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Since its commercialization in 1991, the rechargeable Li-ion battery has revolutionized
how we live, work, and communicate. Further, rapidly declining costs have enabled the ongoing
electrification of heavy industry, from automotive to power utilities and even aviation. Despite
these important advances, reaching the targets required to minimize the effects of climate change
requires improvements to battery technology across all levels of research and development —
from basic materials chemistry to optimizations in manufacturing and operations in the field.

This work represents a cross-cutting effort that spans the breadth of this range. In the
experimental portion, the fundamental electrochemistry of magnesium was studied in the context
of developing new positive and negative electrode materials for magnesium batteries. In

particular, we show how considering the system as two interfaces (cathode-electrolyte and



anode-electrolyte) rather than three components (cathode, anode, and electrolyte) helps explain
some of the nuances of magnesium compared to lithium electrochemistry. In the second part of
this work, we address applied problems in the growing field of battery data science and analytics.
We develop software tools and models for industry-relevant problems in basic battery data
management, cell lifetime forecasting and validation, and specific applications in electric
aviation.

Magnesium batteries represent a compelling candidate for the next generation of battery
chemistries. It offers the prospect of safer operation at lower costs to manufacture and ~60%
greater energy density compared to Li-ion batteries. However, many problems at the anode-
electrolyte and cathode-electrolyte interfaces need to be resolved. Many electrolytes passivate
magnesium metal and are oxidized at the cathode, and the nature of the kinetics (both reaction
and diffusion) is unclear. In the two main prongs of this section of this work we propose 1) a
coating that provides kinetic stability to the anode, and 2) an electrochemical protocol for
studying magnesium cathode materials with greater clarity and reliability. Together we believe
these approaches may be married to each other to develop a robust, high-energy magnesium
battery based on a magnesium metal anode and a metal oxide cathode.

We also explore battery data science as it applies to the new electric aviation industry. There
are three main contributions. First, we report a user-friendly software environment for battery
data science. It is designed to streamline data management, data cleaning, and data analysis to
help bridge the gap between the domain expertise of most battery scientists and the tools needed
as the field becomes increasingly data intensive. Second, we use a neural network model to
extend state-of-the-art cell cycle life predictions to include a wider range of datasets and testing

conditions, such as C-rate, cell chemistry, and temperature. Third, we train an outlier detection



algorithm to rapidly identify weak cell blocks in an electric aircraft battery pack. This is
significant in that identifying weak cells helps determine the remaining useful life in a battery
system, which is of utmost importance for flight operators. Each of these constitute pieces of an
effort that is oriented toward developing standard operating procedures for battery safety,

performance, and maintenance for electric aviation.
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Chapter 1. Introduction

1.1. The Need for Energy Storage
Energy storage is the bottleneck that limits technologies at all scales. From biomedical

implants® and portable electronics? to electric vehicles®> and grid-scale storage of renewables,®®
battery storage is often the biggest cost and design limitation.

Future battery advances and economies of scale will help scrub CO2 emissions from
transportation and the grid. Economical energy storage lets battery-powered electric vehicles
replace internal combustion engines in the transportation sector, which now accounts for the
plurality of CO2 emissions in the USA (~34% through March 2016).° Despite concerns about
coal powering electric vehicles,'%! better batteries will in fact compound the environmental
benefits as storage helps renewables supplant coal and other fossil-fuel power plants.*22

For grid-scale applications, the benefits of adding storage are many and well documented.*41°
Beyond increased penetration of intermittent renewable generation, batteries’ fast response times
(seconds) and relatively long discharge time (hours) make them viable for applications across
many time scales.'® Storage helps with frequency regulation, which balances generation and load
in real-time and increases grid reliability.!” On the scale of minutes and hours, storage also
supplies previously stored power during times of high demand and mitigates the need for
additional installed capacity on the grid. Over the long term, reducing the load allows utilities to
avoid the cost of new substations and transmission lines.'® Not all applications are mutually
compatible,* but they can still be combined to match the needs of different actors and locations
and fundamentally transform the grid.®-?2

The relevant metric for life-cycle analyses of these larger-scale applications is the cost. The
demands on energy, power, lifetime and safety characteristics will vary between storage

applications, but the battery system will not be installed in the absence of a strong value



proposition. A sophisticated technoeconomic analysis has many considerations to address.?%’

However, as a reasonable approximation, the levelized cost of electricity (LCOE, in $/kWh-
cycle) is as follows: %

C
E-n-p

LCOE =

1)

Here, C is the total cost of the storage system, including both capital and operating costs, per
unit mass (or volume), E is the energy density per unit mass (or volume) of the device at the pack
level, n is the lifetime of the battery measured in cycles and 7 is the roundtrip energy efficiency.
This formula clarifies the main goals of battery scientists and engineers. Cost is minimized with
design choices that favor abundant materials and scalable processing techniques. Energy density
increases with higher-voltage and -capacity materials, and more efficient cell architectures.
Incident-free long life is achieved with materials that are mechanically, thermally and
electrochemically stable, and aided by battery management systems. The overall energy
efficiency is determined by both the behavior of the redox-active material and the power
electronics of the battery pack itself. Finding acceptable tradeoffs between energy, power, cost,

and safety is the herculean challenge for the battery community.?

1.2. Battery Fundamentals
Batteries convert chemical potential energy into usable electrical energy. A battery has three

main components: the positive electrode (cathode), the negative electrode (anode) and the
electrolyte in between (Figure 1). The battery is charged or used to provide power when the
electrodes are connected via an external circuit. The electrolyte is an electronically insulating but
ionically conductive medium. It transports the reactant between the two electrodes without short
circuiting the battery. Many different configurations are possible using these three building

blocks.
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Figure 1. Schematic representation of a Li-ion battery with a layered cobalt oxide cathode and
graphitic carbon anode as active materials. Adapted from Ref. .

In Li-ion batteries, the electrodes are often porous composites that contain some combination
of the electroactive material and a carbon additive (to boost electronic conductivity in the
electrode) connected with a polymer binder. Slurries of these composites are coated onto copper
or aluminum foil substrates to provide physical support during processing and provide an
electronically conductive pathway to the external circuit. The choice of metal is determined by
economics and electrochemical stability in the highly oxidizing (reducing) environment near the
cathode (anode). The electrolyte is typically an organic carbonate solvent containing a lithium
salt, most commonly LiPFe. A mixture of different carbonates is needed to achieve the
appropriate combination of properties (low viscosity, high boiling point, etc.), and additives like
vinyl carbonate are used to improve long-term cycling performance.3:32 A polymer membrane
separator insulates the two electrodes from each other when they are sandwiched together during

assembly.®



Discharge corresponds to reduction of the electroactive species of the cathode material and
intercalation of Li* into available sites in the host lattice. The driving force for intercalation
during discharge is the spontaneous redox reaction at the electrode surface. Electroneutrality is
maintained by the flow of electrons from the negatively charged anode to the positive cathode
via the external circuit. When the battery is recharged, an external load reverses the flow of ions
and electrons back into the negative electrode. The astute electrochemist will notice that
reversing the reaction means that the positive electrode is now the anode and the negative
electrode is the cathode, but battery researchers will often call the positive electrode the cathode
regardless of the mode of operation.

Despite tremendous R&D efforts and investments,® most battery progress has been made at
the manufacturing level. For Li-ion batteries, only five practical cathode materials and two anode
materials have been commercialized to date (

Table 1).%°

Table 1. Rechargeable Li-ion battery intercalation electrode materials. Adapted from ref.

3&38_
Average Practical Date
. Structur g Capacity First Referenc
Material o Voltage (mAhg? Reporte o
(V vs. Li) ) g %
LiCoO> Layered ~3.9 ~140 1980 39
LiMn204 Spinel ~4.1 ~120 1983 40
Cathodes LiFePOq Olivine ~3.45 ~160 1997 4
LiNi1sMn13C0130
Layered
2 ~3.8 ~200 2001 42



LiNio.8C00.15Al0.050

Layered
2 ~3.8 ~200 2003 43
Graphite (LiCs) Layered ~0.1 ~360 1983 a4
Anodes
LisTisO12 Spinel ~1.5 ~175 1994 =

In the absence of a transformational breakthrough, Li-ion technology was not projected to
exceed ~300 Wh kg.#¢ Recently, CATL has been able to drive up the energy density to
304 Wh kg* with a pouch cell configuration using NMC 811 (that is, a cathode with 80% nickel
and 10% of manganese and cobalt as the active material) and adding up to ~10% silicon into the
graphite anode,*” but the industry is still reaching the limits of conventional advanced Li-ion
technology. Faced with diminishing returns on Li-ion materials research, alternative alkali
intercalation chemistries have received renewed attention.*3-%° Sodium ion batteries are the most
mature out of the set of sodium, magnesium, potassium, or calcium batteries.> The main
advantages of Na-ion batteries are similar (but not identical) electrochemistry and very low cost
compared to Li-ion batteries. However, the energy density is generally comparable or lower than
Li-ion, plus the larger Na* tends to do more damage to the host lattice during long-term
cycling.®

1.3. Magnesium Batteries and Challenges
Multivalent intercalation batteries are another compelling route to higher energy densities,

and one of the main thrusts of the Joint Center for Energy Storage Research (JCESR).3* The
divalent alkaline earth metals magnesium compares favorably with lithium and sodium in a few

key dimensions (Table 2).#84° Research on magnesium batteries is still in the exploratory phase,



although interest is rapidly increasing. In spite of pioneering work by Gregory et al.>? studies on
magnesium batteries were sparse, especially after the commercialization of Li-ion batteries in the
early 1990’s. Aurbach et al. have since contributed several important breakthroughs, and in 2000
demonstrated a full cell magnesium battery that was capable of thousands of cycles.>*>°

The most promising advantage for magnesium was that the metal plated without forming
dendrites.>®°8 This entirely circumvents the fatal dendrite problem in lithium metal, meaning
magnesium could safely be used as an extremely high-capacity battery anode.

Handling, machining, and disposal are easier for magnesium since it does not react as
violently with air or water. High earth abundance also makes magnesium less expensive than
lithium materials in the hypothetical magnesium battery supply chain. In addition, its ionic radius
is comparable to lithium, meaning no additional mechanical strain is placed on the host lattice
during insertion and removal (unlike sodium, for example). Considering these factors, we can
envision a net gain in energy density at a reduced cost to operate and manufacture.

Table 2. Comparison of characteristics and electrochemical properties of prospective alkaline
(earth)-ion batteries. 38

Cationic Atomic E Specific Volumetric
radius weight (V vs. capacity capacity
Parameters Valance (A) (g mol?) SHE) (mAhg?') (mAhcm?)
Lithium +1 0.76 6.94 -3.04 3862 2062
Sodium +1 1.02 22.99 -2.71 1166 1128
Magnesium +2 0.72 24.31 -2.37 2205 3833

Despite the advantages listed above, magnesium batteries have many challenges to
overcome. The difference chemical and electrochemical properties of magnesium relative to
lithium leads to failure modes that are both more numerous and more complicated compared

well-understood lithium-ion batteries. These include low voltage stability of electrolytes at the



positive electrode, inefficient plating and stripping of magnesium at the negative electrode, and
other incompatibilities between different cell components such as corrosion of stainless steel and
total passivation of magnesium metal in most electrolytes.>® To make matters worse, it has
recently been found that magnesium will in fact form dendrites under conditions where the rate
of deposition is sufficiently high and self-diffusion is low.>® As such, magnesium is not a
“platform technology” like Li-ion (where different cathodes, electrolytes, and anodes can be
swapped interchangeably without compromising performance), and the electrochemistry of
magnesium does not benefit from much direct carry-over from Li-ion research. We believe this
has generated misunderstandings that this work attempts to overcome.

Instead of focusing on 1) the anode, 2) the electrolyte, and 3) the cathode individually, we
propose here that analyzing the 1) anode-electrolyte and 2) cathode-electrolyte interfaces is
crucial for understanding magnesium battery performance. Thinking more holistically about the
interfaces generates more significant insights to address the two biggest problems for magnesium

batteries: passivation of the anode and the dearth of high-energy cathodes.

1.5. Battery Data Science and Challenges
As batteries become increasingly integral to energy and mobility, they are deployed in more

and more demanding use cases. Previously, planned obsolescence meant that batteries could get
away with being “good enough” for earlier generations of consumer electronics. However,
understanding health and performance is no longer an afterthought. Achieving long safe
operating lifetimes is mission critical for the business models of up-and-coming materials
startups, cell OEMs, and downstream customers building packs for automotive and other
demanding environments with long-lived use cases.

Reliable data is a necessity for engineers and management to make informed decisions

during battery product development, operations, or maintenance at any point in the battery value



chain (Figure 2). Unfortunately, this is confounded by the wide variety of data that is generated,
from electrochemical properties to real-world performance in cells or modules or pack-level
applications. Unlike other solid-state electronics, such as solar cells or integrated circuits,
batteries are dynamic nonlinear systems. Their performance varies with cell chemistry,
temperature, humidity, formation protocol, duty cycle, battery management system, and other
variables that may be hidden from the battery operator. Nevertheless, cell OEMs only supply
specification sheets that show battery performance under a narrow set of idealized lab test
conditions. This leaves systems integrators and operators with significant risk exposure when the
battery is ultimately deployed “in the wild.” Several high-profile cases of battery failure have
made headlines, most recently the 2021 recall of the Chevy Bolt, which cost General Motors and
its cell supplier LG Energy Solutions an estimated $2 billion.®° The fact that two of the most
experienced automotive and battery cell manufacturers still have unsolved quality assurance

problems is a testament to the urgency and difficulty of this challenge.

Systems Integration

Chemical

. "Ju
Raw Materials Processing Cell Assembl}’

Figure 2. The battery value chain spans mining of raw chemical materials, processing and
refining, cell manufacturing, and integration into packs for end-use applications.



An introduction to battery data science and machine learning as it applies to electric aviation
is provided in Chapter 5. Afterward, we discuss progress made in three distinct tracks.

In Chapter 6 we report a user-friendly environment for battery data science. There is a wide
gap between the tools and training for battery scientists and their increasingly data-intensive
jobs. Especially for experimentalists without experience with battery modelling or simulation
software, engineers are often used to fragile legacy software for routine data analysis tasks. On
top of this, there is a dearth of common standards and data practices, owing to the wide range of
R&D goals, heterogenous data streams, and domains of expertise from one company or research
group to another.®! The platform is designed to add new tools to the battery engineer’s toolkit by
collating disparate data and metadata sources into a standardized format for post-processing.
Here the goal is to streamline data cleaning and provide an environment that services the
pluralistic needs of the battery community. This includes basic data visualization for monitoring
and analysis, a Python API for modelling and machine learning, and dashboards for high-level
project management.

In Chapter 7, we report progress on cell-level lifetime forecasting using a neural network
(NN) machine learning model. This data-driven approach has several significant features. First, it
extends state-of-the-art battery lifetime prediction models to encompass a wider range of
temperatures, C-rates, and chemistries. This makes it suitable for the task of cell validation and
acceptance testing, allowing the customers of cell OEMs to validate new cells faster and improve
quality control processes. The NN architecture is designed to accommodate both new datasets
and new features, meaning that it will improve with time as more datasets are made publicly
available and as new domain-specific diagnostic features are discovered and engineered.

Additionally, we show that data from different labs and different chemistries (namely NCA,



LCO, and NMC) all perform well, which suggests that a common degradation mode is shared
across all three chemistries — loss of active lithium on the graphitic anode side of the cell. Future
work is ongoing to incorporate uncertainty quantification into this model. This will allow us to
not only make our models more scientifically rigorous but also give decision makers the ability
to make rational tradeoffs between e.g. maximizing the accuracy of the prediction and
minimizing the testing time required to reach a product decision.

In Chapter 8 we report on preliminary results towards online fuel-gauging for electric
aircraft. Specifically, an algorithm for identifying weak cell blocks in a battery pack is
developed. Since overall battery system performance is limited to the weakest cells in the battery
pack, finding and tracking these cells is an important first step in developing standard operating
procedures for fuel gauging that will meet Federal Aviation Administration (FAA) requirements.
The outlier detection algorithm developed takes the first five minutes of flight test data and
identifies the weakest cell blocks with 89% accuracy.

Finally in Chapter 9, we conclude by outlining future work towards developing standard
operating procedures for battery safety, performance, and maintenance for electric aviation.

Overall conclusions for this thesis are summarized in Chapter 10.
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Chapter 2. Kinetic Surface Control for Improved Magnesium-Electrolyte Interfaces for
Magnesium-ion Batteries

2.1. Introduction
Magnesium metal anodes are incompatible with many electrolytes. Conventional

electrolytes (e.g. Mg(ClOa)2 dissolved in organic solvents) are reduced by Mg and form
insoluble passivation layers on the Mg metal surface.%262 Unlike the solid-electrolyte interphase
(SEI) layer in Li-ion batteries, the Mg passivation layer blocks transport of both ions and
electrons and makes the electrochemical deposition/stripping of Mg impossible.>>%* On the other
hand, the electrolytes that allow for reversible plating and stripping of Mg at the metal anode
surface (Grignard reagents and other organohaloaluminate electrolytes) suffer from poor stability
at voltages beyond ~2V (hereafter reported versus the Mg/Mg?* redox couple unless otherwise
indicated).>>%-%% More recently, a class of electrolytes with stabilities beyond 3 V and reversible
plating and stripping have been developed, but require complicated organic syntheses.”®"3

The anode-electrolyte interface governs the performance and longevity of the cell and has
been the subject of many studies.5’*"® As early as 2003, it was believed that a stable
“passivation layer” develops on fresh magnesium metal foil submerged in solutions of THF and
Mg(AIEtBuUCI.), — an electrolyte that supports Mg stripping and plating.®° The authors suggest
the layer contained physically adsorbed molecules rather than ionic species on the Mg surface.
More recently, the influence of adsorbed Mgx-Cly species were identified as key electrolyte
components that benefit reversible plating of magnesium because of their preferential adsorption
and low energies required to remove chloride ligands from Mg?*.8182 In fact, adding MgCl>
greatly improves the performance of electrolytes by shifting the equilibrium concentration of the
Mgx-Cly species and greatly reducing the overpotential for stripping and plating.8-%°> However,

this strategy is limited for two reasons. The volatile solvent has safety limitations because of its
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low boiling point (66°C for THF), while chloride-containing electrolytes are corrosive towards
common battery components such as stainless steel >>86:87

While commercially practical electrolytes may not be a reality yet, researchers have made
good progress increasing the thermodynamic stability of the electrolyte in the last twenty
years.%8-9 Notably, a recent trend to reduce chlorine content in electrolytes has enabled the
discovery of noncorrosive electrolytes with good conductivity (>1 mS cm™), relatively efficient
Mg dissolution/deposition (>98% Coulombic efficiency) and anodic stability well beyond
3 V.729L92 However, these novel electrolytes often require complicated procedures and
dangerous chemicals that are best left to synthetic organometallic chemists.®®

Here we propose an alternative path forward that uses kinetic control of the anode-electrolyte
interface.% By passivating the Mg metal surface with fluorine, we developed what was among
the first Mg?*-conductive solid-electrolyte interphase (SEI) layers.

The surface coating strategy has become increasingly attractive, and others have
demonstrated similar coatings and interfaces that conduct Mg?* ions. These include coatings
based on tin,*® germanium chloride, lithium borate salts,®” iodine,”® and polyacrylonitrile,”’
among others, which enabled superior reversible magnesium electrochemistry in electrolytes that
are otherwise passivating. This strategy avoids the complication of time-consuming syntheses
and provides a path toward non-corrosive electrolytes based on simple salts and solvents that
simultaneously allow for Mg?* transport.

Surface modification of fluorides have been previously used to prevent electrolyte
decomposition on the surface of electrode materials and enhance the cyclic stability of the Li-ion
batteries.®% In Li-ion batteries, the reduction products that form the SEI layer on the surface of

the electrode materials has enormous influence on the electrochemical behavior of the
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batteries.'%-1%2 The interphase layers are complex, often consist of nanoparticles or a mixture of
nanocrystallites and amorphous material so that there are abundant grain boundaries and
significant variations to the local chemical composition that permit ionic transportation for the
electrochemical reaction. The morphology and structure (thickness, composition, and size) of the

SEI films can be turned using electrolyte additives like vinylene carbonate,%*% fluoroethylene

105 106 107

carbonate,'® vinyl ethylene carbonate,'®® propane sultone!®’, prop-1-ene-1,3-sultone.'%:1% These
additives are preferentially decomposed to form an insoluble solid product that covers the
electrode surface. These films consume some of the lithium inventory but inhibits further
reaction with the nonaqueous liquid electrolytes.

It is known that inorganic fluorides such as lithium fluoride (LiF), sodium fluoride (NaF),
and magnesium fluoride (MgF2) in their bulk states are insulators and hinder the transport of
ions. However, researchers have nevertheless demonstrated that ionic transportation is possible
through fluoride or fluorinated interphases. LiF artificial interphases can protect the metallic
anode from the side reaction and suppress dendrite growth.'%!%° Fluorinated interphases have
been known to play an important role in electrode protection.*t!12

Magnesium fluoride (MgF-) has been widely used in various optical thin films and multilayer
photonic crystals because of its low absorption, wide bandgap, high hardness and good corrosion
resistance.'*3 In the context of magnesium batteries, the Aurbach group has argued that MgF-
will be passivating at levels of surface coverage as low as 1%.62%3 Using first-principles
calculations, Chen et al. evaluated a wide variety of potential coating materials.''* They
predicted that MgF> would be thermodynamically stable as a coating material, but reported that

the barrier for Mg transport would be too high to be of practical use (>1.1 eV).*> On the other

hand, Matsui et al.**® found that surface MgF did not inhibit the performance of a MgsBi-
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intermetallic composite anode, suggesting that this layer does not necessarily turn off reversible
electrochemistry.

In Li-ion batteries, MgF2 has also been found to benefit the performance of electrode
materials. For example, MgF2-coated LiCoO. composite were developed and exhibited higher
rate capability and cycling stability compared to the uncoated LiC002.113118 |n these reports
the MgF layer reduced side reactions with electrolyte and aided the transport of Li* across the
electrolyte-LiCoO:. interface. This combined evidence suggests the MgF layer is an ionic
conductor but an electronic insulator. This protective layer inhibits the decomposition of the
electrolyte in magnesium systems, and more importantly, allow for Mg?* transport in this
protective layer.

In this work, we develop a chemically inert MgF2 layer to improve the compatibility of the
Mg with the electrolyte. Even with its high specific surface area, this passivation layer protects
electrolytes from decomposition on the Mg surface. Our results on the anode-side of the Mg
battery are elegant example for optimizing the surface (electro)chemistry of the magnesium

metal-electrolyte interface.

2.2. Methods

2.2.1. Materials synthesis
The Bi cathode materials were synthesized by a solvothermal method reported previously.*®

In a typical procedure, 0.466 g Bi2Os was added into 30 ml pure ethylene glycol (EG) while
stirring with a magnetic stirrer for 30 min at room temperature. The mixture was then transferred
into a stainless-steel autoclave with a Teflon liner and kept at 200 °C for 12 h. The black
precipitate was collected and washed several times by centrifugation with diluted HCI solution

and deionized water after the autoclave was cooled down, and then dried at 80 °C overnight.
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2.2.2. Preparation of MgF2 modified Mg foil
To prepare fresh Mg foil, commercial Mg foils were immersed into 0.1 M HCI solution for

2 min until the surface oxide layer was removed, then washed with THF three times and dried in
vacuum oven at room temperature. Then the Mg foils were transferred into glovebox and
mechanically polished with sandpaper (2000 grit) and wiped with THF prior to use. MgF-
modified Mg foil were prepared by reacting hydrogen fluoride and metallic fresh Mg. The fresh
Mg foils were immersed into 0.2 M hydrofluoric acid solution and sonicated for 5 min at room
temperature to obtain the MgF layer. Then, the Mg foils were washed with THF and dried in

vacuum oven at room temperature and transferred into the glovebox.

2.2.3. Materials Characterization
The crystal structure of the Bi»Oz starting material and Bi nanowires were determined by

XRD (D8 Bruker X-ray diffractometer with Cu-Ka radiation (A=1.5418 A)) between 10° and 80°
(20). Energy dispersive X-ray spectroscopy (EDS) was used to characterize the Mg foil surface.
The morphology for all materials was observed with SEM (JEOL, JSM-7000F). The specific
surface area and pore characteristics were determined by multipoint Brunauer-Emmett-Teller
(BET) and Barrett-Joyner-Halenda (BJH) desorption analyses to estimate the surface area and

pore size respectively.

2.2.4. Electrochemical Measurements
The electrode of Bi was prepared by coating a mixture of 70 wt. % of active material and

15 wt. % of super-p as conducting agent and 15 wt. % of polyvinylidene fluoride (PVdF) as
binder onto an Al current collector. 2032- or 2025-type coin cells were assembled in an Ar-filled
MBraun glove box using the prepared electrodes as positive electrodes, Mg foils as negative
electrodes and microporous membrane (Celgard 2400) as the separators. The “all phenyl”
complex (APC) electrolyte that comprising PhMgCI and AICI3 in a ratio of 2:1 was used in this

study has been reported in previous literature.®® In brief, 10 ml of 0.5 M AICIs-THF solution
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(Sigma-Aldrich) was added drop by drop in 10 ml of 1 M PhMgCI-THF solution, then stirred at
least 24 hours prior to use. For the galvanostatic cycling test in symmetrical cells, the cells were
cycled at 0.25 mA cm for 1 h in each half cycle. In the battery assembly, fresh Mg metal
electrodes or MgF»-coated Mg metal was used as the working electrode and the counter
electrode, and APC was used as the electrolyte. Cycling voltammetry was performed on
Solartron-1470 instrument (England) with Bi positive electrode and Mg negative electrode at
25 °C at a sweep rate of 0.1 mV s*. The charge—discharge tests were conducted on a LAND cell
test system (Land CT 2001A) and cycled between 1.0 V and 0.01 V (vs Mg?*/Mg) at 25 °C, and

the capacity of the cells were calculated based on the amount of active material (Bi).

2.3. Results and Discussion
The formation process for the MgF.-coated Mg electrode is illustrated schematically in

Figure 3a. To remove the oxide layer on Mg foil, Mg was first washed with diluted hydrochloric
acid (HCI, 0.1 M). The MgF coating layer was then applied by treating the fresh Mg metal with
0.2M hydrogen fluoride (HF) by sonication. This reaction evolves hydrogen (H2) gas and
produces the fluoride surface protection layer via a metal exchange reaction (Mg + 2HF — MgF:

+ H2). No bubbles are observed on the Mg surface after sonication and HF treatment.
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Figure 3. (a) Schematic illustration of the formation process of the MgF2 surface coating. (b)
Schematic of the proposed operating mechanism of the MgF for stripping and plating of Mg
metal. (c) Compared to the MgF2 film, Mg stripping with a conventional Mg metal anode must
proceed where the anode has not been passivated by electrolyte reduction products (dark gray).
The active area is believed to contain an adsorbed layer of chloride ions. (d) Plating of the bare
metal is not 100% efficient and leads to the growth of the layer electrolyte reduction products.
Using this design, the electrolyte (here, the all phenyl complex (APC) electrolyte®) is only in
contact with the outer surface of the Mg electrode and cannot reach the inner Mg foil (Figure
3b). The outer layer formed by MgF; is porous, but mechanically rigid and has a high
hardness. % Thus, the inner Mg foil shrinks inward during the extraction, and during
electrodeposition, Mg?* penetrates through the passivating layer to react with the Mg metal. This

passivation layer protects APC-based electrolytes from further decomposition on the Mg surface

and favors the formation of a thin, porous layer with improved interfacial transport properties.
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This is in contrast with the behavior of the bare Mg metal with APC. At high enough
overpotentials, Mg?* is extracted from regions where the bare metal has not been passivated by
the electrolyte (Figure 3c). This reaction between the metal and organohaloaluminate electrolyte
is believed to be mediated by adsorbed chloride ions on the surface,® whereas byproducts from
the reduction of the electrolyte block Mg transport. When deposition takes place, Mg plating
must compete with reduction of the electrolyte, leading to new growth of the surface passivation
layer (Figure 3d).

Nitrogen gas adsorption-desorption isotherms were recorded to evaluate the surface area and
pore sizes (Figure 4a). The BET derived specific surface areas of MgF.-coated magnesium was
6.87 m? g%, which is significantly higher than that of fresh Mg (0.86 m? g*). The nearly order-
of-magnitude higher surface area is largely attributable to the formation of hydrogen gas bubbles
during the deposition of MgF2. The passivation layer is conformally coated on the surface of the
Mg electrode and provides a physical barrier to direct contact between Mg and the electrolyte. It
is believed that the large specific surface area provides a large contact area between the electrode
surface and the electrolyte for the electrochemical reaction to take place. Additionally, the BJH
pore size distribution curve obtained from the nitrogen sorption isotherms suggests that the
MgF2-coated Mg electrode contains broadly distributed pores, most of which are smaller than 15
nm, with an average pore diameter of ~2.5nm (Figure 4b). The mesopore size and volume on
MgF2-coated Mg are advantageous for energy storage since the large pore channels permit rapid
electrolyte transport at the interface.

The MgF; coating layer on Mg metal was observed by energy dispersive X-ray spectra
(EDS) mapping of the cross-section of a MgF.-coated Mg disc as shown in Figure 5a. Fluoride is

uniformly distributed in the surface layer, which is <200 nm thick.
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Figure 4. (a) N2 isotherm adsorption—desorption curves for fresh Mg and MgF2-coated Mg; (b)
Barrett-Joyner-Halenda (BJH) desorption pore size distributions for fresh Mg and MgF2-coated
Mag.
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Figure 5. (a) Cross-section EDS mapping of the as-prepared MgF2-coated Mg electrode. (b)
Voltage profiles of the symmetric cells cycled with fresh and coated Mg metal at a current
density of 0.25 mA cm2 (1 h for each half cycle). (c) and (d) Magnified curves of the cycling for
symmetric cells of fresh Mg (orange curve) and MgF.-coated Mg (violet curve).

The overpotential for magnesium plating and stripping at the Mg-electrolyte interface was

studied with APC as the electrolyte. To evaluate the electrochemical properties of the coated Mg
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electrode, symmetrical Mg coin cells were assembled using the APC electrolyte and cycled at a
current density of 0.25 mA cm for 75 cycles. As shown in Figure 5b—c, the symmetrical cell
with bare Mg electrodes experienced extremely high and rapidly increased hysteresis up to
200mV after 60 h, then followed by a severe overpotential increase around 65 h, which was
probably caused by the passivation film derived from APC, indicating that the passivation film
was unstable and high resistive. In contrast, the electrode coated with MgF, exhibited a lower
voltage hysteresis of only ~25mV. The small resistance might also be attributed at least in part to
an order of magnitude larger specific surface area of the MgF2 interphase layer, but nevertheless
no obvious losses from electrolyte degradation are observed, even after 100 cycles (Figure 5d).

To further assess the protective ability of MgF2 on Mg metal, cyclic voltammetry (CV) was
performed at a scan rate of 0.1 mV s between 0.01 and 0.9 V (Figure 7). A slow sweep rate was
used in this study to gain a better fundamental understanding of the electrochemistry and
electrochemical performance by avoiding the kinetic impacts and the possibility of dendritic
growth of Mg. Standard coin cells (2025) were assembled using bare or coated Mg foil as the
negative.

Bismuth (Bi) was selected for the cathode in this work due to the high volumetric capacity
(up to 3430 mAh cm®) and low potential for Mg alloying/de-alloying. 21122 These results were
obtained with one of our earliest formulations of the all-phenyl complex (APC) Mg electrolyte,
where we could achieve stability up to only ~1.2 V, compared to 3.1 V reported by others.*
Thus we were limited to using low-voltage Bi as our positive electrode. The Bi nanorod was
synthesized via a solvothermal method using the reduction of bismuth oxide (Bi.O3) by ethylene

glycol 1%
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The morphology and structure of commercial bismuth oxide (Bi2O3) and the obtained bismuth
(Bi) nanorods were characterized by scanning electron microscopy (SEM), transmission electron
microscopy (TEM) and X-ray diffraction (XRD) and the results are presented in Figure 6. A
well-crystallized Bi,Os framework with monoclinic Bi.O3z (JCPDS card no. 65-2366) is shown in
Figure 6Figure 6a, while all the reflection peaks in Figure 6b are indexed as crystalline Bi
(JCPDS card no. 44-1246) after the solvothermal method. The TEM images of the as-prepared
Bi nanorods in Figure 6d show uniform diameters of ~150 nm, and the nanorods are aligned
together to form a bundled structure held together by van der Waals interactions between the
small rods.*®?2 The high resolution TEM image in the inset image of Figure 6d shows a fringe
spacing of about 3.3 A, corresponding to the spacing between the sheets of quasi-layered
structure of bismuth.

Mg-Bi coin cells with Mg foil as the negative electrode and Bi/carbon composite as the
positive electrode were assembled and tested. Figure 7a—b compare the CV curves of the Mg-ion
batteries with anodes made of fresh Mg foil and MgF.-coated Mg, and the corresponding redox

peaks of the samples are listed in Table 3.
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Figure 6. X-ray diffraction patterns of commercial Bi»Os (a), as-prepared Bi nanorods (b) and
standard XRD patterns for Bi-O3z (JCPDS no. 65-2366) and Bi (JCPDS no. 44-1246). The
diffraction patterns of the materials show they are well-crystallized, and are in good agreement
with the standard XRD patterns. SEM images of commercial Bi>O3 (c) and TEM image of Bi
nanorods showing a bundle of nanorods. Inset shows high-resolution TEM image with a fringe
spacing of about 3.3 A (d).
Table 3. The redox peaks of the fresh and coated Mg foil.

Sample 15t 2nd 31

Fresh Peak 1 (V) 0.13

Mg Peak 2 (V) 0.38 0.39 0.40
Peak 3 (V) 0.50 0.52 0.54

Coated Peak 1 (V) 0.18

Mg Peak 2 (V) 0.38 0.39 0.39

The reductive current displayed at 0.01 V is Mg?* insertion and alloying with Bi (2Bi +

3Mg?* + 6e- — MgsBiz2), while the oxidative peak at about 0.4 V is attributed to the de-alloying

reaction.?® The increase of the reduction current is most likely associated with the wettability of

electrolyte on the electrode, and the formation of the MgsBi3 alloy. This phenomenon was also
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observed in different systems.*?* These symmetric peaks indicate good reversible
electrochemical insertion/extraction of Mg-ions to and from the Bi electrode. In the case of the
cell with fresh Mg electrode, it is worth noting that large current responses were observed at
above 0.5V in the anodic scanning. The de-alloying reaction between Mg and Bi only occurs
below 0.5 V, as observed in different systems and reported in literature, 121122124 gnd the
oxidation of APC is not expected to occur on positive electrode at this low voltage,** so this
suggests that the current responses is attributed to the decomposition of the APC electrolyte on
Mg electrode surface. Anodic scanning leads to the decomposition of physically adsorbed
molecular films on Mg, leaving behind a deposition layer. It was observed that the alloying/de-
alloying current gradually increased, and the decomposition peaks are still broad during
subsequent cycles (at the 2" and 3 cycles). It indicates that the reaction of MgsBi. undergoes an
activation process where a physically adsorbed film was decomposed during the voltage scan.
The unstable passivating film on the Mg surface leads to the continuous decomposition of the
electrolyte.

Different electrochemical behavior was observed in the cell with MgF.-coated Mg foil
(Figure 7b). The voltage of the alloying peak in the first cycle somewhat positively shifted to
0.18 V. The reversible alloying/de-alloying current can be clearly identified, and the current peak
for electrolyte decomposition above 0.5 V disappears. It suggests that the MgF layer is
favorable for the migration and diffusion of Mg cation ions but inhibits electron transfer and
protects the Mg metal surface from side reactions. The slight decrease in the peak splitting in
case of the bare Mg metal is indicative of an activation process characteristic of this system,’®
while the slight increase in polarization with the MgF> may indicate a minor increase in

impedance at the surface of the anode. It suggests that Mg?* extraction from MgF,-coated Mg

23



electrode is easier than the pristine electrode and that the MgF2 layer has a lower migration

barrier for Mg cations compared to the physically adsorbed film. In addition, the peak current

corresponding to electrolyte decomposition above 0.5 V is significantly suppressed. This voltage

region exhibits a low cur- rent shoulder without any discernible peak on the subsequent cycles
during Mg?* depositing on the Mg electrode, which suggests the MgF. layer inhibits electron
transfer between Mg and electrolyte and effectively protects the Mg metal surface from side
reactions.

Constant current charge—discharge tests were also conducted to assess the electrochemical
activity of the MgF.-coated metal anode. Figure 7c-d shows the charge-discharge curves of the
fresh and coated Mg metal at 30 mA g for the 1% and 2" cycle between 0.01 and 1.0 V. It
reveals that the discharge voltage drops quickly to ~0.12 V and then rises to reach a plateau at
approximately 0.2 V. This feature indicates that an activation process exists, which is mostly
associated with the wettability between the electrode particles and electrolyte and the growth

kinetics of the MgsBi> alloy.'?*
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Figure 7. Cyclic voltammograms using Bi nanorods as positive electrode and different
magnesium foils as negative electrodes: (a) Fresh Mg foil and (b) MgF2-coated Mg foil; Scan
rate: 0.1 mV s. After coating the metal with MgF, the close voltage difference of the first
cycle, ~0.2 V, between ions-insertion and extraction processes seems to show fast kinetics of
migration and diffusion of Mg cation ions. The decomposition of the electrolyte is happening in
the voltage above ~0.4 V in fresh Mg sample and its repeated reaction is observed. Galvanostatic
charge—discharge profiles of the 1st and 2nd cycle for (c) fresh Mg and (d) MgF2-coated Mg foil
at a current density of 30 mA g. The electrochemical measurements were carried out at 25 °C in
2025 coin cells. Capacity is calculated based on the weight of the active material mass of Bi.

The Mg insertion/de-insertion processes seen from galvanostatic charging and discharging
are consistent with the CV results and suggests that Mg ions can be reversibly inserted into and
extracted from the as-prepared Bi nanorods. However, at a higher de-insertion voltage, the cell
with bare Mg metal displays two shoulders at around 0.5 and 0.9 V, and exhibits a Coulombic

efficiency of 113% in the first cycle. These plateaus can be assigned to electrolyte decomposition
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on magnesium metal. The reaction products on the Mg surface form a passivating layer which
blocks the deposition of the Mg. As discussed in the next section, this instability in the voltage

profile may be indicative of the unstable nature of Mg as a reference electrode,*?

and suggests
increased surface impedance at the anode. Therefore, more energy needs to be dedicated to
pushing Mg?* through whatever passivation layer may exist and less energy is committed to
inserting Mg?* into the Bi material. This decomposition still occurs in the charging process at
higher voltage in the second cycle and results in a Coulombic efficiency of 106%. It suggests
that the surface film formed on the fresh Mg surface in the first cycle cannot fully prevent the
decomposition of the APC electrolyte, and consequently lead to the continuous consumption of
the electrolyte and growth of the passivating layer. For the cell using MgF2-coated Mg foil, the
long voltage plateau at around 0.3 V and the sharp increasing voltage starting from 0.4 V are
identified during charging (Figure 7d), which is similar to the other Bi studies.'?>'?2 The first
charge capacity is 340 mAh g*, while the Coulombic efficiency is 90% and reaches 99% in the
second cycle. Notably, the polarization of MgF.-coated Mg in the second discharge curve is
smaller than that of fresh Mg, indicating the dissolution of Mg?* from Mg in MgF: layer is easier
than the passivation layer derived from APC decomposition on fresh foil. These strongly
suggests that the MgF» layer is not only an ionically conductive film for Mg?* transport but also
an effective passivating layer that protects against side reactions.

The cycling performance of fresh Mg and MgF2-coated Mg are shown in Figure 8a. The cells
were (dis)charged at a current density of 30 mA g* for initial two cycles, followed by cycling at
a current density of 120 mA g in the voltage range of 0.01-1.0 V. The charge capacity of the

cell with fresh Mg decreased from 416 to 275 mAh g with over 100% of coulombic efficiency

in the first seven cycles, then the capacity gradually increased in the subsequent cycles. This is
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attributed the decomposition and activation process identified from the CV results. More
importantly, the APC electrolyte fails to form a stable passivating layer on Mg, which
continually consumes the electrolyte during cycling and leads to the increased irreversible
capacity. Note that the coulombic efficiency also fluctuates during cycling and the charge
capacity remains at 232 mAh g after 50 cycles. This can be ascribed to the compacted Bi
nanorods in the present work that might suffer from serious structural transformation resulted
from the large volume change (~100%) during the alloying and de- alloying process. It might
contribute to the capacity fading with a loss of electrical contact between the active material and
the conductive additive. More importantly, the voltage profiles of the fresh Mg electrode
between 0.01 and 1 V with representative cycles reveal that the voltage of the discharge plateau
is decreased, while the charging voltage increases during cycling, as shown in Figure 8b. It
indicates the polarization of the electrodes increase because of the slow kinetics and reduced
Mg?* diffusion in the (dis)charge process after long cycling. These results suggest that the
surface film formed in fresh Mg is unstable and the film seems to be electronically conductive
because side reactions at Mg continue throughout testing, and results in the formation of a
passivating layer which causes the fast deterioration of the cells in the long cycling. However,
for Mg coated with MgF,, the charge capacity is 342 mAh g at a rate of 30 mA g and the
capacity remains 286 mAh g after 50 cycles, exhibiting a better retention property compared to
fresh Mg. The coulombic efficiency after the first cycle is nearly 100% during all subsequent
cycles. Remarkably, no obvious change in galvanostatic voltage profiles during the long-term
cycling (Figure 8c), demonstrating the good stability of the surface film after the MgF. coating.

The evidence shows the passivating layer formed by MgF. suppresses the electrolyte

27



decomposition and eliminates the side reactions between Mg and the APC electrolyte leading to
lower polarization and improved cycling stability.

The rate performance of the cell with fresh Mg or with MgF2-coated Mg was evaluated at
various (dis)charge current densities. The cells were tested at 30, 120, 300, 600, 1800, and
3000 mA gt in turn as shown in Figure 8d, the corresponding discharge capacities are 307, 280,
275, 272, 184, and 152 mAh g for Mg and 317, 322, 321, 329, 227, and 226 mAh g for MgF2-
coated Mg. The coated electrode also displays a good capacity recovery when the current density
switches back from 3000 mA g™ to 120 mA g, suggesting good electrode structure stability and
reaction reversibility. All these improvements are attributed to the excellent ionic conductivity
and suppressed side reactions at the metal interface enabled by the MgF. buffer layer.

In order to further confirm the Mg?* conductivity, electrochemical impedance spectroscopy
(EIS) was carried out at room temperature. Figure 8e shows the Nyquist plots for the cells
consisting of fresh Mg and MgF2-coated Mg electrode after three cycles. The experiments results
show depressed semi-circle response for both electrodes, suggesting porosity within the electrode
surface.'?8 Fitting the Nyquist plots with an equivalent circuit (Figure 8f) composed of internal
resistance (Rs), passivation film resistance (Ry), and charge transfer resistance (Rct). After coating
with MgF-, the overall resistance (Rs + Rf + Rct) is smaller than that of fresh Mg foil, as shown in
Table 4. This result indicates that, even though the charge transfer resistance is greater with the
coated material, the MgF- layer is more ionically conductive than the native film that forms on
Mg in APC.

Table 4. Fitting results of EIS for fresh and coated Mg foil.
Sample Rs () Rt (Q) Ret (Q)

FreshMg 60 2553 4800
Coated 114 1022 5331
Mg
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Figure 8. Charge-discharge tests using Bi nanorods as positive electrode and fresh or coated
magnesium foils as negative electrodes: (a) Cycling performance of fresh Mg and MgF»-coated
Mg foil in the range of 0.01-1.0 V, charge-discharge voltage profiles of fresh Mg (b) and MgF2-
coated Mg (c) at a current density of 120 mA g* between 0.01 and 1.0 V. (d) The comparison of
the rate capability of the fresh Mg and MgF.-coated Mg at different current densities. The cells
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were tested at 30 mA g%, 120 mA g%, 300 mA g%, 600 mA g*, 1800 mA g, and 3000 mA g*.
(e) Electrochemical impedance spectroscopy and fitting results for fresh Mg and MgF-coated
Mg foil after 3 cycles. (f) Equivalent electrical circuit model for the EIS.

The surface morphology of the Mg foils cycling was observed by SEM before and after three
cycles (Figure 9a-d). Each image includes an inset that shows the electrode’s appearance. The
relevant EDS spectrum is also presented at the bottom of each image and the elemental content
estimated from EDS is shown in Table 5. Prior to cycling, the surface of the fresh Mg foil is
smooth with metallic color but has some wrinkle-like features in the SEM (Figure 9a) which
resulted from the HCI washing process. The existence of elements carbon and oxygen in Figure
9Error! Reference source not found.e-h are attributed to the carbonate and oxidation or the
adsorption of the CO2 and Oz when the samples were exposed to the air while the sample was
transferred. A sharp magnesium peak is observed whereas chlorine is not in the as-prepared fresh
Mg foil. This confirms that HCI is removed completely after the washing process.

After soaking in HF, the hue of the Mg foil becomes slightly yellow and fluorine is detected
in the EDS spectrum (Figure 9b, f), indicating MgF2 has been successfully coated onto the Mg
surface. This treatment produces a flexible and ionic conductive framework with a porous
structure at the surface, likely formed by H2 gas bubbles during the HF treatment (cf. the BET
data in Figure 4a). After the cell with uncoated Mg was charged and discharged three times, the
Mg surface was observed to turn dark and a thick fluffy deposit was padded on the Mg, as shown
in Figure 9c. In addition, aluminum and chlorine are clearly observed from EDS in Figure 9g and
the carbon and oxygen content increased compared to the pre-cycled Mg foil (Table 5). Since
aluminum and chlorine exist only in APC electrolyte, but not in Mg foil or in Bi electrode, it

clearly suggests that the thick layer is derived from insoluble precipitates from the APC
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electrolyte. This is strong evidence that the APC electrolyte decomposes because of the high

reactivity of the Mg metal and the instability of the electrolyte formulation. However, this

situation did not happen when Mg was coated with MgF» passivating layer. Only minor visual,

morphological changes were observed in Figure 9d and h and the elemental content remains

nearly the same after cycling (Table 5). As diagramed schematically in Figure 3, this observation

confirms that a protective passivating layer can be formed by the MgF2 coating, which protects

the Mg foil and suppresses electrolyte decomposition.

keV keV keV keV

Figure 9. SEM images of Mg electrodes: fresh Mg (A) and MgF2-coated Mg (B) before cycling,
fresh Mg (C) and MgF- coated Mg after 3 cycles. (Photographs of the Mg electrodes
disassembled from coin cells are shown in the inset); EDS patterns of the surface of the Mg
electrodes from fresh Mg (E) and MgF- coated Mg (F) before cycling, and fresh Mg (G) and

MgF. coated Mg (H) after the cycling.

Table 5. Elemental content of the samples from EDS.

Sample Mg(%) O (%) C (%) F (%) Al (%) Cl (%)
Mg pre- 91.9 24 5.7 - - -
cycling

Mg after 85.4 4.3 7.3 - 2.8 0.2
cycling

MgF pre- 921 0.6 55 1.8 - -
cycling

MgF after 92,5 0.9 5.6 1.0 - -
cycling
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SEM images of the bare Mg electrode taken before cycling show a smooth surface. Elemental
mapping only shows Mg and a small amount of C and O, attributed to the momentary exposure
to air during sample transfer (Figure 10a). After three galvanostatic cycles using APC as the
electrolyte, the surface is much rougher and deposits of Al and CI from the electrolyte are
apparent (Figure 10c). In contrast, SEM shows the Mg electrode coated with MgF2 appears
smooth before cycling and only modestly rougher after (upper left inset Figure 10b and d). The
intensity of the elemental maps before and after cycling shows no major change in the surface
composition and does not indicate any Al- or Cl-containing side products — evidence for the

efficacy of the MgF2 layer in preventing parasitic side reactions with the electrolyte.
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Figure 10. EDS mapping of the fresh Mg (a) and MgF2-coated Mg (b) before cycling, and fresh
Mg (c) and MgF.-coated Mg (d) after the cycling. It reveals that the uncoated Mg surface
consists of Al, Cl and increased O content that derived from the decomposition of APC
electrolyte. However, the carbon and oxygen distribution of the coated Mg sample increased
only slightly after cycling.

The discovery of Mg?*-conducting surface films contradicts conventional wisdom that

passivation films on Mg metal are fully insulating® and the assumption that MgF2 would be
impassable to magnesium transport.8311>127 However, this discrepancy can be resolved with a

close reading of the literature. Lu et al.’s original study®? and recent results from the Aurbach
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lab® show that electrolytes using PFe~ will passivate Mg anodes. However, the conformal MgF-
surface film formed from our treatment likely bears little resemblance to the fluoride-containing
surface film formed when PFs™ anions or solvent molecules are reduced at the metal surface. The
nature of the MgF- film and the reasons behind why it permits Mg?* transport deserve further
study so that improved Mg-conducting SEI layers or solid-state electrolytes might be developed.
Overall, the Mg electrodes coated with MgF perform better than those based on fresh
Mg foil. By carefully studying the morphology and the structure-property relationship, we
propose the following main reasons for the high performance. First, the MgF2 coating helps
protect the APC electrolyte from decomposition on Mg surface. The stable passivating layer
prevents the direct exposure of magnesium to the APC electrolyte and, thus, enhances the
stability of electrolyte. This is supported by the fact that the major difference in irreversible
capacity comes from the first and second charge curve. Second, it is possible the MgF2 benefits
the electrochemical performance, since MgF- has been reported to facilitate Mg?* conductivity in
the electrolyte as salt.1?312° Finally, the passivating MgF: layer is carefully designed so that the
passivating layer covers almost all the exposed surface of Mg, which minimizes the side
chemical reaction and helps improve interfacial compatibility between electrode and APC

electrolyte.

2.4. Conclusions
In this work, we report improved compatibility between Mg metal and the electrolyte

interface through a simple coating technique, wherein an ionically conductive but electronically
insulating magnesium fluoride (MgF>) layer forms when Mg is immersed in hydrofluoric acid.
With this passivating layer, the voltage stability, coulombic efficiency and cycling performance

of a Bi/Mg cell are appreciably improved. This is attributed to successful suppression of the
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electrolyte side reactions. This design principle for Mg metal surface chemistry has important

applications in Mg battery technology.
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Chapter 3. Experimental Design for Magnesium Cathode Studies

3.1. Introduction
At the cathode side of the magnesium battery, there are two main issues. First, electrolytes

that are compatible with magnesium have relatively narrow voltage windows. The family of
organohaloaluminate/ether electrolytes reported by Aurbach et al.>® reversibly strip and plate
magnesium but they are only stable up to ~2.2 V. Advances have extended this range to ~3.1 V
for the “all-phenyl complex” electrolyte (APC),>* but the reproducibility of these results has been
hard to control. This has not only been a problem in our own lab but is acknowledged as a
problem by other prominent researchers in the field.”

The second major problem pertains to the cathode materials, which suffer from low total
energy density or limited cycling performance. Large overpotentials and low intercalation levels
are often cited as evidence for slow transport kinetics.****32 However, a growing body of work
disputes this common preconception and instead suggests removing ligands from Mg?* at the
cathode interface (i.e. desolvation) is the true bottleneck.t33134

Enhanced electrostatic effects from the divalent ion are usually cited as the culprit for slow
diffusion, but are mitigated by the host’s ability to delocalize electrons and change valence
states.35-13" While Chevrel phases are the best example from the very small set of kinetically
fast, long-term stable cathode materials demonstrated thus far (>2500 cycles, Figure 11),>31%°
their low voltage and theoretical capacity (~1.1 V, ~128.8 mA h g~* for M0sSs) make them
uncompetitive compared to Li-ion cells.*®® In contrast, the low bar of 30-100 cycles is considered

to be reasonably good performance for other cathode materials.**°
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Figure 11. Voltage profiles for rechargeable Mg/MoeSs coin cells demonstrate excellent
longevity. Reprinted from ref. 13° Copyright © 2003 The Japan Chemical Journal Forum and
Wiley Periodicals, Inc.

We believe the poor performance of most cathode materials reported to date is not an
intrinsic limitation, but is in part a problem compounded by improper electrochemical design.
Previously, we have reviewed a large number of discrepancies concerning the electrochemical
design of magnesium battery studies.>® Our critical review found that studies on the magnesium
electrolytes® %7 and their compatibility with Mg metal®?4° and current collectors®”14:14 often
conflict with the experimental protocol reported in a significant fraction of publications on
magnesium cathodes. Presumably, these experimental protocols have been designed on the
implicit assumption that the setups used in Li-ion research carries over to magnesium studies.
However, this is demonstratively untrue in the case of electrolyte and cathode material
performance, and should not be assumed in the case of any other component of a magnesium

battery cell. Here we briefly review certain procedural pitfalls that have plagued the literature.

3.1.1. Electrolytes
The dearth of robust magnesium electrolytes has long hampered the search for high-voltage
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cathode materials. For convenience, electrolytes such as Mg(ClO4)2 in AN or PC have often been
substituted to study electrochemistry at the cathode. However, the high charge density of Mg?*
leads to large de-solvation energies at the cathode (roughly 3 times larger than for Li").!46
Therefore, the choice of Mg electrolyte will have a much more significant impact on the
performance of the cathode. Complicating this further, not all electrolytes interact with the
different cathode materials in the same way. For example, while excellent cycling performance is
observed for Chevrel phase materials in Mg(AlCl,BuEt)/THF and APC,>** fundamentally
poorer behavior is observed for the same cathode in Mg(ClO4)2/AN, and no insertion at all
occurs when the solvent is PC.!4” However, oxides like TiO; and V205 do not react with APC at
all but show better performance in other electrolytes.’>!*® This contradicts the common view that
solid state diffusion of Mg?" in the cathode governs its performance and instead forces us to shift
the focus to understanding the reaction mechanism of Mg?" at the cathode-electrolyte interface.
This will be a complicated process (requiring concerted transfer of two electrons and the
magnesium ion) that may be unique to each combination of cathode and electrolyte and requires
urgent attention.

Further, water in the electrolyte has been long known as crucial to improving electrode

132,134 while other additives like LiCl boost ionic conductivity.®® Moreover, there is no

capacity,
guarantee that Li intercalation compounds will react with other ions by the same
mechanism.'*%!%° Since the cathode-electrolyte interface is not nearly as well understood

compared to the magnesium-electrolyte interface, we suggest that it is worth isolating the

cathode before rushing into full-cell magnesium batteries.

3.1.2. Counter and Reference Electrodes
Another related issue that has long been reported is the passivation of Mg in most

conventional salts and solvents.’>%? However, the severity and rate of passivation is not entirely
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clear, as many studies report reversible (albeit limited) electrochemistry using this combination
of anode and electrolyte. Again, it may be the case that such studies show the results of
limitations on the electrochemical system and not the cathode alone. Although this possibility is

not often addressed, results published by Liang et al.'!

support this hypothesis. By nanosizing
both the MoS, cathode material and the Mg anode, nearly twice the capacity was obtained
compared to the cases where only the cathode material particle size was reduced.

However, the cells were charged up to 3 V, which is beyond the stability window of the
electrolyte, Mg(AICI3Bu),, (~2.5 V®7), and the Cu and Al current collectors (< 1.8 V¥7). It has
been suggested that at low current densities, the anode will not be fully passivated by the
formation of surface films.!>? Results from our group® and other groups investigating
magnesium metal coatings’”’®> have shown a similar trend — full cells with different cathodes
demonstrate superior performance with the coated magnesium metal compared to the bare
magnesium metal alone. This underappreciated results strongly implies that many systems and
cathode materials have unknowingly been studied under anodically limited conditions. This
further suggests that many “unworkable” cathode materials may be perform better than has
otherwise been assumed.

To this point, even in the case where the Mg anode is not totally passivated (and thus still
usable as a counter electrode), it should be understood as a quasi-reference electrode — and not a
very good one.'?* Native surface films will be present on Mg even after polishing the metal in a
glove box,% and additional films (of varying thickness and resistivity) are expected to grow after
immersion in the electrolyte. If that electrolyte passivates Mg, then the potential of the reference
electrode is no longer governed by the reversible Mg/Mg>* couple, but by the potential of

whatever surface films form. When this has been taken into consideration, the voltage of a Mg
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metal quasi-reference electrode has been consistently more positive than the reversible Mg/Mg?*

62,153,154 and up to 1 V in others.!?*> Hence, the discharge

redox couple by 0.5-0.7 V in some cases
voltages measured at the cathode are significantly lower than the equilibrium potential, which
may partially explain the difference between experimental and theoretical voltages obtained in
some cases.

This is yet another situation where the design of the experimental setup adversely affects the
observed cathode energy densities. To avoid this issue, silver-ion and activated carbon electrodes

155-159

can serve as reference electrodes in nonaqueous three-electrode experiments, and similarly

activated carbon can serve as readily available alternatives for the counter electrode.!>%!%

3.1.3. Current Collectors
Lastly, the current collector has often been overlooked. Corrosion of current collectors in Li-

ion batteries is a known issue that affects long-term functionality and safety.!*!16! While Cu or
Al foil are popular choices for Li-ion research, it has been shown that both corrode at relatively
low potentials in Mg(AICL.BuEt),/THF (no greater than 1.8 and 1.2 V, respectively).®”-!** This
shows that the usable voltage window for electrolytes is also dependent on the current collector.
Similar results were obtained for Ni and stainless steel, which are stable up to ~2.1 V,'*! but
chloride-containing electrolytes are corrosive to stainless steels used for battery casing
components.®® Dissolution of the current collector can interfere with the intended
electrochemical response in cyclic voltammetry (CV) studies, as the observed corrosion current
looks the same as the desired electrochemical reaction at the same potential. For the purposes of
fundamental studies into the failure modes and reaction mechanisms, we have developed a
simple and robust process for screening cathode materials without encountering these issues.
Searching through the MIB cathode literature reveals a slew of inconsistencies. These issues

include operating the cells outside the voltage stability window of the electrolyte, charging
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cathode current collectors above their dissolution potential, and using Mg as an electrode in
passivating electrolytes. These various effects cast some doubt on the veracity or reproducibility
of some magnesium studies, while in other cases substandard design options may curtail the
performance of ostensibly underachieving materials. This work provides a template towards

avoiding both cases.

3.2. Methods

3.2.1. Materials Synthesis
Vanadium pentoxide xerogel was prepared as the active material for initial screening. In a

typical synthesis, 136 mg of vanadium pentoxide (Sigma Aldrich) was stirred with 2 mL of
deionized (DI) water and 0.6 mL of 30% hydrogen peroxide (Fisher Scientific) for 15 minutes,
then sonicated for another 10 minutes. The solution was diluted to 13 mL with DI water to obtain
a 60 mM solution. This solution was sonicated for 80 minutes, changing the water after 40
minutes to reduce the temperature of the sonication bath. This solution was diluted to 7.5 mM
with 89 mL of DI water and stirred until the solution was translucent. Roughly 100 uL of the

solution was dropcast on FTO glass and annealed at 240°C for three hours.

3.2.2. Electrolyte Synthesis
The 0.33M APC electrolyte was prepared in a glove box by adding 25 mL of 2.0 M PhMgCI

in THF dropwise to 50 mL of 0.5 M AIClz in THF (both solutions were available from Sigma
Aldrich). The mixture was stirred over a weekend to provide sufficient stability.

A second electrolyte, 0.3M Mg(TFSI)2 in a 1:1 mixture of glyme and diglyme was prepared
according to Ha et al.'®2 To prepare 50 mL of this electrolyte, 8.769 g of the Mg(TFSI)2 (Solvay,

France) was added to a 1:1 solution of the two solvents, glyme and diglyme (Sigma Aldrich).

3.2.3. Materials Characterization
The phase of the annealed V.0s xerogels (V20s-nH20) were studied using X-ray diffraction

(XRD, D8 Bruker X-ray diffractometer) with Cu-K, radiation between 5 and 45°C (260). Samples
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were also characterized using thermogravimetric analysis (TGA) from room temperature to

500°C (TGA 7, PerkinElmer) under nitrogen at a heating rate of 5 °C min™.

3.2.4. Electrochemical Measurements
Various custom-built three-electrode cells were built using sealed glass jars with copper wire

leads threaded through the cap and sealed with epoxy. Cells were assembled in an argon-filled
glove box using approximately 5 to 10mL of one of the two electrolytes described above for each
experiment.

Different substrates were selected as the current collector (working electrode) to be screened
as a blank experiment using the two prepared electrolytes. These were stainless steel foil, nickel
foil, platinum foil, and fluorine-doped tin oxide (FTO) glass (all from Sigma Aldrich).
Rectangles of polyacrylonitrile carbon felt (CeraMaterials) were cut and used as both the counter
and reference electrode. The dimensions for the counter electrode were roughly 1 cm x 2 cm X
0.3 cm and roughly 1cm x 0.5cm x 0.3 cm for the reference electrode.

Cyclic voltammetry was conducted using one of two potentiostats (Solartron 1287, UK or
CH Instruments, Model 605C, US) at scan rates of 200 mV s to find the electrochemical
stability window for each pair of working electrode and electrolyte. The open circuit potential of
a three-electrode cell using carbon as both the reference and working electrode was obtained
over 24 hours using an Arbin battery tester (BT-2000, Arbin Instruments). For comparison, the
open circuit potential of a symmetric Mg//Mg cell was measured using 2016-type coin cells with

APC as the electrolyte.

3.3. Results and Discussion
The main thrust of section is focused on identifying the appropriate protocol for magnesium

battery cathode studies. Often coin cells using magnesium metal as the reference electrode are

employed in magnesium battery tests. However, we have found that magnesium is not a reliable

42



reference electrode, even in electrolytes like APC that are known to reversibly plate Mg metal.
The open circuit potential of a magnesium symmetric cell (i.e. a coin cell where Mg metal is
used as both the positive and negative electrode) should be close to OV if it is to be used as a
suitable reference electrode. Here, Mg metal would more accurately be called a quasi-reference
electrode because the precise reaction potential of the metal in nonaqueous systems is not
known, but can be calibrated using an internal standard like the ferrocene (Fc/Fc*) redox
couple.'®® However, this is clearly not a stable reference potential even under open circuit
conditions (Figure 12). Instead, we have used carbon felt as a significantly more robust and
reliable quasi-reference electrode, analogous to other reports.'>"*% The voltage difference
between the Mg electrodes grows over time, indicated nonuniform growth of some surface films
in the electrolyte. Over the course of 24 hours, the average voltage difference was 0.218V vs.
itself with a standard deviation of 49mV, which is unacceptably poor performance. In contrast,
the voltage difference between two carbon electrodes was less than 4mV over the entire day and
fluctuated by less than 1mV. This gives us much greater confidence in our own measurements

and less confidence in many measurements reported in the literature.
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Figure 12. The open circuit voltage of magnesium metal against itself (red) is not as stable as
implicitly assumed. Using PAN carbon felt (blue) in a three-electrode configuration is much
more stable and reliable over the course of 24 hours.

The carbon quasi-reference electrode was calibrated using ferrocene as an internal standard.
Across scan rates of 5, 10 and 100 mV s™ the halfway potential (E1/2) of the Fc/Fc* was found to
be 0.712 + 0.031 V vs. carbon. The scan at 10 mV s with APC as the electrolyte and Pt foil as
the working electrode is shown in Figure 13. Conversion between reference potentials gives
carbon (where the current is supplied by adsorption of anions from the electrolyte) a voltage of
~2.5V vs. Mg/Mg?*.1%* This is in agreement with other results>® although this figure may only
be accurate to within 200mV because of the uncertainty associated with different nonaqueous
solvents.'?® Interestingly, the peak-to-peak splitting between the oxidation and reduction
potentials is rather large (282 mV). This means the reaction was only quasi-reversible and
suggests that the ionic conductivity of this electrolyte (0.33M APC) is low and may need to be
improved, or may be uncharacteristically slow reaction kinetics in this electrolyte.
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Figure 13. The Fc/Fc+ redox couple exhibits quasi-reversible kinetics in APC using a Pt foil
working electrode and a scan rate of 10 mV s, The rise in current above ~1.2V indicates the
onset of electrolyte decomposition.

The electrolytes used in this study we selected based on their ease to prepare and to give
contrast between two different families of salt and solvent. The electrochemical voltage window
depends on both the identity of the electrolyte and the identity of the surface that is being
polarized (the working electrode). Cyclic voltammetry using different substrates at the working
electrode gave information about where the electrolyte begins to break down. Thin foils of
platinum, nickel, stainless steel were tested as well as FTO glass. Since most tests are run using
coin cells, FTO glass has not be previously reported. However, we find that our three-electrode
configuration is readily amenable to using FTO glass as a substrate and it outperforms the other
three materials for both electrolytes considered here (Table 6). The first scan for each working
electrode in Mg(TFSI)2//glyme/diglyme is shown in Figure 14, where it is stable almost 1V
beyond the rest. Qualitatively similar results were obtained for APC. FTO glass holds steady or

improves after 5 cycles (some passivation process reduces the observed current after successive
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cycles), whereas combinations like APC and stainless steel show increasing corrosion currents

and reduced voltage stability, as expected for corrosive chloride-containing electrolytes.%®
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Figure 14. The first cycles for 0.3 Mg(TFSI)2 in glyme/diglyme are shown for cyclic
voltammograms taken in a 3-electrode configuration where the working electrode was the
independent variable. FTO glass exhibits the best stability up to ~2.1 V vs. carbon (~4.6 V vs.

Mg/Mg?").

Table 6. The compiled results for 8 different combinations of current collector and electrolyte
after the 1%t and 5™ cycles recorded at 200 mV s, For both electrolytes FTO glass demonstrates

the highest stability.

Electrolyte Breakdown Voltage

Cycle (V vs. Carbon)
Electrolyte  Number Pt foil Nifoil FTO glass Stainless Steel
Mg(TFSI)2 /1 1 1.3 1.2 2.1 1.1
glyme/diglyme 5 10 08 2.1 1.6
1 07 04 1.0 0.7
APC /I THF 5 0.7 0.7 1.5 -0.3

This result gives us confidence that FTO glass may serve as a reliable substrate for

magnesium battery cathode studies because it will not corrode like stainless steel or undergo

other side reactions that make interpretation of electrochemical results more complicated. Lastly,
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thin films of the vanadium oxide annealed on FTO glass were used as a cathode material for
preliminary screening for electrochemical activity. Thin films have been used previously in the
literature!®®1%° and may serve as an excellent platform for studying fundamental reaction
mechanisms and failure modes without the influence of carbon additives used in coin cells. Such
additives may reduce the stability of the electrolyte!®® and will need to be addressed in the future
but this is not the main goal of research at this preliminary stage. Besides good electrochemical
performance, this configuration is easy to fabricate via dropcasting or electrodepositing material
onto the glass, and easy to transport for XRD, XPS, and other kinds of materials characterization
before and after electrochemical testing.

Results from TGA and XRD for the V20s-nH>0 gave inconclusive results for the sample
annealed at 240°C (Figure 15a and b). The water content from TGA suggests that n ~ 0.5 at
240°C, while XRD showed that the transition from the xerogel (~11.7 A layered spacing) back
into orthorhombic V20s (~4.34 A) occurs somewhere between 120 and 240°C. This discrepancy
is not uncommon based on other literature results,*%5%7 but will be worth revisiting in more
depth later and may be a consequence of the different heating environment between the TGA and
the furnace annealing steps.
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Figure 15. a) Duplicate TGA results for dried V205 xerogel annealed at 240°C for 3 hours. The
ramp rate (5°C/min and the temperature range was 0-500°C b) XRD patterns for xerogels
annealed at room temperature (ambient, blue), 120 (red), 240 (green) and 350 °C (purple).
Although full electrochemical and materials characterization is not complete, initial results

show the importance of the electrode-electrolyte interface (Figure 16). Whereas conventional
wisdom suggests that slow solid-state diffusion limits cathode performance, this result shows
that the same material may show completely different electrochemical responses in different
electrolytes. Since many cathode studies are performed with only one electrolyte, it is easy to
envision the possibility that a perfectly good cathode material may have been tested with an
electrolyte that does not support Mg electrochemistry. This intuition is supported by one of the
few studies on the cathode surface for MosSs.! Fast kinetics are attributed to this material
(Chevrel phase) in APC because of its low desolvation energy moderated by Mo-CI-Mg bonds.
In contrast, oxides do not have low-energy surfaces that show exposed V or other metal sites and
do not benefit from this same mechanism. Although this result is only preliminary, it provides

guidance for future studies of cathode materials.
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Figure 16. No electrochemical activity is observed for vanadium oxide using APC as the
electrolyte, but cyclic voltammograms of the same material in Mg(TFSI)2//glyme/diglyme shows
redox peaks consistent with intercalation.

3.4. Conclusions
Preliminary electrochemical studies have demonstrated the advantages of a well-designed

three-electrode setup over standard two-electrode coin cell configurations for Mg battery studies.
Going against common operating procedures, we have identified carbon felt as a robust
alternative to magnesium metal foil at both the reference electrode and the counter electrode. We
also show that FTO glass shows higher stability than any of the most common current collectors
for magnesium electrochemical tests — even platinum. Coating thin films on this inexpensive

glass is a good platform for both electrochemical and future materials characterization. Lastly,
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we show that the cathode-electrolyte interface offers a rich opportunity for studying cathode
materials once it is understood that limitation to diffusion alone cannot be responsible for the

poor performance of magnesium cathode materials to date.
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Chapter 4. Implications for Future Research on Magnesium Batteries
These results provide avenues to make progress at both the cathode-electrolyte and anode-

electrolyte interfaces. Here the goal is to streamline our current electrochemical setup so that we
not only have infrastructure and protocols that work but also the understanding behind why our

setup works.

4.1. A Reliable Mg Quasi-Reference Electrode
At the anode, we will work to improve the understanding of the MgF2 coating. The growing

body of work on Mg?*-conductive coatings’”®> demonstrates that the magnesium SEI layer need
not be as detrimentally passivating as once believed. Between our results® and other recent
publications,’®'* there appears to be something special about magnesium halides in particular as
ionic conductors that has gone unobserved until the past few years. However, our results
contradict the Aurbach group’s understanding of MgF> as an insulator®2%2 and will likely require
more work to resolve this discrepancy to the community’s satisfaction.

Regardless, a theme in many reports is that deliberate care is often not taken in the design of
the Mg-electrolyte interphase layer, and as a consequence it is generally inappropriate to use
untreated magnesium as a reference electrode because the surface reactions are not well
characterized or characterizable (Figure 12).12° A reliable reference electrode must have a well-
known potential that is stable over time. In addition, it should be non-polarizable (i.e. its
potential does not change as current is passed through it), especially when tests are performed
using 2-electrode cells like coin cells. By combining this insight from our cathode screening
setup with the results from symmetric cell test of MgF2-coated magnesium (Figure 5b-d), it may
be possible to determine if the coated Mg metal is a suitable quasi-reference electrode.

The low overpotential and high reversibility of the coated metal foil suggests that it could be

a good reference electrode for magnesium studies. There has not been a thorough analysis of
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magnesium reference electrodes to date, so by extending this work could be the first to
characterize a reliable reference electrode for magnesium. On top of this, Mgl is under
consideration as an alternative to using MgF- (and dangerous HF solutions).”® By characterizing
both Mg halide coatings, it may be possible to determine if either coating is privileged as a
reference electrode or if these coatings in general make magnesium electrochemistry consistently
more reliable.

In fact, the dearth of reliable reference electrodes is not unique to Mg, and plagues other non-
Li battery technologies.*?>% |f successful, our study could then be generalizable to other
systems such as Ca or Na batteries and have significant impact on the subfield of nonaqueous

electrochemistry.

4.2. Systematic Electrochemical Screening of Magnesium Battery Cathode Materials
With or without the successful development of magnesium-based reference electrodes, we

have developed a simple setup for electrochemically screening prospective magnesium battery
cathode materials. Its key features include 1) a simple design based on 3-electrode beaker cells,
2) a wide operating voltage range thanks to the FTO current collector and Mg(TFSI).-based
electrolyte, 3) compatibility with electrolytes that don’t require complicated organometallic
syntheses, 4) reliable voltage measurements based on the activated carbon quasi-reference
electrode, and 5) rapid preliminary screening of surface compatibility using multiple electrolytes.
Taken together, these features circumvent known problems in magnesium battery experiments
and results.

To make this a more compelling publication, it is worth proving that our setup reproduces the
results of other well-characterized materials such as V2058 and MogSs.>® More thorough
electrochemical analysis (e.g. cycling at different rates) is required here, and follow-on

characterization of the electronic and crystal structure should be applied (e.g. XRD, XPS, XAFS
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and other spectroscopy or microscopy techniques as appropriate) on order to guide further
development and improvements of “hits” that come from the screening of cathode materials.
Two important variables that have not been thoroughly investigated and controlled for are the

effects of trace water®®

and MgCl; as an additive,® both of which are known to have significant
impact on magnesium electrochemistry.
This will serve as a template, both for screening new magnesium battery cathode materials,

but also for re-evaluating materials that may have simply performed poorly based on faulty

assumptions of the electrochemical system.

4.3. Development of Positive Electrodes for Magnesium Batteries via Defect
Engineering
Once the infrastructure and electrochemical understanding has been fully developed and

promising materials are identified for further research, this opens lines of inquiry that are more
traditional to the Cao lab. Two examples include how growing different facets or controlling
defects change the surface energy and performance of sodium- and lithium-ion battery cathode
materials.}70171

Insofar as cathode-electrolyte compatibility has masked the true performance of cathode
materials,'*3 the development of new coatings or introducing surface defects may help catalyze
the desolvation of Mg?* at the cathode surface (and MgF2 has been suggested as a potential
candidate for this role as well').

Further, bulk doping of F into MoOs has been shown to be another strategy to improve
cathode performance.'’213 The authors attribute this to the modulation of the crystal structure
and reducing the barrier to Mg?* diffusion in the host material. Dopants and/or materials that

possess greater hybridization between the metal center d orbitals and the ligand p orbitals are
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also believed to help increase electronic conductivity and bear the burden of absorbing the
divalent charge of Mg upon intercalation.*’*17

If the improved interfacial understanding has limitations and diffusion remains the biggest
issue (of which I am not convinced), there are design rules we can turn to for addressing the slow
solid-state diffusion.t’® Other familiar techniques include nanosizing the cathode material, as

shown in the case of several magnesium sulfides,*’’

and modulating the interlayer spacing of
layered materials, such as vanadium oxide xerogels.'®® This snapshot provides myriad
opportunities for fine-tuning prospective cathode materials that pass muster at the screening

stage.

4.4. Against “Sluggish Diffusion”
Our results have highlighted the twin possibilities that a) many magnesium battery cathodes

have been tested under anodically limited conditions and b) the poor performance of certain
cathode materials may be artificially masked by the inappropriate choice of electrolyte. Both cast
doubt on the assertion that “sluggish diffusion” (owing to greater electrostatic forces from Mg?*)
accounts for the poor performance of magnesium cathode materials. Other times, researchers
hedge by referring to “sluggish kinetics” which is technically true but imprecise as far as the
source of this effect. In any case, slow solid-state diffusion is taken at face value in many
magnesium battery papers.

A growing body of work already shows that this is an incomplete understanding. For
example, desolvation energy is going to play a much larger role as a potential rate-limiting step
for Mg than analogous Li batteries. #6178 Since 2009, the Aurbach group has argued that solid-

state diffusion alone cannot account for the poor performance.!®’ Instead, the cathode’s ability to

defray the additional strain on the crystal or electronic structure from adding or removing two
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electrons per Mg ion appears to be a better explanation for the good performance of MoeSg and
the poor performance of others.

On top of this, we have shown that V.Os is compatible with Mg(TFSI)2 in glyme-based
solvents, but not compatible with APC in THF. The Aurbach group has found the exact opposite
to be the case with M06S8 — it functions with APC as the electrolyte but not Mg(TFSI)2.1" In
another instance, changing the solvent affected the performance of a Mn,Os electrode with APC
as the electrolyte.'8 Using tetraglyme as the solvent lead to a fraction of the capacity obtained
when dimethyl ether (glyme) was used in the APC electrolyte, pointing to the importance of
removing the coordination shell for Mg electrochemical activity.

In another context, both the chevrel phase (MoeSs) and MoO3'33181 performed differently
based on how the Mo metal center interacts with Mg at the surface, which in turn has its own
complicated bonding with salts and solvents in the electrolyte. In particular, Mo in the chevrel
phase helps to catalyze the removal of CI" counter ions bonded to the MgxCly monomers and
dimers in solution, whereas Mg(TFSI)* is easier to pull apart at the MoOs surface than MgCI™.
There are many more such examples where researchers have observed different electrolytes offer
different performance with the same material, but do not seem to draw the conclusion that
cathode-electrolyte interfacial issues may have greater significance than slow solid-state
diffusion alone.

Although it may be a Sisyphean task trying to get around this mental inertia,'®? | believe it
would be worth summarizing our findings and the findings of others to explicitly make the
appeal to consider surface processes rather than bulk diffusion as the rate-limiting step for

magnesium battery cathode research.
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4.5. Towards High Energy Full-Cell Magnesium Batteries
In the longer term, it is conceivable that a suitable anode (likely with some kind of coating),

simple electrolyte (likely based on Mg(TFSI)2 or other simple salts), and cathode material could
be found and optimized to work harmoniously together. Additional characterization would be
required to move from the 3-electrode beaker cells used so far to (reliable) coin cell tests or
another custom-designed cell configuration. At this point, magnesium battery materials research
would begin to resemble that of today’s well-established Li-ion protocols in order to boost the
energy density, power density, and longevity of such cells for commercial applications. This
remains a long way off, but our hope is that this work plays a part in the relay race toward

practical magnesium batteries.
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Chapter 5. Battery Data Analytics for Electric Aircraft

5.1. Introduction
As battery costs continue to drop and new battery-enabled technologies are brought to

market, an ever-increasing amount of data is generated. A common refrain is that “data is the
new oil,” in that it is an abundant resource that can enable rapid technological development, but
must also be refined before it becomes valuable. This is especially true for the battery industry,
which is inherently multidisciplinary, leading to datasets that are generally not opening available
and offer low interoperability. Battery data science encompasses many scales and applications,
ranging from density functional theory, physics-based modelling to managing and maintaining
MWh battery systems in the field. Here we constrain our focus to data engineering and data-
driven modelling (i.e. machine learning) to forecast health, specifically in the nascent application
of electrified flight.

The emerging electric aviation industry is drawing attention from both defense and private
industry. The use of distributed electric propulsion technology will revolutionize the future of
military operations, relief and humanitarian operations, and benefit the US economy as a whole.
The benefits of electric aviation include lower operation and maintenance costs, environmental
sustainability, and freedom to operate without runways when vertical take-off and landing (VTOL)
capability is employed.

The development and assessment of energy storage systems is critical for this new
environment. In contrast with automotive electrification, the aerospace and aviation markets
demand higher performance and more stringent safety requirements. The standard operating
procedures for electric aviation have not yet been defined, and there are gaps in understanding of

battery safety and reliability as these systems age. This poses major challenges both for the
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certification agencies who must define these new safety standards or procedures, and the
manufacturers who must implement these new processes.

In order to address this challenge, significant investments in telemetry and battery systems
have been made, but the value of that data has not yet been realized. In the following chapters we
report our approach to develop the data infrastructure necessary to extract insights and value from
raw data across the life cycle of the battery, from initial R&D and acceptance testing all the way
through operations and eventual end-of-life (EOL) decommissioning (Figure 17). By combining
cell-level understanding of battery health with state-of-the-art machine learning methods, this will
help inform the development of new SOPs for battery pack manufacturing, in-flight operations,

routine maintenance, and EOL determination.

Data Analysis & SOH Cell and Module Testing

[T
A
A 4

/9\.‘ ;
@ astrolabe BHA ;Iight Test / Telemetry

-

Health & EOL Assessments , ! /
! = =

Figure 17. The goal of this proposed project is to combine battery analytics with R&D and
operations data from EVTOL startup Beta Technologies to bring safety and high performance to
electric aviation.

5.2. Model Development with Machine Learning
This section outlines the typical process for developing a model with machine learning (ML)

methods. Like the scientific method is the gold standard for scientific hypothesis testing, there
are established procedures and accepted norms for applying ML to a new problem. The first step
requires the goals of the model and the project to be defined. The type of model is defined based
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on the desired output and input data. Once the model has been selected, the data that is available
for developing the model is inspected and divided into different data sets. Some data is used for
model training and validation, while other data is withheld from the model development
procedure altogether. The training and validation data sets are used to develop features, which
are the input data to the model, using a variety of domain-specific and data-specific data
exploration methods. The features are then used to train and tune the selected model(s) with the
primary objective of optimizing the model’s quantifiable performance. Finally, the optimal
model is applied to the withheld data to see if the model continues to perform well on new data.

Each of these steps is described in further detail in the remainder of this section.

5.2.1. Model Selection
ML models are a class of algorithms that self-optimize and improve their performance based

through experience. Typically, experience comes in the form of data. Data generally consists of a
vector of values, x, corresponding to a single sample. The model takes the data, applies a
transformation to the data, and provides an output, y, also called the outcome variable, which
may be a scalar or a vector. Generally, as the number of samples increases (i.e. the size of the
data set increases) the model’s performance increases.

In general, two types of ML algorithms exist. They are unsupervised learning and supervised
learning. The distinguishing feature between these two approaches is the type of data used for
model development. In supervised learning, each sample in the data set includes the correct
desired output (i.e. both x and y are known). In unsupervised learning, the output (y) is not
known at the time of the training. Supervised learning typically performs much better than
unsupervised learning, and is used in the ML algorithms in this work. Two common types of

algorithms in supervised learning are regression and classification. Note: this section is not
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exhaustive; other partially-supervised and reinforcement learning approaches exist and are not

included here.

5.2.2. Regression & Classification Problems
Supervised learning algorithms include regression, neural networks, support vector machines,

and classification. Regression, neural networks, and classification algorithms are used in this
work. Regression algorithms use the input features, X, to estimate a numerical value.
Classification algorithms estimate the probability that the sample belongs to a specific category
(i.e. values between 0 and 1). Neural networks can be used for classification or regression.

The first step to developing a model is deciding whether a classification or regression algorithm
is appropriate. Classification models can be developed with very high accuracy if binning
samples into different categories is the most important aspect and are scored in a very
straightforward manner. Accuracy of classification algorithms is based on whether the algorithm
correctly labels a sample into the correct category. Regression analysis, by contrast, is useful
when a specific number is desired, but is generally more difficult to quantify. Regression models
are scored using a predefined loss function, though auxiliary score functions may also be used to
quantify their performance. The loss function is used as a guide against which the model is
optimized; parameters in the models are tweaked to minimize the value of the loss function.
Once an algorithm has been selected, the data must be prepared for model development.

It is critical to point out that the available dataset must be divided into three separate groups (at
least). The three groups are: training, validation, and test data sets. The training and validation
data are actively used in the model development process, while the test data set is withheld
completely until the model has been completely developed. This allows the model to be scored
on data that the model has never seen before, and data that was not used to develop the model.

Ideally, a random split of all the data is used to generate the three groups.
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5.2.3. Data Exploration and Feature Development
Data exploration is an extremely important stage for developing a ML model. When a ML

model is developed from scratch, or new features are developed, this stage can take a significant
amount of time, effort, domain-specific knowledge, and ingenuity. During the data exploration
phase, a variety of different features are developed. Note that during the data exploration phase,
ideally the training data is used for developing features. In low-data situations, the validation
data may also be used.

Recall that the input features, x, are the inputs to the ML algorithm. During this phase, we
aim to generate features that exhibit correlation, or covariance, with the desired output values, or
outcome variable(s). In general, there may be some linear or nonlinear relationship between the
raw, unprocessed data and the desired outcome variables. During the data exploration phase, the
raw data must be transformed into features that (ideally) correlate strongly with the outcome

variable to empower the ML algorithms.

5.2.4. Training and Tuning the Model
Once features have been developed and exploration has been completed, the model is trained

with the training and validation data sets. The training data is used to optimize the model while
the validation data is used to automatically tune the training hyperparameters. Overall, an
optimal model is produced given the input features using the data in the training and validation
data sets. Again, test data is never used during training or for guiding the model development.
When the model is completely trained, a variety of plotting approaches can be employed to
visualize the model’s performance. In some situations, it can be beneficial to review the results
and inspect major outliers (where the model fails). The outliers may either be due to failure in the
data processing pipeline where features are generated incorrectly or show a parameter subspace

where the model starts to fail. These are helpful insights for guiding the training and tuning
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process, fixing feature generation code, and identifying areas where a new model may be

required.

5.2.5. Inspect Test Data Results
Once the model has desirable performance with the training and validation data, the model

can be tested on the test data. The test data represents the closest thing to ‘new’ data that the
model could see, since it was not present during the training or feature development process. It is

common to show the performance of the model on training, validation, and test data sets.
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Chapter 6. A User-Friendly Environment for Battery Data Science

6.1. Introduction
It is well understood that electrochemical energy storage using batteries represents a space

prime for innovation. However, one of several bottlenecks for the commercialization of new
battery technology is at the level of battery research and development. Teams of battery
scientists, engineers, and technicians are faced with an array of data management challenges as
they test battery performance. Labs may test hundreds or thousands of cells in parallel, with each
cell generating megabytes or gigabytes of data, depending on the nature and duration of the test.

As a given battery lab grows, routine data analysis becomes onerous. Different pieces of
hardware are accompanied by proprietary software and mutually incompatible data formats that
does not scale well over time. Furthermore, while R&D teams are composed of chemists,
material scientists, or other engineers, expertise around software development, IT, or data
science often falls outside a team’s core competencies. As a result, battery engineering teams
often lose 25% of their time on rote data management and analysis chores using fragile legacy
software solutions. This problem is extant across all stages of the battery value chain - from
when raw materials are refined to assembly into electrodes and other subcomponents, all the way
through field deployment and commissioning.

This lack of standardization slows down individual researchers, their team’s project
timelines, and any collaboration between groups. While MS Excel VBA macros are still
commonplace, a growing body of software tools and solutions have been developed that each
address different aspects of this problem space. This includes, inter alia, commercial software
from Voltaiq,'® the Battery evaluation and early prediction software package (BEEP),'®* the
Dahn research group’s Universal Battery Database, ' cellpy developed by researchers at IFE

Norway,® Battery Archive,'®” and Galvanalyser.' Preliminary concepts for a battery data
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genome have also been proposed to help develop best practices for working with and sharing
data.5!

Here we report a suite of workflow tools for battery researchers to lay the foundation for
future battery infrastructure and innovation. The platform integrates with major hardware
vendors to extract data from installed hardware and load it into a cloud database. A second effort
incorporates analytics for routine data visualization, dashboarding and reporting using a web
application to save time and provide greater visibility for battery data stakeholders into their
testing data. Third, we employ Jupyter Notebooks'® as a web-based API for custom scripting
and an environment for battery data science. The platform promises to accelerate battery R&D

and shave significant time off product development efforts.

6.2. Technical Details
This platform is designed to simplify data management for companies across the battery

value chain:

1. It streamlines data cleaning, the most tedious in any data analysis project. By integrating
our cloud-based software with the hardware installed on-site, we automatically port raw
test data into a unified and useful format for analysis.

2. It provides advanced data visualization and analytics tools. Hours of analysis can be done
in minutes or seconds to generate standard plots and statistics for cell capacity, voltage
profiles, as well as more involved analyses like incremental capacity®® or other user-
defined functions. Templates for standard battery performance metrics can be generated
with a few clicks, and more advanced analyses that were previously time-prohibitive are
now built-in functions. This is particularly important for battery developers where
thousands of battery cells may be tested simultaneously, each being cycled thousands of

times.
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3. It provides an API for custom analysis and reporting. Our reporting tools provide
templates that automatically generate reports that are meaningful to executives, investors,

and other non-scientists.

6.2.1. Data ingestion
The breadth of different hardware vendors and file formats for battery testers and

potentiostats leaves plenty of room for standardization. The first task of the system is to take in
data from disparate sources and collate it into a common data structure. To date, the set of
supported hardware and file types are shown in Table 7.

Table 7. The platform currently supports datasets from the following hardware vendors in the

specified file formats. *Note that many vendors have many different software versions that have
been deployed over time, and not every such version may be supported yet.

Hardware Supported File Formats*

Vendor

Admiral Excel, .txt

Instruments

Arbin Instruments | .csv, Excel, .res

Basytec xt

Biologic .mpr, .mpt

Land/Landt Excel

Maccor .csv, Excel, .001 (CSV
with channel as file
extension)

Neware Excel, .nda

Novonix .CSV

Versastat par

Data may be uploaded in two ways: a) by uploading discrete sets of files using the web
interface (Figure 18), or 2) by downloading a tool to automatically monitor a given local
directory and uploading the test data in that folder (Figure 19). The automatic process can be set
to ingest new data on a schedule specified by the user in the case of tests that are actively
running (e.g. once every morning at 5am). This client-side application uses the .NET WinForms

library.
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Project Name (Required):

testl]

Optional fields

Select file or Drop file here

X LG_M50_ARC_CYCLING_TEST_1_181128.res 2

ady to upload

x LG_M50_CYCLING_ARC_TEST_12052018.res 2 Gt

dy to upload

X LG_MJ1_0293_LowDOD_dQdVRPTat_181009.res 116

Figure 18. Example screenshot of three Arbin .res files being uploaded.



@ aStrOlabe General Settings  Directories  Naotifications

Add/Edit Directory @
Add Acd
plder

)

Directory: |C:'-.Users'-rcm'-.Desktop'-.Upload Falder | Browse...

Filename Parsing Existing Projects loaded.

() None (7] (O Do not ovenwrite existing projects (7]

@ Server (@) Overwrite existing projects

When Dene Parsing File

O Delete File o
(® Move File  |C:\Users\rem'Desktop'Uploaded | Browse..
Scheduling

O Immediate (7]

(® On Schedule  Edit Schedule...

Save Cancel

Figure 19. User interface for the automatic upload process.

6.2.2. Database Server
The next component of the system is the database, which is SQL Server 2017. The actual

files that are uploaded get stored using Amazon Web Services’ Simple Storage Service (AWS
S3). A configurable retention period is used to delete previous versions of files older than 365
days to avoid using up S3 space.

Web browsers accessing the web app form another client-server connection. The web app
runs Angular 11 in the browser and ASP.NET on the server. The server exposes most of the data
and functionality using either a RESTful API or via OData. The web app connects to the
database server over SSL.

Sharding has been implemented to enable scale out, which plays a role in how the data is
structured. For battery testing data, the master node in the sharding implementation holds the

following primary tables:
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Projects: Holds project metadata. A row in this table represents the data for one test channel.
Some file formats contain multiple channels for a single file, so there will be multiple rows
created in those situations. Most metadata can be modified by the user via the web app.
Examples of the metadata that can be stored here include the filename, file size, number of
cycles, active material loading, and other relevant data. See Appendix for further details.
ProjectTags: Allows the users to attach their own arbitrary additional metadata to the project.
This is essentially a key/value table that has a relation to the project row that it is connected to.
Columns are:

Id

Name

Value
Projectld

The shard nodes contain the actual data. There are only three tables in our shards:

DataPoints: This is the raw time series data. Based on how different hardware handles data

logging and acquisition, not all file formats have data for every column in this table, although we

calculate those values when possible. Columns include:

Id

Capacity
Current
Cyclelndex
CycleStep
Energy
Index
Power
Projectld
Temperature
Time
Voltage
StepIndex
WallTime
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Resistance

Cycles: This table contains pre-computed cycle statistics generated from the DataPoint data
parsed from the file. This is generated as part of file parsing. Columns include such data as

(dis)charge capacity, energy, and power and their statistics (e.g. maximum or minimum power).

6.2.3. Web Application
Detailing every feature of the web app is beyond the scope of this report, but there are a few

key operations. Specific usage examples will be given in the next section on Example Use Cases.

Upload: As mentioned above (Figure 18), this is the intake of data. The user selects one or
more files for upload. The files must have an expected file extension (Table 7), and a Name is a
required field. Other metadata fields are available for entry as well as ability to specify
permissions. Files are split into chunks to accommodate large file uploads. These chunks are
uploaded to a REST endpoint. Once all chunks are uploaded, each file gets a job assigned to it to
parse the data and store in the database. Jobs are executed with a tool called Hangfire.

Project List: This shows a list of projects the user has uploaded and available. The list is
retrieved from various OData endpoints depending on what list is being viewed. An example of
this GUI is shown in Figure 20. Items in black have been uploaded and processed, whereas grey
text means that it is currently being processed, and red text means that an error has occurred (for

instance in the case of data that does not fit a recognized format).
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Files
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Silicon Anode_Si-SiC-04_...
Silicon Anode_Si-TiC-01_...
Silicon Anode_Si-TiC-02_..

Silicon Anode_Si-TiC-03_...

Figure 20.

Test Name

Si-B4C-01
S5i-B4C-02
5i-B4C-03
Si-B4C-04
Si-SiC-01
SIi-SiC-02
Si-SiC-03
Si-SiC-04
Si-Tic-01
Si-TiC-02

Si-TiC-03

Test Type

Rate Performance
Rate Performance
Cycling
Cycling
Rate Performance
Rate Performance
Cycling
Cyeling
Rate Performance
Rate Performance

Cycling

Report
Builder

Y

Admin

-

e Size

8.36 MB

576 MB

596.55 KB

102367 KB

1.55 MB

146 MB

2.53 MB

2.53 MB

2.02 MB

2.11 MB

585.83 KB

66586 KB

2.35MB

Hardware  Hangfire
B W

Channel # cycles

306
41 51
45 7
76 29
7 27
27 51
61 51
24 38
67 40
84 5
85 7
T4 44

Light

Search Database.

Created At

8/12/2019, 12:54 PM

8/12/2019, 12:54 PM

8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM
8/12/2019, 12:53 PM

8/12/2018, 12:53 PM

Support

A

&

Send a demo ¥
Suggestion

Q Filter Projects.

Screenshot of the homepage for selecting data for further analysis.

Plotting: Once one or more projects are selected, they can be plotted. The basic built-in

functionality allows users to select an independent variable for the x-axis from a dropdown menu

(e.g. cycle number, or capacity, or time), and then select up to two dependent variables for the y-

axes (e.g. for plotting capacity and coulombic efficiency vs. cycle number, Figure 21).
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Figure 21. Example screenshot plotting cycling statistics.

The client sends the list of projects along with information about which plot is requested as
well as parameters for the plot. Other parameters may have already been stored as defaults on the
server side. Using all these parameters, the server sends back data points that are then plotted
using CanvasJS.

It is worth noting that many different projects are used to provide functionality in the web
app, although the client side uses DevExtreme GUI components and CanvasJS for chart
generation.

Users can belong (optionally) to one or more Organizations, which are essentially groups of
users. Users may assign projects to an Organization for sharing across a given team, or from their

organization to a downstream data stakeholder.

6.2.4. Jupyter Notebook
Jupyter Notebook comes equipped with kernels for several different languages without

installing anything. This allows power users to put together custom scripts and analytics for use

cases that are not built-in to the core webapp. Users can query the database using the
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project_search library. These queries return Pandas DataFrames (Figure 22). This API also keeps
our database structure, and more specifically the querying of data cross database shards agnostic.
That is, users can specify certain projects and then additionally specify whether or not to include
time series data (query.includeDataPointData()), cycle statistics (query.includeCycles()), and/or
other custom metadata about a given project query.includeProjectTags()).

Users will find the standard set of scientific computing libraries preinstalled (such as
NumPy, ! SciPy,'%2 Matplotlib,® scikit-learn,!** and pandas®®®), as well as libraries for
advanced visualizations (Altair'®®), and battery-specific tools such as cellpy*®® and Pybamm.%’
We are interested in collaborating with the wider community to establish best practices and
interoperable tools and solutions for data pipelining, data-driven modeling and other applications
based on this work to date.

Jupyter (via Jupyterhub functionality) is distinct from web app functionality. The only link
there is that the web app is used to provide authentication information to Jupyter, specifically, to

which Organizations a user belongs.
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import matplotlib.pyplot as plt
d
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[4]: | # Hers we are looking for files with "181115" in the name

Figure 22. Screenshot of Jupyter Notebook interface and sample query using the project_search
library.

6.3. Example Use Cases
While this is not intended as the full documentation for the software, a few illustrative use

cases are presented here.

6.3.1. Getting started
A preliminary video tutorial for new user registration, uploading data, and basic plotting of

cycling statistics, voltage profiles, and differential capacity plots is available from Ref. 1%,

6.3.2. Templates for Generating Voltage Profiles
For frequently generated plotting, users may build a template that produces a reproducible

output for a given plot. For example, users may select Voltage vs Capacity from the Templates
dropdown menu and specify an interval or custom range of cycles to generate a re-usable
template for voltage profiles (Figure 23). Additional optional settings for chart formatting are

also available in this menu.
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Figure 23. Example screenshot of the cycle selector tool used to generate a template for repeated

analysis.

6.3.3. Differential Capacity Analysis
Differential capacity or incremental capacity analysis are diagnostics that have been

identified as leading indicators of battery degradation.?°1%%:200 By taking the numerical
derivative of capacity stored (discharged) over a given voltage step size, peaks emerge that
correspond to phase transformations that are characteristic to a given battery material chemistry.
Over time and with cycling, peak intensity tends to go down as capacity decreases and peak
position will change as the internal resistance and electrochemical overpotentials change (Figure
24). As such, this is a useful tool for battery health forecasting. For example, shifts in the
potential where Li intercalates into graphite are known to emerge before capacity fade is

noticeably affected.?0*2%2
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Differential Capacity Analysis (Cycle #6, 58, 110, 162, 214, 266, 318):

Figure 24. Advanced analyses such as differential capacity analysis can be used to resolve the
evolution of electrochemical processes over time. Using built-in capabilities already deployed,
we find peak position and intensity changes during cycling, suggesting an evolution in
overpotential and loss of capacity.

6.3.4. Galvanostatic Intermittent Titration Technique (GITT)
The webapp provides functionality that covers many but not all routine battery data analysis

applications. GITT is an example where Jupyter can be deployed to cover those applications not

natively supported in the webapp, and give the user the ability to write and run custom scripts.
Taking data from a GITT measurement made using a Maccor battery tester, a basic Jupyter

Notebook document can be written to run the analysis and print the desired output (Figure 25).
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Figure 25. a) A portion of the Python script and b) output figure generated for GITT analysis.

6.4. Conclusion
Modern software and data science tools allow for many new opportunities to better equip

battery scientists and engineers. While battery modeling researchers are familiar with tools such
as MATLAB and Python, many experimentalists do not have this background. Here we
described a platform for battery data management and analysis that allows users to streamline
data chores and more rapidly iterate on data-intensive projects and hypotheses.

This platform is a web-based application that consists of workflow tools to run the standard
analyses familiar to any battery materials scientist or engineer, as well as an API based on
Jupyter Notebook for more advanced custom analyses.

Our goal is to help grow an ecosystem of battery innovators that builds on the similar work
of others in this community, with the objective of tightening the feedback loop between basic
science at academic institutions and applied engineering that takes pace in industry to advance
battery technology. We are eager to collaborate with others in the battery community to build on

this work and help develop standards for battery data best practices.

76



77



Chapter 7. Battery Lifetime Forecasting for Cell Qualification and Validation Testing
using Neural Networks

7.1. Introduction
As costs fall and energy density increases, lithium-ion batteries service a growing range of

applications. However, battery safety and reliability remain challenges because of the wide range
of duty cycles, operational environments, and manufacturing conditions these nonlinear
electrochemical systems are subject to.

Accurately predicting battery lifetime is an active area of research and development across
industry and academia.?%®-2%° Ensuring battery safety and performance is critical across all stages
of battery development (from R&D, materials development, cell design and manufacturing) and
end-use applications (consumer electronics, automotive, aerospace). Cell cycle life is a critical
input for warranty design and plays a role in other product design and validation steps, such as
cell qualification by a cell integrator, or for cell binning and grading, either at end-of-line testing
for the cell OEM or by the customer during battery pack assembly. For a battery pack
manufacturer, improved cycle life forecasting allows for grading cells without sole reliance on
the cell OEM. This in turn allows the pack manufacturer to run a tighter quality control process
that reduces cell-to-cell variation that hurts pack performance and reduces overall risk.

It is common practice in industry to develop a multidimensional model for battery
performance and interpolate through lookup tables based on datasets generated over a wide
enough range of test conditions. For example, cells may be tested across current steps such as
0.2C, 0.5C, 1C and 2C, temperature steps from -20°C, -10°C, 0°C, 20°C, and 40°C, and states of
charge from 0 to 100% in 10% increments. Then once this model is developed for a given cell,
the product developer can incorporate the expected duty cycle defined by application for
accurate cycle life estimation. However, this is a expensive process that may take weeks or
months to draw conclusions.
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Others have published work on data-driven methods for battery cycle life prediction, most
notably catalyzed by the work of Severson et al.?* A recent report from the same group built on
that work to study and optimize fast-charging protocols using the first 100 cycles of test data.?%
Another report used only the first 50 cycles to perform accurate predictions and developed the
concept of knee onset (where capacity fade begins to accelerate), which is shown to predict and
precede end-of-life.?%” An automated feature selection process has been used to find inputs for
data-driven prediction with high accuracy, and found calendar aging and time spent in certain
voltage ranges to be significant impacts on capacity fade.?%® A recurrent neural network that uses
features derived from incremental capacity analysis (corresponding to degradation mechanisms)
has been demonstrated for cells with lithium titanate as the anode and a blended NMC-LCO
cathode.?®® Many other examples are available in the literature.

Using battery test data published in open repositories, we extend the model developed by
Severson et al. to predict cell cycle life across a range of temperatures, C-rates, and industry-
relevant chemistries. Using a neural network architecture, this model can be easily extended in
the future to incorporate both new features and new data as both are made available to improve
the accuracy of its forecast.

This work highlights the value of data-driven methods for solving industry-relevant
problems, as well as the value that can be unlocked by making test data openly available to the
wider battery community.

7.2. Preliminary Cell Lifetime Prediction

The first milestone of our NSF SBIR work focuses on reproducing state of the art cell life

prediction algorithms.?®* The cited work focuses on developing novel ML features and applying

the features to both a regression and classification model. The regression model aims to predict
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the true cycle lifetime of a cell given cell cycling data from the first 100 charge-discharge cycles.
The classification model aims to classify cells by whether they will last longer or shorter than

550 charge-discharge cycles using cycling data from the first 5 charge-discharge cycles.

7.2.1. Feature Development
In the cited work, three batches of batteries were tested. The first batch of batteries was used

as the training data set, the second batch as the validation data set, and the final batch as the test
data set. The training and validation data sets are used to develop features in the model. In our
work, we focused on developing the features shown to correlate with the cycle life in the
research paper. Details of these features and the experimental procedures necessary to generate

the features are provided in
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Figure 38. Performance metrics of the neural network with respect to different operating

temperature.
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Figure 39. Performance metrics of the neural network with respect to different depths of
discharge.

7.4.1. Model Features and Experimental Tests .
As previously mentioned, it is critically important to ensure that the features exhibit some
correlation with the output variable. One of the steps in our development process is to generate

the covariance plots, which are shown below in Figure 26.
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Figure 26. Features generated to train the regression models.
In each of these plots, the feature is plotted on the x-axis while the y-axis shows the cycle
lifetime. It is evident that the first two features have strong correlation with the output variable.
The other features exhibit lower correlation but prove useful for training the models. A fuller

discussion of the significance of these features will be provided later.

7.2.2. Model Training
The regression model is trained using a regularized loss function for regression. The loss

functions can be stated as:
® = argmin, ||y — Xw||3 + AP(w)
Plasso(w) = ”wlll

1—«a
Pelastic(w) = T ”w”% +a ”wlll; a € [0,1]

where w is the vector of feature weights, or loadings.
The first term in the loss function is the reconstruction loss, which quantifies the difference

between the predicted values and the true values. The second term in the loss function is the
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regularization term. The regularization term is added to the loss function to minimize overfitting
of the training data when training a model and impart other properties depending on the type of
regularization employed. Two regularization strategies are employed in this work: lasso and
elastic net. Both lasso and elastic net regularization strategies aim to achieve a property called
sparsity, wherein only a subset of the original features are used to predict the outcome variable.
This enables data scientists to find the best correlative features to use in combination to achieve a
tradeoff between number of features and model performance. Furthermore, some studies have
shown that sparse solutions often achieve equivalent or better performance and exhibit superior
extrapolation to datasets with parameter and feature ranges that differ from the original training
data set.

Classification algorithms generally use a logistic regression to estimate the likelihood of an
output value given the input features. This classification optimization utilizes a standard log-loss
loss function as implemented in Python’s SciKit-Learn library. Similar to regression,
regularization can be added to the loss function. In this case, only 12 regularization is employed,

which keeps the weighting of different features small.

7.2.3. Results
Three different types of models are produced for the regression approach. The three different

types of models use different sets of features in the samples in the data set. The feature sets are
full, discharge, and variance. In the full models, all of the correlated features are used for
prediction. In the discharge models, only the features derived from the discharge curves are used,
while in the variance model on the discharge curve variance feature is used. Classification

models are developed for the full feature set and the variance-only feature set. The feature
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details, including feature set descriptions, are provided in
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Figure 38. Performance metrics of the neural network with respect to different operating

temperature.
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Figure 39. Performance metrics of the neural network with respect to different depths of
discharge.

7.4.1. Model Features and Experimental Tests .

7.2.3.1. Regression Results
The regression algorithm is scored a variety of ways in the original work. Recall the

regression algorithm aims to estimate the true cycle lifetime of the cell. The scores presented

here represent the percent error defined by the equation:

n
1 =3
Errz—zu-lOO%
ni=1 Y

where y is the true outcome variables and ¥, is the predicted value.
The regression models for the full feature set significantly outperform the results from the

previous cited work. The training and validation mean percent errors are <1% and 4.6%,
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respectively, compared to the reported results of 5.6% and 14.1%. The test data exhibits 5.2%

error (

Figure 27), compared to the 10.7% error in the paper. The discharge-only (Figure 28) and

variance-only (Figure 29) feature set models compare favorably to the previously published

results. Overall, the regression models from the prior research report have been successfully

reproduced as shown below.
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Figure 27. Observed and predicted lifetime for full model.
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Figure 28. Observed and predicted lifetime for discharge model.
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Figure 29. Observed and predicted lifetime for variance model.
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7.2.3.2. Classification Results

The classification algorithm is scored based on its accuracy. Recall that the classification

algorithm aims to categorize cells as cells that will last longer than 550 charge-discharge cycles

and cells that will last less than 550 charge-discharge cycles using data from the first 5 charge-
discharge cycles. An ‘accurate’ classification means that the algorithm places a sample into the

correct category. Accuracy is defined as the simple ratio between correct and total samples.

The classification models are presented in the following figures. The model that uses only the

variance feature achieves 76%, 83%, and 97% accuracy for the training, validation, and test data

sets, respectively (Figure 30). The full-feature model has an accuracy of over 90% for all three
datasets when classifying cells into bins of cells expected to last longer or shorter than 550

charge-discharge cycles (Figure 31). These results slightly differ from the original paper, but

overall yield good results for a low-data situation.
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Figure 30. The probability of a battery’s lifetime exceeding the lifetime threshold of 550 cycles

vs observed cycle life using the “variance classifier”. The decision boundary is 0.5.
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Figure 31. The probability of a battery’s lifetime exceeding the lifetime threshold of 550 cycles
vs observed cycle life using the “full classifier”. The decision boundary is 0.5.
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7.3. Expanding the Parameter Space

The second milestone of the effort focuses on developing a neural network which can
accurately predict end-of-life of cells covering a wider parameter space than the original work.
This is necessary as different types of lithium-ion batteries are used in varying operating
conditions based on the application. Here we use a combination of dataset used for above to
achieve proof-of-concept?® and another dataset in which the cell cycling was performed with a
larger variety of cell chemistries and test conditions.?'°

The dataset used to develop the regression models for in the previous section includes
cycling data for lithium iron phosphate (LFP) cells with only one varying parameter i.e.,
charging policy. The second dataset includes cycling data for lithium iron phosphate (LFP),
lithium nickel cobalt aluminum oxide (NCA), and lithium nickel manganese cobalt oxide (NMC)
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cells obtained under varying cycling conditions as shown in Table 8. All the cells in this dataset
were charged at the rate of 0.5C.

Table 8. Cycling conditions used to generate the dataset

Cell Chemistry
Cycling Parameter LFP NMC NCA
Temperature 15°C, 25°C, 35°C 15°C, 25°C, 35°C 15°C, 25°C, 35°C
Depth of Discharge 0%-100%, 20%-80% 0%-100%, 20%-80% 0%-100%, 20%-80%
Discharge policy 0.5C, 1C, 2C, 3C 0.5C, 1C, 2C, 3C 0.5C, 1C, 2C

7.3.1. Feature Development
The features used to optimize the neural network were selected from the same features used

to train the full model in section 7.2. The features selected can also be computed using the raw
data available in the second dataset. Since the second dataset does not have internal resistance
(IR) data, the features computed using IR data were omitted. The features used are mentioned in
the features section.

The features computed from the combined dataset were split into training, validation and
testing datasets and the neural network was optimized using the training and validation datasets.
Testing data as mentioned previously is data that has never been used for training the neural
network or tuning the hyperparameters and is used to test the performance of the model once it

achieves desirable results with the training and validation data.

7.3.2. Model Training
Neural networks in general use learning algorithms to adjust their free parameters (i.e., the

biases and weights) to attain the desired network output.?!?*2 The algorithm used in this case is
backpropagation. Backpropagation computes the gradient of an objective (also referred to as a

cost/loss/performance) function to determine how to adjust a network’s parameters in order to
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minimize errors that affect performance.?® Neural networks generate outputs only based on the

correlation formed (i.e., the biases and weights calculated using the backpropagation algorithm)

between the inputs and the outputs during the training. Hence, the training dataset must be vast

and contain relevant features to obtain accurate results.

The network architecture and hyperparameters were optimized by manually tuning them such

that the loss function of the network is minimized. The network architecture is shown in Figure

32 and the hyperparameters tuned are as follows:

1.

2.

Number of hidden layers between the input and output

Activation functions are used to introduce nonlinearity to models, which allows deep
learning models to learn nonlinear prediction boundaries.

Dropout is regularization technique to avoid overfitting (increase the validation
accuracy) thus increasing the generalizing power. The rate varies from 0 to 1, with 0
having the minimal effect.

Optimizers are used to solve optimization problems by minimizing the loss function.
Number of epochs is the number of times the whole training data is shown to the
network while training.

Batch size is the number of sub samples given to the network after which parameter

update happens.

The model is trained until the training and validation loss functions are minimized and does not

decrease with the increase in number of epochs as shown in Figure 33. The weights calculated at

the epoch with minimum validation loss are saved as model weights.
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Figure 32. The architecture of the neural network developed.
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Figure 33. Training and validation loss observed with the increase in number of epochs.

7.4. Results and Discussion
The performance of the neural network is evaluated by using the following metrics:

R2 score (Coefficient of determination):

" AN 2
) Z ()’i - )’i)
i=1

R (ny) =1 - ey

Percentage error:

Root mean squared error:

where y; is the true value and ¥, is the predicted value.
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Figure 34 below show the absolute error in the predicted lifetime of the cells and Figure 35

shows the performance metrics of the model on training, validation, and testing datasets.
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Figure 34: Absolute error observed in the lifetime prediction for cells in the training, validation,
and testing dataset.
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The following figures show the error in prediction with respect to subsets of datasets, namely

cell chemistries (Figure 36), charging rate (Figure 37), cycling temperature (Figure 38), and

depth of discharge (Figure 39). The model performs well on all the subsets with only a little

variation in error.
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Figure 36. Performance metrics of the neural network with respect to different cell chemistries.
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Figure 37. Performance metrics of the neural network with respect to different charging policies.

8000 -

7000 -

6000 -

5000 -

4000 -

3000 A

True lifetime

2000 -

1000 ~

—— Truth

15°C
25°C
30°C
35°C

R2 Score
15°C 0.98
25°C 0.95
30°C 0.93
35°C 0.88

% Error RMSE
13.12 228.27
12.92 420.14
9.37 101.82
11.77 460.52

Figure 38. Performance metrics of the neural network with respect to different operating
temperature.

0

1000 2000 3000 4000

Predicted lifetime

5000 6000 7000 8000

96



8000 -

—— Truth
. 0%-100%
20%-80%
60001 . (0%-85%
4000 -
2000 -
0%-100%
20%-80%
0%-85%
0 .

[«

Figure 39. Performance metrics of the neural network with respect to different depths of

discharge.

7.4.1. Model Features and Experimental Tests
7.4.1.1. Features and Feature Sets

2000 4000

The features used to develop each model are shown in Table 9. The three feature sets used in

the previous work?! are named full, discharge, and variance, and this work is named Neural

Net.
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Table 9. Features considered in different models.

Feature Full | Discharge | Variance | Neural Net

v
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The first four features in the table use discharge capacity curves from the 10" and 100"
cycle. The discharge capacity-voltage curves are fit to a spline, and then subtracted from each
other. The subtracted curve is used to compute statistics (variance, minimum, skewness, and
kurtosis) that are used as features. This gives an idea of how the capacity-voltage curves change
between the 10" and 100" cycle. Similarly, the classification models use the same features but
between the 4" and 5" cycle instead of the 10" and 100", The feature Q2 is simply the discharge
capacity at cycle 2. The feature QMax[2.1001-2 js the discharge capacity at cycle 2 subtracted from
the maximum discharge capacity between cycle 2 and cycle 100. The Q{199 s|ope and intercept
features fit a linear line to the discharge capacity values between cycles 2 and 100, and report the
slope and y-intercept of the linear line. The IR features select the minimum internal resistance

(IR) between cycles 2 and 100, and the IR at cycle 10 subtracted from the IR at cycle 100.
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Finally, the integral feature computes the integral of the measured temperature between cycles 2
and 100. Details for the computation can be found in the original work.2%

The choice of using a neural network has advantages and disadvantages. As we have shown,
these are powerful models that provide high accuracy. Neural nets are extremely flexible "low
bias" models that generally perform well with ample data but poorly with limited data. In low-
data settings, models with higher "bias" are preferred. Bias can be thought of as assumptions as
to how the data is related to what you're trying to predict. For example, in linear regression
models, there is a "high bias" that assumes that a linear combination of the features can be used
to accurately make predictions. As such, by taking this approach means that we can improve
performance as we add new datasets. Further, adding more data means that we can add more
features to our model in a more robust way. Nevertheless, neural networks are usually used with
surplus input features assuming the network will figure out the relationships by itself.

As neural networks are inherently uninterpretable models, it has the drawback that it will not
readily lend itself to physical interpretation.?** However, insofar as this model is designed to be
employed in engineering rather than fundamental science applications, the emphasis is on getting

to accurate predictions as fast as possible, and interpretability is not as much of a drawback.

7.4.1.2. Real World Tests
The most important developed features rely on discharge capacity-voltage curves for cycles

2,3,4,5,10, and 100. Measurements every 5-10 cycles may improve model performance, but
the relationship between measurement frequency and model performance are not currently
known. Future studies will focus on the relationship between minimizing measurement
frequency and model performance. Other features use internal resistance and temperature
measurements from the same cycles, so ideally the cycling data will include both measurements

when available.

99



We speculate that the reason that the expanded model here appears to work across three
separate cathode chemistries is because of the failure mode of these cells. Differential capacity
analysis suggests that the major contributions to capacity fade are loss of lithium inventory and
loss of active negative electrode material.?%! It is likely that solid-electrolyte interphase formation
at the graphite anode is responsible for both of these degradation modes. As such, since graphite-
based anodes are used regardless of the cathode chemistry, we expect that our model will be
adaptable immediately to Li-ion systems where the cathode is not a major contributor to
degradation. More work would be required to validate this hypothesis, but extending this insight
at the basic chemistry level to inform the development of battery prognostics and diagnostics is

likely to be fruitful.

7.5. Conclusion
Here we extended state-of-the-art battery cycle life prediction to include openly available

data across a wider range of temperatures, charging protocols, and cell chemistries using a neural
network. Using relatively sparse data, the neural network achieves percent error between 9 and
19% depending on the subset of conditions modeled in question. By design, the model will only
improve as more data is made available and as new electrochemically significant features are
discovered and integrated into the model. This model works not only with LFP cells as
demonstrated in previous work, but also is applicable to NCA and NMC cell chemistries. We
believe this is attributable to the fact that a common failure mechanism at the anode (SEI
formation) dominates capacity fade, regardless of the cathode chemistry involved. This
represents a step towards a standard operating procedure for rapid cell characterization in
engineering environments where a wide range of practical conditions need to be studied, such as

cell acceptance testing or cell validation.
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7.6. Planned Future Development

7.6.1. Feature Development
We will continue to develop features that show high correlation to the cell cycle lifetime.

This is an ongoing effort, and highly correlated features may significantly improve model
performance. The features will be developed based on physics-inspired concepts. Further, we
will utilize concepts from dynamical time series data including approaches seen in nonlinear

dynamical systems approximations.

7.6.2. Neural Networks
Neural networks generate outputs only based on the correlation formed (i.e., the biases and

weights calculated using the backpropagation algorithm) between the inputs and the outputs
during the training. Hence, they need to be trained with vast amounts of data containing relevant
features. The accuracy of the neural network developed here is similar to that of the state-of-the-
art discharge model reproduced earlier and can be increased by training the network with more
cycling data. Cycling data obtained under different conditions than the ones used now can also
be added to the training data to generalize the model more so that it can be used in a wide range
of applications. Significant increase in the accuracy of the model is thus contingent to
availability of adequate training data. There are several other openly available datasets that we

intend to integrate into our current model.?*3

7.6.3. Uncertainty quantification
The subject of uncertainty quantification has been understudied.?'® In a faced-paced

engineering environment, teams are always optimizing between speed to decision and accuracy
of decision-making. For example, it may or may not “satisfice” to obtain results with 80%
confidence after 1 week of testing rather than 95% confidence after 1 month of testing, and there
are rapidly diminishing returns for the time taken to achieve greater than 95% accuracy. Efforts

are underway to develop a data pipeline for automating a method for uncertainty quantification
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to not only provide an estimate for battery cycle life, but also provide a measure of statistical
confidence in that estimate. This allows for rational decision making that optimizes between

accuracy of a given test result and the time taken to reach it.
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Chapter 8. Identification of Weak Cell Blocks in Electric Aircraft Battery Packs

8.1. Introduction
The emerging electric aviation industry is poised to revolutionize transportation for a wide

array of purposes, from last-mile fulfillment to urban air mobility and short-haul regional flights.
The main benefits of electric aviation include lower operation and maintenance costs, lower
environmental impact, and freedom to operate without runaways when vertical take-off and
landing capability is employed.

The development and assessment of energy storage systems is critical for this new
environment. In contrast with automotive electrification, the aerospace and aviation markets
demand higher performance and more stringent safety requirements. The standard operating
procedures for battery-powered electric aviation have not yet been defined, and there are gaps in
understanding battery safety and reliability as these systems age. This poses major challenges for
both the certification agencies who must define these new safety standards or procedures, and the
manufacturers who must implement these new processes.

One such challenge is the determination of remaining useful energy (RUE). This is a
complicated problem that depends on the mission profile, state of health, state of charge, and
cell-to-cell variation, among other factors. Batteries are complicated electrochemical systems
that show nonlinear aging and performance from one cell or one lot of cells to another. As a
consequence of this intrinsic heterogeneity, cells connected in series will be loaded with the
same current but reach a cutoff voltage at different times depending on their individual internal
resistances. Therefore, the overall battery pack performance is governed by the performance of
the weakest cells in the pack. In this work we specifically focus on the rapid identification of the
weakest cell blocks in a battery pack as a preliminary step towards the development of more

robust RUE algorithms for electric aviation.
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8.2. Methods
In this work, data was collected from battery packs assembled by Beta Technologies, Inc.

and composed of 21700 lithium-ion cells. Each pack was assembled from 14 modules, and each
module consisted of 14 cell blocks, thus each pack had 196 cell blocks connected in series. The
dataset consisted of 53 hour-long flight tests of these packs, where the load profile of all cell
blocks is shown in Figure S1a, and the voltage profile of each of the 196 cell blocks subjected to
this load is shown in Figure S1b.

Here the weakest cell blocks were defined to be those cell blocks with the lowest open circuit
voltage at the end of the flight test (Figure S2). The input data was the first five minutes of time
series data at the start of the flight test (example shown in Figure S3Error! Reference source
not found.).

The open circuit voltage for weak cell blocks tends to be noticeably lower than the median
value (Figure S4), and as such an outlier detection algorithm was developed for this purpose.

Local Outlier Factor (LOF) is a density-based outlier detection algorithm that was employed
here.?!” The LOF algorithm is an unsupervised anomaly detection method which computes the
local density deviation of a given data point with respect to its neighbors. It considers as outliers
the samples that have a substantially lower density than their neighbors. The parameters in Table

100 were used to detect the weak cells using the LOF algorithm from Scikit-learn.!®

Table 10. Input parameters for the LOF algorithm.

Parameter Value
Nearest neighbors, n_neighbors 35
Contamination 0.1
Distance, p 1
Algorithm ‘brute’

The first parameter finds the n nearest neighbors of a point and returns the distance to each

point (known as nearest neighbor search). The amount of contamination of the data set, i.e., the
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proportion of outliers in the data set. When fitting this is used to define the threshold on the
scores of the samples. The third parameter is the metric used to calculate distance. Here p =1 is
equivalent to using the Manhattan distance, the distance between two points measured along axes
at right angles. In a plane with point pz at (x1, y1) and point pz at (X2, y2), it is defined as |x1 - X2| +
ly1 - y2|. Lastly, the brute-force search algorithm is usually used for low-dimensional data.

The main features of significance that were found to have predictive power were the
minimum voltage and voltage integral (Figure 40). Voltage integral is a simple numerical
integration of the voltage over the 5-minute time frame considered. The implementation from
Scipy?'® uses the composite trapezoidal rule to calculate the integral and assumes sample points

are evenly spaced apart.??°
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Figure 40. a) The minimum voltage and b) voltage integral where the two features found to have
the best predictive power for this algorithm.

A schematic diagram of the overall algorithm development and execution process is shown
in Figure 41. Clockwise from the upper left, input data from flight tests is analyzed and features
such as voltage integral and minimum voltage are developed. The outlier detection algorithm is

applied, and from the set of outliers identified, the two weakest cell blocks are filtered out.
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Figure 41. Schematic diagram of the overall algorithm.

8.3. Results
The algorithm developed correctly identified the weakest cell blocks in the pack 88.6% of the

time (i.e. in 47 out of the 53 flight tests considered, Table 11). Two cell variants were used from
the same manufacturer, where cell variant 2 is distinguishable in that it has a lower internal
resistance. Most packs were composed of entirely one variant or the other, although four packs

tested used a combination of the two.

Table 11. Algorithm prediction results.

Pack type Number of Correct results Incorrect
battery packs results
Cell Variant 1 33 29 4
Cell Variant 2 16 14 2
Mixed 4 4 0
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The six flight tests where the incorrect cell blocks were flagged can be grouped into three
categories. The first is attributed to time lags in data logging (Figure S5a). Discrepancies in data
acquisition for this test lead to an offset in the voltage response for several cell blocks. In turn,
this affected the calculation of the voltage integral and misidentified the weak cell blocks in this
flight test (Figure S5Error! Reference source not found.b).

Another category of errors emerged when there were no apparent weak cell blocks (Figure
S6). In the example shown below, the range between the highest and lowest voltage cell blocks
was only 12 mV. A third category of errors can be attributed to empirical errors in filtering based

on the engineered features.

8.4. Conclusion
An algorithm for identifying weak cell blocks in electric aircraft battery packs was developed

using an outlier detection algorithm. The minimum voltage during the first five minutes and the
voltage integral were empirically determined to be the two most important features for making
this determination. The algorithm correctly identified the weakest cell blocks in 47 out of 53
cases using the first five minutes of flight test data as the input to the algorithm.

The accuracy of the algorithm can be improved by correcting the time lag in the data logging
and developing features that can capture more failure modes. The development of this algorithm
is a preliminary step along the way to developing more robust online fuel gauging algorithms for

electric planes.
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Chapter 9. Future Work for Battery Analytics in Electric Aviation

9.1. Introduction
The overarching goal of this project is to reduce risk around the development and operations

of battery propulsion systems for electric aviation. The technical goals listed below focus on
building new methods and algorithms for capturing battery health and performance. From a
programmatic perspective, the goal is to use the technical results obtained to inform both defense
and FAA standards for battery safety and certification. The results from this phase will be used to
establish services and prototype products that can be scaled to support the growing electric aviation
ecosystem.

During this program, we are working with Beta Technologies to develop shared infrastructure
for battery data. With this foundation and our understanding of battery cell aging, we will provide
cell-level diagnostics around battery life. A significant portion of this R&D program will revolve
around studying how insights from the cell level propagate to performance and safety of a full
battery system. The overarching goals of this effort is risk reduction around battery system
operations and the establishment of appropriate safety standards for this environment. Our main
objectives and key results include:

O1 - Develop recommended standards for end-of-life determination
KR1: Develop conservative end-of-life estimator using a fixed range rating.
KR2: Develop more aggressive end-of-life estimator using shrinking fuel tank rating.
KR3: Characterize other pack-level failure modes around degrading heat rejection or
mechanical failure

02 - Develop off-line testing methods of battery systems
KR1: Develop impedance-based test protocol to characterize battery packs for aviation

during offline maintenance
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KR2: Build algorithm that takes historical performance data and the results of the test
developed in KRL1 to project battery system range
O3 - Develop algorithms for online monitoring and prediction of battery health and
performance
KR1: Improve accuracy of estimated hover time

KR2: Improve accuracy of estimated cruise time

9.2. Improved Acceptance Testing for Incoming Vendor Cells
The next task for full life cycle traceability (currently underway) will revolve around

improving acceptance testing for incoming cells. As described in chapter 7, we have developed
preliminary machine learning algorithms that can be deployed to identify “bad” cells that could
negatively impact battery pack performance, thus reducing the risk of the system being unable to
fulfill its mission.

Extended traceability of cells will allow for a systematic study of cell failure modes, either
under induced catastrophic failure (e.g. nail penetration testing), or by more benign calendar- or
cycle-based aging under conditions relevant to electric aviation applications. This information will
be fed back into machine learning algorithms to continue to expand the parameter space where
predictions can be made with confidence — namely over wider ranges of temperatures, duty cycles,
and chemistries.

Here the key deliverable will be an algorithm that can process preliminary test data from
vendors or acceptance tests to reduce cell-to-cell variation in capacity, voltage, and longevity.
Adding uncertainty quantification will also be a component of this solution, in order to provide

greater statistical confidence to engineering decision makers relying on these algorithms.
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9.3. Offline Ground Maintenance
Building on the improved learning from cell-level data, pack- and module-level understanding

will likewise improve. Our goal in this phase will be to develop standard operating procedures for
assessing the health of battery packs during routine maintenance. Since this is an open area of
active research for electric aviation, the outcome of this effort can be used to inform battery
maintenance standards for Li-ion and novel battery chemistries, both for defense applications as
well as the FAA.

Beta already has telemetry and infrastructure in place to detect cell failures from thermal
runaway and subsequent lost capacity for a given 196-cell group. Leveraging the learning and
results from improved acceptance testing, we will incorporate cell aging mechanisms into the
understanding of how a battery pack or module ages under nominal operating conditions.

Electric aviation represents one of the most demanding applications for battery technology
(Figure 42). The battery system must meet even more stringent safety requirements compared to
standards in the automotive industry. Therefore, it will be feasible (if not, in fact, ideal) for us to
initially perform teardowns of the pack and re-test individual cells in order to ascertain how our
understanding of cell-level aging translates to pack-level performance. Comparing the lifetime
aging trajectory of cells used to power flights against cell-level results from laboratory abuse
testing will allow us to identify any gaps in our models and prescribe additional tests or data
required to iteratively improve our predictions. We envision that the results that come from these
tests will have implications across the development cycle of the battery system from design (e.g.
heat rejection requirements or improvements), operations (e.g. standard operating procedures for
charging), and most importantly for our purposes here, maintenance (e.g. prescriptions for tests

that will steadily draw stronger conclusions around future battery performance).
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Key deliverables will include a machine learning algorithm that takes known cell level data
and predictions from the quality control process as well as historical pack-level data and
performance to predict the range of the system bounded within confidence intervals mandated by
aviation standards.

Another deliverable will be a DCIR performance test analogous to those employed in the
automotive industry (such as the USABC Electric Vehicle Battery Test Procedures Manual??t) will

be developed that captures the degradation behavior of battery packs across its natural life cycle
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Figure 42. Example duty cycle for VTOL flight for Beta Technologies ALIA aircraft. Brief but massive power spikes
at each takeoff and landing will dominate battery degradation characteristics under nominal operations conditions.

9.4. Online Fuel Gauging
As with offline maintenance, improvements made across cell life cycle testing can likewise be

fed back to better predict online remaining usable power. The two primary metrics of consideration
here are the estimated cruise time and the estimated hover time remaining. The cruise time is based

on the differential change in voltage as a function of capacity (-dV/dQ) and a lower voltage
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threshold, whereas the estimated hover time also includes the current open circuit voltage and
estimates for internal resistance as inputs.

Using telemetry systems already under development by Beta, we will use live flight data to
inform an algorithm that provides real-time estimates for both key flight metrics and report these
values to the various relevant stakeholders, including the battery cell manufacturer, analytics team,
and operator. Because of requirements around certification, the algorithm developed will not have
to provide feedback directly to the BMS. Any updates to the code and parameters will go through
a specific review to apply an update. This will effectively decouple algorithm development (by
our team) from implementation with Beta and relaxes constraints that would otherwise require

embedded systems engineering experience.

9.5. End-of-Life Determination
The most critical milestone will be around determining end-of-life and retiring battery packs

from service. This is a crucial milestone not only for Beta, but also for the growing electric aviation
industry, as power plants that previously burned fossil fuels are replaced with hybrid or fully
electric propulsion systems. Unlike the more familiar case of electrification in the automotive
industry, battery expertise is not as well distributed or established in aerospace, despite the more
demanding safety and operations requirements.

To satisfy certification agencies like the FAA, new standards and criteria will need to be
developed that are able to balance the aviation industry’s requirements for extremely high safety
and reliability against the economic reality of maximizing the number of missions a battery system
will be able to complete.

We anticipate two tracks for developing EOL determination under nominal life cycle aging
conditions. During the initial development of these standards, we will pursue a conservative range

guarantee using a fixed range rating. That is, the battery system would start life with actual
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performance that is much greater than the rated range (for example, the true range may be 250
miles while the rated range may only be 200 miles). Then the end of life would be defined as the
point where it is no longer capable of delivering the requisite power and energy for a 200-mile
mission.

As we learn and gain more confidence with predicting battery pack performance, we anticipate
switching to a more accurate EOL determination that incorporates gradually decreasing battery
pack performance (a.k.a. the shrinking fuel tank). In this instance, the battery system would start
life at its rated range of 250 miles. As the battery system ages, the BMS would report a reduced
range where system is safe to operate. As the accuracy and confidence of the EOL determination
increases, aged packs could still be used to service short flights if they fall within the estimated
range of safe operation.

It will also be important to track other challenges involved in EOL determination via other
failure modes at the battery pack level. Such failure modes include: mechanical damage to the

battery pack, BMS failure, or degradation of pack-level thermal cooling capabilities.
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Chapter 10. Conclusions
This thesis represents a bimodal effort in both experimental and data-driven battery science.

In the first half, we cover the challenges associated with the development of magnesium batteries
as an alternative to Li-ion batteries. The other half of this work developed software and
algorithms in support of battery data analytics and forecasting.

On the anode side, we successfully developed what was at the time one of the first known
magnesium-conducting SEI layers. The MgF. coating produced surprisingly good performance
compared to control tests with the natively forming SEI layer produced on magnesium metal in
the APC electrolyte. Tailoring the SEI layer on magnesium metal is one of the most promising
methods for enabling longer life for magnesium metal anodes.

On the positive side of the cell, we identified common pitfalls associated with studying
cathode materials for magnesium batteries. We advocate for 3-electrode cells instead of 2-
electrode coin cell testing for fundamental characterization to avoid confounding effects from the
many failure modes of magnesium electrochemistry. Carbon felt is also more suitable both as a
pseudo-reference electrode and counter electrode, compared to (uncoated) magnesium metal.
FTO glass was shown to have higher voltage stability than even platinum and makes for a good
substrate for 3-electrode testing. We also showed that the cathode-electrolyte interface is (by
definition) critical for magnesium cathode electrochemistry, but underappreciated and may lead
to misinterpretation for the source of what limits cathode performance.

These results demonstrate the importance of systems-level thinking to how magnesium
electrodes interface with the electrolyte, rather than as three separate components (cathode,
anode, electrolyte) than can be optimized independently of each other.

For the data science aspect of this work, we first presented a software solution suitable for

ingesting battery test data from disparate sources. By aggregating data in an intelligent way,
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users can streamline routine data analysis tasks and leverage Jupyter Notebook functionality to
build advanced scripts and analytics, thereby making battery engineering teams more productive.

We also extended state-of-the-art battery cycle life prediction algorithms to a wider range of
chemistries, temperatures, and charging protocols than previously reported. The neural network
machine learning model achieved good accuracy with a modest amount of data and will improve
as more datasets are used to train it. This algorithm is designed to be applied to real battery
engineering environments for qualifying cells from suppliers and providing better quality
assurance as cells are assembled into packs and modules.

Lastly, we reported an algorithm for identifying weak cell blocks in a electric aircraft battery
pack. This algorithm uses the first five minutes of flight test data to extract features based on the
individual cell block voltages that are predictive of low OCV. This represents a first step toward
building out more sophisticated algorithms for fuel gauging for electric aircraft, an environment
where the standards for electrification have not yet been written.

These three pieces constitute the starting point from which a full end-to-end solution for
forecasting battery health, safety and performance will be developed. Ongoing efforts will
continue to connect fundamental electrochemical degradation modes at the materials and cell
level (e.g. those revealed with differential capacity analysis) to systems-level performance of

entire battery systems, and guide the development of electric aircraft.
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Appendix
Chapter 6.

For reference, the Projects table referenced in Chapter 6.2.2. has the following columns:

Id
ActiveMaterialFraction
Area

Channel

Comments
CreatedAt

Error

Failed

FileName

FileSize
InternalFileName
IsAveragePlot
IsPartialGathering
IsReady

Jobld

Mass

Name

StitchedFrom
StitchedFromNames
Tag

TestName

TestType
TheoreticalCapacity
Traceld

UpdatedAt

Userld

NumCycles
TestDate

PAMMass
NAMMass
IsRealTime
ProcessDate
IsProcessing
ProcessingMessage
DataPointStartDate
Shard_Id
Organization_Organizationld
ExtraDataNameJSON
ErrorDetailed
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DataPointExtraData: Some formats contain auxiliary data. An example is VARX, FLGx
columns in Maccor. This is where we store that data. There could be multiple aux data values for
each data point (i.e. VARX1, VARX2, etc.). In order to save on database space, we only store aux
data on the data point in which the value has changed compared to the previous value for this aux
data. Columns are:

Id
DataPoint_Id
Name

Value

Columns for the DataPoints table include:

Id

Capacity
Current
Cyclelndex
CycleStep
Energy
Index
Power
Projectld
Temperature
Time
Voltage
Stepindex
WallTime
Resistance

Columns for the Cycles table include:

Projectld

Index

ChargeCapacity
ChargeCapacityRetention
ChargeEnergy
DischargeCapacity
DischargeCapacityRetention
DischargeEndCurrent
DischargeEndVoltage
DischargeEnergy
DischargePower
DischargeResistance
EndCurrent
EndRestVoltage
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EndVoltage
FirstPointindex
MidVoltage

PointCount

Power

ResistanceOhms
StartChargeVoltage
StartCurrent
StartDischargeCurrent
StartDischargeVoltage
StatisticMetaData
Temperature
MinimumPower
MaximumPower
MinimumDischargePower
MaximumDischargePower
AverageDischargePower
AveragePower

An additional note on StatisticMetaData: This is JSON text that contains some additional
data. There are a number of columns in this JSON. They are:

ChargeCapacityAverage
ChargeCapacityFirst
ChargeCapacityLast
ChargeCapacityMax
ChargeCapacityMin
ChargeCapacityRetentionStdDev
ChargeCapacityStdDev
ChargeCapacityStdError
ChargeCapacityVariance
ChargeEnergyStdDev
ChargeVoltageAverage
ChargeVoltageMax
ChargeVoltageMin
ChargeVoltageStdDev
ChargeVoltageStdError
ChargeVoltageVariance
CoulombicEfficiencyAverage
CoulombicEfficiencyStdDev
DischargeCapacityAverage
DischargeCapacityFirst
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DischargeCapacityMax
DischargeCapacityMin
DischargeCapacityRetentionStdDev
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Figure S1. a) Current profile of the flight test. b) Representative voltage profile of all 196 cell

blocks in a pack under the load shown in a).
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Figure S3. Example initial test data from the first 500 seconds for both a) current and b) voltage.
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Figure S5. a) Offsets in data acquisition were present in some datasets. b) This in turn
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