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Abstract

As the number of series connections of battery cells
increases, individual cells are operating in different
temperature profiles, and the aging patterns of the cells
become dissimilar from each other. Thenceforth, individual
state-cell-characteristics should be tracked online for higher
safety. Although Kalman-filter-based battery state
estimation is one of the most popular methods, it is sensitive
to the accuracy of the battery model parameters and
difficult to be applied to every cell. This work proposes an
online cell-by-cell state-of-charge (SOC)/state-of-health
(SOH) estimation method to mitigate this limitation. The
aging patterns of the individual cells are predicted by
introducing a combination of a switch-matrix flying
capacitor and electrochemical impedance spectroscopy
(EIS) model parameter scanning techniques. Accordingly,
the accuracy of the SOC estimation for individual cells is
enhanced. The proposed method is verified by a real-time
simulation platform, where the SOC and SOH levels of the
cells are individually estimated within a 1.24% error.

Keywords battery cell, battery estimation, battery model,
EIS, EKF calibration.

1 Introduction

The market share of the battery energy storage system
(BESS) is rapidly growing [1]. In the recent electric vehicle
(EV) development, a new cell-packing structure is
emerging, such as a cell-to-pack technology that directly
embeds the cells in the pack and eliminates modules. The
battery pack is not only an enclosure but also a part of the
vehicle body structure, a so-called cell-to-vehicle solution.
Therefore, the number of cells connected in series is further
increasing.
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The battery cells are screened to have similar
characteristics before being grouped into a module or a
pack [2]. However, this mechanism ensures the uniform
performance of the cells only in the first few operation
cycles, because individual cells operate in different cooling
profiles, and the aging patterns of the cells are dissimilar
from each other. Consequently, the estimation results for
the whole battery module or pack mostly fail to represent
the state of individual cells [3]. The mismatch in the battery
characteristics can make the series string suffer from over-
charging and over-discharging [4], because the aging
patterns of the individual cells are dissimilar [5].

This type of problem is exacerbated in the second-life
battery system, in which the retired battery pack from an
EV is reused for BESS application. At this time, the
individual cell characteristics are not as uniform as the new
one [6]. Hence, the battery state of individual cells should
be monitored by considering the aging characteristics of the
individual cell rather than a whole battery module or pack.

Given that the state of charge level only can be estimated
based on the battery voltage, current, and temperature [7],
the battery state estimation techniques are actively
investigated [8], [9]. For example, the Coulomb counting
method estimates the SOC level of the cells by counting the
amount of charge that flows into or out of the cell. This
method has become the most preferred in industrial
applications due to its simplicity [10], [11]. Additionally,
data-driven approaches such as artificial intelligence-based
techniques are also gaining popularity. The machine
learning (ML) and the deep learning (DL) algorithms can
accurately estimate the SOC level of the cells [12]-[14].
However, the ML-based methods require a large dataset to
train the model before operation on site, and the DL-based
methods demonstrate a large estimation error in the first
few cycles showing a risk in safety. Meanwhile, the
required computation time is considerably long to gain
practical feasibility and meet the cost requirements.

On the other hand, model-based methods can estimate the
SOC level with high accuracy and a low computation time
[15]-[18]. For example, Kalman-filter-based battery state
estimation is one of the most popular methods. However,
reports indicated that these methods are sensitive to the
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accuracy of the battery model parameters. The influence of
battery aging on the estimation accuracy is mostly
neglected, even though it is significant [19], [20]. To ensure
the estimation accuracy, the battery model parameters
should be online monitored to reconfigure the state space
model.

In recent years, many studies apply machine learning to
optimize the extended Kalman filter (EKF) algorithm. In
[21], [22], the authors utilize reinforcement learning to
modify the parameters of EKF. Although this approach
could gain some impressive results because of self-learning
ability based on real collected data, it also has the
limitations of data-driven methods, such as a variety of
training data, a long training time, and high computation
burden.

To solve the aforementioned issues, this work proposes an
effective online cell-by-cell state-of-charge (SOC)/state-of-
health (SOH) estimation method for the series string. The
impedance degradation of the cells is detected by utilizing
an online identification method. While the SOH is
estimated based on the impedance degradation, the model
parameters of the individual cell are also calibrated. Besides,
an EKF algorithm is used to estimate the SOC level from
the updated state space model and open circuit voltage
information.

After the impact of battery aging on the accuracy of the
conventional Kalman filter SOC estimation is discussed in
Section 2, the proposed circuit scheme and the improved
estimation algorithm are explained in Section 3. The
performance of the proposed method is verified by a real-
time simulation platform in Section 4, and the conclusion is
made in Section 5.

2 Conventional EKF-based SOC estimation and
its limitation

21 EKF Algorithm

The EKF is suitable for a system showing a nonlinear
behavior like a battery [23]. The system is linearized in real-
time around the estimated state for covariance updates as
the formulation from (1) to (5). Therefore, the nonlinear
output is predicted and transits the state.

Prediction (time update)

e  State estimation is expressed as
Xir1)k = ARy + Buy. (1
e  The error covariance is calculated by
Peyie = APiA” + Q. (2
Correction (measurement update)
e Kalman gain is computed by

-1
Ky = Pk+1|kCT(CPk+1|kCT + Ris) )

e  The state variable is updated as

Rp
I Ry b
Cp +
=
VOC V VTerminaI

Fig. 1 Battery EIS model

Rrjk+1 = T + Kk+1( Zgsr — Cjc\k+1|k)-(4)
e The error covariance is updated by

Priijksr = a - Kk+1C)Pk+1|kxs %)
where k represents the number of iterations; x and u are the
unmeasurable vector and control input vector, respectively;
A is the transition matrix; B is the input matrix; C is the
measurement matrix; P is the error covariance; K is the
Kalman gain; z is the observed output vector; and subscripts
|k and |k+! denote the predicted and updated values,
respectively. The process noise and measurement noise

covariance matrices are denoted as Q and R, respectively.
The battery cell is modeled by a Thevénin equivalent
circuit, as shown in Fig. 1, which is called the EIS model in
this work. Although the second order model can achieve
higher accuracy, its computation becomes complex.
Accordingly, the first order model is chosen for the state
estimation for individual cells. The model consists of an
open circuit voltage (Voc) and an R-RC (R, R, Cp)
equivalent impedance circuit. The battery SOC is computed
by the ratio of the remaining capacity to the total capacity

as

nAt i(k)

SOC(k + 1) = SOC(k) — (6)

Meanwhile, the terminal voltage of the cell is calculated

by
Vi(k) = Voc(k) — Vp(k) — i(k)Rs, (7)

where Voc(k) is the open-circuit voltage at the kth sampling
time and is a function of SOC, V,(k) is the polarization
voltage at the kth sampling time applied to the parallel RC
network, 7 is the efficiency of charge/discharge process, i(k)
denotes the measured current of the cell, C, is the nominal
full capacity of the cell, and At is the sample time. For a
convention, the polarity of the charging and discharging
current are regarded as positive and negative, respectively.
Thus, the polarization voltage at the (k+1)th sample is
calculated by

Vplk +1) = e#pvp(k) ~R, (1 - eﬁ> i(k).(8)

In the battery system, (6) and (8) are the state equations,
while (7) is the output equation. By linearizing this system,
the state space equation of SOC and V), are built in as
follows:
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Fig. 2 Changes in the battery characteristics during aging: a
battery impedance; b SOC-OCV
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Fig. 3 SOC estimation without model calibration at 100%
and 90% SOH

soc 2 [SOC + Bui ©)
= Ag klk-
% L %l
Meanwhile, the output vector V; is expressed as

SocC )
Vi) = Gy |+ Dee (10)
k

where Jacobian matrices 4y, By, Ck, and Dy are expressed as:

A [1 0 ] (11)
= —At
“ o emn
__Aen(k)
Cn
B, = -at |, (12)
R,(1 — efrlr
— [Yoc _
G = [asoc 1]’ (13)
Dk = _Rs. (14)

The state space models of the EKF are strongly dependent
on the EIS model parameters (Ry, R,, and C,) in Fig. 1, the
actual capacity (C,), and the OCV-SOC relationship of the
cells at the current conditions, most of which are affected

by aging.

2.2 Necessity of cell-by-cell
consideration

aging effect

Switch-matrix flying capacitor circuit
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Fig. 4 Proposed cell-by-cell parameter extraction: a switch matrix
circuit; b operation of cell #3; ¢ equivalent circuit of the
identification process
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To further investigate the influence of aging on the EKF
estimation accuracy, multiple tests have been conducted to
observe the battery characteristic at the various SOH levels.
The device under test is the 18650 Li-ion Samsung SDI
(3.6V/2.9Ah) cells. The cells are fully charged at 0.5C-rate
current and are discharged by various C-rates (0.5C, 1.5C,
and 2C) at 25 °C ambient temperature. The battery cells are
gradually aged by repeating the tests. After every 50 cycles,
the battery impedance and OCV-SOC relationship of the
cells are observed to form the historical dataset of the cells
at the various SOH levels.

The changes in the battery impedance and OCV-SOC
mapping curve are illustrated in Fig. 2. According to the
results, the battery impedance drifted by 15% from the
initial condition after 550 cycles. Meanwhile, the OCV—
SOC curve deviates from the initial curve. Both factors
significantly reduce the accuracy of the EKF estimation.

The same EKF estimator has been applied for the
charging process of a cell at 100% and 90% SOH levels.
The estimation results are compared with the reference
value from the cycler in Fig. 3. The maximum error
increased from 2.51% (at 100% SOH) to 15.49% (at 90%
SOH). Evidently, the aging of the cell increases the error of
the EKF estimator.

On the other hand, the aging pattern of the cells is
different from each other even under the same driving
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Fig. 5 Theoretical waveforms: a current and voltage of the
measuring capacitor; b multiple measurement points

condition [24]. Consequently, the assessment of the whole
pack by a single EKF estimation becomes inappropriate.
Therefore, online cell-by-cell state estimation is essential.

3 Proposed method

In this section, the proposed method is developed for a
switch-matrix flying capacitor circuit that is connected in
turns to the individual cells. Most of the equivalent model
parameters of the cells can be estimated based on the charge
transfer theory of the switched capacitor
Thenceforth, the impedance degradation is detected to
interpolate the SOH level. The corresponding OCV-SOC
relationship and the state space model of the EKF are
reconfigured based on the estimated SOH level. In virtue of

circuit.

the switch-matrix, the estimation process can be

implemented for the individual cells one by one.
3.1 Online cell-by-cell parameter extraction

The online identification method is implemented on the
switch-matrix flying capacitor circuit, which is illustrated
in Fig. 4a. The hardware consists of a switch-matrix, a
flying capacitor, and a switched bleeder resistor. The charge
transfer process is divided into two phases, as shown in Fig.
4b—c. The parameters of the EIS model are extracted in
phase A (t5—t;), where one cell is connected to the capacitor,
C. In phase B (#-13), the capacitor is fully discharged by a
switched bleeder resistor circuit before the next
measurement starts.

According to the analysis in [25], the current flow through
the loop is expressed by

A R —(Rn+Rp)t
6@ = (1 memna ) s
AV = Voc — ve(t), (16)

SOC (k-1)
Ve l Ry
.| EISmodel Rp EKF SOC
—£>| identification Cp estimation | sOC (k)

Cn |OCV-SOC

R,- SOH
polynomial
curve fitting

SOH (k) | Aging dataset | ..
LUT

SOH (k-1)
Fig. 6 Proposed SOC/SOH estimation algorithm

where the Voc is the open-circuit voltage of the battery,
which is measured in the initial process; vc(?) and ic(?) are
the measured voltage and current of the capacitor at time ¢,
respectively; R, is the sum of the model serial resistance
and the circuit resistance (including the ESR of the
capacitor, on-resistance of switches, and shunt resistance).
The theoretical waveforms of the capacitor current and
voltage are shown in Fig. 5a.

Ry, Ry, and C, are identified by assessing the capacitor
current and voltage at multiple points. After reformulating
(15) into

—(Rn+Rp)t

) _ _1 TRyl (17)
AV Rn+Rp Rn(Rn+Ryp)

and applying the exponential curve fitting to (17), the
current (ic) and voltage (v¢) of the equalization capacitor at
the various points (Fig. 5b) are utilized to calculate the
parameters of the EIS model. From the extracted EIS model
parameters (Ry, R,, Cp), the total resistance of the cell (R)) is
calculated by

R, = Ry + R, (18)

3.2 Parameter reconfiguration for EKF
considering the aging effects

The parameter reconfiguration process of one cell is
demonstrated in Fig. 6. In the EIS model identification
block, the model parameters of the cell are identified, as
mentioned in Section 3.1. Accordingly, the EIS model is
utilized to update the state space model for SOC estimation.
Next, the correlation between SOH level and R, is
illustrated in Fig. 7 based on the historical dataset in Section
2.2. The SOH level is a function of R;, which can be derived
by applying the polynomial curve fitting technique.
Therefore, the SOH level is estimated directly from the
measured R;. In this work, the relation is obtained as:

SOH = 0.05347 x R? — 7.138 xR, + 339.8. (19)

This relation is used for constructing the aging dataset
look-up table, where the corresponding actual capacity (C,)
and SOC-OCYV relationship are calculated based on the
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SOH level. Finally, the updated C, and SOC-OCV
relationship are simultaneously utilized for the EKF
estimator to estimate the SOC level.

After the model parameters for one cell are obtained, the
switch-matrix is controlled to dock other cells to the flying
capacitor for another parameter extraction step. Because the
SOH slowly decreases by nature, this process can be
conducted in the idle mode of the cells; right before every
charging process or during any usual battery maintenance
routine. The extra computation time or energy loss is trivial
because the whole reconfiguration process is considerably
fast and seldom occurs.

4 Real-time test results

First, the reference set should be constructed. The
reference SOC and SOH levels of the cells are calculated
based on the actual capacity of the cells, which are provided
by the Coulomb counting method with a very high accuracy
sensing equipment Maccor 4300K. The battery is
repeatedly charged and discharged by a battery cycler (a
Maccor 4300K) at 25 °C ambient temperature. The cells are
charged in CC at 0.5C-rate current and in CV at 4.2 V with
0.02C-rate cut-off current. The cells are discharged by CC
at a 1.5C-rate with a 2.5 V cut-off voltage. The cell model
parameters are extracted every 50 cycles by using the
sinusoidal injection method with a genetic estimation
algorithm to create a reference set of data for the EIS model.
This method is supplied by the commercial offline EIS
measurement equipment (ZIVE SP10).

The accuracy of the model parameters is evaluated with
an FPGA-based real-time hardware-in-the-loop test
platform (Typhoon HIL 602+). Based on the reference
parameters from the EIS test rests, the circuit model is
constructed into a real-time platform to isolate the effects
of unintended disturbances, such as temperature changes
during the operation and manufacturing tolerances in
battery characteristics. Then, the proposed method is
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= =Offline estimated model
6l ——Online estimated model |
N4
2 L
0 L L L L
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z
Fig. 8 Cole—Cole plot of the impedance of cell #3

implemented in the real-time platform, and the algorithm is
executed for a 3S1P battery string consisting of three cells
in series. The estimated parameters are summarized in
Table 1.

Table 1 Estimated parameters of the EIS-model

Ri(m®) Ry(m®) R(mL) Cp (F)
Sample #1 49.4 5.70 55.1 1.0279
(%Error) (0.064) (0.18) (0.0004) (1.87)
Sample #2 50.73 10.03 60.77 2.13
(%Error) (0.04) (1.34) (0.04) (3.54)
Sample #3 50.55 11.57 62.12 2.87
(%Error) (0.12) (3.18) (0.02) (1.02)

According to the comparison of the extracted parameters
with the reference value from the commercial EIS
equipment, the maximum errors in the estimation are 0.12%
for R,, 3.18% for R,, 0.04% for R, and 3.54% for C,,
respectively. The impedance of the equivalent circuit with
the extracted parameter is plotted under a frequency-sweep
sequence in Fig. 8. The Cole—Cole plot of sample #3 at 91.3%
the SOH condition shows that the online extraction data
obtained by the proposed method matches well with the
reference curve generated by the commercial offline
equipment. Thus, the EKF parameters, such as Ry, R,, and
C,, can be successively reconfigured.

Meanwhile, the actual SOH level is predicted by the
proposed algorithm based on the estimated impedance of
the cells and the dataset. The predicted values are
summarized in Table 2, where the proposed method can
predict the SOH level within 1.2% error, showing that the
proposed method efficiently performs in predicting the
SOH condition of the cells. In this case, the remaining EKF
parameters, such as OCV-SOC relation and C,, can be
obtained.

Table 2 SOH estimation result by the proposed method
Ri_eslima(ed SOH s SOHestimated SOHerror

Rl_reference

Sample @) (mQ) (%) (%) (%)

Sa;‘lple 55.12144 55.1 9774741 989137 1.1931
Sa;‘zple 60.65297 60766  92.35813  92.5527 02107
Sa;‘;"e 6255597 62115  91.32608  91.5443 0.2389

Thenceforth, EKF parameters reflect the aging effects, and
the SOC estimation accuracy is greatly improved. To
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Fig. 9 SOC estimation result at 91.3% SOH

closely investigate the performance, the EKF estimation
with or without the state space parameters reconfiguration
is tested for a 0.5C-rate charging and 1.5C-rate discharging
process of sample #3 at the 550™ cycle (91.3% SOH). The
SOC estimation error is assessed by root-mean-square-error
(RMSE), which is calculated by

2
RMSE = \/(Socref - SONCestrmated) , (20)

where SOC,erand SOCestimatea are the reference SOC and the
estimated SOC, respectively; and N is the number of data.

The terminal voltage and SOC profile of the battery cell
are illustrated in Fig. 9. The EKF estimation without the
aging consideration has a high RMSE in SOC estimation
(8.64% during the charging and 8.26% during the
discharging process). By contrast, the estimation error is
reduced below 1.24% RMSE because the model parameter
is extracted online and cell-by-cell. Therefore, the state
space parameter reconfiguration process is effective in
improving the accuracy of the SOC estimation for
individual cells.
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5 Conclusion

By considering the battery aging, the online cell-by-cell
parameter extraction technique for the individual cell is
proposed along with a switch matrix flying capacitor
structure. The SOC and SOH levels are obtained by
tracking the actual model parameters of the individual cells.
The verification result proves that the EKF estimation
combined with the proposed state space parameter
reconfiguration process can effectively improve the
estimation accuracy. Furthermore, the proposed circuit
structure is simple enough to be integrated into
conventional active cell balancing circuits.
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