ECE5730: Physics-Based Battery Management 3—1

MODEL PARAMETER ESTIMATION

3.1: Teardown versus nonteardown approaches

m So far, we have eliminated redundant model parameters and have
derived cell impedance models.
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m |t is now time to find accurate estimates of model parameter values.

Parameter estimation via cell teardown

= Two different approaches are reported in
the literature: teardown and nonteardown.

= The teardown approach begins by
disassembling the cell in a glovebox in an
inert (e.g., argon gas) environment.

/ ;

= Some measurements can be made directly.
= The current-collector’'s area A can be found by measuring its length
and width using a ruler and then computing their product.

= A micrometer can measure electrode and separator thicknesses L'.
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ECES5730, MODEL PARAMETER ESTIMATION 3-2
= Can estimate particle sizes R, via SEM images of electrode samples.

m Can estimate porosity from FIB cross-sectional electrode slices.

» Electrode porosity can also be estimated using mercury porosimetry.
= [nterfacial surface area of assumed spherical particles is a, = 3¢,/ R;.
m Other parameters require much more elaborate procedures.

= Electrode diffusivity D; can be estimated via galvanostatic intermittent
titration technique (GITT) experiments performed on half cells.

= Inductively coupled plasma-optical emission spectrometry (ICP-OES)
can determine the relative fractions of different atomic elements in a
sample (e.g., is this electrode NCA, or NMC, or something else?).

m Values of ¢ .. can be found experimentally but are usually adopted

S, max

from the literature for the electrode composition that is detected.

= Active-material volume fraction ¢, can be found by comparing
measured cell capacity to the maximum capacity of the materials.

= Electrode OCP vs. stoichiometry can be estimated as described later.

m Exchange-current density, double-layer capacitance hard to measure
directly; instead, EIS data are regressed to a simplified model.

= Making half cells degrades o, measurements via modified contact
resistance. o_; doesn't dominate dynamics, so use literature values.

= Commercial cells contain very little electrolyte, so it is extremely
difficult to identify electrolyte properties accurately.
» Extract a sample via centrifuge; analyze via gas chromatography
to determine its composition; reconstitute additional electrolyte

having the same composition for more detailed analysis.
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= A summary observation is that specialized (often very expensive)
equipment and highly trained scientists are needed.

o Experiments used to parameterize a PBM via direct measurement
include FTIR, GC-MS, NMR, XRD, ICP-OES, TGA, DLS, PEIS,
SSPP, PITT, SEM-EDS, pycnometry, and Hg-porosimetry.

= Experimental errors on the individual parameter values tend to add
together when the entire PBM is evaluated. So, the final model still
requires tuning of the parameter values to fit observed behaviors.

m Also, in many cases cell-supplier legal agreements prohibit cell
teardown, and so alternate means to determine the PBM parameter
values have appeal. Nonteardown methods provide such means.

Parameter estimation without cell teardown

= The nonteardown approach stimulates an
intact physical cell electrically and/or
thermally and measures its response.

Model Measure

» The same stimulus is applied to the cell
model to compute its predicted response.

= Model parameter values are adjusted to
make model predictions match physical
measurements as closely as possible.

= Nonteardown parameter estimation is merely an application of
nonlinear optimization methods and theory.

= Concept is fundamentally simple but hazardous to apply if insufficient
consideration is given to known nonlinear-optimization risk factors.
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Example of parameter-estimation (“system-1D”) data processing

= An example will illustrate some of the common pitfalls.

m “Measured” data are first generated synthetically, then a model
equation is fit to the data; summary resulis are plotted.

% First, generate some data to use in the identification
= 0.1, b = 0.2;

\o oo

m true slope and y-intercept

X = rand(100,1); $ 100 random x locations

y = m*x + b + 0.0l*randn(size(x)); % noisy "measured" data
figure(l); plot ([0 1], [b m+b],x,y,"'."', 'markersize’',15); hold on

Now, regress the data to a line "the hard way" (instead of using known

optimal ways for fitting a line, assume we need to do nonlinear
optimization)

oo ol oo

cost = @ (xx) rms (xx(1l)*x+xx(2) — y); ¢ "cost"” to minimize

theta = fminsearch(cost, [0 0]); % init mhat=bhat=0; then seek best fit

plot ([0 171, [theta(2),theta(l)+theta(2)]); grid on

xlabel ('x coordinate); ylabel('y coordinate);

title('Parameter—-estimation example');

legend ('True line', '"Meas" data', 'Estimated line', 'location', 'northwest')

text (0.61,0.192, {'Estimates of line', 'parameters:'}, ...
'verticalalign', '"bottom');

text (0.61,0.187,sprintf ('$S\\hat{m} = %4.4£f$S, S$S\\hat{b} = %4.4£S$S$',...
theta(l),theta(2)), 'interpreter', 'latex');

= Some sample results from this Parameter-estimation example
process are shown to the right. 03|~ “Mossurecr data
Estimated line
= Line fit is good, but noise on the &
data in this example makes it '(?3,0-25'
. . . (@]
impossible for perfect fit. > _
> e® . Estimates of line
: : 02 . ° arameters:
= We also will get imperfect cell- © | T 00086, 5 = 02001
model system-ID results due to 0 02 0 i 08 1

measurement noise.
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= In this example, the cost is

“convex,” having a single minima

corresponding to the globally
optimal solution.

= Generally, this won'’t be true,
and we need to overcome
challenges of cost functions
having many “local minima”.

= No known optimizing method
guarantees the globally optimal
solution; instead, we will find
only locally optimal solutions.

Cost-function value

Cost surface for example
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= So, solutions will be somewhat wrong; however, they may be close
enough to predict cell electrochemical variables and voltage well.

m Also need to consider that models describe reality imperfecily.

= For example, we might fit a
quadratic to the same data.

= The cost is lower but the
physical meaning is lost.

= 1D DFN assumes spherical

particles, and uniform properties
and variables across 3D regions

(none are true).

y coordinate

Parameter-estimation example

T
—True line

0.3 ° "Measured" data e
Estimated quadratic * 1 /
0.25}

0.2 /

Estimates of quadratic parameters:
0(1) = 0.0321, 6(2) = 0.0659, 6(3) = 0.2055

0.4 0.6 0.8 1
X coordinate

0 0.2

= Since the DFN/LMP model is “wrong,” “true” parameters do not exist.
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= Practical wisdom from the field of optimization suggests that in order
to find a good solution to the optimization, it is helpful:

« For initial parameter guesses to be close to their true values;

» To have tight bounds on the range of possible parameter values;
» TO use a good global-optimization algo. to escape poor minima;

« To weight data samples according to their quality and importance.

= Finally, we must recognize that our measured data will include biases,
nonlinear errors, random noises, and even errors that are correlated.

m Parameter-estimation method must carefully calibrate raw test results
to clean up measured data as much as possible before optimizations.

A balanced approach

= \We now recognize that there are advantages and disadvantages to
teardown and nonteardown approaches to estimate parameters.

m Teardown methods excel at measuring dimensions; nonteardown
methods are better for estimating effective transport parameters.

= However, notice that the LPM formed from the DFN has eliminated all
dimensional values. Maybe cell teardown can be avoided entirely?

= But we will later encounter fundamental obstacles to finding unique
OCP functions without performing at least a minimal cell teardown.

= This is a rapidly-developing research topic: for now, | recommend
performing teardown to find OCP functions and dimensions.

m | recommend nonteardown methods to estimate all other values: the
figure illustrates the nonteardown strategy that | will present.
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Laboratory test Final parameter estimate Reference

| |ocP test (U2, O00), (U2, X, )" Oz, (6?)
g OCV test %[Q, Uoev(2), 05> O 85 Orno j
o
g Discharge test —»[ UP(69), {U?, X, ;}F, 65, 6}y, D§ rof j
S
E Pulse test —»[ar, k', ", Ri, R, 12{) j
§ EIS test A[Ds refs T écrns ngps ]}(r) éé/‘/_/s kD/‘/}:

\/ | PSS test 4’[61& p, ¥ :

= Six tests collect data to regress to LMP-parameter subsets, reducing
dimensionality of individual optimizations: faster and more accurate.

= This improves our chances of finding a good local minimum in the
optimization cost function, resulting in good model parameterization.

= The OCP test estimates the negative-electrode OCP function and
makes a preliminary estimate of the positive-electrode OCP function.

m OCV test finds capacity, OCV, negative-electrode operating bound-
aries; makes a preliminary estimate of positive-electrode boundaries.

» Discharge test calibrates positive-electrode OCP and boundaries;
makes initial estimate of the solid diffusivities.

= The pulse test determines the values of all parameters used in the
charge-conservation and interface-kinetics equations.

= The EIS test estimates all remaining parameter values except v .

= Finally, the pseudo-steady-state (PSS) test estimates .
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3.2: OCP testing and data analysis on a half cell

= Parameter-estimation process begins by finding U, (6;) (OCP vs. &)
of both electrodes.

= Most accurate and direct approach requires M=
opening the battery cell (teardown).
 In some cases, it may be possible to
avoid teardown; cf. App. 3.c.

= Cell is opened in a glovebox, electrodes are V
extracted (negative electrode shown).

= To make a coin cell, a circular punch is used

to make an electrode “active material” disc. Coin-cell lid O
Spring g
= Disc assembled in coin cell vs. Li metal foil Spacer @R
(so can measure electrode OCP vs. Li/LiT). Lithium foil -~
Separator Qﬁ/)
= Once electrode and electrolyte sealed in Active material ©
Coin-cell base

cell, cell can be removed from glovebox.

= Single coin-cell capacity may be too small
for reliable cycling using cell-test equipment.

= Wiring several cells in parallel helps by
increasing total capacity and also by
electrically averaging several samples
together for more consistent results.

ANODE

» Electrode OCP “measured” in same way as
cell OCV “measured” in ECE5710.

= A brief review follows; cf. App. 3.a for test- T
procedure details. L ———
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Test procedure and data-analysis

m A coin cell is constructed as a single insertion electrode vs. metallic Li
and not as two insertion electrodes; so, we refer to it as a half cell.

= Li metal has resting potential of 0V vs. Li/Li*, so resting half-cell
voltage equals its insertion electrode’s OCP at its present 6; vs. Li/Li*.

= We use four lab-test scripts, executed sequentially, to collect half-cell
voltage across as much of its stoichiometry range as possible.

o Script #1 (at test temp.): Starting at Uoep = vmax, determines low-
rate const.-current discharge voltage as function of Ah discharged.

o Script #2 (at 25°C): Calibrates cell to Uy, = vmin by dis/charging.

o Script #3 (at test temp.): Starting at Uy, = vmin, determines low-
rate constant-current charge voltage as a function of Ah charged.

o Script #4 (at 25°C): Calibrates cell to Uy, = vmax by dis/charging.
= For every 6;, OCP is between the discharge and charge voltages.
= Roughly speaking, we average voltages at every 6, to find OCP.

m Tests run at several temperatures to determine temp.-dependence.

Initial data processing and the “missing-data problem”

» Measured data are processed to create calibrated discharge voltage
vs. relative stoichiometry &, and calibrated charge voltage vs. 6,.]

! We will discuss the distinction between relative stoichiometry 6, and absolute stoi-
chiometry 6; later in this chapter. The basic problem that we will need to solve is that
we do not yet know the absolute level of lithiation 6; = 0,,;, at the beginning of the test
or 6, = Onax at the most lithiated point in the test. So, we temporarily define a relative
stoichiometry d; = 0 at the beginning of the test and 6, = 1 at the most lithiated point
in the test and will later find a relationship to convert between 0, and é..
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m Here are some lab-test results that show the outcome of the process
as described so far for a graphite material and an NMC material.

= Plot insets highlight regions of the calibrated dis/charge curves that
illustrate what we call the “missing-data problem.”

Li//graphite half-cell data, 25°C Li/NMC half-cell data, 25°C
Py —— Discharge (lithiation) Py —— Discharge (lithiation)
= — Charge (delithiation) = 4r ~— — Charge (delithiation) |
+ +
= = B <0
4 =35} A
(fi 0.01 0.015 0.02 Us
> >
E 5 0.94 0.96 0.98 1] E S~
o \ 025
o o 0 1 2 3 4 5
=~ %10
0 1 1 1 L 1 1 1 1
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Relative degree of lithiation 6' Relative degree of lithiation 6

m Since our slow-cycling data are not collected in an equilibrium
condition, the measurements contain voltage polarization.

= S0, Script #1 never reaches Uy, = vmin €ven though measured
voltage reaches v, and Script #3 never reaches Uy, = vmax €VEN
though measured voltage reaches v,,x.

= The horizontal gaps between the blue and red lines at v,,;, and v, 1S
what we refer to as the “missing-data problem.”

= For 6, ~ {1, 0} we don’t have discharge and charge data, respectively.

= S0, we cannot perform a direct average of discharge and charge data
to find OCP since we are missing voltage data for some values of é..

The inaccessible-lithium problem

m To understand a second problem, notice that we must select

physically achievable values for v,,;, and v, for the lab tests.
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= Whatever values we choose, the electrode is never fully lithiated even
when the half cell is discharged to v,,;, and is never completely
delithiated even when the half cell is charged 1o vax.

= As illustrated in the figures, there are portions of active materials that
are never accessed by the OCP tests since we cannot achieve either
high-enough or low-enough voltages in a practical laboratory test.

o We refer to this as the “inaccessible-lithium problem.”

Li//graphite half-cell simulation . Li/NMC half-cell simulation
. ——Full range OCP . o —— Full range OCP
=05 [ JInaccessible regions | > 45 ‘(ﬁnm 0.1274,4.3V) [ JInaccessible regions |1
5 5 Omax = 0.9997,3.2V
= 2~~~ Absolute capacity, @ ———————= > < 4f (Omax = 0.9997, 3.2V
- . L 3 N\
. < — = Relative capacity, 0 ——————— > .
»15 i N335
> \ L.
© ! ©
= 17 (Omin = 0.0108, 1.50 V) i s 3 Absolute capacity, 0 —————— >
[ [}
S 0.5¢ (Omax = 0.9905, 0.01V) 4 E 2.5 < ———— Relative capacity, 0 —————— >
O Il Il 1 1 2 Il Il Il Il
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Absolute degree of lithiation 6 Absolute degree of lithiation 67

= This is why we make a distinction between 6, and 6, and between
relative and absolute capacities O and 0.
o If we were somehow able to use the entire range of lithiation and
delithiation, we could achieve absolute capacity Q.
» But, we cannot, and so the quantity confined between cutoff
voltages vmin and vnax IS then a relative capacity Q .

= The lab test measures only 0, not Q: so, the stoichiometric values
computed from experimental data are also relative values, denoted é..

= The corresponding voltage//SOC relationships for the “absolute” and
“relative” cases are written as U,,(6s) and ﬁocp(és), respectively.
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m Recognizing this, finding OCP involves two steps:

1. Estimate a relative ﬁocp(és) from the OCP-test data, then

2. Estimate absolute Uy, (6s) by fitting Uy, (As) with an MSMR model.
» Skipping details for now, some 4 o e

form of averaging is performed =

between the dis/charge curves.

Average voltage
(method 1)

Diagonal interpolation
(method 3)

Average SOC
(method 2)

= Missing data are approximated by
extrapolating voltage to 6, = 1
and to 6, = 0 before averaging.

Open-circuit voltage (V)

State of charge

» The figures below display the simulation voltage outputs at 25 °C
(“C/30 data”), along with the relative-stoichiometry OCP estimates:

. Li/graphite simulation Li//NMC simulation
' —Method 1 ==+ Truth 42 ?%Q ——Method 1+ Truth
< ——Method 2 = =C/30 data < 'QQ. ——Method 2 = =C/30 data
< Method 3 < g4l R Method 3
g gl Sag.
- 1 N N J W
O fve N X Yl Tt =~ 3 3.8 g,
% — 9.
o]
.(_E \""rm E .‘4
§ 0.5¢ S e o i § 3.4 !
o > . [$)
o Vi 032
e SR N R
0 L L L = %1 3 T T T T
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Relative degree of lithiation Relative degree of lithiation

Temperature-dependence

= When applied to physical cells, we find that the MSMR values U;, X ;
and w; appear to be constant versus temperature.

m |f this is true in general, then all temperature dependence is built into
the f = F/(RT) term in the model.

m This accelerates testing since we can get away with testing only a few
temperatures to create an OCP model.
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3.3: Converting dis/charge data to OCP estimate

= \We now address the missing-data and inaccessible-lithium problems,
estimating electrode OCP from available dis/charge data.

» For most methods presented, this involves two steps:
1. Estimate a relative ﬁocp(és) from the OCP-test data, then
2. Estimate absolute Uy, (6s) by fitting Uy, (A;) with an MSMR model.

= We present four techniques: Methods 1-3 deal only with step 1, after
which we need to implement step 2; Method 4 handles both steps.

Voltage averaqging (method 1)

m Taking the average potential between the discharge and charge
branches is the most commonly used method in the literature.

= The method assumes that A .
deV|at|OnS between true g Average voltage O Estimate
. o (method 1)
OCP and d|S/Charge curves (_-g Diagonal interpolation
. (method 3)
have equal magnitude. = Average SOC
g - (method 2)
= OCP is approximated by é """"""""" NG
averaging the two voltage O _I
curves at the same 4.. State of charge >

= Missing-data are approximated by linearly extrapolating lithiation
voltage to 8, = 1 and delithiation voltage to 6, = 0 before averaging.

= The direct output of Method 1 is an estimate of OCP versus relative
stoichiometry, which we denote as ﬁocp(és).

= An additional “step 2” must be taken later to convert this to the
desired estimate versus absolute stoichiometry ﬁocp(es).
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SOC averaging (method 2)

= |t is also possible to average 6, (“electrode SOC”) of the lithiation and
delithiation curves at points where their voltages are the same.

= Method 2 assumes that the deviation between true 6, and its
experimental values for the dis/charge curves is equal in magnitude.

m Missing-data regions are linearly extrapolated t0 v, and v yax.

m Again, the direct output of Method 2 is ﬁocp(és). “Step 2” must be
taken later to convert this to the desired ﬁocp(es).

» SOC averaging does not work well for materials having wide voltage
plateaus (strong peaks in differential capacity, e.g., Li/graphite).

Diagonal interpolation (method 3)

= Method 3 seeks to interpolate the OCP in a diagonal sense.
» For example, shift the discharge voltage curve “right and up” and
the charge voltage “left and down” before averaging.

o The shifts are determined by locations of peak in the cross-
correlations between the dis/charge differential-capacity curves.?

= To visualize, plot dis/charge d 8,/d U,, vs. both voltage and ;; also
plot cross correlation between the dis/charge differential capacities.

m Location of peak in cross correlation is equal to shift of discharge
curve that gives best agreement with respect to the charge curve.

= AU is half the voltage shift and A, is half the SOC shift.
o In following example, AU = 0.019 and Ad, = 0.0085.

2 ¢f. App. 3.b for a practical way to compute differential capacity from noisy data.
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3-15

Differential capacity of dis/charge

50
— Discharge
—— Charge
40
2
e}
% 30+
Q
2 20}
(2]
Ne
<
10 ¢

0 L (i 1 L
0 005 01 015 02 025 03 035 04
Voltage (V)

50 Differential capacity of dis/charge

— Discharge
—— Charge
401
2
°
% 30
2
3 20}
[72]
Yol
<C
101
O 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Stoichiometry range

Determlne voltage shn‘t via correlations
Peak at shift of 0.038 V

0.8F

0.6

Normalized cross-correlation

-04 -03 -02 -0.1 0 0.1 02 03 04
Voltage shift (V)

Determlne SOC shift via correlations

Peak at shlft of 0. 017
(using data between

0.8 0.05 and 0.55 only) 1

061
0.4r

021

Normalized cross-correlation

0 1 1 1 I+ 1 1 1 h
-05 -04 -03 -02 00 O 01 02 03 04 05
Stoichiometry shift

= We have a choice in how to use AU and A, to make OCP estimate.

. . i =) -~
m WWe can shift discharge curve (producing Uoc)p(es)), or charge curve

(producing /17(()2,(95)), or average both (producing /(7\(()2,(58)):

=(d)

o (@) = (AECL(G V0 o (@ >) 2.

OCp(e) = Ulis (les A@) + AU; UOCP(Q) = Usng (QChg—I—AQ) AU

= Can plot all three and choose the most reasonable-looking candidate.
: : =) «~
Without any other guidance, we recommend Uoip(es).

= The direct output of Method 3 is 50@(98). “Step 2” (described next)
must be taken later to convert this to the desired Uy, (6,).
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Converting relative to absolute relationships for Methods 1-3

= Methods 1-3 address the “missing-data problem” by averaging the
extrapolated dis/charge curves in different ways.

= But, none of these approaches determine OCP as a function of
absolute stoichiometry to overcome “inaccessible-lithium problem.”

m An attempt to do so exirapolates the estimates a)cp(és) made by
Methods 1-3 beyond measured data; then, finds 0,,;, and G« in:

(98 = Omin + és (emax — emin)-

= We rely on the MSMR model, using nonlinear optimization to
determine {fmin, Omax» Uj, X j, @;} such that a MSMR model U, ()
agrees with U OCp(és) as closely as possible.

= “Inaccessible-lithium problem” is addressed by MSMR model’s ability
to extrapolate in a physically reasonable way beyond measured data.

m Can do so well as long as ﬁocp(és) has a wide enough voltage range
fo include measurements from every gallery that physically exists.

= Inside the optimization, U%%(4,) is computed from a)cp(és) by finding

ocp

6, for every 0, for every data point using i, and Gax.

= U;, X;, and w; are used to create an MSMR estimate of U™ (4,).

ocp
= A nonlinear-optimization routine adjusts {Gmm, Omax> Uj, X, a)j} until
Ugggl(es) agrees with Ufj‘;a(es) as closely as possible. (Number of

galleries J is a user-defined parameter, not optimized automatically.)

» Specifically, we seek parameter values p*:

2
do do
Udata((gs’n) Umdl(es,n)

ocp ocp

N
p* = arg Inpin Z [es,n(U(?éga S n(U;ggl)] w |:
n=1
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where w is a weighting factor to blend modeling errors corresponding
to raw OCP estimates and differential-capacity estimates.

= We use MATLAB’s fmincon.m function to perform the regression.

= The output of this procedure is an MSMR model that fits measured
data as closely as possible using absolute stoichiometries.
o Uses Methods 1-3 to address “missing-data problem” and MSMR
model fit to attempt to overcome “inaccessible-lithium problem.”

Direct MSMR model fit (method 4)

= Final approach fits independent MSMR models directly to dis/charge
curves; lA]OCp(HS) is then estimated by averaging parameters from both
models (i.e., {min, Omax> Uj, X, @5} . @nd {Oin, Omaxs U, X, a)j}chg ).
o We assume that the true OCP MSMR parameters have equal
distance to the discharge and charge MSMR-model parameters.

m Example fits to laboratory data are depicted below.
» The data can be closely fit by the model, especially at warm
temperatures, where voltage polarization is relatively smaller.

Li/graphite coin cell, 45°C Li//graphite coin cell, 45°C

1.5 T 1.5 T
——(C/30 discharge ——C/30 discharge
< ——C/30 charge < ——C/30 charge
< 3L e MSMR model fit < 1 =§ | Model fit
+ : +
S 1f =il
. .
%) 7
> >
o o j
€05} Z 05"
L 2
o
o D? \ /
0 1

0 0.2 0.4 0.6 0.8 1 -100 -50 0 50 100
Relative degree of lithiation Differential capacity (V'1)
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3.4: Examples of estimating OCP

Validation of methods using simulation

= |t is impossible to judge accuracy of physical half-cell OCP estimates
since there is strictly no known truth against which to compare.

= The only fact we can verify at this point is that 5ocp(9~s) estimates
should reside between the discharge and charge data curves.

= We can, however, validate the methods in simulation: We simulate
dis/charge curves, then apply the methods to dis/charge voltages and
compare estimated ﬁocp(es) to true U, (65) used in the simulations.

= In this section, a physics-based half-cell model was implemented in
COMSOL and output data were processed with MATLAB scripts.

o A Li//graphite half cell was lithiated from 6; = 0.0108 to
vmin = 0.01V, and delithiated from ¢, = 0.9905 t0 vx = 1.5 V.

e A Li//NMC half cell was lithiated from 6, = 0.1274 t0 v, = 3.0V,
and delithiated from 6, = 0.9992 t0 v,,x = 4.3 V.

» The figures below display the simulation voltage outputs at 25 °C
(“C/30 data”), along with the relative-stoichiometry OCP estimates:

. Li/graphite simulation Li//NMC simulation

' —Method 1 ==+ Truth 42 % —Method 1 === Truth |-
< ——Method 2 = =C/30 data < A ——Method 2 = =C/30 data
=~ Method 3 = 4t Method 3 ]
+ +
Q 1 T~ g @,
5. N X Y| Te-oo_ 538 B
% — .
© \7\ < .
qc) 051 ~ . o i § 344
) S . o
o Vi 832

P P T R T T
0 L L L = IiIHHI-IEI.I\\J 3 T T
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4
Relative degree of lithiation Relative degree of lithiation
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= The figures below show the conversion to absolute-stoichiometry
OCP estimates, along with root-mean-squared error (RMSE):

. Li/graphite simulation 5 Li//NMC simulation
' : —— Method 1 (RMSE = 20.60 mV) —— Method 1 (RMSE = 22.33 mV)
= —— Method 2 (RMSE = 52.68 mV) =~ —— Method 2 (RMSE = 16.41 mV)
< : Method 3 (RMSE = 4.31 mV) <45 Method 3 (RMSE = 17.04 mV)|]
T —— Method 4 (RMSE = 6.71 mV) P —— Method 4 (RMSE = 16.29 mV)
= T T e e True OGP ] = 7 Ry, [ True OCP
- -
g ¢ 4
I S )
% 051 % :
2 5 3.5
o o
Z ~ I\
0 : : : : : 3 : : : :
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Absolute degree of lithiation Absolute degree of lithiation

= RMSE was calculated over the range of 0.07 < 6] < 0.99 (Li/graphite)
and 0.1 < 6° < 1 (Li//NMC), which should extend beyond the typical
operating ranges used in commercial cells.

= Method 3 works well for the Li//graphite coin cell, which exhibits wide
voltage plateaus; Method 4 also produces quite good results.

= Method 2 produces the best results for the Li//NMC coin cell, and
Methods 3 and 4 also produce quite good results.

= \WWe hesitate to recommend Method 2 in general as it does not work
well for materials having wide, flat voltage plateaus (e.g., Li/graphite).

= Both Methods 1 and 2 tend to break down in high-curvature regions
of OCP, especially at very high and very low levels of lithiation; while
they are simple to implement, they do not predict OCV accurately
when there is a significant level of “missing-data”.

m Methods 3 and 4 are the most accurate, but also the slowest. But,
even Method 4 (the slowest) executes within about 3s in MATLAB,

which is not excessive for a one-time data-processing method.
Lecture notes prepared by Gregory L. Plett and M. Scott Trimboli. Copyright © 2020—26, Gregory L. Plett and M. Scott Trimboli




ECE5730, MODEL PARAMETER ESTIMATION 3-20
= The figures below show the residuals (errors) of each estimate.

Li/graphite simulation 40 Li//NMC simulation

——Method 1
—— Method 2

Method 3
——Method 4

201

10} 201

ol

T~ =

Estimate residuals (mV)
o

Estimate residuals (mV)
o

101 —— Method 1
—— Method 2 201
Method 3
20, — Method 4 |
1 1 1 _40 1 1 1 1
0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 1
Absolute degree of lithiation Absolute degree of lithiation

Application of methods to physical half cells

= We applied the four methods to data collected from physical coin cells
where the test temperature was 25 °C.

« Li//graphite was cycled between v,,;, = 0.01V and v,,x = 1.5V and
Li//NMC was cycled between v,;, = 2.1V and 4.3 V.

= We cannot validate “correctness” beyond noticing whether OCP
estimates lie between the discharge and charge curves.

» Figures present the results for physical Li//graphite coin cell:

s L|//graph|te coin- ceII OCP estlmates 25°C - L|//graph|te coin- ceII OCP estlmates 25°C
' 1 — Mothod 1 — Method 3 ' — Method T — Method 3
= \ Method 2 = =C/30 data < Method 2 ——Method 4
= 2
+ +
= < 1
= i
& &
> >
c 051 i
) 2 A
o o
o o
P 4
1 1 1 0 1 1 1 1 \
0 0.2 0.4 0 6 0.8 1 0 0.2 0.4 0.6 0.8 1
Relative degree of lithiation Absolute degree of lithiation
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= Next figures present the results for physical Li/NMC coin cell:

L|//NMC coin- ceII OCP estlmates 25°C

L|//NMC coin- ceII OCP estlmates 25°C

4.2 —Method 1 —Method 3 H u —Method 1 —Method 3
< Method 2 = =C/30 data < \ Method 2 Method 4
4T ] .45
< <
5381 = ~
=36 S
© ©
c34f 1 5
O - 0]

] 5357 \
Q32f i 1 & “
3 ! 3 ‘

0.2 0.4 0.6 0.8 1
Absolute degree of lithiation

0.4 0.6 0.8 1 0
Relative degree of lithiation

0.2

o

= The missing-data problem is more prominent at low levels of lithiation
in the Li//graphite coin cell than it was in the simulations; in all other
respects, simulation and lab results appear similar.

m We find less variation in the Method 4 results versus temperature than
those produced by Method 3, so we believe it to be the better method.

= We also note that the step-1 results for Method 2 (and to a lesser
extent for Method 1) are clearly biased, as shown in the zoom plots,
but that fitting the MSMR model to these biased results in step 2
greatly improves the quality and reasonableness of the final OCP
model produced by these methods.
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ECE5730, MODEL PARAMETER ESTIMATION
3.5: OCV testing to find electrode operating windows

= We can find full-cell OCV vs. SOC using the same testing and data-
processing methods used to find electrode OCP vs. stoichiometry.

= We use the OCV function to estimate electrode operating boundaries.

= That is, what are the values of 85, 8}, 6, 01, between which the

electrodes cycle as the cell is cycled between 0 % and 100 % SOC?

= We know that cell OCV equals positive-electrode OCP minus

negative-electrode OCP:
Positive-electrode coin-cell OCP

Full-cell OCV relationship
4.2'xSOC:0% o 2 Hg
g 4 - O SOC = 100% \>> . p
: | £as5] o Oy |
% 3.8 : § _
’ o
= 3.6 : 2—
: X 3 4f
G 3.4 i
C ' é
832 : :
R S PR ---O35
_____________ '
' 0 0.25 0.5 0.75 1

4 0.25 05 .
| Cell state of charge | Absolute degree of lithiation 6F
5 : Negative-electrode coin-cell OCP |
_ Ix e . | =“0” and “x” markers show absolute
>25 " T e s .
5 '0 O100 ! electrode lithiation when cell is at
c 2 1 7 .
g : 100 % and 0 % SOC, respectively.
— 15 : I
g 1 ! = Lines connect matching operating
Sos} .' points in electrodes and cell.
O 1 1 L h . . .
0 0.25 05 0.75 1 m Proceeding, we first determine an
Absolute degree of lithiation 6’ :
k estimate of cell OCV vs. SOC;

= Then, optimize estimates of 97, 8}, 65, 61, boundaries to get best

match between electrode OCP regions and cell OCV.
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Step 1: Determining cell OCV versus SOC

= To find the OCV relationship, we use exactly the same procedure (at
a cell level) as we used to find electrode OCP (at a half-cell level).

= We need to perform the lab test at 25 °C only since all temperature
dependence is included in the OCP MSMR models; we simply need
to correlate 25 °C cell OCV with 25 °C electrode OCPs.

= We can use the same four dis/charge voltage-processing methods to
convert cell dis/charge data to an OCV vs. SOC estimate.

= We can also somewhat refine the final OCV model found this way:
e We know Uy, (0) = v and Uy (1) = 0! at ref. temperature.

min max

» However, after employing one of the four OCV-estimation methods,
the resulting relationship will not meet these constraints exactly.

o We can choose to perform additional steps to enforce these limits.

= A complete OCV-estimation process then involves the following steps:

1. Initial estimation: One of the four OCV-estimation methods is
used to provide an initial estimate Uy, (2) of true Uy, (2).

2. Extrapolation: We linearly extrapolate U,.,(3) over a “standard”
voltage vector Uyg, assuring that U, (2) spans v to o<l

3. Shift: We shift the curve horizontally (adding a constant Az to z) to
enforce Uy, = 0= at z = 0 %.

4. Stretch: We stretch the curve horizontally (multiplying z by a
constant k) to enforce U,., = v at z = 100 %.

max

m This can be summarized by stating that we replace z with k(Z + Az).

= Process (using ECE5710 R, blending) is illustrated below:
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Initial estimate of cell OCV vs. SOC Extrapolation and shift

3.4 :
= 2 33} /
> S i ——
& 8 7k
?>> E 3.2 , 7
= 5 7
3 S 31} ’
‘S S Dce}l /
c s S min v
8_ T 1 S — 7 2 S Forseennsnnnnnnnnnand
o 32f - -ocv 1 o > Az e
— Initial RMSE = 43.27 mV :
3 N N 1 1 29 1 1 1 1 1
0 20 40 60 80 100 -8 -6 -4 -2 0 2 4
State of charge (%) State of charge (%)
SOC stretch of OCV estimate Final OCV vs. SOC estimate
T T T T 4.2 T T T T
4.2 ; -
S S 4t -
54195 by 7
-
g T 38} -
= 419 = -7
> > e
£4.185 5 36f —
o e =
[T 2 Z 4.18 [T 2 2 3.4 -,/
g 8 .ol
84175} o 32¢ - -ocv
Final RMSE = 14.97 mV|
417 1 1 1 I 3 I I n n -
98 100 102 104 106 0 20 40 60 80 100
State of charge (%) State of charge (%)

Example of estimating OCV

= Example simulation OCV fit and commercial-cell fits are shown below:

Graphite//NMC cell simulation s Graphite//NMC cell simulation
4.2 == — Method 1
- - [ — Method 2 |]
al , 1 L 25 \ Method 3
1 —— Method 4
3.8 2r 1

= =0cVv

Open-circuit voltage (V)
5

Differential capacity ( 1)
(6]

34F[ ——Method 1 (RMSE = 7.51 mV) |] 1k
——Method 2 (RMSE = 11.19 mV)
30 Method 3 (RMSE = 5.31 mV) |]
’ — Method 4 (RMSE = 11.52 mV) 0.5
3 - -0CV ] -
1 1 1 O 1 1 1 1
0 20 40 60 80 100 3.2 3.4 3.6 3.8 4 4.2
State of charge (%) Open-circuit voltage (V)
60 Graphite//NMC cell simulation Panasonic cell, 25°C
—— Method 1 ——Method 1 =——Method 4
40 — Method 2 | < 4[|—Method 2 ===+ C/30 data
. Method 3 ;’ Method 3
> 20 —Method 4 |7 >
» Of N S
o] =
B-20 3
g ‘©
o -40 c
(6]
o
-60 O
_80 L L L L - L 1 1 1
0 20 40 60 80 100 0 20 40 60 80 100

State of charge (%) Cell state of charge (%)
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Step 2: Finding electrode operating windows

= Now, knowing cell-level OCV vs. SOC, we seek to estimate electrode
operating boundaries {6y, 0}, 65, 01y} that produce the best match
between cell OCV U (z,) and its electrode OCP functions U’_ (6F).

ocv ocp (

= Boundaries can be estimated by minimizing the cost function:

J = ﬁ[(Ucell( ) UOCP( ))2 + w ( & - )2:|
= ocy \Zk ocv \Lk UCell(Zk) dUocv (Zk)

k=1 ocv

where
O (2) = U2, (0 ) - Ot (07 )
0 (z) =6 +z (éfoo - é(g) ;

and also

dz 1
AOCp dUOC 0 ’\n dUgC (01’1)
ATo(2) Oy, — OF) =2 p( L — O — ) 7y

= During optimization, we can use the domain knowledge that
0<6) <0, <land0 <6, <8 <1 to constrain the solution.

Estimating operating boundaries using laboratory data

= We now seek estimates of {47, 0], 65, 010} Using experimental data
collected from a commercial cell, giving qualitative results.

= The table displays values for the optimized operating boundaries and
the voltage RMSE from fitting the electrode OCP functions estimated
from half-cell data to full-cell estimated OCV.
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Method RMSE (mV) 6% 6%, 68 0%,

30.47 0.0010 0.8960 0.9990 0.1653
41.78 0.0009 0.8026 0.9990 0.1510
25.36 0.0008 0.8255 0.9284 0.1691
19.54 0.0007 0.8279 0.9089 0.1769

A~ oD -

» Estimates having lower RMSE are expected to be better in PBMs
because closer agreement between cell-level and electrode-level
open-circuit functions can yield better model performance.

m [t is also important to realize that the RMS errors calibrate only the
voltage estimates within the operating windows.

= We are unable to evaluate the OCP models outside the operating
boundaries (i.e., models where 67 ¢ |65, 61| and 6F ¢ [0}, 65 ])-

= But, MSMR-model constraints provide some confidence regarding
reasonableness of OCP estimates outside normal operating regions.

= We comment that Methods 1-2 saturated 6] to its maximum
permitted value. This seems unreasonable for a physical cell since
some positive-electrode lithium inventory will have been permanently
consumed by SEl-layer growth in the negative electrode.

m Therefore, we believe that Methods 3 and 4 results are more
physically meaningful.
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3.6: Discharge testing to calibrate positive-electrode OCP

= By this point in the parameter-estimation process, we have:
« Estimated U,,(6;) and (U, X, »;}" from the OCP test. We have

also created the preliminary result U OCp(GP)
o Estimated Q, U, (2), 8y, and 6;,, from the OCV test. We have also

created the preliminary results 65 and 07,,.

= We don't yet have final U} (6F), 65, or 6}, Why?

= The MSMR model leads us to expect that OCP relationships will have
very steep slopes both near §, = 0 and 6; = 1.
 This was the case for Ug;cp(e“) with graphite negative electrodes.
e This is why we believe that the MSMR model U (6;) is accurate,
and hence why 65 and 6y, are also accurate.

= However, we don’t observe this for some positive-electrode materials
such as NMC. The OCP test missed one or more low-6, galleries.

« We do see a steep slope in U, Ocp(ep) near 6" = 1 (so 6, ~ 0, near
d, = 1); however, we do not see a steep slope near QSP = 0.

m |n the figure the blue line shows Original and scaled OCP relationships

p 4.2
U?,,(6?) for an NMC electrode. 4
, S
= [t must be stretched via a scale 7
factor “b” so the steep slope «g 36}
moves to O ~ 1. 8 34f
ol == Method-4 OCP
= It may also need to be = poble meocr
3 1 1 1 1
0 0.2 0.4 0.6 0.8 1
Compressed by a SeCOnd Scale Absolute or relative lithiation

factor “m” to find absolute OCP.
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= One way to “solve” this would be to perform OCP testing over a wider
voltage range, including higher voltages.

» Unfortunately, this would cause electrode-material and electrolyte
failure, so it is physically not possible to do.

m Alternately, we can seek a way to calibrate U, OCP(QP) allowing us to
determine an MSMR model U?. (6°) and {UO, X, w;}’ and boundaries

ocp

6y, and 61,,. This is what we do here.

Why is this important?

= Some parts of the PBM require knowledge of U
know that U (6;) = OCp(Qr)

ocp

(6;). However, we

ocp

e S0, we don’t need to know either the absolute level of lithiation or
the OCP function in terms of absolute lithiation in those places.

« Instead, we can simply substitute U, Ocp(er)

= But, other parts of the PBM do require knowledge of absolute 6.
o One example is the prefactor of the Butler—Volmer equation:

iy = BB T— 00, # Rip i1 — 01/,
remembering that 6, = Omin + Os(@max — Omin)-
+ We can find a similar result for the MSMR model.
« Another example is in the expression for SOC-dependent D!:
e0r0r = 0 By g - 1>—dU‘§;(9)
(6;) and 4;, the

D D!

s,ref

» Therefore, without a properly calibrated set of U,
kinetic predictions of the PBM will be biased.

ocp
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An idea to correct this

= The fact that solid diffusivity D! is SOC-dependent gives us an
opportunity to calibrate °, and therefore UP_ (67F).

ocp
= We rely on literature that shows that single-particle models (SPMs)
can predict cell voltage well for low-rate constant-current profiles.
o We collect constant-current data from the cell;

o We then adjust the parameter values of an SPM to fit these data.

= In the SPM, we assume that our existing model of negative-electrode
absolute U (6,) and 6; and 6;,, are accurate.

ocp

= We assume that relative U?, (9"), 6}, and 0, are also accurate.

ocp
= We choose to model (1 — 6°) = m(1 — 6P /b).
« The factor “b” stretches the U? (OP) relationship so that the steep

ocp

slope moves to 6P ~ 1 (cf. figure on earlier page).
o We can adjust » manually (e.g., with m = 1) to achieve this goal.

= The UP. (0P /b) relationship then _Influence of m on OCP_

ocp

reflects a fully lithiated positive
electrode when 0P /b = 1.

N
T

w
[ed
.

= The implications of m then are:

OCP estimate (V)
w
()]

w
AN
T

—m = 1: OCP versus relative lithiation
[|==m > 1: OCP versus absolute lithiation
m < 1: OCP versus absolute lithiation

0 0.2 0.4 0.6 0.8 1
Absolute or relative lithiation

e When /b = 1, 0 = 1 also.
e When 0?/b =0,0° =1 —m.

w
N

3

= So, m stretches or compresses UP (6P /b) to determine UP_ (6P).

ocp ocp
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SPM equations

= There are multiple SPM variations in the literature.®

= Here, we adopt a polynomial-based SPM, where the stoichiometry
profile inside a particle is modeled as a fourth-order polynomial in r.*

m The “state variables” of this SPM are:
o 0,4(?) is the average stoichiometry of the particle.
o VO,,(t) is the average gradient of the stoichiometry of the particle.

= The “output variable” of the SPM is surface stoichiometry 0().

» We define electrode absolute capacity as a function of cell total
capacity Q to be: Q" = Q/ |6}y, — 65|-

= Then, the polynomial-based SPM can be expressed as:

) ) 1
e (1) 0 0 ave (1) - 36000" |
[veﬁg(z)} |0 —30D1(0L,(7)) [ve;ig(z) } L O R
| T4800" |

el |, 8 e (?) (1/378000) 7 .
ol=1 5} {Wg ® | +[ 0 D105 (1~ )J’“”’

avg
where the factors of 3600 convert capacity in Ah to coulombs (or, As),
and where we set if (1) = iy (1) and i (1) = —iup(2).
= Voltage is computed as: v(t) = U, (03(1)) — Uge, (05(1)) — Roiapp(2).

= We can simulate the negative electrode using this SPM model without
changes, where the only unknown parameter value is D"

s,ref"

3 For example, you investigated an FVM-based version in ECE5710.
* The derivation details are in App. 3.d.
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= However, when we seek to simulate the positive electrode, we know
neither D? . nor U?_ nor 6} nor 65,

ocp

= To use the SPM to model the positive electrode, we must convert its

expressions to be in terms of A, U2 (6F), m, and b.

= Then, we can optimize the parameter values D! ;, D’ ., and m until

s,ref? ,ref?

the SPM model matches the measured data as closely as possible.
» Note that we have already chosen » manually, so we do not need
to use optimization to find its value.
o We will also need to optimize Ry, but since it is “linear in the
parameters” this turns out to be a linear-optimization substep of
the overall nonlinear optimization to find the three other values.

= The desired output of this overall procedure is the set of factors b and
m, which calibrate the positive-electrode OCP function.
« But, a further benefit of this process is that it gives initial estimates
of D} .. and D! . as well (further optimized by the EIS test).
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3.7: Converting SPM to biased stoichiometry

= We seek to convert the positive-electrode SPM equations, which
originally are functions of 6P, to be in terms of °, m, and b.

= Recall that we have defined (1 — ) = m(1 — 6°/b). Therefore,
%:1—@w—%)

‘gfoo =1- (b ‘9100

= We start the conversion process with (where QP = Q/ 08 — 65)):

o= L =2 g Qp
‘0100 90} }0100 (9 }
= The SPM equation for electrode average stoichiometry is:
A (t) 1
&t~ 36000° i (1)

= Substituting the relationships between 6P and 9P:
m dé Vg(t) m 1

i¢ (1)
b dt b 36000P '
dégﬁvg(t) 1 (),
dr 36OOQP

which has exactly the same form as before.

= The SPM equation for electrode average gradient of stoichiometry is:

dV e (1) .
— = T30DYEL))VR, (1) — PEnTIT it ().
= Substituting the relationships between 6P and 0P:
mdve Vg(l‘) m -, .p
D = 30D (1= 50 = 7)) VRy0) = it
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dvor dVOaye (1)
dt

= 30D (1= Z(b = 05,7 ) VAR HOY

48Q

= This also has exactly the same form as before, except for the
argument to the DP function.

= The SOC-dependent solid diffusivity is:

dUbep (0P
DP(6P) = sref—esp CH _1)¢ '
RT dgr or=p?
m Therefore,
—_— Y F ) )
DY (1 =56 =0) = 5 Dl (1= 56— D) (0 ~ )
p b RT b
(0] 9
. Uoep(@?) .
dop OP=1—m(1-6% /b)
 But, U2, (67) = U8, (b — 21— 67)), s0

AUy (b — 21— 7)) d (b — £(1 — o7))

dUscp(07) _
Or=1-" (b—0P) d(b—2(1 —6r)) dor

dorp

or=1-—2(b—0F)

b dU%.,(6P)
m  dor

or=0Y

= So, finally, redefining DP(-) to have input argument 6P:

D2 (87) = Dy (1= 0 =) (7~ ) %

m Putting everything together, we can simulate the true SPM using
biased inputs via the following definitions in the positive electrode:

Qp =0/ “9100 ég‘
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1
fa |10 0 0. 1, | 360000 |,
{Wﬁg(”} [0 —3055(5550))} [V@fl(r)}r o if (1)
4800r |

o1 .8 P (t) (1/378000) 7,
720 _[1 5] [Vﬁf (r>}+[ G DR R (- ))]’f(”

avg

b) dﬁ(?cp (ép)
dor

Dp(gp) — DPrefRFT (1 — %(b - ésp)) (ésp
Gv=0?¢

= Optimization produces estimate of m which we use to convert:®

OCp(ep) — ocp (b o 2 (1 - Qp))

m

95’:1—%(19—&3)

efoo =1- % (b _ éfoo) :

= Finally, we create an MSMR model {UO, Xj,w;j}’ of U OCp((9P)

°> When we use the SPM inside an optimization code, it is helpful to have bounds for m.
e Suppose that we “know” that the true 6? for UL, = 4.3V is between 0.05 and 0.5.

ocp

e Also, suppose that from the OCP test we have that U, Ugep = 4.3V when 0P =0, 3.
e Then, optimization bounds on m are:
1-0.5

b0,

1-0.05
b—05

m
<—=<
b
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3.8: Setting up the SPM regression; results

= We need to design a lab test to use with SPM to estimate {D* ., m}.

s,ref?
» Polynomial SPMs work best for constant-current tests.

« To get the best estimates of D! ;, we need to test a cell over as

wide a range of SOC as possible.

o If we use too low a C-rate, modeling error will be dominated by
estimation errors in U, (6;) and U (<9P) since cell polarization will

ocp

be very low and measurements will be dominated by OCV.

ocp

o If we use too high a C-rate, the SPM will not model cell voltage
very well (the literature suggests that SPMs of the nature we are
proposing work reasonably well up to about a 2C rate).

= We choose to implement a modified OCV test, with all steps executed
at 25°C, at around a 1C constant-current dis/charge rate.

= The discharge voltage and charge voltage versus SOC are calibrated
in the same way as we calibrate OCV data.

= Discharge and/or charge voltages are regressed against D", D’

and m using the SPM approach just presented.

s,ref? s,ref?

= Then, m and b are used to convert UP (GP) to US,,(67).

ocp

= Finally, we create an MSMR model {UO, Xj, w;}? of UL (67).

The problem of Ry when reqgressing parameter values

= Cell voltage is estimated as: Uy, (05(1)) — Uge, (0 (1)) — Roiapp(?).

= The U, (0%(t)) terms can be computed if D ; and m are given.

ocp

« But, to predict voltage, we also need to know R,.

= When optimizing a set of parameter values, one possibility would be:
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« Construct a cost function in terms of: ps = {D} ., D} s, m, Ro}.

s,ref?

« Then, find the p; that minimizes the difference between predicted
cell voltage and true v (z).

= However, this is a 4D nonlinear optimization; we can reduce it to a 3D
nonlinear optimization plus a 1D linear optimization.

= Define values found by nonlinear optimization: p; = {D} , D ;, m}.

= Then, every time the cost function is evaluated for a specific ps:
UL, (6%(1)) and U;, (05(1)) using the SPM and ps.

o Construct the vector e(t) = v(t) — ( Ocp(e (1)) — Ocp(e (t)))
« Ideally, this equals — Roiapp ().

o Compute

ocp

« Solve the least-squares problem Ry = — [iapp(t)]Jr e(t).
 Define cost as: rms (v(t) — ( Ugep (05, (1)) — Uge, (05(2)) — ﬁoiapp(t))).

= Minimizing this cost function over the three variables of p; will
automatically choose the best value of R, as well.
o Speeds up optimization and improves likelihood of converging to a
good local-minimum solution for ps.

Application to Panasonic-cell data

Panasonic cell data for different rates

= We performed the modified

OCV tests where scripts 1 and 3 -

used rates between 0.5C to 4C. g

S —_ i
= Rates up to 2C give voltage > 3] 16 Gharge” — 1 Discrarge |
2C Charge =——2C Discharge
spread of about 100-250 mV. 40 Charge 4G Discharge
25 : : : : :

= We will use these data to find m. 0 20 *Soc @) 80 100
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= When running the SPM on lab data, which UZ, (6F) estimate to use?
« From prior sections, Method-3 and Method-4 estimates were best.

« Method-3 UP

ocp

(6P) required b = 0.96; but b = 1 for Method-4.

m We ran particleswarm 100 times on each discharge dataset for

both OCP methods and cell serial numbers 41 and 42.

o Datasets from two cells were used to assess cell-to-cell variation.

OCP method Rate Dy,  Std.dev. D{  D{ .,  Std.dev. D, m Std. dev.m
Method 3, cell41 C/2  7.45x107° 1.4x1077 1.15x1073 1.5x107° 0.84 1.5x1073
Method 3, cell41 1C  1.02x10~* 4.6x107° 1.23x1073 9.2x107° 0.86 2.1x1072
Method 3, cell41 2C  2.61x10~* 1.2x107° 1.14x1073 6.6x107° 0.84 1.9x1073
Method 3, cell42 1C  9.67x107° 43%107° 1.21x1073 1.2x107% 0.85 3.1x1072
Method 4, cell41 C/2  7.39x107° 1.5x1077 1.16x1073 5.0x107° 094 15x1073
Method 4, cell41 1C  1.02x107* 5.1x107° 1.16x1073 1.0x10~* 0.95 2.6x1072
Method 4, cell41 2C  2.64x107*  5.8x10712 1.10x1073 48x1071% 093 1.5x1077
Method 4, cell42 1C  9.73x107> 43%107° 1.13x1073 1.1x107% 094 2.9x1072

= Very high consistency between estimates of m for these data.
» Using these data, we estimate m = 0.8475 for the Method-3 OCP
function and m = 0.94 for the Method-4 OCP function.

= Figure shows Method-3 OCP
scaled by b as the blue line;
Method-4 OCP as yellow line.

Original and scaled OCP relationships

4.2}

N
T

>
~ ~ <38} —
o Markers show 6, and 6, . £
&# 3.6 [|——Method 3 OCP
. o —— Scaled Method 3
= Versions scaled by both {b, m}  g34}—wmethodasocr

—— Scaled Method 4

are shown as red and purple. 3.:2[|= -Verbrugge NMC622
Final MSMR model
3 ' '

o Markers show 6} and 6%, 0 02 04 06 08

Absolute or relative lithiation

= The red and purple curves both estimate U_,(67) and agree very well.

« Either can serve as U?. (6?) in the steps going forward.

ocp
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3.9: Pulse-resistance testing

= |t remains to find all parameter values related to cell dynamic effects.

= \We choose to design a lab test to eliminate the Li-concentration (6.
and 6;) equations from consideration when computing voltage.

= To do this, we recognize that these two PDEs involve time derivatives,
and so their values cannot change instantly (in zero time).

= We begin with the cell at rest at some SOC, so 6. = 6.o and 6, = 6; .

= We apply a very short-duration pulse (a few us) of current to the cell:
6. and 6, remain constant but ¢, ¢., and ir, 4 can change instantly.

= Change in cell voltage is a nonlinear function of about 13 model
parameters, cell SOC, pulse magnitude, and temperature.®

= By conducting >13 experiments at different SOCs and magnitudes,
we can optimize a fit between the nonlinear function and the changes
in cell voltages to solve for the unknown model parameter values.

= To begin, we note that o () = ¢2(3, 1) — ¢ (0, 1).
« To find a change in voltage, we must find changes in ¢;.
« But, since we are relying on the nonlinearity of this relationship, we
cannot use our linear transfer functions.

m Instead, consider again simplified solid—electrolyte interphase model:

I Rdl +Cdl
W) _
Ll 4 Ry _
¢S —o ¢Sf — NN \—oro ¢e
UOCP(QS,O) QZS n _ Rct . if+d1
2 A

® Depends on MSMR model size. Remaining number of parameters = 11 4+ J" + JP.

Lecture notes prepared by Gregory L. Plett and M. Scott Trimboli. Copyright © 2020—26, Gregory L. Plett and M. Scott Trimboli



ECES5730, MODEL PARAMETER ESTIMATION 3-39

= For very-short-duration current (infinite-frequency) pulses:’
e Z; = 0 (since Li concentration in solid cannot change instantly).

« Double-layer impedance of Ca;, Z¢, = ((jw)"'Ca) ", is also zero
(since Li concentration in electrolyte cannot change instantly).

e Uoep(6s0) is constant and we treat Ry and Ry as linear resistances.
« R is a nonlinear resistance, governed by Butler—Volmer equation®

. < (1 _OC)F —o F
() o )

l_.O — IEO (96)1_0C (1 — QS,O)I_Q (05,0)0C (and ee — 1)

N = Pse — Riitra
: : n
lfydr = It + —. (31)
dl
m To seek connections between model parameter values and cell pulse
impedance, we start by examining the cell voltage equation

U(t) — ¢£(39 t) - ¢£(09 t)
= [¢2.(3,1) + P23, )] — [#2.(0, 1) + ¢2(0, 1)
= [#2.(3, 1) — #2.(0, 1)] + P2 (3, 1) — #2(0, 7).

= Since the cell is in equilibrium before the current pulse is applied,

” Note that this analysis shows that R, and R cannot both be zero. If they are and a
current pulse is applied when the cell is in equilibrium, then the instantaneous voltage
drops over R, and Rf and C; are all zero, forcing ¢ (¥,0) = 0 for all ¥ and hence
also a4 (¥,0%)/6% = 0. However, this violates the boundary conditions for the ¢’
PDE that will be presented in Eq. (3.6). Therefore, either R, or R} or both must be
nonzero for the interphase model to be physically realistic.

8 We use the standard DFN Butler—Volmer kinetics model for now; lab data will motivate
changing this to the MSMR model later.
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#2(3.07) = $1(0,07) = oo = ~Ulky (1)
,(3.07) = $2(3,07) — ¢2(3.07)
= (U2, @) = Uny(020) | = [~ Unp(@20)] = UB,(02)
$,(0,07) = §(0,07) — $1(0,07)
— 0+ U2, (00) = Ulkp(O2),

due to initial conditions. Therefore, v(07) = UZ, (65 ) — Uqe, (020

= Then, the moment after a current pulse is applied,
0(07) = [¢0.(3,0%) — ¢, (0, 0] + $2(3,0%),
where ¢i(%, 1) = ¢(&, 1) — ¢2(0,1).
= Therefore, the change in cell voltage is now

Av =0(0") —0(07)

a0 = lim [32.63,1) = $10.0 + 33,1 3.2)

t—0

where ¢!, = ¢, — U

ocp*

MATLAB ODE solvers (a time-domain approach)

m Parameter values will be found by regressing lab pulse-test data
against model equations: must refine model for test assumptions.

m Recall the PDEs for ¢ and ¢.:

_ oy .

570 =i (3.3)
o (_( O _ 0 In (6,) )
% (K (a—i% +xpT Y- )) = —lfydl (3.4)
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having nonzero boundary conditions:
- _iapp

0 0
0_-n_~¢s — 0_'p_~¢s
0X |50 0X |53

To . ol |
—K |:£¢e +xpT PY: ]~ . = lapp

and initial values ¢ = 0, ¢, , = UL (0. )—Us., (050,
¢e,0 — ocp(e O)

m For the pulse test, 6. remains uniform: the gradient of In(8,) is zero.

= Combining Egs. (3.3) and (3.4) gives a debiased solid—electrolyte
potential-difference expression

e, 1) (1 1Y
Se~2 ==+ =) irra(x, ). (3.9)
0X o K
= Boundary conditions on the potential equations are also combined
2 0se 1 0se o 0Pse _p0sc .
o"— = — - —ikP— =oP— = —lapp-
0X 10 0X I3y 0X |5 0% les
(3.6)

= The initial conditions for the debiased potentials are:
¢seO ¢ ,0 ¢20 ocp (QSHO) =0
te.0 = Poo — Poo — Uk, (67) = 0. (3.7)

= For the pulse-test assumptions, the PDE for ¢.. is reduced to an
ODE, Eq. (3.5), together with the interfacial flux Eq. (3.1), and subject
to boundary conditions Eq. (3.6) and initial conditions Eq. (3.7).

= If all parameter values are fixed, can solve for ¢,. in both electrodes
directly in MATLAB by using boundary-value ODE solvers. Then,
optimize parameter values by regressing data against ODE solutions.
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3.10: Solving for pulse-test math factors

Determine #°,(3,t) and $".(0, 1)

= To use MATLAB BV-ODE solver (e.g., bvp5c), we must provide the
ODE to be solved (in standard first-order form), boundary conditions,
and an initial guess for the solution, all in a prescribed format.

= The ODE being solved is assumed to be of the form

oy
S =Y =00
X
= To convert our problem to this form, we substitute y, = ¢, and
y2 = O /0% tO rewrite the equations as vector of first-order

equations, that is,

/ aés_e azés-e
= =y, and = —.

= The boundary conditions are coded in the form g(y(a), y(b)) = O:
Egs. (3.6) are translated to:

0d..(0,1) i,
Dse( )Jr pp _

a&s-e(2a Z) . iapp _

— - 0 — - 0
ox ol ox kP
Ose(L, 1) _iapp _ 0¢ye(, ) | dwpp _

ox 7 Ox aP '

= Finally, we use the MATLAB function “bvpinit” to create an initial
guess for the solution to the equations.

e Solver is robust to this guess, works even with a zero initialization.
» bvp5c executes more quickly if ¢s. initialized closer to final solution.

« In the negative electrode, we assume a quadratic form:
bee(X,07) ~ aF? + bi + ¢, for0 <% < 1.
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o The derivative at ¥ = 0is ddse/0X| = b. SO, b = —iyy/7".

o Similarly, dps./0%| =2a+b. S0, a = (iyp/E" — b)/2.

e The mean across 0 < x < 1 IS qis_e =a/3+b/2+ c. So,
c=c¢se —a/3 —bJ/2.

« To approximate the true mean of ¢,., we assume uniform
it (X, 07) = iy, across the entire electrode.

+ Solve nonlinear equations for mean of ¢, using fzero:

negMean = @(x,1) 10n.#* (exp(Kln.*x)-exp(K2n.*x))+x/Rdln-1i; % x = etan
if Rdln == 0
phisemean = Rfnxi;
else
phisemean = fzero(negMean, 0, [],1i) + Rfnxi;
end

= The solution in the positive electrode is similar, except we
approximate ¢..(¥,0") ~ a3 —%)*+b(B - %) +cfor2 <x <3.

» Computation time < 5ms per (SOC,rate) pair.

= An example solution (evaluated using deval based on structure
returned by bvp5c) when the cell is at 80% SOC and subjected to a
4C-rate short-duration pulse current is displayed below.

Negative electrode Positive electrode

0.5 0.5 -
04t Pse : 0.4F T P ]
— O¢ps.c/OX — 0./ OX
—_— 03 r g 03 - ]
> >
o 0.2 o 0.2
=] =
o1 L 0.1
0 : o
_01 I 1 _01 /—
0 0.2 04 06 0.8 1 2 2.2 24 286 2.8 3
X position (u/l) X position (u/l)
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Determine ¢£(3. t) and Av(t)

= To compute Ao (¢) we also need to be able to find ¢P(3, 07).

= App. 3.e shows (after a lengthy but straightforward derivation):

—n

~ [ [ [ ~ ~

p 3’ O—I— — app __“app app . ( n 1)0-{— . an O, O+ )

Frc.on = -t e w8 (3n,(1,0%) - §2,(0,01
oP

_ 5P (3,01) — P (2, 0% ),
’zp _|_ O—_p ( s-e( ) S-e( )
which is readily calculated given the bvp5c solution for ¢! (X, 07).
= \We can now compute the change in voltage due to the current pulse:

Av = @P.(3,07) — @ (0,0) + ¢2(3,0T)

—n

Lapp Lapp app o 7n +
= — _ _ - 1’ O
K"+ on KS KP + ogP ;zn_|_0—-n¢8-e( )
I N iP - N ~p . N
— ’z_n + O—_n¢s-e(07 O ) + }Z‘p + O—_p S—€(37 O ) + R:p + O__p S—€(2’ O ).
= Interestingly, this can be represented by an equivalent circuit:
Lapp 1/c" 1/5P
° ! 4% VWA * o Av
—T_ ¢an-e(0, ()+) ~sn_e(l, 0+) &Ee(z, O+) ng’_e(?), O+) -A-S_O_Hg ------
v Electrolyte
VW ———M———— /MW
1/i" 1/i 1/icP

= |[f we normalize voltage change by the value of applied current, we
define a nonlinear pulse resistance Ry = —Av /ipp:

1 1 1 K" @M (0,0%)
Ry = = — + — + = — = — =
Kk"+o" k% KkKP4+oP KP4+ o01 Lapp

—n n + = 7P + ~ 7P +

o +.(1,0M) o  Pse(2,07) kP e (3,07)
N ~n ; ” ~ ; > ~ ; )
K"+ o Lapp KP 4 oP Lapp KP 4 oP Lapp
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= The figure below summarizes the ODE simulation method.

() ‘95
c

9O 0O
b

S

T | Ps
)

= | %
8 Il
)

c

9

=

)

c 0
o

(8]

> O
3

s |~
8 |+

ODE solver: Determine ¢", and ¢f. Calculate resistance
27 T .
] 2% (L LY, [2] Initialize solution ! 1 1
02 gt | fr) with parabolic form. K460 RS kPGP
3 - (I—a)F | .y 7 Lk 40,0
[8]1 itpa=io|exp “Rrr 1) TP\ o + R—(rﬂ K"+ dapp
_ ~ - o 7n 1’0+
=Ky (1-020) ™ (65,)° > OO
k4ol Lapp
r__ ir er-r _
n ¢s—e f f+dl B &p ¢£e(2, O+)
(solve for igyq; using nonlinear solver) KP4+ 0P g
0Pt ot kP Ple(3,0M)
[4] o ai-e = —k' ai-e = _iapp B KP + oP iapp
X l5=0,3 X oli=1,2

= Some representative examples are shown below:

Doyle cell (no double layer, R, = o)

Resistance (m2)

Resistance (m2)

11‘: 6.6-_
] S 6.4
10E E ]
91 © ]
1 § 61
81 3581
71 856
o T
63 5.4
0 - 800”100 -10
Ufrent(c(?ate) 5 10 o 20 40 50C (%
E
[}
(&)
c
S
@
0
(0]
o

ate) ° 10

Doyle cell with double layer (R, < )

SE™
S N
AN
NN
N

100
80
0 o 40 Loc Ce

5
Current (!

rate) > 10 o0 2

Doyle with double layer but R}, = 0

.

B e 0 e
CUI’renl- (0_9 5 20 40 SOC (0/03 CUrrent (C‘(’)'at 20 40 SOG KQ/O\

e > 10 o0

= |[n physical cell, would expect something in-between the top-left and
bottom-right extreme cases.
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3.11: Estimating cell-model parameter values using synthetic data

= Ry is a nonlinear function of 13 model parameter values, and a further
function of cell SOC and pulse magnitude (and also temperature).®

» Therefore, by collecting at least 13 data points at different SOCs and
pulse magnitudes, we can fit the nonlinear model function to Ry and
optimize the 13 parameter values.

= The underlying optimization task aims to find a set of parameter
values that can make the model predictions agree as closely as
possible to the processed R, at all setpoints.

= [f we define a vector of M input magnitudes and N SOC points, we
can state the objective as seeking to minimize the following root-
mean-squared error (RMSE) cost function:

M N
1 N 2
* — aromin —E E Ro (i, 22) — Ro iy 20, ],

where p is the set of 13 model parameters to identify.

= |In this section, we seek to estimate cell-model parameter values
using R, estimates found by time-domain simulation of a noisy PBM
for M =30 and N = 4.

= Parameters were initially chosen randomly around the true values.

= Graphical results are plotted below, evaluated at many more SOC
and magnitude points than were included in the data used to estimate
the model parameter values.

¥ Electrolyte intrinsic conductivity « is a function of electrolyte concentration. However,
we are estimating lumped parameters «", k°, and «P (based on x) around the cell’s
equilibrium electrolyte lithium concentration, 6. = 6. = 1. Therefore, x is a constant
for all of the pulse tests and «", «°, and xP are also constants.
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Graphite//NMC cell simulation, 25°C

2.7
Graphite//NMC cell simulation, 25°C
C}E 2.651 ~ 3 _ |HElTrue model
= G Estimate model
2 g
Q
3 ] % 2.6
= 5 L True Processed Model fit 18
§ 33 X SOC20% ® SOC20% =——SOC 20% 2 24 ]
£ X SOC40% @ SOC40% ——SOC 40% & 1'0 -
SOC 60% SOC 60% SOC 60% 5 100
25¢ X SOC80% @ SOC80% ——SOC 80% ] PU]Se 0 60 80
I 1 1 1 1 1 1 1 I CUIT -5 40
4 3 2 a4 0 1 2 3 4 ey , 070 20 goc )
e

Pulse current (C-rate)

» QOverall, the physics-based pulse-resistance model has excellent
agreement to the processed Ry. The model generalizes well.

» Numeric results are shown below:

Lumped Lower Upper Initial Optimized True Relative
Parameter Limit Limit Value Estimate Value Error
a" [u/1] 0.37 0.68 0.53 0.52 0.50 5%

aP [u/1] 0.41 0.77 0.59 0.52 0.50 4%
kdimols™']  434x10™*  8.06x107*  6.20x10™*  6.69x107*  8.01x107* 16 %
kb[mols™']  2.06x10™*  3.83x107*  294x10™*  2.62x107*  2.71x107* 3%

" [S] 315914 947743 631829 625975 612311 2%
P [S] 12585 37755 25170 21918 28957 24 %
K" [S] 646 1937 1291 1838 1350 36 %
K [S] 2977 8933 5955 5563 5758 3%
kP [S] 1655 4965 3310 3116 2438 28 %
RS [Q] 8.94x10™*  1.67x107°  1.28x107°  9.59x10™* 1x1073 4%
RY Q] 6.06x107*  1.12x107°  8.65x10™*  9.83x107* 1x1073 2%
R! Q] 9.12x107*  1.69x10™  1.30x10™°  1.04x107° 1x1073 4%
RY Q] 7.51x1077  1.39x107°  1.07x107®  1.07x107° 1x107° 7%

are shown below:

m Traces of parameter values over time during the optimization process
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aI‘

0.65

® " estimate = =q" truth

} ® of estimate = =qP truth

Parameter values (u/1)

o
aQ

b 1)

e

o
i
Parameter values (mmol/s)

0450 @
.
0.4 . L .
0 50 100 150
Iterations

~I

o

800

700

600

500
40

Parameter values (kS)

Parameter values (kS)

® 0" estimate = =g" truth
® P estimate = =gP truth

0 50 100 150
Iterations

Parameter values (u£2)
O
(e}
(e}
[
Parameter values (mf2)

® R}‘ estimate = -R;‘ truth

PP ® R! estimate — =RY truth
0.68 : i :
0 50 100 150
Iterations

]_{:r
0
0.9 T
O8pe— ——— == === == = = = = = = = 4
0.7 ]
S
% _ _ ]
0.6 : ® kj estimate = =kj true
A — _IP
05k '] ® k; estimate ky true
04r
[ ]
0.3 B
0.2 L I |
0 50 100 150

Tterations

K" estimate == =gK" true
R° estimate = =R® true
RP estimate RP true

0 50 100 150

Iterations
T
Rdl
16 _b ® ® Ry estimate = =RY true|]
' ® RY estimate — =Rl true

0 50 100 150
Iterations

= \We see that parameters converge to the correct neighborhoods.
Further, the optimization is not confusing corresponding parameters
in negative and positive-electrode regions.™

19 This is due to the 6%, influence in the Butler—Volmer equations of both electrodes vary-
ing in opposition to one another as a function of cell SOC.
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= WWe make the following summary observations:

« Estimates of charge-transfer coefficients a' have good accuracies
as they exhibit the highest nonlinear influences on R, responses.

« kb is estimated well, while k; still has some offset to its true value.

+ We see slight but noticeable nonlinearities at low C-rates in a
sensitivity-study (cf. textbook) that might aid in estimating these
values well.

+ However, the processed R, are noisy and biased at low-input-
magnitude setpoints. Therefore, we are more likely to compute
inaccurate k;, values if the data quality is not guaranteed.

e Ry is a very weak function of 6", so it is difficult to identify a high-
accuracy estimate for ¢ ".

+ However, even large-magnitude absolute error produces small
relative estimation error due to the large magnitude of ¢".
+ The value of ¢? is relatively well estimated in the study.
« Electrolyte conductances «" have large relative errors because

they are coupled with large-valued " in the model: small relative
errors in identifying " will require large errors in k' to compensate.

« Estimates of lumped film resistance R} and lumped double-layer
resistance R!; are highly accurate.
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3.12: Application to a physical cell

= WWe now show summary pulse-test results for the Panasonic cell.
« | have omitted a lot of detail (see text) on finding R, from raw data.

m MATLAB'’s particleswarm optimizes PBM parameter values to fit
ﬁo estimates. Fits of resistance model to ﬁo data are plotted:

Panasomc cell, 25°C
. . : . L o
Processed  Model fit Panasonic cell model prediction, 25°C

¢ SOC 18% =——SOC 18%|]

¢ SOC 40% SOC 40%

SOC 59% SOC 59%
it i SOC 80% ——SOC 80%

1.15+ s .

LN

a1 e O

. B e : 4
ﬁIﬁIIEIﬂE T TEE ? S oo e

1.05_ _' -

Pulse current (C- rate)

Pulse-resistance (m¢2)
‘ .jJ
=
[
|
|
Pulse-resistance (m{2)

100

“Tage) -10 0 50C (%)

= We make two key observations:
1. The apparent “oump” in the R, measured data between +1C is not
reproduced by the model.

« This fact, combined with the wide error bars for R, estimates in
this operating region, leads us to believe that the bump is an
artifact caused by voltage-measurement noise.

2. Modeled average resistance at different SOC levels does not
agree with actual average level of resistance as a function of SOC.

o The collected data show monotonically decreasing resistance
as SOC increases; however, the model predicts that resistances
for 80 % SOC must be higher than for 60 % SOC.

m Fundamentally, this mismatch demonstrates that the model we have
used does not have sufficient SOC degrees of freedom to describe
the observed changes in resistance as a function of SOC.
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= The only occurrence of SOC in the model is in the pre-factor to the
Butler—Volmer equation. Therefore, this pre-factor is somehow too
simple to describe the data we have measured.

= We believe that the solution to this problem is to replace the standard
DFN (Butler—Volmer) kinetics model with the MSMR kinetics model.

» We conducted a simple simulation study where we replaced the DFN
kinetics with the MSMR model.

» Results plotted below: more SOC degrees of freedom are enabled.

Graphite//NMC cell simulation
with MSMR-style interface model Graphite//NMC cell simulation

32 with MSMR-style interface model
~ 3.1
C: ~~
g S
g 3 E344
= 3
<
Z 29 §32
170} _E
7 g 34 S
O ] ) -
228 —e—50C 20% L e S|
£ =0—SOC 40% & 90 S

2.7 SOC 60% 5 30 100

—8—SOC 80% 2 0
| ) o | U]se 01117. -5 20 40 60
10 5 0 5 10 “ate, 1000 <OC 0
Pulse current (Crate) Ue)

= MSMR model R, fits to the data are shown below.

MSMR-style model fit on Panasonic cell, 25°C

- - Panasonic cell model prediction, 25°C
Processed Model fit
12t ¥ SOC 19% =——SOC 19% |]
c o | § SOC39% SOC39%|1& 1.2-
£ T SOC 59% ~SOC 59%|{ E
o 1.15F ¢ SOC 80% =—SOC 80%|]{ » 1.15
Q N ;.::)
2 |
g 2 11
i 18
8 = & 1.05 5
w2
£ 105} 17 107
5 100
Pujg, 60 o0
1 | | | L L L L Cu’Tth -5 20 40
4 3 2 a0 1 2 3 4 (Curggyy 100 g0C ()

Pulse current (C-rate)
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= At this point, we don’t believe we’ve collected data at sufficient SOC
setpoints to determine all MSMR k; and k), without ambiguity, which
we hypothesize is one reason for the bumpiness of the 3D surface.

= However, the 2D fit to all Ry data that have been measured to this
point is greatly improved over the fit using the non-MSMR model.

Summary of pulse testing

m Use very-short-duration (a few us) current pulses to excite cell:
concentration variables cannot change in zero time and hence
parameters of concentration equations are eliminated from model.

= There are about 26 parameters in the lumped-parameter model
remaining to estimate: The pulse-resistance model eliminates 13 from
consideration and so we are able to focus on estimating the others.

= [n principle, this should make it easier to find accurate values reliably.

= Simulation studies show we are likely to make poor pulse-resistance
estimates for low input currents due to measurement noise.

m After optimization, despite the fact that some model parameters do
not have high-accuracy estimates (e.g., conductances), predicted
pulse resistance still agrees well with the true data.

m This is because voltage is insensitive to some parameters. Perhaps
better estimates could be made if more data from more setpoints
were collected in order to reduce the impact of measurement noise.

= Nevertheless, the majority of the parameter estimates yield less than
30 % relative errors, which we consider to be reasonable with respect
to the number of SOC/C-rate setpoints we emulated.
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= Methods for data-processing and optimization were also applied to a
commercial 25 Ah Panasonic graphite//NMC cell.

= |[n doing so, our lab equipment was pushed to its performance limits.

» This, combined with voltage-measurement noise, makes finding
reliable estimates of R, difficult.

= However, we could still make several observations such noting the
clear variation in pulse resistance versus cell SOC and temperature.

= We were not able to find a set of parameter values using DFN kinetics
that accurately represented the SOC dependence of the lab data.

« This appears to indicate that the SOC dependence of the kinetics
in the DFN model is too simple.

m As proof-of-concept, we replaced the standard DFN interface kinetics
with those of an MSMR model, and found that this new approach can
explain the SOC dependence of R, observed in the lab data.

m This is a very promising result, hinting that perhaps the pulse test can
find the set of kinetics parameter values for a full MSMR model. A
detailed investigation remains as the topic of future work.

= |n principle, pulse tests estimate all

_ Negative  Separator  Positive
parameters in the table.

Electrode Electrode
« We might assume a; = 0.5 10 ol a
reduce count further. " i P
o &" &P
= Remaining parameter values found 2y oy
using the EIS and PSS tests. R! RP
Rgl Rgl
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3.13: Frequency-response testing: concept and complications

m Ch. 2 developed closed-form TFs for all electrochemical variables,
which can be combined to form a closed-form cell impedance model.

= In principle, measured EIS data
can be regressed against this

Negative Separator  Positive

_ electrode electrode
model to find (most of) the Hn 7P
_ s,ref s,ref
remaining 13 parameter values. " g 3P
fe i
m But, since so many parameters C;‘j Cgl

remain to be found, the cost n P
function has many local minima.

kp and y span all regions

= We find that the quality of results is improved by:
» Optimizing both the impedance match and the “distribution of
relaxation times” (DRT) match together.

» Using as tight parameter optimization bounds as possible, and
initializing to physically reasonable values.

» Using a powerful optimization tool such as particleswarm.
o Preprocessing lab data to remove inductance from the test setup.

= But first, an unexpected complication.

TF model is not linearly identifiable

= |[deally, we seek to estimate—from EIS data—the parameter values:
PEts = {Dg o> e s 1 Mgy K0y ).
= We begin by assuming all other model kinetics parameter values:
Ppuise = {0t ]g(r)’j, k', 6", R, Ry)

have already been estimated by the pulse-resistance test.
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= However, we encounter an identifiability problem when doing so.

= We know from Ch. 1 that all the parameters of the PDE LPM model
are identifiable; but, not all parameters of the linearized TF model are.
» We say that the LPM is “nonlinearly identifiable” but the TF
impedance model is “not linearly identifiable.”

m To illustrate, consider a simple model, y(x) = ax + b sin(x).

= |f we collect (x, y) data for a variety of x, we can estimate both a and

b accurately. We conclude that this model is nonlinearly identifiable.
lllustrating linear nonidentifiability

m Linearizing the model (via a

Taylor-series expansion around .. g

x = 0 and deleting nonlinear 2:10'

terms) gives y(x) = (a + b)x. g 5 /
= In the linearized model, we can L%

identify the sum a + b, but not o T~

the individual values of a and 5. 0 /2 ™ 31/2 2

Function input x

m |t is not at all obvious from a casual glance at the TF equations that
there is a redundancy such as this in the TF cell-impedance model.

= However, some detailed analysis shows that the model never has v,
., and ip alone; they always occur as ratios of g'/y and ip/ .

m S0, the EIS test cannot identify all parameters in the desired set;
rather, it can identify (by temporarily forcing v = 1):

lin __ (o -r, > ,~r _T . T = /.~
PEis = {Ds,ref’ qe/ V> Cap> Mg, Ny, Kn/ W}

= We rely on the pseudo-steady-state test, presented later in this
chapter, to identify y, which allows us to recover g’ and p, also.
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Distribution of relaxation times

= With the identifiability issue sorted out, we find that there are still
challenges finding physically consistent parameter values, ppr.

= The Nyquist-impedance “bump” is often roughly semi-circular.

m Recall, from Topic 2.9, that a semi-circular impedance signature can
be modeled by a parallel R—C circuit having time constant = = RC.

= But, impedances having multiple similar R—C time constants will have
overlapping “bumps” that visually appear to be a single semi-circle.

o Large errors in time-constant estimates can result in small errors in
impedance. Optimizing impedance matches alone is insufficient.

m “Distribution of relaxation times” (DRT) method seeks to deconvolve
indistinct or “blurred” impedance into individual time constants.

= May help separate time constants for negative- and positive-electrode
double layers, electrolyte- and solid-diffusion processes, and so forth.

= This might improve estimates of pgt in a similar way to how
differential-capacity methods improved estimates of U,.

= To introduce the DRT, consider the circuit to the right. C
= \We can determine this circuit’s impedance readily via ‘ ” |
ac steady-state analysis: 4
1 R R
Z(f) =

Ty j2nfC 1+ j2af(RC) 1+ j2aft

= |f there is a series resistance R, plus multiple R—C filters in series,

Z(f) = Rot > —
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= Now, consider the nonideal case, where the Nyquist impedance
“bump”, even from a single process, can arise from a range of time
constants rather than a single time constant.

« Nonhomogeneous particle surfaces and porous materials are
providing many different circuit pathways for charge storage in
parallel, each having a different relaxation time.

 This is the ZARC (R—CPE) case we have encountered before.

= |n this case, we suppose we have total polarization resistance Ry
and some differential amount:

g(7)
14+ j2nft
of the resistance between time constant  and ¢ + dz. Therefore,
> g(r)
Z(f) = Ro+ Ry, / :
(f) 0 pol . 1 n ]27l'f‘[

= More generally, for a possibility of multiple ZARC elements, we have:
= y(n7)
Z(f)=R *'j/ ,
(f) = Ro S gy
where y (In7) is a “distribution of relaxation times” function describing
the time-relaxation characteristics of the cell.

dz,

= We would like to deconvolve Z(f) to solve for y (In z) directly from
impedance data, but there are numeric challenges.

= WWe have had some success using the “DRT Toolbox” which
approximates y (In 7) using radial basis functions (RBFs)."

" T.H. Wan, M. Saccoccio, C. Chen, and F. Ciucci, “Influence of the Discretization Meth-
ods on the Distribution of Relaxation Times Deconvolution: Implementing Radial Basis
Functions with DRTtools,” Electrochimica Acta, vol. 184, pp. 483—499, Dec. 2015.
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m Consider the example of a 10mF 22mF " [ez
. . . . i o Z ]
circuit having a series _ m 7
G
. . 2 o R
resistance and two R—C pairs. < 20 100 359 . a-g . |- -owra|
~ S - ~_
. &0 207 -
= \We wish to deconvolve the £ 10 09«3”/ *a
. . o /
overall impedance using DRT to f*\l \
. . . Or !
find circuit-element values. | | | | |
0 10 20 30 40 50
Real(Z), (Q)
I I 35 - -
= Using the DRT toolbox, we find ﬂ — Gaussian aperox
the RBF-approximation to the S I | & ientiedpeak |
. . . . N 25¢
distribution function y (In 7). )

~ 20F
—_

= We see two distinct peaks i;* 15

corresponding to the two R—-C =%} : :
. 5 b ® 1
time constants.
0
10° 100 10°

7(s)
= Having identified z;, we then fit resistance values R; by minimizing

{Rika R;} — arg{min Z ”Ztrue(f) - Zest(f)”2 .
f

Ri,R>}

" We then compute Ri[Q] Ry[Q] Ci[mF] C;[mF]

capacitance as

Truth 10 35 10 22
Ck = ‘L'k/Rk.

Estimate 9.85 3529 823  22.98
= Results tabulated:  Relative error 1.5% 0.83% 17.7%  4.45%

= Note that since the DRT provides a discrete solution, the values for z;
will be (at least) somewhat wrong.

» An additional optimization of the overall impedance using the
identified R—C values as initializations might improve final results.
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3.14: Frequency-response testing: Results

» Recall that cell impedance can be expressed as:
DL.(3,5) | DLB,s) D0, 5)
Iapp(s) Iapp(s) Iapp(s)

m Visualize using Doyle-cell parameters (plus double layer).

Z(s) = —

= Plots show Zy = —®%(3,5)/ Lapp(s) g 22 = PL0,8)/ Tapp(5)
individual 0.8
impedance S osf g 3
components. Soa S
. @ E.
= Color is function  Zoz| /\ 5
of frequency, ol -
helps show 0 02 04 06 08 1 % | > 3
| i Real(Z;) (mQ) Real(Z,) (mQ)
overiapping . 73 = ~ B8, 5),/Lupp s) o Cellimpedance
segments.
10} 121
= Expect atleast € | G 10y
: = — 8}
two time < 6l S
1 % 6f
constants per = g,
electrode, three ' ;| ol
for electrolyte. ol - oL— L
0 2 10 12 0 2 8 10 12 14

4 6 8 4 6
Real(Z3) (MQ) Real(Z) (mQ)
= Note that none of the impedances extend below the real axis, which

is different from what we see in measured EIS data.

= Real measurements include inductive behavior, which is not a part of
our cell models and should be removed from the data before
optimization so that parameter estimates are not biased.
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» We use the “generalized DRT” (GDRT) to help with this: It identifies
R—L time constants in addition to R—C time constants.

m We then subtract the impedance contribution of the R—L time
constants from the impedance data before optimizations.

Data-process performance, 25°C Panasonic sample GDRT, 25 °C, 90 % SOC
ol /g{’ | IRaw Il’rocesselzd ] EO_OS | —— JRC
= \ o 95% —-95% (] 0[] Ny — RL
@ vy, o 80% —e-80% || & E . Y BIC
= - 63% 63% S 1.75 18!l s 1.9
~ -10 o ﬂ \)\») . ~ Real(Z) (m©Q)
N @) =
\%/D 0.05 ” ()O( s 5 502 A B
e 0 )() é =
— —2 3 - < A C
| 0 0.05 O() - b A \
. () 1P-2
30 o 17 18 19 , , 0, , 0 AA L &T(S)\ _
2 3 4 5 6 7 10 10* 107 10 10> 10
Real(Z) (mQ) 7 (8)
= Repeating for multiple SOCs, we have:
Processed Panasonic cell, 25°C o Panasonic cell GDRT, 25°C o
10} 5% _100] 25%
E 0.1 G
= 18% E /ﬂ 48%
S 0.05 I~
50 5t 63% <= 5t 63%
£ 0 S Alﬁ\a
"l‘ 859, 10 102 10" 85%
A
01 s > 2'5 3 3'5 100% 0 p " > 0 5 n 100%
: . : 107 107 107 10 10 10
Real(Z) (mQ) SOC 7 (S) SOC
] Then, regress processed Model fit to measured data
impedance data (optionally DRT _ .
G
peaks also) to TF parameters. £ , )
o _ _ Q 0.05 & 4
= The fit is quite good over a wide & l'
=
SOC and frequency range. = %
Lo
. NN S 2.2
m (cf. text for details on data Soc NGRS 18 2 )
(%) Rea\(D (m

processing and optimizations.)
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m We can choose to fit individual models to each SOC measurement
setpoint (“Strategy 2”) or a single global model (“Strategy 17).

= [f we have physically correct models of how parameters vary with
SOC, then Strategy 1 is best; otherwise, Strategy 2 captures true
parameter variation that otherwise would have been masked.

m Using Strategy 2, we do discover parameter variations.
Estimating charge-transfer resistance

Panasonic-cell model fit, Strategy 2, 25°C

5 0.15f
10 -0 o
= OV~ gOge? so_ ._._Q _.’
- 10-3 §, 0.1l Estln:late Model fit ’
= 2 ® Ra = -k, %
Q 10—4 ;U ® Ry - 'ko,j o ’
eo_%
® D! estimates == DI model fit 0.05¢ °® o g °
. ® DP estimates == DP model fit o~ o
107 L= . . - Téee 30,

0 0.2 0.4 0.6 0.8 1
Electrode stoichiometry, 6;

Panasonic-cell model fit, Strategy 2, 25°C

0 0.2 0.4 0.6 0.8 1
Electrode stoichiometry, 6;

Estimating double-layer capacitance )
; ; ; ; -10° ; ; ; ;
® CJ estimates = =C} average &
100 | o Cdpl es:imates — -Cdpl average ] ) ° [ ] ° . °® .
g i T |s _——L..:.————’——.————
% (] [ 1Y \Q-lO 1
= ° ° ° 12 o © °
= 50 oo
([ °® [ ]
([
o ] | ® ip/y estimates = =Average |
002 (VY Y 100 . : . .
0 0.2 0.4 0.6 0.8 1 0 20 40 60 80 100

Cell SOC (%)

Electrode stoichiometry, 6

= The Baker—Verbrugge SOC-dependent solid-diffusion model appears
to work well for the negative electrode, but perhaps less well for the
positive (we don’t know why; perhaps 6? is still poorly calibrated).

= The MSMR model for SOC-dependent charge-transfer resistance

appears to work well for both electrodes.
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= The data are inconclusive regarding whether Cy4 and «p/y are SOC-
dependent (or, voltage-dependent).

Temperature dependence

= Many parameters are temperature-dependent: use Arrhenius reln.:

$(T) — § Eg (1 1
= Werexp|l —(=——=1] ).
TP\ \R e 7))

temperature-dependent factor

where W,; is parameters’s value at reference temperature Ty (€.9.,
T..; = 298.15K) and Eg is its activation energy [J mol~"].

60Arrhenius factor (negative activation energy) 14Arrhenius factor (positive activation energy)
—E_ = -50 kJ/mol —E_ =100 kJ/mol

a a
50 —E, = -40 ky/mol | 12 __E_ =80 ky/mol
9 E,=-30 ky/mol |{ @ 10 }{——E, = 60 ky/mol
o 40F —E,=-20kJ/mol [{ & g [|—Ea =40 kJimol
S a0f E,=-10kJmol |} § E, = 20 kJ/mol
o E, = 0 kJ/mol o 6 E, = 0 kJ/mol
> >
© 20 ©
> > 4r
10f ol
0 : ; - ; - 0 — |
-30 -20 -10 0 10 20 30 40 50 30 -20 -10 0 10 20 30 40 50
Temperature ( C) Temperature ( C)

m Conductivities, diffusivities, and
reaction-rate constants increase

Negative Separator  Positive

electrode electrode
as temperature increases. o e
= Resistances decrease as E7, E;
. n p
temperature increases; use Dy Ep,

. C L n E®
same equation, but activation R Eff
energies are negative. Rii Rj

EgSf Egsf
dl dl

m Activation energies that must be

found are tabulated to right.
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3.15: Pseudo-steady-state testing

= We are now at the final step of the parameter-estimation process.

= By this point, we have found values for all parameters except v .

o It turns out that g’ and x, cannot be separated from y using a
linear test (e.g., EIS) so we must perform one final optimization.

= To estimate y, we will reuse the constant-current discharge data
collected for the discharge test and will regress those data against an
enhanced single-particle model that includes electrolyte effects and is
optimized to predict pseudo-steady-state behaviors of a cell.

» We call this model the pseudo-steady-state or PSS model.

m The PSS approximation relies on the observation that when a
constant current is applied to a lithium-ion cell, two things will happen
after an initial transient:

« All cell electrochemical variables described by stable TFs will
approach steady-state values.

« Cell electrochemical variables whose TFs have integration
dynamics will continue to evolve over time, but their integrator-
removed TFs will approach steady-state values.

m Therefore, while some variables continuously change, there is still an
aspect of steady-state behavior that applies to all cell variables.'?

» The PSS model takes advantage of this observation to build an
enhanced SPM of the cell that can be used inside an optimization
routine to determine .

12 Since not all variables achieve steady state, we refer to the overall model as the
pseudo-steady-state model.
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m The flowchart below illustrates the interactions between the different
components of the PSS reduced-order model (PSS-ROM):

Constant applied

current, iapp + *

Single-particle model 6,,,[k] Steady-state §(0
and V@, [k] update using and 62(3), from

avg
Egs. (3.10)—(3.11); output Egs. (3.8)—(3.9)
0% [k] per Eq. (3.12)

; '

Faradaic current p-| Invert kinetics to find L | Compute cell
| i} .\, [k] per Egs. #".10, k] and ¢L.[3, k] voltage venlk]
(8.13)—(3.14) »> per Egs. (3.15)—(3.16) [ ®| via Eq. (3.17)

m |t calculates voltage derived from:
0(1) = [#5.(3, 1) — #3.(0, 1) + @23, 1) — #2(0, 1)
= [¢0.3.1) = 4.0, ] + $2(3. ).
= To find ¢, (X, t), we recognize that it exists in the overpotential term:
(X, 1) = ¢ (X, 1) — Uge, (05(X, 1)).

» We solve for its values by inverting the kinetics equation, which
further requires knowledge of 8.(x, t) and 6. (x, ¢) at x {0, 3}.

m The electrolyte profiles are assumed to attain steady state quickly
during the discharge test, so we solve for their values using TF limits.

= The time-varying average (across electrode thickness) solid surface
stoichiometries are calculated using an SPM for each electrode.

= We use an SPM with the same form as that used for discharge test.

= The solid/electrolyte potential differences are found by calculating cell

overpotential, which is done by inverting the kinetics equations.
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= Finally, electrolyte potential and solid/electrolyte potential difference
are summed at x = 3 to form the cell voltage.

» The components of this process are described in the following.

PSS electrolyte approximation

= The PSS model assumes that the electrolyte variables can be
adequately described by their steady-state values.

m These, in turn, are computed by evaluating their corresponding TFs in
the limitas s — 0.

= These low-frequency limits have already been calculated, and are
listed in App. 2.d. For reference, we will need:
» The low-frequency gain for debiased potential of the electrolyte,
@' (%, 0)/1,,p(0) at ¥ = 3, which is:

(3,0 < 1 1 1
el )=(KTD—1)(_ + _+_—)-
Lpp(0) W 2k 2xP K8

« Notice that the «p/y term is not decoupled in this expression.
+ Therefore, its contribution to cell voltage will not assist us in
distinguishing &p versus .

» The low-frequency gains for debiased concentration of lithium in
the electrolyte, © (%, 0)/1,,,(0) at ¥ e {0, 3}, which are:
O1(0,0)  griSiP + 3GS(kSKP + K"KkP) + gL (2" 4 3iKkP + 6i"icP)

Lpp(0) 6icicSikPy T (G2 + G5 + o)
(3.8)
O2(3,0)  —gM(2kSkP+3ic"cS+6k"kP) — 35 (K kS +i"KP) — GLic"KS
Lpp(0) 6icnicsikPy T (G" + G5 + L) '
(3.9)
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o In these equations, note that we can divide numerator and
denominator by y to achieve:

67(0,0) TR+ IL(ERP +RRP) + I (246" + 3ieieP + 6RiEP)

Lpp(0) Gienies P [y | T Erdetde

4
B°(3,0) —Z (P3RS H6RMEP) — 3L (i) — Lt
Lpp(0) GicniesicP[ g T Lra+ae

4

« In both expressions, we retain coupled g’/ terms.
« But, they also have a decoupled y term in the denominators
(typeset in boldface with brackets as [¢] for emphasis).

« It is the presence of this decoupled y term that allows us to use
the PSS test to estimate y independently of i and g.

PSS average solid-surface approximation

= To compute the time-varying average solid-surface stoichiometry, we
adopt the SPM of the discharge test.

m But, it is expressed as a continuous-time state-space model and we
desire to convert it to a discrete-time model for efficient computation.

m That is, we wish to convert a generic single-variable state-space form,
x(t) = ax(t) + bu(r)
y(t) = cx(t) + du(1),
to a model that is equivalent at the sample points:
x[k] = agx[k — 1] + bquk — 1]

ylkl = cx[k] + dulk].
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= We employed a zero-order-hold approach to perform this conversion
in Ch. 2 of ECE5710, where the result was found to be:'*

x[k] = & x[k — 1]+ é (e — 1) bulk — 1].

aq

= Applying this to the SPM, we achieve discrete-time recurrences for
the two SPM states (where: aj = exp (—30T:D}(65[k — 11))):

r r TS .7
Qavg[k] = Qavg[k — 1] — 3600Qrzf’avg

k—1] (3.10)

azi —1 .r
— l
14400QrDr (0 [k — 1]) "™*®

VOE K] = alVOr, Tk — 1] +

avg

[k —1]. (3.11)

= The output average surface concentration is computed as:

8 —1/378 000
0. k] =6 k] + —=VO k] +— < k. 3.12
SS[ ] avg[ ] 35 avg[ ] QrDé_(eSr [k _ 1])lf’avg[ ] ( )

S

m The average faradaic current for these equations is computed via the
dc gains:

3600
2 lk] = L R— (3.13)
’ 36000 — Cy ot 6700 — 65 [Udep]
—3600
iEavg [k] ¢ (3.14)

= = Lapp-
36000 — Cfi i |00 — 05| Vo] ™"

= Note that these values are time-varying, since the input to the OCP
derivative function is 6. , which is also time-varying.

Ss?

Kinetics inversion

» Solid/electrolyte potential difference is found by inverting the kinetics.

13 This applies only when a # 0. When a = 0, we simply integrate over one time step, so:
x[k] =xlk — 1]+ bT,ulk — 1].
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« In general, this can be done using a nonlinear optimization.

= For simplicity, we consider a simplified MSMR model where ajr, = 0.5.
« In this case, we can solve in closed form.

m \We start with the faradaic current, which can be written as:
J

if =2 Z l'()’]' sinh (gl’]) R

j=1
where 7 = ¢se — Uoep(Uss) — Reigrar, @and:
io,; = ko, j+/(0e) (X — x;)®i (x;)®
X
Xj = 0 .
1 + eXp(f(Uocp(ess) — Uj)/wj)
» The interfacial potential difference is then approximated as:

if,avg [ia k]

2 ~ s .
¢S-e[£9 k] — FaSinh( ) + Uocp(ess[xp k]) + Rflf—i—dl,avg-

2 j=1 lo,
= The interfacial potential differences at each current collector are
required to compute the cell’s voltage. They are:

i elK]
230 Ry 0RO (XD — 20k ek

+ Uy (OR1K]) + Rfiapp, (3.15)

which appears in the expression for ¢P[3, k], and,

2
oe.10, k] = ?asinh

P [3,k] = —asinh aelk
sl ]_?asm o~ 0 o P P PN
23 RSO3 (XE — KT Pk
+ USp (OK1K1) — Rfiapp. (3.16)
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Cell voltage

= The cell voltage is synthesized from the potential difference between
the current collectors.

= Using the profile calculated previously for the electrolyte potential, the
expression becomes:

& 1 1 1
— AP - — — 1
Dcell[k] —_ S-e[3’ k] ¢Se[0 k] + ( l// 1) (212-1,1 + ’ES —|_ 2’€p) lapp.
(3.17)

Summary of the PSS-ROM
m The entire PSS-ROM has now been derived.

= Here is a quick summary of what is necessary to compute cell voltage
for a constant-current discharge simulation:

= At the beginning of the simulation, we must initialize variables.
« We initialize 0,,,[0] = 6; , and V&, [0] = 0.

avg avg
= During the simulation, every time step:
« We update 0,,,[k] using Eq. (3.10).
 We also update V@, [k] using Eq. (3.11).
» We then calculate 6. [k] using Eq. (3.12).
o We solve for ¢..[0, k] and ¢?.[3, k] using Egs. (3.15)—(3.16).
« Finally, we solve for cell voltage using Eq. (3.17).

Validating the ¥ estimate

= The PSS method was compared extensively to COMSOL full-order-
model results in the original reference by Guest et al.

= Here, we quickly comment on results when using it to estimate .
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= The first set of results sought to Estimating y in simulation using
estimate y for the NMC30 cell when  the PSS meth;)d. T1he true value
all other parameter values were was 8.15x107" VK™

considered to be known exacily. Rate Estimate Rel. Error
= Table shows optimization relative C/10 6.55x10  19.7%
. - : C/5 8.63x10° —-59%
errors in estimating y when using .
, , C/2 1.05x10™* —28.6%
simulated constant-current discharges. 1C 110x10~* —34.7%

= At both very low and high discharge rates, the voltage-prediction
PSS-model approximation errors rival the contribution to voltage by
and so the results begin to degrade.

= However, at moderate rates in the neighborhood of C/5 for this
simulation test case, estimates of y are very good.

= We also applied the methods to the Panasonic cell using C/2 data.

= The optimized value of v compares favorably with the value for the
NMC30 cell.
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3.16: MATLAB toolbox

m \We return to the overview of the MATLAB toolbox from Ch. 2.

Lithium-ion toolbox functions for parameter estimation and model simulation

OCP/OCV data Parameter-ID
from lab tests settings

Legend

[)
N
E % 5|, [COMSOLFoM]_p| 5
) =
- ; 2 g E ) Excel format
Discharge data k) ROM-gen. > £ & - data file
from lab tests "g spreadsheet 5 O =
s T . : : E Gamry format
g= Simulation-ctrl.| g, N y
Pulse data files 3 Cell-parameter i.s c spreadsheet % = data file
from lab tests 50 spreadsheet R o X
23 S o = & MATLAB format
EIS data files § 2 Eval. transfer @ o % “ data file
from lab tests = 2 functions: = ﬁ — ROM? atselect | gof © P
= tf [XX] 905 setpoints 0O
ol A i=
3.9 < E i) MATLAB function
Preprocess lab- = é Fit submodel g ﬁ = ;
test data: == to lab-test data: 50 [XX]Blend [ &5 COMSOL function
process [XX] O > fit [XX] O <&

= Lab data from different tests are preprocessed by different routines
denoted process [XX] for each test.

= Then, optimization routines £it [XX] are executed to fit subsets of
model parameter values to the data from individual lab tests.

= The process can be automated via genModel or subfunctions can be
executed manually.

= The figure on the next page presents in more detail the functionality
of the toolbox related to parameter estimation.

= In general, lab-test data collected from different equipment will
originate in multiple formats.

m For example, data collected from Arbin cell-cycling equipment is
stored in Excel spreadsheet format; data collected from Gamry
Instruments potentiostats is stored in text “dat” file format.
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makeMATfileOCP.m

[cellname] OCP_[temp].mat
(dataOCPn, dataOCPp)

makeMATfileOCV.m

[cellname] OCV_[temp].mat
(dataOCV)

. fi .
processOCP.m itOCP.m U(r)lcp(esn)1 {UQ, Xj,wj}n
processOCP.mat fitOCP.mat e R
’ ™ (Usep (69))
(cellData) (cellData) ocp\¥s
rocessOCV.m £fitOCV.m

P 0, Uoev(2), ‘98, 9{100
processOCV.mat fitOCV.mat A

> - (GP ep )
(cellData) (cellData) 0> 7100

makeMATfileDischg.m

processDischg.m

—

fitDischg.m

U(l))Cp (HSp)i{an X] b a)j}pae(l;yef)oo

Legend:

MATLAB function

(data structure name)

[cellname] Dis_[temp].mat processDischg.mat > fitDischg.mat a2
r
(dataDis) (cellData) (cellData) ( D s,ref )
Y
* 7/
makeMATfilePulse.m processPulse.m fitPulse.m o i/ 5t R; R(rﬂ
[cellname]_Pulse_[temp].mat processPulse.mat 5 fitPulse.mat > 2
(dataPulse) (cellData) (cellData) (k())
Y
* J
makeMATfileEIS.m processiEIS.m fitEIS.m = nt C—,r nt /Er
s,refr “fy ~dl> fdls M0
[cellname]_EIS_[temp].mat processEIS.mat fitEIS.mat _ _
> > (or o
(dataFIS) (cellData) (cellData) (Ge/w, KD/ W)
fitPSS.m
|, |fitPSS.mat g, kp, ¥
(cellData)
MATLAB format data file Parameter estimates

(reference results)

m These data must be converted to a standard format to be used by the
processing routines.

= The toolbox provides functions makeMATfile [XX] that convert the
demonstration data provided with the toolbox to the standard format.
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= |f you happen to use different equipment, you will need to create your

own makeMATfile codes to convert between the format exported by
that equipment and the required format for use by the toolbox.

= Examining the code in the existing makeMATfile [XX] functions
should help to see what these required formats happen to be.

m Once the data are in the desired format, different process [XX]
functions perform some preliminary preprocessing steps on the data.

m For example, processOCP uses the histogram method to compute
calibrated discharge voltage versus capacity and charge voltage
versus capacity curves, along with differential capacity estimates.

m As another example, processPulse estimates the ﬁo values for
every testing setpoint.

m The process [XX] functions do not directly run optimizations to
determine estimates of LPM parameter values; they simply
preprocess data to make them ready for the optimizations.

m The f£it [XX] functions perform the parameter-estimation
optimizations using the data collected at the present process step.

» The final parameter estimates produced at each step are indicated in
the figure, as are reference results that are produced for use as initial
guesses in later steps in the parameter-estimation process.

m The figure also shows the variables and files produced by each
toolbox function.

= The most common variable is the cel1Data structure, which
ultimately contains estimates of all model parameter values.
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m These parameters can be written to a human-readable Excel
spreadsheet format using the saveCellParams function (not shown
in the figure).

m The spreadsheet can be loaded into MATLAB using
loadCellParams, as discussed in Ch. 2.

m For further reference, the reader is encouraged to examine the
MATLAB example functions in the Ch. 3 folder of the toolbox.

= These will help to illustrate how the toolbox functions.

Where to from here?

m Physics-based parameter estimation is not yet a mature topic.
= Still evolving and results improving over time.
» Have not discussed cell-teardown methods in much detail.

 Until data-based methods are validated, will probably use some
combination of cell teardown and optimization.

m Key point: Can’t tear down physical cells during operation.

o Some kind of data method will be needed to adapt model values
as cells age.

« This is why we continue to seek to understand and improve in this
direction.

= But, what can we do once we have found the parameter values?

» Should be able to simulate cells and packs and use models for
BMS tasks like state estimation, computing performance limits, etc.

= In next chapter, we look at time-domain simulations.
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Appendix 3.a: Half-cell testing to determine electrode OCP

= The half-cell OCP test protocol is presented here: it includes careful
calibration steps to ensure highest-quality results.

m Before test begins, half cell is resting at v, (via running Script #4).

OCP test Script #1 (at test temperature)

= The first OCP script determines low-rate constant-current discharge
voltage as a function of ampere-hours discharged:

1. Soak the fully charged half cell at the test temperature for at least
two hours to ensure a uniform temperature throughout.
2. Discharge half cell at a constant rate until its voltage equals vy;y-
» The constant-current rate might be C/30 or C/100, for example.

= Note: terminal and resting voltages are not equal; if the half cell were
allowed to rest following step #2, voltage would rebound above v yj.

= Therefore the OCP of the half cell at the test temperature at the final
moment of step #2 is known to be above v ;..

OCRP test Script #2 (at 25 °C)

m Electrode OCP is temperature-dependent. Therefore, for all of our
OCP relationships at all temperatures to be consistent, we must
calibrate the tests at a fixed temperature.

m \We choose to do so at 25 °C since this is the default calibration
temperature for cell-level OCV testing.

= The goal of test script #2 is to move the half-cell (resting) OCP t0 v,
at this calibration temperature. We perform these steps:
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3. Soak the half cell at 25 °C for at least two hours to ensure a uniform

temperature throughout the cell.

4. Dis/charge the half cell to v, at same constant-current rate as
step #2. Then, hold the half cell at that voltage for several hours.

» At the end of step #4, the OCP of the electrode under test in the half

cell is as close to v, as we are able to achieve at the calibration
temperature in a lab setting.

= We will assume that the OCP is equal to v, although we realize that
there will be some testing error introduced by this assumption.

OCRP test Script #3 (at test temperature)

= Next, we determine the charge voltage as a function of Ah charged:

5. Soak the half cell at the test temperature for at least two hours to
ensure a uniform temperature throughout.

6. Charge the half cell at a constant-current rate until the half-cell
terminal voltage equals v,a.

= Note again: terminal and resting voltages are unequal; if cell were
allowed to rest following step #6, voltage would relax below v ..

» Therefore the OCP of the half cell at the test temperature at the final
moment of step #6 is known to be lower than v ..

OCRP test Script #4 (at 25°C)

m The final test script is implemented to calibrate the tests once again.

= The goal of test script #4 is to move the half-cell (resting) OCP 10 vax
at this calibration temperature. We now:
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7. Soak the half cell at 25 °C for at least two hours to ensure a uniform
temperature throughout.

8. Dis/charge the half cell to v,,.x at a constant-current rate. Then,
hold the half cell at that voltage for several hours.

m At this point, we assume that the electrode OCP is equal t0 vax.

= During every step of the test, voltage, accumulated ampere-hours
discharged, and accumulated ampere-hours charged are recorded
periodically (e.g., once per second).

m Script #4 is run first to “fully charge” the half cell; then others are run
in sequence for a particular test temperature.

m Because a very low current rate is used, there is negligible heat
generation in the cell, and we can consider all data points to be
collected at the ambient test temperature for every script (but,
temperature data can be measured as well to verify this assumption).

Initial data processing

= Measured data from OCP test scripts must undergo initial processing
to create calibrated discharge voltage vs. relative stoichiometry 6, and
calibrated charge voltage vs. relative stoichiometry 6.

m There are some subtle points if the test temperature is not 25 °C.

« Prior to step 2, half cell is still resting at , = 0, but its voltage is no
longer vmax Since T # 25°C and OCP is temperature-dependent.

o At end of step 2, half-cell 8, = 1 only if the test temperature is
25 °C because, again, OCP is temperature-dependent, and the

vmin SPecification defines 6; = 1 only for 25°C.
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« At other temperatures, the actual value of §, may be above or
below 1.0 at the end of step 2.

« Similarly, at the end of step 6, the half cell will be at 8, = 0 only if
the test temperature is 25 °C.

« At other temperatures, the actual value of §, may be above or
below zero at the end of step 6.

« This is why we must execute test scripts 2 and 4, to ensure that
the half cell has reached a calibrated point before starting script 3
and then script 1 (for the next temperature to be tested).

» These considerations require some careful processing of the data.
m et’s consider processing data for test temperature 25 °C first.

e This is the easiest case because all four scripts are then executed
at 25 °C—no other temperatures are involved.

» And, since voltages v, and v, are calibrated to 25 °C, the net
ampere-hours discharged over all steps equals the capacity O of
the half cell over that voltage range.

= The net ampere-hours charged over all steps turns out to be slightly
higher than Q since the coulombic efficiency of the half cell is not
perfect. We compute the coulombic efficiency at 25°C as

total ampere-hours discharged in all steps at 25°C

25°C) =
d ) total ampere-hours charged in all steps at 25°C

= At a test temperature T # 25 °C, we must follow a different approach.

= We don’t know the value of , a priori at end of steps 2 and 6; but, we
do know that §, = 1 at end of step 4 and that d; = 0 at end of step 8.
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= Knowing this, we compute coulombic efficiency at temperature T':
2(T) = total ampere-hours discharged
total ampere-hours charged at temperature T

total ampere-hours charged at 25°C
total ampere-hours charged at temperature T

—1(25°C)

= We can now compute a value of 6, corresponding to every data
sample in the test.

= The depth-of-discharge (in Ah) at every point in time is calculated as

DOD(r) = total Ah discharged until ¢
— n(25°C) x total Ah charged at 25°C until ¢
— n(T) x total Ah charged at temperature 7 until ¢.

= Using this metric, the half-cell capacity O over the OCP range
spanning vmin t0 vmax (Measured at temperature T') is equal to the
depth-of-discharge at the end of step 4.

= Likewise, the value of 6, corresponding to every data sample is then
0(1) = DOD(1)/ Q.

= As a check, the value of 6, at the end of step 4 must be 1, and the
value of &, at the end of step 8 must be zero.

= In what follows, we use the calibrated lithiation (discharge) voltage
versus 0, from step #2 (always plotted as a blue line) and the
calibrated delithiation (charge) voltage versus 6, from step #6 (always
plotted as a red line) in our calculations to determine electrode OCP.

= Here are some lab-test results that show the outcome of the process

as described so far for a graphite material and an NMC material.
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Li/graphite half-cell data, 25°C Li//NMC half-cell data, 25°C
Py — Discharge (lithiation) Py — Discharge (lithiation)
> — Charge (delithiation) > 4 S~ — Charge (delithiation) [
+ +
=g 3 B <
j j 35 B \\ T
» 001 0015 002 %)
2 \ > 3
S S ]
c 057 0.94 0.96 0.98 1 c S~
Do_ no_ 2 5 0 1 2 3 4 5
R n - %1072
0 1 1 1 S 1 1 1 1
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Relative degree of lithiation 6 Relative degree of lithiation 6

= Plot insets highlight regions of the calibrated dis/charge curves that
illustrate the “missing-data problem”, described earlier.
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Appendix 3.b: Practical computation of differential capacity

m |[n addition to the fundamental missing-data and inaccessible-lithium
problems, we also encounter a practical data-quality problem.

= We wish to use differential-capacity estimates to identify equilibrium
voltages and other electrochemical-reaction characteristics.

m Measured data always contain o Zoom on mleasuremlent noisle during Idischarge
measurement noise and 2
quantization errors.

= Quantization errors cause flat
zero-change regions and result
in divide-by-zero when

. ~ o~ . ( O 1 1 1 1
evaluating df;/dU,., directly. 0 0.2 04 0.6 08 1
Relative degree of lithiation 67

= Noise can cause OCP to appear to increase with 8, at some points.

= We know that the OCP function and differential capacity should be
monotonically decreasing (dUsp/dd, < 0 and dd,/dU,, < 0), and so
we can attempt to correct the data to enforce this feature.'

= Smoothing/filtering algorithms can be used to pre-process lab-test
data before evaluating the differentiation.
o However, many established smoothing methods can easily cause
“under-fitting” or “over-fitting” problems, thereby distorting the
information of the actual cell behaviors.

= |n this section, we propose a simple “histogram counting” method,
which can be programmed in MATLAB with only three lines of code.

14 The differential figures in this chapter are drawn with positive magnitudes for clear
visualizations among different data, even though actual functions are negative.
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m The general idea is to partition the entire voltage range into constant-
width intervals and count the number of data samples within each
interval to determine the relative capacity per window.

« A similar idea was proposed by Feng et al. and called the “Level
Evaluation ANalysis” (LEAN) method.™

e The “histogram counting” method is similar to the LEAN method
but more straightforward to implement in MATLAB.

m There are three steps. First, we select a voltage interval, denoted as
Av, which is a critical term to impact the plateau resolution.

o As suggested by Feng et al., Av should k times the data sampling
resolution AR, where k is an integer.

» To minimize fluctuation, A» should also be greater than magnitude
of data-sampling error o, yielding (k — 1) AR <o, <k-AR = Av.

m After selecting the voltage window, the second step is to count the
number of occurrences of data within each window, denoted as n,.

e This can be achieved simply in MATLAB via histcounts.m.

m The last step is to compute the stoichiometric interval spanned by
each voltage window and from that the differential capacity.

« The change in relative stoichiometry Aé, across an interval Ao (for
constant current) is equal to the number of data samples in that
interval multiplied by stoichiometric “width” of each data sample.

15 X. Feng, Y. Merla, C. Weng, M. Ouyang, X. He, B. Y. Liaw, S. Santhanagopalan, X. Li,
P. Liu, L. Lu, X. Han, D. Ren, Y. Wang, R. Li, C. Jin, P. Huang, M. Yi, L. Wang, Y. Zhao,
Y. Patel, and G. Offer, “A reliable approach of differentiating discrete sampled-data for
battery diagnosis,” e Transportation, 3, 100051, (2020).
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« The stoichiometric “width” of each data sample is max(6,) — min(é;)
for the dis/charge segment being analyzed divided by the number
of samples N across that entire dis/charge segment.

o Therefore, we can write for some interval centered at voltage v,

Ab; across count of samples y max(fs) — min(6;)
an interval in the interval, n, N '

« Then, (where [max(f;) — min(d;)] < 1 because of “missing-data”)

~

do, __ | count of samples n,(v) g [max(0;) — min(6,)]

v

dUoep N in the interval for vy N Av

= In summary, we compute smoothed differential capacity via 3 steps:

1. Specify a constant voltage interval Av (e.g., Ao =2mV).

2. Determine count of data samples, n,, within each Ao (e.g., via
histcounts.m). A smoothed ﬁocp(és) relationship can be also be
extracted from this step by integrating the histogram.

3. Compute the differential capacity via

dé, [max(0;) — min(6)]
~ ~ny (DO) .
dUocp N Ao

0o

= Sample results are shown below:

LEAN and Histogram OCP estimates

LEAN and Histogram differential capacity
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App. 3.c: Finding OCP without cell teardown: Observability problem

= We would like to find all PBM parameter values without cell teardown.

m So, we are compelled to ask, “can we determine both electrode OCP
functions uniquely from the cell OCV function?”

m The answer turns out to be “no”; OCV information alone is insufficient
to determine electrode OCP functions uniquely.

m We refer to this fact as the “observability problem,” which can be
demonstrated fairly quickly.

m Consider an arbitrary function f(z), where z is once again cell SOC.

= We can index f(-) using either 6 or 6 via:
o' — 0, 0y — 6,
= I I = .
(9100 o (90 9?00 o (9(]50

= Suppose we define biased estimates UL™ of the true OCP by adding
£ (z) to the true OCP function:

U0 (0m) = UL (08) + £((0" — 00)/ (O — O5))
URDi=(0F) = UP, (OF) + £ (0P — 65)/ (00 — OD)).

= Because f(z) is arbitrary, USY™ +£ U, in general. But, we cannot

ocp

observe the bias in OCP estimates from an OCV measurement.

= If we attempted to do so, we would use the estimates of U5>™ to
compute an estimate of OCV, Uy.:

Usev(z) = UBDS (0P (2)) — U0 (1 (2))

ocp ocp

= (U, 07) + £ (0 = 6)/ R — 68D |
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— [Uélcp(é’sn) + f((E5 —65)/ (Oro0 — ‘9(1)1))]
= UL (67) — Uge, () = Uoey (2).

ocp

m That is, the biased estimates of OCP combine in such a way that the
biases cancel and the estimated OCV matches the true OCV exactly.

e The error in electrode OCP estimates is not observable from a cell-
level OCV measurement.

= We might also ask whether differential capacity might improve
observability of the OCP functions from an OCV relationship.

» Again, the answer is “no” (math omitted here).
m |n retrospect, this result is not surprising.

o We write OCV as the difference of two OCP functions.
» We have two unknowns (the OCP functions) and a single equation.

o We know that it is not possible to solve one equation uniquely for
two unknowns.

= [n sum, the “observability problem” is that cell-level OCV alone is
insufficient to determine electrode-level OCP functions uniquely.
Instead, we must proceed by making one of two assumptions:

A1: We are able to fabricate half cells from electrode materials and
measure OCP directly, as has been our assumption to this point.

A2: Or, we will use a database approach, where we correlate cell-
level OCV data with a database of OCP functions for known
electrode materials.

= This section proposes two different strategies for how we might

proceed if we cannot make Assumption A1:
Lecture notes prepared by Gregory L. Plett and M. Scott Trimboli. Copyright © 2020—26, Gregory L. Plett and M. Scott Trimboli




ECES5730, MODEL PARAMETER ESTIMATION 3-86
1. We assume that the negative electrode has a known composition
and identify positive-electrode characteristics from OCV tests; or
2. We assume that neither electrode is known but that we have a
database of models of known materials against which we can
compare cell measured OCV.

= These two approaches are presented below.

Assume that negative-electrode OCP is known

= We can combine a known negative-electrode OCP with a cell-level
OPC estimate to develop a model of positive-electrode OCP.

m We restrict discussion to cells having graphite negative electrodes;
however, we believe this approach can generalize to other materials.

= Graphite’s OCP function has distinct features located at points “A”,
“B”, and “C” that also appear quite visibly the cell’'s OCV function.

' Graphite//NMC full cell . _ Lilgraphite half cell
S 4 s
© C g
& 38f = 17
S -
[

s3epy B E
e I
'© L c05¢r
g g B
8‘ 3.2 o C

3 1 1 1 1 O Il Il Il Il ﬁ

0 20 40 60 80 100 0 0.2 0.4 0.6 0.8 1

Cell state of charge (%) Graphite stoichiomety (u/l)

m These points can be found automatically:

o A is determined from a peak in d*U,.,/dz*> and dzU;‘Cp/desz.
e B and C are located at peaks in dU,.,/dz and dU(‘}Cp/dGS.
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= Given the above information, the following four steps are then
implemented to estimate cell- and electrode-level quantities:

o Step 0: Use any of the four methods to produce an estimate of cell
OCV vs. SOC, U.., (z), from cell dis/charge data.

o Step 1: Correlate {A, B, C} between cell OCV and graphite OCP.

+ Denote the cell-level SOCs of these points as z4, zz, and zc,
and the negative-electrode stoichiometries as 6; ,, 6; 5, and 6; .

+ Use 0 (z) = 0] + z (0},, — 0;) to solve for §; and 6}, via:

an,A 1 —z4 24 o
(9n _ 1 . 0
s, B — <{B <B on
on 1 100
| Ys,C _ | 1 —Zc¢ Zc |
— 9 oo -
g I—2z4 24 0. 4
0
on =|1—2z5 2B QSH,B ,
100 n
- _1—ZC Zc_ _QS’C_

where the dagger (1) represents a matrix pseudo-inverse.

+ This is an over-determined set of equations: The pseudo-
inverse solution gives the least-squares estimate of the
unknown boundary values 6; and 6},,.

o Step 2: Using computed negative-electrode operating boundaries,
find MSMR model U? (6) and optimize positive-electrode

ocp

operating boundaries ;) and 6, by fitting to cell SOC vs. OCV.
+ To do so, we minimize the cost function:

2
. 1 ocp\ 2 dzk dzx
J = z (Z/ie — ) +w (dUcell o dﬁggg)

k ocv
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where dz,/dU" is cell differential capacity computed using

oCVv

OCV data and dz;/dU°? is cell differential capacity using
electrode OCP data and w is a weighting factor.
+ The SOC estimates in the above cost function can be expressed
using the MSMR model:
e _ 08 () — 08
-

X
00 () = Z ’

1+ expl f (Usep(@2 (1) — U;) /)]

U(I))Cp (ep ( cell)) _ l/]\ocv (Z]ccell) 4+ Uc?cp (en ( cell)) .

» Step 3: Since the cost value J will not be exactly zero, we
recompute the OCV estimates:

7 cell cell n n (_cell

UOCV (Zk ) Ugcp (QP ( )) Uocp (6) ( )) :

= When we implement this procedure, we encounter a variation of the
observability problem discussed earlier.

= We find we can make a good model of positive-electrode OCP, but we
cannot guarantee that the boundaries {6y, 6},,} are physical.

= The estimate UP,_ (6P (")) may be shifted and/or stretched with

ocp
respect to the true function.
= To see this, consider that both boundaries might be offset by the
same constant Ag:
oop _ 05 () =0 _ (05 () +40) — (6 + 29)
¢ 9?00 o Qg (‘9{)00 + A(9) o (Qg + A(9)

9

where
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OP (z5") + A0 = Z[Aej + ud } .
J

1 +exp|f (ﬁgcp (69 (")) — Uj) Joo; ]

= There is no change in solution, regardless of the value of A6.

» This infers that it is possible for the MSMR model to compute a result
that has a constant offset (to the truth) by biasing both operating
boundaries by the same amount.

o Af is also eliminated by differentiation, so differential-capacity
estimates do not overcome this observability problem.

= Based on these observations, in order to make a good MSMR model
using this approach we must start our optimizations with initial values
for {U;, X, a)j}i) that are close to the true values and put narrow
constraints on these values during optimization.

m This is not always feasible with physical cells; we rely on some insight
regarding the material composition of the positive electrode and a
literature MSMR model to use as an initialization for the optimizations.

= To summarize, in the process of estimating OCV and OCP, we have
discovered two observability problems.

1. Attempts to find both electrode OCP functions from cell-level OCV
fail because the solution will be biased by a voltage offset

2. Attempits to find positive-electrode OCP from cell-level OCV and
negative-electrode OCP will be biased by a stoichiometric offset.

» These observability problems appear whenever the electrode data
are missing, which underlines the recommendation that having data
from both electrodes is always preferred when estimating the
electrode-level quantities.
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Assume that we have a database of known materials

= We quickly present a second alternative that might be used to
determine electrode OCP functions and operating boundaries.

= We assume we are in possession of a database of MSMR models of
N" > 1 negative-electrode and NP > 1 positive-electrode materials.

= We attempt to fit cell OCV using exhaustive combinations of these
materials to see which fits cell OCV best.

= |n principle, this requires N" x NP optimizations, but in practice some
of these combinations will not make sense and can be skipped.

o For example, cell chemistries having LFP positive electrodes have
OCV relationships that are visually distinct from those having other
electrodes; therefore, not every alternative from the database must
to be checked if we can narrow the reasonable candidates down
based on experience and simple observation.

= The procedure to follow is:

1. Select one Uy, ; and one Uy, , from the database of OCP
functions, where 1 < j < N"and 1 < k < NP.

2. Optimize {65, 0}, 05 010, } to fit OCV for this combination.

3. Store the value of the optimization cost function as J; = J for this
combination of j and k; similarly, store the optimized boundaries
as 0« = {05, 010> 00> 0100} -

4. Repeat Steps (i)—(iii) for all distinct combinations (that make
sense)of 1 < j < N"and 1 <k < NP.

5. Retain Uy, = U, j-» Ub, = Ul ., and {65, 0100, 05, 0100} = O =i
for the values of j* and k™ that minimize J; ;.
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Appendix 3.d: Polynomial-type SPM

m Here, as reference, | present the development of a SPM that
approximates the concentration of lithium in each particle using a
polynomial function of the particle’s radial dimension.

= The basic equation governing diffusion in the solid phase is given by

Fick's Law as, 9 0,

00, 1 o 0

—_— = = DSI"Z— (318)
ot  r*or or

with 95’() = 6y + 20 (91()() — (9()) atr=0for0 <7 <1 and bOundary

conditions,

_ 00,
D— =0 atF=0,71>0 (3.19)
or
— 895 9 - 8 ~
5% =l iy s (3.20)
or 10800Q
= We model 6, using a fourth-order polynomial of the general form:
05 (F 1) = a(t)+ B () F*+y (1) F (3.21)

= Due to the monotonic nature of the concentration profile under
constant current, we need only consider even-ordered polynomials.

m Substituting expression (3.21) into (3.18) gives:
00; (r, 1) _ da (1) n op (t)fz n oy (t)};4
ot ot ot ot

_ 10
= Dy (6) 5= (FP27B (1) + P47y (1))
r<or

= Du(6) 5278 ) + 47 ()

_ 1
= D (6) 56;7% (1) + 207y (1)

= D, (0 (68 (1) +207y (1))
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= Examining the boundary conditions, we have

o0, (r,
Wbl
or =0
o0 (r, 1) 10100 — o .
— =268 () +4y (t) = ——= i 3.22
7| B (&) +4y (@) 5.10.8000"" (3.22)

m We proceed to find expressions for time-dependent functions a (1),
S (t) and y (¢) in terms of the solid surface concentration 6, (t) and
the average concentration 0,y,.

» The solid surface concentration is obtained by setting 7 = 1 in (3.21)
giving
Oss (1) =a @)+ B @)+ (D). (3.23)
= The volume-averaged concentration is again obtained by integrating

the local concentration across the radial volume and dividing by the

total volume, giving:
1

O (1) =3 / 720 (7, t) dF

o

r=1
:3[ Plo@+p@) 7 +y @)F*] dF

0

3a. ()7 387 3y 0)F]
_[ 3 T 5 T 7 ]0

3 3
=a(t)+ gﬁ (t) + 77 (1) . (3.24)
= \We need a third equation as we have three time-dependent functions
to identify.

= We introduce here the volume-averaged concentration flux, VO, (¢),

for this purpose.
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= The process for generating the volume-averaged concentration flux
proceeds similar to that for the concentration; thus we write,

r=1 ~
o0 (r,t) .
F= r

F=1
= 3[ 2B (1) F +4y (1) 7] dF

=0

r=1
— / [68 (1) P + 12y (1) 7] dF

=0

C[epm* 12y ()70
- [

3
=0+ O (3.25)

m Equations (3.23) , (3.24) and (3.25) combine to form the linear
system,

(11 1 ][ a@ ] Oy (£)
L35 37 || () | =] Owe(®)
| 032 2 [ [y @) | [ VOug(r) _
= Solving, we get
0 (6) = 55 1) — g (1) — 35 (1)
B (t) = —350ss (t) + 350u () + 10V0y, (1)
105 105

7 (t) — TQSS (t) _ Teavg (t) _ 7veavg (t) . (326)

= \We can now write a single expression for the concentration profile in
terms of the solid surface and average concentrations and the
concentration flux by substituting Egs. (3.26) into Eq. (3.21) to write,

39 35
O, (’:a t) — (ZQSS (t) - Teavg (t) - 3V6)avg (t))
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+ (=350ss (1) + 350uvg (t) + 10V 0y, (1)) 7
(105 105

TQSS (t) 4 eavg (t) T 7V(9avg (t)) ’74

39 105 1 3.
== —-3572 4+ —*)O0, () (- —F+= vo (7
(4 r 4 ) (1) (4 ‘|‘4 ) g()

— (3 = 107* + T7*) VO, (1) .

= |In order to obtain a complete solution for the fourth-order case, we
will need three additional equations.

= These will come from: (i) the volume-averaged concentration, (ii) the
volume-averaged concentration flux, and (iii) the boundary condition
at the particle surface.

= The volume-averaged concentration flux is obtained via the following
integration,
fol a% (a_es) 47”72(1’" D, f oF [}286}’ (7 280)47”" | dF

14 1 4
03 03

2x 3 dr 2xr3dr

» The left-hand side evaluates to equal the time derivative of the
concentration flux, dV0,, (¢) /dt. The right-hand side evaluates as
follows:

D; Jy i Erdd 260)4”’”]‘1;:3[) /1i[i3 (728_95)],7%1;,
0

[Tan73 dF oF | 7207 \ oF

m Taking first the inner derivative,

0 (290 _ 2% -0
oF \ oF "o T

= Upon substituting,
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o[1ao (.00 o1 (,00> __ 06 o (00> ___ 006
N === S 4722 ) | = — S o ypoop—lZ 2
oF [fZaf (r af)} o7 [rz (r P ’"af)} o7 (afz TS

003 00? o0
— S 2~—1_s _2~—2_S.
o T m T G
= Again, substituting,
1
_ o1o o0\ 1., ..
3DS/ — | == 172—~ rzdr
o OF | F2oF or
1 rapn3 2
_ 00 00 o0
= 3D, S, i SR i N 5 3.27
/O_af3+r orz af]r roo B2
1r 3 2
_ o0 00 00
= 3D, FAS L 2F S 2| dF. 3.28
/0 "o T R af} ' (3.28)
= From the polynomial form, we compute the derivatives,
do; (¢ . -
D _op )7+ 4y (7
dr
d?é, (¢t 3
2( ) _ 2B (1) + 12y () 7
dr
d30; (1) s
Froae 24y (D),
= We insert these into Eq. (3.28) to write,
dVé,,. (¢ -1
d—tg() = 3D / [f224y (t)F + 27 (2B (1) + 12y (1) )
0
—2(2B () F +4y (1) 73)]df (3.29)
1
= 3D / [24y ()P +4B ()7 +24y ()7 — 4B (1) 7
0
— 8y (1) f3] d7 (3.30)
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1
= 3D, / 40y (1) 7dF = 30Dgy (1) . (3.31)
0

= At this point, we apply the boundary conditions at the particle surface.

From Eq. (3.22), solving for g (¢) gives

16100 — 6|

p)==2y (1) = 7= 1()800Ql'f- (3.32)

m Substituting into Eq. (3.25) gives,

VOug (1) = —> [2y (1) + e %L, }+ 2 (0

2 2D IOSOOQ
3 6100 — 6’0|
=—y (1) — =
4D.108000
= Solving for y (¢) we obtain,
P () = —Vohg (1) — %100 = bl (3.33)
4 D.108000

= Substituting Eq. (3.33) into Eq. (3.31) gives a first-order ordinary

differential equation for the volume-averaged flux density,
dVOy, (1) 45160100 — 90|

+ 30DV, (t — ;= 0. 3.34
d o (1) + 2 108000 (3:34)

Computational Algorithm: Fourth-order Form

= The fourth-order polynomial approximation features two dynamic
states: (i) Oug (t) , and (ii) VO, (t)—Dboth given by first-order ordinary
differential equations—and a single output, 6 (¢), obtained from an
algebraic equation.

= We find the differential equation for 6,,, as:

do,, -1 O, O,
g:3DS/i~ 20 dr—3DSra—
dr o Or oF or |,
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- G100 — 6
— 3D, (_ 9100 — Ol if) : (3.35)
D,10800Q
where the final term on the right-hand side is supplied from the
boundary condition at 7 = 1.

_ 00,
= 3D (1)° —

r=1

= This gives the final form of the equation as:
dOug 316100 — 6o

d¢ ~  10800Q
which is now an ordinary differential equation in 0, (7).

ic, (3.36)

= Employing a forward difference approximation we convert the
differential equation (3.36) to discrete time as,
Ouve [k + 1] — Oaye [k] 316100 — Obl
AT 10800Q
» The differential equation for the gradient is written in Eq. (3.34), which

we rewrite here as

dV0O,,, (t 45160100 — O
g (1) 30D,V (1) — 10100 0|

if[k].

dt 2 10800Q
m \We can discretize this as:
VO,.[k + 1 VO,,.[k 6100 — O
olk +1] — glk] — 30D, V6ylk] — 4516100 — 60l . ikl
AT 2 108000

= To find the output equation, we combine Eq. (3.23) and (3.24) to get:
2 4
Hss (t) — Havg (t) + 5:8 (t) + ?V (t) .
m We substitute S(r) and y (¢) from Egs. (3.32) and (3.33):

8 10100 — Oo| .
QSS t Zeav t +_V9av t - — l t .
(1) = g (1) + 35V 0us (1) 35D,108000 r(f)
m [n discrete time, the form remains the same:
8 10100 — Oo| .
QSS k = eav k + _veav k - — l k .
(K] = Ouvglk] + 35V Ouvel K] 35D,108000 ilk]
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= To simplify notation, we define,

QI‘

Q
6500 — 65|

= \We condense the model equations into a time-varying “state-space”
form.

o In continuous time, they are:

1
w1 0 0 ave (1) 360007 | ;r
i g
|:V(9;vg(t):| |:0 —3OD£(9;S(1‘—)):| |:V9;Vg(t):| + B 1 lf(t)
| 480Q" _
8 (1) (1/378000) 7 .
er — o avg . : . |
[ ss(t)] |: 1 33 :| |: W;Vg(t) j| + |: Qng(QSrs(t_)):| it (1)
« In discrete time, using Euler’s rule, they are:
B AT
Orye [k+1] 1 O 0r., [k] 736000" |
g g .
) i 4800 ]
8 [K] (1/378000) 7.
SRI=11 55 e = k]
[ ss[ ]] I 1 35 :| |: V@;Vg [k] :| + |: Qng(QSrs[k — 1]):| lf[ ]
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Appendix 3.e: Finding ¢°(3,0") from ¢! (¥,0")

= The MATLAB bvp5c solver finds ¢! (%, 07) directly, but we also need
#P(3,07) in order to compute the voltage change.

m Here, we see how to use the available information to do so.

m To begin, the ionic current flowing through the electrolyte is related to
the following two equations:

0P (x

E AL (7 1) = —ier o2 (D) (3.37)
0Xx

ggAM — Fi' (%, 1). (3.38)

= Since the electrolyte supports ionic currents only,
1(0,1) = i.(3,1) =0, and e, Ai. (1, 1) = e Aic (2,1) = iapp.

= In the following steps, we will omit the superscript (cell region) on &,
and i, because they will not appear in the final solutions.

Negative electrode

m Integrate both sides of EqQ. (3.38) using dummy variable of integration
x to arrive at a solution for i, (x, t):

g a'e )t g .
/ geAMdX :/ Fn" (x,t)dy
0 ox 0

EeA [ie (x, 1) —i.(0, t)] = F/ n" (y,t)dy
0

gl (X, 1) = F/ n" (y,t)dy.
0
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= Then, combining the knowledge from Eq. (3.37) and performing

integration again can help us find ¢. in the negative electrode:

X O™ 1 X
— / E“de = / geAig (x1,1) dy1
0 0

ox
X
= F/ / n" ()(2, t) d)(zd)(l

X1
2 [ 1) — 70, 1)] = / / i (s 1) dad

~ X1 o
Pe(X, 1) = —— / / n" (x2, 1) dyadyr.
K-Jo Jo

Separator

= |In the separator region,

0P (X, 1)
0x
= \We now integrate again over the separator region only:

e, [ ;-
_/ K —dX :/ €eAle (X,l‘) dX :/ lapde
1 ox 1 1

—K’ [¢2(£: t) — ¢e(1a t)] — iapp (xv - 1)
P, 1) — P21, t)——@ x—1)

EeAle (X, 1) =

B0 =300 -2 -1y,

Positive electrode

= Similarly,

(3.39)

(3.40)
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OQPe t
EeAls (X, 1) = —kKP————= ¢e (X, 1)
OX
Ole (X, ¢ o~
86AL~) = FnP(x,1).
ox

= \We now integrate over the positive-electrode region only:

Y Bie(x,t S
/ aeAMd)( =/ FrnP (y,t)dy
2 ox 2

geA i (X,1) —ie(2,1)| = F/x 7P (y,t)dy
2

X

EeAle (X, 1) =iapp+F/ n? (y,t)dy.
2

= Again,

ek (11 P ©on
—iP / de = / iappdy + F / / P (y2, 1) dyady
2 oy 2 2 J2

X X1
R [BE1) — 452 1)] = by (F—2) + F /2 /2 i (s 1) dad

lapp (3Z — )

B (3, 1) = (2,1) —

X1
/ / n (x2, 1) dy2dy:.

= Substitute Egs. (3.39) and (3.40) into the electrolyte-potential
expression in the positive electrode:

- F ! xn iapp
pGn=—= | / i (2, 1) dpadpy — 2

la X — X1
= ( / / P (y2, 1) dyadys. (3.41)
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= Cell voltage computation requires only that we know &P (3, 7).
Evaluating the previous equation at x = 3 gives:

; Fo[tra . iapp
Pe Gn=—=| | "00dpdn -2

la X1
— ﬁ — —/ / nP (y2, 1) dyad 1. (3.42)

The double integral of n' (x, t)

= The double-integration of 7 in the negative and positive electrodes
can be evaluated directly from ODE-solver solutions.

= |[n the negative electrode, we have found

X1
Pa(1,1) = ——/ / n" (x2,t)dy2dy.

= We will find a simpler solution by double-integrating

02" (X, ¢t 1 1
¢S'e~(x ) =F (_— + —_) n"(x,1).
K-Il

0x2 on

= We begin with

X a2 1 1 1 X1
/ Pt ) dy,=F (_— -+ _—)/ n"(x2, 1) dy
0 5)(2 o k") Jo

0B (2. )| 0¢%(0, 1) G RN [0
o2 0x2 =F & jen /0 n'(x2, 1) dys
X
1 _iapp(t)/a-n
02 (15 1) GU+ Y\ [P i)
82)(1 =F g Njen / H(X2> t) d X2 — aPOan
0

= We integrate once again:
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£8~&( , 1 o+ K an
/ Pecl )dXIZ ( ——— )// (X2, 1) dx2d 1
0 X1 i
Lapn (1
_/ p_pn)Xm
0 ()
a Xlapp (2
) / / (x2, 1) dy2dy —L)-

o4+ K
K-Il

Fin - o = (T

m Solving for the term of interest:

—n;-n X X1
UZ:K (¢se(x 1) — $5.(0,1) + app( )) = F/O /0 A" (x2. 1) dyody
n _ o’ n n iapp(t)
B 1) = — = (FL0) = FL0.0)) —

= |In the positive electrode, we follow the same strategy to find

F [3 r«a .
—— / / nP (x2,1) dyady.
kP Jo J2

= We simplify by double-integrating
27P (=
a ¢S-e§x, t) — F (_i _|_ _ip) ’;lp(.i:, l').
K

o0x2 oP
X1 )
)/ nP (2, t) dys
2

= We begin with

/Xl 62¢SC(X27 t) (
dy=F
2 8)(2

_|_

QI|H
o
Ellks

0dSe (2, 1) _ M — F (aiJr_kp) /Xl nP(y2, 1) dys
or |, 02 oK ]2
lapp (1) /KP
8&&(%1,1‘) O—.p_|_,€P " ( )
ox1 =F G PicP / nP(x2, 1) dy2 + app
2
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= \WWe integrate once again:

“0gle(x1, 1) oP + kP "
/2 o dy=F e / / nP(x2,t) dy2dy;
iapp(t)
+ / o

- _ - oP 4+ kP X1
S(X, 1) — P2, 1) =F ( P )// nP(x2,t) dy2dy

n (x — %)lapp(t).
P

m Solving for the term of interest:

5PicP (~§e(x',t)—g5£e(2,t)—(x 2)lapp(f)) //Xlnp()(z,t)d)(zd)(l

o P+xP

= Overall, we are seeking to find a solution to Eq. (3.42):
X1
PG = —r / / i (1o, ) dpad) — 222
lapp X1 .
n* (x2, 1) dy2dy

Lapp(7)  Tapp()

O'
— 1,1) — O,t) — — — —
" (qﬁs_e( )= P0.0) = S
_ iapp _ O_-p (~£e(3> t) - ~£.e(29 t) — lapfit))
K

kPGP 4 kP

iapp(t) iapp(t) iapp o ("n n )
= — — - - 19 1) — O’ t
s ko argar angan (elh DT 40D
P Ap Ap
- 5P 4+ P ( s_e(37 t) _ s_e(27 t))
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Appendix 3.f: Code for vonNeuman’s elephant

= Can we find parameter values well for such a high-dimensional
model? Hard to say. This code is provided for fun. Try it!

vonNeuman:

"wWith four parameters I can fit an elephant,

and with five I can make him wiggle his trunk."
From Mayer, Khairy, Howard, "Drawing an elephant with four complex
parameters", Am. J. Phys. 78(6), 2010, 648-649

Translated and modified from Python code: Original Version

Author: Piotr A. Zolnierczuk (zolnierczukp@ornl.gov)

www. johndcook.com/blog/2011/06/21/how—to—-fit—an—-elephant/
Modified to wiggle trunk:

2 October 2011 by David Bailey (www.physics.utoronto.ca/~dbailey)

o oo o0 oo oo oo oo oo oo op

close all

p = [50-30i; 18+8i; 12-10i; -14-60i; 40+20i]; % FIVE parameters
B1x=50; Bly=-30;

B2x=18; B2y=8;

A3x=12; B3y=-10;

AbSx=-14; Aly=-60;

Wiggle = 50;

pl = 0.3; p2 = 1.25; p3 = 3;
bodyt=1linspace (pl+p2+pi, p3*pi, 1000);
trunkt=linspace (p3*xpi,pl+(2.01+p2) xpi, 1000);

for 1 = 0:200
t = bodyt;
X = A3x*cos (3*t) + Abxxcos (5xt) + Blx*sin(l*t) + B2xxsin(2xt);
y = Aly*cos (lxt) + Blyxsin(lxt) + B2y*xsin(2+xt) + B3y*sin(3*t);

hold off; plot(y,-x,'k','linewidth',2); hold on
plot (20,20, 'k."', 'markersize',10); plot (20,20, 'ko', 'markersize',10);

o\e

wiggle // partially a guess at how to do it

trunkt;

= A3x#*cos (3xt) + ASx#*cos (5xt) + Blx*sin(lxt) + B2x+*sin (2+t);
Aly*cos (1lxt) + Bly*sin(l*t) + B2y*sin(2+t) + B3yxsin (3xt);
yWiggle = sin((x-x(1))*pi/ (length(y)))*sin(i)*«Wiggle;

plot (y - yWiggle,-x,'k', 'linewidth',2); drawnow

X o
(!

pause (0.01)
end
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