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Abstract: In order to improve the estimation accuracy of the state of charge (SOC) of the lithium-ion battery, an algorithm
to estimate the state of charge of lithium-ion batteries based on reinforcement learning of Kalman filters was proposed.
Firstly, a second-order RC equivalent circuit model was introduced, and a state-space model of coefficient of variation of the
lithium-ion battery was structured by using Kalman filter. Then, a reinforcement learning algorithm of Kalman filters was

structured, while Bayes rule was used to ensure optimal covariance. Simulation shows that the algorithm can more accurately

estimate the state of charge of the batteries.
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Fig.1 Equivalent circuit model for lithium-ion battery

R UL B EAT PR T HLLAY SOC

S/ = Sr() _i ji/dt (2)

K AHECREEREG 0 MR E R 10 N
BILGITE] 5 S, F1S, 5351k SOC BRI R E A S ALAH.

4546 BN TR X IR K SR 1T S 5O
FESCREAS &, = [sk ULk uz,k]T L EAE () FTQ) ,
FTF R B H R IR A A A

Sk+1 1 0 0 Sk+l
_ -T/1
U,y |=[0 e 0 [X|uy,
=T/t
Uy i 0 0 e Uy

-AT/Q, Wi, 3)
+ r(=eTT) |Xi | wy,

—T/Tz)

r (1 —€ WS,k

ur,k = uOCV (Sk ) - ul,k - uZ,k
o L 7,=1nC, , 7,=1rC, 5 u,(u, =i,)k) R 3 A AR
vve=u,) W AR o T N E 4R R M
w(we=[w wo w ) IREMES T, By 2
RO 5 v IR T, Bhr 22 R .
1.2 BMEENSEHIHR

I ECR S AT IAS E] SOC-0CV KA. F 2

— Tl Y



2020 4E 8 A

kAR, S5 JETUERAE T R/R S UENE B T SOC it £ 67 -

F R SRR F A TR 18650 TR B - Ha i 7E B I
(20 ~25 °C) F 1Y SOC-OCV Hif £k Al

4.2

40

38 F

aAY

3.6 F

3.4

3.2

0 2'0 4‘0 6.0 8.0 100
SOC/%
2 {2EFHIh SOC-OCV 4F1Emhk
Fig.2 SOC-OCV characteristic mapping curve of lith-
ium-ion battery

2 REFIFREMITRM SOC

iGN (1) —Q), W RI/RZ IR AT, dErF

B H I B R SRR A
X = S (X,u,) +w,
{yk = h(x,,u,)+v,

Ao BT w,
v e (O,R).

sk ] e ) S8l A ] SR R
WR MK, B—Mlas 8k, WEmib2: 211
TR B 2 > W RN RE ) Ao Ak 24 > I PSR RE ST AR ZS &
AW LR NS IR T 28 B, i i KA B
BRI R ASCRIGHE Q M4
(DQN, deep Q-network) FL{AK fift ¢ U 43P [ /51, 4%
S SEVREURE (8 0 28 A R PP, 1 I 245 3k ) 4
HDUIRAS T & Fhsh iR, SRR TS0 52 8,
R BME R RIEAE AR D2 oo, R Q-
learning F75 RN RHE NS | o S REDRAS R
WHE R SIAEVE R . JEFIRIE SR AL22 > M -R/R S
BRHLY SOC it A FEAHELL N 3 FiR.

@)
v AR E N we (0.0)

3 RESBRNFIMFREIRK SOCHHEIREE
Fig.3 SOC estimation process under reinforcement
learning of Kalman filters
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Fig. 4 SOC estimation flow chart under reinforcement

learning of Kalman Filters
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