INL/EXT-08-15136

Battery Life Estimator
Manual

Linear Modeling and
Simulation

Jon Christophersen
Ira Bloom

Ed Thomas

Vince Battaglia

August 2009

\.% The INL is a U.S. Department of Energy National Laboratory
operated by Battelle Energy Alliance

ldaho National
Laboratory



INL/EXT-08-15136

Battery Life Estimator Manual

Linear Modeling and Simulation

Jon Christophersen

Ira Bloom'
Ed Thomas?
Vince Battaglia®
TANL
2SNL
SLBNL

August 2009

Idaho National Laboratory
Energy Storage and Transportation Systems Department
Idaho Falls, Idaho 83415

http://www.inl.gov

Prepared for the
U.S. Department of Energy
Assistant Secretary for Energy Efficiency and Renewable Energy
Under DOE Idaho Operations Office
Contract DE-AC07-051D14517



INL/EXT-08-15136

Battery Life Estimator Manual

Linear Modeling and Simulation

August 2009
—
. Idaho National Laboratory
Idaho Falls, ID 83415
Idaho Nationl Labomlory Operated by Battelle Energy Alliance, LLC
y < Argonne National Laboratory
Argon ne Argonne, IL 60439
Operated by the University of Chicago
Sandia Sandia National Laboratories
LG Albuquerque, NM 87185
UL Operated by Lockheed Martin Corporation
' i Lawrence Berkeley National Laboratory
-‘l‘:‘—:::}] ‘”' Berkeley, CA 94720
) Operated by University of California
Freedoﬁa B4 FreedomCAR & Vehicle

— o Technologies Program
Fu e’ Partnership




Disclaimer

This report was prepared as an account of work sponsored by an agency of the United States
Government. Neither the United States Government nor any agency thereof, nor any of their employees, makes
any warranty, express or implied, or assumes any legal liability or responsibility for the accuracy, completeness,
or usefulness of any information, apparatus, product, or process disclosed, or represents that its use would not
infringe privately owned rights. References herein to any specific commercial product, process, or service by
trade name, trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement,
recommendation, or favoring by the United States Government or any agency thereof. The views and opinions
of authors expressed herein do not necessarily state or reflect those of the United States Government or any
agency thereof.
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GLOSSARY OF TERMS

Beginning of Life (BOL) — The point in time at which life testing begins. A distinction is made in
this manual between the performance of a battery at this point and its initial performance,
because some degradation may take place before the start of life testing. Analysis of the
effects of life testing is based on changes from the BOL performance.

Calendar Life — The time required to reach end of life at the reference temperature at open-circuit
(corresponding to key-off/standby conditions in the vehicle).

Cycle Life — The number of consecutive cycles consisting of a charge neutral combination of
discharge and charge pulses centered on a given state-of-charge required to reach end of
life at the reference temperature.

Degradation Model — An empirical or chemistry/physics-based model that describes the expected
degradation of a battery experiencing typical stress conditions.

Depth of Discharge (DOD) — The percentage of a device’s rated capacity removed by discharge
relative to a fully charged condition, normally referenced to a constant current discharge
at the C,/1 rate. The capacity to be used is established (fixed) at the beginning of testing,

%.

End of Life (EOL) — A condition reached when the device under test is no longer capable of
meeting the applicable USABC goals. This is normally determined from RPT results,
and it may not coincide exactly with the ability to perform the life test profile (especially
if cycling is done at elevated temperatures.) The number of test profiles executed at end
of test is not necessarily equal to the cycle life per the USABC goals.

End of Test (EOT) — The point in time where life testing is halted, either because criteria specified
in the test plan are reached, or because it is not possible to continue testing.

Error Model — A model that accounts for the difference between the measured and expected
performance. The error model combines the effects of both measurement error and
manufacturing variability.

Reference Performance Test (RPT) — A periodic assessment of battery degradation during life
testing. A reference performance test will typically yield capacity fade, power fade, and
impedance rise as a function of test time.

State of Charge (SOC) — The available capacity in a battery expressed as a percentage of actual
capacity. This is normally referenced to a constant current discharge at the C,/1 rate. For
this manual, it may also be determined by a voltage obtained via a relationship of
capacity to voltage established at beginning of life. SOC = (100 — DOD) if the rated
capacity is equal to the actual capacity, %.

Stress Conditions — The parameters that are used to accelerate aging of a battery technology, such

as temperature, state-of-charge, throughput, and pulse power. These are the explanatory
variables in the degradation model.
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BOL
CDF
DOD
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EOT
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MAV
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Battery Life Estimator Manual

1 INTRODUCTION

The purpose of this Battery Life Estimator (BLE) Manual is to assist developers
in their efforts to determine the life capability of advanced battery technologies for
automotive applications. Testing requirements and procedures have been previously
defined in manuals published under the United States Advanced Battery Consortium
(USABC) in References 1 through 5. This manual describes a standardized method of
determining calendar life with a high degree of statistical confidence based on models
and degradation data acquired from typical battery testing.

A software package (“BatteryLife.exe”) has also been developed to estimate calendar life
based on the methodology described herein. To purchase the software, users must first
download and sign the license agreement at http:/www.anl.gov/techtransfer/
Software Shop/TLVT/TLVT.html. USABC developers can acquire the software at no
cost. The degradation model presented in this manual has been included as the default
for quick implementation to a set of data. However, the software can also accommodate
any degradation model that is applicable to a particular chemistry as long as it is linear or
can be linearized by appropriate mathematical transformations.

This manual is organized in two main sections. Section 2 describes the default
statistical models implemented in the software as well as the methods for estimating
model parameters and cell life from experimental data. This section also presents a
methodology for assessing the uncertainty of the estimated cell life using Monte Carlo
simulations. Section 3 is a user’s guide for the software tool (“BatteryLife.exe”) and
provides details on data formatting, menu navigation, and data processing. Appendix A
is an extended discussion of parameter estimation using robust linear regression. An
applied example of this life estimation methodology using data from a set of test cells is
provided in Reference 6.

2 METHODOLOGY FOR ESTIMATING CALENDAR-LIFE

This section describes a methodology for estimating the average calendar life of
various cell technologies and assessing their readiness for transition to production.
Consequently, the emphasis is placed on predicting the capability of #pical (i.e.,
representative) cells to meet the USABC target of a 15-year calendar life. A two-part
model can be constructed from the experimental test data. The first part is the
degradation model that represents the average cell performance as a function of aging
over a range of stress conditions. The second part is the error model that represents the
deviation of the cell behavior relative to the average performance. The degradation
model provides a basis for the estimation of average cell life, and the error model
provides a basis for assessing the accuracy of the degradation model.

At this stage of life testing, there will generally be incomplete knowledge of the
specific degradation mechanisms or the source of the deviations between average



performance and actual measured performance. Thus, relatively simple empirical models
with few parameters should be used for life estimation, though physics-based models
could be used as well. Simple forms of a degradation model and error model that have
been successfully implemented for a variety of technologies are illustrated herein. The
methodology for estimating model parameters, assessing model accuracy, and estimating
mean cell life with associated uncertainty are also described.

2.1 Generalized Model

The use of accelerated degradation testing to verify life capability requires the
selection of performance measures that accurately reflect battery state of health. An
example performance measure is relative resistance (i.e., the cell resistance at time ¢
divided by the resistance at beginning of life, # = 0). The generalized model must relate
the measured cell performance at any given time to a combination of the stress factor
effects. For example, in the case of calendar-life experiments with a single stress factor
of temperature, the acquired data can be represented generically by the model shown in

Equation (1), where K(T ;t) represents the measured performance of the i cell after

being subjected to aging for time ¢ at temperature 7 (Reference 6). The average cell
performance is represented by a degradation model, y(T ;1), which is described in Section
2.2. The combined effects that are related to the unique behavior of the i individual cell
and measurement error are represented by an error model y,(7’;¢), which is described in
Section 2.3.

Y(T50)= u(T50)+ 7,(Ts1) O]
2.2 Degradation Model

The degradation model can be empirical, chemistry/physics-based, or some
combination of both. A wide variety of model forms are possible. The specific form of
the model will necessarily depend on the particular technology and set of stress factors.

In the example case of a single stress factor (temperature), a simple but useful
form for the degradation model is given by Equation (2), where f,, f5,,and p represent

the model parameters (Reference 6).
ﬂ(T;t):1+eXp{ﬂ0+ﬁ1'%}'tp (2)

Note that x(T;¢)=1for ¢ = 0 and then increases in value as the cell ages. Various

normalized responses (including relative resistance) are consistent with these conditions.
When the natural response decreases to zero as a function of cell age, ,u(T ;t) can be

considered as a model for the inverse of the natural response. Examples of a naturally
decreasing response include relative power and relative capacity. In such cases, ,u(T ;t)

can be considered as a model for inverse relative power or inverse relative capacity.



To estimate the parameters associated with the degradation model, it is useful to
re-express the model in a linear form with a log transformation as shown in Equation (3).
Once the model has been linearized, robust linear regression can be used to estimate the
model parameters (see Section 2.4).

log(u(T;2)-1)= B, + 3, -%+ p-log(z) (3)

2.3 Error Model

The error model accounts for the difference between the measured performance
and expected performance. The difference is a combination of effects due to
measurement error as well as the intrinsic difference in performance between cells. Two
different approaches for determining the measurement error are discussed in this section.
One method estimates the error from the measured data, and the other method
independently determines the error based on calibration and accuracy checks of the test
equipment. The software tool (“BatteryLife.exe”) provides both options to the user for
life prediction.

2.3.1 Estimated Error Model

In the example case of a single stress factor (temperature), a useful form for the
estimated error model (Reference 6) is given by Equation (4), whered, represents a
random, cell-specific, proportional effect with variance o, andr, (t) represents the
effects of measurement error on ¥,(T’;).

y,(T5t)=6, - (u(T51)=1)+ 7,(¢) (4)

Using relative resistance as the performance measure, the expression for Y,(T;z) is as
shown in Equation (5), where R, (i,7) is the unknown (but true) value of the resistance

of the i cell at time 7, and &,(¢) is the specific unknown error associated with that

measurement.
YI(T,I): erue(l7t)+ gi (t) (5)
Rtrue (Z’O) + gi (O)

The resulting error model due to measurement effects is shown in Equation (6).

T (t) _ Rtrue (l’ t) + gi (t) _ Rtrue (l’ t)
i - Rtrue (Z’O) + gi (0) Rtrue (Z’O)

(6)

It is assumed that the measurement errors are independent with a relative standard
deviation of @ (i.e. o, =R, (i,O)). With this and other assumptions (Reference 6), the

variance of 7, (t), given by o, can be approximated by 2 -« *.



Assuming that the mean values of¢,(¢) and &, are zero, then within a given group

of cells that have experienced the same stresses and aging time, the mean and variance of
K(T ;t) can be expressed as shown in Equations (7) and (8). Robust linear regression

(see Section 2.4) is used to estimate the variance model parameters (o, and o).
Mean(Y,(T;t))= u(T¢) (7

Var(Y(T:0))=Var(y,(T:0)) = o5 - (u(T30)-1) + o (8)

Thus, this model of the variance within a treatment group and Reference
Performance Test (RPT) (References 1-5), implies that the expected variability in cell
performance increases as the expected level of degradation increases.

2.3.2 Independent Assessment of Measurement Error

Alternatively, the magnitude of measurement error can be estimated directly using
the uncertainty methodology developed at the Idaho National Laboratory (References 7
and 8). First, the effect of measurement error can be minimized with test equipment
calibration and verification. Calibration can be performed using the manufacturer’s
recommended procedures. Verification consists of independent measurements of test
channel voltage and current outputs at various levels within the channel full scale
operating range. The total equipment and channel error can then be determined by the
measured data and the uncertainties of the independent measurement equipment (i.e., a
digital voltmeter and shunt for current measurements). If the results from this analysis
show poor accuracy or repeatability, the test equipment should be calibrated and verified
again until the results are less than or equal to the claimed values of the manufacturer
(e.g., 0.02% of full scale repeatability).

These data are also useful in determining the uncertainty range of the performance
parameters of interest for the life prediction model. Each performance parameter (e.g.,
resistance, power, capacity, and energy) is a function of voltage and current
measurements (temperature uncertainty is treated elsewhere). The uncertainty expression
associated with that performance parameter can be determined based on the accuracy and
precision of the voltage and current measurements as determined during the initial
calibration or in-test calibration checks, and low-order Taylor Series approximations of
the performance parameter with respect to the independent voltage and current
measurements. For example, the uncertainty expression for resistance as defined in the
USABC Manuals (References 1-5) is given by Equation (9), where Vgs and Igg are the
test channel’s full scale voltage and current range, respectively; %errVear and %errlcar
are the calibration errors due to the independent digital voltmeter and shunt used to
measure the accuracy during the calibration check; and %errVsrp and %errlstp are the
standard deviations determined experimentally from the accuracy measurements.



2

o 2 0 2
%R, =|2 MVFS +2 %IFS +(%errV,,, ) +(%errl,, )’ 9)
V(ta)_V(tb) I(ta)_l(tb)

2.4 Robust Linear Regression

The parameters associated with both the degradation and error models are
estimated with a robust linear regression procedure because it has reduced sensitivity to
anomalous data (i.e., outliers). Consequently, the parameter estimates are not greatly
affected by the outliers. Robust regression procedures also are valuable when the error
variance is not constant across the experimental space, as is the case for the assumed
error model in Section 2.3. The particular procedure implemented in this manual
includes three iterations of weighted least-squares regression (Reference 9). For the first
iteration, ordinary least-squares regression is used (i.e., the relative weights are
identical). For subsequent iterations, the weights are based on Tukey’s biweight function
(Reference 10). More details concerning parameter estimation are provided in Appendix
A.

2.5 Life Prediction

The fitted degradation model can be used to estimate the mean lifetime of the cell
at a specified temperature for a given end-of-life criterion. Given the degradation model
provided in Equation (2), and an end-of-life criterion defined to be a 30% increase in
degradation of the performance measure (i.e., y(T ;t) becomes 1.3 at a target temperature

of Ty), the resulting estimated lifetime, (7,,, ), is shown in Equation (10).

0g(03)-{ 44 1|

Tror = CXP 5 (10)

2.6 Monte Carlo Simulations

Monte Carlo simulations based on the fitted degradation and error models, in
conjunction with a variant of the parametric bootstrap procedure (Reference 11), are used
to assess the uncertainty of the cell life and associated model parameters. Simulation
results provide a basis for assessing the quality of the model based on “lack-of-fit”
statistics (Section 2.7). Assuming that the forms of the degradation and error models are
accurate, the simulations can then be used to assess the uncertainty of the mean cell life
as well as the model parameters estimated from experimental data.

Using a performance measure of relative resistance as an illustration, the overall
model in Equation (1) can be expanded to the form shown in Equation (11), where j
represents the stress condition and ij represents the i” cell within the /" stress condition.



Yi(f) represents the measured relative resistance of the ii™ cell at time ¢ and ,u(X j;t)

represents the expected relative resistance for cells under the j” stress condition at time .
0y represents the random proportional effect of the ii" cell, and T, (t) represents the

effect of the random measurement errors on relative resistance associated with the i cell
at the initial measurement and at time 7. The last term can be notionally partitioned into
two terms: 7z, (£)= A, (0)+4,(7), where A; represents the effect of the individual

measurement errors on relative resistance at beginning of life and at time ¢z. For these
simulations, the random effects, §;, 4; (0),and Ay (¢), are assumed to be independent and

i

normally distributed each with a mean of zero and variance ofc;,a’,anda’,
respectively.

Y, (0)= ulx 5t)+8, - (wlX ) =1)+ 7, (1) (11)

The general approach is to repeatedly simulate the experiment while matching the
test duration, RPT frequency, experimental conditions, and number of cells per
experimental condition of the actual experiment. For each independent simulation trial
(representing a single realization of the complete experiment), different random
realizations of cell-to-cell effects and measurement errors are added to the assumed truth
provided by the degradation model that was fitted to the actual experimental data. First,
the number of stress conditions that were used (J), the number of cells tested per
condition {n cy=1d }, and the times at which the cells were measured {f, :k=1: K} are

identified. Next, the degradation model for each combination of stress condition and
measurement time can be computed with {y(X il ): ( j=1:J )x (k =1:K )} Finally, using

this setup, a number of independent trials are completed as follows:

1. Simulate {5,,]. : (z' =1:n, )with ( j=1:J )}, where the J; are sampled independently

from a normal distribution with mean zero and standard deviation, o .

2. Simulate {ﬂ,l.j (0): (i =1:n, )With (j=1: J)}, where the 4, (0) are sampled

independently from a normal distribution with mean zero and standard deviation
a.

3. Simulate {xly.(tk): (z' =1: nj)with (j=1:J)and (k=1: K)}, where the 4, (z,) are
sampled independently from a normal distribution with mean zero and standard

deviation « .

4. Combine the constituent effects from Steps 1 to 3 to form the simulated data:
Yij(tk): /U(Xj;lk)+ 51‘1 '(:’J(Xj;tk)_l)"' /11‘;'(0)"' ﬂ“ij(tk)
a. Ensure that ¥, (t,)>1



5. Model the collective set of simulated resistance data for the current trial:
a. Estimate model parameters (degradation and error)
b. Estimate average cell life
c. Compute the lack of fit sum of squares (SS,,, ) (Section 2.7)

The summary statistics (e.g., standard deviations and order statistics) of model
parameters, estimated cell life, and SS,,. across trials can then be computed. The

standard deviations of the model parameters and estimated cell life are referred to as
bootstrap standard errors.

2.7 Lack-of-fit Statistic

It is also important to assess how well the degradation model fits the experimental
data (i.e., the level of performance variation observed for cells aged under a common
stress condition). Inaccuracies in the degradation model are detected by the lack-of-fit
statistic shown in Equation (12), where J is the number of stress conditions, K is the

number of RPT’s (the beginning of life RPT is denoted as RPTO), 7}, is the average
performance measure (e.g., relative resistance) of the ;” stress group at RPTK
corresponding to some time # (consisting of nj, cells), /i . 1s the fitted degradation model
for the j stress group at RPTK , and 6'}2., is the fitted error model for the j stress group at

RPTK, as shown in Equation (13). Note that Equation (12) is normalized by the product
of the number of stress conditions and RPTs (J-K) to enable a comparison across different
experiments.

ss, =1 ii P (7, -4, ) (12)
LOF JK == Aftk Jt Tt
62 =62-(a, -1 +6? (13)

Monte Carlo simulations (Section 2.6) based on the developed degradation and
error models are used to assess the lack-of-fit statistic. The value of SS, . based on the

original data is compared with the empirical distribution of the SS, . values obtained via

the simulation trials. An unusually large value for the lack-of-fit statistic (e.g., greater
than the 95™ percentile of the simulated SS ,or Values) is indicative of model inaccuracy.



2.8 Application to Calendar Life Data

The recommended pathway for demonstrating adequate calendar life of a battery

technology given a set of experimental data from typical USABC testing (References 1-
5) is as follows:

1.

A deterministic degradation model (Section 2.2) is developed to reflect the
average (i.e., typical) cell degradation over time as a function of various stress
factors such as temperature and state-of-charge. This model must be accurate
over the anticipated range of conditions the cells will experience. It is also
assumed that the cell technology is sufficiently advanced such that, given a
standard reference (e.g., 30°C), the model will predict a life capability exceeding
the target requirement with some significant margin (i.e., the lower confidence
bound for predicted life must exceed the 15 year goal).

An accurate error model (Section 2.3) is developed to reflect the cell-to-cell
variability in observed degradation about the average behavior. This model
accounts for variability due to measurement error as well as the intrinsic
differences between cells.

The degradation and error models from Steps (1) and (2) are used as the basis for
conducting Monte Carlo simulations (Section 2.6) to assess the lack-of-fit statistic
(Section 2.7).

If there is no evidence for lack-of-fit, the average cell life is estimated at the lower
confidence limit via the fitted degradation model.

Adequate calendar life of a battery technology is demonstrated if the lower
confidence limit bound of the estimated cell life exceeds the requirement.



3 BATTERY LIFE ESTIMATION SOFTWARE

The purpose of the BLE software package (http://www.anl.gov/techtransfer/
Software_Shop/TLVT/TLVT.html) is to facilitate the analysis of simulated and
experimental test data. The software captures all of the mathematical analysis and life-
simulation tools described in this manual, and includes the default model described in
Section 2. This section provides a description of the software contents and a user’s guide
to running the application.

3.1 System Requirements

The minimum system requirements for the BLE software package are a PC
computer with a Pentium 4 processor with at least 1 GB of memory and VGA graphics.
There should also be a minimum of 3 MB of free space on the hard disk.

The software has been extensively tested on Windows XP, but the minimum
operating system must be at least Windows 2000 (it will not work on Windows 98 or
earlier). The Microsoft .NET framework versions 1.1, 2.0, 3.0, and 3.5 must be installed
for the software to operate. These framework versions can be downloaded from the
following websites:

e Version 1.1:
http://www.microsoft.com/downloads/details.aspx?familyid=262D25E3-F589-
4842-8157-034D1E7CF3A3&displaylang=en

e Version 2.0:
http://www.microsoft.com/downloads/details.aspx?FamilyID=0856 EACB-4362-
4B0D-8EDD-AAB15C5E04F5&displaylang=en

e Version 3.0:
http://www.microsoft.com/downloads/details.aspx?FamilylD=10CC340B-F857-
4A14-83F5-25634C3BF043&displaylang=en

e Version 3.5:
http://www.microsoft.com/downloads/details.aspx?FamilylD=333325fd-ae52-
4e35-b531-508d977d32a6&DisplayLang=en

3.2 Battery Life User Interface

The BLE software application is designed to be very user-friendly. All functions
are accessible through menus and data-entry forms. When the application starts, the
blank desktop, shown in Figure 1 will appear. The main menu consists of five choices:
File, Edit, Run, View and Help. A detailed description of these menu choices are
provided in Section 3.5.



E’ﬂBattery Life data analysis =10l x|

File Edit Run Yiew Help

Figure 1. BatteryLife.exe desktop

3.3 Equation Requirements

The data to be fit or modeled must be time-based, with time as a dependent
variable. Additionally, the modeling equation must be linearized without containing
exp(const) or In(const) terms, where const is a constant. The resulting transform
equations must each consist of only one independent variable. Consequently, the number
of transform equations for the linearized form is based on the number of independent
variables in the model equation.

For example, the expression R = A + B/T + Ct* with 4, B, and C as the dependent
variables has the linear transform equations of R, 1/7, and /. A more complex expression
such as R=Aexp(B/T)¢* can be linearized to InR=In4 + B/T + zIn(?), but it is not in the
proper form because of the In4 term (log of a constant). The original expression should
be rewritten as R=exp(4' + B/T)t’, then linearized with InR=A" + B/T + zInt with transform
equations of InR, 1/7, and Inz.



3.4 Data Formatting Requirements

It is assumed that the data to be fitted are arranged in columns (e.g., in EXCEL or
plain text) with a comma as the delimiter in plain-text files. A header row at the top of
each column must be included as well. The columns do not have to be sequential. It is
further assumed that all data to be fit or modeled are time-based and that time 1s included
as one of the columns in the discrete variable input file.

The data to be fit should be normalized to the # = 0 value for each dependent
variable of the degradation model (Section 2.2). However, the beginning of life value
(i.e., at t = 0) should not be included in the BLE software data file. If it is not removed,
the program will filter these values out as well as any dependent variable values that are
less than zero.

Table 3.1 shows part of a sample input file arranged in columns with time,
temperature, and relative resistance. Note that if there are missing measurements, as
shown in the second row of data in Table 3.1, they must be removed before starting the
data analysis and simulation program. If they are not, an error message will be displayed,
stating that there are no data available.

Table 3.1. Example of data containing a missing measurement.

Time,[Temperature,| Relative

yr K Resistance
0.1 298 1.02
0.1 298

0.1 298 1.01

0.1 308 1.03
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3.5 Software Navigation
In the accompanying description, the "P>" symbols indicate a sequence of mouse clicks.

3.5.1 File Menu

The File menu is shown in Figure 2 and consists of the following choices: New,
Open, Save, Save As, Preview Report, Print Report and Exit.

Bal:ter'_.r Life data analysis
File Edit Rum Wiew Help
[T =

= oOpen e+ @D Simulation
E Save Chrl+5
E.! AVE 35,0,

[] Preview report

&5 Print repart Chrl4+P
sl Exit Crb-Shift+3

Figure 2. File menu

File » New P Fit. This option activates the Fit Wizard (Section 3.6.3) and allows the

user to start a new fit based on a modeling equation and an existing set of data (i.e., from
a file).

File » New P Simulation. This option activates the Simulation Wizard (Section 3.6.4)
and allows the user to start a new Monte Carlo simulation based on a modeling equation.

File » Open (Ctrl+O). This option opens an existing *.Life file. The files contain the
information needed to carry out the fit or simulation or a combination of the two. If the
application finds that there is an error in the file, such as it was created by an earlier
version of the software or is corrupt, the application will display an error. (Section 3.4)

File » Save (Ctrl+S). This option saves the existing fit / simulation information to a fit
for later use. The file is saved to the current filename or to a file called "default.Life."

File » Save As. This option saves the current fit / simulation information to a fit for
later use. The file is saved to a user-defined filename.

File » Preview Report. This option lets the user see the report on the desktop before
committing it to paper (Section 3.7.3).

File » Print Report (Ctrl+P). This option lets the user commit the fit / simulation
calculations to paper.

File > Exit (Ctrl+Shift+X). This option ends the current session.
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3.5.2 Edit Menu

The Edit Menu is shown in Figure 3 and consists of the following choices:
Equations, Life confidence limit, and Copy view to clipboard.

Battery Life data analysis
File | Edit Fun Yiew Help
Equations Ckr|+E

Life confidence limik Chrl+L

Copy view to clipboard Chrl+iC

Figure 3. Edit menu

Edit » Equations (Ctrl+E). This option starts the equation editor to alter the stored
equations that are used in the current fit and/or simulation (Section 3.6.3.3).

Edit » Life confidence limit (Ctrl+L). This option changes the lower and/or upper
confidence limits that are used for the life projections (Section 3.6.2.4).

Edit » Copy view to clipboard (Ctrl+C). This option copies the contents of the current
(foremost) view to the Windows clipboard for pasting into other clipboard-aware
applications, such as EXCEL or Word. It is copied as a windows metafile if the view
contains a plot, or as HTML if the view contains text and/or data tables. Data table
displays are copied exactly as they appear on the screen.

3.5.3 Run Menu

The Run Menu is shown in Figure 4 and consists of the following choices: Fit and
Simulation.

Battery Life Data Analysis - C:h kvt default.Life

File Edit | Run Yiew Help

2= it Chrl+F
Sirnulation CLrl4+5

Figure 4. Run menu

Run P Fit (Ctrl+F). This option re-runs the present fit.

Run » Simulation (Ctrl+S). This option re-runs the present simulation or creates a
simulation based on the present fit.
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3.5.4 View Menu

The View menu is shown in Figure 5 and consists of the following choices:
Results of Models, Plot..., and Data....

Battery Life Data Analysis
Fle Edit Run | view Help
Results of Models v S=alan] Chrl+Shift+G
¥ &d Monte Carlo simulation Cerl+5hift+5

Figure 5. View menu and model results sub-menu
3.5.4.1 Results of Models
The sub-menu for model results is also shown in Figure 5.

View P> Results of Models P Fitting (Ctrl+Shift+G). This option displays the results of
the fitting calculations, and includes the model equation, the names and variables used,
the values of the fitting parameters, the estimate of errors, and lack of fit information
(Section 3.7.1).

View P> Results of Models » Monte Carlo simulation (Ctrl+Shift+S). This option
displays the results of the Monte Carlo simulation (Section 3.7.2).

3.5.4.2 Plot

The plot sub-menu is shown in Figure 6 and has five choices: Fitting Results,
Var(Y) vs. (-1, (Y -2) vs. fi, it vs. Y , and Monte Carlo simulation (Section
3.7.2.2).

EﬂBattery Life Data Analysis - C:\tivt\default.Life

Figure 6. View menu and plot sub-menu

View P Plot... » Fitting Results (Ctrl+Shift+N). This option produces a plot of the
experimental data and the fit.
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View P Plot... » Var(Y) vs. (& -1)? (Ctrl+Shift+V). This option produces a plot of the
error model results.

View » Plot... » (Y - 1) vs. ji. This option plots the difference between average and

predicted performance results (e.g., of relative resistance) versus the predicted
performance.

View P Plot... » /i vs. Y. This option produces a plot of the predicted performance

behavior (e.g., predicted relative resistance) versus the average measured performance
observed during testing. A 45° line is also included in this plot to indicate where the data
should lie for a perfect fit. Data that lie well off the 45° line should be evaluated for lack-
of-fit (Section 2.7).

View P Plot... » Monte Carlo simulation (Ctrl+Shift+T). This option produces a cell-
distribution bar chart.

3.5.4.3 Data

The data sub-menu is shown in Figure 7 and has two choices: Input data and
model. The model sub-menu is also shown in Figure 7 and has three choices: Relative
resistance, Var(Y), and Monte Carlo simulation.

Battery Life Data Analysis - C:htlvt'.default.Life

File Edit Run | Wiew Help

Results af Models  #
Flat. .. »

Madel. ., + ‘F’ Fel, resistance
a Yarlr)

g0 Monte Carlo simulation

Figure 7. View menu and data sub-menus

View P Data P Input Data. This option displays the input data, and is useful for
comparing the known input data to what the software read from the input file. Figure 8
shows a sample data display with the proper format discussed in Section 3.4. The data
can also be sorted in ascending or descending order by simply clicking on the column
title. When the data are sorted by a particular column, a small arrow (Aor V) will
appear that indicates the direction of the sort. The data displayed in the grid can be
exported to a comma-separated values (CSV) file by clicking on the "Export>>" button
on the right hand side, as shown in Figure 8.

View P Data » Model... » Rel. Resistance. This option displays the degradation
parameter data; in this case, it is the relative resistance. The label will automatically
adjust to the appropriate parameter being fit/modeled by the software.
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View P Data P Model... » Var(Y). This option displays the variance of the output

data.

View P Data » Model... » Monte Carlo simulation. This option displays the results
from the Monte Carlo simulation, including the parameter fits, error variances (i.e.,
SIGMA D is the variance of cell-to-cell effects and SIGMA _E is the variance of the
measurement error), life projections, and the lack-of-fit sum of squares values generated
for each simulation trial. A sample Monte Carlo simulation output is shown in Figure 9.
The data displayed in the grid can be exported to a comma-separated values (CSV) file
by clicking on the "Export>>" button on the right hand side.

121 Input Data

REL. RESIST | TIME

| TEMPERATU

4 1.057420408
1.058347338
1.046881732
1.008

1.035573235
1.073361716
1.039183135
1.036420086
1.040746604
1.082777056
1.07R852926
1.0651 03428
1.080662412
1.043842834
1.060343111
1.068831531
1.084583031

0.0863
00863
0.0863
0.0863
0.0863
0.0863
0.0863
0.0863
0.0863
0.0863
0.0863

10,0263
0.0863
0.0863
0.0863
0.0863
0.0863

313
313
313
33
313
33
33
313
33
3205
3205
3205
3205
3205
3205
3205
3205

Expart > |

Figure 8. Input data display

Simulation conditions

EE,’-‘.'Data from Monte Carlo simulation

TEMP: 203K

BO

Experimental Conditions
Murnber of trials: 1000

X

[P

| SIGMA,_D

| SIGMA_E

| Life Estim £ | Sum of Squar

Export 3>

4 19.92123755
18.62535338
16.73428257
16.87605665
18.45383387
1776455279
1264430745
1763522057
17.85764309
18.17688730
1745234658
19.53284124
18.11398182
18.34554779
17.67988422
17.69702435
17.94003034

-6810.530434
-5396.540157
-5786.157604
-5830.935621
-6328.831518
-6116.750338
6388943218
-6071.024E08
-6133.474391
-5243.734670
-6026.469346
-BE74.069354
-6222.044707
-6296.091155
-B08E. 578643
-6090.344583
-6172.238483

0587035265
0.554684651
0.601342035
06053385439
0531072381
0527540235
0.B3E341657
0579511302
0.520303272
0.540245327
0.534557367
0.559261911
0527603069
0533027300
0521682136
0.519540482
0.531246983

0003063836

0015196338
| 0.004080574
| 0.004717437
| 0.006414363

0.006976027

0.000833827

0.003371581

0.001754356

0.000346747
| 0.007353886

0
| 0.0001 72202

0003821436

0.003335914

0006284833

0.001068943

8662218588
BE7F1972346
0.0007124126
0000105478
‘5.955341863
7.062270371
9.965671242
0.00M21337
00007124508
9.847407193
5.781206533
0.000113880
0.000153713
7.448992468
9.741802571
0.0001351492
9680855186

10.00151932
10.00231802
10.00544538
10.01178320
10.01358326
10.01446545
10.01870320
100187330
10.02367436
10.02528363
10.02315203
10.03706753
10.03789007
10.04354655
10.05080640
10.05526483
10.06001532

19.92579054

| 4.535442802

14.93535184

2441456504

1126251571

B 431789647

9.75E236449
3142245143
11.43375316

15.68781002

2507672085

(1603302611

11.72006032

1013191037

17.20986335
5.226843820
1812685242

Figure 9. Monte Carlo simulation data display
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3.5.5 Help Menu

The main help screen is shown in Figure 10 and provides a detailed description of
the program’s capability and navigation.

0 - & B

Hide  Bsck  Pint  Optians

Conterts | ndex |
@ File menu

~emmm || Battery Life Data Analysis Software
@ Edit menu

I [al 5]
@ Runmenu

|
Curve Fitting and Life Projection
@ view menu
Traubleshaating

[2] Third party software
A

Figure 10. Software help file
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3.6 Using the Software
3.6.1 Creating or Opening an Existing Fit/Simulation File

Creating a new fit or simulation (File » New P ) will immediately launch the
appropriate wizard. When opening an existing file (File » Open), the user will be
prompted with a file-selection dialog box, similar to that shown below in Figure 11. The
BLE software files are saved with a “*.Life” extension and contains information
regarding what type of operation is to be done (fit, simulation or both) and the values of
other parameters used in the program.

Open an existing fit,/simulation o ﬂil
Look in; |E} Het j = B oF Bl

[_testingz

[_itestingZ (backup copy 9-1an-0&)
() TestingZ {backup copy)

| ) TestProject1

[ ithreads

[Dezktop

4

TLYWT_Figures
TLWTSetup

1 ¥BMenulmage
, [ YiewTest

My Documents () windowsapplicationt
|)working copy

default, Life

[

File name: I Open

Filez of type: IBatter_l,l Life files LI Cancel |
! . ),

Figure 11. File selection dialog box
3.6.2 Fitting and Simulation

Once a file has been opened or created, there are three options available in this
software package for fitting and/or simulating the data:

1. Fit Only. This option solves for parameter values based on input data and the
model equation.

2. Fit and Simulate. This option solves for parameter values and simulates life based
on those fitted values.

3. Simulate Only. This option simulates life based on user-provided parameter

values with the assumption that the fit was completed independent of this
software package.
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3.6.2.1 Fit Only

The program will prompt the user to identify the stress factor groups within the
dataset to include in the fitting process. A sample dialog box is shown in Figure 12, with
temperature (in Kelvin) identified as the stress factor of interest. The user may
select/unselect the datasets indicated by the experimental stress condition(s) by clicking
on the check boxes or on the Select All or Unselect All buttons. Click OK to proceed to
the fitting process. The results of the fit can then be seen by clicking on the View menu
choices (Section 3.5.4).

J[ Include or exclude data set{s) & |I:I|_|

Datasets representing combinations of Stress fan:tn:nra can be
included or excluded in the fitting calculations. Click to
selectfunselect,

— Stress conditions: TEMPERATLIRE
[ 303

fv 313
v 3205
v 328

[Inzelect Al Select Al | k. Cancel

Figure 12. Include/exclude dataset(s) dialog box
3.6.2.2 Fit and Simulation

The program proceeds through the function described in Section 3.6.2.1, then
prompts the user to run the simulation. The dialog then becomes similar to that found in
the Fit Wizard discussion (Section 3.6.3). The results of the fit and simulation can then
be seen by clicking on the View menu choices (Section 3.5.4).

3.6.2.3 Simulation only

The dialog is very similar to the description in Section 3.6.2.2, except that no
fitting is performed and the parameters of the equations must be provided by the user.

The results of the simulation can then be seen by clicking on the View menu choices
(Section 3.5.4).

3.6.2.4 Life Confidence Limits

There are two types of life projections that can be performed with this program,
one based on experimental data (Section 3.6.2.2) and the other based on parameters
provided by the simulation only option (Section 3.6.2.3). The projection based on
simulations only is primarily intended to establish a viable life verification experiment, so
only the worst-case scenario (i.e., lower confidence limit) needs to be considered
(Reference 4). The projection based on experimental data uses both an upper confidence
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limit (UCL) and a lower confidence limit (LCL) to show the full range of uncertainty
with regard to the expected life. A typical display to change just the lower confidence
limit is shown in Figure 13. The life projection will then be calculated using the input
value(s), then displayed on subsequent dialogue boxes and reports.

& Edit confidence level |

Confidence lewel

LCL, %2 a0

Figure 13. Editing the lower confidence limit

3.6.3 Fit Wizard

The Fit Wizard assumes that time is an independent variable for all modeling
equations. The fitting process is as follows:

1. Specify the data to be fit
2. Associate variables to the data parameters

3. Specify the life equation and the corresponding transforms using the identified
variables

4. Import test data from file
5. Identify stress factor combination(s) to include in the fit
6. Perform the fit

With each dialog box in the Fit Wizard, the user can move forward by clicking the
“Next” button. If all of the entries were not appropriately filled, the software will prompt
the user for the missing information. To update or modify a previous entry, press the
“Back” button to return to the previous screen.

3.6.3.1 Defining the Data

The first step in the fitting process is to define the type of data that are to be used.
Figure 14 shows the list of available dependent and independent variables in the software
tool. The dependent variables include resistance, capacity, energy, and power, and only
one can be selected per fit. The independent variables include time, temperature, state-
of-charge (SOC), power, energy, capacity, discharge cutoff, and charge cutoff. More
than one independent variable can be chosen per fit, and they can be selected by clicking
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on the variable name. For example, a total of three variables (one dependent, and two
independent) have been identified for the fit in Figure 14.

A Data Import Wizard - Step |
~ Drefine data in file

Itis aggumed that all deta are ime-based. ]
There may be other independent vanables o include. Click to sahc.t
click again fo de-select

Dependent vanable :
{chooze one) Independent variables

Figure 14. Typical display to define the data in a file
3.6.3.2 Associate Variables with the Definitions

Once the data have been defined, the next step is to assign variables to the
parameters. Since there are three parameters identified in the example shown in Figure
14, the software will prompt the user to identify three algebraic variables, as shown in
Figure 15. The algebraic variables can be more than one letter and the names are not
case-sensitive (e.g., “t” for time and “T” for temperature will not work). The first
variable name in the list is the dependent variable (e.g., resistance). The software will not
associate any physical process with the name and, hence, does not implicitly know if the
dependent variable increases or decreases with time. Therefore, the "Increases with
time" box to the right of the dependent variable text box should be checked when
appropriate (e.g., it is checked in the case of resistance, but wouldn’t be in the case of
capacity or power loss).

All temperatures in the fitting and simulation processes must be in Kelvin. If the
data input already has temperature in Kelvin, put a “k” in the “Temperature: Celsius/

Kelvin” text box. Otherwise, place a “c” in the text box, and the software will
automatically perform the conversion to Kelvin.

At this stage in the software development, only calendar-life data in units of time
(e.g., weeks, months, years, etc.) are considered for fitting. At some future date, cycle
life data will also be implemented in the software tool as well. Until then, the “Cycles”
option is unavailable.
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{j Data Import Wizard - Step 2 - Yariables _Zﬂ

—Associate names with wariables

Yariable Mame “ariakle

Fesistance Ir ¥ Increases with time
Time |t * Calendar © Cycles
Temperature |temp

Temperature; Calsiugfealvin Ik

< Back MHext = Cancel

Figure 15. Typical display to associate data and variables

3.6.3.3 Specify the Equations

The life and transform equations must be entered next. The non-linearized form of
the life equation is entered in the upper text box marked “Modeling equation,” and must
contain all of the independent variables identified in the previous step (Section 3.6.3.2).
The form of the equations must be of the appropriate mathematical operations and
functions. The “Help” button will identify the available algebraic symbols, as shown in
Figure 16. Do not include an equal sign (i.e., “=") at the beginning of the expression.

2heh x

Entering equations

Enter the equations as you would algebraically, except omit the
sytmbols to the left of the equals sign. Thatis, if you wantto use
w=x+1 ag an equation. enter anlythe x+1 in a box,

The program understands the following operations/functions.
They can be used in any order and nested together.

+ [add)

- [subtract or negate)

*imulipha

{idivide)

“lraize to)

In (natural log)

exp (Exponential).

It alzo understands algebraic logic for example, expressians like
1+exp(bl+b1temp)™p can be used The expressions are not
case-zensitive, 50 'T'is the same as 1.

O

Figure 16. Available algebraic functions
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The life equation must be easily linearized through simple mathematical
operations (Section 3.3). The terms in the linear form of the equation are to be entered in
the group of text boxes labeled as “Transform equations.” The number of transform
equations will depend on the number of independent variables identified in Section
3.6.3.1.

Figure 17 shows the dialog box for specifying the equation and transforms using
the example variables that have been identified (e.g., resistance, time, and temperature).
The equation is based on the default model given in Section 2.2. The “Default Model”
button in the dialogue box will automatically fill in the text boxes with the appropriate
model and transforms using the variable labels identified in Section 3.6.3.2. In the
example, the life equation is R=1+exp(bo+bi/temp)t’. The linearized form is, therefore,
In(R-1)=by + bi/temp + zInt. The terms containing the three variables entered above are
entered in the boxes; the fitting constants, by, b; and z, are not entered. The order in
which the transform equations are entered does not matter. The equations are not case
sensitive and there is no limit to the number of terms in them (Section 3.3).

a Data Import Wizard -- Step 3 -- Specify Equations ll

Input modeling and transform equations. The modeling equation relates a resultto independentvariables and is in the
form, Y=f{a.b.c..). The coefficient/power of an independent wariable should not be a constant. but should be written as
afitting parameter. The transform equations are used forfitting the data and are broken down by wariahle, as in x1=f
(7). =2=g(a), »3=hib), *4=i(c), .. where f g h. i . are simpler functions of one variable.

Dependentvariable transform equation should be written in terms of B.

Modeling eguation
Y=|1 +EXP{BO+B2TEMPT "B1

 Transform equations
f=In(P-1
g=In(T)
h=[1/TEMP

Default Model | < Back I Mest » | Cancel Help
Figure 17. Typical display to specify equations

3.6.3.4 Import Test Data

The next step in the Fit Wizard is to import data from an Excel workbook or
comma-separated value file. The data must be arranged in columns and normalized to
time 7 = 0 (see Section 3.4 for data formatting requirements). Additionally, if the relative
change between measurements is greater than 50% (increase or decrease), the error
model strategies will not be applicable and the user will then see a warning to this effect
and have the option of continuing or not. Figure 18 shows a typical display for file
selection. Only one file can be selected at a time.
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Bata Import Wizard -- Step 3 - Select Data File
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Once a file has been selected, the wizard will produce a display similar to that
shown in Figure 19. In this example, an Excel workbook was selected as the data file, so
the worksheets names are shown on the left side of the display. Clicking on the worksheet
with the data of interest produces a display similar to Figure 20. If an error was made in
the file selection, click Open another file... to change source data. A similar display will

Figure 18. Typical display to select a data file

be shown if data are read from a comma-separated-values file.

ﬂ Opening an Excel file: C:h tHvt RPT7 dat w SOC.xls
Itis assumed that all data are nomalized to t=0.

Opening an Excel file

Select sheet with data

Sheet preview

ad Dpening an Excel file: C:4HyE\RPT? dat w SOC.xls
Itis assumed that all data are nomalized to t=0.

Opening an Excel fila

Select sheetwith cata

Sheet preview

Name : column in gnd

gne'?ﬂz Contents of first two rows of UseThis o
eet : -
£ 8 € | 2 P j TEMPERATURE
F  (Time Temp Fielative Re
0 303 1.0337634 ¥
1 »
Open another file... | Cancel | aK |

Figure 20. Typical display to select columns from a particular worksheet
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In Figure 20, the “UseThis” worksheet is selected. In this case, the program
displays the contents of the first two rows of the selected sheet in the preview window,
allowing for easier column selection.  The variables are associated with the
corresponding data by clicking on the first cell of the appropriate columns. For the
example shown in Figure 20, the mouse-click sequence would be columns C-A-B,
corresponding to the list of variables identified on the right-hand side. Once a variable
has been assigned, the column location is identified in the right window (e.g. “TIME”
will change to “TIME: A”). If a mistake is made, either continue choosing columns until
display cycles back to where the error is or click on the incorrect name-column
combination on the right and then click on the correct column. It is assumed that the time
data are in calendar years and that the temperatures are in Celsius or Kelvin. If the
temperatures are in Celsius, the program will convert them to Kelvin (Section 3.6.3.2).

3.6.3.5 Select Stress Factor Combinations

After the data are imported, they will be analyzed and grouped according to the
stress factors previously identified (see Figure 14). There is also an opportunity to
include or exclude a set of stress conditions if the data are not well-behaved. Figure 21
shows the display for this step using temperature as an example stress condition.
Following this step, the software proceeds to the fit, and the results can be displayed as
shown in Section 3.7.

i”ilru' e oo esclude data set{s)

Datasets representing combinations of siress factors can be
included or excluded in the fifing calculafions. Click to
seleciunselect

- Sfress condlons: TEMPERATURE
303

33
3205
i+ 326

Figure 21. Selecting which stress factors to include in the fit calculation
3.6.4 Simulation Wizard

Simulation is performed to calculate a life projection based on an assumed model,
and, if experimental data are available, to judge the lack of fit between the test data and
the model. As with the Fit Wizard (Section 3.6.3), the Simulation Wizard assumes time
is an independent variable for all modeling equations. The simulation process is shown
below.

1. Define the data to be used
2. Associate variables to the data parameters

3. Specify the life equation and the corresponding transforms
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4. Enter simulation parameters
5. Specify simulation conditions
6. Perform the simulation

With each dialog box in the Simulation Wizard, the user can move forward to the next
step by clicking the “Next” button. If not all of the entries were appropriately filled, the
software will prompt the user for the missing information. To update or modify a
previous entry, press the “Back” button to return to the previous screen. The first three
steps of the Simulation Wizard are the same as the Fit Wizard, and are discussed in
Sections 3.6.3.1 through 3.6.3.3; Steps four through six are described below.

3.6.4.1 Enter Simulation Parameters

The parameters affecting the simulation results are entered using the form shown
in Figure 22. Most of the fields will be automatically filled in by the software program
based on the results from the Fit Wizard (Section 3.6.3). The user must enter a value for
the percent-change of the degradation parameter at end-of-life (EOL). A typical EOL
value is 30% degradation. The other fields can also be adjusted as necessary, though it is
not recommended if the user wants the simulation to replicate the actual experiment as
closely as possible. For example, if the measurement error is independently determined
(Section 2.3.2), then this value can be entered in the appropriate field. The initial
parameter values (e.g., B2, B1, and B0 in this case) should be guesstimated based on
expected performance. For example, if the model generally assumes a square root of
time dependence, the value for “B1” in Figure 22 should be close to 0.5.

E;.;}Monte Carlo Simulation Wizard -- Step 4 |

—Simulation parameters

The cells are divided into groups. Each group is
exposed to one set of conditions for the
experimental variables, How many groups of cells
are there?

RPT frequency, wesks

indicates an increase; a negative one, a decrease)

|3
|4
armount of change at EOL, % (a positive value I30

Cell-to-cell variation (1o ), % 5.6547 146525

Measurement errar (1o 3, % Il.llDDDDSEI?

—Initial Parameter Yalues

Model Equation: 1+EXP(BOHEZ/TEMPY* T B1

Pararmeter Mame Agsoc. Variable Walue

BZ TEMP |—6235 50071893587
BO <--constant--> |15 .14397858496503
Bl T ID.516?5155983?93

Cancel | oK |

Figure 22. Display allowing entry of simulation parameters
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3.6.4.2 Specify Simulation Conditions

The experimental conditions (temperature, duration, number of cells, etc.) are
then specified for all groups, as indicated in Figure 23. There is no limit to the number of
groups that can be used, but the total number of cells in the simulation is limited to 500.
The Monte Carlo simulation parameters for life prediction are also entered at this stage.
These values include the temperature (in Kelvin), the upper and lower confidence limits
(only the LCL is needed if simulating results without experimental data), and the number
of simulation trials. Click on OK to perform the simulation and life prediction.

{‘ Specify conditions 1'

—Experimental Conditions

Groug #1 Group #2 Group #3
TEMP |313 TEMP I320_5 TEMP |323
DURATION, YR |g_5041 DURATION, YR Ig G041 DURATION. ¥R |g_gg41
Mo, of cells |g Mo. of cells Ig Mo, of cells |3
—Mante Carlo
—values for life predicion —————————
TEMP |
LCL %5 |g5
UCL, % |95
Mo oftrials Imnn
coos |

Figure 23. Experimental conditions and Monte Carlo parameter entry

3.7 Reports and Displays
3.7.1 Model Fit Results

The results from the model fit can be found by clicking on View B> Results of
Models P Fitting (Ctrl+Shift+G). An example result is shown in Figure 24, and includes
the model equation, the names and variables used, the values of the fitting parameters, the
estimate of errors, and lack of fit information. The numbers in parentheses given for each
of the fitting parameters are the bootstrap standard errors determined from the Monte
Carlo simulations. The values given in the error model section, 082 and 052, represent the
variances of the measurement error and cell to cell effects, respectively. They are derived

from the regression of the variance of the experimental dependent variable, Y, on (,& - 1)2 ,
where 4 is the predicted value of Y. The variance of the dependent variable, Var(Y),
and £ are computed for each experimental condition (e.g., temperature/time) to form the

data set used in this regression. Alternatively, the measurement error will reflect the
independently determined value, as discussed in Section 2.3.2.

The value of the lack-of-fit statistic (SS,,.) obtained with the actual data is
compared with the empirical cumulative distribution function (CDF) of the SS, . values

obtained via the simulation trials to assess model inaccuracy. If the lack-of-fit statistic
(SS,,r) obtained with the actual data exceeds the (1 —a)-100" percentile of the
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simulated SS,,, values, then it can be concluded that the model is inaccurate. Normally,

a small value for « is selected (e.g., 0.05). In practice, the CDF is evaluated at the value
of the lack-of-fit statistic (SS,, ) obtained with the actual data. If the evaluated CDF

point exceeds (1—«), then it is concluded that there is evidence for lack of fit. Pressing

the "View CDF" button will display the empirical CDF curve and the evaluated CDF
point as shown in Figure 25. The empirical CDF curve may take some time to display
fully.

/= Results from fitting x|
~Rel. Besistance model-

Model Equation:
R=1+EXP(BO+B1/TEMFP*T F

Mames and Yariahles
FEL RESISTAMCE: R
TIME: T
TEMPERATURE: TEMMF

Yalues of fitting parameters (bootstrap standard error):
BO=181319(1.189)

B1=-6235.5007 (382.474)

P= 05168 (1.7954E-2)

e

O =1.2321E-4
2

'35 =3.197BE-3

Estimate of measurement errar, 5 1.11

Estimate of cellto-cell wariahility, 22 55547

~Lack-of-Fit: Degradatiun FRIEIE] ] oo :

Sum of Squares 51.5941 view COF |

Empirical COF Foint 0.99

Caonclusion Lack of fit detected

Figure 24. Example results from fitting display
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0.00
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Sum of Squares

100.0
Figure 25. Example CDF curve

3.7.2 Monte Carlo Simulation Results

3.7.2.1 Life Estimation

The results of the Monte Carlo simulation can be found by clicking on View »
Results of Models » Monte Carlo simulation (Ctrl+Shift+S). Figure 26 shows an
example of life estimation when using experimental data (i.e., a life estimate with an
upper and lower confidence limit). If a life estimate is based only on simulated data
derived from the input model parameters, the resulting prediction will typically be
displayed as shown in Figure 27, with only the LCL life projection.

E‘] Life Estimate

Life estimate at 95% LCL= 8 by
Life estimate at 95% UCL= 15y

Goal
L
0 5 10 15 20 25 a0
Tirne, y

Figure 26. Life estimate display using experimental data
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Battery Life X

"
- | J The 20% LCL is 9.5 vears

Figure 27. Typical life projection result display from Monte Carlo simulation

3.7.2.2 Data Plots

As mentioned in Section 3.5.4.2, there are five data plots available in the View P
Plot... » menu option. A sample fitting results plot is shown in Figure 28 and shows the
experimental data and the resulting model fit. The numbers on the right of the model
output indicate the test temperature (in Kelvin). An example plot of the error model
results (i.e., Var(Y) vs. (/-1)?) is shown in Figure 29, where ;g is the estimated

performance. A plot of (Y - /) vs. jtis shown in Figure 30, where Y is the average

measured performance. A plot of & vs. Y is shown in Figure 31, including the 45° line

that indicates a perfect fit. The simulated data in Figure 31 shows evidence of lack-of-fit,
as concluded in the summary display (Figure 24). Finally, a sample cell-distribution bar
chart determined from the Monte Carlo simulation is shown in Figure 32. This particular
plot shows that over 50% of the cells have a predicted life of about 12 years or more, and
that the highest population group has a predicted life of 11 years.
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&
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Figure 28. Experimental data and fitted curves
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Figure 31. Predicted performance behavior vs. the average measured performance
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Figure 32. Cell distribution bar chart
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3.7.3 Report Preview

A preview of the results assembled by the software can be found by clicking File
» Preview Report (Section 3.5.1). A sample report is shown in Figure 33. This is useful
in viewing the report prior to printing it on paper. The '<Prev' and 'Next>' button allow
navigating between and among a multi-page report.

|B|Battery Life Data Analysis - C:\tivtdefault.Life - [Print preview] —Ex]

o] File Edt Run View Help 18 x|

< Prev. Next >

Battery Life file: C:\ht\default. Life
Data file: C:#hiRPT dat w SOC xls
Data sheet: UseThis

Muodel Eguation
R=1+EXP{BO+BATEMP)*T*B1

Transform equations
Eq. 1: LN(R-1)

Eq. 2: LN(T)

Eq. 3: 1/TEMP

Mames and Variables

REL. RESISTANCE: R

TIME: T

TIME UNITS: Years
TEMPERATURE: TEMP

INPUT TEMPERATURE UNITS: K

Walues of parameters (bootstrap standard errar)
B2= 6335 6952 (348.7182)

BO= 185136 (1.0909)

B1=05163 (1.7884E-2)

Er&ur hiodel Results:

Gg =4 7026E-3

Estimate of cell variability, %=6.8576

Gl =7EETIES

Estimate of measurement arrar, %=08756

Fit of model results to data:

135

13

125

Rel. resistance

0o o1 02 03 0.4 0e
Time, years

Figure 33. Report print preview
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3.8 Troubleshooting

The following section identifies known issues with the software development as
of the publication of this manual, and their associated solutions.

3.8.1 Text-entry boxes and/or buttons are not in the correct positions or
appear to be crowded

Solution: Change the settings for the display. Close the application. Right click
on the desktop and select properties. Click on the tab that says Settings. Click on the
button that says Advanced. Change the DPI setting in the Display group box to 96 DPI.
Click OK twice.

3.8.2 The application is running on a network and an error occurs when
trying to open a Life file

Solution: A message box similar to the one shown in Figure 34 should appear.
This error occurs only when the application is running on an intranet. Download the
NET 2.0 SDK from Microsoft and follow the install instructions given in
http://technet.microsoft.com/en-us/library/bb742442.aspx. Reboot the computer. Click
Start -> Programs -> Administrative Tools -> Microsoft .NET Framework 2.0
Configuration. Click on the 2.0 Configuration snap-in followed by OK. Click on
Configure Code Access Security Policy -> Adjust Zone Security -> Make changes to this
computer -> OK -> Local intranet. Move slider to Full Trust. Click Next -> Finish.
Close the configuration tool window. The application should run normally now.

o . Application attermpted to perform an operation not allowed by the

1 zecurty policy. To grant thiz application the required permiszion,
contact vour system administrator, or uze the Microzoft MET
Framework Configuration tool,

[f pou click Continue, the application will ignore this emar and attempt
bo continue,

Hequest for the permizzion of thpe

‘Suztem. S ecuriby Permizzionz Filel OPermizzion, macorlib,
YWersion=2.0.0.0, Culture=neutral,

FublickeyT akens=b7 7 abhchE1 9342039 failed.

» [etailz Conhirnue

Figure 34. Network error box
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Appendix A

Methods for Estimating Model Parameters

1 INTRODUCTION

This appendix summarizes the statistical methodology used for estimating the
parameters associated with the degradation and error models. In both cases a linear
model that can be represented by the form shown in Equation (A1) is assumed, where Z
is a response variable, the X;’s represent M explanatory variables, and the £’s are model
parameters which are to be estimated. To achieve this linear form, it may be necessary to
transform the natural response and/or one or more of the natural explanatory variables to
a linear form. For example, the response could be transformed as shown in Equation
(A2), where Y is the underlying performance metric (e.g., relative resistance). Other
transformations could also be applied to explanatory variables, such as the inverse
temperature.

Z:ﬂo"'ﬂl'X1+ﬁ2'X2+--~+ﬂM'XM (AD)
Z :log(Y—l) (A2)

For estimating model parameters (/3), it is assumed that there are N observations,
each containing the observed value of the response variable, Z, and the associated values
of the explanatory variables, X; (e.g., inverse temperature). Thus, the data consist of a set
of observations, as shown in Equation (A3). The model parameters are then estimated by
using a robust linear regression procedure (Reference 9). The purpose of using a robust
regression procedure rather than ordinary least squares is to reduce the influence of
anomalous data on the parameter estimates.

(@) x,(0). x,G),....x,,(i):i=12,....N} (A3)
An illustrative example of this methodology is provided in Reference 6.

2 ROBUST LINEAR REGRESSION

Two specific cases for estimation are considered. In the first case, the model
contains an intercept term (/). Here, the initial step is to compute the average and
standard deviation of each of the explanatory variables, X;. This yields {)? Xy X M}
and {Sl,Sz,...,SM}, respectively. These explanatory variables are then mean-centered

and scaled as shown in Equation (A4). Therefore, in the case with an intercept, the
design matrix (D) has a size of “N by M+1”, and is of the form shown in Equation (AS).

(A4)
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In the second case for estimation, the model does not contain an intercept. Here,
the explanatory variables are not mean-centered and/or scaled, and the design matrix (D)
has a size of “N by M”, and is of the form shown in Equation (A6).

x0 ... x,0
D=| .. (A6)

Once the design matrix has been determined, initialize a weighting matrix (%) of
size “N by N” with the identity matrix, and set Z = (Z Mm,Z(2),...,Z (N ))T , Where Z is the
response variable of the form shown in Equation (A2). Next, repeat the following matrix
computations three times:

b=(D"-w-D) -D"-W-Y (A7)
R=7Z-D-b (A8)
W = diagonal matrix with elements from BIWEIGHT(R,R, ...,Ry) (A9)

The values for b in Equation (A8) are determined from Equation (A7) and the
corresponding explanatory variables. In the first case (with an intercept), the estimated
model parameters are given by Equations (A10) and (A12). In the second case (without
an intercept), the estimated model parameters are given by Equation (A12).

. X X X

ﬂoz(bo—bl-?‘—bz-s—z—...—bM-S—M] (A10)
1 2 M

~ b ‘

ﬂi:E’ fori=1: M (A11)

B.=b fori=1: M (A12)

The BIWEIGHT function in Equation (A9) produces an N-dimensional output of
weights from an N-dimensional input. It is based on Tukey’s biweight function with ¢ =
6 (Reference 10). Letting BIWEIGHT{R1 ,R,.. .,Rn} represent the biweight function and

its input arguments, determine the weighting function as follows:
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1.  Compute the median absolute value (MAV) of the R;’s determined from
Equation (A8)

2. Compute standardized values of R;’s as shown by Equation (A13)

3. WEIGHT, =0if Z, >1 fori=1:n

4. WEIGHT, =(1-U2) if Z, <1 for i=1:n

5. Return weights (W) to Equation (A9). The updated diagonal elements of W
are given by the values /WEIGHT,,WEIGHT,,...,WEIGHT, } .

_Z,
Vi %'MAV) (A13)

2.1 lllustration of Linear Model Forms

The default degradation model has the linearized form shown in Equation (A14).
This can be put into the form of Equation (Al) using Equation (A2) and the
corresponding transformations shown in Equations (A15) through (A17), where the X;’s
are generic explanatory variables as defined by Equation (A3).

log(u(T;2)=1)= B, + f3, %+ p-log(t) (A14)
X, :% (A15)
X, =log(r) (A16)
B =p (A7)

The default error model has the linearized form given in Equation (A18), with the
corresponding transformations shown in Equations (A19) through (A22).

Var (Y, (T51)) ~ o2 -(u(T51) 1) +0? (A18)
Z =Var(Y,(T;1)) (A19)
X, = (u(x:0)-1) (A20)
B, =2-a% =’ (A21)
B, =0o; (A22)
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3 POSSIBLE COMPLICATIONS WHEN ESTIMATING ERROR
MODEL PARAMETERS

Due to statistical fluctuations in the data, use of the estimation procedure might
result in &> <0(i.e,B,<0) oré;<0 (ie, B <0). Such negative estimates of

variances can and should be regarded as nonsensical and the parameter estimates should
be modified as discussed below.

3.1 Case1: 4°<0

In this case, the hypothesized measurement error was not detected. First, it is
recommended that an alternative non-negative estimate fora” be specified (i.e., &*(alt)).

This estimate could be based on an independent assessment of the measurement error
(Section 2.3.2, References 7-8). If the measurement error variance is believed to be

vanishingly small when compared to o, then it might be prudent to consider &’ (alt) =0.

Once the alternative estimate of ¢ is available, &, must be re-estimated. This

can be accomplished by first re-parameterizing the error model as shown in Equation
(A23).

Z =Var(Y,(X;1))-2-6*(alt) = f,-(u(X;50) 1)’ (A23)

For purposes of regression, each observation again consists of Z and X;, where X is the
same as defined in the first column of Equation (A6) and Z is now the “within-group”

variance of the response minus twice @*(alt). In this case, however, use the robust linear
regression procedure without an intercept. The resulting estimated slope ( ,5’1 ) provides
the value for &2 (alt).

3.2 Case 2: 5;<0

In this case, the hypothesized random cell-specific proportional effect is not
detectable. An alternative estimate for ” can be determined with Equation (A24),
where (Yl DAV 4 ) are the n; values of the response (e.g., relative resistance) for the Vi

n;

of N groups defined by stress condition and time. An alternative estimate for &, would

be to set it equal to zero, & (alt)=0.

S, ~1)-Varly, v,...., )

= (A24)

1
? i(”; _1)

J=1

&’ (alt) =
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