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A data-driven method for state prediction of distributed low-carbon energy stations
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(1. Changxing Power Supply Company, State Grid Shanghai Electric Power Company , Shanghai 201913, China; 2.School of Electrical &
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Abstract: Distributed low-carbon energy stations (DLCES) can improve energy utilization efficiency and renewable
energy consumption rates. Accurate prediction of the future operating status of DLCES can ensure its safe and reliable
operation. Therefore, a data-driven prediction method for the status of DLCES is proposed. Firstly, the structure and
operating status of DLCES are analyzed, and the operating status is divided into normal, recovery, critical, and
emergency states using key state variables and deviations. Secondly, a deep long-short term memory (LSTM) model is
constructed, and an improved particle swarm optimization algorithm is used for hyper-parameter optimization to
improve the performance of the prediction model. Finally, the CMPSO-LSTM model is simulated using test sets data,
and the results are compared with those of RNN, LSTM, and BP neural networks. The results show that the CMPSO-
LSTM model can improve prediction results and has more practical significance.

Key words: state prediction; long-short term memory (LSTM) ; Cauchy mutation particle swarm optimization
(CMPSO) ;time series prediction

AT AR B A B 3k Wk bR H bR R S HE E Sk i g In) Y B 7 1e) . DLCES 38 i #l A& F ¥
T RECHE AR R Y A R B A A R TR T e ) AR AR A R TR N 2%, S B 22 g EL RN R RE TR R AL
PN T R AR TR A RN G B B R B AR R, FIR, B2 v 68 U5 R FH 23 AT H A BE IR T A0 R, iR
D S I N S S o S W R - i Ak fi e e IR MR BE fE LY EE 25 . {H DLCES
(distributed low-carbon energy station, DLCES) A, HA BRI M 2 A 2 RE IR A 75 52 % L) X RE AL V7 22

I 5 B #7:2022-09-20; & B H #7: 2022-11-07
BT [E M LT i )2\ B H (5209KZ21N005)
BEEE ZWE997—), 5 0 LR A, FENF LS GRIR R G ARALDIS s E-mail: 1873096384@qq.com



232 I <

15

Eid =S 3 202443 A

JCAEHR AR A ME R HE 48 DLCES B Rk BT IR
A A R HE . AR DT s A S e R A, AT
DLCES Kkizfr#a®, Mzt 5K N i Ktk
P55 AT 5 R Gk A R AR R R S HF L e R
DLCES Y52 priz 17k 2 #8 S EH .

RS T AE 3 22 G 2 A N L AR R
XPAR S T & F e R s o SRR . SCHRL2 15Xt
1 H A A RS 0 Y TR A B o R T 25 4 A Il A
%% 3l °F- ¥4 (autoregressive integrated moving average,
ARIMA) & A F1 K % ] 92 12 (long-short term
memory , LSTM) #fi 25 J 2% 20 5 A A, xf 3= &R 44 1 1
JE R i AT L B 2 AL RS T STk (3] A
O3 T 7% s A 1Y 2 2 2 AR S W0 A Ak AN 2 A Ak
FAL 3t Y DG B S e P 2R, 38 XS A 98295 (Chicken swarm
optimization, CSO) %} BP (back propagation) fifl £ [
ZEUHEAT AR AR, S B AR R A T AR 4G 2R A 1 T
W5 SCHR L6 T X T 41 R /K 5 58 1Y 38 17 1R 28 F500)
[n] 25, $2 1 3& F Dropout JZ 2l iF A9 %5 LU ph 28 ™ 4%
(convolutional neural networks, CNN) 5 A | 45 4 4
4 F00I 25 5 5 SCHR L7 1A A D L AR IR 25 20 28 30 3
JOf B 2% FAE B B2 08 0 17 00, B 1 2 T A A )
A4 ML AR PR 2 ol A A

RS T A At S B R AR 3] TN L, A
BAFMROR BAESGSGRIEREN G 5T N
A B FE B T e b fg BRSO O . 3¢
FiR [ 8-9 L o 4% 1 H, vt it B AR AR AF G PR 8 e I PR 3R
iz JH & Wi ad #2 [0 U9 (gaussian process regression,
GPR) J7 4 @ ~7 H 2 Ak 8503 3K 2l A Y 1) 45 40
K Zfy 01 25 B0 55 A0 ST X H, b 1% it R CBR A SR 5 3¢
AR 10-11 A3 0y R RIS 9 XU R 22 A, O Sy XUHS, I 1)
P A AT ORI, K Ty sk X S5 DG B A5 AT 20 2K 0
iz A8 43 B 25 73 fi# (variational mode decomposition,
VMD) 1 [ T# 1 24 5. 56 ( gated recurrent unit, GRU)
2 9 45 1) 2 A AR D SR I A 2 (VMID-GRU)
Xof JRH, i 1 2y 3 R A7 R A T 5 Sk [ 12-13 154 fif
TR HL Bl VRS 70 L R AR TR 1) R K L SR A Y A
L E AT A% ) 43 b 2R G 0k DU e 35T GE D) Ak A fk BP
P28 D 2% D) f 2 TR 55 3 H 1R ) s 1Y AR R
Ko

3R A G B S A R RS T T Y A A =2
VLI (EE WIS 20 I NE 2 S i R N s S 1 i 2
B, % 4 A AR Btk g T 30 114 A Sk R 2 T 5 B At
A TR BRSSO T, R 2 gk AT w A
PAES A T | %o R R SRR A PR I A BT

I, 4 L TR B Bl A 4 A AR Btk i T 3 R S T
I T3, A PG 28 S 08 - 1 e A R A B
HE AT o B, BE A AL LSTM b 22 R 4%, 52 3 X
DLCES ARz 1R 0 Bl .

1 DLCES&HM5iEiTRRE

DLCES # & £ % H 1Y J2& % 1845 4 37 19 1% e fig
IR 4 | 22 oAk fig U5 AR 0 U N 22 A AL R YR A oK, S8
WA R it A BG5S PR . R B, DLCES 7] 45
B2 Hb Y SRR 6 XU S T AR R IR FE 43 )
LR RRTEM A 4SR5 RS0 A8 TR A H 2, ik 5
N Ry R (I AN G | EZ R0 A
1.1 DLCES 818 %y

DLCESTERNZARRIERE ML, HERT
Z P RB IR AR G A W SRR VR 1 B e oy I A A A
LAY, WM DLCES W45 H tn sl 157 .

Few CHP Ocw, | F UM
Fo = 1
S Fon Qa» | O BT
U R |
| PCHPEEE‘%% i
DoAs Pe T ) e |
g | W Mo FEE
B Rt O Sl S
Pgndi'l':ﬁIZiFBfJLiﬂ »NPFC &%}i%%ﬂff— ‘ Eﬂﬁﬁ

1 DLCES#t A £ 4
Figure 1 Typical structure of distributed

low-carbon energy station

DLCES F X & A X1 LB HLA Stk ks
(HLZH) AR b 3 vt vl i & (B8 ) DL R R Rt
b A o 3 A MK Btk R IR b AT S B XS T R AR RR TR
A OE AR AN R XURE 5 K B BB B9 B AR R HI 55
K1 % L 0 far R PR o DLCES o 67t i 42 45 H
SRR AT o HL BT XU A B AL AL DGR A
(HILZH) RREH it i Fh it - 2% P ) 0 A H G ™
(combined heat and power, CHP) 28 1 £ £k it )i ; X
ffar f B R L AR ) & SRR R A
gy R b 5 CHP &3 bR 2 gE 47 11, H: rp 34
it = Ak W % & o CHP, #% R % 7 (gas-fired boiler,
GBMER &%

1.2 DLCESHEITIRAS 4

DLCES KRS B M KRS WE & 5

FTREA B SR H IS 17 R B T R



5539 55 2 1)

SRARTE 25 « 5 T K 4K 3l 1 5 A 2B 5l AR 25 B0 Oy 3k 233

A R A B I R DR 2 A% AR AR L RS

i 7% 1>

S:— Sa
S

A, i e g h, o0 FR7s L URTER I 5 S, 0 52 AR

B S MRS R BUEE -

XF AL AN B DLCES, HOGHER S
AL A R T AR R R T . T O
RE MRS B WE LS8 REEEM
K, BRI AR S 73 R IE R KA Il BRI S 4 A
RS, 2R .

Ut )
}i’fﬁ«{k’.‘f‘m%i d;

[ \ \ |
d;~0, ||0<<|S;— Sy|,| |[0<C|S,— Sy |<< 4 A
Si~ Sy d, ¥ AS,. d;~0 :

i #5] W5 i [Ea

d,-z‘ X 100 % (1)

L
B2 ZiR&5EARE
Figure 2 Flowchart of operation status classification
F G0 A A IE RS I S BEIR 25  A UE {H FT
U PSS HOR S W R /N o R AR AR IR SR A
I S HE R 25 0 e 2 0 (L, L S SRR 285 i % 7
AW D, 2R GEAE i 5 S sl SRS 18] 1E RS

AR o FR AL AE I R 2 I OGRS i i
{, AR i R 3o s A0 T i 1, 5% PR R 25 i 7% 1 A
EN . RGAE R TORES R GRS B E ™ E
i 75 U (L, O IR A i A% AN 3 R, I 2 Rk
AR, ok A AT

2 EFLSTMAREFEREZEIEER

FEHEAT DLCES 19 fg BEIR 28 1500 i, ok ok iz
TR 5 BAERAS 1 AR S AR b i B A i G Bk
P, LSTM HA M FH Wi 12458 , BEAR 4 b iz itk
PO ol |1 S S/ = R S N AP N T e
DLCES f9 it Fe R 25 700
21 LSTM#%#

140 BRI B i, LS TM 41 X6 1 34 o 25 1)
2% (rerrent neural network , RNN) M0 3 a8 46 B 42 1
B BT AR ) 8 E AT A 28 40 M T 0 45 R el 1F
LSTM #% .0 BUAH |, 7608 25l 28 Bl b A8t 25 1]
TRV AR 8 1) 85 0, A A 7R o A K s i) B[] o L
A AL N5 T B R AR G B A R T AR R
JEEH R [R) R, AT T A 3K T A0 A B Y BROHE o A AR
RNN X 7 T LSTM Hf 4 28 41 g A7 1] 45 e 12
T, Mg R R 3 TR, Hodr Co ol i — B )
A MOIRZS , C o7 I 2030 2 40 R4S, C, o8
P2 A RS e R T — B 2B o BT
L R AT Ok B T AR AR B 2
i

@

3 LSTMAY & e ss#
Figure 3 Structure of LSTM neural cell

LSTM i 28 4 Jfd (8] 75 547 75 1 i % 288 1, BEAE
Ja SRS T A P Z PR S E B AR
RS T A MG B 43 8 5 i a5 . A
ASLSTM #fZs 4i f vb, A 4 b0 T AT R 35t 8
FIAHE B ATl o 30 T A G T — B 2
o B B B 5, R sigmoid 7 AR A(E 1 AU(E
S 0~1, B 5E 4238t s A58 4 O B 22 ), BUMH eR R
fi=0(Wlh, 2,0+ b;) (2)

=

b, Wk st s T IAUE 5 bk 358 3 1) O 5 b DA I
— I 2 1 s o S AS I 205 A 5 0 Oy sigmoid B,
1

:1+ef" 9

o(x)

L,z WA
BT B AR 2 LSTM it 26 40 IR 25 i 5
B, HAm i AR5 B G I B 2 A i TR AR Y



234 I <

15

Eid =S 3 202443 A

WCE A sigmoid 7= A2 AU o IZAUE N 0~1, BRI 5E
ENGIHMTE LG I Z 0, BUERECH
=W, h, 1,2, ]+ b))
A, Wb A TTAUE ; b8 i AT
LSTM M & 4 rh C, 9 7 8 40 IR 25, i ik
A

(4)

C,=tanh (W.[h, 1, 2,0+ b.) (5)
A, Wb B PRECRUAE 5 b R 0TS oK BUIR ' 5 tanh
ORI BICHS 0 A R B A5 5 UEA T AR B 3 — 4R B[ — 1,
1], k00
e"—e’
e’ +e
HR A AT R38R 1T A0 4 R X LSTM
2 AR S AT 3T, H Rk N
C,=f(C, +iC, (7)
R 5 S i 8 DRI tanh J2 B S 45 S 7 A 40
H BN

(6)

tanh (x )=

h,= O, tanh (C,)
O,=c(W.,[h, 1,2,]F+b,)

A, Wk i TIAUE 5 b, Ry Hi TG
2.2 LSTM #& 2 F il i7i 72

PR BE LSTM B ] F DLCES (R 25 i 0 o
G B ) AR TR AR i F OB RY T AL 3R R
LSTM M 458 o B XA SO 8 DLCES R 2 7
M5k, EERAEMT .

1) i ST M AR Y (i i ARG 1, Sk ) FH ASE 7
9 YN 25 T, 7 X B o AT AL B, BAR A
K H

(8)
(9)

T, — X

) (10)

LS =2y

n—1
Horp 7 R RE M . X B Ak BES B B S kAT
Rl 43, 3¢ R F T 80 %0 Budls A I 2R 4R L Ja 20 %6 o di
S g
2) HELSTM MRS B A, LSTM /4
A AR 4 B R ol — AR A AR R
ZARGEZA N . 1, B A 2 B BB RRAE
TH B L TR B2 5 L B 2 X G B AT R AL (1
Sy AT BB, BROEZ T L th 2 2 25 M AL, TR, Ry
B SR AL (Y Z AL BE 1, B 1 AT B LA T A
W2 380 Dropout 2 5 5 5, K BeUR 2 i Hh i A
W E Gt St AR J J T A5 B 45 28 T AR
3) AR A ) ORGSR kA ke
YRR GE 7 B 45 2 Lh e . Hn, & T 245 1

BY BT 3 R AR PE B 57 (true negatives, TN) | L IE
(true positives, TP) fi 1E (false positives, FP) Fl &
1 (false negatives, FN )4 25 2% 5L ofe ] W 455 740 i ) 4
AE , A Sl o VR WE JE [ R AT 1] 38 (average recall,
AR ) A | W 455 7 1 00 245 5, R
Ty + Ty

T Ty Tut Fot Py
K, TanFom A B3 T RORA N IE, B R IE
TR G Sy 0, 0000 A T Fo s A B Ry B, T
NIE s ENRARA G NI, A Bk 1.

RHERAE R IE 10
A TA] 5 s EE

Tax X 100%  (11)

| 7

KRS AR 54
I} [f] 55 25 K5 40

B4 LSTMM&Z#H
Figure 4 Structure of LSTM network

3 EFCMPSORIBSH ML

75 LSTM I 7 #ft 22 0 2 Il 25 A2 o, B2 2L 2
B o) 25 AR TR 1 $0L - RS R I o A R L A XA
> 8 R 2 A L R A0 M SR 2 AR B 4 A
S0, % LSTM ] T i 28 1) 28 A5 30 45 1) i A7 D04k
LY 2 G L i 2 ) R R S L H R
M) ot 28 1) 285 R WAL SO L B R Y A 22 Al i o ) R i
RS R BE N BE S, B/ N WM Al 2 ) R i
AR Y S S B R A o R 2 1 2 BROR B 28 A
B e LSTM AR Y 2 o] 1 I B 85 40 5 A1 42 Hi
PRI, b 22 5t /D 19 e )23 280 a2 1 I R A A 1 R
i PLA B R A B I B, BRSOk A sl T
PRl A5 TN A AN MR o 3k AR B /B B )|
SRR, 2 ARG R 52 e I R [a]

N T B — LS T M A 28 o 265 45 B4 327 A 4k A 5
Il 2 Bk [ 52 4 Ak 24 22 040 B 0 R i ] T R
FHAT PG AR 55 9 b7 #f 55015 (Cauchy mutation particle



5539 55 2 1)

SRARTE 25 « 5 T K 4K 3l 1 5 A 2B 5l AR 25 B0 Oy 3k 235

swarm optimization, CMPSO) X} #8 2 #1711tk
DA v R 2 T A R (R AR 5 g
3 ETHATRMBHN FREZE

TEAG Gk 7 RE R L g AT St R b, &t R
S ) B, B P A R S B A o SRR Y 4 SR
Jai # S BE 1 32 BB E AU AR o PR AL IR
KB 4 Jry 00 BB T A B 5 A A )
IR PR R BE 0B o TESR R B AR s AGS FE b il
N7 J3E B /)N B 15 B TZ0ORE - e DG A BT O P 322 5
Jry A8 K B T, AR 5 PR A U 38 N RE AN
Ut BH 2 0L T S A0 A B OGO B B 9% i 4 SR S AR
AN 8 QW ) | IS 1 = e PR R e S SR 2
RO AR ) 9 4o P, 5 1 o SRR X6 A% 0 i OR 1
HEAT WOt AR R AN B B Ry BB A G ik o X B
FEE 27 2] D AT ek, BP>Y £ = 5 < Sl
i, 73 A7

d __ pd
uY;[+] — wmin _'_(wmax - wmin ).M (12)
wi Tl =
d
= (e — )k
C1 (611 611) dmz\x € (13)
d

62:((‘2117 Czl)' ——+ ¢y
dmax

A (12) (1) w R — Wk AR B P A
Whnin «Whas 739 4 B2/ B KB HEAL T, 0.4.,0.95 /10
NS d R AT R R R IE N 5 /O d IR
A 1KLL BE 5 £ B d AR AR T
X IV EE B BIE 5 oo F cony e BT e 23 B R 25 3T T
1.20%) A8,

HY AR A R 2 o AR S IS N R
Wk 7E  TER LB 55 W S BUS R FAH HLR AR
il A5 A RERL T 1 2 RE R B G, BRLE, 5 AA P AR
il 715 Fh BE AL F Z FEPERE I, DAARAS IR 2 8 R A5
BRI R R e . MRk —
TE BG4 T B AT AR S B
0>0.5

2'=x(1+D(a)), p<0.5
o, 2Ry G ] P AR SR BR AL D (a) R P
Sy A R BEAL S 5 o FORE R % B eR B
1 a
f(a>:;.azo+a2
3.2 CMPSO-LSTM ¥ il #& &Y
R A% G0 R R AL VR BEAT Bk s, DA R4 1Y

x'=ux,

(14)

, —co<ag<+oo (15)

177 #i% 22 (root mean square error, RMSE)/E A H
B BRE, DL ) 3R B2 )2 B0 | B 2 4 i 55 R 2%
R EL A A SHUE R LS5, Bk BAR R R an
5 PR o

SR CMPSO S HLli
in KPR T 15

Jc® DLCES| | | |HE4ATHS ke |

MERETF || [ BAERIEE AT 25 |

WA | | !

| L s kTR
T4 RO | |
T —fpAb 3|

fi 5 e

TR A
W EALE

FE S ||
T A ||

| [T 28) )

R R SR R 2 T A5

1% CMPSO-LSTM i |

it 48 ST R I — fl e 3

i 1 T 25 R
B 5 CMPSO-PSO Hikim42
Figure 5 Flowchart of CMPSO-PSO algorithm

4 Ef o
A S B S O S R4 A M R R
SRR I IR S AR 4IRS

RS BB o 3l AR R IR B AL 2 000 ZH K
A K VI 254 5 MR AR )y 82 2, 3 i B X
A SO T vk AT A o 0 B S T PC AL,
CPU & AMD Ryzen 7 4700U with Radeon Graphics
@4.00 GHz, W4 4 16 GB, LSTM 5 CMPSO ¥
EMATLAB 75 8
4.1 BSHEML

76 F I CMPSO %t DLCES (1) 2 ik 47 41 1k
B, 5 e B A S RO R . AR A DG B
FEHUR OB S B B LSTM 28 #l 40T
A B EARR B L 2E ) R Rl E [, 3] [0,
3001 .[0,300].[0.001,0.01]. £ CMPSO fI; fk J&
BERESHNILSTMZZE) , M2 ui 5N
260, AR B Ny 246, H2 2 R 0.01. bS8
T LSTM £ B I 25 b A& v 451 2K bR L Loss FT 34 J5
22 RMSE 28 Ak W & 6 fi s o



236 L - - T - - 202443 A
10 , 42 FMERSHHILE

". z , P WA T 4 238 AT IR 25 40 5 B — 2L B0
, 2 B I 25 5% A A9 CMPSO-LSTM A7 A7 4R 25 B
2 1 5 AR 10/~ B 7] 57 5 5 BHbR 25 B0 e, 0 )
0 5 A BRF 1] A5 A S B iR 25 0 M50 3 3 R T T A

50 100 150 200 250
AR UL
(b) RMSE

0 50 100 150 200 250 0
YA B
(a) 12k BREL

6 H% A RMSE &4 Z 4L

Figure 6 Variation diagram of particle optimal fitness

Ve
g 1.0 A I
8
208 CENCTI NS
=

5 10 15 20 25 30
S [R] /A

(a) IEH

5
&
iz
b
5 10 15 20 25
i i) £ /4
(¢) It A

TO ™[] 5 B0 , n] 100 45 21 32 17 AR 5 R oK Sne
AT R oSS T AR B B | ) B
B, T B R oK as AT IR A, B Al A B 250K 2 T
W, anE 7 B o

5[] /4
(b) B2

R

5 1.0 g7 P00 3
o
r 0.8
% 06 HL I HLE
5 10 15 20 25
i i) /4
(d) A

B7 ZR&ETHmMMER

Figure 7 Prediction results of each state

HY &1 7 Ca) TR, S B R S dk 359 1 491 (A 30 A
b A /NI BB R S A B i AR PR RE AN AR LT
S5 AT I H R BT OC BRSO S B i A
FERAEE . 1B 7(b) b S BIR A4S AR b i K, AR A
AL, HR A i A% 5N W7 1 O, B0 25 SR A A
BAE L S HIR S = AR S R B = A e A
B 7 (o) il SRS TR GBIk 25 & B K = I A% 4 2
(B, H HODR 2S5 B8 2 A8 Ab AN K, H0 &5 SR A A i
TGO T RS B AR S WA AR b A, B 7
(d) G B IR 25 ok R O A% 80 M, (L HOIR 251 B8
HAEARW AR N, R GG TR L0 5 R A
B PR G BT IR S e FIR S D A% R AR LR
i F R, CMPSO-LSTM #5554 i % 45 4ef- 3, 75 I
SRR B AR IS TTIRA 18 17K SRR IR 1F

A

J B GIE CMPSO-LSTM AH % H Al 39 0 452 74 g
ek B H 5 LSTM  BP # 22 () 2% Fil RNN $5 74
HEAT LA, 4 Ff 5 3 %o I 4 1 00 45 2R 4n /8 T
7~ , Al 1 CMPSO-LSTM ., LSTM . BP #f £ [ 2% FlI
RNN 5% 51 %6f 4532 47 R 25 9000 1) 1F 6 28 50093 1 o
98.97.96.95,92.90.91.88,86.90.80.85 190,92
88.9041 .

HE— 25 43 BT A TR [F] J5 32 000 45 5 7E S BR OE
WO  AFPRAL D B BT 2.8, 14 10411 B &
WM RA . XJE R TR B b I EFERET
RAS B S AT RENLAS Bl , HLAR 3 AS 06— K
o DR U DAL RS R A Dk Bl 5 ECHE Y B BIL
PE B IS, T BE 23 0 K 3l (Y, 2 1T 52 o



5539 55 2 1)

SRARTE 25 « 5 T K 4K 3l 1 5 A 2B 5l AR 25 B0 Oy 3k 237

LR X R o M Sy T . FE L PR B AE LT L 4 Fb
FERLH EL T 3,10, 10 SR . X TrERE
RS, AT AE B A I RS )k AR IR A A )
B, 5 — bR R 2 AR A B /N s H B 1 67 ) 1)
By, ) 2> S BOHUI AR AT BE H PRI UK AS R E 20k
BHRA . ELPRIGFEO T A FPEERI BT 4,
9.20 1240 1R A . X JEH A T RS R
e 2 BEAL S B 1) b a1 T B9 Bl (75 T AR 7R
PR SRS ANE 2R AR A . E LR R A
DL AR T 5,12, 15, 10 HiRH . XEH N
KECURA BT B EAYdsh, S BORES B AR
BT 56 A8 A R B S E B S T R R B AF B, T
WEEFREMIRA, ENEAREZEEERS
110
100} 98
90+
80
70+
60r
50r
40f
30
20¢

10F
0

T Ve K

R ]

002 0fi2
EH o KE iR
BRI PRE

o
—
o

0o

(a) CMPSO-LSTM # %l

110
100+ ]
90} 86 0 EEIEH g5 |
30 7
70
60
50
40
30
20 14
%

10 0‘0
EH

T vk K

14
(5 5 @
R I 5 LS
M S TR NS

(¢) BP il 25 [ 45 A5 144

o AU = U T ) B o= s B (R NN
PRALIR S AR T

XoF B Bt AL A T A A 5 ) SR A A
A B T P B A v IR X Rl 25 . MRS X (11)
AT SR A #5150 Y ) T oA 2%, AR 1R LS TM AR
PR A 2 000 0 SR DR, S SO A T 3 B a5 A
R Y B 2R R 90.25 %4 5 BP il 28 W 4% 100 &5 S A0 X
PSS , ME B R Ol 85.24% ; [ I, B AR RNN 5
CMPSO-LSTM £ B — k5 A 0} 77 24 4b 1 g
H RNN P 285 4 (0] AN 38 & VE S 4 B 1) ) 91 85040 19
DR A AEHR R 90% . B Ik, CMPSO-LSTM #H
B LSTM . BP #f 28 % 45 F1 RNN A5 AU A5 48 48 1)
A, T AE A 4 AR T 6.25%6 .11.26 % .6.50% -

110
100[ 95

SRRV
(=N
(=)

0,0/ W; 0 galkdon
B A Il 5
LPRIBITIRE

N

(b) LSTM 7l

110
100+
901
80
701
60
50
401
30
20

SN
|l
=
e
©°

T v A

10 |
10} 5 6
oL ofmd  om

EH W i 5
bRzt R A

N o

(d) RNN % #1

8 4AFR R kIR 45 R AT
Figure 8 Prediction results of four different methods

1AM F kAR

Table 1 Accuracy results of four prediction methods

DIRFS w2/ % DIRFS HiRTEIE
CMPSO-LSTM 96.50 RNN 90.00
LSTM 90.25 BP #f 2 W %% 85.24
4 Z51F

A SCER X DLCES 2 17 R 2% 10 [m] 25, $2 7

TR 9K 3 19 CMPSO-LSTM fh AR 28 F0 Jy % .
TG AR FR G5 G HER S R OGRS e B AR Ak
¥R GEBPRER 0 ER KE R ME 242
FRIRZS AR5 M A 4G i Hh 2 AR R R S 2 Y
B LSTM A 328 Ff CMPSO X LSTM Ak 25 i il
BRI AT Ak s 5, U 25 CMPSO-LSTM A, %t
FCHEAT 5281 9 IE

1) I F F 3 by B AR A G AR 5 X AL G5k



238 I <

15

%

R £ Eird 202443 H

R HEAT kL B B CMIPS O H Ak #5535, 1) FH 32 4 25
PR EE LSTM B AL #4788 Z 4k, $2 5 LSTM A%
TR 1 FE

2) CMPSO-LSTM G5 8 Xf DLCES K kK iz 17
AR B T, T 25 R AT A A& RS T R =
FRAE, HoX H LSTM \BP ## 22 /) 4% A1 RNN #5581, i
IV 2R A IR 5 6.25 %6 .11.25% .6.50% .

AR SR 5 ¥R B S B X DLCES iz 47 1R 25 4 i
WA 38 A7 TR B 2 >0 P38 S BT, I R IR 2 RO
RS FARS EZ 5 R REITRE R
PEATHFSE , oK ol IR JZ HLEE B4 £ B A T 5% <

S % 3k
(1] MBS, 226, SO 5 25 B i R U S S RE RS AN
TR 255 BR IR R AR Bk IB 17 [1]. W M R 2022,46
(5):1692-1704.
DENG Jie,JIANG Fei, WANG Wenye,et al. Low-carbon
of

considering electric-heat flexible load and hydrogen

optimized operation integrated energy system
energy refined modeling[J]. Power System Technology,
2022,46(5):1692-1704.

A BB BOBEML A BT ARIMA R LSTM 20 4 46t
B A% L R SRS BUI (1], A% 3 ) T RE,2022,43(2):
246-253.

ZHU Shaomin, Xia Hong, LU Xinzhi, et al. Condition
prediction of reactor coolant pump in nuclear power
plants based on the combination of ARIMA and LSTM
[J].Nuclear Power Engineering,2022,43(2):246-253.
FAEP MR, 2G5 AL T IS RO 1 BP #2800 2% 1Y
AR T A% AR 4 2% 2 AL U 07 15 (0] B I Bk S BOR
%,2020,35(4):33-41.

YUAN lJiabo, XU Pengcheng, LI Lei, et al. Prediction of

(2]

3]

transformer oil-paper insulation aging based on BP
neural networks with the chicken swarm optimization
algorithm[J]. Journal of Electric Power Science and
Technology,2020,35(4):33-41.

R RGN 225 BT BP A Z 45 1 IE L )
B HL R 2 BURIE 5T (D). L 0 B 2 5 HOR 2 47,2019,34(4):
143-147.

HUANG Xingzhi,YANG Yichun,YANG Lan,et al.Study

(4]

of anti-power theft and line loss reduction for power
distribution network based on BP neural network[J].
Journal of Electric Power Science and Technology,2019,
34(4):143-147.

R B AL F5 AR SR R AR AR SR R XU
FJIREG I TCN B A2 507 3000 (1] ¥ ) R &t A 3h ik,
2023,47(18):193-205.

(5]

(6]

(7]

(8]

(9]

(10]

(1]

[12]

ZHOU Sisi, LI Yong, GUO Yixiu, et al. Ultra-short-term
load forecasting based on temporal convolutional
network considering temporal feature extraction and
dual attention fusion[J]. Automation of Electric Power
Systems,2023,47(18):193-205.

X EW 2 I8 R 40 Bk A A ik T R R A BRI 8 90 2 11 T
AP AEER S HIK F GEB AR AT [1]. #4077 K H1,2022,51
(8):149-153.

LIU Gang,LI Xiaodong,JIN Yiqun,et al.Operation state
prediction for industrial circulating cooling water system
based on deep convolutional neural network[J]. Thermal
Power Generation,2022,51(8):149-153.
KRBT e A KRR T B 3 IR A 3T BB ALK
BAT R BM Jr 12 (3] A ALK 2= 42,2022,53(1):451-
458.

DU Liuqing, LI Xiang, YU Yongweli, et al. Motion state
prediction method of CNC machine tools based on
adaptive deep learning[J]. Transactions of the Chinese
Society for Agricultural Machinery,2022,53(1):451-458.
ENEL S B BAE L A AR TR IR B 5 &
T 21 75 A B L S T gl R S T 5 i 0], WL TR
27 4:,2021,36(24):5201-5212.

WANG Ping, GONG Qingrui,ZHANG Jiang,et al. Based
on Combination of Data-Driven and Empirical Model[J].
Transactions of China Electrotechnical Society,2021,36
(24):5201-5212.

JET 25 7 %5 2 IKORT R A L T AR A B IR L S L
il R PR T4k K52 ) R 20 AT (0] HL T R 22 41,2023,
38(19):5330-5342.

GU Juping, JIANG Ling, ZHANG Xinsong, et al.
Estimation and influencing factor analysis of lithium-ion
batteries state of health based on features extraction[J].
Transactions of China Electrotechnical Society,2023,38
(19):5330-5342.
7R EE L R 3 4R M 1 VMD-GRU
ST XU H, T ST (0], H )RR 2R 5 R 4 4k ,2021,36
(4):20-28.

WANG Xin, LT Hui, YE Lin, et al. VMD- GRU based
short term wind power forecast considering wind speed
fluctuation characteristics[J]. Journal of Electric Power
Science and Technology,2021,36(4):20-28.

SR B BB S5 B R AR OB IR AR
R E ) 2 G54 oy S0 [J]. I 5 R 52,2022,59(12):
48-55.

GUO Wei, ZHANG Kai, WEI Xinjie, et al. Net power
prediction for a novel power system with high
permeability distributed photovoltaic access[J].Electrical
Measurement & Instrumentation,2022,59(12):48-55.
TN TG T BORMS A B T AR R 4 1 L SR A
FE HL BT B0 5 vk (D). L O B S BOR 441, 2021,36



5539 55 2 1)

SRAEAE , 45 56 T R Hm 3R 3l B9 23 A AR AR B IR s bR 25 B s i

239

[13]

[14]

[15]

[16]

[17]

(3):19-26.

YUAN Xiaoxi, PAN Mingyu, DUAN Dapeng, et al.
Prediction method of electric vehicle charging load
based on grid division[J]. Journal of Electric Power
Science and Technology,2021,36(3):19-26.
k57,0 1R 58 W B AR 5 S T ISSA-CNN-GRU £ 1 )
HL SR 2 3 L SR TR 5 s (D). 00 1 RGEAR I S AR,
2023,51(16):158-167.

YAO Fang, TANG Junhao, CHEN Shenghua, et al.
Charging load prediction method for electric vehicles
based on an ISSA-CNN-GRU model[J]. Power System
Protection and Control,2023,51(16):158-167.

SR X DT 2 A T e 0 A 1) 43 A =X
RER A G0 72 S F 9 [0]. 4 R F 97,2022,50(3):8-14.
GUO Xinzhi, LIU Yingxin, LI Qiuyan, et al. Regulation
strategy  for
intelligent load control[J].Smart Power,2022,50(3):8-14.
BB skah e, 4 T [ 255 SR MR Y 5 RE TR
AGRATHBET]. H I 535 E RE TR, 2022,38(9):65-72.
CAI Yingkai, ZHANG Ye, CAO Shilong, et al. Optimal

distributed energy system based on

scheduling of the integrated electricity and natural gas
system considering the integrated demand response[J].
Power System and Clean Energy,2022,38(9):65-72.
PR e, S8, PR 5 BT 2 RUZ AR A6 45 AR 22 0
2% A TEC H, TR, 48 Ry 3k v TR R D). fBE T v, 2023,
40(11):105-111.

CHEN Tailong, MA Mei, CHEN Shaolei, et al. Cable
fault diagnosis of distribution network based on multi-
scale optimized convolutional neural network[J].
Distribution & Utilization,2023,40(11):105-111.
Rk YN RE , ERIH L 45 & T Attention-LSTM 5 £
AL B A A O 400 B A O O vk (0], A O LAR R,
2023,42(5):138-147.

ZHU lJizhong, MIAO Yuwang, DONG Zhaoyang, et al.
Short-term load forecasting method based on Attention-

LSTM and multi-model integration[J]. Electric Power

(18]

[19]

[20]

[21]

[22]

Engineering Technology,2023,42(5):138-147.

S0 2 B BR AR B, 5F 56 T SSA-PSO-LSTM £ %Y
R = i AR X 3 BE 0 B2 AR 0], RO AL B A7 1R, 2022,53
(9):365-373.

CUO Jianjun,HAN Qianyu,DONG lJiaqi,et al.Prediction
of sheep house humidity based on SSA PSO LSTM
model[J]. Transactions
Agricultural Machinery,2022,53(9):365-373.
HOGE 2 E I, BRI 45 B TR T R S S R
28 0 2% 1Y HLBE B 410 3l 23 2807 A D). R R, 2023,
44(1):136-142.

DONG Guangde, LI Daoming, CHEN Yongtao, et al.

of the Chinese Society for

Power quality disturbance classification method based
on particle swarm optimization and convolutional neural
network[J]. Power Generation Technology, 2023, 44(1):
136-142.

X SCAR AR, F 0 5 A5 kT 58 F Al i M 7S R R 4
I A 75 0 1 B9 LSTM-Attention I 4% S 107 it 7 671 faf T4 )
7 (0], H o #1K,2022,43(2):98-108.

LIU Wenjie, LIU He, WANG Yingnan, et al. Short-term
power load forecasting method based on CEEMDAN
and LSTM-attention network[J]. Electric Power
Construction,2022,43(2):98-108.

UM TNV A B 22 20 8 B e 10 97
T 7 B [J]. H E HL 7,2023,56(8):151-156+165.

JIA Wei, HUANG Yuchun.Method of load forecasting in
microgrid based on differential expansion of small
sample data[J].Electric Power,2023,56(8):151-156+165.
FH Bl el , 4 [l i 322 38 W45 . B T° PSO-ABFO 1Y 17 i 45
R RGBT 5] R S EOR
#,2021,36(6):120-127.

TIAN Yuanyuan, JIN Guogqiang, PENG Daogang, et al.
Design and optimization of load frequency control
system controller based on PSO-ABFO[J]. Journal of
Electric Power Science and Technology,2021,36(6):120-
127.



