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Back 2elilale M B Power System Stability D

D)
- S
Definition ®9
M otivation “The ability of an electric powew§tem to regain a state of operating equilibrium after being subjected to a

disturbance.” , §Q
\
Conventional power q‘& - “Smart Grid” 2 “Energy @ternet (?)”

« Generation side: tﬁéﬂ evel intermittent renewable enequqy\mtegration

Problem
description

Higher operating
uncertainties

» Demand side,:\ﬁb}mnd response, electric vehicle, d{wc-?outed energy storage, etc. +
. Device-gricki-nterface: power-electronics conw&ﬁers Compllcated_ >YStl
M th d I Q S) dynamics
SAnplele el oo\ Reocenthdjor blackout events

{s
o~ &
:

North America Blackout \

. Very high wind power
® penetration level (48%)
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Backrou nd B Classification for Power Systg@)Stability

» Rotor Angle Stability (Iarge-disturb%q}e and small-disturbance)

Motivation  \Woltage Stability (short-term or Iﬁﬁg—term)
» Frequency Stability (shor'g—@ and long-term)
(\
Problem x=f(x,y,p, l)go®= gxy.p.2) &
description N 2
A .
[ CIassﬁmé{t‘on for Stability Assessmg&tﬁ%nd Control
SO N
MEth0d0|09y OrkHne Stability | Preventiv&g\v" ! | Real-time Stability Emergency
N> Assessment Con(t)p@b ; Assessment AES} Control
i b 1 ¢ <
J 6Q’ time
Steady ﬁ?e '{%ynamic State
(prefabit) Contingency &Q&’ (post-fault)
\ N
» QJQQA 3
Accuracy, Speed, Knowledge N Accuracy, Earliness, Robustness
Q
& s> NANYANG ‘ ® _ ‘ _
TECHNOLOGICAL the faster, the more faults can bei@ssed the earlier, the more time is left for control
% UNIVERSITY
& -



Background

Motivation

Problem
description

Methodology
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B Conventional Methods (Modeléb)ased)
N\

« Time-domain Simulation: to solve @f{arge-scale differential-algebraic equation (DAE) set

» Data requirement: system modsjq(static and dynamic), network topology, state-estimation, fault, etc.
* Outputs: system’s time-va &Q trajectories

» Event-based control: l%@up decision table, contingency ig)&exing

“for a 14,000-bus system,%@%isturbance analysis could involve a set
equations for an simlgﬁfn time duration of 10-20s; besides, the nu
14,000-bus system, 'y

&

,000 differential equations and 40,000 nonlinear algebraic
of disturbances to be considered is also enormous, e.g., for the
pical number of postulated disturbances{k@etween 2000 and 3000.”

N
Ny \ 3 Mumber of nades Desired time step ) § 500 ¢ T T T T T T . T
@ f’ransierlt stability sirnulatimq 1.1 ‘
2 fvery | twork b L .p- /A
5 000 S 200 stability |gdt after 1.3s ——>
i EMT simulation of large ] '
3 N networks < W A
= Lines of cowstal 100 X 300 ~ ( -
@ computing power . EMT simulation of small <20 @
_E \\“x networks and switchm:ls = :g), 5 6
2 I | ( emTsmuspdeoraler ) |, S 299 fault occurs at 0.3
frequ rcuits L= =
e AN A e (e T T
N\ & 100 L
Time steps per second § &
O &
(0}
T,(n-1) eSS ¢ ) e —
Execution time T, == =========== @---&--7- ---------- ¥--»t 100 N T
Real-time clock —4 - 4 —>t 200
tas t taes tar2 0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6
(a) @ \ Time (s) /
Tin-1) peness T.n) ~
Executiontime T, ---f--====-===x 1-'- M- frmmm—m————— ¥-->t Q . . .
K\ PSS/E simulation costs 2.2s CPU time
Real-time clock 4 4 4 . t

Loy ts | Y L.@



Background
Motivation

Problem
description

Methodology
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B Data-Driven Method

2
s
Off-line On: Center
Stability Information
Database .
-time System
ﬁalsureménts - PDC PDC
Historical archives : 6
I
SR R B A ]
Off-Line Simulationd, I Q 2 .= =l
) : Qfo PMU PMU PMU PMU
I ké Classifier/Predictor _‘IYQ&' . :
TS Physical Operation
P outpur 3 \QIP & Control Layer
Specification O
4‘9 l (\-)OQ I Q%?nputation Data
1 Stability ASsSgsment | I Application Q?Q’Architecture Collection
ts I
|—>  Automatic Learning %17 : Y Da’[a-AnalytiCS
I
| A\ | Layer
I 1 I
I \\\‘0 ' ()Q
I St [l Decision Making : S 5 Vel
| reventive/emergency
| Knowledge r} I Q { controls J
I | S
| I

Z2.Y.Dong, Y. Xu, P. Zhang, and K.P. Wong “Using intelligent system\&&gsess an electric

power system’s real-time stability,” IEEE Intelligent Systems Magazin

13.

| |

|

Load or
generation

System
shedding separation

Re-
dispatching




Background

B Key Research Problems (how &Q{?)

. N N
» Generate a comprehensive stability t@(abase  Select/extract significant features

) . : :
* Improve the accuracy, speed, am&reliability » Develop effective data-analytics algorithms

Motivation

» Extract interpretable kng ge to support stability control

 Mitigate abnormal situ@\ns, such as missing data, commu&ication delay
» Extend to other apm&%ions, e.g., equipment fault diagqégfs and health management

S
N

Problem
description

6@
(Q) Working institutes Key Funders

L&)
% . RS
\ 2
Q | Q™ 2008- /{F ﬁ 1z A ? 0 G
Methodolo : | ‘P zou st i vyt o e
Development * | Implementat‘(& b S NSFC
s | Results utilization {)
variables esu
| QQ 446 THE HONG KONGQ
| i et . TDCTT — ELECTRIC POWER
| < 22%(191 q ;?g};j;g?ﬂé}@\/hl&” CI= El RESEARCH INSTITUTE
Database &j | isclassification RS +6
Generation &j problems &
Intelligent Stability THE IVERSITY OF
Assessment
o RAfl.'.‘\ASTLE
% 2011- (\ ’
Significant_ Model Updating 2016 _
Feature Selection ,4\& Q::b‘?g THE UNIVERSITY OF
| &%y SYDNEY
Application
: Philosophy &
I @ (RGLLS)
| ®
29,51 2% NANYANG N\ Rolls-Royce
&t 2016 ;
& TECHNOLOGICAL
T E C H N 0 LO G I CAL \(b, now UNIVERSITY MinisthgLEgLécation
% UNIVERSITY SINGAPORE NaTIONAL RESEARCH FOUNDATION
Z2.Y. Dong, Y. Xu, P. Zhang, and K.P. Wong “Using intelligent syst 0 assess an v PRIME MINISTER’S OFFICE
electric power system’s real-time stability,” IEEE Intelligent Systems Magazine, 2013. SNCA VB



Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning
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B Distance-based Feature Evalua}ﬁon and Residual Analysis
N

0.8

o G33 o
N )]

0.2

0

 Evaluate the quality of features accoj%llng to how well their values
distinguish among instances neg¥ each other; Consider both the
difference in features’ values &nd classes, as well as the distance
between the instances; Goodyfeatures can cluster similar instances
and separate dissimilar @Qes In the distance space.

: Vv ,R) —value(X,R' &
- diff (X, R,R) = 2 ) R @Q’
\ kmax(X)—mln(X) 6®
J W[X]* :@& — > _diff (X,R,H;)/ (m-k)+ (Q:
k k C " k \Q&’
P :
N—PC) -Zd.ff(x,Ri,Mj@/(m.k)
~ Céclass(Ri) 1-P(class(R)) = % Statjstical
. ?, @ ificant
* Residual: the difference between an Q&l s observed (actual) S
occurrence probability and expectesd‘)ccurrence probability. 6Q’
‘ &1 — . (@ 1
P P &
- A T T erJFJr n i
J?E-OEE-O*;E_ ;-(bxr\ 08 i . Jrfﬂpf {f i ¢ 0\ 0.8 Statisti
_ + L S . atistical
e T ool % %ﬁ%%%%g +Q¢ . + unstable region
e O e 0_6<’—‘+7 .
o § e ] W¥%ﬁ £ - 3 ]+ N
W*Et%%@% g %ﬁ®ﬁ+ n 3 %
.JE_:E@ T ‘t‘ O.4~% ogo g ,ﬁi%iﬁ* f&ﬁ i ot 0.4 \i 2
% B wﬁ%*m& . :
R Fo 0 % e = +
+ i7e O*: 0.2 o@,%% . %ﬁ+¥ﬁ§+++ + 02«\ o Jo N
, A A S /
0 0.2 04 G32 06 0.8 1 0 02 \Y 04 gy 06 0.8 ! 0 7 0.6 08

Statidtical st¥ble regibns

Y. Xu, et al, “Preventive dynamic security control of power systems ba?é(fon pattern discovery technique,” IEEE Trans. Power Systems, 2012.




Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning
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B Statistical Error Analysis
« The essence of statistical Iearniaﬁi
the future unknown event foll

» Prediction error may ste

* How to convert a nu

RN
(>JO — y =1 (stable)
@ y<0 — y=-1(unstable)

4‘?’6
Is to fit the historical distribution of a database, and assumes that
qs this distribution.

m 1) imperfect fitting and 2) variation of data distribution
Q&hc value to a class label?

XN
AN
A2 &
0o.o 5 - *‘
\\E‘ 0.01 Correct Q
< classificatio
§0.005 ,&&\

22 w5

-0.5 0.5 1
DSA& tion Results
\

(a)

0.02 . “Ab}
>0.015} qu g'
= classification
@ 0.01
o]
o
o 0.005

0 1

2 15

-1 -0.5 0 0.5
DSA Prediction Results

1

3B

< AQzé Stable @
6®

(Q) Decision (A\

boundary

Unstable ﬁ NS

-2 1.5 -1 0.5
Misclassified OPs
I Correctly Classified OPs

Most of the wrong
decisions are near the
boundary

0 0.5 1 1.5 2
DSA Regression Result Range

Y. Zhang, Y. Xu*, et al, “Intelligent early-warning of power system dym)mécinsecurity risk towards optimal accuracy-efficiency tradeoff,” IEEE Trans. Industrial Informatics, 2017.



Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning
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B Credibility-Oriented Stability A@essment

If we @Qe unable to avoid errors, can we identify them?

Ensemble Learning

((J
« Combine a set of individual J\,

learners to make a pluraln‘,(g)
decision

 Single learners can QQ
compensate for each others,
and the whole | can
reduce aggr@ ed variance

&

Credi Evaluation

» Evaluate an individual
decision’s “credibility”
based on the difference
between the observable valuc=Q
and the expect value \\Q}

« Evaluate the whole >
decision’s “credibility’ based
on the consistence of the
individual members

« Only implement “credible”
stability results in practice

T

o/

Training

Appllcatlon

Randomly sampling Database (DB)

—

Id

DB 1

|

] i@*

tfeatures hidden
node number, and activation function

[For each single ELM, randomly sele

.

L

Traonl%mgle ELMs
(randomly select inp and analytically determine the

\ output weights)

|nput |nput

L

Lof®
\“d\“"

|nput |nput

-0, §
Py (‘ X
o

[ Decision-making rule }

DSA
results

wa1sAs juabij@iu]

Credibility
estimation

C .0Y

\3

N

Output Distribution
Credible Outputs

Incredible Outputs

-1 ub,

Ibl

area rk:> Y is credible
[~Aarea+{-:‘are
otherwise”Y is incredible

y ., ub,] = y =1 (stable)
If 1 e Ib,,ub,]= y =-1 (unstable)

0\9 y & (uby, Ibs )or(—oo, I, Jor (ubg, +00) = y =0

(incredible output)

For E single learning units, suppose m of them generating
incredible outputs, s of them generating stable outputs, and u
of them generating unstable outputs:

If m/E>r=Y =0 (incredible ensemble result)

Else If s>u =Y =1 (secure instance)
s<u =Y =-1(risky instance)

Y. Xu, etal, “A reliable intelligent system for real-time dynamic secm‘)e)}ssessment of power systems,” IEEE Trans. Power Systems, 2012.




Background B Randomized Algorithms for Er%éemble Learning

D)
Keys to Ensemble Learning QJ@Q} Extreme Learning Machine (ELM)
Motivation - Diversity (data, structure, and, parameter N -
| y( ' ’ \gd? ) fN(xj)zz,Bi-S(Wi-xj+bi)=tj, ji=12,...,N
« Learning and tuning speg{% i=1
% * Ran Qvnly selecting the input weights and biases
PrObI.em. ()QQ fog-hidden nodes w and b, and
dESCI’I ptlon ,&Q\ {Q?%]alytically determining the output weights
& «
Methodology & &
Feature selection \\\0 Qﬁ Q§
.. . Q D)
Statistic error analysis O <
Credibility evaluation |[EENKENE KRN N &
Randomized learning |~ _optimization| constraints |~ ;{
Online assessment

N $
A
- a ) X N )
Re.al-.tlme assessment KO i A bidden pods of e ﬁ\% % .'o:
Missing data ELM can be a subnetwork Soassesces 4\*. > e > —
g ° of several nodes 3333§§:°°00Q % % &
Transfer learning ' Q) Soaa 000 o
S S
$_ o T &npul Nodes .~ ELM Feature Mapping .~ ELM Feature Mapping m Output Nodes
R § ELM Feature Mapping ~ ELM Feature Mapping / Representation ELM Learning
&btk NANYANG
)
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Backg round B Pre-fault Online Stability Asse&ément/Contingency Filtering

’{
o o |IEEE 145-bus System Test U|t5 China Southern Power Grid Equivalent System
M otivation (Transient Stability As;ks'ément) (CCT Estimatioqn) 4
Contingency ‘ 0) Credibility  Agetragy Contingency Credibility MAE
Fault at bus #1, tripping line Lﬁ 89.25%  /100% '\ Fault at a 500KV corridor bus 96.82%  (0.01155 )
PrOblem Fault at bus #2, tripping lipé2-6 91.54% [ 100% AQ,V ~——
Fault at bus #6, tripping lire 6-10 ~ 94.64% | 100% < |
4 The “credible” decisions are

descr|pt|0n Fault at bus #89, trippind)line 89-76  94.48% \100%)&?

Ave;@ 92.48%  \ 100% highly (100%) accurate

Methodology ) &

g:::il;:is;lreoc:l::al i \\‘0 High accuracy ¢ (b% obtained on the cost of cr &\g’lllty rate.
y If combined with T-D simulation:\th 100% accuracy, 16 times er than pure T-D simulation

Credibility evaluation N\
Randomized learning é/ K

®Z

Online assessment
Real-time assessment s ~ A? > AR - - = =&
M i S Si n 9 d d ta o5 N 10 —4— Accuracy (%) ] % {\Q\ P ///@//%
Transfer learning S < Credibility rate (%) > —
— / — —=— Accuracy (%)
%0 O @NO —&— Credibility rate (%)
[
R 7 :\\;\'\ \ C L L L L L
%\2 {@} %2 N A N YA N G 8%OO 1000 1500 2000 2500 3000 3500 4000 4500 Q’}OOO 7(f):‘»OO 270 240 210 180 " 150 120 90 60 30

TECHNOLOGICAL ’
UNIVERSITY \®

Y. Xu, etal, “A reliable intelligent system for real-time dynamic securrr*gessment of power systems,” IEEE Trans. Power Systems, 2012.



Background

B Optimal Accuracy-Efficiency Tééde-off
A -98.2
( -98.4
Multi-objective Optimization Q?QJ :\;-98.6\

1 1 : : : . : 5. 9881 Pareto soluti

Motivation * The parameters involved in t Sedible decision-making rule are  $ o0} kil
user-defined. They can be futtiier optimized. <<(§ 9921 \
< -99.4
» Optimally balance the Qg‘eoﬁ between stability assessmen& -99.6 S
Problem accuracy (A) and effigiehcy (C). © 3851 | e, N P — :
. o @) < -1 -98 -96 -4 .92 -90 -88
d eSscCrl ptlon Objectives: /\I@\q(x) =—p(X) ) Credibility (%)
where, X = [IQ@Q, Ibg,ubg, r]; p(x) =[C, A] =[p1(x)@%<)] O POF
. O  Testing Result
: no. of credible results N
Effciency,@C = 100% A -
M ethOdO I O A@% no. of testing instances * ° \\'{‘ ?;
Feat.u i selection . *\~0 A - o of correctly classified ins;a@ «100% §
Stat',St',c, Ltk anal,yS's - no. of credible results ™ e s
Credibility evaluation _ U %5 A
Randomized learning subjectto: Iy, <U; U <uby <%* _ %@@
Online assessment U+S Qk \Q&'gg ?_1 _— f@mgzn oo
Real-time assessment <lbs <S; goy>S; O<r<l {\Q‘ Credibiliy (%)
Missing data S S
Transfer lea rning Pareto Points Tfes-tl- g Performance Aver@'@&mputatl-on Time
Credibility Accuracy ELM Ensemble~,  T-D Simulation Overall _
A 92.82% 99.9% Q' 11.7 min 11.8 min —_, 15 times faster than
B 92.47% 99.95% @ 13.3 min 13.4 min pure T-D simulation

%t % NANYANG C 92.02% 99.95% 5.12 15 min 15.1 min

TECHNOLOGICAL D 90.39% 100% ,b,(‘ 18.3 min 18.4 min

UNIVERSITY E 88.66% 100% X\ 21.1 min 21.2 min

Y. Zhang, Y. Xu*, et al, “Intelligent early-warning of power system dyﬁég%insecurity risk towards optimal accuracy-efficiency tradeoff,” IEEE Trans. Industrial Informatics, 2017.



B Post-fault (Short-term Voltag

Background

e)bGnIine Stability Assessment
N

Motivation

Problem
description

Randomized learning

Database of Ni Instances 6®
v &

k-Fold Cross Validation Training

Training Set 1

Training Set 2

Training Set s

Training
Z = » Hybrid Ensemble 1 AaN >
[ |—l' A

Te

i

Validation Set 1

> Hybri_¢

~ —

=3

——+—»| Hybrid Ensemble 3—,—.— Validation Set 2

Lo - S -

| | : | | :

[ | ‘:I. -

O @1 S T »| Validation Set s
v

+ A
| Learnini Unit S&@

Validation Result Set

N

Y
Randomly Select m ELM&assifiers and n
RVFL Classifiew Online Testing

]

% ‘ I N e

The hybrid randomized ensemble
model consists of multiple
randomized learning algorithms to
improve the learning diversity.

'« Optimally balance the tradeoff

accuracy (A) and speed (S).

Online Assessment

A

. » Given such faster assessment speed,

|
|
|
|
|
|
:
; between stability assessment
|
|
|
|
|
|
|
|
|
|

the load shedding amount.

M EthOdOIO YR e marmiasEnae (M”""Ob'e“”fOm'm'za"m) .{ the proposed method can activate
Feature selection | \\\0 gi— POF Pareto 5o | thé\emergency control actions at an
Statistic error analysis e - (B | optmal ety Checkaghue | | | | (&rlier stage, which improves the
Credibility evaluation :nput—»lf:\: Fomn KB@FMS | [ A &~ control effectiveness and reduce

|

|

° e @ — @ — . — . — s — . — . — . — . R USSP U o)) S S| . s — o -
Online assessment o X
R I . s T T T T T rb) T T T T T ~ 92 T LRV T T T T T T T T T T
ea -tlme assessment E-1 94( \ % Hybrid Ensemble Model i 93| 4 ( c % Hybrid Ensem ble M odel N
° ° S‘ A A RVFLEnsemble Model 3] A A RVFLEnsembl Model
MlSS|ng data g 95»A p ¢ ELM Ensemblk Model g 94 | A ¢ ELM Ensem ble Model T
[ ] 9 8 Q -
Transfer learning S 9r < 5O
o A o S A N
9 . .9 96 ¢ AL . -
u 97 - b ° A A
‘o * s ® * * N 4 4 A . i
g 98 - * Yoa A - & : * ¢ N 4 A A A A
o * o b S 98 * *e -
gQQ» ****& .“A‘AAQ As ] @ggg t * *‘ R .0 ¢
~ =~ * x A A4, o LR *e o B
5 L&) 5 2 ¥ xox * % o A a > ok x4 . *
%\Z\ @%\2\ NANYANG ?100 1 1 1 1 i 1* . 1% N *1 :* g ‘**? ¢ A ?:100 ! ! ! 1 1 1 1 ! I *1 *1 ol B 1*.
TECH NOLOGICAL 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3 1 1.2 14 16 18 2 22 24 26 28 3 32 34 36 38 4

C. Ren, Y. Xu*, et al, “A Hybrid Randomized Learning System for Te

(X
3
Average Decision Speed @decision cyclk) @4

(a) New England 39-bus test system

Average Decision Speed {decision cycle)

(b) Nordic test system

Qi-Adaptive Voltage Stability Assessment of Power Systems,” IEEE Trans. Industrial Informatics, 2019.



Backg rou nd B Post-Fault Real-Time Stabilit;g@ssessment

Response-based stability asseasﬁ\ent and control

Feature selection 200

Statistic error analysis 0
Credibility evaluation
Randomized learning

Motivation « More robust, accurate, and %rﬁ(eralized | | SaGt:I;e-“\#
« Decision speed:thetimg{@%\dow length A

Problem — LQOQ* L @@5 N

description [T I A

Methodology s> | ﬁ :

Predi

<
(Ty) ——— P
Time series QfQ Xy(T3) ——————P

-200

. o
Online assessment 00— ST o - S orooie s .
Real-time assessment T T S) N L) ——>
Missi d t Fault Observation I% Prediction & ™ Xo(T1) ————
. ISSI?g Ia d : duration  window \\\0 window @ries o J Xz(Tl) Stability status
ble #2 2z -
ranster iearning Grarevte : Intelligent System  ——p
L Xo(T) ———— P

* slower decision speed = more dynamic informati N)
-> tends to be more accurate - less time for co@o

fon =

%4 NANYANG . o .
TECHNOLOGICAL « faster decision speed = less dynamic infor Time series of _J  ,(T,) ——
UNIVERSITY tends to be less accurate = more time for cofitrol b -

Xn(Tm) —>

\\\\)



Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning
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B Time-Adaptive Method for Gqu}alized Time-Series Decision-Making Problems

Adaptively (in time domain) makec_é?ecmons based on the output credibility

Provide an accurate decision %é% appropriate earlier time

Balance the assessment ag@acy and the decision speed
Qﬁ Real-time measurem@s

Fault duration time K.D’ost fault time (
window \l window

Fault incept@ |
é | Tl
/ Input 1

Fault cleared at Ty

Maximum allowable
decision-making time

T
>

Input n

v v o) v
ELM-based ELM-based @emble ELM-based ensemble
P—» S . ..
Q ensemble classifier 2 ; cla ; classifier n

output output output

Credible?

Stability status

Emergency control
(if necessary)

ELM-based
ensemble classifier 1

output

Emergenc&control

(if ssary)
&

Emergency control
(if necessary)

Emergency control
(if necessary)

R. Zhang, Y. Xu, et al “Post-disturbance transient stability assessment of power systems by a self-adaptive intelligent system,” IET Gen. Trans. & Dist., 2015.
A. Khamis, Y. Xu, et al, “Faster detection of Microgrid islanding event?\§

g an adaptive ensemble classifier,” IEEE Trans. Smart Grid, 2017.



Methodology

Real-time assessment
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B Test Results

Responsc time

I. Kamwa, et al [10]
I. Kamwa, et al [11]

21to 3s
'\Q)l or 2s

50 and 300ms

I. Kamwa, et al [12]

S. Rovnyak, et al [9] N 8 cycles
N. Amjady, et al [13] 6 cycles
N. Amjady, et ai [14] 5 cycles
U.Annakkage, @t al [16] 4 cycles

Q )
\(bur method: average decision speed: 1.9 A

50-machine system

\\9 average accuracy 99.7%

New England 39-bus system

100

I C(7)/500,%
—il— A%

98 -

96 -

94 -

92 -

90

1 2 3 4 5 6 7 8 9
Decision cycle

10 1 2 3 4

Accuracy (%)

5 7 8 9 10 95
Deci cle I 2

O

AQ’
[1] Large power system stabili%ﬁssessment

[2] Microgrid islanding detection

5 cycle 90.0
0.125s 94.45
23.9ms 98

Q)é 150ms 95.6
0.23s 100

96%-99.9% .\
b

Our method: average decision speed: 1.1 cycle;
average accuracy 99.3%

@c’
N

Percentage (%)

1 2 3 4 5 6
Decision cycle

(a)

(%)

Percentage

52

Decision cycle

[1]. R. Zhang, Y. Xu, et al “Post-disturbance transient stability assessment § power systems by a self-adaptive intelligent system,” IET Gen. Trans. & Dist., 2015.

[2]. A. Khamis, Y. Xu, et al, “Faster detection of Microgrid islanding e

using an adaptive ensemble classifier,” IEEE Trans. Smart Grid, 2017.

Accuracy (%)



Background B The Short-Term Voltage Stabll@(STVS) Problem

The STVS problem is concernedfﬁh

Motivation « Fault-induced delayed voltage&é(cwery (FIDVR) — pose risk for wind turbine to ride through
 Sustained low voltage W’k@ recovery — may lead to voltage collapse in the long-term
» Fast voltage collapse ually associated with rotor-angle instability
zrobl.em. QJQQ’* 4@
escription
p ® POST—FAUI i VOLTAGE

N

STABLE

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning

15 2 25 3
Time (s)
(b)

Fast Recovery FIDVR @ Sustained Low Voltage Fast Collapse
&8> NANYANG -
TECHNOLOGICAL (satisfactory) (u nacceptabl@} (unacceptable) (unacceptable)
% UNIVERSITY X\
Y. Zhang, Y. Xu, et al “A hierarchical self-adaptive data-analytics met@r real-time power system short-term voltage stability assessment,” IEEE Trans. Ind. Infor., 2018.



Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning

&8> NANYANG

TECHNOLOGICAL
UNIVERSITY

B Short-Term Voltage Stability Ir@ces

Index to evaluate voltage coIIapsqf

« Transient Voltage Collapse Inde)(%l'VCI) — a binary index to decide whether or not the voltages are recovered

XN
Indices to evaluate FIDV. verity :
‘@é y

* Transient Voltage Se Index (TVSI
S . J . v x( ) <2,6 Zi’\ilzT_ TVD'it
— a continuous {rige .{A .
index over all buses ke (r c)

— an avera
— the FI severity is reflected by the ma%ﬁ%e and the duration time of voltage deviation

* Root- mc{%g\-squared \oltage Severity Index (@I) ?/

TVSI =

> (f TVDI dt)2
N

ontinuous index \}
adopt root-mean squared averagg)@%tead of arithmetic mean RVSIQ
— ability to emphasize the busgs‘\/lth more severe voltage deviation 6@
— the FIDVR severlty IS re@ed by the area covered by voltage deviation

1.1

Q V() A
A X g Vip
0.9+ 0 ’ “V103
% 0o s Ve
@ =
t_fg, 0.7 . | % ' |
s threshold to define unacceptable woltage devation @ — Bus 1 E VSI, :
0.5‘\ wltage i ® — Bus 2 [Ej VS, :
violation
0.5 period :
< > considered transient time frame, T Q\ I RVSI = (VS|1 +VS|2 )/2
0.4 r I r r I r I r .t\ O t ) t
o Ro5 1 15 2 25 3 35 4 45% 5 0 T

fault cleared at Tc Time (s)
Y. Zhang, Y. Xu, et al “A hierarchical self-adaptive data-analytics methogfor real-time power system short-term voltage stability assessment,” IEEE Trans. Ind. Infor., 2018.



Backgrou nd B Hierarchical Time-Adaptive I\/Ieé&bod for Real-time STVS Assessment

,@
» Hierarchical 6Q’
M otivation - Yoltage instability deFchoq%hlgher hierarchy) & FIDVR severity prediction (lower hierarchy)
— improve comprehensi ss of STVS assessment
« Time-Adaptive {\Q)
Problem — adaptively deli@ﬂssessment results based on prog@vely collected data

description — provide a cgdrate result at the earliest opportur‘@t

— optima alance the assessment accuracy anga eed

M h d I Hierarchical o \oltage Instability Detection ~ FIDVR Severity Prediction
et o o g ! PMH“BQ% Collection Higher Hierarchy Lower Hig}archy ?5(;7') S;g;i) ?65.;/'3 sz%i) S'gri) El\rl(/-l,;i\)
Feature selection " Voltage ‘ i — 1226 348 \299.82% 524 0 N/A
oo . | Unstable | Noi  A{CYRVSI N\
Statistic error analysis ; Subsequencgs > Voltage? | P Prediction 878 2 99.85% 637 0 N/A
Credibility evalliatioh etween T.and T | . ® ™ 674 99.86% 660 0 N/A
. . | Nt Not 549 ,@199  99.70% 715 22 2.2%
Randomized learning o [Unstable | (s> [RVSI ] |sre  QEEGEE 350 & 49 99.70% 720 185  2.1%
Online assessment = Valtage E] &&' 24 9971% 565 138 20%
. = Subsequences 1 —» . | 8 B 7 9 99.71% 436 288 2.0%
- o : : : £

Rqal time assessment 5 | betweenT,andT, | Ifée? | Prediction | N5 S B o o
Missing data s P c isure 257 19 99.71% 97 25  2.0%

Transfer learning £ ; 3 . LRvsl |-
= - 1 " Not | : 66 66 99.09% 71 71 2.4%

¢ } ot | Not
VOIta e i sure i iSUre «Q
Subseqimnces | L] UMStaDle | No RVST | (=N _
5% NANYANG ; qr | Lvoltage? § > bredgiction |\ IIEMEME The number of available samples.
LR etween T¢1and T¢ | | ‘ Q The number of successfully assessed samples.
The accumulated accuracy.

Yes
- [WUnstable | RV The accumulated MAPE.

Y. Zhang, Y. Xu, et al “A hierarchical self-adaptive data-analytics methogfor real-time power system short-term voltage stability assessment,” IEEE Trans. Ind. Infor., 2018.
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B Probabilistic Time-Adaptive M@hod for Real-time FIDVR Assessment

A 4

Voltage I (_9 Voltage

* Credibility-Oriented Time-Adap éMethod » Probabilistic Time-Adaptive Method
— credibility is evaluated und@?’a rule-of- — predict FIDVR severity on a probabilistic
thumb scheme (lack m\aQthmatical basis with a certain confidence level
rigorousness) \0) m — make confident/reliable assessment
— a large number of ser-defined S decision at the earliest opportunity
parameters to ed '&4@ — non-parametric in nature
— heavily i |mp§c robustness Q? — more robust in practice
oltage | Offline Training [ |
" g‘ § """ | & I : ?fﬂ—T g PTc\I/'SctI
8 $ T IR rary= S
...... = | Training ¥ e rblo
MethOdOIO ! : ‘\ : “!i‘ \E bl /{ Training
I ‘A i | 6 Error
te te |
I
I
I

|

|

I

I

< |

& i
I

|

|
|
| [
| ' I
I | |
} Voltage I |
- Deviation 1 I Deviation 2 I Deviation F I
R m R e ) B gy ,
Probabilistic - [ Probabilistic | | Probabll | | | Probabilistic | | IS Emor | |
— T RVFL E
Prediction I Predictor 1 I Predmto( P | Predictor F | |'¥ Training | I—’/ rain \% rror
& ‘ | \_Ensemble / Predictor
! 3 | | | 7 | || set i
L | ! ! | | ) &Q - v ____-__ ===
H |
Real-time assessment > | corvs || c’&ws. A | cortvs | S oOOONONNs__ ____ |
I | : : : Q | Probabilistic > Pf_ergjgtfd - e a |l
Stopping | Meet Stopping | | | 0 | Predictor /T\ |
Criterion — | Criterion? [ | | [ () | — Ziar—¥X) |
| . = A F
Check | Yes : : : v \ : Predictor ) Mol 3 :
| Deliver Assessment : Deliver Assessment : : Deliver Assess \ | T\r/a?let;g?y UncertaintyW | |
. I Decision I Decision I I Demsmrl\ I || Snapshot H predicted Lo Prz;rd??ilon | |
& Ao o | ] \ !
%\ﬁp & %@* NANYANG [ End I End I | I I || Emor || Eror e Eror || |
TECHNOLOGICAL | w £ | | e o B
\ O > iy Model Prediction | |
UNIVERSITY . " N\ L~ | i | Uncertainty Error |
Time-adaptive Process 0 . Modelling |

Y. Zhang, Y. Xu, et al “Real-time assessment of fault-induced delayed votage recovery: a probabilistic self-adaptive data-driven method,” IEEE Trans. Smart Grid, 2018.



Methodology

Real-time assessment

% NANYANG
-4 TECHNOLOGICAL
\* —;\; UNIVERSITY

B Test Results Q)G
Confidence Inte&(ﬁls (CI)

5r 6 167
Al g By [ Clattt | 1471
o e —-—-— Cl at t& 1.2t
I — ' :
I : . 9|€\)@9 4 1
g | " N 5 i
> | L3 TR\ i 0.8
@ 2 $ % 'v’: @5:: -'SE :’ 0.6 ::
|_ - -_- 0 Qﬁ A .:- - |_ I 1 s N
R s i b A v ] i ] 0.4 W
- ;’."o”: ‘," &- y 7 | : k3 {@ .:
0 ] | - ® ] ] v "! 1 1 & 0 3 . N L . ,
5 10 20 25 30 35 40 45 5% 40 41 42 43 44 45
*&ndomly Selected FIDVR Cases \0)

Time

Points
793
88
59
39
33
| 6 19
26
| 8 11
9 9

[EN
o

14
Overall Accuracy

Y. Zhang, Y. Xu, et al “Real-time assessment of fault-induced delayed v

100%
100%
100%
100%

e

100%
100%
100%
100%

A\

99.66%

*\9 FIDVR Assessment Accuracy

No. of Assessed | Assessment
Cases Accuracy

Q& peed

Time | No. of Assessed

Average Decision Time

100%
100%
100%
100%
100%

1009

i
@‘N@?x

Assessment
Accuracy

87.10%

The composed CI shrinks over time,
— indicating the reduction of prediction
error at a later decision cycle

Q@?rative Study Results

Accurac Assessment Time
99.66% 0.14s
fixed-time 99.05% 0.75s
fixed-time 99.66% 0.80s
self-adaptive 98.37% 0.33s

2

|

All 100% accuracy for early assessment,

0.14 s

indicating the improved reliability in time-adaptive
method.

ge recovery: a probabilistic self-adaptive data-driven method,” IEEE Trans. Smart Grid, 2018.



Background B Data-Driven Method with Miss@g Data
N

The impacts of missing data: Q,é?)
Motivation + Incomplete input &ﬂ WAMS
* Fail to work ‘Q)

Problem * Deterioration of asseghent accuracy O
int: ﬁi/smal Operation
dESCI‘IptIOh '\\\ﬁ& Control Layer / gz‘é

XN
Computation
MethOdqlo ! App\i(g'ation Architecture Cot/&ftion “DﬂiS;Sin% PMU malfunction
Feature selection OQ - PDC failure
Statistic error analysis Data-Analytics G o Loss of communication
Credibility evaluation Layer &® > Data congestion
Randomized learning Q\\ &'ﬁ Cyber attack

Online assessment Q
Real-time assessment Existing methods: \\‘?} ,{\
Missing data

Transfer learning

 Surrogate split for‘Necmon tree: T. Y. Guo, and J. V. I\{%@?owc “The effect of quality and availability of
measurement signals on accuracy of on-line predlc f transient stability using decision tree method,”
IEEE/PES ISGT Europe, 2013.

2535 NANYANG  Random subspace-based decision tree ensembl\s. M. He, V. Vittal, “Online dynamic security assessment with
' TECHNOLOGICAL missing PMU measurements: A data mm@pproach ” IEEE Trans Power Syst., 2013.

UNIVERSITY . . .. :
Still suffer from low accura\@bﬁ the amount of missing data increases!




Background B Observability-Oriented PMU C@sterlng

) ) Observability: The grid region whe;ze%e power system operating data can be measured.
M otivation Complete observability: The COQd(TIOH where the observability covers the whole power grid.

Incomplete observability: T@condltlon where some of the operating data cannot be measured.

PrObIem Under missing data %é@ the observability will become@mplete but the change in
dESCI’I pthn observability can\Be mplicated: QJ
e The combi §9 servability of multiple PMUs canQ@larger than just simply adding up their
own observ &,
MEthOdOlO « Loss Gf\@'le PMU can impair the observabll{ty% an larger region than its own observability.
Feature selection .. *\~\\I‘3MU1 Co v @me | AQ’G
Statistic error anaIySIS — — Observability — — Observability — — CObservablllty {
Credibility evaluation [ ———— R U1 Lo
Randomized learning IO i : - _E ﬁ N IS i
Online assessment : T : : | @ _I
Real-time assessment [ K\ | | &'\Q‘
Missing data | Foe Ty | s 1y | N o .
Transfer learning | - | \\\I _! ; ! : @| ()QQ..J | — | @
| | : I | ® | : ' I
I | , R S Remaini
II__q_l__ " __-,-TI | ® g . —?ll < Obier:nr\a;ggﬂ%y
I ‘ | I ) I
1@ I O i

et NANYANG
v TECHNOLOGICAL
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description

Methodology
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Analytical PMU clustering

» An iterative searching process ov
components. <

« Search all the non-redund ’%MU combinations that can

observe each electric co ent.

« Maximize the grid @ﬂ/ability under any PMU loss (4

scenario — rigor%s proved

Initialize a PMU cluster set P = ®

O
2
,{A

| the electric

AsetB={b;,i=1-"
Ng} includes all buses

i=i+1 [e—————

<

U combinationset T; = ©

Asorted set C = {cj, |
=1--- 2"-1} includes
all PMU combination:

— 3 ]

=i+l je—

<

Yes

If any PMU combination in T;=¢;?
(Redundancy Check)

lNo

If ¢j can observe b;?

o . )
* Minimize t ber of PMU clusters — rlgorouslg(%roved
O\ .X‘\&’ No
F1. The un@ the observability of each complete clush
P equqls to the remaining observability of the g;;t‘:fdﬁ7 6
F2. Up 1 is satisfied, the number of clusters is. yiRimized.

F1I proof: Fl 1s equivalent to: E; = E;, Vd € C
E, =0(d).E, =Umkep O(V(my | d))

In (1) - (3), O(+) 1s the function to map a ﬁt of PMU s to their

where

@‘i’f

3)

m, ifm, cd
where

V(m, [d) :{

@ otherwise

observability; d is the set of available s; C includes all
PMU combinations; mg is a PMU cluster ih P and the condition
m; C d means my remains complete with only d in the system.
¥ e; € E1 = O(d), at least one non-redundant subset d;= d
satisfies ¢; € O(V(d; | d)). Since R; includes all non-redundant
PMU clusters fore;, ds ERiCcP. thuses EE: = E1C Ey. Ve
€ E, at least a ms; € P satisfies ¢; € O(m;) and my; = d, so ¢; €
Od)=E; = E:cE; AsE;cE;and E;,cE;, E; =E,= FI.

lYes

&Q&

F2 proof: we make a hypothes{' “there 1s a PMU cluster
m, that can be removed from P P\ 'm, still satisties (1).
Letd=m,, es € E1 = O( nd m, € Rs. As the clusters in
R; are non-redundant, all lﬁg lusters in R \ m, include at least
one PMU that 1s not\i$0, somuZd,Vmpn €ERy\my As Rp
includes all cluster erving es, P \ Ry cannot observe ep, thus
O(V(my, |m, ¢. Ymy € R, \m,
e, & O(\JY(Q,‘2 lm,)),Vm,, e P\R,

v my R U= er¢ E2= Er # Es. Thus, H fails = F2.

= e, 20(V(m, | m,)),

T,=Tp Cj

I1fj =217 [NC
Yes

1fi=Ng? FN2

=

Y. Zhang, Y. Xu, et al “Robust ensemble data-analytics for incomplete@ measurement-based power system stability assessment,” IEEE Trans. Power Syst., 2017.



Background
Motivation

Problem
description

Methodology

Feature selection
Statistic error analysis
Credibility evaluation
Randomized learning
Online assessment
Real-time assessment
Missing data

Transfer learning

@ %> NANYANG
v TECHNOLOGICAL

B Robust Data-Driven Method zl%éinst Missing Data
At Offline Stage: 6@{

» Use the observability of each Pl\lﬂ?cluster to train
each single learning unit. ‘Q&

« Aggregate the single Ieg;é?ﬂg units in an ensemble .

Advantages:

» The remaining observability is fully captured by
the ensemble learning model.

ustain DSA accuracy under missing data

learning model. OQ ditions.
At Online Stage: \(’ 6‘2} Minimum number of single learning models to
: Q . : . achieve the robustness (i.e. minimum offline
S\Bm tdhaiaiv eraetgllg%zlgsé?;ir:)gngmts (ie. comgetg’ training and online computation burden).
: Q
K% . O . . -
Angmlcal PMU clustering + Ensen@e Learning = Robustness a%lnst missing data
o
Offline QQﬁ%W \“[ Ensemble
PMU Cluster Set @‘U Model
Locations —>| Observability 1 5@—\—»
o ciser | omenabity X7
Grid - : | : | :
Topol \ —
obwy 4 Clsters | [ Oy, |
. {QQQ\‘
Online E IncompletL ('vnA -v|b| agggegate
\ 4 Aveilable Measure t)i Clz;/giﬁerel » outputl K
PMU | | Ensemble / Classifiers : : T\%‘ Final SA
Status Model : : : "I 7| Decision
Unavailable : |
- 4 Available /
LR \@3\ Classifier Ny | | | OUPUtNv [

Y. Zhang, Y. Xu, et al “Robust ensemble data-analytics for incompletem measurement-based power system stability assessment,” IEEE Trans. Power Syst., 2017.



Backgrou nd B Generative Adversarial Netwo@(GAN)—based method

on PMU observability and network topologies.

D)
Qz( :

D~~~ —— = é® _____________________ = Advantages_
Motivation N ] w — '{ — .« GANs implemented with two deep neural

| o LS_NJ prediion] | networks without the need to fit an existing

| —— {‘Q) e | explicit model, called generator and

: N) . & discriminator, which contest with each other in
PrObIem ! A ()Q Q‘?J a zero-sum game framework.
description MR i CEE el ) )

| Noise 4 \“ : | || Generate Dafa (;Zr:s:)iesd Train with True Label A 3 ~~F 3 3

p | SFis D~ Generate the missing data without depending
|

i
Discriminator A& /
\\ 0

Methodolo \_._._4_._4_\66'@ ______________________________________ {G)_ _________ _

Feature selection Gengyative Adversarial Network + I@#id Ensemble Learning - GARjagainst missing data

Real-time assessment

Statistic error analysis /,,._._\.\j ______________________ - > - At Offline %QE
Credibility evaluation ' @torical PMU Database .Kmﬂl—time PMU Measuremﬁ \ 6 . o .
Randomized learning c==Jd==== Tain ® i N : . DSAq%del is t_he classifier based on hybrid
Online assessment { ! = "m ol e%semble learning model of ELM and RVFL.
DSA Model GANModel SN |~ _ _ GAN Model i
|

Hybrid Ensemble l—*lv ! Pl == '{@AN model can collectively provide an
g Upgete B : T Compiete et | ' =\ accurate complete data set against missing data.

LBiscriminator | -

|nput—>|(...\| |Generator| == ! N
- al L1~ o | At Online Stage:
|
|
i

Missing data
Transfer learning

( 3 Generated Prediction I
Input ...-RVFL nil i | \
>l Data Probability [I! 1 | Final DSA Result x‘{b
AN

* Fill up the missing data by GAN model, the

: ! ~
__________________ o | Activate Preventivet&%l | | i
— 1= ! ul complete input data can generate DSA
%\2\@}%\?}‘ NANYANG Offline Training ./' \. OnlineAclication ./ deCiSpionS bprSA modelg

TECHNOLOGICAL |[S Rl il NP Lo e, gcation _
UNIVERSITY K\

C. Ren, Y. Xu “A Fully Data-Driven Method based on Generative Adversa&{ﬁ)letworks for Power System Dynamic Security Assessment with Missing Data,” IEEE Trans. Power Syst., 2019.




Background B Test Results

@ PMU Placement 1:
8 PMUs with ZIB effect
resulting in 19 PMU clusters:

{3}.{8}.{10}.{16}.{20}.{23}.{25},

37
Motivation %3"— L 25

e £293.{3,8},{3,16},{8,25}.{16.20}.{
.. 16,23}.{3.8,10}.43,8.25} {3,10,16}
*Tr3 (69) 8 £3.16,25}.43,16,29}.43,16,25,29}
Problem 3o O - &
() @* ® PMU Placement 2:

%) 13 PMUs without Z IB effect

(Q) resulting in 36 PMU clusters:
{2}.{6}.{9}.{10}, {11}, {14} {17}{
19},{20},{22},{23},{25},{29}.{2,9

description N

- 5
Methodol ogy 0% 612 3.42,143.{2,17},{2,29}.{6,9}.{6,14
: . l i 3,410,113, {11,14},{14,17},{14,19},
Feature selection \\\0 7 ‘ {17,203.{17,22}, 1. {17,25}.4
s cti . o 17,293},{19,22}, 41923}, {2,6,14},{2
Y 35
Statistic error analysis i s {Z’Hés}’ e
Credibility evaluation Q 7.19.22.23¥414.17.20.22.23}
Randomized learning @ <
Online assessment - (CONTINGENCY SET \(("
Real-time assessment Contingency ID 1 A"Z}' 3 4 5 6 '\\).‘ 7 8 9 10
Q= Faultbus Faultbus Faultbus Faultbus Faultbus Fault Faultbus Faultbus Faultbus Fault bus
MISSIng data . Fault Setting 1, trip Jtrip 1- 3, trip 4, trip 14, trip 1 ’%p 15, trip 16, trip 16, trip 17, trip
Transfer learning 1-39 39 3-4 3-4 14-15 Q@w 15-16 15-16 16-17 16-17
E‘;ang; ST 3057 3075 3417 3326 34'1<® 3462 3394 3437 3320 3282
- A
No. of insecure 540 1968 1626 1717 \@4 1581 1649 1606 1723 1761
%32\ @} %\“&J\ N ANY AN G mstances

TECHNOLOGICAL N
% UNIVERSITY Y. Zhang, Y. Xu, et al “Robust ensemble data-analytics for incomplete PMU me %ent-based power system stability assessment,” IEEE Trans. Power Syst., 2017.
Y. Zhang, Y. Xu, et al “Robust classification model for PMU-based on-lin Wer system dynamic security assessment with missing data,” IET Gen. Trans. & Dist., 2017.
C.Ren, Y. Xu “A Fully Data-Driven Method based on Generative Adversafjal Networks for Power System Dynamic Security Assessment with Missing Data,” IEEE Trans. Power Syst., 2019.




SETCGILOIT el W Test Results &

ELM as the learning algorlthr&g
pI|t

DTWS — decision tree with surro GAN as the learning algorithm

100 g—=s ——e—p—pa @ ¢

[ ] [ ]
M Ot |vat ioNn __95F & < our moethod for 8 PMUs DTWS — decision tree with surrogate split
X ~ ~
< 90 N O —©&— our method for 13 PMUs A
S g5 | RN T ¢‘§ — &~ DTWS for 8 PMUs 100%———?*————1 ————— XX -k
3 a0 | =] RO \—o— DTWS for 13 PMUs S o5[ e a... 1
Problem < 2 e R ]
@ S ~o- 3 | T
description Tro,@t £ . 1
p 65 ! . N L ! ! ! L | ! °c~ = T Q...
0 1 \)1‘ 6 7 8 9 10 11 (%6 cZ) sob T Q... 1
gy Number of Missing PMUs 25 . . . . o T, &
%N n Tree as the learning algorithm \Q&’ 0 1 2, jumbecof Missiéhg PMU° 6 v/
M et h Od o I g} ! S — decision tree with surrogate split '\Q) (a) Average 10 Faults
- RFSS — random forest with surrogate split ‘\( A
Featu re SE|eCtI0n 5 1bust DSA e DTWS Q@Sf Proposed Method ~ %-- Robust RVFL
= = = for Contingency 1
Statl.Stl.C. error analy5|s Q> or Continge (
Credibility evaluation for Contingency 2
Rand ized | i ~_ Robust DSA 100

DTWS Method
for Contingency 1

Online assessment

(o]
o

DSA Accuracy (%)

Real-time assessment DTWS Method 85
o o for Contingency 2
MISSII‘Ig data ~ DTWS Method
for Contingency 3

%curacy (%)

Transfer learning

~
o

RFWS Method

for Contingency QD 65 |

RFWS Meth 5 6 7 8
. | . | A | | for Cosminet 5 Number of Missing PMU
TR (a) Average 10 Faults
&9t NANYANG 0 1 2 I 5 6 7| RFWS Met
TECHNOLOGICAL Number of Missing PMU ~for Corffingency 3
% UNIVERSITY Y. Zhang, Y. Xu, et al “Robust ensemble data-analytics for incomplete PMU%surement based power system stability assessment,” IEEE Trans. Power Syst., 2017.

Y. Zhang, Y. Xu, et al “Robust classification model for PMU-based o @ower system dynamic security assessment with missing data,” IET Gen. Trans. & Dist., 2017.
C. Ren, Y. Xu “A Fully Data-Driven Method based on Generative Adversarial Networks for Power System Dynamic Security Assessment with Missing Data,” IEEE Trans. Power Syst., 2019.
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100

Accuracy (%)

@ %> NANYANG
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©o
N

© o
[ ©
T T T

©
S
— —

B Transfer Learning-Using One I@del to Assess Many Unlearned Faults

,{A
6Q’At Offline Stage:
« DSA model is the classifier based on hybrid ensemble learning model.

o — e — e — s — e — —.

Real-time Measurement
(Power Generation, Load Demand,
Bus Voltage Magnitudes

i

|

! Trained Fault 2 =
l No A

. 4

| Target Do%h-b

! rd

| Unlabele \ting Data

. (Unfor It Condition)
Y

gure Transformation
DSA Model l

|

|

|

|

|

|

| .
' !
| .
| ~ Q 1
i Hybrid Ensemble 0

| ELM RVFLW *
| ;

|

|

|

|

|

|

Historical DSA
Database

Feature Selection

» The RELIEF-F algorithm is used to select the critical features.
At Online Stage: Aq’é

Feature transf@g'nation and transfer learning via minimizing marginal
distributio %nd conditional distribution differences between the
unknov;@ atures and the known features

Source Domain

Labeled Training Data
(Known Fault Condition)

Transfer Learning

Minimize Distribution

I

| ) ¥

i | Marginal | | Conditionall
I

N . Adv es:
-—» S
! - o . Q\smg One Model to Assess Many Uéﬁsarned Fault.

Q
Q The correlation between differe

|
!
! )
|
|

| | | ults can be revealed, thus different
. Activate Preventive Control .
TR ! _._._.9_"_@_.__,@ faults can be aggregated as 0{@.
LOnIine Testing Results XN Mutual Transfer Accuracy
\ Q}'Q Z \Q 100%
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