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voltage under different SOH

2 2 SOH fREMIT T SITMhIER

21 FEERHMSEEM SOH Rt A%

H &2 A1, A A9 fa B ¢ iE——TIECVD 2k
FH B e A %) 78 fL Il R R AT R AE SR, TIEC VD
DR 6 78 T HL HL R X [R], AR R R SR A )
Z) A58 75 F B[] (B B o 7 78 R RRAIE VDST J5 vk
SR HE R B AT K SR R B 2 S L R S
R 0 PR PR 118 22 (LA by e, D45 7 e i ] i) o %) FL
JEZAE

VDSI X 75 L e SRA A5 5 AR A 5 TIECVD
A IF) P4 G L s, R 5 s i) ) o ) P e 22 (AR
B LA T AT R B 4 4 T X R s i A
F Bt AT — RPN WS, AR R bl 33

XF VDSI 54 e ith SOH 2 1] (b 5& R E4 143
Bro BEREAIE AT I] (] B , 2557 n > 70 FL S [A] [7] B
A5 AR T SOH Z [R] A BILS OC 3R, 15 BN ZRAE A

D: { ( (xll 9x12’.”’x1n> ’ (le ’x22’“.’x2n> P (xil ’

T
xiZa""xin)"“’ (xmlaxm2’“"xmn>) ’ (yl’st T

Yeor ) 3 = LXy b X O mxn BYERAEAERE
(% ,2,,° ’xiu>)_{j% I LN EN A S 4 )
[ k&g N(N=N,,N,, -, N,) if ) VDSIRFAILE [1]
sy P SOH F1 ), Jor y, 55 @ AR HL
70 HE FEL R T 6T 1 R Lt SOH. SEBRAEL s m A1 25
bl R Fe s B e Hh 288, AT MLR #5288 7 5
X 5y Z I BES OC R, RIS 4 0 5 7 gt
FERHAE AT MLR (940 f st SOH Pesgi £t 5. T
FRAE [ 308 O BV SE B 3 5L, DR AN 13 B it
BHARm= (1) Fis .
y = Xw (1)
ACH o w SRR [ 00 1 ZR EZH SR 8 [l £, A S O
A (2) FIH OLS i .
W = arg min Hy —Xw”2 (2)
s || - L S 2-0%
BT 7 8 £ e 4R AF VDST R MLR (% £ Ha, 3
SOH ettt Jr R i m AR an &l 3 iR o

[FKERCC-CVEAF F i 7s i 2% |

[hy g A BeA VDS |

[53#7 37 2 i e HE VDS 5 SOH I 4 2 |
PRI 76 HL L
ot 75 FELIRE 8 1B

B3 ETHEERHRFE VDS f1 MLR Hy4E it
SOH f&it kR iE

Fig.3 The lithium battery SOH estimation method flow
chart based on the new health feature VDSI and MLR
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Table 2 The starting voltage of data set 2 corresponds
to the average Pearson correlation coefficient

R RREHOCREL | R R R
W Vo/V FIE W VoV FIE
3.87 -0.894 3.95 -0.885
3.88 -0.947 3.96 -0.899
3.89 -0.948 3.97 -0.883
3.90 -0.941 3.98 -0.883
3.91 -0.927 3.99 -0.903
3.92 -0.911 4.00 -0.915
3.93 -0.877 4.01 -0.932
3.94 -0.877 4.02 -0.896
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Table 4 Data set 2 OLS analysis results

G N P | iR NS P
1 0.093 6 0.062
2 0.077 7 0.284
3 0.223 8 0.349
4 0.887 9 0.310
5 0.301 10 0.366
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Cooperative game scheduling and revenue sharing strategy for

virtual power plants considering scenery uncertainty
SONG Duoyang, XUE Tianliang, LI Yipu, TU Jintong, Bl Yuhao, WANG Mankang
(College of Electricity and New Energy, Three Gorges University, Yichang 443000, China)

Abstract: Virtual power plants ( VPP ) efficiently aggregate small-capacity and large-volume distributed energy resources
through advanced control technologies to participate in electricity market transactions. With the increase in the number of
distributed energy sources, the volatility of their power output and the problem of their returns after aggregation still need to be
solved. Based on this,a cooperative game scheduling model is proposed for multi-type distributed energy sources aggregated in a
virtual power plant under the day-ahead power market. Firstly, the operation framework of multi-type distributed energy
aggregation in virtual power plant is proposed. Then,a combined prediction model based on variational modal decomposition
(VMD) and improved bidirectional multi gated long short-term memory ( Bi-MGLSTM ) network is established because the
uncertainty of wind power output seriously affects the operation of the system. Secondly, the same type of distributed energy
sources form alliances and aim to maximize the revenue from power sales,and construct a cooperative game scheduling model for
multiple alliances of virtual power plants. In order to realize the fairness of revenue distribution among alliances and members ,a
multifactor improvement shapley value method and a two-stage refinement of the revenue distribution scheme based on the parity
cycle kernel method are designed. Finally,the example results show that the proposed method effectively improves the prediction
accuracy of wind power,realizes the cooperative and complementary operation among alliances within the virtual power plant,
and ensures the fairness and reasonableness of the revenue distribution among multiple subjects.

Keywords : virtual power plant ( VPP) ; distributed energy resource ( DER) ; wind and solar forecasting; cooperative gaming;

shapley values ; kernel method
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Rapid estimation method of lithium battery state of health

based on novel health feature
DONG Xiaohong', DONG Jinbo®, WANG Mingshen®, ZENG Fei’, PAN Yi’
(1. School of Electrical Engineering, Hebei University of Technology , Tianjin 300130, China;
2. School of Artificial Intelligence , Hebei University of Technology, Tianjin 300130, China;
3. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute,Nanjing 211103, China)

Abstract ; The online estimation of the state of health (SOH) is an essential part of a lithium battery management system. Most
data-driven lithium battery SOH estimation methods are computationally intensive and difficult to use in real-time in battery
management system microcontrollers. Therefore ,a rapid estimation method of lithium battery SOH based on novel health feature
is proposed in this paper. The charging data of the battery is firstly analyzed in the method, and based on the existing health
characteristics of time interval of an equal charging voltage difference (TIECVD) in the constant current charging process of the
battery, constructs a new health feature, that is, the health feature of charging voltage at the same starting point and charging
time interval. Then, a fast estimation method of lithium battery SOH based on the novel health feature and multiple linear
regression ( MLR) is proposed. Next,by analyzing the oxford battery aging dataset and the random usage dataset of lithium ion
batteries used by NASA ,the method traverses the constant current charging voltage range in steps of 0.01 V and determines the
optimal starting voltage of the lithium battery by maximizing the Pearson correlation coefficient. Finally, considering different
time intervals,the method uses the ordinary least squares ( OLS) regression analysis method to determine the optimal time
interval parameter of the lithium battery. The training set divided by two datasets is used to establish a multiple linear regression
model,and the validation set divided by two datasets is used to verify the method. The experimental results show that the
proposed method and novel health feature can greatly reduce the calculation volume,and can achieve fast estimation of lithium
battery SOH while ensuring prediction accuracy.

Keywords: lithium battery; state of health ( SOH) estimation; novel health feature; data-driven approach; multiple linear

regression (MLR) ;charging voltage data fragment
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