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Abstract: As new energy sources such as wind power and photovoltaic power gradually become the dominant power
sources, the challenge of “guaranteeing power supply” of the power system is becoming more and more prominent. In
view of the problem that there is still a small probability of extreme positive deviation in the new energy deterministic
prediction, which further increases the difficulty of power preservation, a prediction method for wind power generation’s
intraday security capacity is proposed, which penalizes the positive deviation and maximizes the proportion of power
preservation, and the prediction time scale is 24 hours, with rolling updates every hour. Firstly, a model objective optimi-
zation loss calculation function that takes into account the minimization of the positive deviation and the maximization of
the predicted output level is created. Then, based on the convolutional neural network-long short-term memory network
(CNN-LSTM), an intraday guaranteed capacity prediction model for wind power generation is constructed. Finally, based
on the parameter co-optimization of the guaranteed capacity prediction model of the multi-strategy fusion gray wolf algo-
rithm, a cooperative optimization method of the parameters of the guaranteed capacity prediction model is developed to
optimize the super-parameters of the asymmetry penalty loss function. Moreover, a cooperative optimization method
based on multi-strategy fusion gray wolf algorithm is used to optimize the hyperparameters of the asymmetric penalty loss
function, which forms a complete and implementable technical program. In order to compare the effectiveness of the pro-
posed method, a multi-dimensional evaluation index system is constructed, and the proposed method is validated by using
the actual operation data of several wind farms in East China. The results show that the proposed method can be adopted

to improve the guaranteed power share index by 15%~25% and reduces the error index by more than 20% compared with
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the comparison model, which verifies the effectiveness and advancement of the proposed method.

Key words: wind power; positive deviation of prediction; guarantee capacity prediction; loss function; multi-strategy fu-

sion; grey wolf optimization
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Fig.6 Comparison of convergence curves of test functions
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Table 2 Prediction evaluation results of CNN-LSTM with
CNN-GRU, CNN-BIiLSTM, and CNN-BiGRU model

Xof P AR Y Si/% Ry/% Ermse Emak B[] /s
CNN-GRU 95 69.35 0.095 1 0.073 7 57.13

CNN-BiGRU 95 69.37 0.105 1 0.107 8 59.56
CNN-BIiLSTM 95 70.92 0.113 1 0.0857 60.43

AR 95 73.76 0.069 7 0.058 1 61.17
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Fig.8 Prediction results comparison of CNN-LSTM with
CNN-GRU, CNN-BIiLSTM, and CNN-BiGRU model
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Y95 T 45 G B & M 25 5 5 m] 196 B TR
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neural network-bidirectional long
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Table 3 Prediction evaluation results of CNN-LSTM with

Informer and Transformer model

X L ASE 7R Si/% Ry/% Ervse Emak B [A)/s
Informer 95 71.12 0.100 1
0.107 7

0.096 3 57.39
Transformer 95 70.67 0.099 3 58.31

ARCHEAY 95 73.76 0.069 7 0.058 1 61.17
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Fig.9 Prediction results comparison of CNN-LSTM with In-

former and Transformer model
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Table 4 Predictive evaluation results of asymmetric penalty

loss function and MSE loss function model

i A Si/% Ry/% ERrmse EmaE
MSE $i %% i % 48 52.38 — —
MSE $ik R -2 1E 95 65.00 0.163 1 0.126 8

AR BRI 95 73.76 0.069 7 0.058 1

RS ARG TR R E S MAE 45 2K bR UL
URGECES
Table 5 Predictive evaluation results of asymmetric penalty

loss function and MAE loss function model

Xof LA Si/% R/% Ermse Emak
MAE ik B 47 51.43 — —
MAE $iik B (-4 1E 95 63.26 0.1533 0.1175

ENVE TR 95 73.76 0.069 7 0.058 1

6 ARRIFRIG TR B HCS Huber 535 B ZA5 8 TN
URGECES
Table 6 Predictive evaluation results of asymmetric penalty

loss function and Huber loss function model

ot e A 7Y Si/% RJ% Ervse Evae
Huber 4% 2 5% % 49 52.77 — —
Huber %% 5 $-1& 1E 95 66.83 0.1472 0.1012
AR R 95 73.76 0.069 7 0.058 1
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Fig.10 Comparison of prediction results between asymmetric

penalty loss function and MSE loss function models
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Fig.11 Comparison of prediction results between asymmetric

penalty loss function and MAE loss function models
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Fig.12 Comparison of prediction results between asymmetric

penalty loss function and Huber loss function models
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95%, 1H Erwmse (0.147 2)F1 Emar(0.101 2) 5 %4k,
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6.3.4 AL I 5K SN2 0 B 5 20 E

AR SCHT HRAR AL IR iy O 2 00 T, N R R
4~24 h Xy K FLARFRBE J0 0 DNSIEAS S 2 20 TN
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TRBRRE 1 22 20 TN 5 ¥R 5 2 20 TR0 T 45 SR b Ee
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Table 7 Results of the assessment of rolling multi-step fore-

casts and multi-step forecasts of safeguard capacity

Xt AR Ay Si/% RJ/% Erwmse Envae
I AN 95 40.78 0.269 3 0.207 7
PRE A IE 2| 95 67.96 0.089 1 0.060 2
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>
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Fig.13 Comparison of the results of the multi-step forecast for

safeguarded capacity and the rolling multi-step forecast
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Table 8 Optimization results for each model

Xt AR BANEe  RIEHS  MSEREY
GWO 3725 27.16 3.56
PACO-GWO 49.17 58.32 1.73
SR-GWO 30.85 49.06 273
SR-PACO-GWO 46.11 2543 2.17
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Table 9 Results of model prediction evaluation of different

GWO variants of algorithms

of AR Si/% RJ% Ervse Enae
GWO 95 69.77 0.0796 0.059 1
SR-GWO 95 76.93 0.0809 0.0728
PACO-GWO 95 7281 0.0737 0.0573
SR-PACO-GWO 95 87.11 0.046 7 0.033 1
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Fig.14 Comparison of model prediction results for different

GWO variants of the algorithm

10 AN GWO AR ARSI N B A EEE 0 L
Table 10 Comparison of computational resource consumption

data for model prediction of different GWO variants of

algorithms
X LAY BORTFRAER s GRS FIBFER s
GWO 73.14 100 7314
SR-GWO 76.38 81 6186
PACO-GWO 74.67 79 5898
SR-PACO-GWO 80.33 60 4819

6.3.6 HUEE S 2 MR FIETE REXS ELEIE

SR EE iR o A A R v, AR
H AL 40 F R (BWO) . R FREH VL (PSO). L5
% (genetic algorithm, GA)f1 SR-PACO-GWO H.j% i
ITXFEE AT . S HIEI L CNN-LSTM B A #14 M
IRAERONFEERIZEN, PAERE VR R ECN S H R,
XTAERTARAE D40 2% s HOH S 80T S, S EIES
PR B AR TR A T 400 2% e O S 80k 11 Fios.

AN[F AR AL T 25 SR Joos b L3R 12 A 15,
AN TR AR TN T B B YRV FE R LE LR 13,
HHIE 15, 32 12 FIZE 13 mIAn, FELRBEZRISN 95%1H)
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Table 11  Optimization results of different algorithms
Xof HEAR Y LI E o R S MSE U 7
GA 62.35 11.96 277
PSO 32.19 52.31 1.68
BWO 40.62 28.76 1.75
SR-PACO-GWO 46.11 25.43 2.17
500
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Fig.15 Comparison of prediction results of different

algorithmic models
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Table 12  Different algorithmic models predict

assessment results

Xof EE AR Si/% Ry% Ermse Emae
GA 95 75.01 0.081 8 0.056 2
PSO 95 76.37 0.089 3 0.063 3
BWO 95 77.91 0.080 5 0.0517
SR-PACO-GWO 95 87.11 0.046 7 0.033 1
13 N[E R T v B B VR T AR X B

Table 13 Comparison of different algorithmic models for

predicting computational resource consumption data

XT AT POCHIRAERTs SRS FOLEAERs
GA 60.73 150 9109
PSO 61.38 110 6751
BWO 70.67 77 5441
SR-PACO-GWO 80.33 60 4819

FEWELATE N, A SCHR HU ) SR-PACO-GWO LAY FH G
FH A LR R RO A TR AR IR 3. FL IR B
Hi & ELik 87.11%, # GA. PSO J BWO Hi:4r
BIFRTE 12.1%. 10.74%5 9.2%, H IR 2 53 4%
fiX, BIXILEE BWO 55 F R 41.9%5 35.9%.
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Fig.16 Comparison of fitness curves for different algorithmic

prediction models
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102K bR B S BRI A 250, AT AR T3k
Y AT BB AL IF 30 56 0% 1) KR 575 (cuckoo  search
with grey wolf optimization, CMGWO)4!1, J:J-15
T EAK ) AR 7% (equilibrium  optimizer-grey wolf
optimization, EO-GWO)#1 SR-PACO-GWO % i3
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Table 14 Optimization results for improved algorithms

of the same class

Xt H AR BUNE e REHS  MSEREY

CMGWO 31.87 50.11 1.37

EO-GWO 45.12 25.73 1.95
SR-PACO-GWO 46.11 25.43 2.17

15 (RO SR R T VT Ak 25 S
Table 15 Results of model prediction evaluation of similar

improved algorithms

i A AR Si/% RJ/% Ervse Evae
CMGWO 95 80.73 0.0732 0.0502
EO-GWO 95 81.65 0.0718 0.048 7
SR-PACO-GWO 95 87.11 0.046 7 0.0331
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Fig.17 Comparison of model prediction results of similar

improved algorithms
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Table 16 Comparison of computational resource consumption

data for model prediction of similar improved algorithms

X EE A PUCTHIRAERTs SRS SILEAERs

CMGWO 81.26 58 4713

EO-GWO 78.39 63 4938
SR-PACO-GWO 80.33 60 4819

BN 95% Ik K T, AR ST HR W
SR-PACO-GWO BB AR T [F) 8 el B e it 4
mPERE L35 . HOREE B & 5 ik 87.11%, #
CMGWO. EO-GWO HiEHll#e Tt 6.38%- 5.46%,
HRZRAR R T RS Su s R SR FER LA
Jo AL FERT b T R Sl FE R R KSE, AR
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