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57 ABSTRACT

A battery controller and method for controlling a battery
include training parameters for a battery capacity prediction
model based on usage pattern information that correlates
usage of similar batteries with capacity information for the
respective similar batteries. The model characterizes a
capacity decay rate in accordance with a present value of the
battery capacity. Future battery capacity is predicted for a
battery under control based on the battery capacity predic-
tion model and a present value of the battery capacity. One
or more operational parameters of the battery under control
are controlled based on the predicted future battery capacity
to extend the battery’s usable lifetime.

13 Claims, 2 Drawing Sheets
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MODELING A CHANGE IN BATTERY
DEGRADATION

BACKGROUND

Technical Field

The present invention relates to battery degradation and,
in particular, to measuring and predicting battery degrada-
tion.

Description of the Related Art

As rechargeable batteries become integrated more deeply
in every-day operations, including mobile computing
devices, electric vehicles, smart grids, and the like,
improved analysis of the performance of such batteries
becomes a pressing concern. In particular, battery life is
degraded through use. Predicting and controlling capacity
retention rate (i.e., battery life) from usage history is par-
ticularly important, as the capacity retention rate is directly
related to the remaining usable time of the vehicle or device.

Existing models for predicting capacity retention rate
include the square root law model. In this model, capacity
retention rate is degraded proportional to the square root of
the cumulative use time due to formation of a solid-electro-
lyte interphase (SEI) layer on the anode of the battery. This
applies particularly to lithium-based batteries, as the SEI
layer reduces the lithium ion irreversibly, and its accumu-
lation is proportional to the square root of the cumulative use
time. Thus, following the square root law model, the capac-
ity retention rate is modeled as y=-at’+c, where t is the
cumulative use time, b is generally ', and a and c are
parameters that depend on the particular battery.

However, in many real-world applications, battery deg-
radation is not simply proportional to the square root of the
cumulative use time. As a result, the square root law model
is not adequate for high-precision analysis of batteries’
capacity retention rates.

SUMMARY

A method for controlling a battery includes training
parameters for a battery capacity prediction model based on
usage pattern information that correlates usage of similar
batteries with capacity information for the respective similar
batteries. The model characterizes a capacity decay rate in
accordance with a present value of the battery capacity.
Future battery capacity is predicted for a battery under
control based on the battery capacity prediction model and
a present value of the battery capacity. One or more opera-
tional parameters of the battery under control are controlled
based on the predicted future battery capacity to extend the
battery’s usable lifetime.

A battery controller includes a processor configured to
train parameters for a battery capacity prediction model
based on usage pattern information that correlates usage of
similar batteries with capacity information for the respective
similar batteries and further configured to predict future
battery capacity for a battery under control based on the
battery capacity prediction model and a present value of the
battery capacity. The model characterizes a capacity decay
rate in accordance with a present value of the battery
capacity. A battery interface configured to control one or
more operational parameters of the battery under control
based on the predicted future battery capacity to extend the
battery’s usable lifetime.

These and other features and advantages will become
apparent from the following detailed description of illustra-
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2

tive embodiments thereof, which is to be read in connection
with the accompanying drawings.

BRIEF DESCRIPTION OF THE SEVERAL
VIEWS OF THE DRAWINGS

The disclosure will provide details in the following
description of preferred embodiments with reference to the
following figures wherein:

FIG. 1 is a block/flow diagram of a method of controlling
a battery in accordance with the present principles;

FIG. 2 is a block diagram of a battery and battery
controller in accordance with the present principles; and

FIG. 3 is a block diagram of a battery controller in
accordance with the present principles.

DETAILED DESCRIPTION

Embodiments of the present invention provide predictions
of battery lifetime that are based on a balance of self-
discharge rates and residual amounts of lithium ions. As
noted above, the battery capacity of a lithium ion battery is
time-dependent, with the formation of a solid-electrolyte
interphase (SEI) layer at the anode of the battery decreasing
the number of available lithium ions in a battery, but at the
same time inhibiting self-discharge of the battery, which
would otherwise lead to the battery draining more quickly.
As a result, a balance between these two factors is needed to
accurately predict the capacity retention rate and lifetime of
the battery, taking into account both the early advantageous
effects of the SEI layer formation as well as the long-term
degradation of the battery capacity.

To accomplish this, a model is employed using a recursive
function that captures the present state of the battery’s
capacity retention rate. Thus, the capacity retention rate is
modeled as y=-at’®*®+c, where t is the cumulative time, a
and ¢ are parameters that depend on the battery, and b(y,0)
is a function that changes according to the current value of
the capacity retention rate y and a parameter 6. The param-
eter a refers to the gradient of the degradation curve, while
the parameter ¢ refers to the initial capacity retention rate,
usually normalized to 1. The specific functional form of
b(y,0) is arbitrary and may be linear (e.g., 6,+8,y) or
non-linear (e.g., 0,+0,y+0,y°+0,y°+ . . . ) and may be
selected empirically to minimize cross validation error.

The inference of the model parameters is non-trivial. To
simplify determining the parameters, an approximation of
the model is used, such that parameter estimation methods
from the conventional models can be used. Thus, while the
capacity retention rate at a time t is y,=—a(t)’%*®+c, using
the capacity retention rate at a time t-At, the approximate
capacity retention rate can be expressed as: y,=-at?®r ¢,
The immediately prior value, y, ,,, can be measured roughly
from the history of the battery usage based on how much
electric current has been used or charged into the battery.
Alternatively, the current capacity can be measured directly
in a vehicle bench test.

The above approximation allows the use of existing
techniques for estimating the parameters a, ¢, and 6. Given
the availability of training data that includes the history of
usage patterns and capacity retention rates for similar
devices, the parameters can be determined to minimize the
inconsistency between the true capacity retention rates in the
history and the estimated capacity retention rates by using
the present model and the usage patterns from the history.
Gradient-based methods, a grid search, or trajectory regres-
sion can be used to this end. These formulations can be
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extended to a fully Bayesian formulation to optimize the
different parameters simultaneously. In particular, a trajec-
tory regression approach may be employed to learn the
parameter a.

This model produces significantly better results than the
square root law model. In experiments using a model that
includes b=0,+0,y, with a learned by trajectory regression as
a function of usage history and other parameters learned by
a grid search with cross validation, a ten percent improve-
ment in the root mean squared error resulted. In a compari-
son of the models’ performance using well degraded data,
where the capacity had degraded to less than 60% of its
maximum, the root mean squared error decreased by 30%
using the present model. In the most severe cases, the
present embodiments reduced the root mean squared error
by half.

Referring now to the drawings in which like numerals
represent the same or similar elements and initially to FIG.
1, a method of modeling battery degradation is shown.
Block 101 collects usage pattern data and corresponding
capacity retention rate data for the battery, establishing how
the capacity has changed over time. A usage pattern may
include, for example, sets of timestamps, electric current,
voltage, and temperature arranged in a sequence. The usage
pattern may also include a difference in states of charge
between the beginning and end of a discharge cycle and/or
the beginning and end of a charge cycle. For example, if a
battery is used to power a motor and discharges from a state
of charge of 90% to a state of charge of 80%, the difference
stored is —=10%. If the battery is at 80% when a charging
cycle begins and at 100% when the charging cycle ends, then
the difference is +20%. Any subset of these values or values
computed from them, such as state of charge for the battery,
may be included instead. The information is obtained from
sensors in the battery itself or by external sensor devices.

Block 102 trains the model parameters based on the
battery’s usage pattern and corresponding capacity retention
rate. As noted above, this training step may include any
appropriate technique for determining the parameters,
including conventional techniques based on the square law
model if the present model is approximated. Block 104
forms the model based on the parameters, using the param-
eters to fit the functional form of b(y,0) to the existing usage
data. Using the model, block 106 determines the current
capacity of the battery and block 108 predicts the future
capacity.

One use for this prediction is to determine the optimal
parameters for extending battery lifetime. By predicting the
lifetime under different usage patterns, a best usage pattern
can be determined. This may include operating temperature,
terminal voltage, and current flow. The best usage pattern
may also include maintaining optimal state of charge levels
using differences in the state of charge, as batteries may
degrade differently based on what state of charge is main-
tained. Knowledge of this best usage pattern can aid in the
design of batteries as well as allow for in-use optimization
for long battery life. Recommendations can also be made to
users regarding the optimal environment for the battery,
specifying for example terminal voltages and temperatures
that will extend battery life.

The present invention may be a system, a method, and/or
a computer program product. The computer program prod-
uct may include a computer readable storage medium (or
media) having computer readable program instructions
thereon for causing a processor to carry out aspects of the
present invention.
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The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
network and/or a wireless network. The network may com-
prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++ or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.
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Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems), and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer readable program instructions.

These computer readable program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions may also be
loaded onto a computer, other programmable data process-
ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
mented process, such that the instructions which execute on
the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods, and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of instructions, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). In some alternative implementations, the
functions noted in the block may occur out of the order noted
in the figures. For example, two blocks shown in succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality involved. It will also be
noted that each block of the block diagrams and/or flowchart
illustration, and combinations of blocks in the block dia-
grams and/or flowchart illustration, can be implemented by
special purpose hardware-based systems that perform the
specified functions or acts or carry out combinations of
special purpose hardware and computer instructions.

Reference in the specification to “one embodiment” or
“an embodiment” of the present principles, as well as other
variations thereof, means that a particular feature, structure,
characteristic, and so forth described in connection with the
embodiment is included in at least one embodiment of the
present principles. Thus, the appearances of the phrase “in
one embodiment” or “in an embodiment”, as well any other
variations, appearing in various places throughout the speci-
fication are not necessarily all referring to the same embodi-
ment.

It is to be appreciated that the use of any of the following
“/”, “and/or”, and “at least one of”, for example, in the cases
of “A/B”, “A and/or B” and “at least one of A and B”, is
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intended to encompass the selection of the first listed option
(A) only, or the selection of the second listed option (B)
only, or the selection of both options (A and B). As a further
example, in the cases of “A, B, and/or C” and “at least one
of A, B, and C”, such phrasing is intended to encompass the
selection of the first listed option (A) only, or the selection
of the second listed option (B) only, or the selection of the
third listed option (C) only, or the selection of the first and
the second listed options (A and B) only, or the selection of
the first and third listed options (A and C) only, or the
selection of the second and third listed options (B and C)
only, or the selection of all three options (A and B and C).
This may be extended, as readily apparent by one of
ordinary skill in this and related arts, for as many items
listed.

Referring now to FIG. 2, a battery system 200 is shown.
The battery 202 is connected to a load 204. It is specifically
contemplated that the battery 202 is a lithium ion battery, but
it should be understood that the present principles are not
limited to that specific battery chemistry. The present model
may be adapted to any battery chemistry, as it is adaptable
through the learning of parameters to any battery degrada-
tion mechanism. The load 204 can be any type of load, and
it is specifically contemplated that the load 204 may be a
mobile computing device, a mobile telephone, an electric
car, or any other electronic device that uses batteries over a
significant period of time.

A battery controller 206 monitors the state of the battery
202 and its usage patterns. The usage patterns reflect how the
load 204 discharges the battery 202 over time. The usage
patterns may also reflect direct measurements of the battery
202. In addition to monitoring the battery 202, the battery
controller 206 can also affect the charge/discharge of the
battery, taking measures to preserve and extend the battery’s
usable lifetime. Notably, the battery 202 or battery controller
206 can change its own operating parameters, such as the
maximum or minimum terminal voltages as well as the
charging speed. Altering the maximum and minimum ter-
minal voltages is equivalent to altering the maximum and
minimum states of charge, and can be advantageous if a high
or low state of charge causes accelerated degradation of
battery life according to the present model. The battery
controller 206 can further control the maximum or minimum
terminal voltages according to the temperature of the battery
during use if a certain of high or low temperature and high
or low terminal voltage results in increased degradation of
the battery life. Similarly, increasing or decreasing the
charging speed of the battery, by adjusting the amount of
current supplied, can help reduce degradation if a low or
high battery charge speed is found to cause degradation.

Referring now to FIG. 3, a block diagram of the battery
controller 206 is shown. The battery controller 206 includes
a hardware processor 302 and memory 304. It should be
noted that the battery controller 206 may include one or
more software components which may, in the alternative, be
implemented as hardware components using, e.g., an appli-
cation specific integrated chip or field programmable gate
array. A battery interface 310 provides an interface between
the controller 206 and the battery 202. The interface 310
may include information gathering abilities, through moni-
toring the voltage output of the battery 202 and by making
other direct measurements of the battery 202, as well as
providing control over the battery 202 through controlling,
e.g., its charge and discharge rates. The battery interface 310
may monitor the state of the battery 202 and load 204
directly by monitoring the electrical characteristics of the
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connection between the devices, or may alternatively inter-
face with one or more sensors internal or external to the
battery 202.

The battery interface 310 thereby collects information
from the battery 202 regarding usage patterns, which are
stored in the memory 304. The parameter learning module
306 uses the processor 302 to learn parameters for the model
308 based on the stored usage pattern information. The
parameter learning module 306 may use any appropriate
parameter learning/training technique, including regression
analysis and neural networks. The processor 302 then uses
the model 308 to generate predictions regarding, e.g., the
capacity retention rate of the battery 202 and instructs the
battery interface 310 to implement any changes needed to
extend the battery’s usable lifetime. The battery interface
310 may then control operational parameters of the battery
202 and/or provide feedback to a user regarding optimal
usage patterns that may be employed to extend the battery’s
lifetime.

Having described preferred embodiments of modeling a
change in battery degradation (which are intended to be
illustrative and not limiting), it is noted that modifications
and variations can be made by persons skilled in the art in
light of the above teachings. It is therefore to be understood
that changes may be made in the particular embodiments
disclosed which are within the scope of the invention as
outlined by the appended claims. Having thus described
aspects of the invention, with the details and particularity
required by the patent laws, what is claimed and desired
protected by Letters Patent is set forth in the appended
claims.

The invention claimed is:

1. A method for controlling a battery, comprising:

training parameters for a battery capacity prediction

model based on usage pattern information that corre-
lates usage of similar batteries with capacity informa-
tion for the respective similar batteries, wherein the
model characterizes a capacity decay rate in accordance
with a present value of the battery capacity;
predicting future battery capacity for a battery under
control based on the battery capacity prediction model
and a present value of the battery capacity; and
controlling one or more operational parameters of the
battery under control based on the predicted future
battery capacity to extend the battery’s usable lifetime.

2. The method of claim 1, wherein a usage pattern
comprises a timestamp, an electric current, a voltage, and a
temperature.

3. The method of claim 2, wherein the usage pattern
further comprises a state of charge or difference in state of
charge.

4. The method of claim 1, wherein the model accounts for
an initial increase in battery capacity over time followed by
a decline in battery capacity that is proportional to a square
root of time elapsed.

5. The method of claim 1, wherein controlling one or
more operational parameters of the battery comprises setting
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a maximum or minimum terminal voltage in accordance
with usage patterns and the prediction.

6. The method of claim 1, wherein controlling one or
more operational parameters of the battery comprises setting
a charging speed of the battery in accordance with usage
patterns and the prediction.

7. A non-transitory computer readable storage medium
comprising a computer readable program for controlling a
battery, wherein the computer readable program when
executed on a computer causes the computer to perform the
steps of:

training parameters for a battery capacity prediction
model based on usage pattern information that corre-
lates usage of similar batteries with capacity informa-
tion for the respective similar batteries, wherein the
model characterizes a capacity decay rate in accordance
with a present value of the battery capacity;

predicting future battery capacity for a battery under
control based on the battery capacity prediction model
and a present value of the battery capacity; and

controlling one or more operational parameters of the
battery under control based on the predicted future
battery capacity to extend the battery’s usable lifetime.

8. A battery controller, comprising:

a processor configured to train parameters for a battery
capacity prediction model based on usage pattern infor-
mation that correlates usage of similar batteries with
capacity information for the respective similar batter-
ies, wherein the model characterizes a capacity decay
rate in accordance with a present value of the battery
capacity, and further configured to predict future bat-
tery capacity for a battery under control based on the
battery capacity prediction model and a present value
of the battery capacity; and

a battery interface configured to control one or more
operational parameters of the battery under control
based on the predicted future battery capacity to extend
the battery’s usable lifetime.

9. The battery controller of claim 8, wherein a usage
pattern comprises a timestamp, an electric current, a voltage,
and a temperature.

10. The battery controller of claim 9, wherein the usage
pattern further comprises a state of charge or difference in
state of charge.

11. The battery controller of claim 8, wherein the model
accounts for an initial increase in battery capacity over time
followed by a decline in battery capacity that is proportional
to a square root of time elapsed.

12. The battery controller of claim 8, wherein the battery
interface is configured to set a maximum or minimum
terminal voltage in accordance with usage patterns and the
prediction.

13. The battery controller of claim 8, wherein the battery
interface is configured to set a charging speed of the battery
in accordance with usage patterns and the prediction.

#* #* #* #* #*



