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Table 2 Disturbance mode recognition accuracy of

identification results of actual signal data set
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Recognition of composite power quality disturbance based on

improved incomplete S transform and LOO-KELM algorithm
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(1. College of Electrical and Information Engineering, Hunan University,Changsha 410082, China;
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Abstract: In order to solve the problems of low efficiency of feature extraction, and inability of classifier
recognition and learning speed in composite power quality disturbance classification,a composite power quality
disturbance recognition method based on incomplete S transformation of adaptive window and LOO-KELM
(Kernel Extreme Learning Machine optimized by Leave-One-Out cross validation) algorithm is proposed.
Firstly, the window width coefficient of S transform is adaptively adjusted according to the selected main
frequency, 59 kinds of PQ(Power Quality) characteristics with high time-frequency resolution are extracted.
Then through LOO, the minimum prediction residual sum of squares is obtained for the kernel extreme
learning machine output weight optimization. According to the extraction of PQ feature set and the optimized
kernel extreme learning machine, the identification and classification of compound disturbance are realized.
Results of simulation and measurement show that the proposed method has higher classification accuracy
for 16 types of mixed power quality disturbances under different noises. Compared with the existing composite
power quality identification methods, the proposed method has higher classification accuracy and shorter
training time.
Key words:power quality;composite disturbance classification;incomplete S transformation of adaptive window;

kernel extreme learning machine;leave-one-out cross validation
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Table Al Calculation results of window width factor at a particular frequency

B [Hz EEAERES $i# [Hz T
50 0.01 550 7.23
150 0.27 650 9.41
250 1.29 750 11.28
350 2.93 850 12.61
450 4.99 950 13.24
& A259 # PQ $HEE
Table A2 59 kinds of PQ characteristics
PQ FHiE THD max+min max-min mean std rms Sk Ku En
Ts — F1 F2 F3 F4 F5 F57 F58 F59
T max - F6 F7 F8 F9 F10 - - -
T min - F11 F12 F13 Fl14 F15 - - -
T mean — F16 F17 - F18 F19 - - -
T s - F20 F21 F22 F23 F24 - - -
T rms - F25 F26 F27 F28 - - - -
F max F29 F30 F31 F32 F33 F34 - - -
F_min F35 F36 F37 F38 F39 F40 - - -
F mean F41 F42 F43 - F44 F45 - - -
F a F46 F47 F48 F49 F50 F51 - - -
F s F52 F53 F54 F55 F56 - - - -
3.0
25Fe ® ) ; ,, g °
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515
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YIERFEA
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Fig.Al Ty values of KELM classifier before and after optimization by improved LOO method
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Table A3 Complex disturbance model of power quality

R[N

,n:, +.,

ER=y i

ZH

BRI

T+

PRI + 8438

rh BT+

P+ 2

P17+ 2

B E+IR

TR

S(t) = {1-k[u(t,) —u(t)1} [sm(a)t)JrZak sm(ka)t)}

S(t) ={1+k[u(t,) - u(g)] [sm(a;t)JrZak sm(ka}t)}

S(@t) = [1+asin(2nﬁt)]{sin(a)t) + Zak sin(kwt)}

S(t) = {l— klu(t,) — u(tl)]} |:sin(a)t) + iak sin(ka)t):l
k=2

S(t)={1-K[u(t,) —u(t,)]} [1+ersin(2m3t)]

S(t)={1+k[u(t,) —u(t)]} [1+asin(2rpt)]

S()=1{1-k[u(t,) —u(t)]}sin(et) +
aexp[-A(t-t)Isin(Sat)u(t,) -ut,)]

S()={1+k[u(t,) —u(t)]} sin(wt) +
aexp[-A(t —t)Jsin(Set)[u(t,) —u(t)]

01<k<09
0.5T <t, -t, <30T
0.05<a, <0.6
01<k<09
0.5T <t, —t, <30T
0.05<a, <06
0.1<a<0.2
5Hz < f < 20Hz
0.05<a, <0.6
09<k<1
0.5T <t, —t, <30T
0.05<a, <0.6
0.1<k<0.9
0.5T <t, —t, <30T
01<a<02
5Hz < B < 20Hz
0.1<k<0.9
0.5T <t, —t, <30T
01<a<02
5Hz < # < 20Hz
0.1<k<0.9
0.5T <t, —t, <30T
0.05<a<1
15<4<130,10Hz < f < 40Hz
0.1<k<0.9
0.5T <t, —t, <30T
0.05<a<1
15< 1 <130,10Hz < 8 < 40Hz
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Table A4 Time-frequency information of disturbance events of actual grid data

ERTIE i St Pah kA S g b £ 1H AFEA: S AR bR £ A8 MENRAJEWRIHz  R5E4 S IR IHZ

It 1.4910 1.4900 50 50
b 0.0596 0.0497 50 50
H 0.2459 0.2485 50 50
{144 0.9993 0.9927 50,150,250,350 50,150,250,350
] 1.0540 0.9993 50,420 50,450
Jik e 1.337 1.007 50 50
NES 0.8210 0.8260 50 50

B R+ 0.3128 0.3339 50,150 50,150

BT+ IE 1.4060 1.486 50,150 50,150

HFEHRYG 0.5322 0.5305 50,750 50,750
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