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Abstract. An equivalent circuit model of dual polarization (DP) of lithium
battery was established according to the application characteristics of
lithium battery under the standby condition of 5G base station. On the basis
of the model, recursive least square method with forgetting factor (RLS) was
used to identify the model parameters. Finally, the Unscented Kalman
filtering (UKF) was used to estimate the SOC of lithium battery in real time
with the identified model parameters. The simulation and experimental
results showed that the combined estimation using recursive least square
method with forgetting factor (RLS) and UKF could greatly improve the
estimation accuracy of lithium battery SOC, reduce the estimation error, and
further verify the accuracy and effectiveness of the whole modeling.

1 Introduction

With the vigorous promotion of 5G technology in China, energy storage technology under
the background of new 5G infrastructure is becoming more and more important. Due to the
wide distribution of 5G micro base stations, the power system is difficult to meet its
requirements, so many base stations have been used energy storage systems to ensure
continuous and stable power transmission. By configuring energy storage batteries for the
communication base station network, the energy storage batteries can improve the power
quality when the power supply system is normally powered , and continue to supply power
to the load as a backup power source when the power supply fails to ensure the continuous
normal operation of the equipment, thus forming a huge distributed. The energy storage
system realizes peak-shaving and valley-filling of base stations and reduces base station
construction and operating costs. Among them, lithium battery is popular with base station
batteries because of its low installation cost and long service life, and has been widely used
in 5G base station energy storage systems 2131 Therefore, the accurate estimation of the
SOC of the lithium battery has become one of the key factors to ensure the reliability and
stability of the lithium battery and the entire energy storage system.

In this paper, a Dual-Polarized model is established for the lithium battery with lithium
iron phosphate, and uses the least squares method with forgetting factor to carry out the online
model Parameter identification; combined with the identified model parameters, the
unscented Kalman filter algorithm is used to estimate the SOC of the lithium battery. Finally,
the accuracy of the algorithm is verified through simulation and experiments.
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2 Lithium battery modeling and parameter identification

2.1 Dual polarization ( DP ) equivalent circuit model

The DP model equivalent circuit of a lithium battery is shown in Figure 1.

ulty

Fig. 1. Dual-polarization (DP) equivalent circuit model of lithium battery.

Selecting u,(?), up2(t) and SOC(?) as state variables, terminal current i(?) of the battery as
input variable, terminal voltage u(?) of the battery as output variable, and discretize them to
establish the discrete space state equation and observation equation of the second-order RC
equivalent model, as shown in equation (1), respectively. In equations (1), & is the discrete
sampling point, T s is the time interval between two adjacent sampling points, W;(k), Wa(k)
and W;(k) are the system white noise with a mean value of 0 and a covariance of Q(k); V(k)
is a measured white noise sequence with a mean value of 0 and a covariance of R(k) 15,
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The establishment of the accurate state equation and observation equation of the second-
order lithium battery through the above has laid a good foundation for the next step of SOC
estimation based on the battery model.

2.2 Model parameter identification

2.2.1 Establishment of SOC-OCYV relation curve

In this paper, the battery discharge test is carried out at room temperature with 0.2C current,
and the data of the lithium battery's standing voltage (OCV) at different SOC are obtained by
the ampere-hour integral method. Then, the function relationship between SOC and OCV is
obtained by curve fitting.

According to use the discharge data of SOC and U,. which is obtained from the above
discharging test, it can be perform 8th-order polynomial fitting. The fitting formula obtained
is shown in equation (2).

U,e = —30.480 X SOC® + 159.100 x SOC” — 309.800 X SOC® + 295.770 x SOC> — 149.530 X
S0C* 4+ 40.624 x SOC3 — 6.390 X SOC? + 0.928 X SOC + 3.172 )
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2.2.2 Parameter identification based on RLS with forgetting factor

The essence of parameter identification by recursive least square method is to calculate the
error between the system output and the expectation at this time based on the result identified
at the previous time, and then correct the error and newly observed data to get the corrected
estimate result at the current time. The next time is followed by analogy, so as to realize the
real-time update of identification parameters. Therefore, the ultimate goal is to minimize the
estimation error e;s(k) of the system, so as to obtain the parameters that are most close to
the true valuel®l"),

Based on the above analysis, the equation suitable for parameter identification based on
the least square method and the error function are defined as shown in formula (3 ) and
formula (4):

y(k) = D(k)0(k) + e, (k) €)

E@)=Y Ae, (k)= A7[yk)-ok)ok)] )

In formula (4), in order to strengthen the influence of new observation data on the
estimation results of the system, weaken the influence of old data on the estimation results of
the system, and prevent data saturation, A is specially introduced as the forgetting factor for
weighting. At the same time, in order to ensure the weighted influence of forgetting factor 4
and the stability of the whole RLS algorithm, the value range of 4 is generally [0.95,1] ¥,

According to the foregoing analysis, in order to ensure the minimum error of the system,
the minimum value of equation (4) is obtained. At the same time, according to the iterative
process steps of the recursive RLS algorithm, after the system is initialized, the gain of the
iterative operation is calculated first, then the covariance is calculated, then the estimation
error is calculated, and finally the system estimated parameters are updated. In summary, the
calculation process of the recursive least square method with forgetting factor is shown in
formula (5):

APk - 1)D(k)
1+ A" Dk)" P(k—1)D(k) 5
P(k) = A" P(k =1) = X' K (k)®(k) P(k 1) )
e,5(k) = y(k) — D) (k - 1)
O(k) = O(k 1) + K (k)e,5 (k)

K(k)=

In formula (5), K(k) is the gain matrix, P(k—1) is the covariance matrix at the previous
moment, P(k) is the covariance matrix at the current moment, gk —1) is the estimated
value of the system parameter at the previous moment, é(k) is the estimated value of the
system parameter at the current moment, cp(k)é(k —1) is the observed value of the system
at the current moment, and K (k)e, (k) is the estimated error of the system at the current

moment after correction.

2.2.3 Parameter identification results and test verification

The hybrid pulse power characteristic (HPPC) experiment was carried out on the lithium
battery. The obtained parameter identification results and parameter identification accuracy
are shown in Figure 2, where (a) is the parameter identification result of Ry, Ry and Ry, (b)
is the parameter identification result of Cp; and Cp, and (c) is Ro, Ry, Rz, Cpi and Cp
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parameter identification accuracy.

Through the parameter identification results and the parameter identification accuracy
curve in Figure 2, it can be seen that at the beginning of the parameter identification process,
the correction factor of the identification system quickly adjusts the parameter value, so that
the parameter is constantly close to the accurate value, causing large fluctuations in each
parameter. After 60 s, the error value of each parameter identification error curve decreases.
With the continuous adjustment of the parameters, after 1000 s, the fluctuation of each
parameter value decreases, and the parameter identification value area is stable.
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Fig. 2. Parameter identification results based on the recursive least square method with forgetting
factor.

3 SOC estimation of lithium battery

3.1 UKF for estimating SOC

For the state equation and observation equation of the nonlinear discrete system shown in
equation (1), defining the state quantity

X = [SOC(k) Upl(k) Upz(k)]T = [SOCk upl‘k upz‘k]T

output
Wik —1)
Vi = [UR)wy_y = |Wo(k = 1)
Ws(k - 1)

observing the noise v, = [V (k)], and then the estimation process of untraced Kalman filter
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algorithm is as follows:
i. Initialization, including initialization of state variables and covariance:
%o = E(xo)

{Po = E[(xg — %0) (xo — %)"] (©)

In Equation (6), x, is the initial value of the state variable, and P, is the initial value of
the covariance.
ii. Select the appropriate Sigma sampling point and determine the weight value:
The sampling point is defined as x; ,_,, and the weight value is w; (where i =

0,1,2, ...,2n), then Sigma sampling points are selected as shown in formula (7) :

X0, k-1 = k-1

%, o1 = Zker + (VA DP) i = 12, 0m ™
X g =R~ (i + DPy) i =n+ 1,20

Through the above sampling points, the sampling weight value is calculated as shown in
formula (8):

{ W@ =2 i=0

n+a’

wc(o):m+(1—a +B),i=0 ®)

Wy, ® = w,H = ,i=12,..,2n

2(n +A)

iii. State variables and covariance time update:

o — \'2n i
xklk—l - Zi:o wm( ) xi, k—1

Prik—1 = Zizfo wc(i) (xl.' Klk=1 J?k|k—1)(xi, klk—=1 fk|k—1)T + Q

)

iv. Mean value of the output observed by the system is updated:

Vi = 21220 wm(i) Vklk-1
Pykyk = 1220 wc(l) (yi, klk-1 yk)(yi, klk-1 yk)T + Rk (10)

kayk = 212:0 wc(l) (xi, klk-1 fklk—l)(yi, klk-1 ?k)T

v. Update of state variables and covariance:

{ Xk = k\klk 1 + kaykpykyk_l(yk - yk)

_ -1
Py = Pklk—1 - (PXkYkPJ’kYk ) J’kYk(PXkYkPJ’kYk

~1yr (11)

Through the above process from i to v, the SOC estimation of the lithium battery of the
dual polarization model can be completed™ 191,

3.2 SOC estimation results and experimental verification

In order to verify the accuracy of the UKF estimation of the lithium battery SOC, before the
test, the capacity of the lithium battery is calibrated to determine that the battery is fully
charged with an initial capacity of 20.508Ah, and then the HPPC pulse discharge test is
carried out on the lithium battery with 0.5C (10 A) current. Using the data obtained from the
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experiment, UKF and EKF were used to estimate the SOC of the lithium battery.

The comparison of SOC estimation curve and theoretical value obtained through UKF
algorithm and EKF algorithm is shown in Figure 3(a), and the comparison of estimation error
between UKF algorithm and EKF algorithm in the estimation process is shown in Figure 3(b).

N b

TN
k 3
o

(a) Comparison between UKF and EKF (b) Comparison between UKF and EKF estimation
SOC error curve results results and theoretical values estimated SOC

Fig. 3. UKF estimated SOC results.

It can be seen from Figure 3 (a) that the SOC curve estimated by the UKF nonlinear
algorithm avoids the situation that the error caused by the first-order linearization in the
traditional EKF algorithm is difficult to observe, and can track the theory stably. It can be
seen from Figure 3 (b) that, compared with the EKF algorithm, the UKF algorithm has better
convergence in the estimation process, and can track faster and approach the theoretical value.
Compared with the maximum estimation error of the EKF which is 5.75% , the maximum
estimation error of the UKF algorithm is only -1.86% . The estimation results further verify
the accuracy of the aforementioned lithium battery model modeling and model parameter
identification.

4 Conclusions

In this paper, the energy storage lithium battery is modeled. RLS method with forgetting
factor and UKF algorithm are used to realize the dynamic identification of model parameters
and the SOC estimation of the battery respectively, and the simulation and experimental
verification are carried out, and the following conclusions are reached:

1) The establishment of the DP equivalent circuit model for lithium battery is accurate
and reasonable.

2) The parameter identification process of each parameter in the DP equivalent circuit
model based on the lithium battery and the SOC estimation process of the lithium battery are
experimentally studied.

3) Through the analysis of the simulation and test results, it is believed that the SOC of
lithium battery can be accurately estimated by using the DP equivalent circuit model
parameters and UKF SOC estimation, and the estimation accuracy can meet the real-time use
requirements of 5G base station standby power.
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