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Abstract

Battery management systems in hybrid-electric-vehicle battery packs must estimate values descriptive of the pack’s present operating
condition. These include: battery state-of-charge, power fade, capacity fade, and instantaneous available power. The estimation mechanisir
must adapt to changing cell characteristics as cells age and therefore provide accurate estimates over the lifetime of the pack.

In a series of three papers, we propose methods, based on extended Kalman filtering (EKF), that are able to accomplish these goals for
a lithium ion polymer battery pack. We expect that they will also work well on other battery chemistries. These papers cover the required
mathematical background, cell modeling and system identification requirements, and the final solution, together with results.

This third paper concludes the series by presenting five additional applications where either an EKF or results from EKF may be used in
typical BMS algorithms: initializing state estimates after the vehicle has been idle for some time; estimating state-of-charge with dynamic
error bounds on the estimate; estimating pack available dis/charge power; tracking changing pack parameters (including power fade and
capacity fade) as the pack ages, and therefore providing a quantitative estimate of state-of-health; and determining which cells must be
equalized. Results from pack tests are presented.
© 2004 Elsevier B.V. All rights reserved.

Keywords: Battery management system (BMS); Hybrid-electric-vehicle (HEV); Extended Kalman filter (EKF); State-of-charge (SOC); State-of-health
(SOH); Lithium-ion polymer battery (LiPB)

1. Introduction The method we use to estimate these quantities is based on

Kalman filter theory. Kalman filters are an intelligent—and
This paper is the third in a series of three that describe ad-sometimes optimal—means for estimating thate of a

vanced algorithms for a battery management system (BMS) dynamic system. By employing a mathematical model of

for hybrid-electric-vehicle (HEV) application. This BMS is  our battery system that includes the unknown quantities in

able to estimate battery state-of-charge (SOC), power fade,the model state, we may use the Kalman filter to estimate

capacity fade and instantaneous available power, and is ableghem. An additional benefit of the Kalman filter is that it

to adapt to changing cell characteristics over time as the cellsautomatically provides dynamic error bounds on these esti-

in the battery pack age. The algorithms have been imple- mates. We exploit this fact to give aggressive performance

mented on a lithium-ion polymer battery (LiPB) pack, but from our battery pack, without fear of causing damage.

we expect them to work well for other battery chemistries.  We focus on the HEV application, although we believe
that the results should generalize to other less strenuous
battery uses. To summarize, important aspects of state and
parameter estimation required in an HEV application are:
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+20C), temperature variation in the automotive range  we cannot make for our application, as we may not inject

—30 to 50°C, very dynamic rate profiles (unlike the more signals into the battery pack.

benign portable electronic and battery electric vehicle e Partial discharge, or other methods that compare

application). Charging (by the engine providing extra  cell-under-test to a good cell or model of a good cell

power, or by regenerative braking) must be accounted for.  [3,23—-26] Extended Kalman filtering is a rigorous ap-
e \We require noninvasive methods using only readily avail-  proach using this idea.

able signals. This requirement is imposed by the HEV h h Iso limi hei ifici
environment where the BMS has no direct control over These methods are also limited by their specificity. For ex-

current and voltage experienced by the battery pack—this ample, cell r_esistance and capacity are only_two ofa r_lumber
is in the domain of the vehicle controller and inverter. ©f time-varying ce_II parameters we might wish to estimate.
This requirement implies that we must rely on such mea- In this paper we will show that EKF may be used to estimate

surements as instantaneous cell terminal voltage, cell"’lll_l_cr‘:’,II parameters. ds to d i licati f EKF t
current and cell external temperature. IS paper proceeds lo describe applications o 0

e Our cell chemistry also limits the range of approaches BMS. First, EKF for SOC estimation is presented, secondly,

we might consider. Techniques specific to lead-acid dynamic maximum power estimation relying on the EKF
chemistries, for example, are not appropriate for LiPB state estimate is outlined. Thirdly, dual EKF for state and

cells. parameter estimation is introduced. Finally, an equalization
calculation using dual EKF derived parameters and state es-

Methods based on extended Kalman filtering meet thesetimates is derived. In all sections, relevant results are pre-
needs very well. sented.

The first paper in the series introduces the problgmit
describes the HEV environment and the requirements spec-
ifications for a BMS. The remainder of the paper is a quick 2. Applications | and I1: initialization and SOC
review of the Kalman filter theory necessary to grasp the egtimation
content of the remaining papers; additionally, a nonlinear

extension called the “extended Kalman filter” (EKF) is dis- The principa| focus of this paper isto present app"cations
cussed. of the EKF algorithm (explained ifl] and summarized in
The second paper describes some mathematical cell modaple 1for clarity), combined with cell models (identified
els that may be used with this methfg]. It also gives an  jp [2] and summarized iable 2, to battery management
overview of other modeling methods in the literature and system functions. The first application we explore is that of
shows how an EKF may be used to adaptively identify un- estimating cell SOC in a dynamic environment.
known parameters in a cell model, in real time, given cell  Aswe have seen, EKF is a method for system state estima-
voltage, current, and temperature measurements. tion in real time. In our application, the algorithm compares
This third paper outlines the primary applications of EKF  measured cell terminal voltage, under load, with the value

to the estimation requirements for battery management. predicted by a cell model. The difference between these
Namely, how one can estimate SOC, available power, and

characteristics of aging cells. In particular, we might wishto e 1

estimatepower fade andcapacity fade to somehow quantify Summary of the nonlinear extended Kalman filter fr{i]

cell state-of-health (SOH). Power fade refers to the phe- Nonlinear stafes ael
. . . . pace mode

nomenon of increasing cell electrical resistance as the cell ' "_ . )1,

ages. This increasing resistance causes the power that can y, = g(x., ug) + v

be sourced/sunk by the cell to drop. Capacity fade refers toy .0

the phenomenon of decreasing cell total capacity as the cell Of (Xk—1, Up—1)

ages. The literature reports various different approaches to %!~

estimating SOH (primarily capacity fade). These include:

= ag(i‘fksuk)

B.Xk71 xk71:}k+71 C).Xk Xk:)%]:
Initialization
e The discharge test, which completely discharges a fully Fork =0, set
charged cell in order to determine its total capag}. ?ffg[o(]xo 00— 50T
This test interrupts system function and wastes battery x0 _ 0 0
energy, so is not applicable to the HEV BMS environment. Computation
e Chemistry-dependent methods, such as measuring the Foétka; tsfi’rﬁatec‘;mzu;z GatE — fG - uee)
. . " e — JWXp_q1, Uk—1
level of plate corrosion, el.ectrolyte density aroup de Error covariance time updat&, = A, 157, Al | + 5,
fouet” for lead-acid batterie§4—7]. The methods pre- Kalman gain matrix:Z; — Eikbllck E;_;{C;T + 3t
sented here are general. State estimate measurement updafe= x; + L[y — g}, ux)]
o Ohmictests, such as resistance, conductance orimpedance  Error covariance measurement updaf®;, = (I — LyCy) Sz x
tests, perhaps combined W|t_h fUZZY_'logIC algorithms ~a,,, and v, are independent, zero-mean, Gaussian noise processes of
[6,8—22] These methods require making measurements covariance matrices,, and X,, respectively.
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Table 2
Summary of cell models fron]

Combined model: note thaty through K4 are constants to fit the model

niAt .
i =z — | — )i
K+l = Zk c )k

! K
yx = Ko — Riy — Z—l — Koz + K3 In(z) + Ka In(1— z)
k

Simple model: note that OQY) is open-circuit-voltage
niAtY |
=z — | — )i
k4l = Tk C k
vk = OCV(zx) — Rix
Zero-state hysteresis model: note thiéf-) is maximum hysteresis
niAt
U1 =2k —\ —/—
Yk = OCV(zx) — sk M(zx) — Rix
nilkyAt
C

M || Fl 0| N 0 (1= F(ir) i
am | | 0o 1| _%m 0 Mz, %)

vk = OCV(zx) — Rig + hy

Single-state hysteresis model: note tii&t;) = exp(—

D y is hysteresis rate constam(-, -) is maximum hysteresis

Enhanced self-correcting (ESC) modelare filter-pole locations

fin diage) 0 O7[ f 1 0 .
. i1
b |=| 0 Fa Of|m [+] O (Q-F@D [M(k .)]
A Z,Z
Zk+1 0 0 1 2k _UCI

vk = OCV(zx) — Rig + hy + Gfy

zx Is SOC,n; the Coulombic efficiencyi, the currenty; the predicted cell voltage\t the sampling intervalC the nominal capacityR the cell resistance.

guantities is used to adapt the state of the cell model so thatversion of this model. Lety; be the period that the vehicle

the model output more closely matches the measured cellis off. Then,

voltage, and the model state more closely matches the real

quantities it estimates. By enforcing that SOC be a member  zx11 = € #of z; + wy

of the model state, as is the case with all model structures in yi = OCV(zx) + vg.

Table 2 we directly estimatéoth SOC and the uncertainty

(error bounds) of the estimate. Note that since we use EKF Applying the EKF to this system estimates SOC axid
versus KF, we are able to use precise nonlinear cell modelsFilter states are initialized to zero wiffi- initialized to small

in our SOC estimator, improving the SOC estimation accu- values. The hysteresis state and covariance are unchanged
racy. by power-down.

Before presenting some results, we first discuss how the |n order to demonstrate the performance of EKF in esti-
algorithm’s state and uncertainties might be initialized when mating SOC with the various cell models, we need to first
the vehicle is started. That is, how we might propadate  discuss some cell tests. Data was gathered from a proto-
andX; ; across the interval between key-off and key-on. For type hand-made LiPB cell comprising a Lily@, cathode,
this, we employ the SOC estimate abgvalues saved when  an artificial graphite anode, and designed for high-power
the vehicle was previously turned off, the period of time the applications, having a nominal capacity of 7.5Ah and a
vehicle was off, and a very simple cell self-discharge model. nominal voltage of 3.8 V. For the tests, we used a Tenney
Our empirical data indicates that SOC decays approximatelythermal chamber set at 26 and an Arbin BT2000 cell
exponentially due to self-discharge, allowing us to create cycler. Each channel of the Arbin was capable of 20 A cur-
a continuous-time state-space model for self-discharge. Letrent, and 10 channels were connected in parallel to achieve
z() be the state-of-charge as a function of self-discharge currents of up to 200 A. The cycler's voltage measurement
time. Then accuracy wast5 mV and its current measurement accuracy

was+200 mA. Two different cell tests were performed:
z2(t) = —pz(1) + w()

(1) = OCV(z() + v(), ° Pulspd-current test: The first test comprised a sequence
of discharge pulses and rests followed by a sequence of
whereg is the rate of SOC decay; is small andv depends charge pulses and rests. This test was designed to ex-

on the period since key-off. We can form a discrete-time  plore the cell response to very high and very low currents
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SOC and current as a function of time during discharge
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SOC and current as a function of time during charge
100 ff : T T ] " " I I 90
90 120
80 140
70 160
60 180
50 1 100
40 1120
30 1 140
20 | 1 160
10 180

obh 200

SOC (percent)
Current (A)

10 20 30 40 50 60 70 80 90
(b) Time (min.)

Fig. 1. Plots showing SOC versus time and rate versus time for pulsed-current cell tests. Discharge portion of test is shown in (&); charge portion of test

is shown in (b). Dark line is SOC, gray line is current.

where dynamics were minimally excited. The cell was
initially fully charged. Discharge current pulses from
150 A down to 1 A were used. Charge pulses from 150 A
down to 1 A were used. The current and SOC profiles for
this test are shown in Fig. 1(a) and (b). Frame (a) shows
the discharge portion of the test and frame (b) shows the
charge portion of the test. Data points (including volt-
age, current, ampere-hours discharged and ampere-hours
charged) were collected once per second.

e UDDS dynamic test: The second test was a sequence of
fifteen “urban dynamometer driving schedule” (UDDS)
cycles, separated by 40A discharge pulses and 5-min
rests, and spread over the 90-10% SOC range. This test
was designed to excite al cell dynamics in a fashion
similar to what would be experienced in an HEV battery
pack. The rate profile was generated from a Matlab AD-
VISOR [28] simulation for a vehicle roughly twice the
size of the Honda Insight, and is shown in Fig. 2(a) for
one UDDS cycle. Fig. 2(b) shows the SOC trace for the
entire test. We see that SOC increases by about 5% dur-
ing each UDDS cycle, but is brought down about 10% by
the 40 A discharge between cycles. The entire operating
range for these cells (10% SOC to 90% SOC) is excited
during the cell test. Data points were collected once per
second for this test as well.

Current for one UDDS cycle (zoom)
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In all cases, “true” SOC was calculated from the Arbin data
log using Coulomb counting on measured data. Note that
the “true” SOC is only approximately accurate since cur-
rent sensor error accumulated over time causes any estimate
computed using Coulomb counting to eventually diverge.

Results using the EKF to estimate SOC for the
pulsed-current test—using the six cell models—are shown
in Figs. 3-5. Results for the UDDS tests are shown in
Fig. 6. Rather than plotting both “true” and estimated SOC
for purpose of evaluating the effectiveness of the EKF,
we instead plot estimation error calculated as “true” value
minus estimated value. This amplifies the detail that can
be seen in the plots. Also shown are the three-sigma error
bounds (the confidence region of the estimate) using EKF.
In al plots, the thick black line is the estimation error,
and the thin gray lines delineate the confidence region of
the estimate. Ideally, the estimation error is zero and the
confidence region always includes the value zero.

We first discuss the results of the pulsed-current tests.
Fig. 3 showsthe results of EKF SOC estimation for all mod-
els with only SOC as a state, when the SOC state was cor-
rectly initialized to 100%. Results for the combined model
are shown in frames (a) and (d); results for the simple model
are shown in frames (b) and (e); and results for the zero-state
hysteresis model are shown in frames (c) and (f). The left

SOC as a function of time
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Fig. 2. Plots showing SOC versus time and rate versus time for UDDS cell tests. Rate for one UDDS cycle is shown in (@); SOC for the entire test is

shown in (b).
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Estimation error under discharge: Combined model
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Estimation error under charge: Combined model
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Fig. 3. Results of SOC estimation using models with only SOC as a state for the pulsed-current cell tests. Discharge portion of test is shown in (8)—(c);
charge portion of test is shown in (d)—(f). The dark line is the true cell SOC minus the estimated SOC, and the thin gray lines demarcate the error

bounds on the estimate.

column shows results for the discharge portion of the test,
and the right column shows results for the charge portion
of the test. Since the EKF was correctly initialized in all
cases, the estimation error starts at zero. For both the com-
bined and simple models, the error slowly diverges away
from zero for much of the discharge segment; the zero-state
hysteresis model does a better job. As the discharge por-
tion of the test concludes, the estimation error of all three
models drops to about 1% or better. One reason for the di-
vergence of the SOC estimate for the simpler modelsiis that
the OCV curve for these cellsis extremely flat over much of
the SOC range. Voltage measurement error of £5mV can
account for as much as 6.5% SOC error if used alone, and

isworst around the level of SOC = 60%. The simpler mod-
els do not sufficiently account for the dynamics of the cell,
and rely most heavily on OCV. In these cells, as SOC ap-
proaches zero, the OCV curve drops precipitously to 3.0V,
so is amuch more accurate estimator of SOC. The effect of
thisin the EKF SOC estimators is that the estimation error
improves considerably toward the end of the discharge. (All
models using OCV as part of the output equation converge
to an error of about 1%, which indicates that the empirical
OCV versus SOC relationship used by the models may be
dlightly incorrect.)

The discharge portion of the pulsed-current test that is
shown in thefigures drawsthe cell’ strue SOC down to about
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Estimation error under discharge: Single state hysteresis
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Estimation error under charge: Single state hysteresis
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Fig. 4. Results of SOC estimation using models with multiple states for the pulsed-current cell tests. Discharge portion of test is shown in (8)—(c); charge
portion of test is shown in (d)—(f). The black line is the true cell SOC minus the estimated cell SOC, and the thin gray lines demarcate the error bounds

on the estimate.

1%. Not shown is a subsequent long slow discharge down to
0%. The charge portion of the pulsed-current test immedi-
ately followsthislong discharge. In the EKF validation tests,
the discharge portion(s) and charge portion are not consid-
ered separately, but asaunit; that is, the EKFisinitialized be-
fore the discharge, and then run for the entire 160+ minutes
without re-initialization between the discharge and charge
portions. This explains why the SOC estimation error is not
initially zero in al of the charge portions of the test. The
combined model starts with the worst estimation error as
it does not use true OCV versus SOC in its output equa-
tion, but only an approximation. This approximation isworst

around 0%. Again, estimation error for the smpler models
diverges over alarge portion of the test, only converging to-
ward zero as SOC approaches 100% where the OCV versus
SOC curveisno longer flat. The zero-state hysteresis model
is somewhat better than the other two modelsin this respect.

In al of the tests discussed so far, the confidence interval
of the estimation error is also poor. The EKF “thinks’ that
its estimate is much better than it actually is. Thisis not the
fault of the EKF method itself, but rather of the cell model
being used. If the cell model were accurate, the error bounds
would also be accurate. The inaccuracy of the simpler cell
models leads to over-confidence in the estimate.
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Estimation error under discharge: Combined model
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Estimation error under discharge: Single state hysteresis
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Fig. 5. Results of SOC estimation where the initial estimator state was set to 80% while the true initial state was 100%. The dark line is the true cell
SOC minus the estimated SOC, and the thin gray lines demarcate the error bounds on the estimate.

Fig. 4 shows the results of EKF SOC estimation for mod-
els with multiple states, when the SOC state was correctly
initialized to 100% (filter and hysteresis states were initial-
ized to zero). Results for the single-state hysteresis model
are shown in frames (a) and (d); results for the ESC model
using two filter states are shown in frames (b) and (e); and
resultsfor the ESC model using four filter statesare shownin
frames (c) and (f). In al cases, estimation error is much im-
proved over the models with only SOC as a state. We again
see that error converges to about 1% at the end of discharge,
most likely due to an imprecise OCV versus SOC relation-
ship. We also see that the EKF confidence region much more
accurately describes the true confidence of the estimate.

From these figures alone, it would be difficult to defini-
tively determine the “best” model to be used in aBMS. We
now present some additional results that help with the deci-
sion, based on considerations of robustness. In practice, the
Kaman filter would be initialized with a priori state esti-
mates when the vehicleisturned on (based on OCV readings
and a look-up table, plus self-discharge rate data from the
cell model and the prior SOC when the vehicle was turned
off). In the results we have seen, the EKFs were initialized
using the correct SOC of 100%. Correct initialization is not
guaranteed in practice, especidly if the SOC isin the neigh-
borhood of 50% (around the flat portion of the OCV versus
SOC curve), and if the cells have not relaxed from recent ac-
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Estimation error: ESC, nf:4
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Fig. 6. Results of SOC estimation on UDDS data. In (a) the initial estimator state was correctly set to 100%; in (b) the initial estimator state was set to
80% while the true initial SOC was 100%. Dark line is SOC estimation error, gray lines demarcate the error bounds on the estimate.

tivity (For example, the automobile might have been turned
off for only afew minuteswhile the driver filled the gas tank
or purchased a cup of coffee.) Fig. 5 show examples of EKF
SOC estimation for the pulsed-current data set (discharge
portion only for purpose of brevity) where the filter SOC
state was incorrectly initialized to 80% instead of 100%. All
of the models eventually converge to very low estimation er-
ror, which shows that the EKF method is much more robust
than others (Coulomb counting, for example, would never
recover if incorrectly initialized). Eventual convergence is
no great surprise with the EKF, however, as the cell volt-
age approaching 3.0V will force the SOC estimate toward
0%. The best convergence results are seen with the higher
fidelity cell models. The ESC model, in particular, shows
fastest convergence, within only a few minutes, with most
accurate error bounds. While an initialization error of 20%
is an extreme condition, not expected in practice, the EKF
is able to recover; this robustness is a very positive feature.

Not to belabor the discussion any further, we briefly report
some results using EKF SOC estimation for the UDDS tests,
shown in Fig. 6. Again, the ESC model performed best, so
we only report results for that model, using four filter states.
Frame (@) shows estimation error for correct initialization
to 100% SOC, and frame (b) shows error when the EKF
SOC state was incorrectly initialized to 80%. Estimation
error is small, the confidence interval is reasonable, and
convergence within a few minutes is observed even when
poorly initialized.

Before we conclude our discussion of SOC estimation, it
is necessary to emphasize that this method may be used to
estimate the SOC of acell. Multiple extended Kalman filters
must be employed to estimate the states-of-charge of cellsin
a battery pack comprising a series string of cells; that is, the
EKF does not directly estimate the SOC of a battery pack.
In fact, the problem of finding pack SOC isill-posed. If one
cell has SOC equal to 0% and another has SOC equa to
100%, is the pack SOC equal to 50%? This would indicate
that half of the rated pack capacity is available for charge
or discharge, when in fact no charging or discharging may
be done without taking one of these two cells outside of

their design limits. If al cell SOCs are relatively similar,
then “pack SOC” computed as an average or median value
of cell SOCs might be somewhat useful to an HEV or BEV
operator as a crude “gas gauge’, but is not appropriate for
computing available power, for example. We now present a
better way to do so.

3. Application I11: computing available power

State estimates and their uncertainties may be used to
very accurately estimate how much power is available to be
sourced or sunk by a battery pack while the pack isin a
dynamic environment. This is described in some detail in
[29], and summarized here.

The “Hybrid Pulse Power Characterization” (HPPC)
method specified by the “Partnership for New Generation
Vehicles’ (PNGV) [30] is commonly used to calculate the
available power from a cell during cell testing. Maximum
current is computed using a simple cell model, enforcing
that the cell’s termina voltage remains within limits, and
power is computed by multiplying cell current by cell volt-
age. SOC is an input to this procedure, as are modified
dis/charge resistances, found by cell tests.? Pack power is
calculated by multiplying cell power by the number of cells
in the pack.

By using an advanced cell model, such as the enhanced
self-correcting cell model, together with the cell’s present
state vector estimated by EKF, we can achieve more accurate
power estimates that depend on the cells' dynamic status.
The battery pack cell models are simulated for Ar seconds
into the future, using present states as identified by the EKF
asthe starting point, for some level of current i;. A bisection
search is used to find the maximum values of i; for charge
and discharge that do not cause any cell voltages or SOC

2 The PNGV HPPC method uses modified resistances that model the
relative voltage change for a 18-s prediction horizon on discharge or a
2-s prediction horizon on charge. The method presented here works for
any horizon Ar.
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Fig. 7. Results of power estimation on pulsed-current data. Frame (a) shows the power estimates for the discharge portion of the test; Frame (b) shows

the estimates for the charge portion of the tests.

values to violate design limits. Power is computed as the
minimum of the maximum cell current limits, multiplied by
cell voltage Ar seconds into the future.

Because this method uses all state information, more
charging power is alowed immediately after a discharge
event than after the cell has rested for some time, as the
voltages will take more time to exceed design limits for the
same current level. Similarly, immediately after a charge
event, more discharge power will be available than after the
cell has rested some time. Maximum power results for the
pulsed-current test are shown in Fig. 7(a) for discharge and
(b) for charge. (We assume a pack of 40 series-connected
cells. Note that it is not our purpose here to comment on the
absolute capability of these cells as compared to other cells,
but rather on the merits of two power-calculation methods.
The optimization of cell electrochemistry is the topic of
other research.)

Over the discharge portion of the pulsed-current test we
see fair agreement between the EKF-based power calcula-
tions and the HPPC estimate. The EKF method imposes
the constraint that SOC is not allowed outside the range
10-90%, which explains why the permitted charge power
is initially zero, until the cell SOC drops to below 90%,
and why the discharge power drops to zero after about
60 min, when the cell SOC falls below 10%. Over the in-
termediate SOC range the results are “close”, athough we
believe that the HPPC results are less accurate than the
EKF results as the simple resistance model of a cell em-
ployed by HPPC is not very accurate. In particular, note
that the EKF correctly alows greater charge power and
lower discharge power during discharge pulses, converging
to some constant value during rest periods as the cell re-
laxes. The HPPC method—which has no information regard-
ing voltage-relaxation states—predicts a constant value for
dis/charge power during rest periods, which may be overly
optimistic or pessimistic, depending on recent cell history.

Over the charge portion of the pulsed-current test, shown
in frame (b), we see |less agreement between the two meth-
ods. The HPPC method does not take into account any

model of hysteresis. In fact, during charge, the at-rest ter-
minal voltage is always higher than during discharge at the
same SOC level, so greater discharge power and less charge
power should be available. The EKF method takes into ac-
count cell voltage hysteresis, and is able to more accurately
predict cell available power.

4. Application 1V: dual state and cell parameter
estimation

Not all cells are created equal. Most of the research re-
ported here has been conducted using prototype high-power
LiPB cells, constructed by hand. In these cells, there is a
great deal of variability in resistance, capacity, time con-
stants, and so forth. Even in mass-produced cells, however,
there is some cell-to-cell variation, which only increases as
the cells age, both in accumulated cyclesand in calendar life.

Some of the critical parameters, such as cell resistance
and capacity, directly limit the pack performance through
“power fade” and “ capacity fade”. The state-of-health (SOH)
of a battery is often described using these values. It isim-
portant to be able to estimate these and other parameters to
understand the present battery state-of-health, and to predict
remaining service life.

Keeping in mind the previous discussion on estimating
SOC, it is apparent that the quantities descriptive of the
present battery pack condition exist on two time scales.
Some change rapidly, such as SOC, which can traverse its
entire range within minutes. Others may change very slowly,
such as pack cell capacity, which might change as little as
20% in a decade or more of regular use. The quantities that
tend to change quickly comprise the state of the system,
and the quantities that tend to change slowly comprise the
time-varying parameters of the system.

The method used to estimate SOC might be adapted
to concurrently estimate both the state and the slowly
time-varying cell parameters by augmenting the cell-model
state vector with the model parameters and simultaneously
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estimating the values of this augmented state vector. This
method is called joint estimation. It has the disadvantage
of large matrix operations due to the high dimensionality
of the resulting augmented model. The method we describe
here, dual estimation, also uses a Kalman filtering approach
to estimate both state and parameter values, but uses sep-
arate Kalman filters for state estimation and parameter
estimation. The matrix operations are simpler.

We slightly revise the mathematical model of cell dynam-
ics to explicitly include the parameters

Xk+1 = flxk, ug, Ok) + wi
Yk = 8(Xk, uk, Ok) + vi,

where x;, is the cell-model state, 6; the set of time-varying
model parameters, u; the exogenous input, y; the system
output, and wy and vy are “noise inputs’; al quantities may
be scalars or vectors. f(-, -, -) and g(-, -, -) are functions de-
fined by the cell model being used. Non-time-varying nu-
meric values required by the model may be embedded within
fG, -, ) and g(-, -, -), and are not included in 6.

To use the enhanced self-correcting cell model as an ex-
ample, the possibly time-varying parameters comprise the
following: the Coulombic efficiency 7, the total capacity
C, the filter poles «y, ... s Oy the filter weighting factors
81, --- » &ns—1, thecell discharge and charge resistances Rt
and R, the hysteresis rate constant y, and the maximum
level of hysteresis M. Combined, they are

9 = [77, Ca (X]_, aanfv glv ’gnffla R+’ R_a J/, M],

We assume that there is atrue value for 6 that describes the
cell under consideration, and wish to adapt an estimate 6 to
converge to the true value. To do so using EKF we require a
state-space model for the “dynamics’ of the true parameters

Orr1 = O + 1
dr = g(xk, ug, k) + ex.

The first equation states that the parameters are essentially
constant, but that they may change slowly over time by some
driving process, modeled by a process r of small fictitious
“noise”. The output equation for the state-space model of
true parameter dynamics is the cell output estimate plus
some estimation error ey.

With these two systems defined, we can apply the stan-
dard procedure of dual extended Kalman filtering [31]. The
agorithm is outlined in Table 3 and comprises two carefully
integrated EKFs. The algorithm is initialized by setting 6 to
the best guess of the true parameters 93 = [E[6g], and by
setting &3 to the best guess of the cell state &5 = E[xo]. The
estimation error covariance matrices are also initialized.

Each measurement interval, several steps are performed.
First, the previous parameter estimate is propagated forward
in time. The new parameter estimate is equal to the old
parameter estimate, and the parameter error uncertainty is
increased due to the passage of time (as accommodated for

Table 3
Summary of the dual extended Kaman filter for state and parameter
estimation [27]

Nonlinear state-space models?
Xe1 = f(xk, uk, Ok) + Wi, Okyr = Ok + 1
and

i = 8(xk, ug, O) + vk di = g(xx, ug, O) + ek

Definitions
8x_,u_,§7 8x,u,éf
Apg— f(k‘l k=1, 0;) Lci= g(kik/‘)
Oxp_1 o Xy L
Xp—1=X;_q X=Xy
cf = dg(x; . uk, 6)
do .
0=0;
Initialization
For k =0, set

05 =Elxol. X = E[0 ~ b3) (0 —67)"]

&5 =Elxol, Z{o=El(xo—x§)(xo— )]

Computation
For k =1,2,... compute
Time update for the weight filter

- _ ot
o =0y
ok =TT

Time update for the state filter
&= fGE w1, 0)
T = AT AL+ T

Tk T

Measurement update for the state filter
Ly = 2 (TG E (CDT + 2] 71
=%+ Ll — 8Gy i 6]
Z;.k =U-L;CHZ5,

Measurement update for the weight filter
L =z ()], ()T + 2]
0 =0 + Ll — 8G s ux, 6;)]

X =Lz,

8wy, vk, ry and e, are independent, zero-mean, Gaussian noise pro-
cesses of covariance matrices ¥, ¥, X, and X,, respectively.

in the model by the fictitious driving noise ;). Next, the
state estimate and its uncertainty are propagated forward
one step in time. A measurement of the cell output is made,
compared with the predicted output based on X, and @k‘,

and used to update the values of % and 6.
A subtle point relates to the computation of C¢, which
requires a total-differential expansion to be correct

_ dg(x,, ux, 0)

CG
k do N
9:0k
dg(x; . uk,0)  9g(x; , u, 0) + g (X, ur. 0) dx”
do o 30 Xy do
ay Af R4 uk—1,0)
do 96
af(-%]j,]_s uk—la 0) d'%]jfl
ax; do

iy a0 de(_g u-1,6)
d — do k=1 do ’
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Fig. 8. Diagram of dual estimation method. Solid lines represent state
and parameter vector signal flow, and dashed gray lines represent error
covariance matrix signal flow.

assuming that L;_, isnot afunction of 6. (Itsis, weakly, so
that it is not usually worth the extra computation to include
the effectsof L;_, asafunction of 6.) The threetotal deriva-
tives are computed recursively, initialized on key-on with
zero values. The partial derivatives are computed each time
step, given knowledge of the specific f(-, -, -) and g(-, -, -)
from the cell model being used.

The dual extended Kalman filter can be viewed by draw-
ing a block diagram as in Fig. 8. We see that the process
essentially comprises two extended Kaman filters run-
ning in parallel—one adapting the state and one adapting
parameters—with some information exchange between the
filters.

4.1. Ensuring correct convergence

The dual extended Kalman filter will adapt & and 6 so
that the model input—output relationship matches the cell
input—output data as closely as possible. Thereis no built-in
guarantee that the state of the model converges to anything
with physical meaning. Here, we are concerned that the state
converge to a very specific meaning. That is, assuming the
enhanced self-correcting cell model, we require some state
valuesto befilter voltages, oneto be hysteresislevel, and one
to be SOC. We take specia steps to ensure that this occurs.

First, a very crude cell model may be used, combined
with the dual EKF to ensure convergence of the SOC state.
Specifically, the cell terminal voltage

Vg N OCV(Zk) — Rik
OCV(zx) =~ vx + Rig
= OCV_l(vk + Rip).

By measuring the cell voltage under load, vy, the cell current
i, and having knowledge of R (perhaps through 6 from the
dual EKF), and knowing the inverse OCV function for the
cell chemistry, one can compute anoisy estimate of SOC, z.

The cell model being used for dual EKF has its output
equation augmented with SOC. For example,

OCV (zx) — Rix + Mhy + Gfy
g(xk, ug, 0) = .

Zk

The dual EKF is run using this modified model with the
“measured” information used in the measurement update
being

Uk
Yk=1|. |-
Tk

While the “noise” of z; (short-term bias due to hysteresis
effects and polarization filter voltages being ignored) pro-
hibit it from being used as the primary estimator of SOC,
its expected long-term behavior in a dynamic environment
is accurate, and maintains the accuracy of the SOC state in
the dual EKF.

Convergence of the hysteresis state and voltage polariza-
tion states to the true values may be indirectly ensured if
the cell model has been carefully crafted. For example, con-
sider the output equation of the enhanced self-correcting cell
model:

gxk,ux) = OCV(zx) + hy  +filt@) — Rig.
——— —— —— —
fn(zx) fn(zy,ix) fn(ir)

The filter filt(iy) is designed to have zero dc gain, so a dc
bias can only be accounted for by OCV (z), whose conver-
gence has aready been ensured, and /. For the model rest
voltage to match the cell rest voltage, the hysteresis value is
forced to converge to the actual level. The dc value during a
constant-current dis/charge adds another term—the R value
in Rig, forcing R to converge. Finaly, fluctuations around
the dc value due to dynamic current events are only accom-
modated for by the poles and weighting factors of the filter
Gfy. Thefilter time constants, related to aa, . ... , oy, Must
converge due to the near stationarity of cell dynamics, and
the weighting values G only determine the gains of the f
states.

4.2. Methods for estimating SOH without the full
dual EKF

The full dua EKF method is computationally intensive.
If precise valuesfor the full set of cell-model parameters are
not necessary, then other methods might be used. Here, we
present methods to determine cell capacity and resistance
using EKF-based methods. The change in capacity and re-
sistance from the nominal “new-cell” values give capacity
fade and power fade, which are the most commonly em-
ployed indicators of cell SOH.

4.2.1. Estimating resistance
To estimate cell resistance using an EKF mechanism, we
formulate a simple model

Ri+1 = R + 1y
i = OCV (zx) — Ryix + ex,

where Ry, isthe cell resistance and is modeled as a constant
value with a fictitious noise process ry allowing adaptation.
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Yk isacrude estimate of the cell’ s voltage, iy isthe cell cur-
rent, and e¢; models estimation error. If we use an estimate of
zi from the state EKF, or from some other source, we ssimply
apply an EKF to this model to estimate cell resistance. In
the standard EKF, we compute the model’s prediction of y
with the true measured cell voltage, and use the difference
to adapt Ry.

Note that the above model may be extended to handle
different values of resistance on charge and discharge, dif-
ferent values of resistance at different SOCs, and different
values of resistance at different temperatures, for example.
The scalar R; would be changed into a vector comprising
al of the resistance values being modified, and the appro-
priate element from the vector would be used each time step
of the EKF during the calculations.

4.2.2. Estimating capacity
To estimate cell capacity using an EKF, we again formu-
late a simple cell model

”1 — At
ilk—1 "

dy =2k — 2k—1+
Cr

The second equation is a reformulation of the SOC state
equation such that the expected value of dj, is equal to zero
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by construction. Again, an EKF is constructed using the
model defined by these two equations to produce a capac-
ity estimate. As the EKF runs, the computation for dj in
the second equation is compared to the known value (zero,
by construction), and the difference is used to update the
capacity estimate. Note that good estimates of the present
and previous states-of-charge are required, possibly from an
EKF estimating SOC. Estimated capacity may again be a
function of temperature (and so forth), if desired, by employ-
ing a capacity vector, from which the appropriate element
is used in each time step of the EKF during calculations.

4.3. Results of dual EKF

We now present several results to demonstrate fea-
tures of the dual EKF agorithm. The first two results are
“steady-state” estimates of resistance and capacity produced
directly by the dual EKF agorithm. The second two results
are from the auxiliary filters described in Sections 4.2.1 and
4.2.2.

Fig. 9 shows some results from dual estimation. In frame
(), we see the steady-state capacity estimate produced di-
rectly by the dual EKF. It has converged to the correct value,
and exhibits little variation over time. In frame (b), we see
the“ steady-state” charge and discharge resistances produced
directly by the dual EKF. We see that these estimates do
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Fig. 9. Plots showing results of dua estimation. Frame (a) plots the “steady-state” capacity estimate and (b) plots the “steady-state” resistance estimate.
Frame (c) plots the transient behavior of the capacity estimate and frame (d) plots the transient behavior of the resistance estimate.
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not converge to a constant, but vary according to the present
state-of-charge. As is expected for this chemistry, the (dis-
charge) resistance is highest at high and low SOCs, and is
lowest at moderate SOCs. The quickly varying nature of the
dis/charge resistance estimates alows dightly better SOC
estimation using dual EKF than using standard EKF with
fixed resistance values.

If the complexity of the dual EKF is not warranted by
an application, the simple filters from Sections 4.2.1 and
4.2.2 may be used. Results using these methods are plotted
in Fig. 9(c) and (d). In frame (c), the state of the auxiliary
capacity estimation filter was initialy set about 10% too
high and adaptation was allowed to occur. In frame (d) the
states of the auxiliary resistance estimation filter were set
significantly too low, and adaptation was allowed to occur.
In both cases, the estimates converge to the correct values.3
The horizontal axis for the plots was determined by noting
that a UDDS cycle covers 7.45miles, and that the UDDS
test has 15 such cyclesin it. Many repetitions of the UDDS
test were required for parameter convergence.

Is convergence fast enough? If we consider that the ca-
pacity of an HEV cell must degrade less than 20% over a
vehicle lifetime (say, 150,000 miles), then the time constant
of capacity changeisin the order of 50,000 miles. For an es-
timator to track a moving target, its time constant must be at
least four times faster than that of the moving target (faster is
better). Here, we see that the capacity filter time constant is
in the order of 2000 miles, and the resistance filter time con-
stant is in the order of 500 miles. Both filters are faster than
they need be. Note that this example is extreme; in an ap-
plication the HEV cells would be mass produced with high
quality control and tight tolerances on initial capacity and
resistance. The filters would then be initialized with accu-
rate values, and are fast enough to track changes. In fact, the
filters can be “tuned” by varying the values for X, and X,
to be either faster or slower than those shown. Faster filters
do converge more quickly, but produce noisier steady-state
estimates. Slower filters produce cleaner steady-state esti-
mates. The tuning of the filter must be done to meet design
specifications.

5. Application V: equalization via SOC
Over time, cells in a battery pack (comprising a

series-connected string of cells) may become “out of
balance” assmall differencesin their dynamics—principally,

3 The resistance values in frame (b) differ from those in frame (d)
because the ESC model used in the simulations in frame (b) has a separate
hysteresis term and so the resistance states are adapted to their true
values. The crude cell model used in the simulations of fame (d) have no
such hysteresis correction factor, so the resistances attempt to capture the
ohmic behavior as well as the hysteretic behavior of the cell dynamics.
This results in larger-than-true values for resistance, which may be taken
into account in an implementation.

in their Coulombic efficiencies and capacities—cause their
states of charge to drift apart from each other. The danger
is that one or more cells may eventualy limit the discharge
ability of the pack if their SOC is much lower than that
of the others, and one or more cells may limit the charg-
ing capacity of the pack if their SOC is much higher than
that of the others. In an extreme case, the pack can neither
be discharged nor charged if one cell is a the low SOC
limit and another is at the high SOC limit, even if al other
cells are at intermediate values. Packs may be balanced
or equalized by “boosting” (individually adding charge to)
cells with SOC too low, “bucking” (individually deplet-
ing charge from) cells with SOC too high or “shuffling”
(moving charge from one cell to another).

In HEV, determining which cells must have their charge
levels adjusted to equalize the pack is generally done on the
basis of cell voltage alone. The pack is considered to be
properly balanced if all cell voltages are the same, perhaps
within some tolerance. Various electronic means are avail-
able to perform the equalization, either automatically, or un-
der microprocessor control. These include: shuffling charge
using a switched capacitor, depleting charge with a resistor,
adding charge with a DC-DC converter, or moving charge
with a transformer-based system. These methods are very
well described in [32].

With the information available from a dual EKF, for ex-
ample, another opportunity presents itself. We propose that
equalizing cell voltage is only approximately the correct
thing to do. Recall that the purpose of equalization is to
maintain the battery pack in a state where the maximum
level of charge and discharge power is available for use.
Cdlsthat limit the pack availability may then be boosted or
bucked in order to improve performance. These cells might
be determined in at least two ways. First, one might use
side-information from the maximum power calculation stat-
ing which cells caused the available power to be limited. If
using the method from Section 3, then this determination
would consider cells by voltage limit and by SOC limit. The
second way more simply considers potential SOC limits.
Here, we investigate this approach.

Consider a pack with operational design limits such that
every cell SOC z;(r) must resideintherange zmin < zx(f) <
zZmax- For SOC of cell k at level zi(z), the “distance” in
ampere-hours from the upper limit is

h
Cr %0 = (zmax — 2 (0)Cx
and the distance in ampere-hours from the lower limit is

disch:
CIM () — (24(t) — zmin) Ci»

where Cy, is the capacity of cell k, in ampere-hours. If al
cellshave equal C"9°(s), then no cell will limit pack charge
capacity. However, if the capacity of one cell is lower than
that of others, it will limit the ability of the pack to accept
charge. Similarly, if al cells have equal Cg'xharge(t), then

no cell will limit pack discharge capacity. If one capacity is



290 G.L. Plett/Journal of Power Sources 134 (2004) 277-292

lower than the others, it will limit the ability of the pack to
supply charge.
We can use this information to derive a simple procedure
to determine which cells require equalization:
1. Compute CI ™% for all cells, and sort from smallest to
largest. The cells with smallest value may benefit from
having some charge depleted via bucking, prioritized by

the magnitude of its C2/M%°,

2. Compute CS® for all cells, and sort from smallest to
largest. The cells with smallest value may benefit from
having charge added viaboosting, prioritized by the mag-
nitude of its CS"%°,

3. If charge shuffling is available, it should be shuffled from

the cell with minimum C,fharge to the one with minimum

discharge
Cy :
The EKF used to estimate SOC may also contribute the es-
timation error bounds to help determine when to stop equal-
ization. For example, one might turn off equalization if the

difference between maximum and minimum C,?'xharge and

the difference between maximum and minimum C,fharge falls
within 30Cp. Also, if the same cell is targeted for both
boosting and bucking, it is the cell limiting performance
whether or not its SOC is changed, so equalization may be
turned off.

If cell capacity information is not individually available,
then the nomina capacity C, may be used. If so, the pro-
cedure then equalizes SOC, which is not exactly the same
as equalizing cell voltage. If all cell dynamic characteristics
are equal, then the method becomes the same as equalizing
by voltage. We expect that as cells in a battery pack age,
their characteristics will not remain equal, so that by using
the proposed method here the pack will provide better per-
formance in the long run.

6. Conclusions

In this series of three papers, we have described how ex-
tended Kalman filtering might be used by a battery man-
agement system in some of its key algorithmic roles. In this
paper, we have looked at the applications of the theory and
cell models presented in the earlier two.

First, we showed how an EKF might be used during
key-on initialization, to update cell SOC estimates saved on
key-off, to account for cell self-discharge during the key-off
interval. A very simple self-discharge model is used together
with a single step of the EKF.

Secondly, we showed how an EKF might be used, to-
gether with a model of cell dynamics, to dynamically esti-
mate SOC and other state vector values. Additionally, error
bounds on the estimate are generated. Robust behavior, even
when poorly initialized, is observed. SOC estimation error
within a few percent is typical.

An argument against using EKF for SOC estimation isthat
it appears very complex to implement. Instead, one might
wish to use a simpler method; for example, Coulomb count-
ing. However, estimation error accumulateswhenintegrating
ampere-hours, and is guaranteed to eventually diverge. Even
in short tests of several hours duration with state-of-the-art
battery test equipment (an Aerovironment ABC-150), we
have observed occasions where the EKF SOC estimate (us-
ing much poorer and less expensive sensors) is more accu-
rate than the ABC-150 ampere-hour integration. One might
add correction factors to a simple method to perform volt-
age versus SOC correction. However, the discharge curve
for our cellsisvery flat, so thereisvery little information in
a voltage measurement alone. Other correction factors must
be added for temperature, cell aging, and so forth. In the
end, the “simple” method boils down to a spaghetti-heap
of correction factors and special cases. The EKF, however,
is an extension of the optimal recursive estimation method
first developed by Kaman in 1960 [33,34]. Its extensive
use in other applications (e.g., defense, control, navigation,
space, etc.) and its kinship with other DSP applications has
ensured the development of microprocessors that are capa-
ble of implementing the required multiply and accumulate
operations quickly and efficiently. In short, we feel that the
EKF provides the best solution for the long term.

The third application presented in this paper usesthe state
estimate provided by the EKF to give dynamic available
power estimates. These estimates automatically compensate
for recent dis/charge events, which have brought cell voltage
out of equilibrium and give a more precise estimate of how
much power may be drawn without exceeding voltage limits.
Methods that do not use this information, such asthe PNGV
HPPC method, either give estimatesthat aretoo conservative
or too risky.

The fourth application integrates two nearly independent
extended Kalman filtersin order to simultaneously estimate
state and cell-model parameter values. Thisis very valuable
for keeping the other EKFs “honest” over the lifetime of the
battery pack as cells age and their characteristics change.
This has the important benefit of extending the useful ser-
vice life during which the pack may be safely and reliably
operated. Estimates of SOH are also generated by the di-
rect estimation of cell resistance (power fade) and capacity
(capacity fade).

Thefifth, and final, application is to use information from
the dual EKF to enhance the selection of cells that require
equalization. Voltage-based equalization only approximately
implements the best strategy. If hardware is available to in-
dividually select cellsfor equalization, the SOC-based strat-
egy presented here will work better, especially as the pack
ages and cell capacities diverge.

We have tested these methods using data collected from
hand-made prototype LiPB cells jointly developed by LG
Chem (Dagjeon, Korea) and Compact Power Inc. (Mon-
ument, Colorado). Furthermore, to date we have imple-
mented alarge subset of the algorithms on a prototype BMS
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developed by Compact Power Inc. for HEV application. We
find that even with hand-made cells the full implementation
provides similar performance to the cell-by-cell results. For
example, SOC estimation error is rarely greater than 5%
over operating conditions between 0 and 50°C for al types
of tests. We expect that performance will improve with
mass-produced cells which will have more homogeneous
characteristics. Future research will focus on improving
low-temperature performance.

In conclusion, EKF methods are a good approach to ful-
filling the algorithmic requirements of an HEV BMS.
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