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Chapterli nt roducti on

A battery is an electrochemical device which stores electrical energy in the form of
chemical energy and supplies the electrical current when a $o@dnnected across its
terminals. The earliest examples of battery date back to 1800 when Italian piAye&ssndro
Volta built and introduced the first electrochemical battery, the Voltaic[FjleSince then,
many battery chemistries and technologies have been developed and commercialized, which
can be classified into two typeprimary (norrechargeable) and secondary (rechargeable)

batteries.

Primary batteries are ofiene-usebatteries which cannot be recharged due to the irreversibility

of their intrinsic electrochemical reactions. These batteries are used in varieplicditagns
including wrist watches, calculators, toys, flashlights, radios, and many medical devices. Some
popular types of primary batteries include alkaline batteries and lithium batteries. Secondary
batteries can be recharged multiple times and heneg tan facilitate a reversible
transformation between chemical energy and electrical energy-datédNickle Cadmium
(NiCd), Nickle Metal Hydride (NiIMH), and Lithiumion (Li-ion) are well known secondary

batteries.

Since their commercialization in 1991ithium-ion batteries continue to penetrate deeper into
consumer electronic markets and find new appboatmarkets including automotive,
renewable energy storage and aerospace due to their higher energy and power density. The

market for lithiumion batery is expected to register a compound annual growth rate (CAGR)
1



of approximately 22%, during the forecastriod (20192024)[2]. The increasing demand is
also favored by the continuous deeliin battery prices. The volume weighted average battery

pack fell 85% from 20148, reaching an averagé$176/kWh[3].

The Liion chemistry is based on the transport of idn between negative and positive

electrodes in a neaqueous electrolyte solution. In the past two decades many electrode and
electrolyte (lithium salt and solvent) materials have béewveloped for Lion chemistry.

Graphite is the most widely used negative electrode material due tghtthbbretical specific

capacity of 372 mAhg and ability to intercalate lithium within its layers with justL0%

volume change resulting in good amanical stability. One of the most common positive

electrode materials used in-idn batteries is LiCo@(LCO) which offers high theoretical
specific capacity of 274 mAhg-1, high dischar
Lithium cobalt oxide (LCO)patteries are one of the most used batteries in a range of portable
electronic applications including mibd phones, laptops, and digital cameras. LCO dominated

the global lithiumion battery market share in 20[4.

The two electrodes in the Hidn battery are porous in nature and provide sites within their
crystal structures for housing the-ibins, a process known as intercalation. These electrodes
exhibit different chemical @entials depending upon the amount of lithium and participate in
redox reactions (Equations.{11.2)) during battery charge and discharge operations. The
difference of chemical potentials of the two electrodes result into the overall battery terminal
voltage. The two electrodes are glued on two current collectors with the help of binder
materials. Poly vinyl difluoride (PVDF) is one of the popular binder materials -iorLi
batteries. A conductive agent such as carbon black is also added to electspdal @amount

to increase the overall electrode conductivity. The negative and positive current collectors are
made of copper (Cu) and aluminum (Al), respectively. The current collectors are connected to

external battery terminals through welded metallista
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Figure 1.1.Schemdct of a Li-ion battery.

The separator is usually made of a porous polymeric material such as polyethylene and
polypropylene and is in the middle of the two electrodes. It provides electrical insulation

between the negative and positive electrode but atahee time allows theansportation of
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Li* ions through its pores. The separator remains soaked into liquid electrolyte. The electrolyte

is usually a mixture of organic solvents such as ethylene carbonate and dimethyl carbonates
(EC:DMC) and lithium saltsuch as lithium hexafarophosphate (LiP§. The electrolyte

serves as a transport medium for thei@ns to travel between the two electrodes. The entire

cell structure can be stacked, rolled, or wound and put in a cell housing to produce batteries in
different geometries arfdrm factors including coin, prismatic, pouch and cylindrical batteries.

Figurel.1 shows the internal schematic of adn battery.

During the charge operation, electrical energy is supplied to battery using external power
sourceThe electrons from exteal power source combine with Li+ ions at negative electrode,
which reach there from the positive electrode. During discharge operation Li+ ions from
negative electrode travel back to positive electrode and combine with theredg&quations

(1.1)- (1.2)). Battery supplies electrical energy to external load during the discharge operation.
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Figure 1.2.Full chargedischarge cycle (4.4%3V) of a battery to calculate the capacity.
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The batteries are usually rated in terms of tekdctrical parameters such as capacity, voltage
and impedance. The battery capacity is the total amount of chargeh@dumg)available when

the battery is discharged at a certain current from a prescribedfehdrge voltage to a
prescribed enaf-distharge voltage. Capacity is not directly measurable and can only be
calculated by conducting a full chargédischarge cycle oa battery Figurel1.2). Batteries are
usually charged using a standard constant current constant voltage profile. In thighmofile
battery is charged using prescribed constant chargeeCup to the enef-charge voltage
foll owed-ulpy guobeatantvoltage charging until the charging current drops below
the prescribed charge eoff current. Once the battery is fultharged, it is discharged at a
prescribed constant-@te until the enaf-discharge voltage. Capacity can be calculated by
multiplying the discharge current (in Amps) with the total discharge time (in hours). Capacity
is an important indicator of the amnt of energy stored in a battery. For eacliohi battery
depending upon its electrode chemistry, battery manufacturerdfyspec endof-charge
voltage (usually 4.4V, 4.2V or 3.6V) and an evfedischarge voltage (usually 3.0V, 2.75V or
2.5V). These vahge limits are driven by the safety considerations to prevent overcharge and

overdischarge of the battery.

Battery performane parameters such as capacity and impedances change over time due to
various degradation mechanisms such as solid electrolytphatee (SEI) layer formation and
growth, electrode particle cracking, electrolyte decompaosition, and lithium depdSiti3) .

Battery failure is usually defined in terms of certain thresholds related to bedigmgity or

impedance changes. For example, 20% reduction in battery initial capacity is considered as

1 The battery current is usuakgkpressed in terms of-@te, e.g., the battery current normalized to the
rated capacity (C) of the battery. For a 1 Ah batterysrat€ of 1C represents a 1 Amp current; a 0.5C

rate represents a 0.5 Amp current.



battery failure in som of the applications:igurel.3 shows a typical capacity fade curve for a

Li-ion battery.
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Figure 1.3. A typical capacity fadeurve for a Liion battery.

Performance testing of battery is conducted to qualify a population of batteries according to
the performance requirements and the life expectation for its targeted application. In most
cases, companies aim to determine the rarmobcycles to enof-life (EOL). In some cases,
companies aim to determine the amount of capacity fade for a number oédecyiles. For
critical applications that require extremely high reliability, some companies conduct-charge

discharge tests beydrthe EOL to understand the full capacity fade profiles of the batteries.

As more and more battery powered products entemtheket, the challenges for battery
manufactures, supplier and product manufacturers increase exponentially. A Rirvey
covering professionals from a broad spectrunmindistry segments, including battery cell

producers, battery pack and component developers, academic and national laliepamieso



involved in transportation, consumer electronics, and energy storage revealéot et
as the biggest concern amamgpondents followed by battery reliability. More than a quarter
of respondents-nearly 27%—listed the amount of time requiréd estimate battery life as a

key bottleneck.

1.1 Degradation Mechanisms

The degradation mechanisms irribn batteries can be brogdtlassified into four types:
electrochemical side reactions, mechanical stbesed mechanisms, thermally induced
mechanismselectrically induced mechanisms. Some of these mechanisms lead to gradual
degradation of battery involving drop in capacityiserin the impedance, while the others may
cause catastrophic failures such as venting, fire or expfodiothis work, thefocus will be

on the mechanisms causing gradual degradation at room temperatuf€)e2&above. The

relevant degradation mechams have been briefly described as follows:
1.1.1 Solid Electrolyte Interphase (SEI) Layer

One of the prominent mechanisms responsible for gradual degradation is solid electrolyte
interphase (SEI) layer formation agtbwth on the negative electrodeéidure1.5). SEI layer

forms on the graphite surface due to the electrolyte reduction process during the first few charge
—discharge cycles of the battery after the assembly process. The electrolyte reduction process

consumes active Liions and produces both @mjc and inorganic products. While loss of

2Lithium-ion batteries pose safety riskse to the presence of flammable electrolyte and oxidizing agent
(metal oxide cathode) and can cause fires and explosion if subjected to abusive conditions such as
internal/exteral short circuit, overheating, overcharge, and overdischarge. Manufactefiecisdin

batteries can also cause these similar types of catastrophic failures. Device manufacturers perform safety
testing of batteries to evaluate the catastrophic failure sadttvever, this workvill mainly focuson

the longtermperformanceand gradual degradation of battery.
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active Li" ions causes loss of capacity in the battery, the production of these insoluble solid
byproducts increases the battery impedance. SEI is typipally A to seveal hundreds of
Angstroms thick layer which is made of a dense inorganic matrix consisting mainly of LiF and
Li.CQ:s close to the electrode surface and a porous organic or polymeric layer extending further
out from the electrode surfa¢@0]. However, a wble SEI layer is necessary for battery
performance and long cycle life as it protects the graphite electrode from further reacting with
the electrolyte.

Graphite  SEI Electrolyte

,"#"“.' P
."-".,u_ N !?.:’" -

ehEl S

S @——— S +2 +2Li*=P

0 LQ©

Figure 1.4. A simplified schematic of SEI layer on graphite electrode (redrawn [ftain
where S represents electrolyte solvent and P represent electrolyte reduction reaction

byproducts.

An ideal SEI layer should have high electronic resistance and goeccmmductivty for the

Li* ion transport and should be impermeable to the electrolyte solvent to prevent its further
with graphite electrode. It should also be able to tolerate the mechanical stresses from the
volume expansion and contraction of grapliectrode duéo lithium insertion and removal

during charge and discharge operation, respectji@lly However, this is not the case. During

the cycling operation, cracks in the SEI lay&B8] and electrode particld®], [14] due to
mechanical stresses provide fresh new sites for reaction between graphite electrode and
electrolyte. Hence there is a continuous growth of SEI layer duringyitisng operéon

leading to loss of capacity and rise of impedance in the battery.
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1.1.2 Mechanical Degradation of Electrodes

The mechanism of mechanical degradation is central to the cycling operation of battery and
affects both the electrodes. Li insertiomdaleinsertion into the electrodes during the cycling
process cause volumetric changes leading to mechanical stresdrand Also, phase
transitions can occur, which leads to distortion of the crystal lattice and further mechanical
stresq7]. Electrode patrticle fracture can occur especially in high power applications due to
mechanical stress¢5]. Gradual structural degradation of the graphite due to cycling was
observed in, which was most pronounaadthe electrode surfa¢g@5]. These disordeand

fractured areas provide new sites for SEI layer formation.

Other mechanical degradation modes include loss of cioimdhe electrode and changes in
electrode porosity. Contact loss (i) between electrode active material particles, (ii) between
current collector and active material, (iii) between binder and active material, and (iv) between
binder and current collectean occur leading to rise in battery impedai¢eThe changes in
electrode porosity can occur due to btk volume change and SEI layer formation. The
porosity affects the penetration of electrolyte into electrode structure and hayrefiaasit

influence on battery impedance.

1.1.3 Lithium Plating

Slow lithiumrion diffusion into the negative electrode activetenial and/or reduced lithium

ion diffusion in the electrolyte can result in lithium plating or lithium dendrite formd#pn
While the plated lithium can further react with electrolyte to form SEI layer and cause loss of
active lithium (c@acity), the dendritic structures of lithium can also lead to internal-short
circuits between negative and positive eledés causing catastrophic failures. The low
temperature or fast charging are the mfasbrable conditions for lithium plating on the

negative electrode. Overcharge is also a condition that can lead to lithium deposition.

9



1.1.4 Electrolyte Oxidation

Stability of electrolyte on the positive electrode interface has not been a cause of concern in
the conventional Lion batteries. The positiveleegtrode materials within these batteries
operated in voltage ranges where their electron energy was abovegtiest occupied
molecular orbital (HOMGO- 4.3V vs. Li/Li+) of the nonaqueous electrolyte componfgr-
[18]. However, as the conventional positive electrode materials like Li@@pushed beyond
their voltage limits and new high voltage positive electrode materialsiereloped, the
electrolyte oxidation becomes a degramtatimechanism. This oxidative decomposition of
electrolyte can lead ta loss of active mass and Li ig@sincrease in thenternal resistance,
and modification of surface propertiestbé active materidl/]. Thereaction productsclude
semicarbonategolycarbonates, alkoxides, ethers, LiF,Q®s, LixPOF;, RCE, etc [18]-
[20]. Thisproceswill be accelerated by highentgerature and by high end of charge voltages.
Some surface electrolyte reactions are also accompanied bydhgion of gaseous species

[21], whichcan lead to swelling in the pouch batteries.

1.1.5 LiCoQO; Structural and Chemical Degradation

Capacity ofLi1xCoO, remains limited due tthe structural and chemical degradation issues
beyond the removal of half mebf lithium (x> 0.5) resulting in the end aharge voltage limit

of 4.2V. LiCoQ has rhombohedrald®n rocksalt structure with hexgnal symmetry. Beyond

x = 0.5, a lattice distortion was observed from hexagonal to monoclinic syni@@tryoltage
beyond 4.2V have also resultedainrupt drop in gparameter of the lattice and alrated the
cobalt dissolution23]. Li.xCoO, was also foundorone to losing oxygen ateep lithium

extractions (x > 0.5) limiting the practical capacity to only 140 mAR4Agd.
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Chapter2_ 4 oBhat Redy abi l ity Testing

The life cycle conditions of lithiuaon batteries can be broadly classified into storage
and cycling (chargelischarge) operationduring these operationsatieries continue to
degrade and lose their capacity due to a variety of degradation mechani@gmwigesearchers
have investigated the storage and cycling operation religbility, and performance
degradatiorof different batery chemistries offi-ion family under different stress factors and
hence the literature in this area is vast with several articles publistterlast 25 yearsThere
has been extensive effort to understand battery degradation mechanisms and to enodel th
degradation behavior Hoempirically and analyticallyhese past studies have been conducted
on commercially available Libn batteries as well as on prototype batteries developed in the

research labs.

Commercial Liion batteries are available in vauwis sizes and form factorsvhich utilize
different electrode material compositions and offer different nominal voltages. Some well
known types of Liion batteries include lithium cobalt oxide (LICGONCA (LiNixCojAl 1«

yO2), NMC (LiNixMnyCo1xyO>), and lithium iron phosphate EePQ) positive electrode
basedbatteries. The commercial batteries from two different manufacturers utilizing same
electrode materials and electrolyte solvent may also differ in terms of binder materials and
electrolyte addives. Depending upon the elmmde materials, electrolyte solvents and
additives, these batteries can provide different end of charge voltages including 4.2V and 4.4V.
There is a strong push to adop and market high voltage positive electrode and elgtdro

materials to improve biary energy densityHigh energygraphiteLiCoO; batterieswith end
11
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of charge voltage of 4.4¥re increasingly being used in portable electronic devices such as

smartphone and laptops.

2.1 Battery Reliability Literature

There hae been severaxperimentabktudies with multiple operating conditions different
Li-ion chemistrieso understand the effects of different stress factors on battery performance
degradation, life and degradation mechanisms. Some of the studies wiplenstitess factors

and larggest matrices have been briefly described in this setGmme of the commonly used

physicsbased and empirical models to describe battery degradation have also been discussed.

In a cycle life study limited to 500 cycles 4r2V graphite/LiCoQcells byChoi and Lim[25],
they concluded that high atge cuoff voltages (testedp to 4.35V) and a long floatharge
period at 4.2V or above had the most severe effects on cycle life. They found that the depth of

discharge (DOBor ASOC) did not affect the cycle |ife.

Ning et al.[26] studied the effects of discharge rates at three differgatés (1C, 2C, and 3C)

on 4.2V carbon/LiCo®battery capacity fade and concluded that at higheat€ growth of

the solid electrolyte interphase (SEI) layer accelerated. The capasig losre estimated after

300 cycles at 2C and 3C discharge rates and were found to be 13.2 and 16.9% adalthe init
capacity, respectively. They proposed that the increased temperature due to ohmic heating

could cause the evaporation of electrolyte anttlbpiof pressure due to generation of gaseous

3 Part of this literature review has been reproduced {Bth

“DOD ( ASOC) ihe ratib ®ffamour df charge (4h) taken out from a bafi@m a given
charge condition (usually 100%, fully charged) to the true battery capacity. For example, if from a full
charged 1Ah battery, 0.4Ah charge is taken out during discharge, then the OB 40%. SOC is

state of charge of battery which showmsv much charge is remaining in the battery. 100% SOC means

fully charged battery and 0% SOC means fully discharged battery.
12



products, resulting in the cracks in the surface film. These £@okide new sites for the side

reaction between lithiated carbon and electrolyte, resulting in the thickening of SEI layer.

Wang et al[27] studed the cycle life of 3.6V graphite/LiFeR©ells under five DODs (10%

- 90%), five temperatures30 °C — 60 °C) and four discharge rates (G/20C) and found a
power law relation between capacity fade and charge throughput. They defined the charge
throughput as the amount aharge delivered by the battery during cyclifidpeir results
showed that the capacity loss was strongly affected bydimdgemperature, while the effect

of DOD (ASOC) was |l ess important at C/ 2 discha

Ecker et al.[28] conducted an accelerated study on 4.2V graphite/Li(NiM@gZoglls to

analyze the influence of cycle depth and mean SOC on cycle aging. They observed that rate of

aging increased with increasingcycedt h ( ASOC) al most | inearly. A
a given cycle depth, minimum aging occurred in cells dyaleund 50% mean SOC. However,

the generalization of these results to other cathode materials and cell technologies requires

more investigation

Wangetal[29]i nvesti gated the i nf-D0%}tantperatwef(180D-OD ( ASOC)
46 °C) and discharge rate (0.535.5C) on the cycle life of 4.2V graphite/LiMCo1sMn13 +

LiMn ,O4cells. They found that although capacity loss increased at higher DODs, temgera

and discharge rate had more significant impacts on capacity fadethdgmbserved a linear

relation between capacity loss and charge throughput

Guan etal. [30] conducted the cycle life testing of 4.2V mesocarbon microbeads ®)CM
LiCoO., commercial cells at different rates (0.6C, 1.2C, 1.5C, 1.8C, 2.4C and 3.0C) and
proposed the capacity fade mechanism by analyzing the structure, noggphahd
electrochemical performance evolution at the capacity retention of 95%, 90%, 85%, 80%

They concluded that the decay in cathode and cell imbalance caused by the loss of active

13



lithium irreversibly and the polarization in the full cell dominated ttegradation during

cycling.

Stroe et al[31] conducted accelerated calendar and cycle life tests on lithium iron phosphate
batteries which i@ used for wind power plant applications. Four stress factors were used for
cycle life testsncluding temperature (high or low temperature), Sié&! (low or high SOC),
cycle depth (big cycle depth), andr&e (high Grates). However, the correspondiabels for
these factors were not clearly discussed. A power law type model was presemigubfity

fade during cycling:

Cui et al.[32] conducted aging experiments of the 4.2V MCMB /LiGaDion batteries with
chargedischarge rates (0.6C.2C), DOD 20% to 30%), end of charge voltage (42¥.1V),

and operatig temperature from 2% to 45°C to investigate the lifetime evolution process.
This work only considered shallow cycling of battefey identified temperature, followed
by discharge rate addOD as the most impactful stress factors for battery caplacisy The
orthogonal design did not include eaficharge voltage stress factor, and its effects were

separately investigated and included in the lifetime model

Baghdadi et al[33] studied the calendar and power @ygl aging of 4.2V graphite/
[LiNi 1/sMn15C01/202+LiIMN 204 and 4.2V graphite/ LiNisCoo.15Al0.0502 batteries. These
batteries were designed for high power application with maximum currentsafii@8 A and
130 A, respectively. Battery aging rate wasrnduo be exponentially dependent on current,

temperature, battery state of charge. The maximum DOD in this testing was limited to 40%.

Wu et al.[34] conducted a lithiumion battery aging study in which pouch cells witl2V
graphite/ LiCoQ/LiNiogCao.15Al0.0802 blended chemistry were examined at 3 different
temperature (10C —40°C) and 3 different discharge levels (£&C). The results showed
that high temperature (>25°C) accelerated the aging, however, theoéffiistharge rates on

aging was not signifiant.
14



Diao et al.[35] conducted a multifactor design of experiment (DOE) to study the effects of
temperature, discharge-rate, and charge currercutoff on 4.4V rated commercial

graphitéLiCoO; batteries and found that only temperature influenced the capacity fade rate

The author of this dissertation has also worked on 3 studies in the/p@s$t have beehriefly
summarized in th@extthree tapters andhave addressed thiesearch gaps concerning the
effects of partial state of charge cycling on graphi®O. battery degradatiorj36],
application of battery discharge current for aceekx degradation testing anoriesponding
model developmeni37], and development of a methodology of selecting significant stress
factors for accelerated test planning, respectivélge main dissertatiostudyof the author
addresses thesearch gaps assated with he effects of rest time agraphite- LiCoO;battery

degradation, which have been summarized in the next section of this chapter.

In addition to variousell levelempiricalor semiempirical modelsfitted usingthe test data

and supported byphysics of b#ery degradation, many researchers have also developed
material levelphysicsbased degradation modébr individual degradation mechanisnasid
combined them with eithgrseudo 2 dimensiondP2D) [38], [39] or single particle model®
simulate the battery performance degradation with time/cycles. The most common empirical
relation is the exponential Arrhenius type dependeoicyattery degradation rate on the
temperature supported by the effects of temperature on the rate of cledaicaactions (SEI,
electrolyte oxidation) occurring in the battery. Thepirical relation between capacity
degradation and time/number of ayglhas been described mainly by power law (diffusion
limited SEI), linear Kinetically limited SEI + materialoss) and double exponential models
(two-stage degradation different mechanisms in different stages of degradation) depending
upon the presenad various degradation mechanisrf8eme of the physieBased degradation
modek include diffusion based SElrgwth model predicting square root dependency of

capacity fade over timid 1], kinetically limited SEI growth model using a Tafel equat[d],
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surface film crack model based on fatigue amohler curves[13], and positive electrode

dissolution using Tafel kinetidqd1]. A detailed review of these models canfbund in[42].

2.1.1 Studies on RéFime

The rest time refers to a time period during which the battery can be either in open rest condition
where the battery current is zero andtdry terminal voltage can change, or a float rest
condition where a constant battery terminal voltage isitagied. Figur@.1 shows an example

of an open rest condition after full charge in ddr battery charge/discharge cycle.
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Current 44 . i :
C hﬂrg_‘;‘__f; Rest Time after :
gy~ ie=— Full Charge —"’
T (Open ' =
z Condition) 3
£38 i
1: =
é“ 3.6 £
g 5] 5
3.4 | Constant
Voltage 05
3.2
Charge
3
_ Constant
28! : : - : -1.5 .
. 5 . p 3 0 Current

Time (hours) Discharge
Figure 2.1.Rest time after full charge (open condition) in aibn battery charge/discharge

cycle.

When a batterpowered device is plugged to the charger, depending on theidm battery
management system, it may be in a float or open condition once the battenaterftage
reaches its endf-charge voltage, a culff voltage usually defined bad on the battery

chemistry to prevent unsafe situations like gas generation or overheating in batteries. The float
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condition occurs when the charger continues to actcasstant voltage source and continues

to trickle charge the battery. During the fil@@ndition, the battery charge current gradually
reduces. In todays advanced electronic devices including laptops, cell phones and portable
consumer appliances, the chargearges the battery at constant voltage (float condition) until

the current dropbelow C/20, a common charge @ff current specified in battery datasheet

to achieve *“Full Charge” status. This charge t
ard long life. After the charge termination battery stays in open rest conditiortsaodein

circuit voltage starts to drop due to charge redistribution;digtharge, and internal side
reactions. If the device remains in pluggedondition for long duations and the battery open

circuit voltage drops by more than 200 mV during thigquk then the charger usually starts

the float operation again to compensate for the voltage[dB)p A similaropen rest condition

after full charge also occurs in applications such as satellites and solar energy storage systems
where batteries are charged dgriexposure to the sun and are used (discharged) only when

solar energy is not avabée.

Considering this redlfe charging condition, there is a great interest in device manufacturers
to understand the relationship between open rest durations aftenduje and performance
degradation, defined in terms of capacity fade, eibhi bateries. The key questions are: is
keeping the electronic devices pluggadio chargers for long durations (open rest) more
detrimental for batteries compared to removihg device immediately after the full charge

and using it on battery power (continusocycling)?; does the answer to first question depend
upon operating temperature?; if there are differences in the capacity fade rate under two
conditions, then what aréé reasons for those differences?; and is there a model to quantify

the effects ofest time on battery capacity fade?

As of this writing, three research teams have looked into rest time: Reichefdd{,d&Rashid

and Guptd45], and Nelson et a[46]. Reichert et al[44] investigated the influence of open
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rest time conditions on the lifetime of commerciali@n batteries. They studied rest periods

of 0 s, 60 s, and 7200 s (2 h) after full discharge and one level (2 h) of rest pesiddlaf
charge. These rest periods were applied after every 5 full cyldley also studied micro vs
macro breaks by applying 12 s of rest period after full discharge in each cycle (dividing 60 s
equally over 5 cycles) for a groupludtteres. Their results showed that there was no difference

in the capacity fade behavior of batteries irrespective of whether the rest period was applied
after full charge or after full discharge. No observable differences between the capacity fade

trends of bateries with and without rest periods were found.

Rashid and Guptal45] discussed the effects of open rest éimn mesocarbon
microbeads/LiMpO, batteries using simulation results from a solid electrahterphase (SEI)

layer model. They simulated rest periods ranging from 5 min to 2 h after charge/discharge
operations. They concluded that the rest after cHaagenly marginal effects compared to the
rest after discharge, which resulted in a thicker 8l due to the presence of higher lithium

concentration in the negative electrode.

Nelson et al[46] compared the performance of graphiiNioaMne4Cay 0, batteries with
commercially available 4-2.4V endof-charge voltage rated graphite/LiCol@atteries under
charge24 h float restischarge cycling operation at 4C. The LiNig.4Mno4Coy 20, cell
operated to 4.% had up to 8% cajdty loss after 40 cycles and was comparable to th&' 4.2
LiCoO, cell. The 4.35/ and 4.4V LiCoO; cells had up tdl0% and 20% capacity fade
respectively after 40 cycles. The authors used differential voltage analysis to theorize that
degra@tion causedamage to the positive electrode. This study investigated only one float rest

duration of 24 h at flilcharge.

The past studies tested/simulated open rest period of only up to 2 h after charge and found
either no or marginal effects on battelggradationNelson et al[46] tested only one long rest
time of 24 h under float condition. Hence there has been no study on the efffepén rest
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conditions with durations longer than 2 h. Additionally, none of these studies used-iife real
charging conditions for the electranilevices in their test profiles. Reichert et[44l] added
open rest time after charge only after every 5 cycles andmlised the constant voltage phase
of charging by charging time rather than by chargeoffuturrent. Rasld and Gupt§45] did
not use constant voltage charging phase in their simulation. Nelson [@6hlused float
condition for the entire duration of 24 h whichailso not the case in the modern electronic

devices.

This study evaluates batteries from 5 of the
names are not given). All the batteries were tested under similar conditions using thigereal

charge conditins, and their capacity fade trends are presented to evaluate the relationship
between open rest time and battery performance degradakierresearh objectives of the

study have been summarized in the next section.

2.2  Research Objectives

1 Todeterminghe effects of open rest tinadter full charge on graphite/LiCo®attery

performance degradation at different ambient temperatures.

1 To evaluate the generalization of these effects across graphite/tie2d@ries from

different manufacturers

1 To perform capacity fade tremdodelinganalysis and to understand interplay between

the rest time induced degmtbn and cycling induced degradation

1 To identify degradation causes and mechanishisdividual electrodgin the battery
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i The study includs the dfferential voltage analysis of fultells to non
destructively infer theindividual electrode degradation causgscell
disassembly, Xay diffraction (XRD) to understand electrode structural
degradation and to identify nature pdssible surface depositions, scanning
electron microscopy (SEM) to inspect surface morphologies of electrodes, and
energy dispersive Xay spectrosopy (EDX) to identify elemental

composition of electrodsand surface deposits.
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Chapter3Ef f ect s Stoaft ePao@tyi€ahniam g e

This study[36] quantifies the effect of partial chargescharge cycling on Lion
battery capacity loss by means of cycling tests conducted on 4.2V graphitefliQah ells
under different state of charge (SOC) ranges aschdrge currents. The results are used to
develop a model of capacity fade for batteries under full or partial cycling conditions. This
study demonstrates thalt the variables studied includingmearOC, change i n SOC

and discharge rate have arsfigant impact on capacity loss rate during the cycling operation

3.1  Experimental Test Procedure

Commercial graphite/LiCo£pouch cells with a nominal capacity of 1.5 Ah (at C/5 rate) and

a nominalvoltage of 3.7 V were used in the study. An @fehage voltage of 4.2 V and an
endof-discharge voltage of 2.75 V were specified by the manufacturer. The charging and
discharging of the cells were carried out using an Arbin BT2000 Battery Tester &vith 1
independent channels. All the tests were conductadg@mitemperature controlled room with
temperature of 252°C. The initial characterization tests for the cells included constant current
constant voltage (CCCV) chargeonstant current (CC) full gcharge (4.2\2.7V) at C/2 rate

to determine battery sicharge capacity.

5 This work has been published in the Journal of Power So[86kand @rt of the published article

has been reproduced here in tthiapter
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3.2  Test Matrix

Different SOC ranges with different mean SOC
and 100% to understand the battery degradation behavior in different regiohS@f@uiange.

The primary objective of this study is fmd the effects of SOC ranges on battery cycle
performance at a constant discharge rate of C/2. However, for the SOC ranges with mean SOC

of 50%, the tests were conducted at two different dischatge 0&d C/2 and 2C. The purpose

behind using two differg discharge rates is to find if the relative performance of cells cycled

under different SOC ranges gets affected from discharge rate. For 1.5 Ah cells used in this
study, C/2 and 2C rates refer t&d®.A and 3A, respectively. Five SOC ranges were selecte

while keeping in mind the requirement of having enough data points to find the capacity loss
model constants. Tabl&l provides the number of cells that were tested under each of the

me an S OCsand dsch@de-Gites.

Table 3.1. Sample distribution in the test matrix for this study.

Discharge @ate
SOC Range Mean SOC ASOC

C/2 2C
0%-100% 50% 100% 2 2
20%-80% 50% 60% 2 2
40%-60% 50% 20% 2 2
40%-100% 70% 60% 2 X
0%-60% 30% 60% 2 X
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3.3 Results and Discussion

The capacity loss results from the testing at different SOC ranges are presented in this section.
In Figure 3.1-3.2, normalized discharge capacity is plotted against equivalent full cycles. The
normalized discharge capacity denotlke percentage ratio of the discharge capacity of a
degraded battery to the initial (first cycle) battery discharge capddgyan indicator of battery

state of health (SOH). The testing results are presented here up to around 800 equivalent full
cycles (approximately 1000Ah cumulative discharge) for all the SOC ranges exce{0%0%
range. For the 409%0% range results onlyp to around 450 equivalent full cycles
(approximately 600Ah cumulative discharge) have been presented considering a slow
cumulatve discharge (Ah) accumulation rate. Intuitively, it may seem that for a given time
period, no. of partial cycles for 4080% SOC range should be three times that for Bl¥%o

SOC range. However, that is not the case in the testing due to the inclu8ibmaofutes rest

period after every charge and discharge steps.

In Figure 3.1, the mean SOC during cycling is fixed at 50% fo three cycling ranges (0%

100%, 20%80%, and 40%% 0 %) . ASOC is the varying paramet e
20% respectively. o, two discharge rates of C/2 and 2C are u$hd results presented are

the average values of two cells chosen for eachngycinge. It is eviderftom Figure3.1a)

that cells cycled at 409%0% range outperform the cells cycled at the other two sangdo

450 equivalent cycles. If we look at the letggm cycling operation at C/2 rate, the 2826

cells outperform the 09400% cells in terms of retaining their capacity by an 8% margin after

approximately 800 equivalent full cycles.

For cells dischayed at 2C Figure3.1b)), the cells cycled in the 40%80% range perform far
better than the cells under the other two rangesou450 equivalent cycles. However, the
capacity loss (%) difference between cells under -80% and 0%100% ranges is almost

negligible at the end of 800 equivalent cycles. This is quite different from what is observed at
23



C/2 rate. At high discharge emt such as 2C, cells see a significant temperature rise due to
ohmic heating. The high temperature may be playing a largerhrcddent A SOC, and hen

diminishes the performance gap between the cells cycled in theB@®®mand 0%100%

ranges.
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Figure3.2shows average resultg finree cycling ranges (0%0%, 20%80% and 40%1.00%)

with a fixed ASOC value of 60% a80&,50%angi ng mea
70% at a C/2 discharge rate. It can be observed that lowering the mean SOC reduces the rate

of degradation. Theetls cycled at 0%60% perform far better than the other cells in terms of

retaining the capacity. Even after 700 equivalentag/the capacity retention is more than 97%

for 0%-60% range. However, the degree of performance improvement in case-@9%%

range is quite unexpected. The results suggest either the absence of a degradation mechanism

for 09%-60% range that is present ither SOC ranges or the presence of a different degradation

mechanism with a very slow degradation rate.
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3.4  Capacity Fade Modeling

Based on the values éffor all the SOC ranges except 080%, a curve fit folA has been

obtained and presentedHuguation (3.1)In Equation (3.1 ne a n

S O OCame dsed\aS

a fraction rather than as a percentage. TRes&tue for curve fitting ofA is 0.97. A final

normalized discharge capacity model is presenté&djiration (3.2) Values of constarl, k2

andk3 are respectivel®.25, 3.25 and2.25 inEquaton (3.2)

6 o8 WYO O OJp o WYYO 6 YD S (3.1)
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Figure 3.3. Comparison of expeanental data with the power law model curve fit.
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Figure3.3 shows the experimental data from testing as wdaheasurve fits from power law
model Equation (3.1) Powerlaw model fits the experimental observations for the first 500
equivalent full cycle for all the SOC ranges except &@%. Even after 500 equivalent full
cycles, normalized discharge capacityntte for the SOC ranges 2880% and 40%100%

seem to follow the derived power law model. However-1¥% range shows a sudden
acceleration in gaacity loss rate after 500 equivalent full cycles suggesting the initiation of a
new degradation mechanism wiéfmost linear capacity fade model. Hence the developed
power law model cannot fit the experimental data for1¥8% range after 500 equivalent!f
cycles. One of the possible causes behind this increase in degradation rate0i%¥hay be

the generatiotf cracks in electrode and SEI layer and thus providing the fresh new sites for
side reactions with electrolyte to cause loss of active lithi@mce 0%60% SOC range
exhibits a quite unexpected capacity fade behavior with the minimal capacity lossi¢¥g a

all the tested ranges, more testing in low mean SOC region will be required to extend the
developed model to all possible SOC ranges. Tineent model is suitable for only static SOC

range cycling conditions where the battery is being cycled undéyremnstant SOC ranges.
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Chapter4Di s c lCairr gbearste d Accel er ated Ba

Cycling at a nominal charge/discharge current requires ansgxéeamount of time
and resources, and hence a battery qualification process based on battery cycle testing may
cause delays in time to market. Dischacgerentcan be used for acceleratingibn battery
cycle testing. This study?7] devebps an accelerated capacity fade model faphibatteries
under multiplecurrentloading conditions, to traresie the performance and degradation of a
battery population at accelerategrrentconditions to normaturrentconditions. A nonlinear
mixed-effects regression modeling technique is usedawsiderthe variability of repeated

capacity measurements on individual batteries in a popufition.
4.1  Capacity Fade Model Development

To assess the reliability of a product quickly, accelerated testingdéicted by increasing the
loading (stress) conditionsn the product. In the case of-ibin batteries, testing at a high
dischargecurrent C-raté is one approach to accelerated testing. During the testing capacity
fade is recorded at different numbercgtles, which serves as the indicator of degraddtion
batteries. The capacity fade measurements of batteries can be used to model the degradation

process, which can further be used for failure time prognosis.

6 This work has been publish@dthelnternational Journal of Electrical Power & Energy Syst{8ii$

and part of theublishedarticle has been reproduced here in thigter.
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Capacity degradation in ion batteries ocurs due to a multitude of degradation mechanisms.
The side reactions between anode and electrolyte result in loss of active lithium and formation
of an SEI layer on the anode. In particular, Ning g8l studied the effects of discharge rates
atthree different @ates (1C, 2C, and 3C) on-ldn battery capacity fade and concluded that

at higher Grates growth of the solid electrolyte interphase (SEI) layer accelerated.

Christensen and Newmalb] developed a mathematicalogel that calculated volume
expansion and contraction and concentration and stress profiles during lithium insertion into
and extraction from a spherical particle of electrode material. Their simukitmmed that
high-power (high current) applicationsjch as HEVS, had an increased likelihood of particle
fracture compared to loywower applications. This streggluced cracking can provide new

sites for the growth of SEI layer. These results suggastite SEI layer remains the prominent
degradation mdmnism in Liion batteries during cycling and higher discharge rates further
accelerate the growth of SEI layer by means of overheating and mechanical stress induced

surface film and electrode particeacking.

Various studies have proposed a power laatianship for SEI layer growth modeling with

square root dependence on time based on phlyased principlegl1], [47]. As per[11],

06 ¢ 0b (4.2)

(oo b6 — 0o (42)

where, L(t) denotes SEI thinkss in cm and D(t) is fractional capacity loss at timegtsEhe
effective diffusivity of solvent S in SEI phage;is a consint Zp is the stoichiometric

coefficient of Li in P; gis the constant molar density of P in SEI layer; the negative@tiec
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area (Ae) is a cell design parameter and represents the actual carbon surface area that is both
electrochemically active andceessible to electrolyte; and the initial capacity)(ié a
measured value. It has been assumed dblthtcapacity is proprtional to the moles of Li
available for cycling and all capacity loss jNs due to the Li consumption associated with

SEI layer gowth process.

For cycling operation, no. of cycles.,Nshould be considered as the independent transient
variable in plae of variable t.Additionally, the model presented [d1] is based on the
assumption of storage under float charge condition with constant voltage and state of charge
(SOC) It has been shown in a detailed phydiased SEI layer growth simulatift8] that the

value of power law exponent can alassume values other than 0.5 in case of decrease in
negative electrode SOC, which decreasegtitential and driving force for film growth. In a
cycling study, the negative electrode SOC does not remain constant and can vary from 0% to
100% and hence thexperimental data may not always fit a power law exponent of 0.5. Hence

in order to make the ndel general and provide an additional parameter for fitting the data, a
generalized power law model with an exponenbaind number of cycles as independent

valiable has been adopted in this paper.

0 08 43)

VOO0 p V& (4.4)

whereNDC, normalized discharge capacity, is defined as the ratio of battery capadiyext a
cycle count to itsnitial capacity;andK is the power law coefficientHere,K is proportional
to the diffusivity Ds of solvent component S in SEI layer and the negative electrode agea, A

(Equation (42)). Diffusivity, Ds is considered a functh of battery temperature which will
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depend upon environment temperaturednd battery current (@ate) during cycling due to
ohmic heating. As the battery current is increased, the susceptibility of SEI layer cracking and
electroe particle cracking islso increased. These cracks can provide new sites (areas) for
electrolyte reduction and henceréte can affect the effective negative electrode arga) (A
accessible to electrolyte. Hence, the effects of environment tempeiigtanel (pbattery current

(C-rate) are included in the model in the form of parametas follows:

0 QYW h (4.5)

wheref(.) is a continuous functior€a.e covers both charge drdischarge current rates. In this
accelerated testing study chai@ge, has been considerednstant and hence its effects have

not been investigated. In order to model the effects @hermal stress) and discharGe:e
(nonrthermal stress) os and Ang, a generalized Eyring model forfd9], [50] is being
adopted foK. Generalized Eyring model is widely used in the field of relighit model life

stress relationship under chemical reactions based mechanisms when both thermal and non

thermal stresses are involved and th@graction can be of interest.

O 08YR@PP- & — 8Q6 (4.6)

w h e r & B,&,andD aremodel constants and are independerit afd discharg€a; T is
environment temperature in Kelvin; &G repregnts only the discharge current rate; g(.) is

a function of nonthermal stressi;.&and has been chosen as identity functioht(
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0 based on empirical evidences from the testing data used in this study. Equatpns (

ard (4.6) can be combined to provide a modelBor

0 68YA@GD- & - & 20 4.7

0 08YRA@BD- AP - 2§ z (4.9

If the environment temperatur€, is kept constant during the accelerated testing study, then
the model term8/T andD/T in Equation 4.8) will also become constants to reduce the model

to just one stress variable of discha@g..

O 1 zA@Pz6 20 (4.9)
Therefore,
006 p I zA@P 26 z () (4.10)
O T ZA@Pz6 (4.12)
I 08YRA @b - ht 6 - (4.12)

Equations(4.9, 4.11) show normalized capacity fade and the normalized discharge gapacit
models respectively withy, b1, andb as final model parameters. The proposed model with
constant temperature condition has a power law type relation with the number of cycles and an

exponential relationship with the dischargeate.
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4.2  Acceleration Faor

Once the capacity fade model is abéal, the acceleration factor can be calculated for the
discharge @ate stress factor. The acceleration factor provides a quantitative measure of
amount of change in degradation rate corresponding to the chang&réissariable. It can

be calculatedypcomparing either the battery capacity fade trends or the times to failure at two
different values of the stress variable. Using the capacity fade trends, the acceleration factor

corresponding to the discharger&@e stress variable is given by the foliogy equations:

sne 00
00 06 (4.13)
I zA@D 26
I zA@PD 26
o " Aop z 6 5 (4.14)

where,AF is the acceleration facto€y represents use (normal) level dischargeatés and
Crate is the accelerated level dischargedie. Equation$4.11) and (4.14) can be used to show

the relation between normalized capacity fddleand acceleration factoif:

06 N 1 zA@Dz6 20700

06 W 0 28600 (4.15)

608 [ p 0 2600
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where,Ky represents the power law coefficient for use level dischargeCy; andAF is

the function of accelerated dischargedie,Cae anduse level discharge €ate,Cy.

The acceleration factoAF, in Equation(4.14) signifies by what amount the capacity fade will

be accelerated at an accelerated dischargeeClevel with respect to the use level discharge
rate,Cy, at a given number of cles,N.. As evident from Equatiof#.14), the value of the
acceleration factor will be less than 1 for&le values less tha®y. If the acceleration factor

is calculated on the basis of time (cycles) to failure (TTF) of theetyatthen a different
appoach should be adopted. For example, if the failure threshold for a battery is defined as

Der, then the acceleration factor based on the time (cycles) to failure can be calculated as

follows:
s ae YYO R
80 NS S (4.16)
O T
z Z A
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T zZA@P 26
60 A@Dz56 6 7 (4.17)
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It is clear from Equatior{4.17) that AR is different than AF in magnitude. Henchet
developed accelerated degradation model does not qualify as thacmlkrated failurime

(SAFT) model[51]. In a SAFT model the degradation of a product at a given $¢nesscan

be transformed to degradation at any other stress level jusalaygsthe time (cycle) axis by

the acceleration factor. In other words, the acceleration factor calculated using degradation

(capacity fade) value and that calculated using timpelé¢s)to-failure value remains the same
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for SAFT models. This is not theage with the proposed capacity fade model ferohi
batteries Since both the battery capacity fade and cywegilure are important parameters
for the battery reliability, theype of acceleration factor should be chosen based on the
requirements oftte application. When there is no hard failure thresHoigl, defined for the
batteries, then the capaciydebased acceleration factor should be used. In this paper, the

capaciy-fadebased acceleration factéF, has been used in the subsequent aisalys

4.3  Nontlinear Mixed Effect Modeling

Individual batteries in a population such as the one belonging to the same production lot exhibit
variability in their capacity fade paths eav when they are subjected to same operating
conditions. This variability is usually caused by inherent designufaaturing, and material
differences. Depending upon the manufacturing quality control, these variations can be small
or large in magnitudeMixed-effects modeling is useful ioonsideringthe variation among
individual batteries and captures these vametiin the form of fixed and random effect
components of the degradation model parameters. Each model parameter value is represented
as a corhination of a fixeeeffect value and a randeeffect value. The parameters that do not
vary across batteries withapopulation have only a fixegffect component. The main idea is

to find the distribution of model parameters donsiderthe uncertainty mund the mean
degradation process of the whole population of batteries. Hence this method is suitable for

analyzirg the degradation behavior of the population of batteries.

If the capacity measurements of batteries have been taken at different cycdeemstanoted
by Ng, wherej = 1, 2, 3, ...j at tydleeinstantgptine cdpacitytfagled can be

considered as below:

@ O i, i = 1,2,,37.x.0nmh, j = 1(428)3, ..m
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wherey; is the measured (calculated) normalized capacity fagés D(Ng, U) is the actual
normalized capacity the fa batteryi at cycle counf, T is the error term with zero mean
and variance, andUis a vector ofk unknown parameters for battery The proposed

capacity fade model under acceleratedat® loading can be embedded with mixadtect

model as below:

0O 0 zA@Pp z 6 6 z0 (4.19)
Ox” $. N h Q pltB R we © phis M
$.N | zZA@D z 6§ 6 z0 (4.20)
| 0 ‘
0| 'O : o7y ¥ T h (4.21)
0| "VQO@RQQTEG 6 i e QeRQUQOP h O plvn: 0

phor8 Fe

where,Y;s are the capacity measurements;is the constant error variance acrosgi\en

battery populatiom is the number of batteries in a populationis the number of tested cycles
for batteryi in a populationH(.) is areparametrizatiofunction to ensure the joint normality
assumption of random effects of model parametagk = 1, 2, 3 represents the mean or fixed
effect values of the three mddmrameters; anf is the diagonal covariance matrix with the

assumption of zero cffiagonal covariance between the random effects of model parameters.
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Also the model parameteritiv only fixed-effect component will have zero variance in fhe

matrix.

The maximum likelihood estimation of model parameters forlivaar mixed effect model is
numerically complex exercise since it involves the evaluation of a multiple integral in
loglikelihood function, which in most cases does not have a closed form drprigsd. The
methods developed if52], [53] provide computationally efficient approximations to
maximum likelihood (ML) estimates fqrarameter estiations. In this work, the likelihood of
the nonlinear model has been approximated by the likelihood for the linear refkects
(LME) model using MATLAB function nimefit which implements the methods f{68j, [53].

For detailed explanation on parameter estimation methods fdimeam mixedeffect models,

please refeto [52], [53].

4.4  Experimental Studies and Test Results

Li-ion batteries were tesd by a devicananufacturer for capacity fade at four different
discharge @ates: 0.2C, 0.5C, 1C, and 2C while keeping the other stress factors constant. The
idea behind testing at different dischargeafes was to collect data on the effects of digghar
C-rates onhe battery capacity fade trends. The testing procedure involved atiacharge
cycling between 3.¥ to 4.1V. The batteries were discharged at the designatedeCralues.

Table 4.1 provides the tested discharger&e conditions and numer of sampledor each
condition. The cycle testing was conducted under fixed and controlled environmental

temperature of 37C.
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Table 4.1. Test conditions and sample distributions.

Discharge Grate No. of Samples
0.2C 2
0.5C 14
1C 5
2C 3

The testing data wdsnited to 250 cycles. Figure 2.4 shows the normalized discharge capacity
profiles for batteries. It is clear from the figures that even for same dischagege €ndition,

there are variations among the capacity fade profiles forithail batteries frm a population.
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Figure 4.1 Normalized discharge capacity testing data at differerat€s for battery

population type A.
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4.5 Model Validation

To demonstrate the suitability of the model developed (Equédid®)), it has been fitted
against the testqhdata using MATLAB function nimefitit has been suggested [B4] that
stability and robustness of the approximate ML algorithm can be improved by estithating
power law coefficientK, (Equation (4.12)) at a level of discharge rate that is central to
experimental discharge-@tesrather than at usevel discharge €ate Cy. This is required

to reduce the correlation between the estimatés afd the parameters relating to power law
coefficient,K. HencelC is chosen as the central discharge rate providing new parametrization
with | | | O |  @,whered 0 0 "6 8Inorder to ensure the jdin
normal distribution of random effects of model paramet¢s®] suggested to apply
reparametrizationtechniques such as B@@ox transformation. In this study log
reparametrization, a special case of Bipx transformation, has been applied to the model
parameters with randonffects. The selection of log transformation is driven by the prior
knowledge abut the possible range of values that the model parameters and model output can
take and the trighnderror based normality assumption testing. For example, the model
paramete b is expected to be a real number with value possibly between 0 and 1.gThe lo
transformation ensures that the model does not lose the physical meaning associated with it and
produce erratic estimates such as complex or negative valled fa repanmetrization needs

to be applied to only those model parameters which exhikitorareffects. Hence, initially
without any reparametrizatiori() | , the mean and covariance matrices of original
capacity fade model parameters (| & for battery population A were obtained as

below:

T8t p T X
T poeao
T WL W
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As can be seen from covariance matx,the two parameteis, andb are mixed effects and
vary across batteries within the population and the pararbeter a fixed effect. Hence,
parameteib; can be assumed to be a material property which does not vary from tbattery
battery. A fixed-effect value ofb (= €3) close to (6 suggests the presence of SEI layer
degradation mechanisfthl], [47]. After applying a log transformation to model parameters
with random effects, the new paramrst which need to be estimated are as folld@s:

a e0°Q 1 a € "Qdhe joint distribution for these transformed modelapaeters is
provided in Equatiof4.22) using nimefit function. This function also provides the transformed
modd parameter values for each battery in the population which can be used to plot the model
output.Figure4.2 compares the model fits for individubatteries with the testing data. It is
clear from the figure that the mixedfect modeling method is capatib capture the variability
among the capacity fade profiles of the battery. The maximum root mean square error (RMSE)

for the fits inFigure4.2 is limited to 0.0027.

a € Qv ®TXGE MWo X T
O] f x ™ @ ¢ Wb m T m h, op O Mo
a € Qw T8O O U W T 1T T8tp X Y

(4.22)
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for a battery population.

The estimated individual values of transformed model paramietgksc and logb for 24
batteries in have been used to perform Royston's H[3@jstor multivariate normaty using
R-package MVN[57]. A p-value of 0.09 shows that the transformed paraméagis c and
logb have bivariag normal distribution at a significance level of 0.05 and hence the assumption

of normality in Equatiorf4.21) is reasonable after the log tramafation.

The modeling framework presented in this study is generic enough for its application to any
Li-ion batery accelerated capacity fade data and is useful for extrapolating and analyzing the
capacity fade at lower (normal) operatingrdes based othe available testing data at
accelerated €ate levels up to 2C. The modeling approechsiderghe capacityfade trends

and not the failure time distribution as required in conventional accelerated life analysis. Hence,
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the capacity fade data of bategithat have not reached the failure threshold can be used in this

modeling avoiding the need for running tiests up to end of life (EOL).

42



Chapter5St r ess Factor Ranking

Accelerated testing is conducted by increasing certain stress factors to increase the
degradation rate and precipitate failure earlier than nof®i[35]. The cyclic operation of
batteries can be characterized by seven primary stress factors: ambient temperature, discharge
C-rate, charge €ate, constant voltage charge-ofit C-rate, depth of discharge (DOD), rest
time after charge, and rest timeeaftlischage. Some oall these stress factors can be selected
to accelerate the battery degradation process. However, the effects of these stress factors on
battery degradation are not uniform, and some factors can have more of an impact than others.
Additionally, multifactorial and interdependent stress factors may work in combination to
accelerate certain failure modes. It is not usually feasible to design a test matrix with many
factors due to limited testing resources. Therefore, to achieve an optmaakdwction with
the fewest stress factors, it is necessary to identify the most impactful stress factors and utilize

them for accelerated testing.

The findings from thaststudiesreveal that there is no one general rule that can describe the
effect of a particular stress factor on battery degradadue to the wide variety of {ion

battery chemistries. Even for the same chemistry, different manufacturers use different designs
(pouch, stacked/jellyroll, cylindrical, coin) and material additives (electrode coatings,
electrolyte additives) that cahange the londerm capacity fade behavior of batteries. Hence,

the conclusions from each of these experimental studies are limited in terms of generalization.

With continuous advances in battery materials, additives, and designs, it is difficult ta predic
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the effect of various stress factors on battery degradation based on the literature and thus the

most influential stress factors cannot be determined.

The prior studies have also been limited in terms of the number of factors and the statistical
interpretation of the effects of the factors on battery degradation, which is critical due to the
variabilities associated with different batteries, production lots, manufacturers, and chemistries.
Prochazka et a[58] and Su et al[59] are the two studies that attempted to fill this research
gap.Advancing on thie work, thisstudypresems a methodology to conduct a mstress DOE
consisting of stress factors thare relevant for the practical cycle testing of batteries. This
includes the selection of the range of stress factors that can be represented by just 2 levels, a
reduction inthe number of tests using héilctional designs, and the utilization of rhae
learning technique least absolute shrinkage and selection operator (LASSO) in addition to
conventional least squares linear regression, to identify the statisticalcsigodiand ranking

of main and tweway interaction of stress factors for accated battery test planning in a short
period of time (i.e., limited to 2 months). This stress factor ranking approach uses data from
commercial Liion pouch batteries. The appuh is designed to be transferable and can be used
for any type of battery chdstry. Five different stress factors of ambient temperature,
discharge @ate, charge Qate, constantoltage charge cuiff current, and DOD are
investigated. These stresstfars constitute the conventional cycling profile used in most of
the battery qalification test plans, and their impact in terms of battery capacity fade

acceleration is ranked using DOE.

5.1 Design of Experiment

A design of experiment (DOE) has been usedaaduct the cycle testing of batteries with 5
different stress factors: ambigtemperature, discharge-r@te, charge €ate, charge cuoff

current, and DOD. The DOE approach is designed to be general in its architecture as to enable
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the inclusion of aditional factors or to exclude some of the selected factors. Two levels for
eachselected stress factor have been chosen to cover the entire range of the stress factor. The
purpose of this study is to screen the stress factors and rank them in termsioftbgance

for battery capacity fade acceleration, therefore, two levelsudfieient for each stress factor.

The DOE for the testing is as follows:
Factors: k=5 & "Md OQ@H 6901 GO @i "9 0é "QQ
O 6®I QQi Obd 000

050 — (5.1)

wherek is the number of stress factotds the constant dischazgurrentt is the discharge

time, Qu is battery capacity aftéM cycles, andr is the test (environmental) temperature.

Levels: 0 c¢chd c¢chd <¢chd chd ¢

A full factorial DOE is considered the most comprehensive as it considers all the main and
higherorder interaction effect® full factorial design 29 for this test will involved 0 O

0 D D I o ged casesThird or higherorder interaction éécts of stress factors are
usually insignificant in most practical cases and can be aliased with main amdaywo
interaction effects. A haffractional factorial design is sufficient to extract individual amd-

way interaction effects of stress factarel also helps reduce the number of test cases by half
compared to full factorial desigrin half-fractional design one of the stress factors is

represented as a logical multiplication of the remaining foadower number of stress factors.
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Table 5.1. Half fractional factorial DOE.

Temperature
Experiment
(°C)
No.
(X1)
1 25 (L)
2 25 (L)
3 25
4 25
5 25
6 25
7 25
8 25
9 55 (H)
10 55
11 55
12 55
13 55
14 55
15 55
16 55

Discharge

C-rate
(X2)

0.5C (L)

0.5C (L)

0.5C
0.5C

1.3C (H)
1.3C
1.3C
1.3C
0.5C
0.5C
0.5C
0.5C
1.3C
1.3C
1.3C

1.3C

*H —High (+1), L—Low (-1)
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Charge
Cut-off

(X3)

0.01C (Hj 0.8C (L)

0.01C (H)

0.2C (L)
0.2C
0.01C
0.01C
0.2C
0.2C
0.01C
0.01C
0.2C
0.2C
0.01C
0.01C
0.2C

0.2C

Charge
C-rate

(X4)

1.2C
(H)
0.8C
1.2C
0.8C
1.2C
0.8C
1.2C
0.8C
1.2C
0.8C
1.2C
0.8C
1.2C
0.8C

1.2C

DOD
(X5 =
X1-X2-X3-X4)

0.5 (L)

1(H)

0.5

0.5

0.5

0.5

0.5

0.5

0.5



Table5.1 shows the process of representing DOD (X5) as a funofidine remaining four
stressfactors in the proposed design. The generator or word for the design in Table 1 is
+X1-X2:X3-X4-X5 as the multiplication of all these variables will always be | (+1 or H). The
design in Table 1 is resolution V design, whekeertiain effects are aliased Wit least fourth

order effects and the secontter effects are aliased with at least thorder effects. In order

to understand the repeatability of results, 3 samples per test case have been considered and a

total of 48 béeries have been tested.

All the test cases described in Table involved continuous cycling of adidn battery under

the specified stress factors to characterize the capacity fade trend. The cycling profile included
charge/discharge operations. Theargjing operation was conducted using a constant
current/constantoltage (CCCV) standard charge algorithm. The battery was charged using
the prescribed constanharge Grate up to the endf-charge voltage (4.¥) followed by the
‘“t-op’ u s i n goltageoanarding wirttil the charging current dropped below the
prescibed charge cudff. The discharge operation was performed using the prescribed constant
discharge @ate until the prescribed DOD was achieved. 100% DOD has been defined as the
discharged 3V at 0.5C discharge current rate. Hence, for high dischamgentuests (1.3C),

the batteries were further discharged t¥ at 0.5C after hitting the 8 threshold at the
prescribed high level (1.3C) of discharged@e.Rest times after dischargadiafter charge

were not considered as stress factors in thig/sitnd were kept fixed at 10 min for the testing.

The cell characterization testing was conducted at the beginning of cycling testing5Table

to set up the baseline and intermediatetyveen the cycling tests for comparison with baseline
characterists. Thec har acteri zation testing included the
discharge capacity. This true value discharge capacity has been defined at a standard

condition for comparisoacross different tests in TalBel. Discharge capacity measureme

tests were conducted by cycling the battery di®&mbient temperature using a standard full
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charge/discharge cycle. The battery was charged at 0.8C constant current up tedhe end
charge voltage (4.%) followed by the constant voltage chargingilttie charging current
dropped below C/20. Following the 10 min of rest after the charging, the battery was discharged
at C/2 constant current up to the esfellischarge voltage (8). After discharge, a fnin rest

period was provided before charging thegttery for the next cycle. For the initial capacity
measurements of fresh cells, 5 cycles wemeductedand the average value of the discharge
capacities was used as the initial capackgr the capacity measurements at prescribed
intervals and at thend of the cycling testing, 2 cycles were conducted and the discharge
capacity from the second cycle was used as the real capacity measufidmaeantermediate

characterization of dischaggapacity was conducted at fixed intervals of 100 cycles.

5.2  Algorithms for Stress Factor Ranking

Two statistical and machine learning algorithms, including least squares linear regagskion

LASSO regressiomvere considered for evaluating the effedtshe stress factors on battery

capacity fade and for ranking themterms of their impaciThe task of identifying the highest
contributing features for prediction is termec
datasets where the number oftfgas exceeds the order of hundrebise primary goal of

feature slection is a reduction in computational time and memory. However, the present work

makes use of feature selection for stress factor ranking in order of importance to capacity fade.

Linear regression has mainly been used for comparison as a conventionadirfee evaluating

the DOEsThe problem can be specified mathematically as follows:

H Q- (5.2)

& Gphidghdotiir hiw (5.3)
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whereY is the response variabl¥;is the matrix of predictor variables (stress factors); @isd
the random error term, which is independenXaid has zero mean. The purpose oftate
algorithms is to learn the unknown functiiceind understand hoWis affected byX1, X2,..,X5

Hence these algorithms were used in this paper mainigfeyencerather thamprediction[60].

The average capacity fade rate was used as the response vWaiiaBlquation §.2). It was
calculated by dividing the totalrop in capacity (Ah) with the cumulative discharge (Ah),
which is defined as the total ammuof charge (Ah) delivered by the battery during the
discharge operations of the entire testing. Cumulative discharge was selected in the
denominator of Equatiorb(4) in place of number of cycles because a cycle with 50% DOD

cannot be directly comparedttva cycle with 100% DOD.

& (5.4)

The estimatia of f requires training data generated by the cycle testing of batteries as per the
DOE described in Tablé.1. The kast squares linear regression and LASSO regression fall
into the parametric category, where an assumption about the functional féisirofde in

advance and then training data is used to estimate the coefficients.

QO T T W T ag T o Toar o - (5.9

The linear regression for five stress factors can be described by Eqédijon ( wh a,Hheé

are the regression coefficients that need to be estimated. The most conventional algorithm to
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estmate these coefficients is least squares, which tries to minimize the residual sum of squares

(RSS), which is defined as follows:

YYYB & Q® (5.6)

where Qs an eimate of functiorf; T § M are estimates d, 1, b s, resqiectivelyn
is the number of training observations. The first questiomfefenceis whether any of the
predictor variable is required to explain the output. This is usually andweneg hypothesis

testing based on-§tatistics described as follows:

0od f [ I f m

Odd & QaEieFQQE € € a Qi €

0 —— (5.7)

where TSS is the total sum of squareis, the number of observations in the training data, and

p is the number of predictor variables. Based estdfistic, gp-valueis calculated taecideon

the null hypothesis. If thp-value is less than 0.05, then the null hypothesis will be rejected.
The second question is which of these variables are statistically significant to explain the
output. This has been addressed utliegbackward selectiorpproach where all the variables
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are first used for the model fit and then the variables with the lgrgedties are removed one

by one until a stopping criterion of model fit is nj&0]. The model fit has been evaluated
using an adjusted?Rtatistic which also takes into account the number of predictor variables
and is based on the idea that after all the relevant variables have been included in the model,

addng more variables would lead to only fitting the noise.

5000 Yo QR (5.9

LASSO regression, a regularization technique developed for liner regression problems, has
been widely used in the literature as a predictdatée selection algorithmueb to its simplicity

and ease of interpretati¢®il],[62]. The key assumption is that the best possible prediction rule

is sparse, that is, only a few of the coefficients are different from zero. Coefficients different
from zero are directly proportionaltothear i ab | e’ s Hhigheptherrdgalarizereata t h e
nonzero weight, the more important the variable for the prediction. In LASSO regression,
sparsity is achieved by adding a term that penalizes the loss based on convex relaxation via the

I1 norm and aegularization terna- Theloss function formula thus becomes:

G0B O Qe 1B § s (5.9

Equation b.9) represents the summation of RSS (Equatio®) @d a{ norm penalty terme-
represents the regularization term. The higher the regularization term, the more the weights of
the model shrink to zero, thus revealing the important predictor variables. A valueDafill

make the LASSO regression the same as the least squaresdmession. In a way, LASSO
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is an alternative to the variable selection approach such as backward selection discussed for the
linear regression model. The valueadias been chosen based on thddl@ crossvalidation
approach. In this approach, thaitringdata is randomly divided into 10 parts or folds, and the

first fold is treated as the validation set while the remaining 9 folds are used for training
purposes. This process is repeated 10 times to choose each one of those 10 folds as the
validation set,and the mean squared error is calculated for each validation set. The final mean

squared error is calculated as follows:

0"YO —B 0 "YO (5.10

A value ofathat minimizes the MSE can be chosen. However, in order to use a slightly larger
value ofa; which allows stricter penalty on coefficients, a wabiacorresponding to the MSE,
which is higher by one standard deviation from the minimum MSE, is chod&ris ipaper.
Additionally, unlike the linear regression, the LASSO regression does not perform any
statistical hypothesis testing to evaluate whetthe individual variables are statistically
significant for the response. Hence, a 1pamametric bootstramethod[63] has been used to
calculate the probability of each coefficient in the regression nime{ zero using a 1000
sample size. In the bootstrap method, a training sample ofSiaeme as that of thactual
training data is randomly sampled with replacement and for this sample -floéd Id¥oss
validation is conducted to seleetcorresponding to MSE at one standard deviation and
calculate corresponding estimates of coefficients. This process ise@@€80 times, and then

the probability of 0 is calculated for each coefficient.

BEéoibi OHAGOOVIO G — £ 06 GOBQAQI T (5.11)
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53 Results and Discussion

The pouchgraphiteLiCoO; batterieswith a minimum capacity of 4.45 Ah at 0.2C rate and
voltage range of.4V to 3V haw been used for the testinghe capacity fade results are
presented ifrigure 5.1 Data for all three samples under each test case are plotted. The batteries
show a large capacity fade rate for’8and 1.3C test conditions (Tests15) in Figure5.1
Surprisingly, batteries under test cases 9 and 10 a€%d 0.5C test cortibns show more

capacity fade than that at Test 16 undefG%and 1.3C conditions. Test 9 has higher stress in
terms of charge cudff current and DOD as compared to Test 16Jevhest 10 has only higher

charge cubff as higher stress as compared tstTs. One of the 2% and 2C cases (Test 8)

also shows a higher capacity fade rate. The average capacity fade rate for each test case and
sample is plotted ifrigure5.2 The capacity fade rate is much higher for test cases &X355

(Tests 916).

The inclusion of DOD leads to 5 main effects and 10-tvay interaction effects of stress
factors, which should be estimated from the 16 test conditions described in5Tlabldne
numbe of test conditions is sufficient to estimate all the relevant efiaacbne step using least
squares linear regression. While fitting the model, it was observeth{iaprovides a better

fit for a linear model, and hence for these battdn@g hasbeen used as the response variable
subsequently for linear and LASS€gression. All the predictor variables have been
standardized using theszore method prior to model fitting. Using the least squares linear
regression, the responisgY) is fitted asa function of all 15 predictor variables. The model fit
results in anadjusted R value of 0.89, which suggests a decent fit. Fighi@shows the
ordering of the coefficients based on the negatives(pof p-values associated with the
statistic.Thet-statistic is defined as the ratio of coefficient estimate and corresponding standard
error and is used for testing the null hypothesis that the coefficient estimate is zero, and hence

the predictor variable has no effect on the resp¥ngep-value of Ess than 0.05 suggests that
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this null hypothesis can be rejected, therefore, the predictor variable is related to the response

after adjusting for the other predictor variables.
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Figure5.3. Bar graph with ordering of predictor variable estimates based grvidlee of
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Table 5.2. Results from the least squares regression model fiy tiseselected main and

interaction effects of stress factors.

Predictor Variable

Intercept

Temperature

Discharge @ate

Charge Current Ceaff

Charge Grate

DOD

Temperature x Discharge1@te

Temperature x Girge Current Cubff

Temperature x Charge-fate

Discharge @ate x Charge Current

Cutoff

Discharge @ate x DOD

Charge Current Cuff x DOD

Charge Grate x DOD

Using the backward selecti@pproach, one predictor variable at a time was removed and its

Coefficient

BO

B1

B2

B3

B4

B5

B12

B13

14

B23

B25

B35

B45

Estimate

-7.456353

0.8033906

0.348357

-0.215292

0.0259805

0.0420996

0.2168985

-0.392352

-0.196501

0.1112182

0.1580237

0.0917828

0.1040126

Std

Error

0.050295

0.050827

0.050827

0.050827

0.050827

0.050827

0.051365

0.051365

0.051365

0.051365

0.051365

0.051365

0.051365

t-statistic = Prob>|t|

-148.3

15.81

6.86

-4.24

0.51

0.83

4.22

-7.64

-3.83

2.17

3.08

1.79

2.02

<.0001

<.0001

<.0001

0.0002

0.6125

0.4131

0.0002

<.0001

0.0005

0.0373

0.041

0.0826

0.0506

effect of adjusted Rwas evaluated. e variable with the leastog;o(p-value) was removed

first. It is important to note that as a rule the main effects should not be excluded if their
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interaction effects are included in the model. During this backward selection process, it was

observed thiaadjusted Rincreases up to 0.90 and then it starts to decrease again. Hence the

model associated with the highest adjustéddue was finally chosennd corresponding

coefficient estimates are shown in Tabl2 TheF-statistc (Equation §.7)) for the fit is 35.67,

which corresponds tovalue of less than 0.05, and hence the null hypothesis that none of the

variables are useful in predicting the response can be rejected 5Tablows that charge-C

rate, DOD, and their interaction are not statély significant ¢ > 0.05) for modelig the

responsdn(Y) and can be further removed with very little drop in the value of adjugted R
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Figure5.4. Box plots of coefficient estimates generated from bootstrap LASSO.

LASSO regression analysis was foemed with all 15 main and twway inteaction effects

predictor variables using data from all 16 test conditions mentioned in F4abld-igure5.4
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shows the box plots of all 15 coefficient estimates generated from bootstrap LASS®-using
correspondingto one standard deviation MSE in a-fbld crossvalidation. The median
estimate is roughly zero for c¢ oeAniongahesent s p4,
coefficients, 15, B24, and 34 were dropped
remani ng B4, B5, pB\Aalbes greaterdthaf 0105 in $abl@ wWence, LASSO

automatically identifies the predictor variables useful for deswiresponst(Y). Figureb.5

shows the ordering of predictor variables using a bootstrap probaifility The ordering is

close to what is observed ligure9 with a few exceptions. As per LASS»q temperature,

interaction of temperature and chargurrent cubff, and discharge €ate are the three most

influential predictor variables.

Coefficients
™ ™ ™
(&)

(]

0 0.2 04 0.6 0.8 1
Bootstrap Probability of 0

Figure5.5. Ordering of coefficients in terms of their bootstrap probability of O.
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54 Conclusions

This chaptempresents a methodology to select the most significant stress factors which can be
used to plan accelerated degradation testing. The approach requiregiaednglementation

of the design of experiments for each new type of batfempn algorithms inclding least
squares linear regressi@nd bootstrapped least absolute shrinkage and selection operator
(LAASO) regressioftnave been presented for modeling riblation between capacity fade rate
output and stress factor inputs and for stress factor ranking. LASSO, an extension of least
squares regression, is specifically designed for feature ranking due to the additioaltyf pen

on model parameters. LASS® well-suited for cases where the number of features (stress

factors) is higher than the number of samples (test conditions).

The results from these algorithms provide quantitative evidence that neither the main effects
nor the interaction effects of char@erate and depth of discharge (DOD) feature in the top 3
significant stress factors for capacity fade in the graph@®O, batteries. An increase of 10

°C in temperature and reduction of chargedaffito 0.05C will @use the capacity fade rate to
increase approximately 1.5 times compared to that 8€28.5C discharge, 0.8C charge, 0.2C
charge cubff, and 100% DOD cycling condition as per the linear regression model parameters.
Considering the proposed approachnat require the knowledge of batterlgemistry, it can

also be used for chemistries other than gragli®®O,. Early identification of the significant
factors for any new battery type can prevent wastage of resources spent conducting large and
futile desgn of experiments. Once the fact@nking list is determined, either the highest
ranked factor or a combination of the first two ranked factors can be used with three levels for

future accelerated degradation testing and for developing a nonlinear gépaeimodel.
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Chapter6Rolo®p eRe €0 ndi ti on

This study focuseson the effect of rest time after full charge operation on the
degradation of graphiteiCoO, pouch batteriesinder four different temperatureRelation
between rest time arzhttery state of charge has been investigated teratashd how the rest
time plays a role in battery degradati@gh. capacity fade trend modeling analysis has been
conducted andpplied to theexperimental data ajraphitéLiCoO. pouch batteries fronfive

different manufacturers.
6.1 Experimental Design andétedure

A test matrix was designed to study the effects of open rest time after full charge on
graphite/LiCoQbattery capacity fade under four different ambiemperatures. Table 1 lists
the tests that were conducted. The open rest time duration®©wWer, 2 h, 6 h, 12 h, 24 h,

360 h. One float rest time condition of 240 h was also included

Except for the 360 h and 240 h (float) tests, all other testsibeddn Table6.1 involve
continuous cycling of Lion batteries under the specified stresstdrs. The cycling profile
includes charge and discharge operations. The charging operation was conducted using
constant current constant voltage (CCCV) standhedige algorithm. The battery was charged
using 0.8C constant charger&te up to the endf-charge voltage (4.¥), followed by the

t-op

using constant voltage charging until t

discharge operation was performasing 0.5C constant discharger&e until the enaf-
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discharge voltage of 3 V was reachBest times after discharge were kept constant at 0.17 h,

and rest times after charge were chosen as per Gdble

Table 6.1.Tests matrix.

Rest Time after Full Charge Characterization
Ambient 360 h 240 h Tests fo
Temperature 0.17h 2h 6h 12h 24 h (simulates (simulates Remarks Capacity
(°C) (open) (open) (open) (open) (open) open float Measurement
storage) storage)

25 X X Average of

35 X X X capacities of 5

45 X x x Group 13 full cycles in the

55 samples per beginning, 2 full

test case, test cycles at regular
conducted by intervals with
x x x battery 2nd cycle
manufacturers capacity
considered as tru
capacity

Average of
capacities b5
full cycles in the

Group 2- 2 beginning, 2 full
samples per cycles at regular
45 * * test case, test . y 'g
intervals with
conducted by
2nd cycle
the authors 4
capacity
considered as tru
capacity
45 + + + + Group 3- 2 1 full cycle in the

samples per beginning and at
test case, test regular intervis
conducted by

the authors

55 + +

The battery characterization testing was conducted at the beginning of the tests described in
Table6.1 to set up the baseline and intermediately between those tests for comparison with

baseline characteristics. Thiharacterization et i ng i ncluded the measur e
battery discharge capacity. This true valuedisicharge capacity was defined astandard

condition for comparison across different tests in Téllle Discharge capacity measurement

tests were conducted by cydli the battery at room temperature 28 °C) using a standard
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full charge/discharge cycle. The battery was charged @téb8stant current up to the eofd

charge voltage (4.¥), followed by constant voltage charging until the charging current
droppedbelow C/20. After 0.17 h of rest after the charging, the battery was discharged at 0.5C
constant current up to the enétdischarge voltage (8). After discharge, a 0.17 h rest period

was provided before charging the battery for the next cycle.
6.2 Resultsand Discussion

The results for commercial graphite/LiCop@ouch batteries from Manufacturer A are
presented in this sectioThese batteries have a minimum capacity of 2.72 Ah at the constant
discharge @ate of 0.2C and in the voltage range of 3 V to\.Zhe energy dispersive-iay
spectroscopy of the positive electrode indicates the presence of iron (Fe) as wellsmatkry
amounts (<1.5 weight%). The batteries have a stacked design for electrodes. The electrolyte
used in the batteries is proprigtand could not be determined. The separator is polymeric in
nature, with a coating of aluminum oxide £§85) on both sidesThe positive and negative

current collectors are made of aluminum (Al) and copper (Cu), respectively
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Figure 6.1. Variation of normalized discharge capacity with cycles for three different
temperatures at a fixed rest timie(a) 0.17 h, (b) 12 h, and (c) 24 h based on data from the

group 1.

The discharge capacity measured during the characterization testing was usestrasfarm

battery degradation. The results from the tests matrix (Tabjean be broken down into two
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parts: the effects of ambient temperature at constant rest timinamdfects of rest time at
constant ambient temperature. Fig@réshows the plat for normalized discharge capacities

vs the number of cycles at different temperatures and at three fixed rest times of 0.17 h, 12 h,
and 24 h, respectively. Normalized ahisrge capacity is defined as the ratio of a degraded
battery’ s ditsitsimitaldgecharge agpacity,i andyit decreases with the number
of cycles as the battery degradeghe figure, the error bars show the maximum and minimum
normalizeddischarge capacities among the three batteries (gjowhile the trend line shasv

the meanlt can be seen from the figure that temperature accelerates the rate of capacity fade
at all three abovenentioned rest times. As batteries are electrochemigsterss with
electrochemical side reactions such as electrolyte reduction at th&veeglectrode and
electrolyte oxidation at the positive electrode, it is expected that temperature should accelerate
the rate of these reactions consuming more activieititha measure of battery capacity. The

variations among degradation trends of 8dsées under the same conditions are limited.

Similarly, the effects of rest time on battery degradation at fixed temperatures can be studied
using Figure$.2and6.3. In the figure, an additional variable of the total number of days has
also been added the plots as the cycles with different rest time may not be comparable among
different tests due to the inclusion of long rest periods in conditions. Also, the inabdisien
number of days is required to understand the applicability of the resstiess factor for
accelerating the battery life testing. It is clear from Fig@&&a, c, e and6.3a, c that when
cycles are considered asaXis variables, the capacitgde rate increases and the number of
cycles to reach a predefined threshold dee®agnificantly (almost 11 times at %5for 80%
normalized discharge capacity threshold) with the increase in rest time after full charge.
However, the same data with dfekent X-axis variable of time (Figured.2b, d, f and6.3b)

paints a differentipture of the effects of rest time.
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25°C vs time, (c) at 35C vs cycles, (d) at 3% vs time, (e) at 58C vs cyces, and (f) at 55

°C vs time.

At 25 °C the batteries under 24 h show lesser capacity fade per day compared to that for 0.17
h test. At 35°C, batteries under the different rest timesvgla similar capacity fade per day

while those under 4%C and 55C show an accelerated capacity fade rate at 12 h and 24 h rest
conditions, leading to a roughly ofigird time reduction as compared to 0.17 h test samples
reaching 80% capacity. Hence nalimed discharge capacity vs time trends for different rest
times arestrongly affected by the temperature in terms of their relative positioning (capacity
fade rate). Some of the capacity fade trends at 12 h and 24 h continue to overlap even at elevated
temperature conditions of 48 and 55°C, suggesting that beyond adbkhold value, rest time

may not accelerate the degradation. These results raised the question if there was a lower value
of rest time that could provide the same acceleration as thetvelsfor 12 h and 24 h cases.

To answer this question, additionaltseat 2 h and 6 h rest periods (group 2) were added at 45

°C temperature.

Figure6.3a, b also shows additional trends at 2 h and 6 h rest periodS@t@&ly 2 samples

per test case @ve possible due to the limited availability of battery samples. dYites as the
X-variable, the capacity fade trends for 2 h and 6 h lie between those of 0.17 h and 12 h,
indicating a monotonic increase in capacity fade rate with increasing restfteaneharge.
However, by considering the time (days) as theaXiable one of the samples for the 6 h case
shows an overlapping trend with those for 12 h and 24 h cases, and the other overlaps with
those from the 2 h test case. Capacity fade trends rigplea from the 2 h rest period test lie
between those of samples fr@hl7 h and samples from 12 h rest period tests. Comparing the
time to reach 80% of initial capacity, there is a difference of roughly 10 days between the trends
at 2 h and those at 24rést period.
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The capacity fade acceleration with respect to timensee follow an asymptotic (limiting)
behavior as the rest time is increased up to 24 h. However, the data from group 1 and group 2
did not reveal whether this asymptotic behavior waddtinue even for longer rest durations

of the battery in fully chargkopen and float conditions. Hence, the tests under group 3 were
added for 360 h and 240 h (float) operations &5 ests for 0.17 h, 24 h at 46 and 55°C

were also added in thigage to prepare samples that could later be used for the investigation

of degradation mechanisms.
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Figure 6.3. Normalized discharge capacity vs a) and c) cycles, b) test time (days) for all the
tests (group 1 and group-2olid lines, goup 3- dashed lines) at 4%, and d) 360 h test
with slope lines indicating the possible capacity fade paths with constitythes of 15 days

open rest and 60 days open rest after full charge.

In the 240 h (float) test, batteries were first changgidg a CCCV profile up to 4M and then

left connected under constant voltage of M.during the entire test period excepr fihe
characterization cycles after every 10 days (240 h). In the 360 h test, batteries were initially
charged using a CCCV piitef of cycling tests up to 44 (C/20 charge cubff current) and

then left open during the rest period of 360rhorder to nake the 360 h test similar to open
storage operation, the batteries were charged after each characterization test only up to the
terminal voltage recorded immediately before starting that characterization test. For example,
if the terminal voltage droppddom 4.4 V to 4.31 V in the first 15 days (360 h), then after the
characterization test, the battery was charged only up tov4.B1CCCV charge profile with

C/100 charge cubff current was used to charge the batteries under 360 h test after the second
and later characterization tests. A lower chargeoffuicurrent of C/100 was chosen instead of

C/20 to minimize charge redisttition related voltage drop.

360 h and 240 h (float) tests have been shown in Figus& c with four and three
(characterizatio) cycles, respectively. With an-&xis of cycles, the 360 h test follows the
monotonically increasing relationship between citgdoss rate and rest time. However, with
an X-axis of time, the 360 h test exhibits the lowest capacity fade rate, andthgfshat) test
exhibits the highest capacity fade rate (Figbu@). All other cycling tests with various rest
periods lie inbetween these two tests in terms of capacity fade per day. In Bigard the

capacity loss trends for 0.17 h rest periosector group 1 and group 3 do not overlap. One of
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the reasons for this mismatch is an interruption of cycling f6rdays for QL7 h rest period

case for group 3, and hence the batteries remained in open storage condition for that duration,
resulting in he deceleration of the degradation process. Additionally, the differences in the
capacity loss trends for group 1 and groupr3fa7 h and 24 h rest period cases are expected
from the variations among samples and capacity characterization intervate¢bi@a, f and

6.3, b).

The 360 h test provides an interesting opportunity to study the effects of rest time after full
chargeon capacity fade trends. This test with a characterization test interval of 15 days can be
considered as a combination of cyglitests with 4 different rest periods of 15 days, 30 days,
45 days, and 60 days (Figusedd). It shows that beyond a certaialwe of rest time, capacity

fade per day decreases with the increase in the rest time. %& &5d 35°C, even 24 h rest
condiion shows lesser or similar capacity fade per day respectively compared to 0.17 h test
indicating that the rest time beyond whithe capacity fade per day starts to decrease is a

function of temperature.

6.2.1 Generalization Across Manufacturers

Pouch batterieBom 4 other manufacturers (B, C, D, and E) were cycled under test conditions
for group 1 in Tablé.1. Three samples were tedtunder each condition. The capacity fade
trends of batteries are presented in Figrdss.7. In each figure, the error baskiow the
maximum and minimum normalized discharge capacities among the three samples, while the
trend line shows the mean. Whilee batteries from these manufacturers are mostly based on
graphite/LiCoQelectrode chemistry, they may differ in terms of various inactive materials as
well as electrode additives. All these batteries are rated for theferidhrge voltage of 4.4 V.

They have minimum capacities of respectively 3.27 Ah, 4.41 Ah, 4.45 Ah, 4adMh. atthe

constant discharge-fate of 0.2C and in the voltage range of 3V to 4.4 V.
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Figures6.4-6.7 show that the capacity fade rate with respect to cycles increases abnost
linearly with the increase in rest time at all the three temperatutes.béitteries from
Manufacturers B and D show better capacity retention compared to those from Manufacturer
A at25°C, 35°C, and 45°C. However, the capacity fade rate is shaautgelerated &5 °C

for these manufacturers. The batteries from Manufactrexhibit better capacity retention
compared to those from Manufacturer A at°85 45°C, and 55°C. Data at 25C was not
available for this manufacturer. The batteries fromniacturer C have almost a similar

capacity fade behavior as those from Macturer A.

The batteries from different manufacturers show differences in the capacity fade rates of
individual tests55 °C temperature v85 °C temperature performances, whiake expected
given the inherent differences in their mostly inactive mdtedaad design. However, they
show consistent behavior in terms of effects of rest time on capacity fade rate at all four

temperatures, confirming the generalization of the resuitss study.
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Figure 6.4. Normalized discharge capacity vs cycles for Manufacturer B at 4,25 35
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Figure 6.5. Normalized discharge capacity vs cycles for Manufacturer C at 4,25 35

°C,c) 45°C, and d) 55C.
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Figure 6.6. Normalized discharge capacity vs cycles for Manufacturer D at & ,2%) 35

°C, ¢) 45°C, and d) 55C.
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Figure 6.7. Normalized discharge capacity vs cycles for Manufacturer E at @,3545°C,

and c) 55°C.

6.2.2 Rest Time and State of Charge

Increasing the rest time after full charge will affect the average SOC of battery during cycling.
Average SOC has been shown to affect the battery degradation in the litg3&1[#8]. In
order to understand the capacity fade behavior average, SO tale been calculated for

the batteries under different rest tibnased cycling conditions using the following equation:

Y68 —8 YO H&o (6.1)

where"Y0 Ois the average SOC, andi$ the test time for cycle n. SOC(t) is the battery SOC

at time t during the cycle n. SOC hagbestimated as follows:

LT Q01 NETE NG04 QR WHL QM y
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(6.2)

where I(t) is the magnitude of battery ant, and V(1) is the battery terminal voltage at time t.
Qqn is the chage capacity during cycle n. The time of the start of discharge during cycle n is
represented asdp. During the cycling tests (Tabel), rest after full discharge is fixed at 0.17
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h, and the SOC during this period is assumed to be zero. During the/dissgarge process,

the SOC has been calculated using standard Coulomb counting method. At the end of the
charge processdefined as a reduction in charge current up to C/20 during\thehase except

for the float test-the terminal voltage has been comsell as an approximation to oparcuit

voltage (OCV). A piecewise linear curve fit between GSUC test data (at 3C) above 80%

SOC is used for estimating approximate SOC durisgatter full charge operation.

In Equation 6.1), the integration terris also of interest as it represents SOC weighted total
time of each cycle and contain the information of the SOC vs time relation during the entire

cycle. It can be defined &allows:

O 5 . YO®&O "YU 62Y (6.3)

In orderto capture the entire SO time operation of batteries, the % ratio of total time spent

by batteries between a SOC range to the tetdirg time is plottedss different SOC ranges in

the increments of 5% between 0% and 100% SOC. F@8ishows that distributions of time

over SOC ranges follow similar shapes, with the mode occurring in thel®8% SOC range

for all the tests excephe 360h test. While Figurd®.8 has been drawn using the raw data of
one of the samples for each test condition, other tested samples under same rest time condition
also show closely similar profiles. The % of time spent in the-28%8%6 SOC range increase

as the rest time is increased from 0.17 h (~17%) to 24 h (~88%). However, the batteries under
360 h test did not follow this increasing trend and spent roughly equal % of time in the 95%
100% SOC range as by those under 0.17 h rest condition. The nrodgeftstorage test
occurred in the 90995% SOC range. The batteries under 360 h test s{f®%o less time in

the 95%100% SOC range compared to those under 24 h rest condition. This distribution of
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time over SOC ranges presents an interesting overvidwwfthe combination of rest time
and number of cycles can be used to increase or decrease the exposure of battery to high SOC

region.

Figure6.8 also shows average SOC and SOC weighted total dywée toc, parameters for

the first cycle. It was obsergethat the average SOC mostly increases with the number of
cycles, however, the change remains less than 5% for all the cycling tests during the entire
testing. For a given rest time condition, themge SOC values for all the samples remain
within 2% acoss all the temperatures. Equati@®2] does not define the average SOC for
batteries under float tests as they continue to charge beyond the C/20 charffi¢hceshold

used as a marker for 1008©C.Average SOC increases with an increase in thdainastafter

full charge condition. The 0.17 h test case has the lowest average SOC of ~53%, and the 24 h
test case has an average SOC of ~92%. However, the difference between the average SOC
values 0f24 h rest condition and 360 h (open storage) condiidess than 1% despite a large

difference in rest periods after full charge.

Contrary to the variation in average SOC with cycles, SOC weighted total cycle time remains
almost constant over cycle®ver cycles as the battery degrades, average SOC paramete
increases due to longer constant voltage phase and cycle tirtieguation (3)), decreases
keeping the value oféc nnearly constant. Value of SOC weighted total cycle time also remains
constantacross different battery samples and temperatures dogsaime rest time condition.
Hence this parameter can be tied to specific open rest duration and used to explain the effects

of open rest time condition.

Figure 6.8 also provides interesting insight&t whether cycles are playing any role in the
degradationBatteries under 360 h test spent 100% of their time above 90%, while this % goes
down to ~249% for batteries under 0.17 h rest condition Since exposure to higher SOC for longer
durations promote merdegradation, the 360 h test is expected to have higipacity fade
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rate compared to the 0.17 h rest test. Still, the batteries under 0.17 h rest condition show higher
capacity fade rate in Figu® 3o compared to that under 360 h test confirming the ob

number of cycles in the degradation of batterieden®.17 h rest condition. Chardescharge
operations resulted into the temperature rise of the batteries ufCGaafove the ambient

temperature during each cycle.
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Figure 6.8. Distribution of time over different SOC rargm the increments of 5% for tests

with rest times of a) 0.17 h, b) 2 h, ¢) 6 h, d) 12 h, e) 24 h, and f) 836061C.

6.3 Capacity Fade Trend Modeling

In the cycle testing of batteries with different ambient temperatures and rest times, the capacity

fade data can be plotted either in terms of the number of cycles or test time (days). However,

the number of cycles is more relevant from the perspectivdeigirmining the mechanical

degradation in the batteries. Based on the observation of all normakobddje capacitys

cycles plots (Figure6.2and6.3), the batteries do not exhibit a tvetage degradation process

with a clear knee poifB5]. Rather, their capacity loss shows an appnately linear trend

with cycles suggesting a constant degradati on

curve fit for the capacity fade datarcbe considered as follows:

<

[ (6.4)
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whereGi s the initial capacity (Ah), AC is the caj
n is the number of cycles. If the hypothesis of constant degradation rate is trugstuend

be close to 1. Mechanical degradation sastparticle cracking, iresent, or interface layer
cracking is expected to promote further chemical degradation in the form of-eeaati®n
between the electrodes and electrolyte. The constant degradatian catepe considered as

the measure ofhemical degradation inaeh cycle, which should be a function of ambient
temperatureT, and battery SOC during the cycle and the-qyete time parameters. The
expected chemical degradation mechanisms including SEI layer formation on the negative
electrale and cobalt dissolutioon the positive electrode at high voltages (4.3/9/Li)
operationf23] are electrochmical in nature and can be represented by exponential dependency
between the degradation rabeand the reciprocal of the ambient temperatiireln order to
capture the entire SOC vs time relation, SOC weighted total cycle sagcan be used. A

linear relationship between capacity fade and average SOC has been sugg@&ktbin

graphite— LiCoO; batteries and the capacity fade with time is also close to linear in Figures

6.2and6.3 Hence I n(y) can be modeled using a | inec
T w - ad 10 | (6.5)
i1 o - éio » di: (6.6

Sincetest matrix(Table 6.1)was conducted at different points in time, on probably different
lots, and by usig different characterization intervals and hence the battery degradation
observations for a given test may have some caioaldetween them. A random intercept

model was chosen, where model paramateould vary across different tests considering
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varigions in capacity measurements, ambient temperatures, and batteries. The random

intercept model can be described as follows:

O 1 — a0 fp | d 1 Q (6.7)

whereA G is the capacity loss for jth baty in the ith test; is the testrandomeffect for
intercept;ande; is theindividual batteryresidual.r; ande; areindependenof eachother.The
float test data was not used for fitting as SOC could not be defined as per Egbid)ionhe
valueof tsoc nparameter remains nearly constant over cycles for a givetimescondition and
hence this constant value representeggyparameter for all the samples under same rest time
condition was used for the model fittingsing random intercept mdel across test number
variable, i, following equation foy ¢ a n ainecwheréithe fixed effect of intercepthas

been shown:

i p@dc —2 mael i pgrai 1& (6.8)

X TUREX

[

[ p® T pTZ O 8 zA@D

The random intercept model candit the experimental data well (adjusteti-R0.98) for the

cycling and open storage t eis[0.86,050hwdch&®és% conf i d
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not include 0 indicating the statistical significance of random effect term. Figlicompares

fitted curves (dashed lines) vs test data (solid lines). It can be observed that model fitting results
in a value of parameterclose to 1, confirmig the constant degradation rats.per[41], [42],

the constant degradation rate can emanate from kinetically limited electrochaegication
mechanisms including SEI layer formation and cobalt dissolution. Hence the model also
provides ertain inference on the nature of mechanisms in the batteries. Value of patameter

becomes slightly less compared to the linear (b = 1) relatiggested ifi36].

Characterization cycles, which have same profile as 0.17 h test, were not counted for the model

fit as they were conducted at room temperature and would result in negligible degrada

Number of characterization cycles in any of the tests did not e achich would translate

to less than 1% degradation (capacity fade at 30 cycles und€; B517 h test in Figure 4a).

In 360 h test, 4 characterization cycles would translat®tb5% of capacity fade. In 360 h

test, battery voltage continues to dfopthe entire testing of 60 days similar to an open storage

test resulting in varying degradation rate between each characterization interval of 360 h. Hence

while fitting the modg 360 h test has been considered as one cycle test with 60 days of rest

time after full charge consi der i pthroughoutther er age ¢

test.

The mean equation of the random intercept degradation model described in E@uBYibag

been used to fit the mean (3 samples) capacity fade data frohitgfiaiCoO, batteries from

the four manufacturers. While fitting a constant degradation rate has been assumed by fixing

the value of o equ6Et,d ead”fprovidédidécentadjestedflues ( Fi gur e
of 0.70, 0.96, 0.86, 0.96, indicag good generalization capabilities of model across

commercial batteries from different manufacturers.
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(--- lines) trends. a) Manufacturer A all tests using random intercept model (Equation (8)), b)
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Manufacturer Dand (f)Manufacture E.

6.4  Implications of Test Results

The results from this study prove that the rest time after charge affects the graphite/LiCoO
battery capacity fade rate and the effects of rest time are a function of temperature. Considering
the widescale applicabity of graphite/LiCoQ batteries especially in portable electronic
devices like smartphones and laptops, the results are sighfficahe development of battery
management system algorithms and the accelerated battery qualification test programs.
Capaciy fade trends from this study also highlight the rapid capacity fade ofcstie-art

4.4 V endof-charge voltage rated commiaicgraphite/LiCoQ batteries. Figur®.2b shows

that if these batteries are used in an electronic device and are kepiCatd25an open rest
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duration of 24 h after full charge, they will lose ~9% of their capacity in less than 4 months. At
35 °C, anotler reasonably expected operating temperature for portable devices, this capacity
loss can rise to ~20%. Even for the bestqrenfing batteries from Manufacturers B and D, the
capacity loss at 38C, 24 h condition is ~10% in just 4 months. As more and rportable
electronic device manufacturers adopt these batteries due to their higher energy density, the
long-term performancelegradation of these batteries still cannot match with the expected

usage life of the devices.

From battery management algorithm design point of view, the results show that the user
behavior of keeping the electronic devices connected to charger foruecagpds such as 24

h will not accelerate the degradation of the batteries compared to uagidbati immediately
removing the electronic device from charger after the battery is fully charged as long as the
devices are being operated close td@5- 35 °C temperature range. However, if the devices

are kept pluggeth to charger for long duratienat elevated temperatures such aSGor

higher, then the battery degradation rate will increase. These elevated temperature conditions
can occur in portabléevices due to the internal electronics heating or in vehicles being charged
outside in the ddight. Hence the battery management algorithm will have to allow the
discharge of batteries to some extent even while pluggsallimit the exposure of battety

high SOC regions (Figur6é.8) for long durations.

Accelerated battery qualification tegliis used to reduce the testing time and is of great value

to the industry in the continually shrinking product development cycle. The results from this
study slow that open rest time condition can be used to accelerate the capacity fade rate of
batteriesWhile the increase in open rest time after full charge always reduced the number of
cycles to reach a threshold capacity loss, its effects on reduction itimestvere only
observable at elevated temperatures of@and 55°C. The open rest time of 24after full

charge can reduce the test time by more than a month compared to 0.17 h rest tit@e At 45
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55 °C, 24 h rest condition can cause the capacityratiation up to 20% in just 20 days

significantly reducing the testing time.

The study also adfirmed the applicability of temperature and float condition to accelerate the
battery testing. Using model Equatidhg), acceleration factors correspondingamperature

and rest time can be determined. Since batteries from all the manufacturersctmilstant
capacity fade rate with respect to cycl es

calculating the rati o dréssamdijonsaad fallowison r at e,

50 — AgPxmm®x — — (6.9)

50 — i (6.10)

where AF represents the acceleration factderms of reduction in number of cycles amnd

andb subscripts refer to accelerated and norfbate)evels of stress
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Chapter7Fai |l ure Anal ysi s

Failure analysis afell samples conducted to understand the effects of rest time
on degradation mechanismalysis included ifferential voltage analysis otifi cell
to nonrdestructively infer thendividual electrodelegradation causgsell disassembly,
X-ray diffraction (XRD) to understand electrode structural degradation and to identify
nature of possible surface depositions, scanning electron microiBp) (o inspect
surface morphologies of electles, and energy dispersiverXy spectroscopy (EDX)

to identify elemental composition of electrgdand surface deposits.
7.1  Differential Voltage Analysis

Differential voltage analysis has been used in the literature to identify degradation mechanisms
in Li-ion batteries nowlestructively{64]-{68]. This analysis utilizes OCG® curves to obtain
dv/dQcurves, which are chasterized by the Yaxis ofdvV/dQand the Xaxis of Q, capacity

(Ah). dVv/dQcurves show peaks associated with phase transition in electrode materials as a
function of state of lithiation of electrod¢85]. As the battery degrades, features such as
location of the peaks, distance between the peaks, intenghg peaks, and presence of the
peaks can be used to identify degradation mechanisms associatee withwidual electrodes

of the battery.
For a full cell,dv/dQcurve can be described by the following equation:
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— —8— —8— (7.0

where V is the opeunircuit voltage of the full cell (volts), Q is the full battery capacity (Ah),
m, is the activamass (g), Yis the potential (volts) and, & the specific capacityA\hg?) of the
positive electrode, mis the active mass (g),.\fs the potential (volts) and,ds the specific
capacity (Ahg) of the negative electrode. In order to prevent the émibe of impedance on

the voltage curve features and obtain a good approximation to OCV of the cell, charge and
discharge currents of the order of C/20 or lower have been recommigidefc7], [68].
However, the masurement data at slow charge/discharge rates is very apni hence
smoothing operation is required to obtain clear features/peaks divth®curves[65], [69].

In this study, thelV/dQcurves have been obtained from the charging voltage curves with 1 Hz
of sampling frequency, and tlsenoothing was conducted using the method proposgE®jn
which combines the moving average method with the Gaussian filter. ZEsea§ithe moving
average window and Gaussian filter wimdwere chosen as 1500 and 500, respectively, based
on a triatand-error method to prevent lack of clarity of features (urgieoothing) and loss of

features (ovesmoothing).
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Figure 7.2 dV/dQcurves for samples under + and * tests at@&ising C/20 and C/10
charge data, respectively: (a) 10 minuteample 1, (b) 10 minutessample 2, (c) 24 hour
sample 1, (d) 24 hoursample 2, (e2 hour- sample 1, (fg hour- sample 2, (g hour-
sample 1, (hp hour- sample 2, (iB60 h—sample 1, (jB60 h—sample 2, (k40 h (float}-

sample 1, (IR40 h (float)storage- sample 2.
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Due to the wide applicability of graphite/LiCe®@atteries the dV/dQ curves of individual

electrodes (half cells) are easily available in the literafa#é, [68] and can be used to

understand thdV/dQcurves of the full cells employed in this studye dVv/dQ curve of full

cell shows three distinct peaks (A, A, C) in addition to the start of charge process (A) and end

of charge (C) as shown in FigureL.  * A’ refers to peaks or featur e
negati ve el ect r eatliresssociaded with the catkoflecor positivecelectrode.

The distance between these peaks/features represemggdnydzin Figure 7.1can indicate

the individual electrode capacity loss and gigactions[67]. The distancex between two

farthest peaks/ features ‘A’ represents the neg
distancez between tw ‘° C ked peaks/features represents the positive electrode (LjCoO
capacity. The distanceb et ween ' A’ and *C’ mar ked peaks/ fe

shifting of the voltage curves of the two electrodes and indicates capacity loss due to side
reactions.These three distances can be used to compare fresh and degraded electrodes under

different rest time conditions.

Figures 7.2 and 7 $how thedV/dQcurves of batteries under + and * tests at the beginning and

at the end of the testing to study thatterydegradation mechanisms except 240 h (float)

test for which the initial data was not collected due to a human error. The end of the testing has

been decided based on 60 days of testing or drop to roughly 80% of initial capacity at C/2

dischar@ rate fo at least 1 sample, whichever occurred earlier. While C/20 has been used for
obtaining the charge curves for bwasusedfori es unde
2 tests cases planming ercbrAlhigher'charge cdrog ean t@d to shift in

peak positions due to the impedance effects as well as to the loss of some features. However,

C/10 charge curve can still provide some useful featureb/élQ curve after the application

of smoothing method69] with a smaller window size/s (moving average windew50,

Gaussian filter window- 500) compared to that used for the C/20 charge curves.
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Figure 7.3. dV/dQcurves for samples under + tests abGhising C/20 charge data: (a) 10

minutes- sample 1, (b) 10 minutesample 2, (c) 24 hoursample 1, (d) 24 hoursample 2.

Figures 7.4 and 7.6ompare the average (2 samples) reductions in detangandz per day
for different tests. These redians have been normalized with respect to time considering the

differences in the total test durations among the tests (Table 2). The bar heights irv Bigure
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cannot be compared with those in Figdredue to the differences in ther@tes used to obtai

OCV-Q curves for. It can be observed that for 0.17 h rest and 360 h tests chadggdnce

is roughly zero indicating no significant active material loss on the positive electrode. However,
the ative material loss of positive electrode was higherrést duration of 24 h and 240 h
(float). While batteries under 24 h test are charged back to 4.4 V after just 24 h of rest and a
full cycle, the 240 h (float) test always maintains the battery velégl.4 V. Hence longer
exposure to high state of clyar regions (close to 4.4 V) accelerated the positive electrode
degradation. 360 h test despite having a longer rest duration allowed the battery voltage to drop
during the entire testing similar to apen storage test and thus minimizing the damage to the
positive electrode. For all the tests excep@50.17 h rest reduction in thedistance was
highest suggesting the battery degradation was dominated by the active material loss of the
negative eletrode. This loss of active material of the negatieetedbde was increased by 24 h

rest, floatcondition,and higher temperature of 6.

The shift in electrode balancing changing the active lithium ion inventory (reductign in
distance) was observatthe all the test cases. 45, 2 h and 6 h tests akited a reduction in

all three distances indicating active material loss in both the electrodes and shift in the electrode
balancing. For these two tests as well the battery degradation was dorbindtednegative

electrode active material loss.
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7.2  Disassemblyrocedure

Battery disassembly was conducted to prepare electrode samples for the XRD, SEM and EDX
analysis. Before the disassembly, the batteries were discharged at room temf@satiBe

°C) up to their manufacturer specified eofddischarge voltagef® V using the 0.5C discharge
current. The discharge process was conducted to reduce the energy stored in the battery and
prevent any hazardous situation such as thermal runaway during the disassembly procedure.
After the discharge process batteries wienserred to an Argon filled glovebox with
regulated oxygen (< 3 ppm) and moisture (< 0.5 ppm) content to prevent any reactions of
lithium metal and electrolyte salt. Glovebox also adds an extra layer of safety between the

operator and the battery duritige dsassembly process.

The batteries used in this study were pouch batteries with soft polymeric outer jacket (casing)
which can be easily cut by a scissor. On the side of the pouch batteries, this jacket contains
extra loose material and a seam whaeepgoymeric jacket is vacuurheatsealed during the

battery manufacturing process. This loose jacket area on one of the sides of the battery was cut
using a scissor to open the outer jacket. The jacket was carefully removed to expose the
electrode stackfdattery wrapped in the separator. This battery had a stack design of electrode
with 15 separate pieces of each negative and positive electrodes coated with active material on
both the sides. The positive and negative electrodes were arranged in aftesiiatewith

separator providing the insulation between them.

Once the electrode stack wrapped in the separator was taken out of the outer jacket, the
separator sheet was unrolled to obtain the negative electrode and the positive electrode pieces.
While removing the separator, caution should be taken to use minimum force to prevent the

transfer of material from electrodes to separator or vice vBraall pieces (~2 cm x 2 cm,
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roughly the size of a penny) of both the negative and positive electrodeswiaerd from

different locations inside the battery and were used for the XRD, SEM and EDX analysis.

7.3  X-ray Diffraction Technique

Electrode pieces from disassembled samples were scanned unagrdXfraction (XRD)

machine A Bruker D8 Advancexay powcer diffractometer with a LynxEye position sensitive

detector was used for these measurements. Theay sour ce wasray@aubeCuKa sea
with a wavelength of 1.5406 A. Each scan was freh® 2 0 , with a 0.02 step
time per step with no ration of sample. Rietveld refinements were carried out using Bruker

TOPAS software XRD is a useful tool for studying the bulk electrode degradation and

identifying damage to electrode crystal structure and presence of amorphous or crystalline films

on top of tke electrodes. XRD analysis confirmed that the negative electrode was graphite with

P63/mmc structure and positive electrode was LiGweith Rom hexagonal structure.

Figure 7.6 shows the spectra for the electrodes from fresh and degraded sdfmgdbshee

refers to the samples from as received” Dbatte
had been stored for probably months (~3.77 V) without any chdisgharge operatiorOn

negative electrode, peaks corresponding to graphite and copper currestocolvere

observed. On the positive electrode peaks corresponding to kEwOALO; were observed.

Al,Os was observed on top of most of the positive electrode and posaibly from the AlO3

coated separator side facing the positive electrode. lard=ig.6¢c, d, g, h, k and I, peaks

corresponding to graphite and LiCp@ave been zoomed to understand the effects of

degradation on electrode active materials. It is clean fFigure7.6 c, g and k that the peaks

for graphite in fresh and degraded s#aspie at the same angle indicate no changes in crystal

symmetry. However, the intensity of the peak decreases possibly due to the deposits on top of

the negative electrode. rigie no new peaks were observed in the XRD diffractograms of
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degraded negativdeetrodes except for the one from 45 24 h test, the deposits are possibly
made of amorphous materials. The extra peak in the negative electrode sampleftoi2445

h testdid not match with any compound in the XRD software database.

On the positive lectrode side, the changes in the LiGgi@ak are characterized by both the
reduction in intensity and shift for degraded samples (Figure 7.6 d, h afidel)xeduced
intensity indicates the possibility of interfacial reaction products on the positiveoele@s

well. Rietveld refinements were additionally used to quantify damage in terms of lattice
parameters and confirm if the peaks were able to fit gvitiphite and LiCo@lattice structure.

In hexagonal crystal structures ompndc lattice constats are defined. For graphite negative
electrodea andc parameters for degraded cells do not change significantly from those of fresh
cell and remain witim  0.01 range. FoLiCoO;, positive electrode, parametarremains
roughly constant, however thesea discernible change in thgparameter which corresponds

to interlayer distance in tHaCoO- structure. The degraded sample showed increase m the
paameter as compared to that in the fresh samples (Figgrand increase is highest at 55
°C, 24h est case. However, this increase may be associated with the lesser lithium[2&8htent

in the degraded positive electrode even in the discharge state (0.5C discharge to 3 V) due to

the impedace related polarization.
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7.4  Scanning Electron MicroscopyEnegy Dispersive Xray Spectroscopy

This study uses the secondary electron modeEdfl $1 combination with EDX, to identify
changes in the surface morphologies and elemental compositions of degraded electrodes
compared to that of fresh (as received) samplfter the battery disassembly, 2 pieces (~2 cm

x 2 cm, roughly the size of a penmf each electrode from 2 different locations inside the
battery were cut out and observed under SEM and EDX. Since only negative electrode samples
of degraded batteries @lved variations in surface morphologies compared to fresh one, 1
whole negative elctrode piece (~7.1 cm x 3.8 cm) from the electrode stack of the degraded
batteries was taken out and observed thoroughly in all directions at more than 10 locations

under tle SEM.

SEM images of the negative electrode of the fresh battery show grappltitdes (Figure 7.8a,

b). Brighter fine particles were observed on top of the darker graphite particles (Figure 7.8b),
which also showed presence of aluminium (Al) in EBXcomparison of these particles with

the SEM images of the separator (Figtn® showed their resemblance with the@d coating

of the separator indicating the transfer of coating particles to the negative electrode. While a
great care was taken to separate the negative electrode and separator, it is not clear if this
transfer of oating particles occurred before or dgrite disassembly. The EDX spectrum of
negative electrode (Figure 7.8c) showed the presence of carbon (C), oxygen (O), copper (Cu),

fluorine (F), phosphorous (P), sulfur (S), and aluminium (Al).
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Figure 7.8 a) and b) SEM images of negative electrode samples and c) EDX spectrum of

negative electrode sample from a fresh battery.
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Figure 7.9. An SEM image of the separator showing the areas with and without e Al

coating.

Figures7.10-7.12show the SEI images of negative electrodes from degraded batteries under
different test conditions. The brighter particles on top of the relatively darker graphite particles
indicate the deposits. Within a given SEM image, a multiple point EDX spectrum analysis
reveded the presence of aluminium in the brighter particle deposits. A major difference from
the fresh samples lied in the level of coverage of these deposits and lack of visibility of clear
separation of graphite particles on the degraded negative electiddespproximate
guantitative analysis in terms of the percentage of negative electrode SEM images where the
brighter deposits were distributed over more than 50% of the area of the image showed that
this percentage increased from 38% to 83% on incredsinigst time from 0.17 h to 24 h and

from 0% to 100% between 360 h to 240 h (float) condition af@5These changes in
percentage correlate well with the negative electrode active material loss for the corresponding
test in differential voltage analysiesults. The deposits can hinder the diffusion paths of
lithium ions into the graphite rendering sonfehe graphite material as inactive and causing

the active material loss.

EDX detected the same chemical elements (C, O, Cu, Al, P, F, and S) on ddgthded
negative electrode samples as those detected for the fresh one except for one new element of
cobalt (Co). The only source of cobalt in the battery is the positive electrode, and hence the
results confirm the interfacial reactions between eleggaind positive electrode, dissolution

of cobalt from the positive electrode, and transport of cotmalthe negative electrode.
Irrespective of the duration of the rest time after full charge all the degraded samples observed
the cobalt dissolutiomigration-deposition process. It has been shown in the literature that
transition metals like manganese (Mian transfer to the negative electrode, disrupt the SEI

layer, and aid in the thickening of deposits on the negative electrode leading to rapid capacity
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fade of graphitg18]. Hence the interfacial reaction on positive electrodd alectrolyte
interface are also further promoting the degradation of the negative electrode, which provides
a possible explanation for the differentaltage analysis results showing the higher capacity
fade of graphite negative electrode comparetidaodf the LiCoQ positive electrode in all the

degraded samples.

Figure 7.10 SEM images of negative electrode samples from argatisted under a, b) 0.17 h, c), d)
24 h at 53C.
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Figure 7.11 SEM images of negative electrode samples from a battery tested under a, b) 0.17 h, c, d)
2h,e,f)6h,g,h)24 hat46.
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Figure 7.12 SBM images of negative electrode samples from a battery tested under a, b) 360 h and c,
d) 240 h (float) at 45C.

Figure 7.13 shows SEM images and EDX spectrums of positive electrode samples from fresh
batteries. The ADsresidue was found on manytbepositive electrode surfaces with particles
similar to the coating of the separator (Figdr8). The EDX spectrum of positive electrode
showed the presence of carbon (C), oxygen (O), cobalt (Co), iron (Fe), aluminium (Al), and
phosphorous (P). Iron wasesent in a very small quantifg1.5 weight%) andvas possibly

used for stabilizing the higholtage operation of LiCo£

Figures 7.14 shows SEM images of the degraded positive electrode samples from the batteries
under different rest conditions. Theras no sign of surface degradation, cracks, or surface
deposits on any of the degraded positive electrode. The surfaces with fDJl gerticle

coverings showed neither LiCe@articles nor any relevant degradation information and hence
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their SEM imageshawe not beenadded hereThe EDX spectrums of degraded positive
electrode samples did not show any new elements compared with those on the fresh positive

electrode samples.

Figure 7.13 a, b) SEM images of positive electrode samplescal EDX spectrum of

positive electrode samples for fre(sts receivedpattery.
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Figure 7.14 SEM images of positive electrode samples from batteries tested und€i) 55
0.17 h, b) 58C, 24 h, c) 45C, 0.17 h, d) B°C, 24 h, e) 45C, 2 h, f) 45°C, 6 h, g) 45C,

360 h, and h) 48C, 240 h (float) test conditions.
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Chapter8Concl usi ons

This dissertdion presents a lonterm degradation study on graphite/LiCoO
commercial pouch batteries to determine the effects of opetimesafter full charge on the
capacity fade at four different ambient temperatures’@535°C, 45°C, and 55°C). The
results showed that capacity fade per cycle increased monotonididlyher increase in the
rest time after full charge during theargedischarge cycling. Increase in the rest time from
0.17 h to 24 h reduced the number of cycles to reach 80% capacity by at least a factor of ~6 at
all the tested temperatures above’@5However, the capacity fade per day (time), a critical
metric fa accelerated battery testing, did not monotonically increase with the increase in the
rest time. At 25°C, the batteries under 0.17 h and 24 h rest conditions showed negligible
difference intheir capacity loss after 60 days and af@5batteries undeéd.17 h rest showed

at least 5% more capacity loss compared to batteries under 360 h rest after 60 days.

An investigation into SOC vs time profiles of batteries under different rest timeticosdi
revealed that an optimal combination of number of cycle$ rest time can prolong the
exposure of batteries to high SOCs causing more capacity fade. While the batteries with shorter
rest duration of 0.17 h underwent more cycles, they spent onlyol #t time in 95%100%

SOC range, which is shorter comparethat (~88%) of batteries under 24 h tests. The batteries
under 360 h test with just 4 characterization cycles, a test simuihd) also spent only

~18% of time in the 959400% SOC rangidicating that longer rest duration at the cost of

fewer cyclewill not prolong exposure to high SOCs.
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The capacity fade had a |linear relationshi

representing the degr ad asfittedas a functioread tenfiperaturec | e .

(exponential) and SOC wditgd total cycle time (power law), a parameter used to describe
SOC vs time relation for a given rest time. This model equation was able to describe the

experimental data of graphite/LiCeldteries from 5 different manufacturers.

This study utilizes restime after full charge as an operational parameter to establish a
connection between battery continuous cycling (0.17 h) 3@t h operations (360 h) and
associated battery capacity fadeal#fo highlights the performance limitations (~10% capacity
lossat 35°C, 24 h condition in 4 months) the statethe-art 4.4 V enebf-charge voltage rated
commercial batteries. The implications of this work are pertinent for both the smart battery
charghng algorithms and battery accelerated test planning. The stedysshat keeping the
devices pluggedh to charger for long durations such as 24 h will reduce the battery life
compared to removing and using the devices immediately after full charge tmyedevated
temperatures such as 45 or above. However, thitrend will reverse if pluggeith time is
continued to increase. More investigation and experimentations with rest durations
intermediate to 24 h and 360 h will be required to determineetktetime where this trend
reversal takes place. Additionally wbuld also be valuable to study the role of rest time after
different charg states (<100% SOC) to answer if the accelerating effects of rest periods on
capacity fade at elevated temperatlican be completely eliminated using a deratedoénd

charge cadition.

Degradation mechanisms of graphite/LiGdfatteries were investigated using three different
technigues. Differential voltage analysis of batteries and a comparison of peak shiftsethdi

the degradation mechanisms were shift in electrode balmaeid active material loss of the
electrodes. The battery degradation was dominated by the graphite negative electrode active

material loss for all the tests except for the 0.17 h rest &€ 4#here capacity loss based on
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the shift in electrode balancingas more dominant. The LiCe(ositive electrode active
material loss was increased by extending the rest time from 0.17 h to 24 h and raising the
temperature. The float condition also accatied the positive electrode active material loss,

while the 36(h condition representings0 hbehavior had a negligible effect.

X-ray diffraction analysis of the degraded electrode samples showed that the peak intensities
decreased with respect to theafs for fresh electrode samples indicating the presence of
amoiphous deposits. Scanning electron microscopy images showed major surface
modifications of only the negative electrodes from degraded batteries. These surface
modifications/deteriorations weneore pronounced longer rest durations than 0.17 h, and float
conditions. Energy dispersive -Kay spectroscopy analysis detected cobalt on the negative
electrodes of all the degraded (tested) batteries, confirming the loss of cobalt from the positive
electiode and its transport to the negative electrode. Aluminum veas adserved in the

deposits on top of the negative electrode.

The results from this study confirmed that there was no observable mechanical degradation in
the form of surface and bulk eleat particle cracks and the performance of the batteries
degradedhrough chemical degradation mechanisms. Interfacial reactions between electrolyte
and positive electrode not only resulted in the loss of its capacity in most degraded batteries
but also ledo the dissolution of cobalt, which further migrated to theatigg electrode and
possibly played a role in the surface deposits and higher capacity loss of the negative electrode
compared to the positive electrode in all the degraded batteries. Presahaminum in the

surface deposits of the negative electradéses a question on the stability ot@4 separator

coating especially at high potentials and will require additional investigation.
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