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A power quality disturbance identification method based on ISSA-XGBoost

SHANG Liqun, LI Chaobiao, DENG Liwen, HAO Tianqi, LIU Han
(College of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract: To solve the problem of redundancy and low recognition accuracy in traditional power quality disturbance
recognition, this paper proposes a method based on an improved sparrow search algorithm (ISSA) to optimize feature
selection and eXtreme gradient boosting (XGBoost). First, the power quality disturbance signal is transformed by
S-transform, and 61 kinds of power quality characteristics are extracted. Then ISSA selects the optimal feature subset and the
optimal parameters in XGBoost at the same time to eliminate redundant features and improve recognition accuracy. Finally,
the power quality disturbance is identified according to the optimized feature subset and XGBoost. The simulation results
show that the method proposed can effectively select the optimal feature subset, and efficiently identify 19 kinds of power
quality disturbance signals in a noisy environment, and has high recognition accuracy.
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Fig. 1 XGBoost algorithm flow

Oy = YUY @)

A BRI L RO T RE T 5 m,,, R

ANINGR R BAE AL IR AT O PSR A% I 454
LEZIV5|

1
Q(f) =Ty +51||w||2 (5)
Keft: y o ANIENALSEG T 9074 S

leaf

@ AT R BUE

4 ET ISSA BIFHEIEREFEF XGBoost B

i
4.1 BUHMRERZREE

i E PR 72 $8 R B 7% (sparrow  search algorithm,
SSA) IR 142 PR FEAAR ) 0 B R &7 8. 7R
e, BRI E IR . KIE BA
BT ()36 L E , A R P At 5 & XS A 7 [
T ER B R A B A B IR . SRR
o) 1) s 6 I HUE R AR I e I, R 2R X
CARZIPSE/IR RS AN

YRGBT, FFEAT e X IR, B
FHIERIKBOZHIEIN, RIE BT E 20N, A
Gy 1142 JRy e L% 317 s BRBE 2 7E 1) e s B AL B
S tH SRR 1) TR SR I 00, PR 24
PEIRFE: EREEIEAUE, BRE MR PUE E
A Ty LR s A s . &5 A b 3 A1)
AL, ASCIELR 3 AT SSA #EAT it .

1) FIABEBE R T A SCHE R I A B
AR, EEGIAN E— R REAAE, eI



- 118 - W) 2GR B4

FALE R E—ARME A BN R RIS
oM, T 7 1R SE RN R s LA . e4b,

] DU AR A E Y, e RIS B
ST A GBS RER T, EEARYTAR T 5
KB, MRS RIRER, RS HHZ i
ANBCEAR, DUEAT SRS R4 &R, e &

LW SIUR E o RS 48 R 7% (seagull optimization
algorithm, SOA)H {7 JE 28 1% K+ 5 W SIOK, 2 =i 1
R, AXHENERE p KH SOA HhifdELtE:
Wi R, Hork B ORI S 5 1 R s A B B
77 Al = 6) =X (7) -

2
p:2-(2-;‘ij -rand (6)

Y XL 40 LR =S,
Kt p RORBUE; rand H[0,1] EIMBENLEG ¢ N
ARPERREG T, R RIER S X[ RoR
B ol POERBTRREALE; X RORTES -1 1ki%
RITRRAE I BEERI L X, F0Rss ¢ YA R
H; QRRMMNEIES D MRIENEG L R K/
Fxd 4 HougmN 1 R R, %/x[0,1] H—A
BENLEL, BIZMAE; S, RRTE[0.5,1] B4 fE.
2) levy KATTRME . 7 ERRE 1AL & FHT A X
I levy KATHRES . levy RATR—Fb KRN E R
NEZE A3 A FIBE AT A, FnT DA7E R R B ik A iR
EPCER R AL . AR TR 2 A AN E )
P AT A, FRA levy WAT SRS, it
Je I ER B 2 B 5T A S =8 o

X — X
Q'exp( W()rst.2 i,j J, l >g

t t—1 t
tH:{KJ+wﬂf - X)), R, <S5, -

t+1
= 1
Xi,.i -

XK +|X,‘z,j _xm

best levy best

AL, HAtb

)

A X RRUITREME: K, &R UTH

BEHLE K, A" =A4"(44")"', AT NPREF 1
-1 JCEM) I x d 4EHFE .

levy ¥ATHIBENL D KRR A R =) Frr.

Ky =— ©)

levy — |v|%
K w Ay ERARMIEZS AR — I x d 4E11 18
BUERE, H u~0,07). v~(0,1); pBRWE, HMEN
1.5, Hd o, i (10)Frw.

r1+p)- sin(nﬂj
o, = z (10)

[(j+ﬂj¢,giﬂ

2
3) HIEMNTRAE . RS . RSO R E AR
S SRS FE B AR B AS S ) 2 2] SR i\ 21 SSA
o, FIFHE R 5 SRR E A BT IR A A
W mRADFR, M r>05 0, RAGHEZE
Iy SFIEHEAT IS X4 r <050, RAHEEREE)
A 2 S SR EAT IS o P SRS 1) I A 75 5
Rk R 2 (A, FRETEAS R AL 1A
1)3E B
(X, = X0 )+ 1, (X — X, ), 7 = 0.5
Xpest — {xub Xy | X T X n Xpest r<05
2 2k, k,
X x FBRGTIREZ RS ERRRE N &
rv s 1 A[01] EIBENLEL x, x, 2 AABRE N
BMEUE TR x  ARIE, x, BRI, X,
N 3Rk, NARIE T, $E X A, BIER
B BUNOARUR TR X TERE R, TECK
(LG TCR T WAE B . AR R RE SRV IR A, A
SURAE AT ISR, T e AR B, R
SCUHAE TR T k BEAT Bh AR
k=exp(1+10°(t/T,, )"*) (12)
TSR EN EA—E R G B A E
RRSORE . R, T R EEEEE, R
DB RIS SR e 2 AT AR R B ARR G R . RA
AR SRS N EAE AL T TRAG MR, A Sk AT 4
BE. BARM B KT LARIR R (13).
,{mwﬂmu<ﬂm@

(11)

Ko S () = [ (i) ()

Rosbe x JRA SO E IR B £ (o)
SRR BB R ERE: () BB
o L R 5 5 1.

GBLE 3 O EGIERR) 1SSA Mk
ik

) VR P SRR T,
I H P, SR KIS, | RIS, BN

2) H YRR T ELE R, i FHE
2 1 LR R A

3) ML 5 L 036 152 0 4 1 2
B, SLHR )T B

1) AR E N IRNE % HeTR R (8) 7 B
i



f LA, S

F:T ISSA-XGBoost [ HLEE TR BRI 7 iEH AL - 119 -

5) BELERE—E LBl R AV E v B, T
B AL E

6) MAEWEZR P, EFERE T2 73 TN AIE i R
S a7 > SR A FT e AR AT 0B, AR

7) ARAEFAERNA(13), Hise & S TOLE SR

8) FUWTIE Ik B A, BB GE R KA R
TR, BWREIEE 3);

9) FEFEH, fitias R,

4.2 RACHFIEIZEEFD XGBoost LR 5

S A HFEILH) 61 AL FT BEAFAE JC H By
fiE, [EI; XGBoost 141 BAEIR KRR Eue T
BRI PERE . A SR A ISSA AL KRR AIE & 35 A0
XGBoost 4,

e, BIRERFE S BERARRAE R R . R
R HR: 1) FRFR S BRI 61 1
FHIE, 61 MFERAE RS 0 801, Hrp 0 2R
ZRHELEFE TR, 1 RN E4E A R 2) Ak
78 XGBoost 124, % 1 It T XGBoost H
ZHHIACTE -

% 1 XGBoost &#%&
Table 1 XGBoost parameter table

XGBoost Z#{ bieA
eta [0,1]
max_depth [0,00]
gamma [0,0]
subsample 0,1]
min_child_weight [0,%0]
colsample_bytree 0,1]
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Fig. 2 Flow chart of feature selection and parameter
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Table 2 Test functions

AR Y s L
f=2x [~100,100] 0
i=1
fo =2 (x] —10cos(2mx,) +10) [-5.12,5.12] 0
i=1
f,=418.9829d - > x, sin( \x,.\) [-500,500] 0
i=1

BT A S R B R R E Y 100, SEARIKECN
1000. PSO &ZkHy, WEBERE T w 7 0.729, 2]
K7 C, F1C, 58 1.494 45; WOAHF, & E 5 S5
a M2 RHEIEIRE 0; DOA 1, WE AR S N 0.3;
SSA FIISSA w1, KILE LLL PN 20%, EH# L
EE S, 7 20%, ZABIfE S, 79 0.8.
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Fig. 3 Convergence curve of test function f
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Fig. 5 Convergence curve of test function f;
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Table 3 ISSA parameters

ISSA %4 HE
R H R 5
ERIHL 20
R L 0.2
s ikt 0.2
BAE 0.8
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Fig. 6 Accuracy comparison before and after

feature optimization
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BRBYF). BR4TLEH, FE8RIED, ([F50
FWF IR, TR R B2 080
{5 MELL A 30 dB B, ISSA-XGBoost X 2584, 7))
AN SR B HER R AT LA E 98.63%.,
{EMEEL DY 20 dB I, RERDCPBN PR A
IR LLIEH] 96.28%. 453K Y], ASCHE M I I7E
IPRBOR R HEBIERR, A5 2R A R .
F 4 FEMEHER TIRAERZER
Table 4 Recognition accuracy under different noise conditions

PR /%

R ESE

40 dB 30 dB 20 dB
Cl1 99.17 99.17 97.50
C2 100.00 100.00 99.17
C3 100.00 100.00 99.17
C4 100.00 100.00 100.00
Cs 99.17 99.17 91.67
Cé 98.33 98.33 91.67
Cc7 99.17 99.17 97.50
C8 98.33 98.33 95.83
c9 99.17 98.33 95.83
C10 99.17 99.17 98.33
C11 97.50 97.50 96.67
C12 99.17 98.33 96.67
C13 99.17 98.33 95.83
Cl4 98.33 98.33 95.83
C15 97.50 96.67 91.67
Cl6 99.17 98.33 97.50
C17 98.33 98.33 97.50
C18 97.50 97.50 95.83
C19 99.17 98.33 92.50
Fi 98.84 98.63 96.28
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Fig. 7 Identification results of different classification models
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Fig. 8 Fitness change curve
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Fig. 9 Identification result of different optimization algorithms
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Table A1 Mathematical model of power quality disturbance
RIE it B ZHGEH
TeHsh(Co) ¥(t) = Asin(or) A=1pu;o=100x rad/s
LR # TH(C1) y(#) = A[l+ a(u(t —t,) —u(t —t,))]sin(wr) 0.1<a<0.T<1t,-t, <9T
FL IR FR(C2) y(t)=A[l—a(ut —t,)—u(t—t,))]sin(wt) 0.l<Sa<09T<t, -1, <9T
FL IR HH KR (C3) y(t)=A[l—a(ut —t,)—u(t—t,))]sin(wt) 09<asLT<t -t <9T
HUE 25 (C4) y(2) =[1+ Asin(kar)]sin(wr) 0.1<A<0201<k<04
N - . ey 0.1< 3, <0.8,0.57 <1, —t, <37;0.008 < 7 < 0.03;
MABWRF(CS)  y(t) =sin(wr) + BV sin2nf, (¢ — ) u(t - t,) —u(t —t,)) 300 Hz < /, < 900 Hz
B kIR(C6) Y(2) = sin(er) + By (u(t —1,) —u(t - 1,)) 1< 8,<10;0.5T <, —t, <37;0.008 <7 < 0.03
7
IE(CT) y(t) = sin(ot) + ZSin(nwt) 0.05 < a;,a5,a, < 0.15; Zaf =1
n=3
7 - 7
R+ (0 = A+ a(u(t = 1) (e - 1,))]sin(er) + Y sin(ner) 01<a<O08T <-4 <IT;0.05< a,,a5,a, <0.15 Y a’ =1
I H(C8) pc
By 7
PR BT () = ATl = a(u(t — 1)~ u(t ~ 1, )]sin(ar) + Y sin(nar) 01<a<09:T <1, —1, SIT:0.05< ay.a5.0, <015, Y & =1
1 (C9) n=3 - )
by 7
%EJ\EEP%M () = All = a(u(t = 1) = u(t = 1,)]sin(er) + Y _sin(ner) 0.9<a<|;T<t, -1, <97T;0.05<a,,a5,a,<0.15; > a’ =1
L (C10) =
AR 7
L‘”‘i W2+ ¥(t) =[1+ Asin(ket)]sin(et) + D sin(not) 0.1<2<0201<k<040.05<a,a,,a,<0.15) a, =1
Wi (CLD) pc
IR P () = All+ a(u(t —1,) —u(r — 1)) sin(er) + 01<a<08T <1, <IT;0.1< B <0.8;
HAERH(CI12) Bie N sin2nf, (1 — 1) ult —t,) —u(t —t,)) 0.57 <t, —1, <37;0.008 < r < 0.03;300 Hz < f, < 900 Hz
BT R+ (@) = Al - a(u(t - 1) —u(t —t,))]sin(er) + 0I<a<09T<t,- <IT;0.1< B <0.8;
HAERH(CI3) Bie N sin2nf, (1 — ) ult —1,) —u(t —1,)) 0.57 <t, -1, <37;0.008 < r < 0.03;300 Hz < f, <900 Hz
B [N A5+ (@) =[1+ Asin(kat)]sin(or) + 0.1<A1<0201<k<0401<p <08
ARG (C14) Bie N sin2nf, (1 — b)) u(t —1,) —u(t —1,)) 0.5T <1, -1, <37T;0.008 < 7 < 0.03;300 Hz < f, < 900 Hz
7
W+ y() =sin(ar) + Y _sin(nar) + 0.05<a,a5,a, <015y a; =1;0.1< 5, <0.8;
2 = e n=3 . X
AR (C15) BV Sin(2f (=)t — ) —u(t —1,) 0.57 <t, —t, <3730.008 < r < 0.03;300 Hz < f, <900 Hz
IR P y(0) = Al + a(u(t - 1) —u(t - 1,))]sin(or) + 01<a<O08T<t, -1, <IT;1< B, <10;
FAH(C16) Boe T it — 1) —u(t - 1,)) 0.57 <t, -1, <37;0.008 < 7 < 0.03
T P+ y(@) = Al - au(t —1,) —u(t - 1,))]sin(er) + 01<a<09T<t, -1, <IT;1< B,<I0;
HAsfka(C17) Boe™ T (ut 1) —u(e —1,)) 05T <t, —t, <3T;0.008 < r < 0.03
L I A8+ y(@) = Al - au(t - t,) —u(t - t,))]sin(ex) + 0.1<A<0201<k<041<p, <10
HAMka(C18) Boe™ T (ult — 1) —u(t —1,)) 05T <t, —t, <3T;0.008 < r < 0.03
D 0.05<a;,a;,a, <0.15,) a, =;1< B, <10;

BN (C19)

y(t) = (sin(a)t) + 27: sin(na)t)) + B I it — 1) —u(r - 1,))

0.5T <1, —t, <3T;0.008 < r < 0.03
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#< A2 61 # PQDs #F{E
Table A2 61 kinds of PQDs characteristics

PQDs #FIE F. F, F3 F, Fs Fs F, Fy Fo

Sa S S s o o fm foo — Joo Sa
Tinax S fs a5 S — — —  —
Tnin S fu s fu fuo o — — — —
Trnean Jo s — s Su — — — —
Tsa o fie e — fis — — — —
Tims fo S S fs — — — — —
Frnax fofis s 1 fie fo fss — —
Fhin S fioo oo s fuo S e — —

Finean Soo o — o S Sz o fo — —
Fia Sioo fr oo — S — S o — —
Fims S fo o fooo — fao S —
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