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Abstract—Lithium-ion batteries are widely used in energy stor-
age nowadays. However, differences caused by aging among in-
pack cells are inevitable, which makes accurate state-of-charge
(SOC) estimation for packs still challenging. In this article, a novel
discharge mode identification (DMI) method for series-connected
battery pack online SOC estimation is proposed. The DMI method
simplifies the process of searching for “poor SOC cell.” The dis-
charge process is defined into two different modes on the basis of
inconsistency analysis. The pack SOC is estimated based on the av-
erage cell or all cells during different discharge phases, respectively.
Furthermore, considering lower computational load is critical in
a battery management system (BMS), a novel segmented coulomb
counting (SCC) method based on partial adaptive forgetting factors
recursive least square (PAFFRLS) is proposed as a part of the
DMI method, which provides a balanced solution to the cell SOC
estimation. Eventually, numerous simulations and experiments for
LiNCM and LiFePO,4 packs are employed to verify the validity of
the proposed DMI over a wide life scale. The average estimation
errors of a series-connected battery pack under different working
conditions at different temperatures are within 2.5 %, which shows
a good performance and provides a better guidance to the design
of BMS.

Index Terms—Discharge mode identification (DMI), inconsistent
lithium-ion battery pack, partial adaptive forgetting factors,
segmented coulomb counting (SCC), state of charge (SOC)

estimation.

LECTRIC vehicles (EVs) have become a main trend in the
E vehicle industry owning to environmental friendly [1]-[4].
In recent years, lithium-ion batteries are widely used in EVs
because of their high nominal voltage, high energy density, and
long cycle life [5]. However, differences caused by the aging and
production process among in-pack cells are inevitable, which
makes accurate state-of-charge (SOC) estimation for battery
packs still challenging.

I. INTRODUCTION
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Many single-cell SOC estimation methods, mainly in four
types, have been proposed: the ampere hour counting method,
lookup-table-based methods, model-based methods, and data-
driven methods [6]-[10]. The ampere hour counting method is
easy to implement, but the initial value is difficult to find and
the error may accumulate [11]-[13]. The lookup-table-based
methods have very high requirements on the rest time of the
batteries [14]. Consequently, it is not appropriate for online
SOC estimation. Approaches called model-based methods are
proposed in recent years to solve the issues mentioned above.
The most commonly used models can be roughly summarized
as follows: electrochemical model (EM) and equivalent circuit
model (ECM). Estimation methods based on the EM can reflect
the effect of the kinetic process and charge transfer process in the
battery. However, it is difficult to identify all parameters. Thus, it
hardly can be applied to the battery management system (BMS)
directly [15]. The ECM uses electrical circuit components to
describe the voltage of batteries, and Kalman filter (KF) and its
variants [13], [16]-[24] can be used for SOC estimation. The
ECM-based methods are suitable for online SOC estimation.
However, effectiveness of the methods depends on the accuracy
of the parameters in an equivalent circuit. In order to solve
this problem, the recursive least-squares (RLS) method and its
improved algorithms are employed to track the parameters of
the equivalent circuit online, which shows good performance in
SOC estimation [3], [17], [21]-[23]. The data-driven methods
treat the battery as a black box, which simplifies the complex
internal reaction of the battery. The typical algorithms include
[15]: the fuzzy controller [25], [26], the neural network [27]—
[29], and the support vector machine [30], [31]. However, these
methods are sensitive to the quality and scale of training data.

However, since the battery pack is composed of several cells
connected in series and parallel, directly adopting the above-
mentioned methods to generate a large computation load. Differ-
ences caused by the aging and production process among in-pack
cells make the concept “battery pack SOC” difficult to define
[32], [33]. In order to prevent overcharging and overdischarging
of each cell, the previous battery pack SOC estimation methods
can be classified into three groups, including cell-based meth-
ods, screening/filtering methods, and mean-difference model
(MDM) based methods.

The cell-based methods treat the pack as one or more “equiv-
alent cells” and the single-cell SOC estimation methods are
employed. The most reliable method is to employ the single-cell
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SOC estimation method for each cell. Wang et al. proposed an
unscented KF-based method considering the heat dissipation
for cells [34]. However, this may be beyond the data computing
power of the BMS. The “big cell” method regards the battery
pack as a “big cell.” The battery pack’s voltage and current
are used to calculate the SOC of the battery pack. This method
cannot prevent overcharging and overdischarging of poor cells
[35], [36]. Another cell-based method is called the “average cell”
method where an average SOC is obtained by mapping estimated
open-circuit voltage (OCV) of the “average cell” through a
lookup table [37]. The “short board effect cell” method uses
the state of the “poorest SOC cell (PSC)” as a reference for the
battery pack SOC, which may cause some waste of resources
[35]. Although this is the safest reference for the battery pack,
it is difficult to accurately find the PSC during EV operations.
The author of this article estimated the SOC of n cells with
low terminal voltages or low internal resistances in a pack. It
is expected that the PSC will be found in the selected “poorest
voltage cells (PVCs)” or “poorest resistance cells (PRCs).” The
results show that when n reaches one-third of the number of
cells and the reference is based on PVCs, the probability of PSC
appearing in the selected n cells is about 90%. In addition, the
abovementioned probability is only 40% when the PRCs are
used as a criterion [35]. In addition, the differences between the
internal resistances of each cell are similar to the measurement
error while the cells are not “old” enough [38]. Therefore, the
PVCs and PRCs cannot reflect the SOC level of a battery pack.
Huang et al. proposed a method considering the temperature and
balancing. The variable reference cell was tracked online [39]. A
cell-based method considering balancing current was proposed
in [33]. The voltage-based balance strategy was employed and
the PVC was used to reflect the SOC level of the pack. Although
the method decreases the impact of inconsistency on the pack
SOC estimation, the noncorrespondence between PVC and PSC
still cannot be solved. In [40], the “representative cell” based
on quasi-OCV was proposed. The Rint model was employed
considering both of the terminal voltage and internal resistance.
However, the polarization characteristics are ignored while the
“representative cell” is used to reflect the SOC level.

The second realization is screening/filtering methods, which
is an indirect method. A well-designed screening process has
been developed to select cells having similar capacity and inter-
nal resistance for packaging [41]. Rui ef al. proposed a filtering
approach and employed adaptive extended KF-based method
with a unit model to solve the pack model [42]. On this basis,
the battery pack can be regarded as a whole with low incon-
sistency. Thus, the mentioned “big cell” method can be used to
perform SOC estimation. However, since the slight difference
between battery cells will gradually increase when battery ages,
screening/filtering methods will lose accuracy when the packs
are under low state-of-health (SOH).

The MDM-based methods are the most popular methods at
present, which establish difference model for all cells without
defining the concept of battery pack SOC. Plett used a “bar”
estimator, and focused on “average cell” SOC estimation and a
less computationally complex “Delta” estimators, which were
used to keep track the differences between the average cell and

all cells [43]. Dai et al. proposed a similar method but using
a dual time-scale KF, which reduced the computational load
[44]. As the capacity screening method can reduce pack incon-
sistency, Zheng et al. proposed a “M+D” method considering
the SOC and internal resistance difference [2], [45], [46]. Sun
and Rui proposed a model-based dual-scale cell SOC estimator
using micro and macro time scale to estimate the SOC of the
selected cell and unselected cells, respectively [41]. Fang et al.
proposed a method considering the SOC and internal resistance
inconsistency [47]. Chen et al. proposed a bias correction-based
method considering the temperature and polarization incon-
sistency [48]. The neural network and extended Kalman filter
(EKF) were used, which may increase the system complexity. It
is worth noting that the common differences that can be tracked
online include: SOC difference, voltage difference, capacity
difference, and impedance difference. However, tracking all of
the abovementioned differences between every two cells may
result in a large computational load, and there are also some
other differences that are hard to evaluate online for each single
cell [2]. Thus, the previous research works cannot be used to
track all the mentioned differences online, which decreases the
accuracy of estimation. In addition, it is worth noting that the
differences between cells are changed with the SOH. The pack
SOC estimators should be valid throughout the whole lifecycle
of EV application. The performance of the previous methods at
different SOH is not clear.

A key contribution of this article is that a novel discharge
mode identification (DMI) method for series-connected battery
pack online SOC estimation over a wide life scale is proposed.
The discharge process is divided into two modes based on the
pack inconsistency. Different representative methods are used
to describe the pack in different modes. In addition, a novel
segmented Coulomb counting (SCC) method based on partial
adaptive forgetting factors recursive least square (PAFFRLS)
is proposed as a part of the DMI method, which provides
a balanced solution to the single-cell SOC estimation during
different discharge modes. Finally, the cycle aging experiments
for LINCM (NCM) and LiFePO, (LFP) battery packs are used
to validate the feasibility of the proposed method.

In this article, the analysis of battery pack inconsistency is
introduced in Section II. Section III illustrates the DMI method
for the battery pack on the basis of cells inconsistency analysis.
Parameters estimation implementation is shown in Section IV.
Numerous experiments and results of the battery pack SOC
estimation are shown in Section V. Finally, Section VI concludes
this article.

II. SERIES-CONNECTED BATTERY PACK
INCONSISTENCY ANALYSIS

A. Factors Causing Battery Differences

The difference of a pack increases as cycles rise, resulting in
the pack aging. There are many factors causing batteries differ-
ences, as shown in Fig. 1. The main causes of increased inconsis-
tency are the depth of discharge (DOD) and temperature. Though
the current flowing into each cell in the series-connected pack is
the same, the DOD and C-rate of each cell are different due to
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Fig. 1. Factors causing battery pack differences.

the capacity difference, which further increases the difference
[42], [49], [50]. On the other hand, cells with different internal
resistances will generate different heat when the same amount
of current flows through them. The heat dissipation inside the
battery pack is not uniform enough, which leads to temperature
differences of the pack. The temperature differences will directly
affect the power output capability of each cell and cause the
larger trend of internal resistance differences. In addition, the
OCYV directly reflects the SOC level. However, an online OCV
measurement is difficult. According to ECM theory, although the
measurable terminal voltage difference cannot directly reflect
the SOC difference level, the terminal voltage difference has a
relationship with the OCV through the difference in impedance
parameters, and then establishes a relationship with the SOC
difference level. However, it is worth noting that the differences
in impedance parameters, especially polarization parameters,
are one of the difficulties in online measurement, which makes
it difficult to reflect the SOC difference level through the easy-
to-measure terminal voltage difference during the operations of
the battery pack.

The various differences in Fig. 1 should be considered in
the process of tracking the state of a pack. However, only the
terminal voltage difference can be tracked online, while other
differences are difficult to show quantify impact on the state
estimation results. In addition, the various factors that cause the
differences are mutually coupled, which makes it difficult to
extract a certain one for independent tracking.

B. Battery Inconsistency Characterization

In this section, fifty 18 650 NCM cells are tested to reflect and
analyze the resistance, voltage, and SOC inconsistency charac-
terization. Nominal capacity and voltage of the test batteries are
2.5 Ahand 3.7 V, respectively. The Neware BTS-4000-5 V/20 A
machine and a HIOKI BT3563 battery tester is used in this part.
The batteries are kept in a thermostat and the tests are carried
out at 25 °C.

1) Resistance Inconsistency: Loss of lithium ions will oc-
cur along with electrolyte decomposition during the charge—
discharge process of batteries, thereby forming a solid elec-
trolyte interface (SEI) film, on the surface of graphite anode
[51]. As the number of cycles increases, different degrees of the
reactions occur to accumulate SEI films of different thicknesses,
resulting in inconsistent internal resistance between cells.
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Fig. 3. Voltage inconsistency statistics.

Using the internal resistance inconsistency test method in
[52], the internal resistance of 50 cells at different cycles is
measured, as shown in Fig. 2. After 200 cycles, the internal
resistance of all cells increase, and the differences between the
50 cells become significantly larger. The maximum difference
is 0.22 mS2, which is an increase of 2.2 times.

2) Voltage Inconsistency: The terminal voltage of the battery
is very easy to measure during the operations, which makes it the
most intuitive form of battery differences. However, the terminal
voltage is affected by other circuit parameters in ECM. Thus,
the OCV is more valuable while describing the difference of the
battery pack.

A total of 50 cells are tested in this section. The test steps are
described as follows. First, all the cells are charged to a cutoff
voltage (4.2 V) by means of constant current /constant voltage
(CC/CV). Second, a three-hour rest is employed for cells. Third,
the voltages of all cells are collected, and the percentage of the
cells with different voltages is calculated. Fig. 3 indicates that
there are different degrees of inconsistency under the same rest
time. The maximum voltage difference between the cells is 1
and 12 mV in Fig. 3(a) and (b), respectively. As expected, the
OCYV differences are significantly exacerbated with the use of
the batteries.

3) SOC Inconsistency: In a series-connected battery pack,
there must be a “poor capacity cell (PCC)” that is “older”
than other cells and will be charged or discharged faster. Thus,
some previous studies employed the single-cell SOC-estimation
method to estimate the SOC of the PCC and use this as the
reference of the battery pack. However, there is no definitive
relationship between capacity difference and SOC difference.

In Fig. 4, the SOC change between the PCC (battery B)
and the equivalent cells (battery A) of the other healthier cells
in the series-connected battery pack. We assume that battery
B has a higher SOC at the initial moment of the discharge
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Fig. 4. SOC inconsistency statistics.

process. During the discharge process, the energy consumed
by battery A and B is the same. Since the capacity of battery A
is larger than battery B, the SOC curve of battery B is steeper.
This example indicates that the PSC will change in the entire
discharge process, which makes it difficult to give the SOC
reference value of the battery pack by tracking the SOC of a
fixed cell.

III. DISCHARGE MODE IDENTIFICATION
METHOD (DMI) FOR BATTERY PACK

At present, the concept of “battery pack SOC” has not been
clearly defined. The most reliable reference is the SOC of PSC.
According to Section II, the following issues are encountered
while looking for PSC in a battery pack.

1) The level of terminal voltage, resistance, and capacity

cannot directly reflect the level of SOC.

2) Estimating SOC for all cells will cause large computa-
tional load for BMS.

3) Though several PVCs or PRCs can be selected to reflect
the PSC, there is still no guarantee that PSC will appear
in them.

Therefore, considering the contradiction between the reliabil-
ity and the computation load of BMS in EVs, a novel framework
called DMI is proposed to solve the issues mentioned above.
The DMI method divides the entire discharge process of the
battery pack into different stages according to the severity of
the inconsistency, and different methods are used at different
stages to obtain better reliability and lower computing load. The
specific process of the proposed DMI method is described as
follows.

A. Discharge Mode Description

As shown in Fig. 5, we divide a discharge process into two
modes. In the discharge mode I, the inconsistency between cells
is low. Thus, the battery pack can be equivalent to an “average
cell,” and the pack SOC can be estimated by a single-cell esti-
mator with a low computation load. By contrast, the differences
between each cell are obvious in the discharge mode II. Since
the duration is very short, the PSC will be overdischarged if the
SOC cannot be accurately estimated. Therefore, the single-cell
SOC method is performed for all cells, and the battery pack
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Fig. 5.  Steps of DMI method.
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SOC is determined by the calculated PSC, as shown in (1). If
the number of cells in the battery pack is large, some of the
PVCs can be selected for calculation. The selection ratio can be
defined according to the calculation ability of the system as

{ SOC,ack(Ts) = max[SOC,(T%)] 0

SOCack(Ts) = min[SOC,(T5)]

where SOCpack(Ts) is a battery pack SOC at T. SOC,(T5) is
SOC of cell p at T.

B. Mode Identification

The identification steps of two modes are shown in Fig. 6.

1) We Assume the number of cells in a battery pack is
m, at each sampling time 7%, the terminal voltages are
measured, and half of the batteries with lower voltage are
selected as the PVCs. AUj;; in the following equation is
the voltage difference between PVC i and PVC j. AU,y
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m/2—1 m/2

A[]avg(TS) = Z Z AU”(Ts)

i=1 j=itl

@)
3

2) It is judged online whether the following equation is
satisfied at each sampling moment. The system will enter
into the discharge mode I if the following equation is sat-
isfied. By contrast, the system will enter into the discharge

mode II.

AUpvg(Ts) < kAUpg(0). @)

In abovementioned equation, k is called a mode switching
coefficient that is greater than 1. If k is small, the system will
premature entry into the discharge mode II, which will cause
large computational load; however, the differences between each
cell are not clear. By contrast, the SOC estimation may produce
a large SOC change (ASOC) at the moment of switching if
the k is large. Therefore, setting a smaller k as much as possible
within the computation capacity of the system may improve the
system performance. However, in engineering, working con-
ditions, temperature, and current profiles are different in each
discharge process during the complete cycle life of the battery
pack. Thus, a fixed k set according to the computation capacity
may reduce the stability of the system in actual operations. For
example, a sudden increase in the current may cause a large
ASOC, which may exceed the control of a fixed k. In this
article, kis calculated by a machine-learning-based method. This
method can be used during the state of EV parking, which may
not increase computational load of BMS. The overall process is
categorized into three steps, which are described in Fig. 7.

Step I: The k, the corresponding ASOC and computation time
T in each cycle are stored in the system memory.

Step II: The neural network is introduced to obtain the nonlin-
ear mapping relationship between k and ASOC, k and 7T in
previous cycles, which are described as f(k) and g(k) in (5),
respectively. The stored k, ASOC and T of the previous cycles
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are used as the inputs to train the neural network. It is worth
noting that f(k) and g(k) are implicit mapping relationships
that cannot be expressed analytically due to the diversity of
working conditions, which can only be described as a trained
neural network.

Step 111: For each given k, the trained neural network can give
a set of ASOC. Therefore, we can find the optimized k via
this trained network. A nonlinear optimization of k is shown
as the following equation, where coefficient #; and ¢, can be
used as equivalent calculation demand values of the system.
The ASOC generated by the switching state is the objective
function. Computation time of the system is a constraint
condition.

minASOC
ASOC = f(k')
t < T:g(k) < to.

&)

Although there may be several special cases in the previous
cycles because of the different working conditions, the charging
and discharging behavior of the past period of time is regular and
can be used to train the neural network to get the next optimized
k value due to the regular driving habits of the driver and the
driving environment. It is worth noting that the proposed method
cannot completely guarantee that the optimized k will obtain the
smallest ASOC and SOC estimation error in the next cycle. In
addition, the optimized k via historical data cannot sensitively
change according to the special cases. However, the method
still shows high reference because the k can change with the
working conditions that change regularly over a period of time.
On the other hand, even if the k cannot change significantly
with the operating conditions, the effect of k on the error of the
SOC estimation is small because the operating conditions often
change within a certain range over a period of time.

IV. ESTIMATION ALGORITHM

Although different pack SOC estimation methods regard bat-
tery packs as different equivalent cells or extract the differences
between cells, it is necessary to employ the single-cell SOC
estimation method in the final step. Thus, the battery pack
SOC estimation methods are essentially single-cell estimation
methods. In the proposed DMI model, different single-cell SOC
estimation methods are used for different discharge modes. The
algorithms will be introduced in details in this section.

A. Typical Single-Cell SOC Estimation Method

In recent years, typical and effective online single-cell SOC
estimation methods based on ECM include EKF, RLS, and their
improved methods, which are shown in Fig. 8.

The EKF-based method is considered to be a relatively stable
method in engineering. As shown in Fig. 8(a), EKF takes the
monitored current / and voltage U, as input and output, respec-
tively, and then logically combines the ampere—hour integral
method with the ECM-based method. Finally, the accurate SOC
estimation is derived [2]. However, the impedance parameters
in ECM (internal resistance: Ry, polarization resistance: R,
polarized capacitance: C),) need to be calculated by referring the
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standard lookup table. Furthermore, the matrix inversion steps
may increase the computation load of the BMS. The authors in
[3] proposed a PAFFRLS, which showed good performance on
parameters identification in ECM. The Usc, Ry, R, and Cp,
which have different change rates can be tracked online inde-
pendently based on the PAFFRLS, and the SOC is estimated via
the U,. — SOC lookup table. Considering that the acquisition
of the lookup table is based on a large number of experiments,
the combination of PAFFRLS and EKF-based method (PEKF)
is proposed, as shown in Fig. 8(c). However, this kind of method
will further increase the computation load of the system and may
be not suitable for the pack management.

The abovementioned methods have been proven to be stable
and accurate single-cell SOC estimation methods. The common
issue is the performance of ECM and the computation load of
the system, rather than the accuracy of the lookup table, which
can be accurately measured based on experiments. The existing
standard lookup table can already meet the engineering require-
ments [2]. Therefore, the computation load of the single-cell
method should be considered while determining the battery pack
estimation process. It is because there are hundreds of cells
connected in parallel and in series to make up a battery pack,
and it is difficult to obtain the pack SOC based on only one cell.

B. PAFFRLS Algorithm for Discharge Mode I

Using which single-cell method only depends on the compu-
tation capacity of different systems. The type of the single-cell
method may hardly affect the accuracy of the battery pack SOC
estimation because each of them has already shown sufficient
accuracy in engineering applications. The factors that affect the
accuracy of the battery pack SOC estimation are the equivalent
methods for battery packs considering the various kinds of cou-
pled differences that are described in Section II. Thus, we employ
the PAFFRLS method for the discharge mode I, considering the
lower computational load of the system.

1) ECM for Battery Cell: An equivalent circuit is an effi-
cient way to simulate the complex electrochemical process in
batteries. The observable variables, including terminal voltage
and current are used to track unobservable variables, OCV (U,..)

Cpl Cpn _I,
R %] R
+ .. P o
5 Uec U,

Fig. 9. n-RC equivalent circuit model.

online, which is supposed to vary with SOC. Typical models are
used including Rint-Model, Thevenin Model, and n-RC Model
(6], [53]-[55].

As the “diffusion overvoltage” caused by diffusion phe-
nomenon varies very slowly, increasing number of RCs show
better simulation results [17]. Thus, n-RC equivalent circuit is
shown in Fig. 9 [56], where Ry is internal resistance. Rp1, Cp1,
Ry, and (), indicate the polarization reaction of batteries.
The equivalent circuit shows good performance on polarization
simulation after a long time rest as n increases, which causes
complex computation load.

Transfer function of the n-RC model in the s-domain is
described as the following equation, where U, is the terminal
voltage and / is current in Fig. 9:

Rp,
1+ RpiCpis

RPn
_— =1.2....).
1+ancpns)’(” 250

The equivalent circuit in Fig. 9 changes into the Thevenin
model while n = 1, which retains simplicity in computation
during online parameters estimation. The performance of the
Thevenin model and the n-RC model was compared in [6]. The
result indicates that the Thevenin model shows good perfor-
mance on simulation of current pulses. Thus, we employ the
Thevenin model as a single-cell ECM in this article.

The basic forward Euler transformation method in [17] is em-
ployed, as shown in the following equation, which can discretize
the transfer function (6); T is the sampling time:

11—zt
5 — T o1 (7

After the forward Euler transformation process shown in (7),
(6) is transformed into the following equation, where n is number
of sampling points:

ot (6)

Ui = aolr + a1y -1 + a2(Uoc k-1
—Ui-1) +Uoci, (k=1,2,...,n) ®)
The abovementioned equation can be described as follows:
Uik = on - O 9)

where ®y, represents the input data matrix as well as 6 represents
the parameter matrix of the system, which are shown in the

following:
¢r = Il - 1(Uoce-1 —Ur—1) 1] (10)

01 = [apar1aaUpe ] (11)
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Fig. 10.  Steps of PAFFRLS [3].

where ag—as can be found in (9) and At is the sampling interval.

ag = Ro
a1 = —Ro+ &t + pife (12)
a9 = AR Cp — ].

2) Paffrls Method: The U, and Ry in (12) are the inherent
electrical parameters in batteries, which do not change with
the external working conditions. By contrast, R, and C), are
parameters that are used to characterize the electrochemical
polarization reaction and adapt to actual working conditions.
In order to track each parameter according to its characteristics,
the PAFFRLS method for a lithium-ion battery is employed in
this article, as shown in the following:

O(k) = 6(k — 1) + K(k)(y(k) — o (k)0(k —1)  (13)

where ®;, and 6 can be found in (10) and (11), respectively. y
is the system measuring terminal voltage. We define a discrete
gain K for each parameter, as shown in the following equation:

o
A +
K= | R 1y /(e S) a4
Pak—1)6a(k), Gea(14-5(k))
With
() = 3 Ptk = Doth)? —1@() 15

where P1— P, are the covariance matrix of different parameters.
Xi(i=1, 2,3, 4) are the forgetting factors, as shown in the
following equation. There are two adaptive forgetting factors
(A2 and X4) and two fixed forgetting factors (A1 and A3), which
are assigned to ay, as, ag, and U, in (12), respectively. £1— &4
are constants, which can be found in [3], [17], [22], and [56].

M(k) =&

Az(k) =11/ Grmmiem) (16)
Aa(k) = &3

ha(k) = 1= 1/ (4 rogpsiam)-

U

OO wm

SOC

Fig. I1.  Steps of SCC method.

The partial adaptive forgetting factors matrix in the above-
mentioned equation can not only adjust variation inputs, but
also track the variation of battery parameters dynamically, which
improve the tracking effect of the system. Steps of PAFFRLS
are shown in Fig. 10.

C. SCC Method for Discharge Mode Il

In the discharge mode II, where the battery pack is inconsistent
enough, the abovementioned PAFFRLS method will greatly
increase the complexity of the system. Considering the bal-
ance between precision and complexity, this article proposes
a SCC method, which combines the PAFFRLS method with the
ampere—hour integral. At regular intervals, the U, is estimated
online using the PAFFRLS method, and the initial SOC is cal-
ibrated. The proposed SCC method solves the issues including
error accumulation and difficulty of the initial SOC computation.
In addition, the proposed method can reduce the tracking accu-
racy caused by the unreasonable selection of forgetting factors in
the PAFFRLS method, which improves the robustness of SOC
estimation. Furthermore, the method significantly reduces the
estimation error of the system.
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Fig. 12.  Battery test bench.
The steps of the proposed SCC are shown in Fig. 11 and are TABLEI

as follows:
1) divide the discharge process into segments of time
interval i;
2) sample the discharge current and terminal voltage values
of s seconds before each segmentation point;
3) use the sampled value in step b as the input data of the

PAFFRLS and estimate the initial value of the SOC for

each segment;

4) use the result in step ¢ as the initial value of the SOC
for each segment and perform ampere-time integration in
each segment to compute SOC online.

Itis worth noting that the SCC method needs to be used in con-
junction with the SOH estimation method in BMS. For example,
amultiple voltage health indicators based lifetime estimator was
proposed in [57], which showed good performance on online life
estimation with low computation load.

V. RESULT AND DISCUSSION
A. Experiment

1) Battery and Equipment: The battery test bench in this
article is shown in Fig. 12. A detachable series-connected NCM
and a LFP battery pack are employed in this section to verify the
performance of the proposed DMI method at different SOH. The
specifications of the pack are listed in Table I. The test bench is
shown in Fig. 13 that consists of a Neware BTS-4000-5V/20A
machine, which is used for a battery cell test with the 0.1%
accuracy as well as 10 Hz sampling frequency. A CUBT-150A-
50V BTS machine is used for pack tests with the 0.1% accuracy
and 10 Hz sampling frequency. Specifications of the testers are
listed in Table II. In addition, a HIOKI BT3563 battery tester is
used for an internal resistance measurement. The batteries are
kept in a thermostat and the tests are carried out at different
temperatures of —15 °C, -5 °C, 5 °C, 10 °C, 15 °C, 25 °C, and
35 °C, respectively. A voltage-based battery equalizer is used to

BATTERY SPECIFICATIONS

Cell Pack
Cathode
. NCM LFP NCM LFP
material
. 8 in parallel 3 in parallel
Size 18650 18650 . . . .
& 5 in series & 5 in series
Voltage/V 3.7 32 18.5 16
Capacity/Ah 2.5 1.1 20 33
Max discharge
4 4 4 4
rates/C
Max charge
3 3 3
rates/C

Rates (C)

?
I

(B 8
I

ALl
——r
—

= o
o [

0 1500 3000 4500 6000 7500 9000 10500
Time (s)

Fig. 13.  HPPC test profile.

improve the consistency of the pack. The effect of the battery
equalizer on the accuracy of the proposed DMI method will be
verified.

2) Cycling-Induced Aging Test (CAT): The purpose of CAT
is to simulate the aging process of batteries through multiple
identical cycles, which can be used to verify the inconsistency
of battery packs and the accuracy of the proposed DMI method
under different SOH. The SOC range and C-rate of the CAT in
this article is 20%—60% and 1C, respectively.
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TABLE II
BATTERY TESTER SPECIFICATIONS

Battery Tester Battery Pack Tester
Max discharge current(A) 20 150
Max charge current(A) 20 150
Voltage(V) 0-5 5-50
3
3 -
2 <
e Bo
<G .
800 1600 2400 3200 . 3000 6000 9000 12000
Time (s) %10 Time (s) %10
(a) (®)
Fig. 14.  Working condition test profile. (a) DST profile. (b) FUDS profile.

3) Reference Performance Test (RPT): The RPT comprised
a static capacity calibration test, hybrid pulse power characteri-
zation (HPPC) test, and simulated condition test. The static ca-
pacity calibration test consists of three repeated constant-current
constant-voltage (CC-CV) charging and 1C discharge profiles.
The average capacity is taken as the nominal capacity. The HPPC
test is intended to determine dynamic power capability over the
device’s useable charge and voltage range using a test profile
that incorporates both discharge and regen pulses [31].

Test 1. Static capacity calibration test: The capacity of each
cell in the battery pack is a necessary value for calculating the
reference of its SOC. The capacity of the test cells at different
cycles is statically calibrated as follows:

1) the battery is fully charged by CC-CV;

2) discharge at 1C rate to cutoff voltage;

3) repeat the abovementioned process three times and take

the average of three test capacity as the initial capacity.

Test II. Internal resistance test: In order to explore the de-
velopment law of the difference of the internal resistance of the
pack, the internal resistance of each cell at different cycles is
obtained by the HPPC test [50]. The test profile is shown in
Fig. 13.

Test I11. Battery pack test: The battery pack is tested, respec-
tively, under the DST and FUDS working conditions [58], as
shown in Fig. 14. Disassemble each cell to calibrate the remain-
ing capacity and internal resistance by carrying out related tests
in Tests I and IT after every 50 cycles. Accuracy of the proposed
DMI method under different working conditions and SOH can
be verified.

Test IV. Battery pack test considering balancing: The battery
equalizer can improve the consistency of the battery pack.
Although not all battery packs are equipped with equalizers,
the effectiveness of the proposed DMI in a battery pack with
lower inconsistency is still worth verifying. In this article, a
capacitive active voltage-based equalizer is used. The effect
of the battery equalizer on the accuracy of the proposed DMI
method is verified.
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Fig. 16. Difference of internal resistance. (a) Initial state. (b) Initial state.
(c) 350 cycles. (d) 350 cycles.

B. Results and Discussions of Inconsistency Analysis

As shown in Fig. 15, there is a little difference of the five cells
in the initial state, where the maximum SOH difference is 0.7%.
After 350 cycles, the maximum difference becomes 7.45% and
the diffusion of the inconsistency among the cell capacity is
more obvious.

1) Internal Resistance Inconsistency: The HPPC test is
employed to measure the internal resistance in this section.
Fig. 16(a) and (c) shows the internal resistance of each cell at
the initial state and 350 cycles, respectively. Fig. 16(b) and (d)
describes the difference between two selected cells, where the
green line represents a larger difference (cell#1 and #5) and the
red line represents a smaller difference (cell#1 and #2).

The internal resistance differences between the cells increase
as the SOC decreases during discharge. In addition, the differ-
ences rise significantly as the pack ages. There are little differ-
ences of the five cells at the initial state, where the maximum
difference is 0.65 mS). However, the maximum difference is
1.4 m2 after 350 cycles.

This is because electrolyte, cathode, and anode ion concen-
trations change greatly while the SOC is low. The ion dynamics
of the PVC is less active compared with the SOC plateau with a
closer concentration.
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Fig. 18. Differences of terminal voltages. (a) Initial state. (b) Initial state.
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Fig. 17 illustrates the internal resistance difference under
different temperature at the initial state, where the blue line is the
internal resistance difference between cell #1 and #5. Resistance
is measured at 100% SOC.

The internal resistance increases as the temperature decreases.
Furthermore, the difference between different cells shows the
same trend. Thus, the proposed DMI method is more critical at
low temperature.

2) Voltage Inconsistency: Most of the cells in a battery pack
may not be charged to the cutoff voltage due to the presence
of PVCs. This section will analyze the development of voltage
differences through experiments.

Fig. 18(a) and (c) displays the terminal voltage of each cell at
the initial state and 350 cycles, respectively. AU; in Fig. 18(b)
and (d) are terminal voltage differences between cell #2 and
#5. It is obvious that AU, shows a significant rise at the end of
discharge, which means that the voltage differences of the cells
will be highlighted while the SOC is low. Therefore, the variation
of the terminal voltage difference is related to the battery pack
SOC, which can be used to determine the discharge mode of the
pack.

Fig. 18(b) and (d) indicates that the voltage inconsistency
increases significantly with the aging of the battery. Thus, it is
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Fig. 19.  Differences of SOCs. (a) Initial state. (b) Initial state. (c) 350 cycles.
(d) 350 cycles.

necessary to verify the validity of the SOC estimation over a
wide life scale.

Furthermore, which two cells show the largest difference
is uncertain during different discharge stages. For example,
in the early stage of discharge, the cell #4 has a maximum
voltage difference with the cell #5. However, the maximum
voltage difference is caused by cell #2 and #5 in the later stage
of discharge. Therefore, tracking the voltage difference over
the entire discharge range is more efficient than simply tracking
the PVCs that are not associated with the PSCs.

3) SOC Inconsistency: Fig. 19(a) and (c) shows the SOC
of each cell at the initial state and 350 cycles, respectively.
Fig. 19(b) and (d) describes the difference between cells, where
the green line describes a larger difference (cell #2 and #5) and
the red line describes a smaller difference (cell #1 and #2).
Since the energy reduction in the same time is the same, the
SOC differences are mainly caused by the capacity inconsistency
of each cell. Thus, the line slopes in Fig. 19(a) and (c) are
different.

The SOC differences between cells gradually increase during
discharge. The SOC difference between cell #2 and #5 goes up
from 0.96% at the beginning to 7.86% at the end in Fig. 19(d).
The maximum differences between the cells at the initial state
and 350 cycles are 6.08% and 7.86%, respectively, which means
that the SOC inconsistency is further exacerbated as the battery
ages.

According to the abovementioned analysis, battery packs
show higher inconsistency at lower temperature, SOH and SOC.
Overall, the internal resistance, terminal voltage, and SOC dif-
ferences show the same trend. Furthermore, which two cells
show the largest difference is uncertain during different dis-
charge stages. On the one hand, the attenuation of the battery
capacity is not monotonous, and sometimes the capacity rebound
occurs. On the other hand, although the various differences
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(b) Comparison of the error.

TABLE III
COMPARISON OF SINGLE-CELL ESTIMATION METHODS

Methods Average error (%) Peak error (%) Time (s)
PEKF 1.11 2.97 14.9
PAFFRLS 0.80 2.82 9.01
SCC 0.95 2.44 1.62

in Fig. 1 have similarities over a long time scale, the mutual
coupling between the various kinds of differences will lead to
the randomness of a certain difference over a period of time.

C. Single-Cell Estimated Results

Fig. 20 illustrates the estimated SOC and error results of three
mentioned single-cell methods including the PAFFRLS, SCC,
and PEKF method. Table III lists the average and peak error.
The tests are performed on the same computer (Intel(R) Core
15-3230M CPU @2.60 GHz).

Overall, the estimation average errors of the three methods are
all less than 1.5%, which can meet the engineering requirements.
Furthermore, since the proposed SCC method is based on the
PAFFRLS method, the errors of them show close trend. Table 111
indicates that the SCC method shows the lowest computation
load compared with the other two methods. However, there are
several changes in SOC after each integration, which is not
suitable for long-term estimation.

The results indicate that the PAFFRLS method shows good
performance on ensuring the balance between the accuracy and
computational load, which is suitable for the discharge mode I in
DMI. The SCC method can be used for more cells in a pack on
the basis of ensuring computation load in the discharge mode II.

D. Estimation Verification With DMI

1) Results of Different Pack SOC Estimation Methods: Two
cell-based methods with low computational load including the
“average cell” method and the “Poor voltage cell” method
and a MDM-based method are employed to compare with the
proposed DMI method in this section. The steps of these three
typical methods are shown in Fig. 21.

Fig. 22 shows the estimated SOC and error results of the NCM
battery pack under the DST test at 25 °C. The initial SOC and
capacity of each cell are accurately obtained by testing the five
disassembled cells. The ampere—hour counting method is then
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used to calculate the reference SOC of each cell, as shown by the
dotted line. Table IV lists the error results of different methods.

Overall, the average and peak error of the DMI method are
0.88% and 3%, respectively, which are lower than the other three
typical methods. In fact, the pack SOC estimation accuracy
is greatly affected by the equivalent way of the battery pack.
Fig. 22(a) indicates that the difference between cell #2 and
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TABLE IV
COMPARISON OF PACK SOC ESTIMATION METHODS

Methods  Average error (%) Peak error (%) Time (s)
AC 1.35 4.87 9.10
PVC 1.16 5.23 9.10
MDM 1.02 4.27 11.00
DMI 0.88 3.00 9.40

#5 becomes larger as the discharge progresses, resulting in an
increasingly larger SOC difference between the “average cell”
and cell #5. Thus, the “average cell” based method cannot
provide areliable SOC reference for the battery pack while DOD
is large.

Fig. 22(b) illustrates that the “PVC” based SOC method
shows high volatility. This is because the “PVC” in a series
battery pack is not a fixed cell at each moment, which often
switches frequently among several cells. This phenomenon is
more pronounced in new packs because of the lower differences
between cells. In addition, the frequent switching of “PVC”
directly leads to the jump of SOC estimate. It is worth noting
that the level of the battery terminal voltage does not completely
correspond to the level of the SOC. Therefore, estimating the
battery pack SOC by means of tracking the “PVC” is unreliable.

Fig. 22(c) indicates the estimation result of the MDM-based
method. The error source is mainly the inherent error of the
single-cell method used in MDM. Since the single-cell method
is used for both of the mean model and difference model, the
inherent error of the single-cell method may be superimposed.
Furthermore, the inherent error of the single-cell error in the
difference model may already be very close to or even greater
than the SOC difference when the battery pack is not inconsistent
enough, resulting in the estimated SOC differences cannot reflect
the battery pack inconsistency. In this situation, the single-cell
estimation error instead of the SOC difference may be superim-
posed on the mean model estimation result.

In addition, the SOC difference of a pack is caused by the
coupling factors according to the analysis in Section II. In
engineering, accurate tracking of SOC differences is based on
ECMs, which means that voltage differences, IR differences,
and polarization parameter differences all need to be accurately
tracked. However, accurately identifying all differences online
may show a similar computation load as estimating SOC of all
cells. Therefore, considering only some of the differences that
are easy to track, such as voltage and IR differences, are the key
to the MDM method. All cells can be considered on the basis
of ensuring computation load of the difference model. However,
the impact of ignoring some differences may reduce the accuracy
of the difference tracking because the magnitude of parameter
differences is lower than the parameter itself.

Fig. 22(d) shows that the DMI method effectively reduces the
peak error of the “average cell” method at the end of the dis-
charge with lower computation load. The SOC change (ASOC)
caused by the mode switching is 0.37%. The computation time
is 9.4 s when the SCC method is used in the discharge mode
II. However, the time is 14.1 s if the PAFFRLS method is
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Fig. 23.  SOC estimation results under FUDS working condition. (a) Estima-
tion result. (b) Error.

TABLE V
SOC ESTIMATION RESULT UNDER DIFFERENT k

k 2 4 6 8 10 12 14
AsOC 055 0.78 1.03 1.08 1.37 1.72 2.37
error 0.73 091 1.02 1.08 1.15 1.26 1.35

used both in the discharge mode I and II. Thus, the lower
computation time of the proposed DMI method is attributed to
the replacement of the PAFFRLS method with the SCC method
in the discharge mode II. Therefore, the proposed DMI method
improves the accuracy of pack SOC estimation while ensuring
a lower computation load compared with other methods.

2) Results of DMI Methods Under Different Working Con-
ditions: Fig. 23 indicates the estimated SOC and error results
of the NCM battery pack under the FUDS test, which is more
volatile than the DST working condition. The average and peak
errors are 1.5% and 3.8%, respectively. The SOC change caused
by mode switching is 0.96%, which is larger than that under the
DST test.

We have mentioned that the mode switching coefficient k
is a variable that can be adjusted according to the working
conditions. The discharge mode switching performance of the
DMI method at different cycles is verified in this section.

In general, the working conditions of EVs can be equivalent to
a same condition in a long term due to the regular driving habits
of the driver and the driving environment. Thus, the change of
k under the same working conditions is first verified. Table V
shows the estimation results of different £ under DST working
condition. As the k increases, the system spends less time in
the discharge mode I, with higher estimation error and ASOC,
which clarifies that the optimization goal in (5) is reasonable. By
contrast, a smaller k may cause multiple abrupt changes in the
estimation due to the SCC method, and higher computation load
may be generated when the number of cells is large. It is worth
noting that while k varies within a small range (less than 2), the
variation of the estimation error is less than 0.2%. Therefore, the
k that changes in a reasonable range can be considered effective.

The optimized k and the related ASOC of ten consecutive
DST cycles are listed in Table VI. It can be seen that even if the
cycles are under the same working condition, k is still optimized
as a variable within a reasonable range. The variation range is
small, which guarantees the ASOC and estimation error stay at
the same level.
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TABLE VI
k AND ASOC AT DIFFERENT CYCLES

Cycle 1 2 3 4 5 6 7 8 9 10

k 23 2.4 22 23 2.2 2.2 2.1 2.1 22 2.1

ASOC 0.61 | 0.62 056 0.58 056 0.55 0.54 054 0.54 055
TABLE VII

SOC ESTIMATION RESULT UNDER DIFFERENT WORKING CONDITIONS

DST FUDS
Asoc 0.78 0.89
error 0.91 1.11
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Fig. 24.  SOC estimation results under DST working condition over wide life

scale. (a) Estimation result at 300 cycles. (b) Error at 300 cycles. (c) Estimation
result at 350 cycles. (d) Error at 350 cycles.

Another situation is that the working conditions cannot be
equivalent to the same in consecutive cycles. In this article,
the comparison of SOC estimation under the DST and FUDS
conditions using the same k is used to illustrate the relationship
between k and different working conditions. It can be seen from
Table VII that while k& = 4, the estimation results of the DMI
method under two different working conditions are close. This
is because although the working conditions are different, the
inconsistency of the battery pack depends on the SOH rather
than the working conditions in the same period. Thus, the
inconsistency of the battery pack will not change with working
conditions at the time of mode switching even if k cannot be
corrected immediately to the optimal solution. In addition, k
will gradually find the optimal solution, as listed in Table VI if
the changes in operating conditions tend to become stable.

3) Results of DMI Methods Over Wide Life Scale: Figs. 24
and 25 indicate the estimated SOC and error results of the NCM
battery pack under the DST test at different cycles. The average
error of DMI at three different test cycles are all less than 1.6%.

As shown in Fig. 25, the errors increase as battery aging. This
is because that differences between the cells increases further
with the aging of the battery. The increase of differences occurs
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Fig. 25.  SOC estimation error under DST working condition.

TABLE VIII
SOC ESTIMATION RESULT UNDER DIFFERENT TEMPERATURE

Error (%)  -15°C  -5°C 5°C  15°C  25°C 35°C
Average 229 144 130 112 088 082
Peak 481 377 324 308 300 253

not only at the end of the discharge, but also at the predischarge
and mid-discharge periods. Though the DMI method signifi-
cantly reduces the error caused by the steep increase of the differ-
ences at the end of discharge, it cannot decrease the differences
caused by aging at the predischarge and mid-discharge periods.
It is worth noting that the DMI method can reduce the impact
of battery aging on SOC estimation to some extent due to the
contribution made at the end of the discharge, compared with
the other methods.

4) Results of DMI Methods Under Different Temperature:
Table VIl illustrates the pack SOC estimation results at different
temperatures under the DST test. The lookup table is corrected
based on the HPPC under different temperature. The average
error and peak error are all less than 2.5% and 5%, respectively.
The estimation error increases while the temperature decreases.
This is mainly because it is more difficult to track parameters
that change more drastically as the temperatures decreases.

In addition, the inconsistency of the battery pack increases
as the temperature decreases. However, the inconsistency with
temperature changes does not change significantly during the
discharge mode I, and during discharge mode II, the increasing
error of the “average cell” is eliminated via the DMI method.
Thus, the proposed DMI method shows good performance at
different temperatures.

5) Results of DMI Methods Considering Balancing: Fig. 26
shows the result of the proposed DMI method for the LFP battery
pack with an equalizer. The average and peak error are 0.90%
and 2.94%, respectively. SOC differences of cells cannot be
completely eliminated because the voltage-based equalizer is
used in this article. Elimination of the voltage difference does
not mean elimination of the SOC difference.

Fig. 26(a) indicates that the SOC difference between the “av-
erage cell” and the “PSC” is less than 0.5%, which is less than the
average error of mentioned single-cell SOC estimation methods.
Therefore, the error source of the proposed DMI method is
mainly the inherent error of the single-cell estimation method. In
addition, the duration of the discharge mode II becomes shorter
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considering the balancing, which is because the difference be-
tween cells is small at the end of discharge. Therefore, the good
performance of the DMI method considering balancing is mainly
due to the high SOC estimation accuracy of the PAFFRLS
method.

Fig. 26 also illustrates that the proposed DMI method shows
good estimation accuracy for the LFP battery pack. However, it
is worth noting that the DMI method is based on the PAFFRLS
method for the equivalent cells. Thus, the accuracy of the lookup
table may affect the SOC estimation accuracy. Fig. 26(b) illus-
trates that the error during the two platforms is larger because
the platform phase of the LFP battery is flatter. At the end of
the discharge process, the estimation error deceases due to the
steeper OCV curve of LFP batteries. The similar estimation
result of the LFP [59], [60] and NCA battery cell [61] based
on improved RLS methods have been introduced. Thus, the
proposed DMI method can be used for different kinds of batteries
due to the high accuracy of PAFFRLS. However, the accuracy
of the LFP pack depends more on the accuracy of the lookup
table compared with the NCM pack, which must be considered
in system design.

Based on the abovementioned discussion and analysis, we can
conclude that the SOC estimation performance of the proposed
DMI method for the series-connected battery pack can effec-
tively solve practical problems in EVs applications. Through
the mode identification and PAFFRLS method, the average
estimation errors of the pack SOC is within 2.5%. Furthermore,
through the proposed SCC method, the computation load is also
reduced.

VI. CONCLUSION

In this article, a novel DMI method for the series-connected
battery pack online SOC estimation throughout complete life-
cycle in EVs is proposed. The proposed method aims to deal
with the contradiction between simplicity and accuracy of the
inconsistent lithium-ion battery pack SOC estimation. Some
main summaries are drawn below.

1) Based on the pack inconsistency analysis and tests, we
conclude that the differences in battery packs are reflected
in many mutual coupling factors. Only some of the dif-
ferences can be tracked online, such as the resistance and
voltage differences. In addition, the differences show a

2)

3)

4)
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significant increase when the DOD is large. The differ-
ences also increase significantly as the pack ages. Thus,
accurate SOC estimation for a battery pack with lower
SOH or larger DOD is critical.

Considering the inconsistency analysis results of the bat-
tery pack, the proposed DMI method adopts different
SOC estimation strategies for different discharge phases
in a certain discharge cycle. Validation of the proposed
DMI method is verified based on numerous experiments
at different lifecycle and temperature under two typical EV
working conditions for both of NCM and LFP batteries.
The average and peak errors of the pack SOC are within
2.5% and 5%, respectively.

To reduce the computation load, the SCC method is de-
signed as a part of the proposed DMI method, which solves
the issues including error accumulation and difficulty of
the initial SOC computation in the ampere—hour counting
method. Through the SCC method, the computational
load is reduced by one third compared with using the
PAFFRLS method on the basis of ensuring the accuracy
of the estimation.

The DMI retains simplicity in computation as well as the
improvement of SOC estimation accuracy, which provides
a better guidance to the design of BMS.
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