEP 3

Comparing the efficacy of
Y CPQHFSS with other FSS
algorithms

FIGURE 1. The Overall framework of FSS-oriented TA based on CPQHFSS.

The main contributions of this study to solve above-
mentioned challenges in FSS-based TSA are summarized as
follows:

o A new feature selection algorithm called cross-
permutation quad-hybrid FSS (CPQHFSS) was consid-
ered to select OTFs to achieve high-performance TA.
This scheme was designed via a multifaceted hybrid
scenario accompanied by the entropy-based metric in
the filter phase and hyperplane-based learning methods
in the wrapper phase.

o The CPQHFSS applied on high-dimensional TMEs
based on partial-manner learning for extracting
univariate-specific MDFs. The optimal features per uni-
variates are survived by the conducting cross-permutation
scenario of the proposed FSS. Such a mechanism guar-
anteed the optimal-blurred transient features extraction
to achieve high DLA and low DLT.

o The performance of CPQHFSS-specific OTFs in TA was
compared with selected OTFs by other FSS based on the
cross-validation technique.

The rest of the paper is organized as follows: The detailed
descriptions of the CPQHFSS are remarked in Section 3.
Experimental results of applying CPQHFSS on univariates
of TMEs for TSA are presented in Section 4. Also, the
comparison results between the proposed FSS and the other
FSSs are interpreted in Section 4. Finally, the conclusion is
depicted in Section 5.

IlIl. CROSS-PERMUTATION-BASED QUAD-HYBRID
FEATURE SELECTION SCHEME (CPQHFSS)

The overall framework of FSS-oriented TA based on
CPQHESS is shown in Fig. 1. After transient data gathering
phase, we offer CPQHFSS including twin two-filter-wrapper
blocks (2FWBs) mounted on the two-mechanism of the incre-
mental wrapper namely incremental wrapper subset selection
(IWSS?FWBs) and TWSS with replacement (IWSSr2FWBs),
The relevancy ratio-support vector machine (RR-SVM) is
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the filter-fixed wrapper-varied (' W") embedded in the first
block of IWSS?FWBS and TWSSr?WBS. The second block-
specific ' WY of IWSSZFWs and IWSSr2FWBS is designed by
relevancy ratio-twin support vector machine (RR-TWSVM).
Besides direct relations in four hybrid blocks, cross-
permutation-based relations in IWSS?FWBS and TWSSr2FWBs
are defined in CPQHFSS. By plugging the different kernels
into hyperplane-based wrapper methods of IWSSZFWBS and
TWSSrZFWBs | all possible cross-permutations of two states
per IWSS2FWBS and IWSSr?FWBS caused to applying differ-
ent hybrid FSS on each univariate of transient multivariate
excursions (TMEs) to extract OTFs. In the third step, transient
analysis based on survived OTFs in the presence of cross-
validation scenario evaluates the effectiveness rate of the
OTFs in achieving high-performance TA.

The CPQHFSS by interlacing the filter-wrapper methods,
incremental wrapper mechanisms, and cross-permutation
scenario, selects OTFs of TMEs for high-performance TA.
According to Fig. 2, each univariates of the transient mul-
tivariate trajectories dataset is entered into the filter phase
as the first step of CPQHFSS (See Fig. 2, filter funnel).
Then, the obtained filter-based results per univariate are used
in the wrapper phase of the CPQHFSS, which consists of
four hybrid blocks categorized in twin two-FWBs, which are
mounted on dual incremental wrapper mechanisms (IWSS
and IWSSr). Overall, in the CPQHFSS, four hybrid blocks
formed as TWSS?FWBS (the left rectangle box of Fig. 2)
and ITWSSr?FWBs(the right rectangle box of Fig. 2). The
direct relations in each block of IWSS?FWBS or [wSS2FWBs
be caused that two Ff' W"-states (totally four F ' W"-states).
In CPQHEFSS, due to plugging elastic and non-elastic ker-
nels into hyperplane-based approaches situated in the wrap-
per methods, different cross-permutation hybrid FSS can be
considered for two filter-wrapper-states of IWSS?FWBS and
TWSSr2FWBS (See cross-permutation box in Fig. 2). Tak-
ing into cognizance the concise explanation of CPQHFSS
depicted in Fig. 2, the pseudocode of CPQHFSS is shown
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TABLE 1. The pseudocode of the CPQHFSS.

Main body of CPQHFSS

Input: transient univariates (TU) of multivariate trajectory dataset; {TU* | k=1, 2, ..., n}.
Output: union of final optimal transient features (UfOTFs™! TUn),

(1) fork=1ton

(2) for i=1 to m // m=length (pf5), pfs: point features (observed cycles) in TU*.

k
3) SU;}] = calculate relevancy rate (RR) of pf; B TUY;
i
(4) end
(5) end
(6) fork=1ton
k

g k
(7) FTU*=Sort ( SUg;»S/ ); // Sort SU Z}J array in descending manner.
? J1:m

(8) "?}ggTU ¥ —TWSSr (?“TU¥); // Recording preliminary optimal transient features (pOTFs) per TU* in ( [” (,),%;T Uk } );
2x3

9)  POISTUE =TWSS (FTUY); // Recording preliminary optimal transient features (pOTFs) per TUX ( [’}?VggTU ":‘ );
2x3

IWSSr
(10) ifk=1
(1) POIWSS struet(POTTUS, | YT TUt sz ) POTIWSSHUstruct(POTTUS, | HEoTUR an %
(12)  else

(13)  PO™IWSS Y(end+1)= struct(*™TUS, ["%ggTU k sz ): POTRISSr™ (end +1)= struct(*O™TUS!, [",%@f.TU" }M ):

(14) end

(15) end

(16) fOTFs™ = cross-permutation ("O""TWSS™, OTF[WSSY);
(17) UfOTFs™ U= fOTFs™! u fOTFs™ u ... ufOTFs™";

Function: IWSSr

(1) Classifier: {SVM, TWSVM}, Kernel®': {SGRBF, "™GRBF, REDK}, Kernel“*?: {SGRBF, PolKer, LinKer};

(2) Sel=PATU* {1}; // first element of ?*TU* array (feature with highest SU insert in Sel).

(3) SVMKemelk= Classifier {1} + Kernel®! {x}; // x=1 | 2 | 3, Learning model: {SVMXe™X} Three learning modes.

(4) TWSVMKemeh= Classifier {2} + Kernel®? {y}; / y=1|2| 3, Learning model: {TWSVMKXe™¥} Three learning modes.

(5) AccSel=PerEval (Learning Model, [data] mxSel with C );

(6) for i=2 to length (PSTU¥)

(7) OptFea=D ;

(8)  for r=1 to length (Sel) _

9) Sel®™=updateS*'>*® (copy(Sel), swap(Sel{r}, »*TU* {i}));

(10)  AccSel“™= PerEval (Learning Model, [data] xSel@MP with C );

(11)  if (AccSel“™>AccSel)

(12) OptFea=swap (Sel{r}, »*TU* {i});

(13) Acc= AccSel"*™;

(14) end

(15) end

(16)  Sel*™=updateSS®® (copy(Sel), add (P*TU* {i}));

(17)  AccSel*™=PerEval (Learning model, [data] xSeleMP \ith C );

(18) if (AccSel“™>AccSel)
(19)  OptFea=Sel“™;
(20)  AccSel=AccSel*“™;
(21) end
(22) if (OptFea = null)
(23) update (Sel, OptFea);
(24) end
(25) end
pOTFs

/I C: [target class] mx1; m:number of sample, PerEval: Performance Evaluation.

(26) return Sel; // Sel returned as matrix [ Tvssl Uk} , first row of matrix related to selected {Sel} by SVM* ™ and second row of matrix
2x3

related to selected {Sel} by TWSVMKemely,

Function: IWSS

(1) Se= P TUF {1};

(2) AccSel=PerEval (Learning Model, I:data:l mxSel with C

(3) for i=2 to length (**TU¥)
(4)  Sel*™=add (copy(Sel), #*TU* {i});

(5)  AccSel*™=PerEval (Learning Model, [data | femp i o)
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TABLE 1. (Continued.) The pseudocode of the CPQHFSS.

(6) if (AccSel“™>AccSel)
@) add (Sel, P*TU* {i});
(8)  AccSel=AccSel"“";
(9) end

(10) end
pOTFsTUk

(11) return Sel; // Sel returned as matrix [ Twss } , first row of matrix related to selected {Sel} by SVM*“™* and second row of matrix
2x3

related to selected {Sel} by TWSVMKemely,

Function: Cross-Permutation

(1) for k=1 ton

2)  "VSSmat=roTHTWSS™V(k). POTRTUS; // insert k™ 6-element matrix ( [[’ ?égquU k} ) of struct P°THIWSS™V in "WSSmat,
2x3
(3)  WSStmat=rOTETWSSTY(k). 7T TUs; // insert k” 6-element matrix ( [l}?,,gg:T U k} ) of struct PTHIWSSrV in WSStmat.
2x3
// first row of matrix [[ WSSt WSS’mat} (elements {1, 3, 5}) related to selected {Sel} by SVMKemelx,
2x3

// second row of matrix [1 WSSt Wss’mat}2 , (elements {2, 4, 6}) related to selected {Sel} by TWSVM<emely,
X

// Permutations of IWSS-based learning models (9 permutations (LP1: LP9)).

@)  LP1=""Smat (1) u "5Smat (2); LP2="mat (1) u ""5mat (4); LP3=""%mat (1) u "VSmat (6);
(5) LP4=""SSmat (3) u "SSmat (2); LP5=""mat (3) u "Smat (4); LP6=""**mat (3) u "VSmat (6);
(6)  LP7="SSmat (5) u "VSSmat (2); LP8="V5Smat (5) u "WSmat (4); LP9="5mat (5) u ""5mat (6);

// Permutations of IWSSr-based learning models (9 permutations (RP1: RP9)).

(7)  RP1=""55rmat (1) u ™S5'mat (2); RP2=""5"mat (1) u ™5'mat (4); RP3="""mat (1) u ™5'mat (6);
(8) RP4=""5mat (3) u "™S5'mat (2); RP5="""mat (3) u "™5'mat (4); RP6="V5"mat (3) u "VSrmat (6);
(9)  RP7=""5'mat (5) u "S5'mat (2); RP8="""mat (5) u "™5'mat (4); RP9=""5"mat (5) u ™V5Srmat (6);

// Cross relations.

(10) Cl=u[LPI N (RP1: RP9]; C2=u [LP2 N (RP1: RP9]; C3=u [LP3 N (RP1: RPY];
C4=u [LP4 N (RP1: RPY]; C5=u [LP5 N (RP1: RP9]; C6=u [LPG N (RP1: RPY];
C7=u [LP7 N (RP1: RP9]; C8=u [LP8 N (RP1: RP9]; C9=u [LP9 N (RP1: RPI];

(11) fOTFs™=CINnC2Nn...NCY;
(12) end

in Table 1. As can be seen in Table 1, the main body of
CPQHESS includes filter phase (RR analysis), incremental
wrapper mechanisms (IWMs), and cross-permutation func-
tion. In the main body of CPQHFSS, symmetric uncertainty
values(Line 3) of point features per transient univariate (TU)
are calculated. After sorting point features (pfs) of TUX based
on SU measure (Line 7), these features are entered into
IWSS and IWSSr functions (Line 8 and Line 9) to extract
preliminary optimal transient features (pOTFs). Each IWM is
equipped with dual hyperplane-based classifiers (SVM and
TWSVM) to exert the train-test procedures. Also, to find
optimal separating hyperplane, different kernels are plugged

into SVM and TWSVM classifiers. After selecting pOTFs per

TU in a six-states manner by IWMs ([fv?,sTgsTU k]z s and
X

[;;v%grs U k] ), these matrices for each TU are recorded
2x3

in the structure arrays (POTFSTWSSTU, POTFsTWSS TV
(Line 10-14). Finally, structure arrays are entered into the
cross-permutation function to extract final OTFs (f OTFs)
per TU (Line 16). After conducting union-intersection oper-
ations on subsets of optimal features based on cross-
permutation scenario, the union of fOTFs (UfOTFs) is
obtained (Line 17). To better understand the details of
the pseudocode of CPQHFSS, we elaborate on the triple
components of it (filter, IWMs, and cross-permutation) in
Sections III-A to III-C.
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Besides the above-mentioned describing the main body
of pseudocode of CPQHFSS, we present the complexity
of CPQHFSS for readers at a glance. The complexity of
CPQHEFSS is related to IWMs accompanied by hyperplane-
based learning methods. By analyzing these main func-
tions, we can approximate the complexity of CPQHFSS.
In the worst case, the complexity of IWSS and IWSSr is
O(n) and O(nz), respectively [24]. Also, the complexity
of SVM and TWSVM is O(n3) and OQ2x(n/2)3), respec-
tively [25]. Hence, the complexity of SYMIWSSTWSVM jq
O(max{(nxn?), (nx2x(n/2)*)}) and SYMIWSSrTWSVM pag
O(max{(n®xn3), (n®x2x(n/2)%)}) complexity. Since the
complexity of the SVM is 4 times larger than of the TWSVM,
the complexity of SYMIWSSTWSVM apd SYMygg TWSVM
will be equal to 0(n><n3 ) and O(n2 xn3), respectively. On the
other hand, the experiment results of Reference [24] show the
fact that the complexity of IWSSr is near to IWSS when
the number of variables to be selected is a very small number
of wrapper evaluations. Consequently, the CPQHFSS has
0(2xn*) complexity.

A. INCREMENTAL WRAPPER MECHANISMS (IWMs)

1) IWSS

The ITWSS mechanism [26] is utilized in the first set of
twin 2FWBs (IWSS?FWBs) in CPQHFSS as IWM. How to
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Features fi 1 f3 f1
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"™" (fi, ...) | Incr: #1 |
Node1 | Aec(fi)= CL® (fiy, param)

CFS: {f3}; Acc: 76 %

\
Node2 | param= CL™™" (fi1, fi, ...) | Incr: #2 |

Acc(fuy, fu2)= CL™ (fu1, funz, param)
CFS: {fs,f3}; Acc: 83 %

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

Acc(fu1, fuz, fu3)= CL* (fu1, fuz, fn3, param)
CFS: {fi,f4, f3}; Acc: 73 %

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

Acc(fu1, fu2, foa)= CL* (fu1, fu2, fust, param)

Node 4 CFS: {f2, f3,f3}; Acc: 87 %
L

FIGURE 3. The IWSS algorithm.

navigate in the incremental process of IWSS to select optimal
features depends on the results of the embedded filter and
wrapper method. As the preliminary step of IWSS, by con-
ducting the filter method on feature set based on relevancy
ratio (RR), the features are sorted based on RR values in
descending manner. Then, for completing the first increment
of IWSS, the feature inserted into the first position of the
sorted array (f1: feature with highest RR) is fed to the
classification learner (CL), and then f;,; with the prediction
accuracy (Acc(fhl)) is recorded in the candidate features sub-
set (CFS) based on the TTP. In the next increment, the feature
with second-highest RR (fi;») is added to the CFS, and the
updated CFS-based learning model reports the A°(fy Ji2)-
If the classification performance of CFS including f;; and
Jh2 is higher than the performance of f;,1, the third increase
(adding fh3) is accompanied by fi1& fho; otherwise, fip is
deleted from CFS, and f}3 is added to the CFS and placed
next to fi1. Fig. 3 shows how to select OTFs by the IWSS in
the form of a numerical example.

2) IWSSr

In the second set of twin 2FWBs, filter-wrapper blocks are
mounted on IWSSr [24] algorithm (IWSSr2FWBS) as TWM.
In IWSSr, similar to the dependence of the IWSS on filter
and wrapper method results, based on sorted RR values of
features, in the first increment, f,; is added to CFS, then
CL trained by f;; and Ace(fi1) is recorded. In the second
increment, fhy is added to the preceding CFS in two modes.
In the first mode, f},1 is replaced by f (only fhradded to CES)
and in the second mode, f;,1 and f» are added to CL together.
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Features fi 1 f3
Values of RR | 0.76 | 0.65 | 0.81

Sorted Jurfs | fuzzi | fusifa
array 081 | 076 | 0.65

param= CL™" (fyy, ...) bncr: #
Acc(fur)= CL"" (fi1, param)
CFS: {f3}; Acc: 76 %

Node 1

Node3 [
param= CL™" (fyy, fis, ...)

Ac(fi, fu2)= CL™' (fus, fi2, param)
CFS: {fi,f3}; Acc: 89 %

param= CL™" (fi,, ...)
Acc(fin)= CL™! (fi2, param)
CFS: {fi}; Acc: 69 %

Incr: #2

param= CL"" (fis, fus, ...)
Ace(fys, fuz)= CL™" (fu3, fuz, param)
CFS: {f2,fi}; Acc: 83 %

param= CL"™™" (fi1, fus, ...)

Incr: #3 | 2(fur, fus)= CL™" (fus, fu3, param)
CFS: {fs,5}; Acc: 79 %

param= CL™" (fy1, fi2, fiz ...) Node 6
Ac(fi, fu2, fu3)= CL™ (fus, fz, fi3, param)
CFS: {f3,/1,/2}; Acc: 85 %

FIGURE 4. The IWSSr algorithm.

Now, in the second increment, “°°(fi,;) and A(fi,; Jho) are
obtained. Fig. 4, shows the process of IWSSr which the third
increment starts from node 3 (create node 4 to 6).

B. TWIN TWO FILTER-WRAPPER BLOCKS (2FWBs)

Twin 2FWBs in CPQHFSS refer to applying two sets
of 2FWBs in the presence of IWMs which are called
IWSS?FWBS and TWSSr?PWBs, The 2FWBs include frozen
information theory concept (filter-fixed) and unfixed
machine learning classifier (wrapper-varied). Filter-related
model of 2FWBs including the relevancy ratio (RR) [27]
in the first-second hybrid block (HB!=2) of ITWSSZFWBs
(RRIWSS VB ) and IWSSI?FWBS (RRIwssr2EWEY). Wrapper-
related models including support vector machine in the
HB! of TWSSZFWBS (g IWSSZHEIVES) and TWSSr2FWBS

(svmI WSSrg;YVBS ) and twin support vector machine (TWSVM)

i HB® of TIWSSWBS  (qygyy IWSSZYPS)  and
IWSSr2FWBS(TWSVMIWSSrlziI;‘Z}VBS). Generally, in respect of

twin 2FWBs, one set of 2FWBs is situated in IWSS formed as
RR 1 WSS;’;‘I’VBS, and ®R .1 WSSZIQVBS. Also, another set of

2FWBs is associated with IWSSr raised as §§MI WSSrZI';YVBs ,

and ?RWSVM I WSSrflggVBs. The detailed descriptions of the filter
and wrapper models of 2FWBs are discussed in the following

subsections.

1) FILTER-FIXED METHODS IN 2FWBS

Relevancy ratio (RR): The symmetric uncertainty (SU) is
considered as the HB' ~2-specific filter index in IWSS2FWBs
and IWSSr?FWBs which triangulated the entropy, conditional
entropy, and mutual information (MI) to measure the rele-
vancy rate between features of transient univariates and class
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label. The SU index is calculated as:

MI¢T ;)

SUFTU  cy=2—— i > =)
i ) H({U") + H(C)

ey

k . . .
where fiTU represents i features of k™ transient univariate,
and C is the class label of transient samples. In (1), the
entropy H(Z) is defined as:

H(Z)= - p2)logp() )

zeZ

where Z is a discrete random variable and p(z) = Pr{Z = z} is
a probability density function. Mutual information (M) in (1)
is defined as:

MIETY 0y = HETU) — HETY 0) 3)

where H (fiTUk|C) in (3) is called conditional entropy as
follow:

HET 10 = = > Y pa.ologpirle) (4

TU
xefl.TU ceC

2) WRAPPER METHODS IN 2FWBS

a: SUPPORT VECTOR MACHINE (SVM)

SVM in [28] introduced as a supervised learning model that
draws hyperplane in feature space for classifying binary or
multi-class data in the form of the linear SVM (hard margin
or soft margin approach) and nonlinear SVM (kernel-based
approach). Regardless of the different factors that affected
the SVM formula, SVM aims a low structural risk without
overfitting data to achieve high accuracy in train-test proce-
dures. For example, achieving such a goal in the presence
of data that has a nonlinear decision boundary (e.g., PMU-
gathered HDTF), necessitates plugging the kernel trick into
SVM computations as follows:

I 1 I

1

a* = arg n}y]n 3 El E 1 a;cyyiK (x;, xj) — kE lak;
i=1 j= =

!
0<a=<C. Y ay=0ij=1...1 )
j=1

where K (x;, x;) in (5) is employed for mapping the data from
the main space to the new space (high dimensional space)
so that in the new space the data are linearly separable. The
maximum-margin separating hyperplane in feature space is
solved by (6):

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

ies
b= L= Yk Gy x) (©)

s <
ies J
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b: TWIN SUPPORT VECTOR MACHINE (TWSVM)

The standard SVM is formulated based on finding the middle
boundary (maximum margin) between two parallel planes
with the maximum distance from each of the existing classes.
SVM geometry space can be reshaped by cross planes in
which each plane could nearest distance to the samples of
one class and farthest from the samples of the other class.
This idea was raised as the generalized proximal eigenvalue
support vector machine (GEPSVM) [28]. In another effort
by [29], the spirit of the GEPSVM was kept into a new skele-
ton (new formulation) was termed TWSVM. In TWSVM,
cross planes are obtained by solving the following optimiza-
tion problems:

1
min §||Pw1 + e1b1||2 + clequ

wi,b1,q (7)
st. —(Qwi+eb)+qg>e, g>0
1
min = ||Qwy + exby||* + crel
min 2IIQ 2+ exbs|| 2€1 4 )
st. (Pwp+eb))+g>e, qg=>0

where c;, ¢2, e;, and e, are vectors with a value of 1 and
a proper dimension. By calculating the Lagrangian function
for (7) and (8), the Karush—Kuhn-Tucker (KKT) equations
are formed. By placing the KKT terms and relations in the
Lagrangian function for each of the relations (7) and (8), the
dual optimal relations are obtained according to the following
relations:

1
dual Tyysypp ! max{ega—EaTG(HTH)*‘GTa} 9)

dualTwsym? . max{el v — %WTP(QTQ)’IPTt/f} (10)

Based on the dual optimization problems, the value o and
Y is obtained via quadratic programming and by placing
these values in the KKT relations, the values [w", b®V] and
[w®, b®] related to hyperplanes of the binary-class task are
obtained:

XTw 4 b =0 andXTw® +6@ =0 (1)
Finally, the class label of the unseen point x € R”" is deter-

mined from the plane that is close to this point:

Class x = arg, min [x?w™ + 6V, v=1,2 (12

Based on the above-mentioned principle of TWSVM, the
nonlinear classification of HDTF can be considered via
kernel-based cross planes [29]:

K™, ¢y +p1 =0 and K", cTHu® + 5% =0
(13)
where CT = [A B]” and K denote the kernel. The vector

[ 6T and [u® @17 are obtained by solving the fol-
lowing optimization problem:

1
Krwsym's  min S lIKA, CTu® + e1pV)2
uO ph g 2
+Cle§q
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s.t. — (KB, CTHuV + erp™M)

+qg>e, qg>0 (14)
KTwsvm?: min l||(K(B, CTHu® + eyp@))?
U@ p@ g 2
+ czequ
s.t. (KA, CTHu® + ¢;p?)
+qg>e, g=0 (15)

C. CROSS-PERMUTATION SCENARIO BASED ON
WRAPPER KERNELS

The cross-permutation scenario in CPQHFSS is conducted
based on plugged triple kernel into wrapper approaches of
twin 2FWBs. The kernels situated in wrapper approaches
of TWSSZFWBs and TWSSr2FWBs are categorized into two
types: 1) non-elastic kernel: linear kernel (LinKer) [31], poly-
nomial kernel (PolKer) [31], and standard Gaussian radial
basis function (SGRBF) [28], and 2) elastic kernels: dynamic
time warping in GRBF (PTWGRBF) [32] and recursive edit
distance kernel (REDK) [33]. The definitions per kernel are
summarized below:

1) LINKER

LineKer is calculated based on the inner product plus con-
stant ¢, which is considered as the simplest kernel function:

Kx,x)=xTx"+¢ (16)

2) POLKER

The degree-based variant of LinKer (the d value more than 1)
is known as PolKer, which is defined as follow:

K(x, x') = (axx' + ¢/ a17)

3) SGRBF
SGRBF is known as a non-elastic kernel due to linear align-
ment (point to point) in pattern matching in feature space.
The SGRBF for using as K (x, x’) in (5) and (13) is defined as
follows:
/112
K(x,x') = exp (—M> (18)
202

The distance between two trajectories is calculated based on
squared Euclidean distance denoted by [|x — x’||? in (18).

4) PTWGRBF

The elastic behavior of DTW motivates to replace Euclidean
distance with DTW distance in SGRBF to have a robust and
non-linear alignment in feature space. The DTW distance
between two-time series is calculated by (19):

distance?™ A", B‘f)

distance?™" (A}~ ! BY)
distance?" (A} - BI™ h
distance?™" (A}, BI™ b

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

19)
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Q\;A\;\:;‘}\ Var
1\/ Q“"’M
e

Fourmula of

OCBF-X plus
required

OCBF-X-specific
Rivariate

Transient Dataset Generation Workflow (TDGW)

Transient Multivariate Trajectory Features (TMTFs)
[800 (No. transient samples)x28 (No. features)x9 (No. observed cycles)]

|
Generating univariate trajectories per OCBF-X M Output channels related basic feature (OCBF-X)

FIGURE 5. Transient dataset generation workflow (TDGW) [34].
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FIGURE 6. Single line diagram of NETS-NYPS test system.

According to (19), K (x, x") can be defined as the DTW-based
elastic kernel as follow:

, [distanceD ™w A%, B‘f)] 2
Kx,x)=exp|— (20)
202
5) REDK

In [33], constructing the kernel based on the aggregation of
scores recursively caused that the REDK is introduced as an
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FIGURE 7. Stable and unstable samples based on F,, variations.
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FIGURE 8. SU amount of PFSTUS,

efficient elastic similarity measure against classical elastic
distances. According to (21), if for any pair of trajectory, such
following equation is satisfied, the function (-, -) : U x U —
R termed as REDK:
-1
AL B CAp) > A)
-1 g1
(an. Bl =" (A B ae) — By @D
-1
AL B (8 — Blg)
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TABLE 2. Transient multivariate time series features (28-variate).

Math formula
PELEC;
Fvltm = Max ([ ]’ lNgenbus)
P max;
PELEC; _i=1:
=Var ([ ] I‘Ngenbus)
Pmax;
ELEC; =1
F3tm :Max([Q 1 ]l I'Ngenbus)
Omax;
ELEC;
Fyfn = Min(( 2 (N
Omax;
ELEC;
B = Var (N
Omax;

Fyln = Max([VOLT;1=ne )
Fy'm =Var((VOLT; 1= Vo )
F'm = Max([VANGLE, =N ). slack bus =0
Fy'm = Min([VANGLE; =N );  slack bus =0
Fo'™ =Var((VANGLE, =" ); slack bus =0
Fy' = Max(abs([VANGLE; —~VANGLE ; 1-/="Nbus )
Fy' = Mean(abs([VANGLE; ~VANGLE ;1-/=""Nous )
Fi3' =Var(abs((VANGLE; ~VANGLE ;/="ou )

N busgen
> 0L04D,
t i=1
Em=_1
14 Nbusgen
D OELEC
i=l
F1 2y¢ = Gradient of features Fy —F4
Symbol: tn= moments in simulation time [1: s], Npus gen = number of bus
generator in test case, PELEC= machine electrical power (pu), Pma=
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, Nvus= number of buses in test case,

VANGLE-= voltage phase angle, Var= variance, Max= maximum,
Min= Minimum.

where U = {A’l7 lp € N} A’l7 (or BZII) is the trajectory with a
discrete index varying between 1 and p (or q). Also, I'(h) is
the cost function for edit operation.

After applying different kernels in the hyperplane classi-
fiers of wrapper phase (SGRBF, PTWGRBF, and REDK in
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TABLE 3. Filter-based ranking of point features of univariates.

Input SPATU based on SU

Input SPATU* based on SU

TU'  {'pf, 'ph. 'pfs. ' 'nfs. 'pfs. 'pf, 'pf. 'pfi}

TU"  {“ph, “phi. “ph. “pfes “pfs, “ph, “pfss o, Uptiy

TU®  {pfi. . b, "t s, *pfss pfs, 2. 2o}

TU|6 {l(ypfl ](’pé I(vpé l()p"‘ I(vpé l[yp5 l(vp% 16

TU®  £pfs ofi, *pfs. pfs s, phss *pf. b, *pfit

nfs, “pfs}
TUY  {"pfh, ph. Vpfs Tpfs, ph, pf, Vpk, s, Vpfs

TU*  {'pfi ‘o, ‘pfi. s, *ofs. “pfe. *pfs. ‘o ‘pfs}

TU]R {]812 5, lgpﬁ’ IBP :‘;’ ]8p % IBP é’ lXp 5 ]8p s lxp 2 ISP Z}

TUS  {pfi. b, *pfs.’pfs s pfs, Spfs. s *pfo}

TU19 {]9pﬁ’ ]9pﬁ, l9p i, ]9p G l9p s, ]9’? 6y ]9p 2, 19,2/};’ ]9p 9}

TU®  {pfi, ph. pbs. ‘b, nfi. *pfe. pfi. ‘. pfs}

TU®  2%f, 2pf “pfs. pfs. “pf, “pfe, pf, pfs, pfi}

TU"  pfi, 'ob. "pfs. "pfs 'ofs. 'pfs, 'pfs, s, 'pf

TU*  {phi, 2ph. 2'ph. 2'pfs. 2, 2pfe, 2'pf, 2 k. 2 pf}

TU®  {ph, S, Sofs. o, Sk *pfs. “ofi. Spfs. *ofs}

TU>  {Ppfs, “pfs, 2, 2pfs o, pfe b pf, “pfs)

TU®  {ph. ph. ob. nfs "ok, b, pfs. *pfs, °pfi}

TU23 {23p é, 23p ")’ 23p é, le é, 23p %, 23pfé’ lef"" 23p é, 2312 ]}

TUIO {I(Jl?fi, ”)p 5, 1017 A, l(Jp s m])f‘s l(l])f" ](Jp s l(lpf" l()p 9}

TU24 {24p iR 2412 b, ZAP A, 24p 28 ZAP s, 24pf" 24p s Z4p % 2412 9}

TU'"  {""pfs, i, pf e Vpfe, ph, s, Vphs. 'p)

TU®  (®ph, “pfe “pfss “pfss 2, “ph, “pfis “pfs, “pfi}

TU  {pfi, "pps, pfs, 2pfi, s, Ppfs, fs, 2o, 2pfo}

L N O R A O A

TUB {13pfi, llp 5, ]3p A, ISP s IZPJJ" llp 65 ]3p s IZP é, 13p 9}

TU27 {27p iR 2712 b, 27p A, 27p 28 27p s, 27pf" 27p 2 Z7p % 2712 9}

TU™  {“pfi, “phs, Mo pfa "o, pfe, “pf. Mo, pfy

TU® i, phs, o, ki o, "pfe, "o *ps, )

Symbol: pf: point feature; TU: transient univariate; pfi: i pf'of TU j; #5TU*: Sorted pfs of TU based on SU

TABLE 4. Results of wrapper phase based on IWSS-SVM regarding different kernels per transient univariate.

Input POTES[JySS-SVMPSRPF; TSP Acc POTES[Jy/SS-SVMPTV-CRBF; TSP Acc POTHS[JySS-SVMREPK; TSP Acc
SFTU! (pfy): 87.80% (pfy}: 87.80% (pfi): 80.48%
FATU? Cofi. ph. phi: 87.80% Cpfi. *pfr}: 75.60% Cofo, "ph. °pfs, "pfat: 87.80%
AT Coh, pfs, pfs}: 90.24% Coh, pfs,’pfs, *pfs}: 90.24% Cph, *pfs, *pfs}: 90.24%
AT Uphh, “ph, *pfa}: 78.04% Unfs. *pfa, *pfy, "pf}: 78.04% Cpfs, “pfs, *pf}: 70.73%
z;ggz Epjf’] ispé% Zga/,spﬁ, Spfs): 90.24% gZp}‘@, ijj ,}5p{z3, 5117;‘2/} 87.80% ?p?,}%& jf;jg,/} 90.24%

8- . 0 1y 8y . () 8y K ()

SFTU? {ifl}: 87.80% {iﬁ, iﬁ}: 87.80% {ifl}: 87.80%
SPATU® (o, *ofs, fs, "o, “pfo}: 95.12% (o, “pfs, "nfs, *pfs}: 92.68% Cofs: *pho, *ofs, pf, *pfo}: 95.12%
SPATU? {nfh,°pfs, s} 58.53% {pf. °pfs}: 56.09% {nf, °pfs}: 58.53%
SijTUIO {mpfo, lopf], mpfz, 10p s 1op 6}: 90.24% {lopfh IOPfZ, lop 3}: 8536% {lopfl, mpfz, lOp 3}: 8536%
SPATUT o s pfe W pfe): 90.24% T T Tpfe Tpfer: 87.80% o T, Tofe Tpfe): 90.24%
ST (20, o) 92.68% 0, 2ot Pofe Pofs, Ppfel: 82.92% (0, Ppf, Ppfa): 90.24%
Sp/ATUIB {13pf1, 13pf3, l3p 4}: 8536% {ISPﬁ’ 13pf27 13p 3}: 8536% {13pf], 13p 3 13p s 13]7f4, 13p - 13p 8}: 9268%
ST o Pofos Pofs, sy 92.68% o "o, Ypfa, Pofet: 87.80% 0for Pt ot Pofos Ppf s} 97.56%
AT {Ppfs, Ppfo}: 80.48% {Bpfs, Pofe, Pof, Cpfol: 70.73% {Ppfs, Ppfs, Ppfol: 75.60%
SATUT6 (5 0f o pfs): 82.92% 0f 0f, pfa pfe): 87.80% (50, nf, s, pfa): 85.36%
SETUT oo e s, Tpfo): 90.24% ofss Vpfat: 82.92% 0fs Vnfe Unfes Vpfr, Upfor: 90.24%
SFTU™ ooy 73.17% o, oo} 70.73% T ot Sofo): 713.17%
STy 0f "nfo pfe sy 90.24% 0, Pofe, pfs): 80.48% 0 Pofs e pfe): 90.24%
ST /s, pfa): 78.04% %7, Xpfs): 82.92% f, e, pfo): 75.60%
ST Coh pfer: 13.17% oy 68.29% Coh ey 13.17%
SETUZ 0fs 2nfi): 92.68% ofs 20l 2pfo): 95.12% 0l 20f 2 2o} 95.12%
SATUS Cpfe}: 6341% (ph, "pfs}: 65.85% C'pfs, “pfr, "} 63:41%
ST Cofs P 0h ) 85.36% o 2o 2 pf Pofet: 87.80% Cof 2o Pofs) 87.80%
Sp/sTUZS {Zspﬁ, Zspﬁ725p 3’25p 9}: 95.12% {zsp s zsp 9} 9268% {25p s 25p s 25p 9} 9268%
ST 0o 0 0t} 80.48% 0 pf 2 pfes 2 pfe X pfal: 18.04% 0 X pf s 78.04%
SATU {pf, pha}: 95.12% {*pfs, 'phi, Tpf, pfa): 97.56% {*ph, Yofs, Tpfar: 95.12%
SPATU {°pf5,ph, ph, pfa, e, pfr}: 82.92% 5, 2°pf, pfs, *pfs, Z'pfs): 73.17% *pfo, 2ph, Fph}: 73.17%

Symbol: pf: point feature; TU: transient univariate; S”TU*: sorted pfs of TUX; ipfi: i pfof TU j

SVM; SGRBF, LinKer, and PolKer in TWSVM) in the form

SU rwssRR SU rwssRR
of proposed IWI;dS (Kernelsl SSSVM aI;d KernelsI SSTWSVM
. 2FWBs. SU RR U RR -
in IWSS %) Kernets/WSSTsyy and g IWSST gy in

IWSSr2FWBS) first, by regarding possible kernel-based per-
mutation between two-state of IWSSZFWBs(g permutations),
for each permutation of INSS?FWBS the union of the selected
preliminary OTFs (pOTFs) per the state of TWSS2FWBs g

41142

recorded (See Fig. 2, left panel (LLP and RLP) of the
cross-permutation box). In terms of IWSSr?FWBS the men-
tioned scenario is conducted to record union results per per-
mutation in IWSSr>"WBS which is shown in the right panel
(LRP and RRP) of the permutation box. Next, based on the
cross-manner scenario, each left union is linked with right
unions (9 links are established; e.g., 9 black links, 9 blue links,
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Sorting pfs of TU? in descending manner($25TU?)
based on SU values

AR AFAFArararar:

IWSS-SVMSCREF

i

75.60% _

(pfs)
Acc SV MSOREF

87.80% _ (pf1.pfs)
2 Ace ” SVMSGRBF

87.80% _ (pf3.pf1.pfs)

: 5

87.80%  (Pf4.Pf1.Pf5)

Acc o SVMSGRBF Acc SVMSGREF
> 8
90.24% _ (Pfz.pfe.vf1.Pfs)
90.24% _ (pfe.Pfo.Pf1.Pfs5) N
Acc an;:’);;s::nf;rpfs Q 90.24% _ (pfo. pfe.pf1.Pf5) D Ace i
Acc 5 WMSERB’F
9
90.24% _ (pf7.pfe.pf1.Pfs)
Acc SVMPSCRBF
Acc variation based on {pfi, pfs, pfs}; Max (Acc)=90.24%
90
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85
85
>
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£ 80
s 80
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. //' 2
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c=2' 2 \/ ® i
0 2 o=2

FIGURE 9. Structure of IWSS tree in selecting IWSS-SVMSCRBF_based POTFsTU3 regarding Acc variations in optimal

node (node 5).

and so on). Then, the intersection of both sides of the link
in each colored 9 links (e.g., the intersection of both sides
of the first black link) is calculated. After calculating the
intersection of both sides of all colored links (e.g., both sides
of the second black link to both sides of the ninthblack link),
the union of sets is recorded (See Fig. 2), union sign in
the polygonal black side). Such mechanism (intersection and
union) is conducted on other colored 9 links (9 blue links,
9 yellow links, and so on). Finally, the intersection of the
obtained sets in polygonal sides is considered as univariate-
specific final OTFs (intersection of polygonal black side,
polygonal brown side, and so on).
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IV. EXPERIMENTAL DESIGN

A. TRANSIENT DATASET CONSTRUCTION

As can be seen in Fig. 1, transient dataset construction
containing multivariate trajectories is considered as the first
step of the proposed framework for FSS-based TSA. In this
step, we executed contingency simulation based on the
two-step transient dataset generation workflow (TDGW) pro-
posed in [34], which is shown in Fig. 5. In TDGW, first, tran-
sient responses are extracted from output channels of basic
features (OCBF-X; X indicated basic features namely bus
voltages (VOLT), voltage phase angle (VANGLE), machine
active power (PELEC), machine reactive power (QELEC),
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TABLE 5. Results of wrapper phase based on IWSS-TWSVM regarding different kernels per transient univariate.

Input "™ [WSS-TWSVM“"%"; TSP Acc POTES[WSS-TWSVM Ker: TSP Ace POTES T SS-TWSVMS®PF; TSP Acc
SRTU {pf, pfit: 78.04% {(pfh. 'pfs, 'pfr}: 80.48% {pfr}: 60.97%
SPATU? Cph,’pfs, ’ph}: 75.60% Cpbo, *ph, *pfi}: 75.60% Cpti, *ph, phs, *pl}: 85.36%
SATU? Cpfs, pfs, pfs, pfo}: 80.48% Cpfs. pfs. *pfo}: 80.48% Cpfr, phs *ph, *pfs, *pfs}: 90.24%
ATy Upfi,*pbs, *pls, *po}: 70.73% {pbs, “pfi, "pfs}: 65.85% {'ph, ‘pfa}: 80.48%
SRTU® Cpfo, ph: 68:29% Cphis *phit: 73.17% Cphs *ph, pfs): 87.80%
SPATUS (s, ‘pl}: 78.04% {pfs, “pfo}: 80.48% {ph. “pfi. °pfs. “pfs}: 85.36%
SETU (pfi): 87.80% {'pfi}: 87.80% Upfi, 'pfs}: 87.80%
SATU® Cph): 70.73% pfo): 78.04% {nb. *pfs, *pf}: 87.80%
SATU? {ph}: 58.53% {ph}: 58.53% ph}: 56.09%
SR i 75.60% (pfi, e} 18.04% {phi1: 75.60%
ST ("ofs, "pfe}: 56.09% {"'pfi. "'pfs. "'pfr): 68.29% ("'pf, ""ph, "'pfs, "'pfi}: 85.36%
SATU {2, pfs }: 75.60% U"ph, Ppfs}: 78.04% (phi, "pr}: 92.68%
SATUP ("pfi, Bpfi}: 56.09% {"ph, “phs, "nfs, Upfi}: 65.85% {“ph, pfs, Bpfs, Upf, Upfi): 87.80%
SATU™ {(pfi}: 78.04% {("pfi, "pfi}: 78.04% Uph, Vph, Vpfe}: 95.12%
Spj&TUIS {15pf47 lsp s lsp e 15p 9}: 58.53% {lspﬁ’ 15p 9}: 53.65% {ISIJfA, 15p s lip 9}: 65.85%
SpATU16 {lépfg, lépfl’ 1512 51 70.73% {IGPﬁa lép 51 75.60% {lépfl}i 70.73%
SFTUT ("nfs, pfo): 80.48% {"pfe, "pfo}: 80.48% {"pfs, "ph}: 90.24%
SsTUS {Bpfo}: 51.21% {pfa, ®pfs, Bpfo}: 73.17% {(Bpfo}: 73.17%
SPATUY {“ph, “pfs. “pfs}: 80.48% {"pfi, “ph, pfs, Upfi}: 78.04% {"pfi, “pf, pfs, Ppfi}: 87.80%
VATU pfs): 51.21% Cpfs, phhy: 75.60% ph "l pfi}: 82.92%
SATU?! o1, 2 pfs, 2 pfe, X pfa}: 75.60% {?'pfi}: 68.29% 11, 2 pfs, 2'pfs): 82.92%
AT {“pfs, Ppk}: 75.60% {“pfs, “pf, Ppfs}: 75.60% {“pfs, Ppfs}: 85.36%
SFTUR b, Sk ke 63.41% Cpler pho): 6341% Uph. " pfe. b} 58.53%
SATU Ciph. Pph): 13.17% ('ph, >'pfs}: 78.04% o, 'pfi, *'ph, *'pfs}: 80-48%
SATU?S ph pfo): 60.97% pfe, “pfr Zpfo}: 78.04% {(Bpfs, Zph}: 87.80%
SFTUS Cph, ph, pfs}: 13.17% ph, *ph, *pfs}: 75.60% pfi. ph. *phss *pfr}: 80.48%
STy ot "ofa nfe Tpfs): 60.97% of1, Tofs Tpfs): 58.53% o1, ofs, Tnfs, Tpfst: 90.24%
SATU 5. Bph., ®ph, “pfs}: 68.29% k. pfi}: 53.65% pfi, "ph}: 70.73%

Symbol: pf: point feature; TU: transient univariate; S?TU*: sorted pfs of TUX; ipfi: i pfof TU j

and reactive power consumption (QLOAD)). The application
program interface (API) functions of the SIEMENS power
system simulator for engineering (PSS/E) [35] in the form
of Python-based automation file are used for exerting contin-
gency simulation on the New England test system- New York
power system (NETS-NYPS) (See Fig. 6) [36]. The generated
transient samples are derived by substation outages, generator
outages, and line outages where the fault duration time is set
to 0.23 seconds (the time step is 0.0167 seconds). Also, the
fault clearing time is set after the end of fault duration time.
As an important uncertainty parameter in generating transient
samples, the convert load (CONL) APl is added to the PSS/E-
Python automation file to regard different load characteristics
which the percent of active and reactive power load to be
converted to the constant current and constant admittance
load characteristics [34], [36]. In the second step of TDGW,
a set of Matlab-based commands cause adding factors to
OCBF-X which leads to the defined 28 univariates trajectory
features listed in Table 2 [37]-[39]. After conducting TDGW,
the transient dataset contains 800 (No. transient samples) x
28 (No. features) x 9 (No. observed cycles)]. For exam-
ple, some stable and unstable samples streamed based on
F14 trajectory (The proportion of total QLOAD to total
QELEC) is shown in Fig. 7.
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B. FINAL OTFs (fOTFs) SET PER TRANSIENT

UNIVARIATE (TU)

Extracting the transient univariate-specific final OTFs set
called fOTFsTU* (namely fOTFs™V! to fOTFsTU?8) by
applying CPQHFSS on each univariate (TU! to TU?®) of
transient multivariate trajectory dataset (TMTD) is elabo-
rated in this section. According of Fig. 2, in the first step
of CPQHFSS, each univariate of TMTD is entered to the
filter-fixed phase of twin 2FWBs. According to (1), RR of
point features per TU of TMTD is calculated based on SU
measure. According to was what mentioned about the filter
method in Section 2.B.1, for example, the obtained RR of pfs
of TU® (PSTU®; 9 cycles) based on SU is shown in Fig. 8.
As can be seen in Fig. 8, based on SU values of “TUS, {pfg }is
ranked as a high SU feature, and {pfs}is considered as the
low SU pfs. Next, by sorting 7STU® based on SU values in
descending manner (S?#TU®), the order in which the ZSTUS
enter the wrapper phase in twin 2FWBs is specified (See
Table 3; sixth row). For more clarity, Table 3 show the spsTy!
to SPATU?8 based on SU values.

After calculating the SU amount of #TU'28 and sort-
ing the pfs of TU'28 (SPATUI28), the PATULZ are
fed to the wrapper phase of twin 2FWBs in the form
of TWSSZWBS and TWSSr2FWBs. In IWSS?FWBS(the left
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TABLE 6. Results of wrapper phase based on IWSSr-SVM regarding different kernels per transient univariate.

Input POTES [ /SSr-S VM CREF POTS S S-SV MPT-CREF POTES [/ SSr-SV MR
SATY! {'pf7}: 87.80% {'pf3}: 87.80% {'pfs}: 87.80%
SFT? Cofs 2 pfit: 92.68% Cpfay: 70.73% Cofe h: 90.24%
AT Cpfi,pfi}: 90.24% Coh, *pfe}: 92.68% Upfs, “phs, *pfs}: 92.68%
ATy {'ph"pfs,*phi}: 78.04% Uty ‘phs. "phs, *pfa}: 78.04% {'pb, *pto, *pfi}: 70.73%
SATUS Pofe,°pfi, °pfay: 90.24% £pfo}: 78.04% £pfs, *pfit: 90.24%
SFTU (pfl: 80.48% (D) 75.60% (pfal: 82.92%
SFTU pfi): 87.80% Cpfs, oh}: 87.80% pfi}: 87.80%
SPATU® (*pfs.*pfi}: 95.12% {'ofs, *nfs."nfs,"ph): 95.12% ('nfs, *pfs, *pfr}: 97.56%
AT ol pft: 58.53% oot 56.09% ol ph): 58.53%
SFTU0 0f e s Opfat: 92.68% 0% 0pf, Opfit: 85.36% (%%, Opfi1: 85.36%
STy {"'pfs, "'pfa}: 90.24% {"'ofs, "'pfs}: 90.24% {"pfs, "'pfs, 'pfa}: 92.68%
SsTUR {pf, pfi }: 92.68% {pfy, Ppfrt: 82.92% {2pfs, pfs, Ppfa): 90.24%
SETUD pfa, Cpfy: 85.36% pfi, Bpfa, Bpfit: 85.36% pf Tpfi1: 92.68%
SATUM™ {pfs}: 92.68% {“pfs, pfa}: 92.68% {“pfs}: 92.68%
STy (0, Cpfol: 80.48% 5o Spfs, o) - 80.48% fe Cpfit: 60.97%
SFTUT (pfs, By 87.80% (pfa): 85.36% Tl pfi, opfat: 87.80%
ATyl {nfs, "pfa}: 90.24% {ofs, pfo}: 82.92% {pfa}: 85.36%
SFTUTS ok 13.17% e, "ot 13.17% e, "ot 13.17%
SFTUD (pfar: 90.24% (pfa): 80.48% pfs, Tpfit: 90.24%
SATUD pfs): 75.60% s, pfs): 82.92% pfor: 13.17%
ST e it 13.17% i) 68.29% e Tpht: 1307%
SRTUZ 0fo, pfs}: 95.12% {(2pfs, 2pfs}: 95.12% (2pfi, “pf, Ppfs}: 95.12%
SATU e} 63.41% pfs): 63.41% Zf, Zpfol: 87.80%
ST {24]7 3 24]7_ 2}: 87.80% {24pf9, 24pfl, 2412 3}: 90.24% {24p s 24]7, 9}; 87.80%
ST ph, 5ph "ph): 95.12% {5ph, ks, Tpfo}: 95.12% 5ph, “phy: 87.80%
ST {*%pfs, pf1, pf2, *°pfs ) 87.80% {*%pfs, pfs}: 78.04% {*%pfs, ®pfi}: 78.04%
SeATU? {0t pf1}: 95.12% {P'nfs, Yph, Ppfa): 97.56% {"fs, Y'pfa, P} 97.56%
SRTUR pfi, “pf): 82.92% pfs, “phy: 82.92% ok, pfi): 82.92%

Symbol: pf: point feature; TU: transient univariate; S TU: sorted pfs of TU*; ipfi: i pf of TU j

rectangle box in Fig. 2), the first hybrid block includ-
ing SVM classifier (SVMIWSSZII;‘I’VBS) accompanied with
SGRBF, PTWGRBF, and REDK kernels. Also, the sec-
ond hybrid block of IWSSZWBsincludes the TWSVM
classifier (TWSVMIWSSé’t‘;gVBS) with LinKer, PolKer, and
SGRBEF kernels. In terms of IWSSr?PWBS(the right rectangle
box in Fig. 2), the SPATUL28 entered intoSVMIWSSrZIgVBS
(kernels:sGRBF, DTWGRBF, and REDK) and
TWSVMIWSSrfI’;ZVBs (kernels: LinKer, PolKer and SGRBF).
After conducting the wrapper phase of CPQHFSS in the
form IWSS2FWBs and IWSSr2FWBs the obtained results are
shown in Table 4 to Table 7. Table 4 show the obtained
preliminary OTFs (pOTFs) of TU* (POTFSTUX) based on
IWSS-SVM regarding SVM-specific kernels in the form
of pOTFSIWSS-SVMSGRBF, pOTFSIWSS-SVMDTW_GRBF,
and POTFSTWSS-SVMREPK columns. Also, Table 5 show
POTESTUX based on IWSS-TWSVM regarding TWSVM-
specific kernels in the form of POTFSTWSS-TWSVMUinKer,
POTESTWSS-TWSVMPoIKer - and POTESTWSS-TWSVMSGREF
columns. In terms of IWSSr-based results, Table 6 and
Table 7, show the POTFSTU* based on IWSSr-SVM
(pOTFSIWSSI'-SVMSGRBF, pOTFsIWSSr_SVMDwaGRBF’
POTESTWSSr-SVMREDKY and TWSSr-TWSVM (POTFSTWSSt-
TWSVMLinKer, pOTFSIWSSI‘-TWSVMPOIKer, pOTFsIWSSI._
TWSVMSORBE) respectively. For example, after applying
the wrapper phase of CPQHFSS on SATU3, the IWSS-
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based POTFSTU3 (See third row of Table 4 and Table 5) and
IWSSr-based POTFSTU? (See third row of Table 6 and Table 7)
are extracted. By applying IWSS-SVMSGRBF = Twss.
SVMPTW=GRBE © and TWSS-SVMREDK o SPATU3, the
POTESTWSS-SVMSORBE ({6 bfs. pfe}:90.24%), POTFSTWSSS-
SVMPTW=GRBE((pfy  pfs. pfs. pfe}:  90.24%), and
POTESTWSS-SVMREPK ({nf) | pfs, pfs }: 90.24%) are obtained,
respectively. Also, by conducing TWSS-TWSVMLinKer,
IWSS-TWSVMPOIKT and TWSS-TWSVMSCEREE o SPATU3,
the POTFSTWSS-TWSVMUMKT (61 nfs. pfs, pfo}: 80.48%),
POTES TWSS-TWSVMPOKE((nfs pf s, pfo}: 80.48%), and
POTES TWSS-TWSVMSSRBE ({pfy, pfi, pfs, pfs, pfe):
90.24%) are obtained, respectively. In the case of SPFUT3-
specific pOTFs based on IWSSr-oriented wrapper phase, the
POTESTWSSr-SVMSCRBE is (nfy. pfi}: 90.24%, POTFSTWS Sr-
SVMPTW=GRBF i¢ 156 pfe}: 92.68%, and POTFSIWSS-
SVMREDK i (nfe. pfs, pfs): 92.68%. Also, the POTFs
IWSSr-TWSVMUKEr js (8 nfs, pfo }: 85.36%, POTFSTW S Sr-
TWSVMPOIKer i¢ (ht pfy}: 85.36%, and POTFSTWSS-
TWSVMSORBE i (h bAi, pfe}: 90.20%. For example, the
IWSS-oriented tree is depicted in Fig. 9 show how ITWSS-
SVMBSORBF_ba5edPOTFSTU3 are selected in IWSS iterations.
Also, the Acc metric (22) measured the performance of
SVMIWSSTWSVM and SYMIwsSSrTWSVM | Fyrthermore, the
fine-tuning on learning parameters (C and o) in each iteration
of IWMs is considered for TTP which for the SVM and
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TABLE 7. Results of wrapper phase based on IWSSr-TWSVM regarding different kernels per transient univariate.

Input POTES T SSr-TWSVMYinKer POTES T SSr-TWS VMP K" POTES T SSr-TWSVMSCRBY
SATY! {'pf1,'pfr}: 78.04% {'pfs.'pf1.'pfr}: 80.48% {'pfs, 'pfs}: 68.29%
SATU? ot pfs, 2pfit: 713.17% {pfs, *phi}: 715.60% {’pfs, *pfi}: 90.24%

SPATU? Cofi’nb.°po): 85.36% Cnfs, pfs}: 85.36% Ok, *ph, pfs}: 90.20%
ShTU* {*pfs, “pfi, *pfo, *pfak: 70.73% £pfs, *pfo}: 73.17% {*pf1, “pfa}: 80.48%
SETUS Cph. ph}: 82.92% Cpho. *pfr. ple}: 85.36% Cples °pfi}: 90.24%

SPATUS {pfs. pfi}: 78.04% {°pfs, ‘pfi}: 80.48% {ph, pb, ‘pfs}: 90.24%
ST’ pfi}: 87.80% "phi}: 87.80% "of3, 'pfs}: 87.80%
SATUS }sﬁffzi: 70.73% isij);i: 80.48% }Sﬁfg, Sﬁj;i: 92.68%
SPATU {°nf2}: 58.53% {’nf2}: 58.53% {°pfi}: 58.53%

SFTU (/1 80.48% (03} 80.48% 0/t 80.48%

STy {""of>, "'pf1}: 58.53% {"'pf7, "'pfi, 'pfs}: 68.29% {""of>, "'pf3}: 85.36%
SsTUR {pfr}: 75.60% {pfs, Ppfi}: 78.04% {“pfr, phi}: 92.68%
SFTUD (Ppfi): 58.53% (Cofe, Cpfe): 68.29% /e st 87.80%
SFTU™ (pfi 1 78.08% (nfe "pfi): 85.36% (pfa): 92.68%

SsTU {"pfi}: 53.65% {Bpfe, pfo}: 53.65% {Bpfa, pfs, Cpfo}: 65.85%
SFTU™ fst: 75.60% e, “pfs): 85.36% (pfat: 82.92%

SFTUT (Tpfa): 80.48% (7pf Tpfa): 85.36% (pfa): 90.24%

SsTU {Bpfo): 51.21% {"pfs, ®pfi}: 58.53% {Bpfo}: 73.17%

SFTUD (Ppfs): 80.48% oo, Cpfa): 85.36% pfe, Ppfs}: 92.68%
AT {*pfs}: 51.21% {*pfs, *pfs}: 75.60% {pf, *pfs, “pfs}: 82.92%
SATU?! {*'pfs,2'pf1}: 65.85% {2'pf1}: 68.29% {2'pfs, phi}: 85.36%
STU? {pfs, pfs}: 75.60% {2pfs, 2pfs, 2pfs}y: 715.60% {22pfs, 2pfi, 2pfa}: 90.24%
SATUS {pfs, 2pfs, 2pfs}: 63.41% {Zpfs, Ppfs): 63.41% {Zpfo}: 60.97%

SsTU {%pfs,%pf2}: 78.04% {**pf3}: 75.60% {*pfy, ¥pfr}: 78.04%
SETU pfat: 56.09% /s 0o} 80.48% Tt 5o} 87.80%
SATY? {*pfs, *pf, *pfi}: 73.17% {*pfs, *pfi}: 75.60% {*pfs, *pfs, *pfa}: 90.24%
SpfSTU27 {27p s 27p 3,27p 2}: 6585% {2711 o 27p e 27p s 27pﬁ}: 8048% {27p o, 27p 8}: 9024%
SRTUR ok, “pfs}: 82.92% ol 3.17% pfi, pli}: 75.60%

Symbol: pf: point feature; TU: transient univariate; **TU: sorted pfs of TU*; ipfi: i pf of TU j

TABLE 8. The obtained final OTFs per univariate (fOTFsTV1:TU28) and union of fOTFsTV1:TU28 hased on cross-permutation phase of CPQHFSS.

Input Permutation: LP Permutation: RP Cross SOTfs"™!
LLP1 U RLP1= {!pf;} LLP1 URLPI1= {!pfi, 'pfs, 'pfs}  polygonal black side= {'pf;}
LLP2 U RLP2= {'pf1, 'pfs, 'pfr} LLP2 U RLP2= {!pf, 'pfs,'pf  polygonal dark blue side= {'pf\, 'pfs, 'pf7}
LLP3 U RLP3= {!pf1, 'pf1} LLP3 U RLP3= {'pfi, 'pfi} polygonal brown side = {'pf1, 'pf;}
LLP4 U RLP4= {'pf7} LLP4 U RLP4= {'pf, 'vfs, 'pfs polygonal light green side= {'pf7}
POTRTU' LLP5S URLPS= {'pfi,'pf,'nfit  LLP5 URLPS= {'pfi, 'pfs,'pfi}  polygonal pink side= {'pfi, 'pfs, 'pf} {'nf2}

LLP6 U RLP6= {'pf;, 'pf;}
LLP7 U RLP7= {'pf;}

LLP8 U RLP8= {'pf,, 'pfs. 'pfs}
LLP9 U RLP9= {'pf,, 'pf;}

LLP6 U RLP6= {'pﬁ, lpﬁ}
LLP7 U RLP7= {'pfi, 'pfi. 'pf3}
LLP8 U RLPS= {'pf. 'pfi. 'pf3}
LLP9 U RLP9= {'pf, 'pfi}

polygonal red side= {'pf1, 'pf7}

polygonal light blue side= {'pf;}
polygonal dark green side= {'pf,, 'pfs, 'pfi}
polygonal yellow side= {!pfi, \pfy}

Illpllt fOTfS TU2:TU10 Input fOTfS TU11:TU119 Illpllt fOTfS TU20:TU28
pOTFsTu2 {prl’ prS} pOTFsTUll {”Pfi, llp 3’ llp 4} pO?FsTUZO {ZOP 5}

p()'l'l{vTu3 {3p i’ 3[7]'3, 3]7]5} FOTMTUIZ {12p i, 1zp 2} pOI‘I".vTUZI {le 1}

pOTFsTUA {4pﬁ} pOTFsTUI} {l3pﬁ, 13p 3} p()TFsTUZZ {Zzpﬁ}

pOTFsTUS {SPfI} pOTFyTUM {14p 1 I4p 3} pOTFsTU23 {Zipﬁ}

p()TFsTU() {6pf2} pOTFsTUIS {15pﬁ;} p()TFsTU24 {24pfI , 24pf25 24p 3}
pOTFJTU7 {7pﬁ} pOTF.x'TUIG {lﬁpfz} pOTF.x'TUZS {25p 3 25p 9}
pOTF.vTUs {XHﬁ’ pré} pOTFsTUH {17pf9} ﬂOTFsTUZG {26[7fi, 26Pf2, 26p 2}
p()TF:TU9 {‘)pfz prs} pUTFsTUIS {1sp 9} pUTFsTU27 {27p . 27p 2}
pOTFsTUlO {lopfi’ 1op s l()p }} pOTF.x'TUl() {l9pfi’ l9p o l9p 5} pOTFSTUZS {ZSP l}

Union of fOTFs™V:TU28 (UAOTFs V1 TU28)

1nfe 20f 2 3nf oo 40f Shf 60 Tnf 8pf . 9nfe . 10,06 - 1l o 12,0 13,0 - 14,0 15,0 16,4 17,4 18, 19,£ 20,4 21,4 22,0 23,0 24, ¢ 25,.¢  26,f
U'pf2,°pf13,°ph 3.5, *pfas “phs °pfs, 'phs Sphas, Bfass pfias, U phisas Pefie, Bofis, Upfiss Befe, phs Uk, B, Upfias, 2pfs, 2 phs Zpfs, Zpfs, *pfi.23, 2 pfe, *pfi23s

27Pfi,2, ZXR i }

Symbol: pf: point feature; TU: transient univariate; P°""*TU*: survived preliminary optimal transient features of TU* by wrapper phase; ipfi: i pf of TU j, U: union
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FIGURE 10. Acc variations based on learning parameters in some folds (fold2:5:7> 10) for TSP based on Uf OTFsTU1:TU28,

TWSVM classifiers and their plugged kernels as (23). In the
case of IWSS-SVMSCRBF(See Fig. 9), in each iteration, the
maximum value of the Acc (retrieved by optimal pair of
learning parameters) is recorded. As can be seen in Fig. 9,
the POTFSTU? based on IWSS-SVMSCORBE is (hf1 bfs, pfes},
which Acc variations related to optimal iteration (node 5:
green-face) is depicted in 3-D plot.

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

P : stable sample;
N : unstable sample;

T : predicted correctly 22)
F : predictedin correctly
C=21i=0,1,...,5 }
oc=2jj=-3,-2,...,4
TWSVM (plugged kernel)
c=21i=0,1,...,5
o=2j=-3,-2,....,4
o=2j=0,1,.., 4 (PolKer)

After selecting SYMIWSS3®T_based three packages-
pOTFs and TWSYMIWSS3ker_pased three packages-pOTFs

SVM (plugged kernel) {

(23)
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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)

(totally six packages pOTFs-IWSS); and SYMIwSSrker
based three packages-pOTFs and TWSVMIWSSr3ker_based
three packages-pOTFs (totally six packages pOTFs-IWSSr)
per TU*, as the final phase of CPQHFSS which is shown
in Fig. 2, the cross-permutation scenario is conducted on
obtained 12 packages of pOTFs per TU* for extracting
f OTFRsTUL:TU28, Finally, based on f OTFsTULTU28 he union
of fFOTFEsTUITU28 (Uf OTEsTUI'TU28) i obtained as the final
optimal transient feature set for use in TSP. The obtained
fOTFsTULTU28 and UFOTFsTUITU28 based on the cross-
permutation phase of CPQHFSS is shown in Table 8.
In Table 8, the details of obtaining the optimal transient
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TABLE 10. Results of tsp based on UfOTFsTU1:TU28 get,

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 95 97.5 98.75
[97.5/100] [95/95] [95/100] [100/97.5]
fold 5 fold 6 fold 7 fold 8
. 100 100 100 100
SVM(’GRBF) ~ NETS-NYPS 1100/ 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]

98.87 [98. 5/ 99.25]

features of TU! (fOTFsTU!) based on cross-permutation are
elaborated.

C. TSP BASED ON UNION OF fOTFsTV1:TU28
(UfOTFsTU1:TU28) gET

After selecting the univariate-specific fOTFs set for
28-variate trajectories dataset namely fOTFsTU! to
fOTFEsTUZ (£ OTFsTUI-TU28) based on CPQHFSS, evaluating
the efficacy of union of fOTFsTUITUZ8(Uf QTEsTUI:TU28)
(See Table 8, last row) in achieving high-performance TSP
is considered in this section. The Uf OTFsTUITUZ8_oriented
TTP are based on the 10-fold cross-validation technique that
in each fold, the SVM CRBF s used as a learning model.
Also, fine-tuning of the learning parameters for pair (C, o)
in SVM’GRBF g adjusted from {C = 2i = 0,1,...,15)
and {0 = 2fU = —5,—4, ..., 15}to find an optimal value
for pair (C, o) in the TTP per fold. In such an experimental
design, the performance evaluation of the class labeling by
SVM'ORBFin the presence of UfOTFsTVITU28 s measured
by classification metrics which are shown in Table 9.

By regarding the above-mentioned points in TTP for TSP,
the value of triple indices in TSP (Acc, TPR, and TNR) per
fold is shown in Table 10. Based on setting the different
value for learning parameters, the fluctuations of the Acc
index per fold is recorded, and these values are inserted
into Table 10. For example, the Acc variation of fold?,
fold?, fold’, and fold!© are depicted in Fig. 10. Furthermore,
the Table 10 is accompanied by TPR and TNR indices,
which is commensurate with the maximum value of Acc
in each fold. After extracting all the results based on the
evaluation indices, as the overall result of employing the
UfOTEsTUITU281y gypg° GRBF for TSP, calculating the aver-
age of the Acc, TPR, and TNR is regarded in Table 10. The
results of Table 10 show the fact that the Uf OTFsTU1-TU28
set plays the pivot role in raising the capacity of predic-
tion (high DLA) in TSA (Acc: 98.87 %, TPR: 98.5 %, and
TNR: 99.25 %). Besides the importance of DLA, we con-
centrated on the DLT factor (including observed time and
prediction time) in the performance evaluation of proposed
framework in TSA. For DLT calculation, we need to focus
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TABLE 11. ODLT for TSP based on UfOTFsTU1:TU28 get,

Observed Time (OT) Data Labeling Time (DLT)
in cycle / second (OT + prediction time)
9/0.1503 150.3 ms + 2.225 ms= 152.525 ms

on selected point features UfOTFsTULTU28(See Table 8).
The optimal features in the UfOTFsTUI'TU28 get show the
fact the selected cycles of some univariates are related to
the 9 cycle. (e.g., fFOTFsTU fOTFsTV!7 | fOTFsTVU!8 and
FOTFsTU23). Hence, observed time (OT) is equal to 9 cycles
(150.3 milliseconds (ms)), and the prediction time based on
SVM'ORBF _Uf OTFsTUITU28 s 2 225 ms. Consequently, the
DLT is 152.525 ms (See Table 11), indicating a low DLT to
address corrective control actions.

D. COMPARISON OF EXPERIMENTAL METHODS:
CPQHFSS VS. VERTICALLY UNILATERAL FSSs (VUFSSs)
AND MHFSS

For further evaluation on the efficacy of CPQHFSS-based
UfOTFEsTUITU28 i TSP, the comparison between with three
VUFSSsOTFs (3VUFSSsOTFs) is considered in this section.
The 3VUFSSs includes mRMR [16], [17], ReliefF [18] and
fast correlation-based filter (FCBF) [19]. Also, we compared
the CPQHFSS with the bi-mode hybrid feature selection
scheme (BMHFSS) [23] and partial-injective trilateral hybrid
(filter-wrapper) scheme called PITHS [34] as the MHFSS.
By applying the 28-variate time-series data to 3VUFSSs
and 2MHFSS, the 3VUFSSs-based OTFs and 2MHFSS-
based OTFs are extracted. Next, the 3VUFSSsOTFs and
2MHFESSOTFs are entered into the SVM SREF Jearning model
in the same learning conditions expressed in subsection C
of section 3 (10-fold cross-validation technique and the
fine-tuning of the learning parameters).

As can be seen in Table 12, CPQHFSSOTFS have better
performance in TSP than 3VUFSSsOTF and 2MHFSSOTFs
(ignoring only 0.25% less than TPR than PITHS). The
obtained results of Table 12 show that CPQHFSS in the
presence of 48-cycles of 28-variate trajectory (See Table 8)
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TABLE 12. Results of TSP based on selected OTFS by 3VUFSS and 2MHFSS.

10-fold cross validation

(FSS) Test case Max(Acc.) per fold based on fine-tuning on C and ¢
Classifier 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
S\fﬁgggﬁ . NETS-NYPS = 1975/925]  [95/95]  [100/90] [87.5/95]
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
(FCBF) NETS-NYPS 96.25 97.5 97.5 97.5
SVM(°GRBF) [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
SVSE[%?}?{FI)SF) NETS-NYPS [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
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
100 100 97.5 98.75
Sg\%g}i}g;) 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
100 100 98.75 100
SV(I\T(ISI%)SF) 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]

has better performance (Acc, TPR, and TNR) than mRMR and BMHFSS (9-cycle of 3-variate trajectory features [23].
(9-cycle of 4-variate trajectory features), FCBF, ReliefF, In terms of the PITHS method, the selected cycles via
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TABLE 13. ODLT for TSP based on 3VUFSSs and 2MHFSS.

3VUFSSs  Observed Time DLT
& (OT) in cycle / (OT + prediction time)
2MHFSS second
mRMR 4/0.0668 66.8 ms + 1.993 ms= 68.793 ms
FCBF 4/0.0668 66.8 ms + 2.130 ms= 68.930 ms
ReliefF 4/0.0668 66.8 ms +2.110 ms= 68.910 ms
BMHFSS 3/0.0501 50.1 ms + 2.848 ms= 52.948 ms
PITHS 9/0.1503 150.3 ms +2.291 ms= 152.591 ms

CPQHFSS leading to high Acc and TPR than PITHS
(24-cycle of 18-variate trajectory features [34]). In terms
of DLT, CPQHFSS has higher DLT (152.525 ms) than
3VUFSSs (mRMR: 68.793 ms, FCBF: 68.930 ms, ReliefF:
68.910 ms) and MHFSSBMHFSS (BMHFSS: 52.948 ms).
Also, based on DLT index, CPQHFSS has lower DLT than
MHFSSPITHS (PITHS: 152.591 ms) (See Table 13). Gener-
ally, the CPQHFSSP M causes the system operator to have
enough time to take corrective actions. The detail information
about CPQHFSSPLT, 3VUFSSsPLT, and 2MHFSSPLT are
shown in Table 11 and Table 13.

V. CONCLUSION
The presence of tightly correlated indices in the TSA prob-
lem, namely, accuracy and time of transient prediction,
extracting optimal transient features (OTFs) from HDTF
space via multifaceted FSS to meet low DLT and high
DLA, was defined as the main agenda of this paper.
To this end, we proposed cross-permutation-based quad-
hybrid FSS (CPQHFSS) designed by integrating four filter-
wrapper blocks (FWBs) in the form of twin two-FWBs
mounted on dual incremental wrapper mechanisms (IWMs)
called IWSS?FWBs and TWSSr?FWBs_ Regarding filter-fixed
and wrapper-varied approaches (F'W') embedded into
IWMs?FWBs of CPQHFSS, the relevancy ratio-support vec-
tor machine (RR-SVM) raised as FFWV in the first block
of TWSS?FWBs and TWSSr?PWBs and relevancy ratio-twin
support vector machine (RR-TWSVM) situated in the sec-
ond block of IWSSZFWBs and IWSSr2FWBs  Furthermore, the
nonlinear nature of transient feature space makes the plugging
elastic and non-elastic kernels into the wrapper phase an inte-
gral part of CPQHFSS. Hence, by selecting the triple nonlin-
ear kernel, cross-permutations of hybrid FSS are applied on
HDTF to select OTFs. After applying CPQHFSS on transient
multivariate trajectories, selected optimal features are fed to
the cross-validation scenario to evaluate their effectiveness on
TSA. Experimental results show that the selected OTFs based
on the CPQHFSS have a high performance (Acc 98.87%,
TPR 98.5%, TNR 99.25%, and DLT of 152.525 ms) for TSP.
For more clarity, the performance of CPQHFSS compared
with 3VUFSSs and 2MHFSS. The obtained results show that
the selected CPQHFSS-based OTFS have better performance
than selected OTFs by mRMR, ReliefF, FCBF, BMHFESS, and
PITHS algorithms on TSP.

In future transient studies, we evaluate the performance of
learning models in TSA by focusing on the environmental
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conditions of power systems that negatively affect the quality
of the transient dataset. Selecting the most relevant features
from the contaminated transient dataset via filter-wrapper
strategy mounted on the convolutional neural network can be
considered as one of the most significant solutions to achieve
timely-accurate TSA in the presence of missing and noisy
data.
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