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Abstract

To further improve the accuracy of photovoltaic (PV) power generation forecasting, this paper
proposes a NGO-LSTM model for short-term PV power generation forecasting. The model selects
the long short-term memory (LSTM) neural network, which has good performance in time series
processing, and optimizes the hyperparameters such as the number of hidden layer neurons,
learning rate, and training times through the Northern Goshawk Optimizer (NGO) algorithm,
which has strong global search ability and high algorithm robustness, to obtain the NGO-LSTM
model. Case studies are conducted using power data from a PV power generation field in Andhra
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Pradesh, India. Simulation results show that the NGO-LSTM model has higher prediction accuracy
and better prediction stability than BP, GA-BP, and LSTM models. This model can provide reliable
references for adjusting grid plans and distribution, optimizing power generation benefits, and
assisting in the operation and management of PV power stations.
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Bl 4= BRAE TR T SR AW KRR BT el 1 H 2 28, TS BBV QBN A BR % R FR I #0145
. KFHEEGR K HAERIER . THAENRTRE —, FHEMEER, a7 KRB0 NE R ERE S, £%
B H a0 R o Bl A A BROGAR B 5 (038 W7 3G A AR = A AN B oK, SRR Ha T O 7 M 44
(1 431 2 1Y) ) A Qo PSS AT A o DR L o IR H 0 AT sl A BHE s 1) = L AH R 43 o SR
H TR K RS DI 22 BIR A I8, WBEZ RN R, 280 R EMIEARE,
KT LR B MRS, BRI T Y RECAR M RN o B, X6 R IR AT RSB 0 T 6 AR R i
BAT W, ST A EEE 1],

AR R R T AR A A RE Y EAR R . Gt AURINLAS 2 I B A 2 R V. IR ey VR I A
BARVFIHAE A, TSR B i R Dh e, R B Ay e A RT S, DLSCRPBIR R L R SEiE 1T
EEAMTIHWN . Fodr, N TR 2 FIR B 2 SR PR LA N AR 2R Ve 2 Re U Fliz Akfe 71, fEJ6AR
R HLE T A AR 2 1) S - Li S5 [2] 9550 s R) 4% 3% (Back Propagation, BP) 48 94 | 152 4% 577%:(Genetic
Algorithm, GA) AL [ BP 122 /¥ 2% ik 7 #5415 (Particle Swarm Optimization, PSO) L 1L ] BP #1245 [0 25 #4)
T EREBDER R IR AR . Zhang Z5[3]3E I MRS GAR R DR IR R, @A 7T
FHALE AT LM-BP #1228 W0 2% (R R G AR D26, I DLSEMOGAR Hi sl o AT 1 475 BLIOAIE, 25 SRR % 0572
FE IR RSN N BENS LR R FE G ARTh T . Wang ZE[413 T — AR IEE R S TR IR &
FHL 2R Gt DR TR B 771k, 2 R TR R AR 2 (M S A, 45 G e 505 - R A% 46 (GA-BP)
W%, HARUFTIINRERE . Zhang SF[5]i I 5 T R4 W 2 UL DGR DI ZE N 7L, #5727 BP #h4
IO 265 FHEINASE AR /I A 20 DX 28 TSRS, BF 9 1 s AR D 26 TS B2 (R 2 Fhik 3, IFadkAT T8k ReLL
BAGE b, B R SEIO R T ZR AR T . XSGR (G4 T — IR T YRR T 1) 510328 U o 8 X 245
(Recurrent Neural Network, RNN), s S a7l . Eseye S8 [ 715X SEBRfH L M YR R R RE
R HL D200, B T — PR A TR, 2R /N AR e L PSO 1S 3¢ ] E=ATL(Support Vector Machine,
SVM)EEARM L&, $em TR . HEERNZ, GA Rl PSO At b k2 5 b NS iB eft inl , BP.
SVM A1 RNN 128 X 25 R RULE TN 25 53 BN Jmd P sme DU ARE, TIPS AN wss, RIS 5 EERE 2 K A VIR 1]
FATHRCBER, A N BRI iy, A ALY SR (R SR IR RO, A A R, X
TARZRME T 2 (0 BH, AR T PR 2 2 B — e .
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gr b, Rt — DA AR T S T AR Y ¥ 55 B N RS 0 e P A R AR 2 M P R 22 B IR R, A SR MY
—Fh3E Tk J7 % J# 5% (Northern Goshawk Optimization, NGO) Ak K48 WIic AZ #1242 M 2% (Long Short-Term
Memory, LSTM)HI4 AR TR TR NGO-LSTM # AL, LB A 4t x5 LSTM 2% 1) 18 2 B0k LA
BRI, RA NGO Xf LSTM MZE KBS A 3 38, FFR LS ) LSTM B AT T AR D3 7
W, 5 E B EAIRT L AT, B E BB AR A A

2. NGO-LSTM Fsm 55
2.1. kA EEHRAEZENGO)

Dehghani 2[8]7E 2021 442 Hi 1 NGO B4l 1T Jb 77 & ELEAE YA A I R 1947 . NGO A U SiU#
R, Bt EE A, 5 GAL PSO ZHEAEL, NGO B —EM#. w4, NGO Cgim T £ Fh
Uk, HAEMUOCRBE R SHIHR, R RIS N B RAFRtERE. L&A W
ANFEEAT R, —REYRASEEE, CRBER Sk, TR RERE L ATR.

(a) Wl 55X (b) 1Bz 5k

Figure 1. The main behavior of northern goshawk
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2.1.1. EEABK
V7 E SR R TR A R, R AR A R R A . AEEETT AR, FEAR A
SAEAL R P REALIIAIL . SE T R RERE R T R0 [8] [9]:

Xl )(1’1 Xl,j Xl,m 7
X=X = Xgo o Xy o X @
XN N _XN'l cee XN’J cee XNym_NXm

X, XONAETEE RS, X, N5 | AR X N | REEAES | 4EREMME: N ORIEEL
H,om Oyl A ] YRR .
2.1.2. MrEt—: YIRS @hERRE)

T E AR S BB BEPLE S — Y, MR R BGEE . BBl TR R A A
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Pi:Xk1i:1,2,-.-,N,k:l,z,-.-,i—l,i-F:L,-..,N (2)
XEWPL _ Xixj+r(pi,j_lxi,j)n FF‘.<Fi o
i, -
X;+r(x;-p;) Fy=F
X new, P1 ; new, P1 ]
Xi: ! ' F' <FI (4)
Xiv Finew,PlZFi

A, BN AT G B, Ry S H AR SRR k OWIXRIL, NIFBENLE SR E )
0 NI HGIARESS | AEBEROME, B P Bt 2R H br oR KfEs  BEHLZ L g A1 E TR B HLE
NGO 1774, #E q=[0,1], E=15L2,

213 MrE=: BEMAERFRHEH)

FEAL DT GBS Ia , SR B o AU A AT Dy R DURE N B30 x4 2R 2 1) ) A R T A
J1o FEATT S HIET, BBCX AT A DAESE R R A SE. 56 —FrBeRiE B i an

X'UPE =% +R(2r-1)x; (5)

R= 0.02(1—%j (6)
X_new,PZ' F_new,PZ < F

Xi :{XI Flnew,PZ > FI (7)
i i =5

A BRI R, T OABROREARRE: RO, BSR4 xS R | R
JE AR B AR5 | 4EIERME RPN AT NGO 35 B B H AR R B

2.2. KIBHAICIZMLE(LSTM)

LSTM & —Fhs B O PR AP 28 X 48 158, e ml AR Ve 45 RNIN TG A “BA ETH 2R 7 RN B FE AR IE
)R, AT ] DA ROt AL FE K A1) B 6 [10]. LSTM AR 7Y 5 B B (s A BTN T = AN 3' ]  fNT ]
AT, TSRS S WAL . LSTM g 2 frs[11].
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Figure 2. The construction of the LSTM
2. LSTM By#i&
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7E LSTM Zsfgr, sl Tl ds 4 At X, R (B H , TebUGABUE W, FIU , 56
HI sigmoid bR &k P e 8 S 8L 1 2 /D e i 5 B . Ft W T H R 5107 A -
F, =sigmoid (U, +W,H,, , +b; ) ®)
il FOIET], U, FIW, AUESERE, H, 9 b— 1IFZIMRAS, b, 9%t MG E R, sigmoid(.)
B R A
NI AN AT, AR W] H R 77 R R A -
{é = tanh (U X, +W,H,, +b,)

©)
I, = sigmoid(Uin X, +W, H_, +b, )

Kb, U WL Uy, BIW, RACERERE, b, flb, A& E &, C A7, 1 8 AT, tanh()

N PR
FTIR AR AZ B T A it A P S B 1 i H (B A R N T 040 R B — N B R TH B3 24 i A fih
BICRE KRN

C=RC,+ ItCNt (10)
R, C I G, AT L t— 1 I 207 b A TCH RS
TR TG R OIRSEA 2/ 2 28U T T2 DB, fN T PRI BRI -2 - — 2.
WG ZRAE LSTM % B 2 0tk

H, =0, ®tanh(C,) (11)
O, =sigmoid (U, X, +W,H, , +b;) 12)
A, H RR I ZIPRES, O R, @ KRB m#fE, U, MW, ABEFERE, by NHE T

HE.
LSTM RIRZEZ I RGN — Nz B, MNAERARENMWE. TTUE L, LSTM R
HAVR B S50 R R BCE AR B, AR Rl RS

2.3. NGO-LSTM Tl 5y

R B ET Y, fREACEEGE RO B . I NGO FiEMiil LSTM BRI Z4n] LA
HBBRATSCE R TR B FZ AR 77, TR AR RS e, B R4S 8 R a8 1 RE M
PE, AR EESE BN B T AR B RE AN G R, I S N A E

£ LSTM Mg, 2 >] 38 YNGRICEURIH 2 70N E058 2 5 TS B2 (1) G HE 2 8. XS E ik
€ LSTM HERY W28 2540, AR S 0I5 b RSB Tl e AR 22 80K . (Rt 4t NGO-LSTM #2Y, i&E
it NGO Xf LSTM Fa& 2t & oM % S 2RISRk BOAT 00 78 NGO Btk LSTM #5242
ey, TREPATMEIG . LSTM BRI EE . @M R e X AL e E R . SEER . &
NLFEVEAS . BV R R A A S IR B X S IR A A AL, AT DA RIS A A, 1]
fE LSTM RS2 [ 00 RS P& Az A e 77, AT B8 4 b S 6] S AR H 8 F0I0 5 A B 1) 5 1) ) il
NGO-LSTM HAY a8 Bl an 1] 3 .

2.4. VN IEHR
K 3877 #ii% 2% (Root Mean Square Error, RMSE). “T-#4144 %} 1% 2% (Mean Absolute Error, MAE) il ¥t i 5
R MENMERES RIS, A N:
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Figure 3. Process of NGO-LSTM model
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Figure 4. Power data of photovoltaic power plant
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Figure 5. Prediction results of the NGO-LSTM neural network test set
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Figure 6. Prediction results of photovoltaic power generation
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Figure 7. Correlation graph of prediction results
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Figure 8. Photovoltaic power prediction results of each model
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Table 1. Each evaluation index of four predictive types
7= 1. DOFFUNE A &N RS

RMSE (kW) MAE (kW) R?
BP 1549.0 1176.2 0.64
GA-BP 1201.9 8735 0.81
LSTM 1000.7 700.4 0.88
NGO-LSTM 797.6 548.0 0.93

M 1 AR LAASA, NGO-LSTM ¥5/% i, 5 BP. GA-BP Al LSTM #HEL, RMSE %% 45l 1K T
751.4 KW 404.3 KW F1 203.1 KW, MAE %% 4} 5lik/> T 628.2 KW, 325.5 kW Fl 152.4 KW, R 43l #H
7 0.29. 0.12 1 0.05. NGO HI GA bR HE = 1 IR A B i Tl e /0, AH 52 T 4% 45 1) 1k e ) 22 S
£, BP MZEPERRERCT LSTM, BIffiZid GA fifh, 5 LSTM A —E Mz . NGO-LSTM Ref8 ik
FEIGAR I LT Z TROMDRS FE A B3R, A A T (1 IO A ik

4, &5ig

AR NGO-LSTM TS A %ot S AR i H D 28 kAT K B TR « I NGO X LSTM [ 4% (1368 2 Hidk
1730, 133 NGO-LSTM 4, ik NGO-LSTM FEAUR AR Wi D #EAT 7, JFXTEE T BP GA-BP
AILSTM HITNZEF . 5 BP. GA-BP #1 LSTM #H L, NGO-LSTM RMSE % % 43 5l F# ik T 48.5%. 33.6%
H125.5%, MAE %7 31/ 7 53.4%. 37.3%7F1 21.8%, R27;7IHEeE | 45.3%. 14.8%F1 5.7%. 455H%E
B, K NGO-LSTM TR B W F 6 AR & F D 2T, v A5 203 6 AR Dy e ) kG i 76 5 2k TAE
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