F 51 % % 3M AHIFERFFROE AT R Vol.51 No.3
2023 %5 A Journal of Henan Normal University (Natural Science Edition) May 2023

XEHS:1000-2367(2023)03-0123-08 DOI1:10.16366/j.cnki.1000-2367.2023.03.015

3T MVMD-CapSA-DBN Ity Tl % se 1 faf 7 RiF 53

BAHR RGP R, SR, S RNE L RS EZ2RL T
LB BT 5 15 B TR e 00 WA 23200152, [0 B % 04 b A1 A HLZA 1 40 230001)

T X0 2T g O R ) Sl ST R R R O A R A R S L S R e B Y 7 A
A e e # , S2 B X W, 7 A0 AT B R 2 A BB T 22 00 90 fer A 3 ) A R I AR AR L 32t MVMID-CapSA-DBN it fif
AR R Bt ) R 45 L o D A9 AR 43485 S 43 f# (Variational Mode Decomposition, VMD) ¥ 54 35 43 i . 15 2 5 R
SRR Z2 A B 4 s 225 BB A i BE R (AR A RRAE s B R B 0~ 1 bR vl Ak A BHE VE Sh RRAE RO A 4 R
$# & 51k (Capuchin Search Algorithm, CapSA) 1L S 55 19 ¥R B & 15 W 4% (Deep Belief Nets, DBN) {55 4335, 5L 40
TERA BTS2 BT Tl 22 50 97 fof 00 10 2050 28 B AR HE B R AE 88.89 Y0 22 A7, 40 B0 i 43 2K i B K T 1k 100 %4,

SRR < b ) G0 s AT A2 s AR MRS O A s TR I A U4 s 5 R R Bk

FESES  TM714 XERFR D A

H, g 70 £ B9 E R AR S AT DA M SE I I T RS E s AT R R TR IR ) RG MR L& UF &
BT HE Y IBAT 5 BRI BT 45 28 B AT R L P I ER A b R AT R SR A B R ] A3 B R A R 0 SR A A B
IR TAR L Ak i S5 R B T H BRI R AR L B P R 2T B

H FTET X H 7 G far 00 23 20K B B - i B 5 32 AR 5 T 25 - 1) BRI A B B O T S DA ISP AT A i
P55 R B A RS D A2 R A5 B A5 5 FA /N A 140 5 2) X S far B0 % 4 26 05 O L AL 4
Bl 2% > TR BE 2 ) 25 )y B R A7 B mer S L o 2R 0F 5T, etk SR 2R AR P A N 4% 25 5 1R A R B 43 i (Empir-
ical Mode Decomposition, EMD) 4y [ 1 R 43 i J5 1%, #6455 4 g vh B 430 1712 4o % N FILH EMD,
O3 i I A S O T A AR BR AL 2 MR TS AR R B SRS S AR R AT A 28 L 20 20K HE A BB v 5 B ST Ol
P i 5 S WA A, R AT EMD 25 6 0 i o3 i AR AE 42 0 20, B2 8 T 0 S L T AR A0 B A il
(Variational Mode Decomposition, VMD)"™ RE W% 1R i 5 IR A% 25 1R B | Uity 4 8500 55 Bk 4, BT DL — 22 42 L il 1k
I FH BUAE 5 4 il 77 1, FLAE L ) BT 40 A O T80 2R IR AR G B S R AT AR B RO AR K F Ty R B AL R D B
BCRR IR [) L, Sy T e TS B A VMDD X6 AR K v B 367 4 AT P R A AL B S 25 R B IE T HA AL
PR B s 5% A6 R A VMID X B AL 43 il A L B T FCM SR 2R 32 30 AC S50 3 1 19 ) 8, 52 3
1L B R 23 28 AHSR T VMDD XEHE 5 23 A, L0 A BRI 22 90 N R E B A E P T ERE PEAR
iy DRI AR SR R 57 b o D)X G el L 40 A ey AR

I JUAF 2R FHUR B2 2 2 T00I 43 2607 - T L IR B {5 481 (Deep Belief Nets, DBN) A Jy 43 28
7, T RS AL 3, F5 R 0 4 (55 0 20 A )iz i Lk 2 AR S A RS 12 N AR AR A R
TR S50, 5 A fie KA G B S8 AR i R DBN X BT 58 19 3 2R 7R sl 7k 43 2 e R A 5] 95 %,
1 225 ) 245 1) 2 B0 0 5 L R Tt AR KL R X i 28 X 4% ) S0 BRI L 51D AR SRV 8 T 1) e 22 T 25 A
b, B4 3T A5 N1 ) A A bl 22 ) 46 b oA Sk Ja 0 0 ar T, A Xk 0 B 28 I 4% 5 B A D 8 e AR D 4 R 8 R
FE 77 55 W R s AR e g F %) R SR D AR T 5 o 428 T 8% 110 45 ORI 2 80, A 804 v 0 A B

Y B #1:2022-10-18; f& [E H # : 2022-12-29.

E&TH: BEH MR ITRI(2018YFC0604503) 3 42 B4 H 98 B 27 5 4 g I 116 P Bk & 55 4 T 20301 B (2008085UD06) 5
LR P E R L I(201903a07020013) 5 Z BUR A AR B AF 58 8 S 300 H (KJ2021A0470).

PEE B A T AR (1965 —) , B 2RO m N, LB TR F 208 1t 1A R0 53 0 1 Dy St Fi A A 3 AT 2001 55

BIEESH K5 F,E mail: 1437323718@qq.com.



124 T IR IL K FIRCA RAF RO 2023 %

SR & T H g G A A Bk 2 B T A PR AT At /D e B A 70 A T AT 43 SIS B T 8 i RS o R 4 S I
G AT X R 3] B, 32 ) MVMD-CapSA-DBN A58 8% Tl L g 67 i 23 2.8 58 R A5 1 v U ok o £ ¢
VMDY AR VMD 43 fife i WS 5 20 i 42 BCRFAE AR 4 SR A 19 Tl #, ) 67 far A0 B0 2 0 B
FO 4y 2 in) %k ) DBN 43 25000 ) Bt 25 8 DBN S B0k 45 5L 52 5 K0 1) f, 42 R 6 R 48 R Ak
(Capuchin Search Algorithm,CapSA)" ™ {4k 3F DBN §2 11 4 K 19 2 %1

1 EBENA

1.1 MVMD-CapSA-DBN #% &I i 12

B Tolk 2 5o i ) i (545 55 32 T4 CRRAEAS BH S A9 5 A, #8257 58 F MVMD-CapSA-DBN 43 28 {55 5 15
T 1 5 MVMD-CapSA-DBN Ji 82 [&]. 15 5% . i 1l MVMD %} 22 50 9 4 (0 5 A5 540 . 15 28 b EFa i £
AP 2 5 T CapSA-DBN L5 2 e i 2 50 DBN #ih 28 J 4%, $2 B £ 0 6 ff & MVMD 43 I 1 £
B HERRAE ) L B AR AR E B9 DBN #2251 45, 38 3 soft-max #EFT 025,

P T VA SRR ok TR S8 VMD B S O i RO Al 28 5 N D W E R AT RE R L A3 i o iR E
1 5E R A% o 5 AR 5 A G R B E i E o A S U o A o 1Y BB B BPOR R AE o, RORBE
I T s B R AR 4R BE A R T4 b2 I 2 A2 W TR L S SR TH G R 48 R B A Ak X DBN 43 28 45 5 i
BMRKMSE IR DBN 4r 2R e B2
1.2 it VMD N+ 48
1.2.1 VMD JF#

VMD %t F 4 24 Ak V- Fa bt 6] 7y 51 455 5 04 385 17 B 3F 3 4 ™), e v oy 60 feg 85080 o i 4% T 18 A XL VMD 43 i
F14) T 0 S IO e A) S8 RS A A28 4 ) AL, SR At 24 RS 4 ) 51 e A i

L({uk}’{wk}’k):a 2

2

+

2

9(”{(6(:) +i) *uk(z)} e M
it

[r = D@+ aw. o = Dur, D
k : k

Horb o BEESTIN T34y Lagrange e 55 f () NI ARG I RAG T 5 {us ) = {usun s oo sun ) NN K A
Borit o) ={o oy ok ) HHUDIIE 6 () S B ik B A« B RIS 5
KA E T7 In] e T 5 B (Alternate Direction Method of Multiplers, ADMM) 5 351 3 0K g #% 1 La-
grange 2 (1) B 82 40 FEM N AT BT 0 s, M HIEARERIA T
Flw) — Doa" (w) + A" (w)/2)

;) (w) = = P ; (2)
1+ 2a(w—w, )

qu | a), (w) |* dw
W) = . (3)
J | a:(w) \Zdw

Vw) =" () +(Flw) — Dal(w), D
kb

B~ BRI IEEME: 2! —a) <e.e IREAIEENREH K DS E.
1.2.2 fF1E#EN
VMD 43 i IR0 5 53 A A8 B0 U B A 0 AH DML 8N B RS o3 i A 23 2o U — S T B R
FEOEAR B, 5 A J5 25 43 S YA 238 5 TR 28 20 i 500t R s A AR T &2 AL 48 VMDD (B8 43 i 80— it i 42 50
P E AT REME 22 T K (B TRAE SR IR LK, Fr DA i —Fh 5 T VMD 3 i 45 Ik vE i 8 K {H.
K VMD 53 5 250 1 10 K A5 540 i IME, AR 52 506 15 5 19 21 B 4, 0 3 02 140 40 1 ok
15 5 FUEAS 5 B AHCE THR 3 05 5 5 B A5 5 I AH OC R o« 1 28 SR /N DG R B € i - /D T (A L 457



% 38 JAFE K% . AT MVMD-CapSA-DBN # T ik % 7T fl # 2 £ FF & 125

ko3 i WL 2.

) CiWaRAErEA & PN
w3 G A
e CapSAMIE1L
45 DBN k=1
¥ [
— f f !
MVMD 43 A i i i
SRS 7, I, S RN
I T T
|
‘ 1 1 K=K+1
o o " HESNRESRAGES
T "y T BN 2 1A% R %
| | WA EE ‘k
NESZEA
I
FEAL )
sy
(A
A b — K E
[#l1 MYMD-CapSA-DBNA AL 777 1 2 wMDii e E
Fig.1 Flow Chart of MVMD-DBN Model [fig.2 FPlow chart of MVMD

1.3 DBN FIE
DBN H Hinton 2006 4E#2H , LLUZ Z FR B /R 24 2 Hl (Restricted Boltzman Machine, RBM) 2 3t A #) A,
REH B 5 — 2 JE 50 IS A A 00 21 M B ol 2 D 245y T TR B 2% 2 B ) BOR L TEAR 5 40 28 T T AR ARG, B
7z 1 43 2 T R
24 DBN £ 2 RBM &, )5 — 2
4 BP M 45 84 B, H 2 25 4 tn ¥l 3. DBN

¥ 46 5 Y1 5 ek B by 1 B0 F — )2 — 2 kA7 (@ coe 0)
F) L 515 B A B FRL 04 A O 0 AT w ol | mrriE
el B B 2L 85— 2 RBM 325 911 5 1 o | (00 cse OO
Y% F— )2 T W B VI 405 T BP0 45 i “ ot T
T4 B U 5 A U — 22 RBML I 4 ( . oo )
ot A G B 1 BP0 4% HE AT AT W IR 1 REBY, T E—
I 5 s 52 BN 2.l il 25 07 2 e e B ( oo e .
A Ja B 45 K AR L 2 3 75 5 45 4iE. DBN i 74 I -
B 2 3 19 1 AR
1.4 CapSA JR3E i3 DBNZ: Szt

CapSA & T 2021 442 H i) — Fh i B 4 Fig.3 Classic structure diagram of DBN

REDL AL A0k A I B 1 10 3 2547 O od
o Xof 4 AR AR ARAK TPl i BRI B AT R HEAT AR Bt T B i AL A R . B U0 R T W S
PR SR R B 35 T A R A 2 A 05 A B B BE A T RE R BE S L IR IR SRR B S AT R
HA T
DG AL FhRE
at=u; +r X (u; —1;), (5)
b, BAR 485 DMK TR 185 S 4 AR E S BSAT R [0, 1] Z R BEHLEL



126 T IR IL K FIRCA RAF RO 2023 %

2) 4 A 3 fim 18 4
r:Boei'gl (’%)ﬁz , (6)
HPL B K Y RT AR KEARR BB, =18, =11.8, = 1. {645 AU H% 2 12 ih SE R R AT R Z Al 1Y
4
80 QBRI qEdE

vy =pv) e (o, o) e (F, =), <7>
Forft, o BRI R s, R AR B F 2R B o) = oao =Lsr o, 3900, 1 2 il b

L& ;0 =0.7.
DFFH aG<ln/2)NE
[l +eCu; —1;)]e <0.2,
PP, (v))sin(20)

ef" bf

j 90.2<€£O.3v

) g
L = ) (8)
T2 0,03 <e < 0.5,

F;, +7P,;sin(20),0.5 <e < 0.75,
F;, +<P, (vj. —v;;l ),0.75 < e,
Krfe MLOLUIREHLEL ;s 5 R AE G2 S R P, =9 P R Py, =0.7; S B g B 9.81 m/s”;
BRER AR 0=2/3r.
DIBFH (n/2<i <n) L &

I;:%(x}er; DB 9

&R B R A R R O A R B AR IR LRSS R FREY B FREE . E s B Y
Bl o S AR S0 A B B ) B A Ao
1.5 CapSA {4 DBN

DBN 1 5 [ 26 2 S50 B & 2 HOR B & JE A &on A BOa 25 R gm0 9080 R . DBN B
P2 B & R IR B 2 ) RCR @ AR A, T IR AL B & 2 A2 3 & m, 2 2 I o, f2 & )2 RBMI Al
RBM2 4 #f 28 TeA B 45 R 52 ma 88K, BT LAXE DBN [ 453 4 S 50EAT 0.8 DBN 4% 25 Rk 245 0 H
#n P4 CapSA-DBN AT .

DIRE CapSA S5, LW Ik 15 B 6 R, F003E L 28 A BOR R KOs AR U EL.

2) 1 E H bR R LK DBN W25 31 2R 254 o T80 51

3) i AN R B 22 MVMD 845 19 47 AiE ] 52 46 BR IH — 405 . 0 70 260 15 R U1 2R 88l

)R (5D W) I A A R A R AR

5) M2 R A) WA W L A A AR i =X (6D BB A iy ok I, AR AR =X C8) A o) BB A R Ak A L A A

) EE IR 5) . H 28BN 2R 8 20k 5 KaE R L.
DIRFFILH A, % DBN M4 25015 &,

2 RWHERER

2.1 SRIEHRE

AR SCAH FH B K8 52 R AR AR B XK U8 T 2021 4F 11 H B B4y 52 D0 KR A0 . A S 6 45 1] A 8 4 A0 45 UK
J7 2R B A ) R R ORI A 18] SR AR B9 A [ H T S A AT S R R RS RO R 5 min SRAE — IR B
A R IERAE 288 AN AL B IS 00 A B dI 2R R/ D 30 X 288, B fif 4 45 R ML CE 41D ERLALCS ) K TR
B ERALCS,) KA LS ) R FHERHBL (S O VA R XL (S5 VR IEHL(Bh 4R il
(S 3 6 67 i 3¢ B H ARG IR AP 4 s AR R SR AR B KT T 76 7 H (8 H JFURHE 4 18] MUB) I 47 ] 42



% 3 JHZAR.F AT MVMD-CapSA-DBN # T3k % 5T fi #r 5 £ PR 127

IRIEATAGLAE L IR 7 50 0 YK diE.

2 000 } 100}
1000 T ' ™ m W g 200 mmmmwmwwmhmmmm s
0 ) X [ 0 ' N ' L S
_ 1000 _ 2000f
= Z 1000
P s, PELT .
1 000 F L 2 000r
2 000 | J ‘ g | ooof ! *“ m l ¥
0 - - . — 0
0 2000 40000 6000 8000 10 000 0 2000 40000 6000 8000 10 000
t/h t/h

B4 ZIsius DIt R

Fig.4 Multi-load power waveform diagram
22 XWAHZE
2.2.1 ffiEdE MVMD 43 fif
W 1 A R FH MIVMID 43 58 4 b 6 far A ) B 5885008 e 06 MR 5 40 il IS K = 3 4 85090 19 AH 6 R 4L
¢, INFR 1 IR,
x1 SMESHERBESHEREXRNE

Tab. 1 Waveform correlation coefficient table of decomposed signal and original signal

Iy e o s
Sy 0.842 1 0.495 6 0.189 0
S» 0.969 8 0.271 1 0.081 4
S3 0.835 2 0.502 1 0.171 0
S 0.778 4 0.690 5 0.292 5
Ss 0.888 5 0.542 7 0.167 5
Ss 0.866 5 0.348 6 0.2151

2 1 AJ 0, % 6 At 4 MVMD 23t #2 b K =3 i, S1.S:.5,.S:.Ss B ¢ /N T B 0.3, H)
11535 S, A8 K =2 B BR A5 1 2508, O 1 DR IERR A ] 3 48 B2 %) — Bk, Oy M5 2 P 28 0 245 1) £ g A
CRE WU RS B K =300 S, B far WS L3 i 3 RS 43 it OB 55 M5 0 oz I an il 5 B el B 5 ATOULEE

TAE S S) & 3 240G, o RS Y © 8o i s BRI IR S i B4, Uk WY 4 1 45 1k o
WA 3%, 7 22 70 B far 43 285 v .
2.2.2  PREURRAE ) &

HRAE 1 — /N K 45 B far MBS S 0 I BCHE 5 X 3k 29 d B EE MIVMID 43 i, 45 04 0 2 R AE ) 2
T4 4 1k B e S (R AR AT A5 SRR A 1) HE R/ Ry 174 X3 B4 [ , I AR I 4R 20F 1) 2k 1 4 X5 17 A 2% 1) 4 L
ZHEMER /Ny 174 X6.

2.2.3 CapSA 14k DBN M %%
MR 1.5 /N5 Frik , L] CapSA XF DBN M5 8l m 2% > L F o DL KB F 2 RBMI1,RBM2 [ #fi £
JCN BT BB CapSA 1] 4 2 B 2.
2 CapSA SHIEE
Tab. 2 CapSA parameter settings
FRE AL Bk AR OB 1% 2 A5 k1R A5 TR
30 50 4 [10.1 20 20] [0 010 10]

WE 2805 % DBN W24 03 8152 254y id Ny B eR R, 47 2 801k CapSA IEALEE RN « =0.994 3,

m=0.095 8, RBM1 il RBM2 fy #0853 51k 15.17.
23 TEHER
¥t CapSA 1015 2 9S50, X DBN W 48 S 801 B L 4 A 2 70 7 ff R4 ] 1 5 65 28 5 o 70 26 B4 1




128 T IR IL K FIRCA RAF RO 2023 %

INGRER L 30 Y0 MBI VR R AR 43 2 45 37 2 1E i R 7E 88.89 20 LA L. 181 6 Sy DBN [ 4% Xif £ It 1t i 43
KGR R 3 a5 ARG 1B 6 43 2845 BT Ge i 1 43 S Mk aff 13 .

MRPGE 6 DAL 3 B R al LIS . S A v fl B8 A LU A At iy 504K, L0 2RI 260 S AR BIE 18] 4 mf
DI RAE W Ss 5 S, BB AR &, B AR5 X 73 B AN w5 o T B OB B 68 DAL e i DA 1X 2

2 000 5, 2XU0TE ‘ s,
1000 | | H ‘ o ’—i—‘ P
4.0 —4.
. . . 0 . . .

0 L]
2 000 ,A.\_V‘UM}EF)« 9% 107 F IMF1
or 1X107 l
= -2 000 = 0
: . &
1 000 b M2 o100 | IMF2
O 'A l ¥ " I MII\_ " A ~
M \ LI M X 10° - L
-1 000 : : - : : 0 . . : . . 1 .
1 000 | IMF3 5% 101 IMF3
0 P Iy b |
-+t ] -t
-1 000 : : : 0
0 4176 8 352 0 4176 8 352 30 20 10 0 10 20 30
t/ (5 min) f/kHz
(a) S B M5 miu K (b) S, Fe KA w ik el

5 S, S 3 e % F Hond AT P
Fig.5 8 load decomposition waveform and its corresponding spectrogram
R T U8R AR A A A o A M LR R R AE B X DBN S5 AT AL L B 7 A CapSA AL B i 5 KRR
B (GWO) Rl KA R AL T % (MFO) X DBN 80 Ak 11 25 51 % LL ],

o 0.20 f
6 * PR — —— MVMD-CapSA-DBN
- 0.197 — MVMD-GHO-DBN
o @U}iﬁ 6.8 F —— MVMD-MFO-DBN
5F ok T 2 .
0.17 ¢
Al " % 0.16 | X:17
= 9 o.15 .Y:O. 148 1
# un
3t B oo
0.13
2t *
0.12F  X:17
Y:0.111 1
e =
20 30 40 50 60 10 20 50
FEA AR
Fe  yREERE K7 fife s sRa L
I'ig.6 Classification result graph Fig.7 Comparison of optimization results
®3 BREHILERE
Tab. 3 Classification accuracy of each load
1 fof 35 51 S S» Sy S, Ss Ss
WEH B/ Y6 88.89 100 100 100 77.78 66.67

M7 A] DL S H L CapSA W80 B 31 b, 78 28t 17 IRV g R B 2R B A 0.111 1. M e
F GWO FE 41 WaER A BE R B R Hd B e s MFO R 2545 AR 17 IR 2235 B F2 4 0.148 1. 47 %t
CapSA, HFG EAL T 33.30 %254 L, CapSA ) HE R R R f 4F-.



% 3 JHZAR.F AT MVMD-CapSA-DBN # T3k % 5T fi #r 5 £ PR 129

3 & &

AT G R Tl A 7 v Ay A B B A AT X LA B A Q] AR 23 S AT TR IR A R R W] . DA
T 45 1 7 DL R AR 53 RS 0 A 1) 0 A A S A ok B, A 0 S T A% R AR A AR A3 A 1 4 A 43 o e R T A 1Y
RO P o 88 53 i o3 o A AR o 35 07 P B R il /0 3 22 Yk S 6 i T AN o P TR BT R R R A i R s 2R
i CapSA 4k DBN Bk, Xt GWO MFO ik 45 58 . CapSA WCSGHE B 5P, 5 GWO B2 AR i 18] 5 451k
BN R 8 MFO K BE A T 3 85 AFUEE X 670 A it 2R R0 R 85 508 20 1 1 ey 0 288 285 SR AS BARL, 47 5 Bl i L X
2 o SR T B ST I U 1)

2 % X #

(1] Rt Broads, o 45 6 T IR B0 I 406 1 W 0 B r U [T e TP R 241, 2019, 34(19) 1 4135-4142,

XU C H,CHEN K X,MA J,et al.Recognition of power loads based on deep belief network[ J]. Transactions of China Electrotechnical So-
ciety,2019,34(19) :4135-4142.

[2] A1 g . S RAE 2T EMD-CNN-LSTM {4 A5 2 i 4 30 v ) B 000 (7). AR b r g oo 22 4R CRAR B D 2022, 49(2) : 81-89.
XU Y,XIANG Y F,MA T X.Short-term power load forecasting method based on EMD-CNN-LSTM hybrid model[J].Journal of North
China Electric Power University(Natural Science Edition) ,2022,49(2) :81-89.

[3] LIU Z Z,DING K.LIN H B.et al. A novel impact feature extraction method based on EMD and sparse decomposition for gear local fault
diagnosis[ J].Machines,2022,10(4) ; 242,

[4] DRAGOMIRETSKIY K,ZOSSO D.Variational mode decomposition[ ] ].IEEE Transactions on Signal Processing,2014,62(3) :531-544,

(5] WSR2t BRI R S5 T VMD-ISSA-KELM i S8 Ak % D Sl [ ] 0 RGP 5, 2022,50(21) 1 138-148.
SHANG L Q,LI H B.HOU Y D,et al.Short-term photovoltaic power generation prediction based on VMD-ISSA-KELM[ ] ].Power Sys-
tem Protection and Control,2022,50(21) :138-148.

[6] Tho, PR, AR AWK, 5 L TR AR AU 3 2 1y v g By 4338 L) 1. P [ 07, 2022, 55(6) £ 25-32.

MA Z B,XU S A,ZHU S B, et al.Power load classification based on feature weighted fuzzy clustering[ J].Electric Power,2022,55(6) : 25-
32.

L7]  JAJF5R W3 AR AL T O SO C (8 550k 1 v g S pr e P 20 28 L) 1 i o0 RSO I7 5 4421, 2012, 40(22) 1 58-63.

ZHOU K L,YANG S L.An improved fuzzy C-means algorithm for power load characteristics classification[ ] ].Power System Protection
and Control,2012,40(22) :58-63.

[8]  Fsesk A%, KR ZE, S R MEE = T ML AR C HERKM A /2 kT i R X H A 3k 2E 4, 2019,31(7) :43-50.
SHIL Y,ZHOU R J,ZHANG W J,et al.Load classification method using deep learning and multi-dimensional fuzzy C-means clustering
[J].Proceedings of the CSU-EPSA,2019,31(7) :43-50.

[9] FIREIE. M, B, 5.5 T VMD Ml FCM J2 77 12 i i ) £ i 43 25 [T ). AR L s J1 3R L 2019, 40(5) 1 1-6.

JIA Z D,JIANG F,WANG H X,et al.Classification analysis of power system load based on VMD-FCM clustering[ J ]. Northeast Electric
Power Technology,2019,40(5) :1-6.

[10] HINTON G E,OSINDERO S,TEH Y W.A fast learning algorithm for deep belief nets[ J].Neural Computation,2006,18(7) :1527-1554.

(110 SRART AR JE T R A5 2 265 9 IR S Bl AR FRAE 2 A2 12 Wi [ ] PR 3 I 532 . 2022, 42(2) . 277-284,

ZHANG ] Y.REN C G.Feature transferring diagnosis of rolling bearing based on deep belief network[J].Journal of Vibration, Measure-
ment & Diagnosis,2022,42(2):277-284.

[12] AW SR L T %ok PSO ik RNN #9530 v g 8 SRS R LT ], iy 730 4k £ R . 2019,42(20) 1 94-98.

CHENG H X,HUANG Z.Short-term electric load forecasting model based on improved PSO optimized RNN[J].Electronic Measurement
Technology,2019,42(20) :94-98.

(18] W Tk 5 80t . 2227 A A i3 IR A8 S0 A2 00 i S AR AR R AR 5 A B b (9 7 FH LT ] W B 2412, 2019, 68(23) : 238401,

XU Z F,YUE M N, LI C.Application of the proposed optimized recursive variational mode decomposition in nonlinear decomposition[ ] ].
Acta Physica Sinica,2019,68(23):238401.

(141 EJEAE EAEAT B0 5 561 35 R AR 3 B0 43 i 0 A MR B 27 2T BIL I 7R 3 il R 22 W0 12 I L. 525 AR OR 2 2 4 (T3 D 5 2022,52(2)
318-328.

WANG J H,HU J] W,CAOQO J,et al.Multi-fault diagnosis of rolling bearing based on adaptive variational modal decomposition and inte-
grated extreme learning machine[ J].Journal of Jilin University(Engineering and Technology Edition),2022,52(2) :318-328.
[15] R ok, FE Lo, 2 8000 A A8 43 W3S 4 % D 10 6 TR b 7 I 30 W 5 12 W b 13 B2 T (. V6 22 38 3 K 2% 244 41, 2015, 49(5) - 73-81.

TANG G J,WANG X L.Parameter optimized variational mode decomposition method with application to incipient fault diagnosis of roll-



130

TR F RO RAF ) 2023 %

[16]

[17]

(18]

(191

[20]

[21]

[22]

ing bearing[ J].Journal of Xi’an Jiaotong University,2015,49(5) :73-81.

TAMILSELVAN P,WANG P F.Failure diagnosis using deep belief learning based health state classification[ J].Reliability Engineering &
System Safety,2013,115:124-135.

BRAIK M,SHETA A,AL-HIARY H.A novel meta-heuristic search algorithm for solving optimization problems: capuchin search algo-
rithm[ J ].Neural Computing and Applications,2021,33(7):2515-2547.

SRR 0B IE L BROR T SRR TR SRS A3 R R FABP fA LI R ) SR B DA X R 2 4, 2018, 39(4) 1 67-73.

ZHANG S Q.SU X S,CHEN R F,et al.Short-term load forecasting based on the VMD and FABP[]].Chinese Journal of Scientific Instru-
ment,2018,39(4):67-73.

B KT 2R B 5 TR VMD-mRMR-LSTM A5 A 1 Ji 1 6 7 000 [ ). ¥ 1 R e OB 5 4 0, 2022, 50(1) - 88-97.

HU W,ZHANG X Y,LI Z E, et al.Short-term load forecasting based on an optimized VMD-m RMR-LSTM model[ ] ].Power System Pro-
tection and Control,2022,50(1) :88-97.

B4R B AR L 2RI L S R T PSO TS DBN i 2 9 265 (4 v S BEFE SN [0, b [ 3, 2022,55(6) : 95-102.

HUANG S M,JIANG L G,LI Z C,et al.Corona loss prediction of UHV AC transmission line based on DBN neural network optimized by
PSO[J].Electric Power,2022,55(6) :95-102.

FEUE T BE BB T ISFLA Al TR BE B 15 19 26 19 7 3l Al 7 e 912 W 7 2 F 5 [0 WL TR, 2021, 38(1) 1 62-68.

QI H F,HUANG D H.Rolling bearing fault diagnosis method based on DBN optimized by ISFLA[J].Journal of Mechanical & Electrical
Engineering.2021,38(1) :62-68.

HU F,ZHOU M R, LI M,et al.Joint feature selection of power load in time domain and frequency domain based on whale optimization al-

gorithm[ ] ].International Transactions on Electrical Energy Systems,2022,2022:1-13.

Research on industrial multiple load classification based on MVMD-CapSA-DBN

Zhou Mengran', Zhang Yiping', Wang Shenghe®, Ma Jinhui*, Gao Bo®,
Hu Feng', Zhu Ziwei', Wang Kun', Liu Yu'

(1. School of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, China;
2. State Grid Anhui Electric Power Co., Ltd., Hefei 230001, China)

Abstract: Aiming at the non-stationarity, time series correlation and nonlinearity of multiple power load data time se-

ries, in order to grasp the change law and development trend of power load and realize the scientific management of power load,

this paper takes the active power of industrial multiple load as the original data. The MVMD-CapSA-DBN load classification

model
to obt

ture;

is proposed. First, the data is decomposed by Variational Mode Decomposition(VMD) with improved stopping criterion
ain multiple data components that are relatively stable; then. the energy value of each component is extracted as a fea-

Finally, the 0-1 normalized data is used as a feature vector and input into the Deep Belief Nets(DBN) signal classification

after parameters are optimized by the Capuchin Search Algorithm(CapSA). Experiments show that the model in this paper can

achieve effective classification of industrial multi-load data, the overall accuracy rate is about 88.89% , and the partial load clas-

sificat

ion accuracy rate can reach 100%.

Keywords: power load; load classification; variational model decomposition; Deep Belief Network; Capuchin Search Al-

gorith

m
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