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Abstract

Battery management systems (BMS) in hybrid-electric-vehicle (HEV) 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. TI
estimation mechanism must adapt to changing cell characteristics as cells age and therefore provide accurate estimates over the lifetir
of the pack.

In a series of three papers, we propose a method, based on extended Kalman filtering (EKF), that is able to accomplish these goals «
a lithium-ion polymer battery pack. We expect that it 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 first paper investigates the estimation requirements for HEV BMS in some detail, in parallel to the requirements for other
battery-powered applications. The comparison leads us to understand that the HEV environment is very challenging on batteries an
the BMS, and that precise estimation of some parameters will improve performance and robustness, and will ultimately lengthen the usefu
lifetime of the pack. This conclusion motivates the use of more complex algorithms than might be used in other applications. Our premise
is that EKF then becomes a very attractive approach. This paper introduces the basic method, gives some intuitive feel to the necessa
computational steps, and concludes by presenting an illustrative example as to the type of results that may be obtained using EKF.
© 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);
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1. Introduction mer battery (LiPB) pack, and we also expect them to work
well for other battery chemistries.

This paper is the first in a series of three that describe ad- A hybrid-electric-vehicle is one with both a gasoline (or
vanced algorithms for a battery management system (BMS)diesel) engine and an electric motor. Both may be coupled
for hybrid-electric-vehicle (HEV) application. This BMS is  directly to the power train—resulting in a “parallel hybrid”
able to estimate battery state of charge (SOC), instantaneousonfiguration—where the motor provides boost energy to
available power, and parameters indicative of the battery supplement the engine and acts as a generator when coast-
state of health (SOH) such as power fade and capacity fadejng, braking, or when the engine can supply extra power
and is able to adapt to changing cell characteristics overto charge the battery pack. Alternately, the engine may be
time as the cells in the battery pack age. The algorithms used exclusively to drive a generator that charges the bat-
have been successfully implemented on a lithium-ion poly- tery pack; the motor is then coupled directly to the power

train—resulting in a “series hybrid” configuration. The se-
- ries configuration promises greater potential efficiency, at
* Tel.: +1-719-262-3468; faxi+1-719-262-3589. the cost of a larger required battery pack. At the time of the
E-mail address: glp@eas.uccs.edu (G.L. Plett). writing of this paper, the only HEVs on the market in the
URL: http://mocha-java.uccs.edu. . .
US are parallel hybrid systems and require a battery pack of

1 The author is also consultant to Compact Power Inc., Monument, CO ~* . i
80132, USA. Tel.-+1-719-488-1600: fax:+1-719-487-9485. fairly modest size. Even so, and because of the demanding
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requirements on a pack of limited capacity, advanced meth-2. HEV versus portable electronics BM S environments
ods must be used to estimate SOC, SOH, and instantaneous
power in order to safely, efficiently and aggressively exploit  In principle, the results of these papers could be ap-
the pack capabilities. plied to manage the performance of any battery-based sys-
The method we use to estimate these parameters istem, including, for example, hybrid electric vehicles, battery
based on Kalman filter theory. Kalman filters are an electric vehicles (BEVs) and consumer portable electron-
intelligent—and sometimes optimal—means for estimating ics (PE). The HEV environment, however, is particularly
the present value of the time-varying “state” of a dynamic harsh—imposing many difficult requirements on the battery
system. By modeling our battery system to include the cells and BMS—and moativates the use of advanced tech-
wanted unknown quantities in its state description, we may niques. In our experience, battery management algorithms
use a Kalman filter to estimate their values. An additional developed for portable electronic applications, for example,
benefit of the Kalman filter is that it automatically pro- do not work adequately for the HEV application.
vides dynamic estimation error bounds on these estimates TheHEV BMS performsmany tasks, including communi-
as well. We exploit this fact to give aggressive performance cate with the vehicle controller, measure cell physical quan-
from our battery pack, without fear of causing damage by tities of interest (e.g., cell voltage, current and temperature),
over-charge or over-discharge. Note that there have beenand manage cell balancing. Here, we are only interested in
other reported methods for SOC estimation that use Kalmanthe algorithmic considerations as motivated by the require-
filtering [1,2], but the method in this series of papers ex- ments imposed by the environment and the vehicle. Fig. 1
pands on these results and also differs in some importantshows a ssmple block diagram for the algorithm function,

respects, as will be outlined latf3].

This first paper is an introduction to the problem. It de-
scribes the HEV environment and the algorithmic require-
ment specifications for a BMS. The remainder of the pa-
per is a brief tutorial on the Kalman filter theory necessary
to grasp the content of the remaining papers; additionally,
a nonlinear extension called the “extended Kalman filter”
(EKF) is discussed.

The second papdB] describes some mathematical cell
models that may be used with this method. It also gives
an overview of other modeling methods in the literature
and shows how an EKF may be used to adaptively identify
unknown parameters in a cell model, in real time, given cell
input—output data.

The third papef4] covers the parameter estimation prob-
lem; namely, how to dynamically estimate SOC, power fade,
capacity fade and so forth. An EKF is used in conjunction
with the cell model. The cell model may be fixed, or may

itself have adaptable parameters so that the model tracks

cell aging effects. Details for a practical implementation are
discussed.

We now proceed by discussing requirements for a BMS
in the HEV environment, and comparing them to require-
ments for other battery-powered systems. The additional
requirements of HEV justify the use of advanced algo-
rithms. We then review essential Kalman filter theory with
the aim being to demystify the steps involved. An ex-
ample of linear Kalman filtering is given to illustrate the
presentation.

and a short description is given below:

e Initialization. When the vehicle is turned on, the algo-
rithms must be initialized. The predominant dynamics of
acell while at rest is simply “self-discharge”. If the level
of self-discharge istoo high, the state of health should be
flagged as a warning or fault condition.

SOC update. Once in every measurement interval, the
voltages, temperatures and module current are measured.
The cell/pack SOC estimate must be updated based on
these measurements.

SOH update. Battery capacity and other parameters
change over the lifetime of the pack. These must be con-
tinuously estimated in order to maintain safety and to
obtain maximum performance from the pack.

e Maximum available power. Based on the SOC estimate
and its uncertainty, and a dynamic cell model, the BMS
must be able to estimate the maximum dis/charge power
available at any time that will not cause voltage, SOC, or
other design limits to be violated.

Equalization. Series strings of cells with unequal capaci-
ties (as al are) will become unbalanced. That is, even if
the SOC of al cells start with the same value, they will
drift dowly apart as the system operates. The BMS must
determine which cells must have their levels of charge al-
tered to keep the pack balanced.

In the next several sections we will explore how the HEV
BMS requirements differ from other battery application re-
quirements in these respects.
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Table 1

Typical characteristics of three battery operating environments

Characteristic HEV BEV PE

Maximum rate +20C +5C +3C

Rate profile Very dynamic Moderate Piecewise constant
SOC estimation Very precise Precise Crude

Predict available power Yes Yes No

Cell balancing Continuous Continuous, or on charge only On charge only
SOH estimation Required Required Not essential
Lifetime 10-15 years 10-15 years <5 years

2.1. Rate characteristics

Three different categories of battery-powered systemsand
typical characteristics of their operating environments are
listed in Table 1. We find that the characteristics of the HEV
environment are more demanding on battery cells and bat-
tery management systems than the other two. For example,
HEV s require very high electrical current relative to the ca-
pacity of the cells, with present vehicles demanding up to
+20 times the C-rate. We expect that future systems will
require even higher relative rates. Battery electric vehicles,
on the other hand, generaly require peak absolute current
< 5C and PE are designed for low absolute rates < 3C. The
rate profile (current as a function of time) for HEV is also
very dynamic as HEVs are typically designed so that the
battery/motor system handles the instantaneous load tran-
sients and the engine handles the average load [5,6]. BEV
rate profiles are less dynamic, and many PE devices expe-
rience nearly constant power drains. The low power drain
of PE resultsin cells that are always in a near-equilibrium
state and allows simpl e battery management algorithms. For
example, SOC may be estimated by measuring the termi-
nal voltage (which, at low C rates, is never much different
from the open-circuit-voltage) and then performing a table
lookup function of open-circuit-voltage versus SOC. In con-
trast, the high rates and dynamic rate profiles of HEV result
in cell electro-chemistry that israrely in an equilibrium state
while the vehicle operates. Therefore, for example, voltage
sensing without further processing is a poor SOC estimator.

2.2. 0OC estimation

Of primary importance is a method to accurately estimate
the SOC of cells in the pack. We will define SOC more
carefully later [3], but what is meant is an indication of the
fraction of charge remaining in each cell, from O to 100%,
available to do useful work. To use a vehicular analogy, it
is similar to the dashboard gas gauge that reads “Empty”
(0%) to “Full” (100%). However, while there exist sensors
to accurately measure a gasoline level in a tank, there is
no sensor available to measure SOC. Instead, SOC must be
estimated from physical measurements by some algorithm.
The technique to be developed in these papers is unique in
that it not only provides an accurate estimate of SOC, it also

provides dynamic error bounds on the estimate. This is a
direct consequence of the way we use Kalman filtering.

For PE, an imprecise SOC estimator is often adequate.
However, for peak performance—required in HEV and
BEV—an accurate SOC estimate provides the following
benefits [7]:

e Longevity. If a gasoline tank is over-filled or run empty,
no harm is done to the tank. However, over-charging
or over-discharging a battery cell may cause permanent
damage and result in reduced lifetime. An accurate SOC
estimate may be used to avoid harming cells by not
permitting current to be passed that would cause damage.

e Performance. Without a good SOC estimator, one must
be overly conservative when using the battery pack to
avoid over/undercharge due to trusting the poor estimate.
With a good estimate, especially one with known error
bounds, one can aggressively use the entire pack capacity.

o Reliability. A poor SOC estimator behaves differently for
different driving profiles. A good SOC estimator is con-
stant and dependable, enhancing overall power system
reliability.

e Density. Accurate SOC and battery state information
alows the battery pack to be used aggressively within
the design limits, so the pack does not need to be
over-engineered. This alows smaller, lighter battery
packs.

e Economy. Smaller battery systems cost less. Warranty
service on a reliable system costs less.

Wewill spend aconsiderable portion of these papers describ-
ing an accurate method to estimate SOC for these reasons.

2.3. Available power estimation

A second algorithmic BMS requirement is to dynami-
caly estimate the maximum available battery charge and
discharge power (or, maximum charge and discharge cur-
rent). The estimate is computed knowing SOC, temperature
and amodel of cell dynamics, and must be reliable over the
whole SOC and temperature operating range. Upon comput-
ing the (charge or) discharge limit, the BM S then guarantees
that the vehicle may safely draw this constant power level
for a pre-defined number of seconds into the future without
exceeding voltage and SOC design limits. We use the EKF
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SOC estimate along with the corresponding error bounds to
conservatively and accurately predict available power while
alowing pack usage to be as aggressive as possible for the
available data.

2.4. Cdll balancing

For battery packs to achieve required power levels at
reasonable rates, cells must be configured in series strings.
(The higher voltage of a series string allows lower cur-
rent for the same power level.) Over time, these cells
may become “out of balance” as small differences in their
dynamics—principaly, 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 then
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 charging 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 at 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 and “bucking” (individ-
ually depleting charge from) cells with SOC too high. In
BEV and PE, balancing is often done using voltage-based
methods at the end-of-charge point of the charging process.
For example, the pack might be charged until the highest
cell voltage reaches some defined limit, after which the re-
maining cells are individually boosted until the entire pack
is equalized. This same method may not be used in HEV
since cells are never fully charged or discharged; rather,
equalization must occur continuously. This significantly
complicates the algorithm and hardware requirements. In
particular, equalization should be done on a differential
SOC basis, not on avoltage basis, requiring a good SOC es-
timation algorithm. Additionally, we use SOC error bounds
to create an equalization “ dead band” so that balancing halts
if cells are close to equalized to avoid over-stressing cells.

2.5. SOH estimation

For the HEV application, knowledge of battery state of
health is required. SOH is partialy described by a vector
of diagnostic flags including simple measurements such as:
“Are there any cells with voltage too high or too low?’, “Is
the pack current too high?’, and “Are the temperatures of
any cells too high or too low?’. Complete SOH estimation
also requires more complex estimation: “Are there any cells
with SOC above or below design limits?’, “Are there any
cellswith self-discharge rate above some acceptable limit?’,
“Has the capacity of any cell faded below some minimum
acceptable value?’, “Does the internal resistance of any cell
exceed some limit?’, and so forth. This alows a service
technician to identify cellsin a pack that need to be replaced
without the need to replace all the cells. SOH information

may also be written to a data log for warranty purposes.
In a portable electronic device, elaborate SOH estimation is
not required: when the user determines that the battery is
no longer giving acceptable performance he or she simply
replaces the whole pack.

2.6. Lifetime

Finally, for commercial success, the lifetime of the HEV
cells must meet or exceed the lifetime of the vehicle. Re-
placing a battery pack every few years is not acceptable.
Cell electro-chemistry and construction plays a dominant
role in longevity, but good BM S agorithms can extend life
aswell by prohibiting pack use that over-stresses cells, thus
preventing damage.

The pack’s long life has other ramifications; for example,
we know that the BMS must be able to make accurate pre-
dictions over the entire lifetime of the cells. Thisimpliesthat
the BMS must estimate or track all relevant cell parameters
as time goes by. By adapting to changing cell characteris-
tics, the BMS can accurately estimate available power over
the entire life of the battery system, and will not allow cur-
rent so high that cells are damaged. We use EKF methods
to do this as well.

3. Linear Kalman filtering

Many of the algorithm requirements just described pre-
scribe estimating parameters of a battery pack that may not
be directly measured. We find that Kalman filtering pro-
vides an elegant and powerful solution. Kalman filtering is
an established technology for dynamic system state estima-
tion that is in common use in many fields including: target
tracking, global positioning, dynamic systems control, nav-
igation, and communication, but is not widely known in the
battery field. The Kalman filter comprises a set of recur-
sive equations that are repeatedly evaluated as the system
operates. We will not directly derive these equations here;
rather, our hope is that the following discussion will aid in-
tuition into the method’s workings. The reader is referred
to Kalman's original paper and several textbooks [8-12] for
further derivation details.

Very generally, any causal dynamic system—including a
battery cell—generates its outputs as some function of the
past and present inputs. It is often also convenient to think
of the system having a “state” vector (which may not be di-
rectly measurable) where the state summarizes the effect of
all past inputs on the system. Present system output may be
computed with present input and present state only—past
input values need not be stored. We will apply Kalman filter
theory by viewing each cell in the battery pack to be a dy-
namic system whose inputs include the current and tempera-
ture experienced by the cell and whose output is the (loaded)
terminal voltage. The state vector may include SOC, relax-
ation dynamics and hysteresis effects, for example.
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U —q

State equation Measurement equation

Fig. 2. Diagram of linear discrete-time system in state-space form.

To beefficiently computable by the BM S, wewill consider
adiscrete-time version of the cell dynamics. Each measure-
ment interval, indexed by integer valued time index k (e.g.,
perhaps once per second) the model updates its state and
output values based on its input. A very general framework
that we may use is a “state-space” model of discrete-time
lumped linear dynamic systems:

Xi1 = Arxp + Brug + wg, @)
vk = Cixr + Dyuy + vg. )

Here, x; € R" isthe system state vector at time index &, and
Eq. (1) is caled the “state equation” or “process equation”.
The state equation captures the evolving system dynamics.
System stability, dynamic controllability and sensitivity to
disturbance may all be determined from this equation. The
known/deterministic input to the system is u; € R”, and
wi € R" is stochastic “process noise” or “disturbance” that
models some unmeasured input which affectsthe state of the
system. The output of the system is y;, € R™, computed by
the “output equation” (2) as a linear combination of states
and input plus vy € R™, which models “sensor noise” that
affects the measurement of the system output in a memory-
less way, but does not affect the system state. The matrices
Ap € R™" B € R™P, Cy € R™" and Dy € R™*P de-
scribe the dynamics of the system, and are possibly time
varying. This equation is aso illustrated in the block dia-
gram of Fig. 2.

Given a model as Egs. (1) and (2), we may wish to es-
timate the unmeasured state x; of the corresponding phys-
ical system, in real time, in a dynamic environment, given
knowledge of the system’s measured input/output signals.
The Kalman filter is the optimum method to do so under
certain assumptions. By modeling a cell’s dynamics with
the desired unknown quantities (e.g., SOC) as members of
the model state vector, the Kalman filter will automatically
compute the best estimate of their present values.

Some assumptions are made when deriving thefilter equa-
tions. First, both w; and v, are assumed to be mutually
uncorrelated white Gaussian random processes, with zero
mean and covariance matrices with known value:

Ew n:k, EU n=k,

E[wan] =
0 n # k? O n 75 k,

IE[Un U;] =

where E[-] isthe statistical expectation operator and a super-
script T is the matrix/vector transpose. The assumptions on

Table 2
Summary of the linear Kalman filter from [11]

Linear state-space model?
Xky1 = ApXp + Brug + wy
Yk = Crx + Druj + vg
Initialization
For k = 0, set
3¢ = Elxo]
o =El(xo— ) (x0 — i)
Computation
For k =1,2,... compute
State estimate time update: X = Ax_1%] ; + Br_1ux—1
Error covariance time update: X, = Ak,lzzk_lAI_l + Xy
Kalman gain matrix: L; = E;kC{[CkE;kCZ +x,] 1t
State estimate measurement update:
)AC,:r =X + Li[yx — Ckk; — Druy]
Error covariance measurement update: E;r_k = - LCZ,

2wy and vy are independent, zero-mean, Gaussian noise processes of
covariance matrices X, and X, respectively.

the noise processes wy and v, are rarely (never) met in prac-
tice, but the consensus of the literature is that the method
till works very well. Our own results corroborate the ro-
bustness of the Kalman filter.

The Kaman filter problemisthen: Usethe entire observed
data {ug, u1, ..., ux} and {yo, y1, ... , yx} to find the min-
imum mean squared error estimate x; of the true state xy.
That is, with the assumptions on w; and v, and a system
modeled as Egs. (1) and (2), solve?

3 = argmin E[(xx — &) (g — 3)|uo, u1, ... , ug,
XeRn
Y0 Y1, - - » Vil

The solution to this problem is widely known and is pre-
sented in Table 2. (For more details on deriving the equa-
tions, see for example [8-12].) The heart of the solution isa
set of computationally efficient recursive relationships that
involve both an estimate of the state itself, and also the co-
variance matrix X ; = E[fckScZ] of the state estimate error
Xr = x; — Xx. The covariance matrix indicates the uncer-
tainty of the state estimate, and may be used to generate er-
ror bounds. A “large” X; ; (one with large singular values)
indicates a high level of uncertainty in the state estimate; a
“small” X5 ; (onewith small singular values) indicates con-
fidence in the estimate.

The discrete-time Kaman filter computes two different
estimates of the state and covariance matrix each sampling
interval. The first estimate, %, , is based on the prior state

2 The system must also be “observable”, a condition implying that it
isin fact possible to estimate the state from the output. The systems we
will explore meet this requirement, so we will not discuss it in detail.
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estimate as computed in the previous iteration, fc,j_l, prop-
agated forward in time one sample interval using a model
of system dynamics. It is computed before any system mea-
surements are made, and is denoted by superscript “—". The
second estimate, %, , “tunes up” the first estimate after mea-
suring the system output y. It is given the superscript “+".
The state and covariance estimates &, and X7, are then
more accurate than %, and Yo, 8s they incorporate knowl-
edge gleaned from the measurement yy, and should be used
by the BMS to report SOC estimates (etc.) to the vehicle.

The Kalman filter is initiaized with the best available
information on the state and error covariance:

% =E[x),  Ziy=Elxo—x{xo— )]

Often, these quantities are not precisely known, and initial-
ization must be performed in an ad hoc manner. Thisis not
a problem as the Kalman filter is known to be very robust
to poor initialization, and will quickly converge to the true
values as it runs.

Following initialization, the Kalman filter repeatedly per-
forms two steps each measurement interval. First, it predicts
the value of the present state, system output, and error co-
variance: X, , yx, and DIy Secondly, using a measurement
of the physical system output, it corrects the state estimate
and error covariance to & and 7.

The prediction step, also known as the time update, com-
putesthe expected state value at the next measurement point.
It is accomplished by propagating the system input through
the system model dynamics, assuming the expected process
noise of zero:

)’Ek_ = Ak—ljelj;l + Br_1up—1.

The state uncertainty is also updated:
- + T

2k = 125 Ak T 2w

If the system is stable, Ar_1 X3, ,A]_; is contractive, re-

ducing uncertainty. An undriven stable system state always

decays toward zero, so certainty of the state estimate isim-

proved over time. The process noise X, term always in-

creases uncertainty, as we cannot measure wy, to determine

more accurately how it is affecting the state.

Following the output measurement, the state correction
step, also known as the measurement update is

3 =3 4 Lilvk — (C&; + Drup)].

That is, the updated state estimate equals the predicted state
estimate plus a weighted correction factor. The term in the
square brackets is equa to the measured cell voltage mi-
nus the predicted cell voltage from the cell modd: y; =
Ci%; + Dyuy. The difference y;, —  may be nonzero due
to measurement noise, an incorrect state estimate x, , or an
inaccurate cell model. It represents the “new information”
in the measurement, and so the sequence of differences is
often called the “innovations process’ for this reason. If any

Uk System Yk
» ,X_kl >
4
—{ 1
Model

| %] >

Fig. 3. Diagram of state update.

A

innovation is large, the corresponding state update tends to
be large. If an innovation is small, the state update tends to
be small.

Each innovation is weighted by Kalman gain vector L
in the state update

Ly = zgkc,f[ckzikcz + 3%

If the present state estimate is very uncertain, 2k is“large”
and the valuesin L; tend to be large, forcing alarge update.
If the present stete estimate is certain, the valuesin Ly tend
to be smal, and the state-estimate update will be small.
Also, if sensor noise is large, X, islarge, causing Ly to be
small and the update to be small. The Kaman gain may be
thought of as a signal-to-noise (SNR) ratio balancing factor
that has high gain if the innovations signal has relatively
high SNR, and haslow gain if the SNR is low. Kalman filter
convergence is faster for high SNR.

The covariance correction step is

E;k = (I — LiCr) 5.

The state uncertainty always decreases due to the new in-
formation provided by the measurement.

With this basic understanding, we can view the Kalman
filter macroscopically as depicted in Fig. 3. The true system
has ameasured input «; and ameasured output y. It also has
an unmeasured internal state x;. A model of the system runs
in parallel with the true system, simulating its performance.
This model has the same input ;. and has output jy. It aso
has internal state x;, which has known value as it is part
of the model simulation. The true system output (a scalar,
in our case) is compared with the model output, and the
differenceisan output error, or innovation. Thisinnovationis
converted to a vector value by multiplying with the Kalman
gain Ly, and used to adapt the model state x; to more closely
approximate the true system’s state. The state estimate and
uncertainty estimates are updated through computationally
efficient recursive relationships.

In conclusion, the Kalman filter provides a theoretically
elegant and time-proven method to filter measurements
of system input and output to produce an intelligent esti-
mate of a dynamic system’s state. The equations involve
basic matrix operations that are easy to implement on
digital-signal-processing (DSP) chips. A side effect of the
Kaman filter is that the state uncertainty matrix is au-
tomatically produced, giving an indication of the error
bound on the estimate. For the Kalman filter assumptions,
95.4% of the time the true unknown state x; is bounded by
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vk

State equation Measurement equation

Fig. 4. Diagram of nonlinear discrete-time system in state-space form.

X £ 2,/diag(X ;) or 99.7% of the time x; is bounded by

)ACk + 3,/diég(2;(’k).

4. Extended Kalman filtering

The Kalman filter is the optimum state estimator for a
linear system with the assumptions as described. If the sys-
tem is nonlinear, then we may use a linearization process at
every time step to approximate the nonlinear system with a
linear time varying (LTV) system. ThisLTV system is then
used in the Kalman filter, resulting in an extended Kaman
filter (EKF) on the true nonlinear system. Note that although
EKF is not necessarily optimal, it often works very well.

We model the nonlinear system as:

X1 = fOor, ug) + we, 3
vk = g(x, up) + vx. (4)

Asbefore, wy and vy are zero-mean white Gaussian stochas-
tic processes with covariance matrices X, and X, respec-
tively. Now, f(xk, ug) is a nonlinear state transition func-
tion and g(xg, ug) isanonlinear measurement function. The
nonlinear system is also illustrated in the block diagram of
Fig. 4.

At each time step, f(xk, ugx) and g(xk, ug) are linearized
by a first-order Taylor-series expansion. We assume that
f(-,-) and g(-, -) are differentiable at al operating points
(xk, ug). Then [13, Theorem 1],

0 , o

A uk i) (xx — %), (5)
a.Xk xp=%k

—_—
Defined as Ax

SO, wi) ~ G, ug) +

g (xk, .

9g(xk, u) k-3, (6)
B)Ck Xk=55k

———
Defined asCy,

Combining (3) and (4) with (5) and (6), we have the lin-
earized equations describing the true system state as a func-
tion of itself, known inputs comprising u; and X, and un-
measurable noise inputs wy and vy:

8(xk, up) ~ g(xi, up) +

X1~ Arxg + Qs ug) — Arke + wy,
—_—
Not afunction of x;
Vi & Crxg + gk, ug) — Criy + vg.
~—_—

Not afunction of x;

Table 3
Summary of the nonlinear extended Kalman filter from [14]

Nonlinear state-space model?
X1 =[x, ug) + wy

Yk = g(xk, uk) + vk

Definitions
A= Af (xge, uk) &= g (xg, ug)
3}(]( Xk:;(; ’ an Xk:;‘/:
Initialization
For k =0, set
Scar = E[xo]

2;0 = E[(xo — 3§) (x0 — 3)7]
Computation
For k =1,2,... compute

State estimate time update: & = f(&] 4, uk—1)

Error covariance time update: X, = A1 S AL+ 2
Kalman gain matrix: Ly = Eikég[ék}:‘;_ké,f + 3,1

State estimate measurement update: & = X + Li[yx — g, ux)]

Error covariance measurement update: X7, = (I — LyCi) ¥,

2wy and v are independent, zero-mean, Gaussian noise processes of
covariance matrices X, and X, respectively.

By using these approximations, the EKF agorithm may be
developed. The terms labeled “Not a function of x;” re-
place the Byuy and Dyu; known input termsin the standard
Kaman filter. The final algorithm is summarized in Table 3.

In spirit, the EKF is very similar to standard KF. The ini-
tialization step itself is identical. Each iteration, a predic-
tion and a correction step are done. In EKF, the propagation
step to predict the present state uses the nonlinear model
in the same way that KF uses the linear model. The er-
ror covariance propagation and Kalman gain equations are
identical to those of the KF, except that now the linearized
Ay matrix replaces A; and Cy replaces Cy. The state esti-
mate update is identical, except now j; = g(x; , ux) and
the error covariance update only differs in using Cy rather
than Cy.

Before proceeding, we should note that EKF is not
the only possible nonlinear extension of KF. In par-
ticular, unscented and NPR Kalman filters [15-17] are
aternative methods that may provide even better esti-
mates than EKF without the need to differentiate the
model. To date, we have not explored these methods in
detail.

5. Example of Kalman filtering

In order to illustrate some of the concepts outlined in
this paper, we present a simple example of linear Kalman
filtering. We consider the system defined by thelinear circuit
in Fig. 5. We find the continuous-time state-space model of
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i(t)
R —

C% %Rz u(t)

Fig. 5. Simple linear circuit.

this circuit to be;

1 1
ve(®) = —chvc(f) - Ei(f) + Ew(t)’
vi(f) = ve(®) — R1i (D) + v(),

where vc(?) is the capacitor voltage as a function of time,
i(r) the current exciting the circuit, and v(r) the terminal
voltage, as indicated in the diagram. This circuit is a crude
linear model of a battery cell if both C and R, are large
and R1 issmall. R, isthe resistor governing self-discharge,
and R; istheinternal resistance of the cell. The signal w(r)
is an uncertain input that affects the system state (capac-
itor voltage) and might model error in the current sensor,
such as a quantization error. According to the Kalman fil-
ter assumptions, w(z) must be white and Gaussian, athough
in practice the method still works very well in most cases
where these assumptions are only approximately met. The

Kaman filter tracking capacitor voltage
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signal v(¥) might model voltage sensor noise that does not
affect the system state (e.g., quantization noise on the sen-
sor). It is aso assumed to be white and Gaussian, but again,
the Kalman filter often works very well even in cases where
these assumptions are only approximately met.

We can convert this model to discrete time using standard
techniques [18]:

Vek+1 = e_T/(RZC)Uc,k — Ry(1— e_T/(RZC))ik + wy,
Utk = Uck — Riig + vg.

Here, vc « isthe capacitor voltage at timeindex k, iy the cur-
rent measurement (assumed held constant over a measure-
ment interval), and vy ; the terminal voltage measurement.
We run a linear discrete-time Kalman filter on this sys-
tem, with parameters for the simulation given in Table 4.
The input to the system is a white Gaussian process with
variance on each sample equal to X;. Note that the initial
state estimate was (purposefully) poor, and the initial state
error covariance estimate was initialized too small. Even so,
the filter recovers quickly and gives a good state estimate.
Some of the important signals involved in the filter are
plotted in Fig. 6. In Fig. 6(a), we see actual capacitor voltage
and estimated capacitor voltage plotted as afunction of time.

Kaman filter tracking state error covariance
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Fig. 6. Kalman filter example: () true state, and state estimate are plotted; (b) covariance values are plotted; (c) cell current and current-sensor error are

plotted; (d) voltage sensor error and voltage estimate error are plotted.
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Table 4

Parameters used in simulation

Variable Value
T (9 1
R1 (M) 10
Ry (MQ) 10

C (kF) 1
i (A?) 1
Ty (A?) 0.01
2, (V3) 0.1
Uc,0 (V) 39
o V) 25
Zat,o (V3) 0.0

Although we intentionally use a poor estimate of D;r_o for the
purpose of example, the Kalman filter quickly converges to
a close neighborhood of the true voltage. It never actually
converges to the exact voltage due to the unmeasured noise
wy, that is continuoudly driving the system. The Kalman filter
makes an optimum trade-off between believing the sensor
reading and believing the model to achieve the best possible
state estimate.

In Fig. 6(b) we see the uncertainty matrix of the Kalman
filter evolving over time. Two values are plotted: ik and

Elfjc - We see that the former quantity (state uncertainty
before output measurement) is always greater than the lat-
ter (state uncertainty after output measurement). We also
see that, in this case, these two variables settle quickly to
steady-state values. Thisiscommon in linear time-fixed sys-
tems, but is not expected in nonlinear or time-varying sys-
tems. Therefore, we cannot use steady-state values for D
and X, in our systems.

In Fig. 6(c) and (d) we illustrate that this example does
not solve atrivia problem. In frame (c), we see the actua
cell current compared to the current-sensor error wy as a
function of iteration. We see that the current-sensor error
is a significant fraction of the actual cell current. In frame
(d), we see that the voltage sensor error vy is aso larger
than the voltage estimate error ¢ = ve — vUc. Even though
both sensors are very noisy, the Kalman filter is able to
compute an optimally clean estimate of the true capacitor
voltage.

6. Conclusions

In this paper we have described the algorithmic require-
ments of the BMS and its operating environment in the
HEV scenario. The particular demands of HEV justify the
use of advanced algorithms. We have also reviewed the
Kalman filter and extended Kalman filter methods, explain-
ing the motive of each computational step. We presented
an example to clarify the discussion. In the following two
papers, we will combine this information in such a way
that we are able to meet the algorithmic requirements of the
BMS.

In order to estimate SOC, we will use a state-space model
of the cell dynamics, with SOC as a member of the model
state vector. An EKF is then able to estimate SOC. It re-
mains to find a good cell model function and to identify the
parameters of this model. When the model is found, the pa-
rameters of the model must be determined using a system
identification procedure. All of thisis described in [3].

Once we have a good cell model, we may estimate SOC.
We will also need to estimate SOH, including capacity fade,
power fade, self-discharge, and be able to adjust cell model
parameters to account for cell aging. We must also be able
to compute discharge/charge power. Thisisdiscussed in [4].

Acknowledgements

This work was supported in part by Compact Power Inc.
(CPI). The use of company facilities, and many enlightening
discussions with Drs. Mohamed Alamgir and Dan Rivers
and others are gratefully acknowledged.

References

[1] P. Lurkens, W. Steffens, Ladezustandsschétzung von Bleibatterien
mit Hilfe des Kalman-Filters, etzArchiv, vol. 8, No. 7, July 1986,
pp. 231-236 (in German, English title: State of charge estimation of
lead-acid batteries using a Kalman filtering technique).

[2] C. Barbier, H. Meyer, B. Nogarede, S. Bensaoud, A battery state of
charge indicator for electric vehicle, in: Proceedings of the Interna-
tional Conference of Institution of Mechanical Engineers, Automo-
tive Electronics, London, UK, May 17-19, 1994, pp. 29-34.

[3] G. Plett, Extended Kalman filtering for battery management systems
of LiPB-based HEV battery packs. Part 2. Modeling and identifica-
tion, J. Power Sources 134 (2) (2004) 262—276.

[4] G. Plett, Extended Kalman filtering for battery management systems
of LiPB-based HEV battery packs. Part 3. State and parameter
estimation, J. Power Sources 134 (2) (2004) 277-292.

[5] K.L. Butler, M. Ehsani, P Kamath, A Matlab-based modeling and
simulation package for electric and hybrid electric vehicles design,
|EEE Trans. Veh. Technol. 48 (6) (1999) 1770-1778.

[6] M. Ehsani, Y. Gao, K. Butler, Application of electricaly peaking
hybrid (ELPH) propulsion system to a full size passenger car with
simulated design verification, IEEE Trans. Veh. Technol. 48 (6)
(1999) 1779-1787.

[7] S. Dhameja, Electric Vehicle Battery Systems, Newnes Press (an
imprint of Butterworth-Heinemann), Boston, 2002.

[8] R.E. Kaman, A new approach to linear filtering and prediction
problems, Trans. ASME—J. Basic Eng., Ser. D 82 (1960) 35-45.

[9] The Semina Kalman Filter Paper, 1960, Accessed 20 May 2003.
http://www.cs.unc.edu/~wel ch/kal man/kal manPaper.html.

[10] S. Haykin, Adaptive Filter Theory, 3rd ed., Prentice-Hall, Upper
Saddle River, NJ, 1996.

[11] S. Haykin, Kalman filters, in: S. Haykin (Ed.), Kalman Filtering and
Neural Networks, Wiley/Interscience, New York, 2001, pp. 1-22.

[12] J. Burl, Linear Optimal Control: H; and Hy, Methods, Addison
Wessley, Menlo Park, CA, 1999.

[13] J. Marsden, A. Tromba, Vector Calculus, 3rd ed., Freeman, 1998,
pp. 243-247.

[14] E. Wan, A. Nelson, Dua extended Kalman filter methods, in:
S. Haykin (Ed.), Kalman Filtering and Neural Networks, Wi-
ley/Interscience, New York, 2001, pp. 123-174.


http://www.cs.unc.edu/welch/kalman/kalmanPaper.html

G.L. Plett/Journal of Power Sources 134 (2004) 252—-261 261

[15] M. Ngrgaard, N. Poulsen, O. Ravn, Advances in derivative-free [17] E. Wan, R. van der Merwe, The unscented Kalman filter, in: S. Haykin
state estimation for nonlinear systems, Technical Report (Ed.), Kaman Filtering and Neural Networks, Wiley/Interscience,
IMM-REP-1998-15, Technical University of Denmark, 2000. New York, pp. 221-282.

[16] S. Julier, J. Uhlmann, A new extension of the Kalman filter to [18] C.-T. Chen, Linear System Theory and Design, Oxford University
nonlinear systems, in: Proceedings of the 1997 SPIE AeroSense Press, New York, 1998.

Symposium, SPIE, Orlando, FL, April 21-24, 1997.



	Extended Kalman filtering for battery management systems of LiPB-based HEV battery packsPart 1. Background
	Introduction
	HEV versus portable electronics BMS environments
	Rate characteristics
	SOC estimation
	Available power estimation
	Cell balancing
	SOH estimation
	Lifetime

	Linear Kalman filtering
	Extended Kalman filtering
	Example of Kalman filtering
	Conclusions
	Acknowledgements
	References


