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(57) ABSTRACT

A method and apparatus for estimation of the augmented state
of'an electrochemical cell, the method comprising: making an
internal augmented states prediction of the cell where the
augmented state comprises at least one internal state value
and at least one internal parameter value; making an uncer-
tainty prediction of the internal augmented states prediction;
correcting the internal augmented states prediction and the
uncertainty prediction; and applying an algorithm that iter-
ates the making an internal augmented states prediction, the
making an uncertainty prediction and the correcting to yield
an ongoing estimation to the augmented state and an ongoing
uncertainty to the augmented state estimation.
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METHOD AND SYSTEM FOR JOINT
BATTERY STATE AND PARAMETER
ESTIMATION

BACKGROUND

The present invention relates to methods and apparatus for
estimation of battery pack system state and model parameters
using digital filtering techniques. In particular, joint Kalman
filtering and joint extended Kalman filtering.

In the context of rechargeable battery pack technologies, it
is desired in some applications to be able to estimate quanti-
ties that are descriptive of the present battery pack condition,
but that may not be directly measured. Some of these quan-
tities may change rapidly, such as the pack state-of-charge
(SOC), which can traverse its entire range within minutes.
Others may change very slowly, such as 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.

In the context of the battery systems, particularly those that
need to operate for long periods of time, as aggressively as
possible without harming the battery life, for example, in
Hybrid Electric Vehicles (HEVs), Battery Electric Vehicles
(BEVs), laptop computer batteries, portable tool battery
packs, and the like, it is desired that information regarding
quickly varying parameters (e.g., SOC) be used to estimate
how much battery energy is presently available to do work,
and so forth. Further, it may be desirable to ascertain infor-
mation regarding slowly varying parameters (e.g., total
capacity) in order to keep the prior calculations precise over
the lifetime of the pack, extending its useful service time, and
help in determining the state-of-health (SOH) of the pack.

There are a number of existing methods for estimating the
state of a cell, which are generally concerned with estimating
three quantities: SOC (a quickly varying quantity), power-
fade, and capacity-fade (both slowly time varying). Power
fade may be calculated if the present and initial pack electrical
resistances are known, and capacity fade may be calculated if
present and initial pack total capacities are known, for
example, although other methods may also be used. Power-
and capacity-fade are often lumped under the description
“state-of-health” (SOH). Some other information may be
derived using the values of these variables, such as the maxi-
mum power available from the pack at any given time. Addi-
tional state members or parameters may also be needed for
specific applications, and individual algorithms would typi-
cally be required to find each one.

SOC is a value, typically reported in percent that indicates
the fraction of the cell capacity presently available to do work.
A number of different approaches to estimating SOC have
been employed: a discharge test, ampere-hour counting (Cou-
lomb counting), measuring the electrolyte, open-circuit volt-
age measurement, linear and nonlinear circuit modeling,
impedance spectroscopy, measurement of internal resistance,
coup de fouet, and some forms of Kalman filtering. The
discharge test must completely discharge the cell in order to
determine SOC. This test interrupts system function while the
test is being performed and can be overly time consuming
rendering it not useful for many applications. Ampere-hour
counting (Coulomb counting) is an “open loop” methodology
whose accuracy degrades over time by accumulated measure-
ment error. Measuring the electrolyte is only feasible for
vented lead-acid batteries, and therefore has limited applica-
bility. Open-circuit voltage measurement may be performed
only after extended periods of cell inactivity, and for cells
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with negligible hysteresis effect and does not work in a
dynamic setting. Linear and nonlinear circuit modeling meth-
ods do not yield SOC directly; SOC must be inferred from the
calculated values. Impedance spectroscopy requires making
measurements not always available in a general application.
Measurement of internal resistance is very sensitive to mea-
surement error, and requires measurements not available in
general applications. Coup de fouet works for lead-acid bat-
teries only. Forms of Kalman filtering that do not use SOC as
afilter state do not directly yield error bounds on the estimate.
In another method, described in U.S. Pat. No. 6,534,954,
which is incorporated by reference herein in its entirety, a
filter, preferably a Kalman filter is used to estimate SOC by
employing a known mathematical model of cell dynamics
and measurements of cell voltage, current, and temperature.
This method directly estimates state values. However, it does
not address parameter values.

Not only is knowledge of SOC desired, but also knowledge
of SOH. In this context, power fade refers to the phenomenon
of increasing cell electrical resistance as the cell ages. This
increasing resistance causes the power that can be sourced/
sunk by the cell to drop. Capacity fade refers to the phenom-
enon of decreasing cell total capacity as the cell ages. Both the
cell’s resistance and capacity are time-varying parameters.
The prior art uses the following different approaches to esti-
mate SOH: the discharge test, chemistry-dependent methods,
Ohmic tests, and partial discharge. The discharge test com-
pletely discharges a fully charged cell in order to determine its
total capacity. This test interrupts system function and wastes
cell energy. Chemistry-dependent methods include measur-
ing the level of plate corrosion, electrolyte density, and “coup
de fouet” for lead-acid batteries. Ohmic tests include resis-
tance, conductance and impedance tests, perhaps combined
with fuzzy-logic algorithms and/or neural networks. These
methods require invasive measurements. Partial discharge
and other methods compare cell-under-test to a good cell or
model of a good cell.

There is a need for a method to concurrently estimate the
state and parameters of a cell. Furthermore, there is a need for
tests that do not interrupt system function and do not waste
energy, methods that are generally applicable (e.g., to differ-
ent types of cell electrochemistries and to different applica-
tions), methods that do not require invasive measurements,
and more rigorous approaches. There is a need for methods
and apparatus for automatically estimating time-varying
parameters, such as the cell’s resistance and capacity. There is
a need for a method that will work with different configura-
tions of parallel and/or series cells in a battery pack.

SUMMARY OF THE INVENTION

A first aspect is a method for estimation of the augmented
state of an electrochemical cell, the method comprising: mak-
ing an internal augmented states prediction of the cell where
the augmented state comprises at least one internal state value
and at least one internal parameter value; making an uncer-
tainty prediction of the internal augmented states prediction;
correcting the internal augmented states prediction and the
uncertainty prediction; and applying an algorithm that iter-
ates the making an internal augmented states prediction, the
making an uncertainty prediction and the correcting to yield
an ongoing estimation to the augmented state and an ongoing
uncertainty to the augmented state estimation.

Another aspect of an exemplary embodiment is an appara-
tus configured to estimate present augmented state of a cell
pack system comprising: a component configured to make an
internal augmented states prediction of a cell; a component
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configured to make an uncertainty prediction of the internal
augmented states prediction; a component configured to cor-
rect the internal augmented states prediction and the uncer-
tainty prediction; and a component configured to apply an
algorithm that iterates steps taken by the component config-
ured to make an internal augmented states prediction, the
component configured to make an uncertainty prediction and
the component configured to correct to yield an ongoing
estimation to the augmented state and an ongoing uncertainty
to the augmented state estimation.

Also disclosed herein in an exemplary embodiment is a
system for estimating present augmented state of an electro-
chemical cell comprising: a means for making an internal
augmented states prediction of the cell where the augmented
state comprises at least one internal state value and at least one
internal parameter value; a means for making an uncertainty
prediction of the internal augmented states prediction; a
means for correcting the internal augmented states prediction
and the uncertainty prediction; and a means for applying an
algorithm that iterates the making an internal augmented
states prediction, the making an uncertainty prediction and
the correcting to yield an ongoing estimation to the aug-
mented state and an ongoing uncertainty to the augmented
state estimation.

Further, disclosed herein in another exemplary embodi-
ment is a storage medium encoded with a machine-readable
computer program code including instructions for causing a
computer to implement the abovementioned method for esti-
mating present augmented states of an electrochemical cell.

Also disclosed herein in yet another exemplary embodi-
ment computer data signal embodied in a computer readable
medium. The computer data signal comprises code config-
ured to cause a computer to implement the abovementioned
method for estimating present augmented states of an elec-
trochemical cell.

BRIEF DESCRIPTION OF THE DRAWINGS

These and other features, aspects and advantages of the
present invention will become better understood with regard
to the following description, appended claims and accompa-
nying drawing wherein like elements are numbered alike in
the several Figures:

FIG. 1is a block diagram illustrating an exemplary system
for state and parameter estimation in accordance with an
exemplary embodiment of the invention;

FIG. 2 is a block diagram depicting a method of joint
filtering, in accordance with an exemplary embodiment of the
invention.

DETAILED DESCRIPTION OF THE INVENTION

Disclosed herein and various embodiments are methods,
systems and apparatus for the estimation of states and param-
eters of an electrochemical cell using joint filtering are dis-
closed. Referring now to FIGS. 1 and 2, in the following
description, numerous specific details are set forth in order to
provide a more complete understanding of the present inven-
tion. It will be appreciated that while the exemplary embodi-
ments are described with reference to a battery cell, numerous
electrochemical cells hereinafter referred to as a cell, may be
employed, including, but not limited to, batteries, battery
packs, ultracapacitors, capacitor banks, fuel cells, electrolysis
cells, and the like, as well as combinations including at least
one of the foregoing. Furthermore, it will be appreciated that
a battery or battery pack may include a plurality of cells,
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4

where the exemplary embodiments disclosed herein are
applied to one or more cells of the plurality.

One or more exemplary embodiments of the present inven-
tion estimate cell state and parameter values using joint fil-
tering. One or more exemplary embodiments of the present
invention estimate cell state and parameter values using joint
Kalman filtering. Some embodiments of the present invention
estimate cell state and parameter values using joint extended
Kalman filtering. Some embodiments simultaneously esti-
mate SOC, power- and/or capacity-fade, while others esti-
mate additional cell state values and/or additional time-vary-
ing parameter values. It will further be appreciated that while
the term filtering is employed for description and illustration
of the exemplary embodiments, the terminology is intended
to include methodologies of recursive prediction and correc-
tion commonly denoted as filtering, including but not limited
to Kalman filtering and/or extended Kalman filtering.

FIG. 1 shows the components of the parameter estimator
system 10 according an embodiment of the present invention.
Electrochemical cell pack 20 comprising a plurality of cells
22, e.g., battery is connected to a load circuit 30. For example,
load circuit 30 could be a motor in an Electric Vehicle (EV) or
a Hybrid Electric Vehicle (HEV). An apparatus for measuring
various cell characteristics and properties is provided as 40.
The measurement apparatus 40 may include but not be lim-
ited to a device for measurement of cell terminal voltage such
as a voltage sensor 42, e.g. a voltmeter and the like, while
measurements of cell current are made with a current sensing
device 44, e.g., an ammeter and the like. Optionally, measure-
ments of cell temperature are made with a temperature sensor
46, e.g., a thermometer and the like. Additional cell proper-
ties, such as internal pressure or impedance, may be measured
using (for example) pressure sensors and/or impedance sen-
sors 48 and may be employed for selected types of cells 22 of
cell pack 20. Various sensors may be employed as needed to
evaluate the characteristics and properties of the cell(s) 22.
Voltage, current, and optionally temperature and cell-prop-
erty measurements are processed with an arithmetic circuit
50, e.g., processor or computer, which estimates the param-
eters of the cell(s) 22. The system may also include a storage
medium 52 comprising any computer usable storage medium
known to one of ordinary skill in the art. The storage medium
is in operable communication with arithmetic circuit 50
employing various means, including, but not limited to a
propagated signal 54. It should be appreciated that no instru-
ment is required to take measurements from the internal
chemical components of the cell 22 although such instrumen-
tation may be used with this invention. Also note that all
measurements may be non-invasive; that is, no signal must be
injected into the system that might interfere with the proper
operation of load circuit 30.

In order to perform the prescribed functions and desired
processing, as well as the computations therefore (e.g., the
modeling, estimation of parameters prescribed herein, and
the like), arithmetic circuit 50 may include, but not be limited
to, a processor(s), gate array(s), custom logic, computer(s),
memory, storage, register(s), timing, interrupt(s), communi-
cation interfaces, and input/output signal interfaces, as well
as combinations comprising at least one of the foregoing.
Arithmetic circuit 50 may also include inputs and input signal
filtering and the like, to enable accurate sampling and con-
version or acquisitions of signals from communications inter-
faces and inputs. Additional features of arithmetic circuit 50
and certain processes therein are thoroughly discussed at a
later point herein.

One or more embodiments of the invention may be imple-
mented as new or updated firmware and software executed in
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arithmetic circuit 50 and/or other processing controllers.
Software functions include, but are not limited to firmware
and may be implemented in hardware, software, or a combi-
nation thereof. Thus a distinct advantage of the present inven-
tion is that it may be implemented for use with existing and/or
new processing systems for electrochemical cell charging and
control.

In an exemplary embodiment, Arithmetic circuit 50 uses a
mathematical model of the cell 22 that includes indicia of a
dynamic system state. In one embodiment of the present
invention, a discrete-time model is used. An exemplary model
in a (possibly nonlinear) discrete-time state-space form has
the form:

Fier 1 S 1300+ Wi

D=8 43:02) Vs M
where x, is the system state, 0, is the set of time varying model
parameters, u, is the exogenous input, y, is the system output,
and w, and v, are “noise” inputs—all quantities may be sca-
lars or vectors. f(*,*,*) and g(*,*,*) are functions defined by the
cell model being used. Non-time-varying numeric values
required by the model may be embedded within f(+,*,*) and
g(*,*,*), and are not included in 0,.

The system state includes, at least, a minimum amount of
information, together with the present input and a mathemati-
cal model of the cell 22, needed to predict the present output.
For a cell 22, the state might include: SOC, polarization
voltage levels with respect to different time constants, and
hysteresis levels, for example. The system exogenous input u,
includes at minimum the present cell current i,, and may,
optionally, include cell temperature (unless temperature
change is itself modeled in the state). The system parameters
0, are the values that change only slowly with time, in such a
way that they may not be directly determined with knowledge
of the system measured input and output. These might
include, but not be limited to: cell capacity(ies), resistance(s),
polarization voltage time constant(s), polarization voltage
blending factor(s), hysteresis blending factor(s), hysteresis
rate constant(s), efficiency factor(s), and so forth. The model
output y, corresponds to physically measurable cell quanti-
ties or those directly computable from measured quantities—
at minimum, the cell voltage under load.

A mathematical model of parameter dynamics is also uti-
lized. An exemplary model has the form:

04 1=03+7.

@

The equation states that the parameters are essentially con-
stant, but that they may change slowly over time, in this
instance, modeled by a fictitious “noise” process denoted, r;.

Turning now to FIG. 2 as well, within a joint filter shown
generally as 100, the dynamics of the state and the dynamics
of the parameters are combined to make an augmented sys-
tem. An exemplary model has the form:

{Xkﬂ J _ {f(xk, U 9/()J+{Wk J
Os1 | [ i

Vi = 8, e, O) + vy

Note that to simplify notation, we will sometimes refer to the
vector comprising the present state and present parameters as
Lie
With the augmented model of the system state dynamics
and parameter dynamics defined, in an exemplary embodi-
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6

ment, a procedure of joint filtering is applied. Once again,
alternatively, a joint Kalman filter 100 may be employed, or a
joint extended Kalman filter 100. Table 1 is an exemplary
implementation of the methodology and system utilizing
joint extended Kalman filtering. The procedure is initialized
by setting the augmented state estimate 5(0 to the best guess of
the true augmented state by setting the top portion to E[x,]
and the bottom portion to E[6,]. The estimation-error cova-
riance matrix X;* is also initialized. Table 1: Joint extended
Kalman filter for state and weight update.

State-space models:
{Xkﬂ J B
Ot
{f(xk, U, 9k)J {Wk
+

W
JOer+1=F(Xk,’4k)+{ J
O Fi

T
Vi = &(xi, thes Oc) + Vi Vi = g(Xk» the) + Vi

where wy, v, and r; are independent zero-mean,

Gaussian noise processes of covariance matrices E s

W
Z , and, Z respectively.
v T

Definitions:

_OF (-1, 1)

d 122
C g()(k s )
a)(k—l

Ay
-t A xx

ot -
Ag—1=Xg—1 X=Xk

Initialization:

For k =0, set
- T
£ =Elxol, ». = Elro = ¥0)0x0 = £3)' |
pAY

Computation:

Fork=1,2,..., compute:

Time update

Ko = P men)

- +
>=ac ) Al +diag(z, Z]
Tk k-1 w r
Measurement update
L= @G @+

Xk Xk v

X =X+ Lelye — (> w0l

2 = —chk)i-
Tk

Tk

-1

In this example, several steps are performed in each mea-
surement interval. First, the augmented state estimate 7 is
propagated forward in time, through the function F. The aug-
mented state vector uncertainty is also updated. Various pos-
sibilities exist for updating the uncertainty estimate—the
table gives only one example. A measurement of the cell
output is made, and compared to the predicted output based
on the augmented state estimate, v; the difference is used to
update the values of 5. It may readily be appreciated that the
steps outlined in the table may be performed in a variety of
orders. While the table lists an exemplary ordering for the
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purposes of illustration, those skilled in the art will be able to
identify many equivalent ordered sets of equations.

Continuing with FIG. 2, an exemplary implementation of
an exemplary embodiment of the invention is depicted. A
single filter 100 jointly updates the state and parameter esti-
mates. The filter has a time update or prediction 101 aspect
and a measurement update or correction 102 aspect. Time
update/prediction block 101 receives as input the previous
exogenous input u,_, (which might include cell current and/
or temperature, for example) along with the previously esti-
mated augmented state value )A(k_ ," and augmented state
uncertainty estimate ;.1 The time update/prediction block
101 provides predicted augmented state y,~ and predicted
augmented state uncertainty X;*~ output to augmented state
measurement update/correction block 102. State measure-
ment update/correction block 102 also receives the predicted
augmented state ,~ and predicted augmented state uncer-
tainty 2+, as well as the exogenous input u,, and the system
output y,, while providing current system augmented state
estimate 5(; and augmented state uncertainty estimate ;. It
will also be appreciated that a minus notation denotes that the
vector is the result of the prediction components 101 of the
filter 100, while the plus notation denotes that the vectoris the
result of the correction component 102 of the filter 100.

Several of the exemplary embodiments illustrating this
invention require a mathematical model of cell state and
output dynamics for the particular application. In the
examples above, this is accomplished by defining specific
functions for general f(e,*) and g(s*). An exemplary
embodiment uses a cell model that includes effects due to one
or more of the open-circuit-voltage (OCV) for the cell 22,
internal resistance, voltage polarization time constants, and a
hysteresis level. Similarly, parameter values including, but
not limited to: an efficiency factor(s) such as Coulombic
efficiency, denoted m, ,; cell capacity(ies), denoted C,; polar-
ization voltage time constant(s), denoted a, ,, . . . a, s
polarization voltage blending factor(s), denoted as i
g, _1 4 the cell resistance(s), denoted as R,; a hysteresis
blending factor(s) denoted as M,; the hysteresis rate constant
(s), denoted as y,; and the like as well as combinations includ-
ing at least one of the foregoing. For the purpose of example,
parameter values are fitted to this model structure to model
the dynamics of high-power Lithium-Ion Polymer Battery
(LiPB) cells, although the structure and methods presented
here are general and apply to other electrochemistries.

In an exemplary embodiment, SOC is captured by one state
of the model. This equation to address SOC is:

Ziew1 =25~ (N AV C e 3
where At represents the inter-sample period (in seconds), C,
represents the cell capacity (in ampere-seconds), 7, is the cell
SOC 22 attime index k, i, is the cell current 22, and v, ; is the
Coulombic efficiency of a cell 22 at current level i,.

In another exemplary embodiment, the polarization volt-
age levels are captured by several filter states. If we let there
be n,polarization voltage time constants, then

Jierr=Afi+ By @
The matrix A, e R may be a diagonal matrix with real-
valued polanzatlon voltage time constants a, ;, . - 1150,

the system is stable if all entries have magmtude less tflan one.

The vector B,e ®” *! may simply be set to n,“1”s. The entries
of B,are not critical as long as they are non-zero. The value of
n,entries in the A, matrix are chosen as part of the system
identification procedure to best fit the model parameters to
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measured cell data. The A, and B, matrices may vary with
time and other factors pertinent to the present battery pack
operating condition.

In yet another exemplary embodiment, the hysteresis level
is captured by a single state

B

Piesl = exp(— 1- exp(— |))Sg”(ik),

wherey, is the hysteresis rate constant, again found by system
identification.

In a further exemplary embodiment, the overall model state
is

x= [ Izl 6

where other orderings of states are possible. In this instance,
the state equation for the model is formed by combining all of
the individual equations identified above.

The output equation that combines the state values to pre-
dict cell voltage is

M

vie = g(xk, i, Bk)

=O0CV(zx) + Gy fy — Ry + Myhy,

where G, e R*” is a vector of polarization voltage blending
factors g, ; . . . g, , that blend the polarization voltage states
together in the output, R, is the cell resistance(s) (different
values may be used for discharge/charge), and M, is the
hysteresis blending factor. Note, G, may be constrained such
that the dc-gain from i, to G, 1, is zero.

In this example, the parameters are

®)

The augmented state vector %, is formed by joining the
state vector (or combined state vector e.g. Equation (6)) and
the parameter vector e.g., Equation (7) into one vector. For
example,

ek:[”li,ka Cr Ay jee- anf,b 81k 'gnf—l,ka Yio Rres MkJT-

= b Zkanz}p Cr -

. nf,k’ Bl
Ry, M]"

1o Vi
where other orderings of states and parameters within the
augmented state vector are possible. The quantities in 7y,
comprise all the details required to compute the equations for
f(e,*,*) (e.g., Equations (3)-(5)) and g(*,*,*) (e.g., Equation 7).

In any embodiment, the joint filter 100 will adapt a state
estimate and a parameter estimate so that a model input-
output relationship matches the measured input-output data
as closely as possible. This does not guarantee that the model
augmented state converges to physical augmented state val-
ues. In an exemplary embodiment, the cell model used for
joint filtering may be further supplemented by appending the
cell model with a secondary cell model that includes as out-
puts those augmented states that must converge to their cor-
rect values. An exemplary embodiment takes extra steps to
ensure that one model augmented state converges to SOC:

OCV(z) = Ry + hy + Gy fi ©)

Zk

glxe, i, 0) =
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The supplemented model output is compared to a measured
output in the joint filter 100. In an exemplary embodiment, a
measured value for SOC may be approximated using 7,
derived as

ywr=OCV(z)-Ridy
OCV(z =yt Ruds

2,=0CV ™ (vt Rydy). (10)
By measuring the voltage of a cell under load, the cell current,
and having knowledge of R,, (perhaps through ék from the
joint filter 100), and knowing the inverse OCV function for
the cell chemistry, this example computes a noisy estimate of
SOC, 7.

In this example, a joint filter 100 is run on this modified
model, with the “measured” information in the measurement
update being

Experimentation has shown that while the “noise” of 7,
(short-term bias due to hysteresis effects and polarization
voltages being ignored) prohibits it from being used as the
primary estimator of SOC, its expected long-term behavior in
a dynamic environment is accurate, and maintains the accu-
racy of the SOC state in the joint filter 100.

Thus, a method for simultaneous estimation of cell state
and parameters has been described in conjunction with a
number of specific embodiments. One or more embodiments
use a Kalman filter 100. Some embodiments use an extended
Kalman filter 100. Further, some embodiments include a
mechanism to force convergence of state-of-charge. The
present invention is applicable to a broad range of applica-
tions, and cell electrochemistries.

The disclosed method may be embodied in the form of
computer-implemented processes and apparatuses for prac-
ticing those processes. The method can also be embodied in
the form of computer program code containing instructions
embodied in tangible media 52, such as floppy diskettes,
CD-ROMs, hard drives, or any other computer-readable stor-
age medium, wherein, when the computer program code is
loaded into and executed by a computer, the computer
becomes an apparatus capable of executing the method. The
present method can also be embodied in the form of computer
program code, for example, whether stored in a storage
medium, loaded into and/or executed by a computer, or as
data signal 54 transmitted whether a modulated carrier wave
or not, over some transmission medium, such as over electri-
cal wiring or cabling, through fiber optics, or via electromag-
netic radiation, wherein, when the computer program code is
loaded into and executed by a computer, the computer
becomes an apparatus capable of executing the method.
When implemented on a general-purpose microprocessor, the
computer program code segments configure the microproces-
sor to create specific logic circuits.

While the invention has been described with reference to
an exemplary embodiment, it will be understood by those
skilled in the art that various changes may be made and
equivalents may be substituted for elements thereof without
departing from the scope of the invention. In addition, many
modifications may be made to adapt a particular situation or
material to the teachings of the invention without departing
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from the essential scope thereof. Therefore, it is intended that
the invention not be limited to the particular embodiment
disclosed as the best mode contemplated for carrying out this
invention, but that the invention will include all embodiments
falling within the scope of the appended claims.

The invention claimed is:

1. A method for estimating a present augmented state of an
electrochemical cell system, the method comprising:

making an internal augmented states prediction of the cell

where said augmented state always comprises at least
one internal state value and at least one internal param-
eter value;

making an uncertainty prediction of said internal aug-

mented states prediction;

correcting said internal augmented states prediction and

said uncertainty prediction;

applying an algorithm that iterates said making an internal

augmented states prediction, said making an uncertainty
prediction and said correcting;
providing an ongoing estimation of said augmented state
and an ongoing uncertainty of said augmented state esti-
mation as aresult of the application of the algorithm; and

ensuring convergence of one or more augmented states to
their respective physical values.

2. The method of claim 1 wherein said making an internal
augmented states prediction comprises:

determining a current measurement;

determining a voltage measurement; and

using said current measurement and said voltage measure-

ment in a mathematical model to make said internal
augmented states prediction.
3. The method of claim 2 wherein said making an uncer-
tainty prediction comprises using said current measurement
and said voltage measurement in a mathematical model to
make said uncertainty prediction.
4. The method of claim 3 wherein said correcting com-
prises:
computing a gain factor;
computing a corrected internal augmented states predic-
tion using said gain factor, said voltage measurement
and said internal augmented states prediction; and

computing a corrected uncertainty prediction using said
gain factor and said uncertainty prediction.

5. The method of claim 4 wherein said applying comprises
using said corrected augmented internal states prediction and
said corrected uncertainty prediction to obtain predictions for
a next time step where said algorithm repeats.

6. The method of claim 5 wherein said algorithm is at least
one of a Kalman Filter and an extended Kalman filter.

7. The method of claim 6 wherein an augmented state
vector of said algorithm includes one or more of: a state-of-
charge, a voltage polarization level, a hysteresis level, a resis-
tance, a capacity, a polarization voltage time constant, a polar-
ization voltage blending factor, a hysteresis blending factor, a
hysteresis rate constant, and an efficiency factor.

8. The method of claim 2 wherein said making an internal
augmented states prediction further comprises:

determining a temperature measurement; and

using said temperature measurement, said current mea-

surement, and said voltage measurement in a math-
ematical model to make said internal augmented states
prediction.

9. The method of claim 8 wherein said making an uncer-
tainty prediction comprises using said temperature measure-
ment, said current measurement, and said voltage measure-
ment in a mathematical model to make said uncertainty
prediction.
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10. The method of claim 9 wherein said correcting com-
prises:

computing a gain factor;

computing a corrected internal states prediction using said

gain factor, said voltage measurement and said internal
states prediction; and

computing a corrected uncertainty prediction using said

gain factor and said uncertainty prediction.

11. The method of claim 10 wherein said applying com-
prises using said corrected internal states prediction and said
corrected uncertainty prediction to obtain predictions for a
next time step where said algorithm repeats.

12. The method of claim 11 wherein said algorithm is at
least one of a Kalman Filter and an extended Kalman Filter.

13. The method of claim 12 wherein an augmented state
vector of said algorithm includes one or more of: a state-of-
charge, a voltage polarization level, a hysteresis level, a resis-
tance, a capacity, a polarization voltage time constant, a polar-
ization voltage blending factor, a hysteresis blending factor, a
hysteresis rate constant, and an efficiency factor.

14. The method of claim 2 wherein said making an uncer-
tainty prediction further comprises:

determining a temperature measurement; and

using said temperature measurement, said current mea-

surement, and said voltage measurement in a math-
ematical model to make said uncertainty prediction.

15. The method of claim 1 wherein said making an uncer-
tainty prediction comprises:

determining a current measurement;

determining a voltage measurement; and

using said current measurement and said voltage measure-

ment in a mathematical model to make said uncertainty
prediction.

16. The method of claim 15 wherein said making an uncer-
tainty prediction further comprises:

determining a temperature; and

using said temperature measurement, said current mea-

surement, and said voltage measurement in a math-
ematical model to make said uncertainty prediction.

17. The method of claim 16 wherein said correcting com-
prises:

computing a gain factor;

computing a corrected internal states prediction using said

gain factor, said voltage measurement and said internal
states prediction; and

computing a corrected uncertainty prediction using said

gain factor and said uncertainty prediction.

18. The method of claim 17 wherein said applying com-
prises using said corrected internal states prediction and said
corrected uncertainty prediction to obtain predictions for a
next time step where said algorithm repeats.

19. The method of claim 18 wherein said algorithm is at
least one of a Kalman Filter and an extended Kalman Filter.

20. The method of claim 1 wherein said ensuring includes
supplementing a cell model output with said augmented
states whose convergence is desired.

21. The method of claim 20 wherein said mechanism fur-
ther includes supplementing a measurement vector with cor-
responding estimates of said augmented states based on
present measured values.

22. The method of claim 21 wherein a filter is used to adapt
an augmented state estimate based on said supplemented cell
model output and said supplemented measurement vector.

23. The method of claim 22 wherein said filter is at least
one of a Kalman filter and an extended Kalman filter.

24. An apparatus configured to estimate a present aug-
mented state of a cell pack system, the apparatus comprising:
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a component configured to make an internal augmented
states prediction of a cell where said augmented state
always comprises at least one internal state value and at
least one internal parameter value;

a component configured to make an uncertainty prediction
of said internal augmented states prediction;

a component configured to correct said internal augmented
states prediction and said uncertainty prediction;

a component configured to apply an algorithm that iterates
steps taken by said component configured to make an
internal augmented states prediction, said component
configured to make an uncertainty prediction and said
component configured to correct; and

a component configured to yield an ongoing estimation of
said augmented state and an ongoing uncertainty of said
augmented state estimation as a result of the application
of the algorithm; and

a component configured to ensure convergence of one or
more augmented states to their respective physical val-
ues.

25. The apparatus of claim 24 wherein said component
configured to make an internal augmented states prediction
comprises:

a component configured to determine a current measure-

ment;

a component configured to determine a voltage measure-
ment; and

a component configured to use said parameter estimate and
said current measurement and said voltage measurement
in a mathematical model to make said internal aug-
mented states prediction.

26. The apparatus of claim 25 wherein said component
configured to make an uncertainty prediction comprises a
component configured to use said current measurement and
said voltage measurement in a mathematical model to make
said uncertainty prediction.

27. The apparatus of claim 26 wherein said component
configured to correct comprises:

a component configured to compute a gain factor;

a component configured to compute a corrected internal
augmented states prediction using said gain factor, said
voltage measurement and said internal augmented states
prediction; and

a component configured to compute a corrected uncer-
tainty prediction using said gain factor and said uncer-
tainty prediction.

28. The apparatus of claim 27 wherein said component
configured to apply comprises a component configured to use
said corrected internal augmented states prediction and said
corrected uncertainty prediction to obtain predictions for a
next time step where said algorithm repeats.

29. The apparatus of claim 28 wherein said algorithm is at
least one of a Kalman Filter and an Extended Kalman Filter.

30. The apparatus of claim 29 wherein an augmented state
vector of said algorithm includes one or more of: a state-of-
charge, a voltage polarization level, a hysteresis level, a resis-
tance, a capacity, a polarization voltage time constant, a polar-
ization voltage blending factor, a hysteresis blending factor, a
hysteresis rate constant, and an efficiency factor.

31. The apparatus of claim 25 wherein said component
configured to make an internal augmented states prediction
further comprises:

a component configured to determine a temperature mea-

surement; and
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a component configured to use said temperature measure-
ment, said current measurement, and said voltage mea-
surement in a mathematical model to make said internal
states prediction.

32. The apparatus of claim 31 wherein said component
configured to make an uncertainty prediction comprises a
component configured to use said temperature measurement,
said current measurement, and said voltage measurement in a
mathematical model to make said uncertainty prediction.

33. The apparatus of claim 32 wherein said component
configured to correct comprises:

a component configured to compute a gain factor;

a component configured to compute a corrected internal
augmented states prediction using said gain factor, said
voltage measurement and said internal states prediction;
and

a component configured to compute a corrected uncer-
tainty prediction using said gain factor and said uncer-
tainty prediction.

34. The apparatus of claim 33 wherein said component
configured to apply comprises a component configured to use
said corrected internal augmented states prediction and said
corrected internal states prediction and said corrected uncer-
tainty prediction to obtain predictions for a next time step
where said algorithm repeats.

35. The apparatus of claim 34 wherein said algorithm is at
least one of a Kalman Filter and an Extended Kalman Filter.

36. The apparatus of claim 35 wherein an augmented state
vector of said algorithm includes one or more of: a state-of-
charge, a voltage polarization level, a hysteresis level, a resis-
tance, a capacity, a polarization voltage time constant, a polar-
ization voltage blending factor, a hysteresis blending factor, a
hysteresis rate constant, and an efficiency factor.

37. The apparatus of claim 25 wherein said component
configured to make an uncertainty prediction further com-
prises:

a component configured to determine a temperature mea-

surement; and

a component configured to use said temperature measure-
ment, said current measurement, and said voltage mea-
surement in a mathematical model to make said uncer-
tainty prediction.

38. The apparatus of claim 24 wherein said component

configured to make an uncertainty prediction comprises:

a component configured to determine a current measure-
ment;

a component configured to determine a voltage measure-
ment; and

a component configured to use said current measurement
and said voltage measurement in a mathematical model
to make said uncertainty prediction.

39. The apparatus of claim 38 wherein said component
configured to make an uncertainty prediction further com-
prises:

a component configured to determine a temperature mea-

surement; and

a component configured to use said temperature measure-
ment, said current measurement, and said voltage mea-
surement in a mathematical model to make said uncer-
tainty prediction.

40. The apparatus of claim 39 wherein said component

configured to correct comprises:

a component configured to compute a gain factor;

a component configured to compute a corrected internal
augmented states prediction using said gain factor, said
voltage measurement and said internal states prediction;
and
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a component configured to compute a corrected uncer-
tainty prediction using said gain factor and said uncer-
tainty prediction.

41. The apparatus of claim 40 wherein said component
configured to apply comprises a component configured to use
said corrected internal augmented states prediction and said
corrected internal states prediction and said corrected uncer-
tainty prediction to obtain predictions for a next time step
where said algorithm repeats.

42. The apparatus of claim 41 wherein said algorithm is at
least one of a Kalman Filter and an Extended Kalman Filter.

43. The apparatus of claim 24 wherein said component
configured to insure convergence includes a component con-
figured to supplement a cell model output with said one or
more augmented states whose convergence is desired.

44. The apparatus of claim 43 wherein said component
configured to insure convergence further includes a compo-
nent configured to supplement a respective measurement vec-
tor with corresponding estimates of said one or more aug-
mented states based on present measured values.

45. The apparatus of claim 44 wherein a component is
configured to implement a filter to adapt a augmented state
estimate based on said supplemented cell model output and
said supplemented measurement vector.

46. The apparatus of claim 45 wherein said filter is at least
one of a Kalman filter and Extended Kalman Filter.

47. A system for estimating a present augmented state of an
electrochemical cell, the system comprising:

a means for making an internal augmented states predic-
tion of the cell where said augmented state always com-
prises at least one internal state value and at least one
internal parameter value;

a means for making an uncertainty prediction of said inter-
nal augmented states prediction;

a means for correcting said internal augmented states pre-
diction and said uncertainty prediction;

ameans for applying an algorithm that iterates said making
an internal augmented states prediction, said making an
uncertainty prediction and said correcting;

a means for yielding an ongoing estimation of said aug-
mented state and an ongoing uncertainty of said aug-
mented state estimation as a result of applying the algo-
rithm; and

a means for ensuring convergence of one or more aug-
mented states to their respective physical values.

48. A computer readable medium encoded with a machine-
readable computer program code, wherein said computer
readable medium includes instructions for causing a com-
puter to implement a method for estimating present aug-
mented state of an electrochemical cell, the method compris-
ing:

making an internal augmented states prediction of the cell
where said augmented state always comprises at least
one internal state value and at least one internal param-
eter value;

making an uncertainty prediction of said internal aug-
mented states prediction;

correcting said internal augmented states prediction and
said uncertainty prediction;

applying an algorithm that iterates said making an internal
augmented states prediction, said making an uncertainty
prediction and said correcting;

yielding an ongoing estimation of said augmented state and
an ongoing uncertainty of said augmented state estima-
tion as a result of the application of the algorithm; and
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ensuring convergence of one or more augmented states to

their respective physical values.

49. The method of claim 1, wherein the at least one internal
parameter value is selected from the group consisting of a
voltage polarization level, a hysteresis level, a cell resistance,
a cell capacity, a polarization voltage time constant, a polar-
ization voltage blending factor, a hysteresis blending factor, a
hysteresis rate constant, a Coulombic efficiency factor and a
combination thereof.

16

50. The apparatus of claim 24, wherein the at least one
internal parameter value is selected from the group consisting
of a voltage polarization level, a hysteresis level, a cell resis-
tance, a cell capacity, a polarization voltage time constant, a
polarization voltage blending factor, a hysteresis blending
factor, a hysteresis rate constant, a Coulombic efficiency fac-
tor, and a combination thereof.



