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A B S T R A C T

Lithium-ion batteries are the most widely adopted energy storage system (ESS) nowa-

days. Due to their high gravimetric and volumetric energy density, and their low self-

discharge rate, they are the best option for many applications, such as consumer electronics

or electric vehicles (EVs). Yet, this technology still needs improvements to meet the de-

mands of the energy transition. The relatively fast degradation that these batteries suffer

is one of the main concerns with this ESS, and alongside the safety issues associated to it,

the need for optimized and safe management is urgent.

This thesis aims to improve the management of lithium-ion batteries using advanced

control algorithms based on physical knowledge to mitigate battery aging. For that, sim-

plified and reduced-order physics-based models (PBMs) are employed, such as the P2D

and SPMe models, which are believed to give relevant insight about the physicochemical

phenomena happening inside batteries. Lithium-ion battery aging is analyzed, and PBMs

are used to develop a reliable degradation model that could be used to develop advanced

degradation-aware control algorithms. For that, a new parameterization approach is pro-

posed and tested experimentally, which could be used to significantly reduce the number

of experiments to obtain an accurate aging model. To estimate the physical states of the

battery through battery lifetime, new state-of-charge (SOC) and state-of-health (SOH)

estimation algorithms are developed, improving current battery diagnosis algorithms by

providing accurate estimates of electrode-level degradation and internal variables. Lastly,

combining the knowledge provided by the state and parameter estimator, and the predic-

tions of the degradation model, a new fast charging control strategy is proposed based on

a nonlinear model predictive control (NMPC) algorithm, resulting in faster charging and

reduced aging.

The developed aging modeling approach, state and parameter estimation, and control

strategy, demonstrate that PBMs can improve current empirical approaches, and help in

the advance of new optimized battery algorithms; for battery aging prediction purposes,

for battery health diagnosis, and for improved degradation-aware control strategies that

mitigate aging.
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L A B U R P E N A

Gaur egun, litio-ioizko bateriak dira energia biltegiratzeko sistemarik erabiliena. Beren

energia dentsitate grabimetriko eta bolumetriko altua, eta auto-deskarga tasa baxua

tarteko, aplikazio askotarako aukerarik onena dira, hala nola kontsumo elektronikarako

edota ibilgailu elektrikoetarako. Hala ere, trantsizio energetikoaren aldarriarekin bat egiteko

teknologia honek badu zer hobetu. Bateria hauek jasaten duten degradazioa da egungo

kezka nagusienetako bat. Horregatik, premiazkoa da beraien erabilera seguruago eta

optimizatuago bat bilatzea.

Tesi honek litio-ioizko baterien kudeaketa hobetzea du helburu, baterien zahartzea

arintzea ahalbideratzen duten ezagutza fisikoan oinarritutako kontrol algoritmoak erabiliz.

Horretarako, ordena murriztuko eta sinplifikatutako bateria modelo fisikoak (PBM) erabili

dira, hots, P2D eta SPMe izenez ezagutzen direnak. Hauek, baterien barruan gertatzen

diren fenomeno fisiko-kimikoei buruzko informazio garrantzitsua ematen dute. Litio-ioizko

baterien degradazioa aztertzeko, bateria eredu fisikoetan oinarritzen den degradazio modelo

fidagarri bat doitu da, aurrerago kontrol algoritmo aurreratuen garapena ahalbideratu

dezakeena. Horretarako, esperimentu kopurua nabarmen murriztu dezakeen parametrizazio

prozesu berri bat proposatu eta bere zehaztasuna esperimentalki egiaztatu da. Horrez gain,

bateriaren bizitzan zehar bere uneoroko egoeraren berri ematen duten aldagai fisikoak

estimatzeko, karga (SOC) eta degradazio-egoeren (SOH) estimazio algoritmo berritzaileak

garatu dira, egungo bateriaren diagnostiko algoritmoak hobetuz, eta elektrodo-mailako

degradazioaren eta barne aldagai fisikoen estimazio zehatzak emanez. Azkenik, aldagai

fisikoen estimatzaileak emandako ezagutza eta degradazio-modeloaren iragarpenak kon-

binatuz, karga azkarreko kontrol-estrategia berri bat proposatu da, “nonlinear model

predictive control” (NMPC) algoritmoan oinarritzen dena. Modu honetan, karga denbora

eta degradazioa, biak murriztea lortu da.

Tesi honetan proposatu eta garatu diren degradazio modeloak, bateriaren egoera eta

parametro fisikoen estimazio prozesuak, eta karga-azkarrerako kontrol algoritmoak frogatzen

dute PBMek, gaur egun erabiltzen diren modelo enpirikoen aldean, baterien erabilera segu-

ruago eta optimoago baten bidean aurreratzen jarraitzea ahalbideratzen dutela; degradazio

predikzio eta diagnosiarekin, eta baita degradazioa murrrizteko kontrol estrategiak hobetuz.
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R E S U M E N

Las bateŕıas de iones de litio son el sistema de almacenamiento de enerǵıa más adoptado

en la actualidad. Debido a su alta densidad de enerǵıa, y su baja tasa de autodescarga, son

la mejor opción para muchas aplicaciones, como la electrónica de consumo o los veh́ıculos

eléctricos. Sin embargo, esta tecnoloǵıa aún necesita mejoras para satisfacer las demandas

de la transición energética. La degradación relativamente rápida que sufren estas bateŕıas

es una de las principales preocupaciones y, junto con los problemas de seguridad asociados,

es urgente la necesidad de una gestión optimizada y segura.

Esta tesis tiene como objetivo mejorar la gestión de bateŕıas de litio utilizando algoritmos

de control avanzados basados en el conocimiento f́ısico para mitigar el envejecimiento de

las bateŕıas. Para ello, se emplean modelos basados en la f́ısica (PBM) simplificados y

de orden reducido, concretamente los modelos P2D y SPMe, que brindan información

relevante sobre los fenómenos fisicoqúımicos que ocurren dentro de la bateŕıa. Se analiza el

envejecimiento de las bateŕıas de litio y se utilizan PBM para desarrollar un modelo de

degradación preciso que podŕıa usarse para desarrollar algoritmos avanzados de control.

Para ello, se propone y valida experimentalmente un nuevo preoceso de parametrización,

mediante el cual se podŕıa reducir significativamente el número de experimentos y obtener

un modelo de envejecimiento preciso. Además, para estimar los estados f́ısicos de la bateŕıa

a lo largo de su vida útil, se desarrollan nuevos algoritmos de estimación del estado de carga

(SOC) y del estado de salud (SOH), que mejoran los algoritmos actuales de diagnóstico al

proporcionar estimaciones precisas de la degradación a nivel de los electrodos y variables

internas. Por último, combinando el conocimiento proporcionado por el estimador de estado

y parámetros, y las predicciones del modelo de degradación, se propone una nueva estrategia

de control de carga rápida basada en un algoritmo de control predictivo de modelo no

lineal (NMPC), que da como resultado una carga más rápida y un menor envejecimiento.

El modelo de envejecimiento desarrollado en esta tesis, la estimación de estados y

parámetros de la bateŕıa, y la estrategia de control propuesta demuestran que los PBM

pueden mejorar los modelos emṕıricos actuales y ayudar en optimizar la gestión de las

bateŕıas; mediante la predicción del envejecimiento, diagnóstico del estado y estrategias de

control optimizadas que mitiguen de la degradación.
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Chapter 1

I N T R O D U C T I O N

This chapter introduces the research topic of the thesis. First, the framework is presented,

followed by an explanation of the motivation behind the work. Subsequently, the background

of the topic is provided, and the relevant literature is reviewed. The hypotheses and

objectives of the thesis are outlined next, and the research methodology is explained. Lastly,

the scientific contributions made through this thesis are summarized.

1





1.1 Framework and motivation 3

1.1 F R A M E W O R K A N D M O T I VAT I O N

The current energetic scenario is very controversial. The economic and political interests

of many countries and companies have generated conflicting perspectives on what direction

should the actual energetic model take. However, due to increasing concerns about climate

change and global warming, many of the most developed countries in the world are taking

actions to reduce their greenhouse gas emissions to slow down climate change. The Horizon

Europe [1] funding program serves as evidence of this. The main objective of the Horizon

Europe program is to tackle climate change, helping to achieve the Sustainable Development

Goals of the United Nations.

The Intergovernmental Panel on Climate Change reported that energy industry is the

largest contributor to global greenhouse gas emissions, accounting for approximately 75%

of the total emissions [2]. The adoption of more renewable energy sources should help

in the reduction of greenhouse gas emissions. Naturally, as more renewable sources are

installed, the amount of fossil sources necessary to meet the power requirements is reduced.

However, renewable energies introduce a problem that did not exist with the traditional

electrical energy generation and distribution system. As renewable energy sources depend

on meteorological conditions, the power generation of these energy sources is intermittent.

Therefore, they may not be able to generate the power that the electrical grid demands

if the meteorological conditions are not favorable. In this sense, energy storage systems

(ESSs) play a crucial role in overcoming the issues associated with the intermittent nature

of renewable energy sources. Among existing energy storage technologies, lithium-ion

batteries have become the most widely used due to their high gravimetric and volumetric

energy densities [3].

In addition, the electrification of the transport sector is another key factor in the

decarbonization process. The European Commission reported that 20 % of all European

Union (EU) greenhouse gas emissions come from road transport, and for the year 2035 the

EU plans to ban the sale of internal combustion engine vehicles. By 2050 the EU wants to

achieve climate neutrality, and for that, zero emission vehicles will be needed. Lithium-ion

batteries are the main ESS used for electric vehicles (EVs) nowadays due to their high

energy density (705 Wh/L), high power density (10,000 W/L), long life cycle, high voltage,

low self discharge rate (<2 %/month), and high energy efficiency (∼95 %) [4].

In consequence, lithium-ion batteries have become a key factor in the energy transition;

however, despite their widespread adoption across various applications, lithium-ion batteries



4 C.1 Introduction

continue to face significant challenges that demand improvement. Figure 1.1 shows different

research areas that are being investigated nowadays, from cell-level to system-level studies.

Figure 1.1: Research areas involving lithium-ion batteries.

One of the main concerns with lithium-ion batteries that impacts in almost any applica-

tion, is the relatively fast degradation that these batteries suffer. As a consequence, batteries

need to be changed to meet the energy and power requirements of their applications. Several

questions arise from the concern on battery degradation:

• How can we know how aged a battery is?

• How can we predict the lifespan of a battery?

• What strategies can we employ to extend the lifespan of lithium-ion batteries?

• How can we charge batteries faster without increasing degradation?

• How can we ensure safe operation of aged batteries?

Many of these interesting research questions can be approached from various fields

of study. For example, battery cell manufacturers and scientists may try to address

them by exploring advances in materials and manufacturing processes to enhance battery

robustness [5]. For example, fast charging capabilities are being investigated through

electrode design [6] and electrolyte design [7].

In this PhD thesis, rather than investigating how to improve lithium-ion batteries, we

focused on the improvement of lithium-ion battery management. Thus, the problem with

degradation is approached from a control engineering perspective. For that, the main

research question that is wanted to answer is the following:

How should we control a lithium-ion battery to mitigate its aging and

optimize its performance?



1.2 Background and literature review 5

With this question in mind, a literature analysis was performed, presented in Section

1.2. Subsequently, in Section 1.3, this literature analysis was used to hypothesize about

the research problem, and the objectives of the thesis were defined.

1.2 B A C K G R O U N D A N D L I T E R AT U R E R E V I E W

To address the challenge presented by battery aging, extensive research efforts are

underway. From the battery management point of view, control engineers are focusing

on optimizing battery utilization by improving battery state estimation algorithms [8–13]

(to improve diagnosis) and control strategies [14–17]. In order to reduce battery aging by

optimizing its management, it is essential to know how batteries age. This knowledge can

be used to predict aging behavior (for prognosis) and prevent or minimize its effects on cell

performance. Therefore, significant effort is being carried out in battery degradation mod-

eling [18–24], with the goal of making aging models that describe degradation phenomena

occurring inside battery cells as faithfully as possible.

In the following subsections, an overview of the state of the art is given for these three

relevant topics: battery aging modeling, state estimation, and control algorithms.

1.2.1 Battery aging modeling

As mentioned above, battery aging is one of the critical problems related to lithium-ion

batteries [25], and its modeling has been studied for several years [24, 26–28]. However,

despite the research efforts, it is still a huge challenge due to its complex nature and difficult

experimental validation. The most common approach to model battery aging are empirical

models [25,28,29]. These models approximate some empirical information that has been

collected previously (usually from laboratory aging experiments), such as cell capacity

or internal resistance, using empirical equations [25]. These models can give reasonably

accurate results in the prediction of capacity loss and impedance increase [29], but do not

represent physical behavior, and therefore, lack the interpretability needed to be ideal for

battery degradation mitigation controls. One of the factors that contributes to these type

of models being so extended, is the very little battery degradation information that can

be obtained without cell teardown and post mortem analysis. Furthermore, numerous

mechanisms can occur in a lithium-ion battery, which are influenced by many stress factors,
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and are closely related to each other [22]. Hence, it is very challenging to model specific

degradation phenomena occurring inside lithium-ion batteries.

Another approach to investigate battery aging are physics-based battery aging models

[18, 20, 21, 23, 24, 26, 30–36]. In this type of aging models, physical equations are used

to predict battery aging. Since physical equations implicitly take into account different

stress factors that can influence battery aging, these stress factors may not be explicitly

investigated, as has to be done for empirical models. Physical equations are assumed to be

accurate descriptions of the real degradation phenomena, and therefore, they should give

relevant information to improve battery control algorithms. However, it is not feasible to

investigate all the degradation phenomena that can occur inside battery cells in-situ [24],

and this makes the parameterization of these aging models very difficult. Nonetheless,

some specific techniques have been proposed to study specific degradation mechanisms

such as lithium plating for example [37,38]. Furthermore, due to the highly coupled nature

of many degradation mechanisms, even after cell teardown, it is not trivial to discern which

degradation mechanisms have occurred in the cell, and to quantify the effect of each of

them in cell performance [22].

As a consequence, the parameterization of physics-based aging models is usually per-

formed using empirical methods; fitting the capacity loss or resistance increase values of

degradation experiments performed in laboratories [18, 33, 35, 39]. Thus, like empirical

models, these models would also require to fit a big degradation matrix to represent the

interdependencies of different degradation mechanisms accurately.

Summing up, physics-based methods were determined to be a better approach to

improve the prognosis of control algorithms. However, a research gap was identified in the

parameterization and validation of these models, where many works have been published

but none of them demonstrate the validity of their modeling approach in predicting specific

physical phenomena accurately. Thus, a better approach is needed to increase the reliability

of these models and to reduce the experimental time and cost of the development process.

1.2.2 State estimation

State estimation is one of the key features to control batteries. Since many necessary

internal states of batteries, such as the state-of-charge (SOC) or the state-of-health (SOH),

cannot be directly measured, these values must be estimated. These estimates should be

used to diagnose the battery and to evaluate which is the current state of the battery
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regarding safety, aging, power, etc. To maintain batteries within safe operating limits,

it is indispensable to have a state estimation algorithm in every battery management

system (BMS) [10]. For that, many approaches can be adopted. As clearly explained

in [10], model-based state estimators outperform current-based or voltage-based methods.

Nowadays state estimators almost exclusively use equivalent-circuit models (ECMs) to

emulate battery behavior. These methods are proven to be effective when estimating

the SOC and SOH of the battery [40–44], however, due to their empirical nature, they

are not able to describe the internal physicochemical behavior of batteries. Thus, the

information obtained from these models cannot be used to mitigate aging with advanced

control algorithms. Due to this lack of physical information, batteries are kept inside the

safety limits that manufacturers provide. These are not the actual physical limits of the

components, but a safe operating zone that defines the manufacturer in order to prevent

hazardous conditions. In spite of preventing premature aging, these safety limits reduce

the total capacity that batteries can store and provide. Figure 1.2 shows an illustration

of the electrochemical safe operating area (SOA) of a battery, and a “datasheet” based

SOA. As shown, a physics-based SOA could allow to operate safely beyond the SOA of the

manufacturer, and to even contract more the SOA when the battery has aged.

Figure 1.2: Manufacturer specified and electrochemical SOA representation for fresh and aged cells.
Adapted from [17].

To overcome these issues, the use of physics-based models (PBMs) for state estimation

has been proposed in the literature [9, 11, 13, 17, 45]. These models provide valuable

information about the internal states of the battery, such as internal concentrations,

potentials or lithium fluxes [8]. However, these models present new challenges that have to

be addressed before PBMs become the main approach for state estimation.
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• First, the parameterization of PBMs is much harder than that of empirical models,

requiring cell teardown and complex laboratory testing to obtain an accurate set of

parameters [46–50].

• Second, PBMs are composed of partial-differential-algebraic equations (PDAEs),

which are computationally expensive to solve, so simplifications and reduced-order

models (ROMs) are required to obtain a computationally tractable battery model [8].

• Third, battery state estimation is more difficult because the cell voltage is dependent

on the potential contributions of both electrodes [11].

Nevertheless, these three topics have been investigated in the last years, and advances

have been achieved. Many parameters of physics-based battery models can be obtained

without performing destructive tests [51,52], reducing considerably the time and economical

cost to obtain a PBM. Furthermore, ROMs and simplified models have been proven to be

suitable for real-time implementation in non-expensive embedded systems [13,53]. Lastly,

despite being more complicated, several publications on physics-based state estimation

have been reported in the literature [9,11,54], showing accurate results and even proposing

advanced observer architectures to improve the observability of electrodes with flat open-

circuit potential (OCP) curves [11].

These improvements have led PBMs to be closer for real-world implementations. How-

ever, an important research gap was identified in this field. As batteries age, their internal

characteristics change and therefore, the models designed for the beginning of life (BOL)

become inaccurate. In this sense, PBMs have an important advantage comparing to

traditional ECMs: the aging of each electrode can be taken into account separately. In

traditional ECMs, an open-circuit voltage (OCV) curve is calculated for the BOL value,

and while battery aging occurs, this OCV curve becomes more and more inaccurate. Since

the OCV of the cell is composed of the OCPs of both electrodes, the differences that come

from each electrode should be taken into account to maintain an accurate OCV. This can

be achieved in PBMs, whereas it cannot in traditional ECMs. However, there are not

many publications on physics-based SOH estimation using PBMs [12,55,56], and none of

them estimates the degradation that occurs in both electrodes. Therefore, the need of a

new estimation approach was identified to exploit as much as possible the capabilities that

PBMs offer for accurate battery diagnosis and posterior usage for control.
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1.2.3 Control strategies

Controlling lithium-ion batteries can be a relatively amenable task if the objective of

the control algorithm is to maintain the cell inside the SOA provided by the manufacturer.

However, if a more advanced management is desired to optimize power capabilities, minimize

cell degradation, or for safe fast charging applications, the control of these devices becomes

particularly challenging. Due to the complex nature of the physical phenomena occurring

inside lithium-ion batteries, it can be very complicated to design safe and optimized control

strategies.

An indicator of the difficulty of controlling lithium-ion batteries, is the numerous

accidents that happen today in consumer electronic devices or EVs that use lithium-ion

batteries [57]. Many safety issues are generated due to lithium plating [58], which can

produce internal short-circuits due to the growth of lithium dendrites [22], reduce thermal

stability [58], and enhance gas generation [59]. Therefore, to prevent lithium plating and

other degradation mechanisms, the objective of minimizing degradation or maximizing

power, should require advanced knowledge of the electrochemical and mechanical processes

occurring inside batteries.

Control algorithms for lithium-ion batteries can be designed seeking different purposes.

Focusing on cell-level controls, the typical goals of these algorithms are to maximize

power [60] and minimize degradation [61]. Most studies focus on improving the charging

process since, in most applications, it is easier to control than the discharging process,

which is usually governed by the demands of the user. To maximize power capabilities,

state-of-power (SOP) estimation is usually performed with the objective of informing the

control unit of the maximum power that the battery can deliver or receive while maintaining

some safety limits. For this, model predictive control (MPC) algorithms have been proposed

in the literature [17,62]. Other control algorithms can be used, but the ability of the MPC

to generate predictive estimates gives the possibility of future load planning. As in the

case of SOC or SOH estimation, ECMs can be used to produce accurate and reliable SOP

estimates [10], however, these SOP estimates cannot be obtained according to physical

information, and hence, these algorithms cannot be used to minimize cell degradation.

With the goal of minimizing battery aging, degradation-aware control strategies can

be designed. As mentioned above, the objective of mitigating battery aging is closely

related to knowing how the battery ages, and therefore, it could be preferable to base these

degradation-aware controls on models that can provide physical insight. These control
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strategies can be classified in two main groups: passive methods and active methods [16].

Passive methods usually try to optimize a charging profile to minimize cell degradation

and charging time offline, using a cell model, sometimes coupled to degradation or thermal

models [16]. On the other hand, active methods are computed in-situ, using present data

to calculate pseudo-optimal cell current values.

Both above-mentioned approaches can be adequate, since each of them has its advantages

and disadvantages. On the one hand, passive methods can use computationally heavier

degradation and thermal models to design optimal charging strategies, since this method

does not require to run a real-time simulation. On the other hand, the control strategy

should vary as batteries age, since its internal characteristics change, and what initially

was an optimal charging strategy, may not be never more. Thus, a recomputation of the

charging strategy should be done after estimating accurately the SOH of the cell and

updated the model parameters. Furthermore, in this case, the charging strategy would be

designed for a predefined condition, e.g. from 10 % to 80 % SOC at 20 ºC. If the charging

process starts from a different SOC or temperature condition, for example, this charging

profile may not be the optimal.

Several researches adopted this approach to design degradation-aware control strategies

[16,61,63]. Many of them focused on using alternative charging protocols to the traditional

constant-current constant-voltage (CCCV) protocol; like for example multi-stages constant-

current (MSCC) protocols [64], boost charging protocols [65], or pulsed charging protocols

[66]. Despite showing good results for some cases, these charging sequences typically do not

consider the physical phenomena occurring inside batteries, and hence, it may be difficult

to reproduce the same results in different cases.

Alternatively, active methods could be used to avoid the issues presented by passive

methods. When using this approach, the controller has the information of the cell when

is applying the current profile, and hence, it can design the control strategy according to

the response of the cell. Furthermore, the state estimator could give more insight about

the state of the battery in real time, adapting the control according to it. Nevertheless,

these methods present some inconveniences too. Since the computations must be done in

real time, the modeling approach cannot be as complicated as in passive methods, thus

loosing modeling accuracy. Furthermore, charging optimizations can be very complicated

to solve. In a fast charging application for example, the objective of the charge could be

to minimize time while maintaining cell degradation below a limit. This type of optimal

minimum-time problems are very challenging to solve and are generally not amenable
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for real-time computation [17, 67]. To overcome these issues, Xavier et al. proposed a

pseudo-minimum-time problem [68], which seeks to carry the SOC to its reference value.

Summing up, the degradation-aware control approaches reported in the literature can

be classified in two groups: active and passive methods. Both methods present positive

and negative attributes and have been widely analyzed in the literature. It was determined

that physics-based approaches can give more insight to mitigate battery aging, thus being

a better approach for degradation-aware controls. In this aspect, relatively few works have

analyzed physics-based control, both on active and passive methods. Passive methods

usually focus on mitigating plating by imposing constraints and reducing solid electrolyte

interphase (SEI) layer growth in the charging process. However, these approaches did

not report clear experimental proof of the performance of the control algorithm. On the

other hand, the reported active methods mostly used an MPC or nonlinear MPC (NMPC)

algorithm to limit the overpotentials of the side reactions [16,69]. Thus, a main research

gap was identified on the validation of the control algorithms. Furthermore, it was believed

that a better use of physics-based battery aging modeling could be done, since the only

mechanisms that are taken into account in the literature are the SEI growth and the lithium

plating, without including any loss of active material (LAM) generating mechanism.

1.3 H Y P O T H E S E S A N D O B J E C T I V E S

Based on the research gaps identified in Section 1.2, the following hypotheses were

tested throughout this PhD thesis:

• H1. Accurate PBMs could be simplified and reduce their order to decrease their

computational complexity and convert them a suitable approach for battery control

applications.

• H2. Physics-based aging equations could be coupled to physics-based battery models

to describe degradation phenomena occurring inside battery cells. The parameteri-

zation of these models should be faster and cheaper than that of empirical models,

and the models should be able to describe different degradation conditions more

accurately.

• H3. PBMs could be used to obtain accurate internal physical variable estimates,

improving empirical and ECM based battery state estimation. For example, instead of

estimating the SOC of the battery, the state-of-lithiation (SOL) of each electrode could
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be estimated, and instead of estimating an overall SOH estimate, electrode-specific

SOH (eSOH) values could be obtained to improve degradation diagnosis.

• H4. The above mentioned state estimation algorithms, and the physics-based aging

models could be used to develop advanced control strategies, mitigating battery aging

and improving performance.

With the intention of validating these hypotheses, the main objective of this work was

defined:

Design a control strategy to reduce lithium-ion battery aging, applicable to

any operation moment, and adaptable throughout its lifetime.

In order to cope with the main goal of the PhD, four sub-objectives were specified:

• O1. Identify and implement the most suitable PBMs according to the accuracy and

computational requirements of control oriented systems.

• O2. Develop an accurate physics-based battery aging model with a reduced number

of experiments compared to a traditional empirical model.

• O3. Implement and validate a state estimation algorithm capable of estimating the

internal states of the battery and its aging condition, adapting the PBM parameters

during battery operation.

• O4. Design a control strategy to reduce battery aging based on the physical knowledge

that PBMs give.

1.4 R E S E A R C H M E T H O D O L O G Y

The research methodology began with an extensive review of the pertinent literature

concerning PBMs to establish a comprehensive understanding of existing frameworks.

Following this review, the most appropriate models were selected for control-oriented

purposes, and they were implemented and compared to serve as the foundation for further

analyses.

Subsequently, a detailed examination of physics-based aging models was conducted,

leading to the development of a novel parameterization approach. This approach aimed to

enhance the accuracy and effectiveness of aging predictions, thereby contributing to the

optimization of battery performance over time.
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Furthermore, state estimation algorithms were rigorously scrutinized to identify their

applicability in the context of battery health estimation. A new methodology, rooted

in physics-based principles, was proposed to offer improved accuracy and reliability in

assessing the health status of lithium-ion batteries.

Lastly, an in-depth investigation into the control strategies for lithium-ion batteries was

undertaken through a comprehensive literature review. Building upon existing knowledge,

a novel control proposal was formulated, aiming to optimize the operational efficiency and

lifespan of batteries while addressing prevalent challenges in battery management.

The research methodology is summarized in Figure 1.3. As shown, the foundations

of this work are accurate reduced-order and simplified physics-based battery models,

explained in Chapter 2. Using physics-based battery models, new battery aging models can

be developed, as explained in Chapter 3, useful for the prognosis of lithium-ion batteries.

In addition, new state estimation algorithms are proposed to diagnose better the internal

physical variables and the health of batteries in Chapter 4 and Chapter 5, respectively.

Finally, combining the three previously developed methods, enhanced management of

lithium-ion batteries can be achieved with new control algorithms, as detailed in Chapter

6.
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Figure 1.3: Summary of the research methodology.
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Chapter 2

P H Y S I C S - B A S E D B AT T E RY M O D E L I N G

This chapter summarizes the physics-based battery modeling research carried out within

the thesis. First, different battery models reported in the literature are evaluated, discussing

the appropriate modeling scale and complexity for the scope of this research. Later, different

solving methods and model order reduction (MOR) techniques reported in the literature are

analyzed, with the aim of obtaining the best model response with the lowest computational

cost. Finally, the most interesting models are implemented and compared to conclude which

model should be used for each case.
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2.1 P H Y S I C S - B A S E D L I T H I U M - I O N B AT T E RY

M O D E L S

The main purpose of physics-based battery models is to describe the internal physico-

chemical behavior of battery cells. Depending on the amount of detail that is desired to

describe, different modeling scales may be used. Usually, the more detail described, the

harder it is to execute the model, which requires more computational resources. Therefore,

there is a trade-off between predictability and computational cost when choosing the

appropriate model scale for the application.

Due to the framework of the thesis, the smallest scale that was analyzed is the continuum

scale. Smaller scale models are very useful to investigate specific physical phenomena

that occur inside battery cells, but they are computationally too expensive for entire cell

simulations and control-oriented applications with the present technology [8]. Continuum-

scale models are more tractable computationally, and despite being less accurate in the

physical representation of the components of the battery, they can be used to simulate a

general physical behavior of entire cells.

The most renowned continuum-scale model is probably the pseudo-2-dimensional (P2D)

model. It consists of a PDAE system that is computationally expensive to solve compared

to frequently used equivalent-circuit or empirical models [8]. However, it provides important

physical information about the cell, which could be used to reduce degradation or control

the safety operation limits of the battery. Consequently, many research has been performed

with the intention of reducing the computational cost of the P2D model [76–83]. Typically,

PDAE systems, such as the P2D model, can be discretized using finite difference (FDM),

finite volume (FVM), or finite element (FEM) methods. However, these types of solution

are computationally expensive and are usually used to obtain robust and accurate solutions

rather than to reduce the computational cost of the model. Therefore, these solutions are

named as full-order models (FOMs) in this document.

To reduce the computational cost of a model, MOR techniques can be used. These

techniques are used to reduce the computational complexity of mathematical models in

numerical simulations. By applying MOR, the P2D model can be reduced to a ROM,

making it computationally lighter. Depending on the technique, the performance of the

resulting ROM will change, having different accuracy and computational cost [83].

Another way to reduce the computational complexity of the P2D model is to simplify

the model. Unlike in ROMs, in simplified models some physical phenomena representation
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is lost in the simplification process. Sometimes these simplified models are also called

ROMs in the literature, but in this work ROMs are defined as reduced complexity models

that represent the same amount of physical phenomena as the FOM.

The most widely used simplification of the P2D model is the single-particle model

(SPM) [84]. It assumes that lithium diffusion in the solid phase is the slowest process

occurring inside the cell, and its dynamics dominate the rest. Therefore, the SPM

represents each electrode as an average active material spherical particle. The biggest

drawbacks of the SPM are that the electrolyte dynamics are neglected and that its

accuracy decreases drastically at mid-high C-rates [82,85–87], when the electrolyte dynamics

and the concentration gradients across the thicknesses of the electrodes become more

relevant. Consequently, electrolyte related phenomena and solid-phase gradients across the

thicknesses of the electrodes cannot be described with this model.

Attempting to overcome these drawbacks, many authors extended the SPM taking into

account the electrolyte dynamics, and consequently improving the accuracy of the model

[82, 85–91]. The resulting model is known as extended single-particle model (ESPM) or

single-particle model with electrolyte dynamics (SPMe). For that extension, approximation

functions and volume averaging can be used to obtain computationally less expensive

equations for the electrolyte concentration and the electrolyte potential, as in [85, 86].

Nonetheless, in spite of improving the model accuracy, by including the electrolyte dynamics

in the SPM, the computational cost of the model increases.

Marquis et al. [82] used asymptotic reduction methods [92] to obtain a more accurate

SPMe than previously reported SPMe-s, and similar computational complexity [82]. In

this work [82], they compared the computational requirements and accuracies obtained

with the SPM and their SPMe relative to the P2D model, all of them disretized with FVM.

The results showed that the accuracy of the SPMe was very good until C-rates up to 2C

while the accuracy of the SPM dropped drastically, and the computational cost was very

similar to the SPM. Thus, the SPMe could be a better approach than the SPM due to its

better accuracy and similar computational cost.

This literature analysis showed that the simplifications of the P2D model are less

accurate and provide less physical information, however, they are computationally lighter

and, therefore, they could be a better option for applications where the computational cost

is critical. For this reason, it was decided to implement the SPM, the SPMe and the P2D

model to compare their performance and to have the possibility of implementing the most

suitable model in any particular case.
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In the following subsections these three models are explained in more detail. For that,

the P2D model is described first, since it uses the most complete physical representation,

and the SPMs can be derived from this model by making additional assumptions. After the

P2D model is explained, a literature overview is presented to analyze the MOR methods

that were used to reduce the P2D model complexity. Since the P2D model should be

reduced for the purpose of this thesis, the different MOR techniques are compared and the

selection of the technique that was used to solve all the models of this work is justified.

Finally, the SPMs are described and a comparison between the reduced-order P2D and

SPMs is presented.

2.2 T H E P S E U D O - T W O D I M E N S I O N A L M O D E L

As mentioned, the P2D model is a continuum-scale PBM developed by Newman, Doyle

and Fuller [93–95]. It describes the electrochemical processes that occur inside a battery cell

using a system of PDAEs. These PDAEs derive from the physical equations that represent

the micro-scale physical phenomena occurring inside the cell. Volume averaging theorem is

used to transform these micro-scale equations into continuum-scale equations [8].

The model represents the cell thickness with a linear macro-scale dimension (x). It

divides the cell in three domains: the electrodes and the separator. Porous electrode

theory [96] is used to describe the electrodes, which considers two superimposed phases:

the solid phase and the electrolyte phase. Each x point of the electrodes is considered as

the center of a solid spherical particle of radius Rs. To describe the particle radius at each

x point, a micro-scale pseudo-dimension (r) is used. Therefore, the model does not take

into account the current distribution along the height and length of the electrodes and

assumes a homogeneous distribution of spherical particles in the electrodes. An illustration

of the model can be seen in Figure 2.1.
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Figure 2.1: P2D model representation [8].
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Using this representation and the applied current density (iapp) as input, the model solves

the time and spatial evolution of five dependent variables: the solid phase concentration

cs(x, r, t), the electrolyte concentration ce(x, t), the electric potential of the solid phase

ϕs(x, t), the electric potential in the electrolyte ϕe(x, t) and the flux of lithium ions between

solid particles and the electrolyte j(x, t).

2.2.1 Governing equations

The system of equations is composed of four PDEs, which model mass and charge

conservation in the solid and electrolyte phases, and an algebraic equation that couples all

the PDEs together.

Lithium transport in the solid phase is described by Fick’s diffusion equation in

spherical coordinates

∂cs(x, r, t)
∂t

=
1
r2

∂

∂r

(
Dsr

2∂cs(x, r, t)
∂r

)
, (2.1)

where Ds is the diffusivity of lithium in the solid particles, and represents how easy it is for

lithium to diffuse through the solid phase. Since radial symmetry is assumed, there can be

no net flux through the center of the particle. This is represented with the homogeneous

Neumann boundary condition
∂cs(x, 0, t)

∂r
= 0. (2.2)

At the particle surface, r = Rs, the module of lithium concentration variation must be equal

to the flux of lithium going out of the particle. This is described with the inhomogeneous

Neumann boundary condition

Ds
∂cs(x,Rs, t)

∂r
= −j(x, t). (2.3)

Mass conservation in the electrolyte phase is modeled by:

∂(εece(x, t))
∂t

=
∂

∂x

(
De,eff

∂

∂x
ce(x, t)

)
+ as(1 − t0+)j(x, t), (2.4)

where εe is the volume fraction of the electrolyte (or the porosity), t0+ is the transference

number of the cation with respect to the solvent and De,eff is the effective electrolyte

diffusivity. This equation describes the movement of lithium through the electrolyte due to
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diffusion, neglecting the convection and migration phenomena. However, for high current

rates, this assumption may be inaccurate [97].

The electrolyte mass conservation equation is subject to two homogeneous Neumann

boundary conditions. As there cannot be flux of lithium between the electrolyte and the

current collector:
∂(ce(0, t))

∂x
=
∂(ce(Ltot, t))

∂x
= 0. (2.5)

Charge conservation in the electrolyte is modeled by

∂

∂x

(
κeff

∂

∂x
ϕe(x, t)

)
+

∂

∂x

(
κD,eff

∂

∂x
ln(ce(x, t))

)
+ asFj(x, t) = 0, (2.6)

where κeff is the effective electrolyte conductivity, as is the specific surface area of the

solid particles, F is the Faraday constant and κD,eff is calculated as

κD,eff =
2RTκeff

F

(
1 + ∂ln f±

∂ln ce

)(
t0+ − 1

)
, (2.7)

where f± is the mean molar activity. It is common to assume ∂ln f±
∂ln ce

= 0 [8], however, this

thermodynamic factor can deviate depending on the salt concentration. The influence of

this deviation on cell performance increases at higher C-rates, as shown in [97].

Since there is no electron transfer between the current collectors and the electrolyte,

the boundary conditions 2.8 and 2.9 must be met.

κeff
∂

∂x
ϕe(0, t) + κD,eff

∂

∂x
ln(ce(0, t)) = 0 (2.8)

κeff
∂

∂x
ϕe(Ltot, t) + κD,eff

∂

∂x
ln(ce(Ltot, t)) = 0 (2.9)

Charge conservation in the solid phase is modeled by Ohm’s law

∂

∂x

(
σeff

∂

∂x
ϕs(x, t)

)
− asFj(x, t) = 0, (2.10)

where σeff is the solid effective conductivity. All the current flowing through the cell

must be transferred through the solid phase from the collectors to the electrodes, and

vice versa. Therefore, two homogeneous Neumann boundary conditions are defined at the

electrode/collector boundaries

−σneff
∂

∂x
ϕs(0, t) = σpeff

∂

∂x
ϕs(Ltot, t) = iapp. (2.11)
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Lithium transfer between the solid/electrolyte interface is modeled by the

Butler-Volmer kinetic relationship

j =
i0
F

{
exp

(
(1 − α)F

RT
η

)
− exp

(
−αF

RT
η

)}
, (2.12)

where α is the charge transfer coefficient, R is the universal gas constant, T is the

temperature, η is the overpotential (2.13) and i0 is the exchange current density (2.14).

The overpotential is defined as the difference between the local electric potential and the

equilibrium potential on the surface of the particle. It sets the direction and the magnitude

of the lithium transfer reaction in the solid/electrolyte interface, and is calculated with the

equation

η = ϕs − ϕe −Uocp(cs) − FRfilmj, (2.13)

where Uocp is the equilibrium potential (or open circuit potential) and Rfilm is the resistance

generated by the film covering the solid particles, “isolating” them from the electrolyte.

This film is known as the SEI.

The exchange current density is given by

i0 = Fk0,norm

(
ce
ce,0

)1−α(
cs,max − cs,e
cs,max

)1−α(
cs,e
cs,max

)α
, (2.14)

where ce,0 is the initial electrolyte concentration, cs,max is the maximum solid-phase

concentration and k0,norm is defined by

k0,norm = Fk0c
1−α
e,0 cs,max, (2.15)

where k0 is the reaction rate coefficient.

2.2.2 Model parameters and assumptions

As can be seen in the equations of the P2D model, many parameters have to be defined

before solving the equation system. The parameter measurement/estimation process is not

a trivial task, it requires several parameter estimation and/or physico-chemical parameter

measurement procedures to obtain values that can accurately represent the behavior of the

cell [46, 50,98–100]. Table 2.1 shows a classification of the parameters of the P2D model.
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Table 2.1: Classification of the P2D model parameters.

Negative electrode Separator Positive electrode

anegs aposs

Rnegs Rposs

ce,0 ce,0 ce,0

cnegs,max cposs,max

εnege εsepe εpose

εnegs εposs

κnegeff κsepeff κposeff

σnegeff σposeff

θneg0 θpos0
θneg100 θpos100
Unegocp Uposocp

A A A

Lneg Lsep Lpos

Dneg
e Dsep

e Dpos
e

Dneg
s Dpos

s

t0+ t0+ t0+

τneg τ sep τpos

kneg0 kpos0
αneg αpos

∂ln f±/∂ln ce ∂ln f±/∂ln ce ∂ln f±/∂ln ce

Since batteries are manufactured with porous electrodes nowadays, the bulk properties

of the materials have to be adjusted in order to calculate effective parameter values that

take into account the path that ions follow through the porous media. This is the case of

the electrolyte diffusivity and the ionic and electronic conductivities. Effective parameters

can be calculated using the tortuosity (τ) of the porous media. The tortuosity is defined as

the ratio between the lengths of the shortest path and the real path that an ion diffusing

through the porous media can take:

τ =
L

L0
, (2.16)

where L is the length of the real path and L0 is the shortest path length. This is shown in

Figure 2.2.

To relate tortuosity to the liquid volume fraction (or porosity), the Bruggeman exponent

[101] is commonly used in the P2D model [8], which is defined as

τ = εbruge . (2.17)
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Case A
  =1

Case B
  =   0.5

Current collector

Case C
  =   brug

L0 L L L

Figure 2.2: Different tortuosity scenarios [99].

Applying the Bruggeman exponent to the bulk parameters, the effective parameters are

calculated:

κeff = κεbruge (2.18)

σeff = σεbruge (2.19)

De,eff = Deε
brug
e . (2.20)

Many physicochemical properties may vary depending on temperature and concentration

[102]. These variations should be taken into account to make the model more accurate at

a wider range of SOCs and temperatures. The temperature dependency of the parameters

can be taken into account using the Arrhenius equation [103]:

ψ = ψrefexp

[
Eact,ψ
R

(
1

Tref
− 1
T

)]
, (2.21)

where ψ is the temperature dependent variable and Eact,ψ is the activation energy of the

evolution process of ψ.

For concentration dependent parameters, other relations can be used. One of them

is the Einstein equation, proposed by Ecker et al. [104] to model the concentration and

temperature dependence of the electrolyte diffusion coefficient:

Dr
e,eff =

κreffkBT

e2NAce
, (2.22)

where kB is the Boltzmann constant, e is the elementary charge, NA the Avogadro constant

and ce the electrolyte concentration of lithium.

One of the parameters that varies most due to concentration variations is the solid-phase

diffusion coefficient, which can change up to 2 orders of magnitude in the entire SOC range
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for typical electrode materials such as NMC or graphite [47]. Baker and Verbrugge [105]

suggested the following concentration dependency for the solid-phase diffusion coefficient:

Dr
s,tot(θ,T ) = −Dr

s,tot(T )
F

RT
θr(1 − θr)

∂U rocp
∂θr

, (2.23)

where θ is the local SOL and ∂U rocp/∂θr is the slope of the equilibrium potential at certain

θ value.

The parameters of the P2D model that depend on temperature and concentration are

presented in Table 2.2.

Table 2.2: Concentration and temperature dependent parameters.

Parameter Dependency

De ce,T
Ds cs,T

∂ ln f±/∂ ln ce ce,T
k cs,T
κ ce,T
σ cs,T
t0+ ce,T
Uocp cs,T

2.3 M O D E L O R D E R - R E D U C T I O N T E C H N I Q U E S

The objective of MOR techniques is to convert the PDEs of the system into lower order

ODEs and algebraic equations, which are less demanding computationally. In the following

lines, an analysis of different MOR techniques found in the literature is presented. In order

to compare them between each other, the key aspects to look at when evaluating the models

are defined as key performance indicators (KPIs). The KPIs that were considered are the

following: computational time, memory requirements, ROM accuracy, precomputation

speed, and whether the MOR technique is analytical or numerical.

This last feature was considered to be very important for this work. Analytical techniques

result in ROMs that keep the original parameters “symbolically” in the ROM, whereas

numerical methods do not. The importance of this characteristic depends mainly on the

aging of the cells. While the cells age, the values of the physical parameters change,

making the original model inaccurate if these parameters are not updated. When this

happens, analytically reduced ROMs are able to change the parameters directly, whereas
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numerically reduced ROMs are not, and they would have to be recomputed after changing

the parameter values on the FOM.

After identifying the most important characteristics of MOR techniques, the literature

was analyzed to compare different options and decide which method was the most suitable for

the purpose of this work. In result of this literature analysis, 5 MOR methods were selected

to compare: the proper orthogonal decomposition (POD) [76,77,106–108], the realization

algorithms (xRAs) [79,81,109,110], the Padé approximation method [106,111,112], the

Galerkin approximation [106,113,114] and the orthogonal collocation [54,78,80,115]. There

are different types of xRAs, such as the continuous-time (CRA), the discrete-time (DRA)

or the hybrid realization algorithm (HRA) [81], however we decided to group them for this

analysis, since they have many characteristics in common.

These 5 techniques have been used previously in the literature to reduce the computa-

tional complexity of the P2D model or the SPMe, so the results shown in their respective

publications were used to compare the performance of the techniques in each KPI. Table

2.3 shows the qualitative comparison for each MOR method in the defined KPIs. More

black circles mean better performance, so more black circles in computational time mean

that the ROM requires less computational time for a simulation.

Table 2.3: Qualitative comparison of the analyzed MOR techniques (based on literature results).

MOR technique Analytic Computational Memory Model Precomputation References
MOR time requirements accuracy speed

POD ✗   ##    #    #  ### [76, 77,108]
Realization algorithms ✗       ##    #   ## [79, 81,109,110]
Padé approximation ✓    #       ## - [106,112]
Galerkin approximation ✓   ##    #     - [113,114]
Orthogonal collocation ✓   ##    #     - [54, 78,80,115]

As can be seen in Table 2.3, the POD and xRAs are numerical MOR techniques. Since

the goal of this thesis is to reduce degradation, it is not convenient to have ROMs that cannot

update its parameters directly when the cell ages. Therefore, the Padé approximation,

the Galerkin approximation, and the orthogonal collocation methods were identified as a

better approach for this work. However, note that these methods could be a better option

for other purposes. For example, Lee et al. reported that their DRA-based ROM was 5000

times faster than their FOM [79], while the time reduction with the orthogonal collocation

method can be of 20:1 with respect to a FOM [115]. Thus, DRA should be a better option

for applications where simulation time is the most critical feature.
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Among the three analytical methods, the orthogonal collocation and Galerkin ap-

proximation methods are more accurate than the Padé approximation method. This is

because frequency-domain approximation methods rely on the assumption that the system

is linear [83]. The Galerkin and the orthogonal collocation methods are spectral MOR

methods, which are based on approximating the PDEs of the system using a sum of basis

(or trial) functions [78,114]. Depending on the number of functions used to approximate

the PDE, the reduction in computational time will vary, as well as the accuracy of the

solution. Compared to spatial discretization methods such as the FEM, FVM or FDM,

spectral methods can achieve the same accuracy with a reduced number of discretization

nodes [83], achieving faster ROMs [78,115]. On the other hand, the Padé approximation is

a faster method that consists on linearizing the transcendental transfer functions of the

FOM [110] into rational functions in the Laplace domain and reducing the order of the

system with moment matching [112].

These three analytical MOR techniques could be valid for this work; however, we decided

to choose the orthogonal Collocation method for several reasons. First of all, regarding the

additional models that have to be included in the model, such as aging and thermal models,

the Galerkin approximation method or the orthogonal collocation method are easier to

adapt than the Padé approximation method, due to the transfer function based nature of

the Padé approximation. Between the two spectral methods, the orthogonal collocation is

easier to implement in our opinion. Both methods use the weighted residual method to

obtain the coefficients of their trial functions, but with different approaches. The Galerkin

method consists on forcing the integral of the residual to be zero over an interval, whereas

the orthogonal collocation forces the integral of the residual over a point to be zero. For

these reasons, orthogonal collocation was adopted as the reduction technique to reduce the

computational cost of the P2D, SPMe and SPM models that were used in this work.

For the sake of readability, the implementation of the orthogonal collocation method

for the P2D model is explained in Appendix A. The implementation of the orthogonal

collocation SPMe and SPM is the same as for the P2D model, but solving the solid-phase

concentration equations for only one particle, and considering a uniform current density

instead of using the Butler-Volmer equation. The orthogonal collocation P2D model was

validated against a high-fidelity P2D model solved with FEM in COMSOL Multiphysics®

implemented by Plett et al. [8]. The validation results are shown in Appendix B.
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2.4 T H E S I N G L E - PA RT I C L E M O D E L S

As specified above, the SPM and SPMe are simplifications of the P2D model. They

model one average active material particle per electrode, and the current density is assumed

to be uniform. The only state variable of the SPM is the solid-phase concentration, which is

calculated using the same solid-phase diffusion equation of the P2D model, but considering

the above-mentioned uniform current density. Once the solid-phase concentration is solved,

the cell voltage and overpotentials are calculated. The equations of the SPM are shown in

Table 2.4.

Table 2.4: Equations of the SPM.

Description Equation Boundary conditions

Mass conservation
in the solid phase ∂cs

∂t
=

1
r2

∂

∂r

(
Dsr

2∂cs
∂r

)
∂cs
∂r

∣∣∣∣
r=0

= 0,Ds
∂cs
∂r

∣∣∣∣
r=Rs

= −j

Reaction flux j =



iapp
FansL

n
for x ∈ [0,Ln]

0 for x ∈ [Ln,Ln + Ls]

− iapp
FapsLp

for x ∈ [Ln,Ltot]

Cell voltage

Vcell = U eq − ηr + ηc − ∆ϕe − ∆ϕs
U eq = Upocp(c

p
s,e) −Unocp(c

n
s,e)

ηr =
2RT
F

sinh−1
(
jpF

2ip0

)
+

2RT
F

sinh−1
(
jnF

2in0

)
i0 = Fk0,norm(1 − θ)1−αθα

Unlike the SPM, the SPMe considers the electrolyte dynamics and models more physical

phenomena that occur inside battery cells. However, it cannot model the solid-phase

concentration gradients that occur through the thicknesses of the electrodes due to its

single-particle approach. The equations of the SPMe are shown in Table 2.5. As can be

observed, the equations of the SPMe are very similar to the equations of the P2D model.

One of the main differences that results in the reduced computational cost of the SPMe is

the assumption of a uniform current density. The Butler-Volmer Equation 2.12 that is used

in the P2D model to calculate the reaction flux creates an algebraic loop that converts the

system of ODEs into a DAE system. Consequently, a specific DAE solver for stiff systems

is required to solve the P2D model (if a frequency-domain approximation method is not

used, as the xRAs or Padé approximation).
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Table 2.5: Equations of the SPMe.

Description Equation Boundary conditions

Mass conservation
in the solid phase ∂cs

∂t
=

1
r2

∂

∂r

(
Dsr

2∂cs
∂r

)
∂cs
∂r

∣∣∣∣
r=0

= 0,Ds
∂cs
∂r

∣∣∣∣
r=Rs

= −j

Mass conservation

in the electrolyte ∂(εece)

∂t
= ∇ · (De,eff∇ce) + as(1 − t0+)j

∂ce
∂x

∣∣∣∣
x=0

=
∂ce
∂x

∣∣∣∣
x=Ltot

= 0

Reaction flux j =



iapp
FansL

n
for x ∈ [0,Ln]

0 for x ∈ [Ln,Ln + Ls]

− iapp
FapsLp

for x ∈ [Ln,Ltot]

Cell voltage

Vcell = U eq − ηr + ηc − ∆ϕe − ∆ϕs
U eq = Upocp(c

p
s,e) −Unocp(c

n
s,e)

ηr =
2RT
F

sinh−1
(
jpF

2ip0

)
+

2RT
F

sinh−1
(
jnF

2in0

)
i0 = Fk0,norm

(
ce
ce,0

)1−α

(1 − θ)1−αθα

ηc =
2RT
Fce,0

(
1 − t0+

)
(cpe − cne )

∆ϕe =
iapp

κe(ce,0)

(
Ln

3εnbrug

e

+
Ls

εsbrug

e

+
Lp

3εpbrug

e

)
∆ϕs = − iapp

3

(
Lp

σp
+
Ln

σn

)

An illustration of the difference between the P2D model and the SPMe can be seen in

Figure 2.3. As shown, the SPMe models just one active material particle per electrode,

and the P2D model needs to model various particles to obtain an accurate solution.

Figure 2.3: P2D vs SPMe representation.
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To analyze how accurate the SPMe is compared to the SPM, various constant-current

discharge simulations were performed and compared with the P2D model. The orthogonal

collocation method was used to convert the PDEs of the models into ODEs, and the

MATLAB® ode15s solver was used to perform the simulations. Figure 2.4 shows the

simulation results for 2C, 1C, C/2 and C/5 CC discharges for an LG M50 battery cell. The

parameters for the simulations were acquired from [49], and are specified in Appendix C.1.

Figure 2.4: Cell voltage prediction comparison for 2C, 1C, C/2 and C/5 C-rates for an LG M50
cell between the P2D (solid lines), SPMe (markers) and SPM (dashed lines) models.

As can be seen in Figure 2.4, the SPMe is very accurate until the 2C simulation, were

the errors become notorious at the end of the discharge. This error occurs because the

SPMe is unable to represent the solid-phase concentration gradients across the negative

electrode, and when the negative electrode OCP becomes more nonlinear, the average

particle approach of the SPMe is not sufficient to represent it. It has to be noted that the

maximum continuous discharging C-rate is of 1.5C (7.5 A) for the LG M50 cell, so it is

not designed to work at much higher C-rates. High energy density cells, such as this one,

have thicker electrodes than high-power density cells, making the single-particle approach

less reliable for both SPM and SPMe models. For this reason, it is often claimed in the

literature that the SPM and the SPMe are not able to give accurate results at high C-rates;

however, this strongly depends on the type of cell that is being used.

To demonstrate that the SPMe can work appropriately at relatively high C-rates, the

same type of discharge simulations were performed with a 28 Ah high-power cell. The
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parameters of the cell were acquired from [47,48], and are specified in Appendix C.2. The

simulation results are shown in Figure 2.5. As can be seen, the voltage response of the

SPMe can be very accurate until C-rates up to 5C, and the SPM can also be accurate at

1C. Since the electrodes of this cell are much thinner, the SPM and SPMe remain accurate

until higher C-rates. Nevertheless, if a very high energy density cell is going to be used

with high currents, maybe the P2D model would be a better option to better model the

dynamics of the cell.

Figure 2.5: Cell voltage prediction comparison for 2C, 1C, C/2 and C/5 C-rates for an LG M50
cell between the P2D (solid lines), SPMe (markers) and SPM (dashed lines) models.

Summing up, the SPMe was proved to be much more accurate than the SPM, with a

similar computational complexity. Therefore, it seems that the SPMe would be a better

option than the SPM for most applications. When comparing these two models to the

P2D model, it must be noted that the computational complexity of the P2D model is

much higher, so it seems more reasonable to use the SPMe or the SPM for control oriented

applications.





Chapter 3

B AT T E RY A G I N G P R E D I C T I O N

The research performed on battery aging modeling and prediction is discussed in this

chapter. First, an overview of battery aging is given, explaining which are the effects of

degradation in battery performance, which are the modes of degradation and how they affect

in the performance of the battery, and which are the main aging mechanisms that can occur

in lithium-ion batteries. After this overview, the importance of the degradation modes is

highlighted, and a degradation mode estimation tool that was developed in our research

group is introduced. Later, the modeling of degradation mechanisms is discussed, and a

comparison is presented to evaluate which battery model should be used for aging prediction.

Finally, the experimental study that was developed is presented, describing a new method

to enhance the parameterization and improve the reliability of physics-based aging models.

35
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3.1 L I T H I U M I O N B AT T E RY A G I N G O V E RV I E W

As explained in Chapter 1, one of the biggest drawbacks of nowadays lithium-ion

batteries is their aging. Aging occurs continuously in lithium-ion batteries, at any storage

or working condition [22, 116]. However, depending on the chemistry and characteristics of

the cell, and the operating conditions (SOC ranges, C-rates, temperatures...), batteries can

suffer from different aging phenomena and at higher or lower rates [22, 116]. Therefore,

it is of critical importance to optimize the usage of these batteries so they can last more

while improving their performance.

3.1.1 Aging mechanisms, modes and effects

Battery aging can be analyzed at different levels or scales. As users, we often experience

the consequences of battery aging when we notice that the battery of our cell phone

does not last as long as it used to. The reason behind this capacity fade could be in

different components of the battery. The amount of cyclable lithium inside the battery

could have been reduced, some fraction of the electrode could have become inactive for

lithium intercalation due to mechanical stresses or electrolyte dry-out. These form of

degradation can be observed in the OCV of the battery using differential voltage [117] or

incremental capacity [118] techniques for example. However, they are more difficult to

measure comparing to capacity fade or power fade. The lowest level of degradation that

can be analyzed are the actual physical phenomena that occur inside specific regions of

the battery, which provoke LLI, LAM or impedance increase, consequently affecting the

capacity and power capabilities of the cell. Figure 3.1 shows a summary of the predominant

aging mechanisms that can occur in lithium-ion batteries.

The three scales of degradation forms are defined below:

• Aging or degradation mechanisms are the physical phenomena that occur in battery

cell components (in the electrodes and the electrolyte), causing battery aging. The

mechanisms can be mechanical or chemical.

• The degradation modes are a method to group the degradation mechanisms depending

on their impact on the kinetic and thermodynamic behavior of the cell.

• The degradation effects are the consequences of the mechanisms that can be directly

observed in the cell performance. Which are mainly capacity fade and power fade.
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Figure 3.1: A graphical representation of the main degradation mechanisms that occur in Li-ion
cells [119].

Extensive work has been done to analyze each of the degradation mechanisms that

occur inside battery cells [22, 35, 119–125]. Nevertheless, many of them are not completely

understood yet, and many others probably have not still been discovered. In this section, the

most common aging mechanisms will be analyzed, defining to which observable degradation

modes they impact and the effects they produce in cell performance. The three degradation

modes that were defined are the following:

• Loss of Active Material (LAM). It groups the mechanisms that reduce the active

material available for electrochemical reactions, either on the positive or the negative

electrode.

• Loss of Lithium Inventory (LLI). It groups the mechanisms that reduce the

amount of cyclable lithium. This results in capacity fade and, depending on the

mechanism, if a resistive film is formed, it may also result in power fade.

• Impedance change. It groups the mechanisms that affect the kinetic behavior of the

cell.

The interplay between different mechanisms, modes and effects is summarized in Figure

3.2. Green squares denote the five principal degradation mechanisms that Edge et al.

considered [22], and the red ones the secondary mechanisms. The gray squares contain the

observable aging modes, and the two pink squares are the two degradation effects: power

and capacity fade. The mechanisms related to the negative electrode are located in the

blue rectangle (which are the most critical ones generally [116,120,122]), and below, in the
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brown rectangle, the ones related to the positive electrode. As can be seen, the different

aging mechanisms are closely related to each other, and one can help originating many

others. This indicates how difficult it would be to model all the mechanisms together.

Figure 3.2: Diagram of how aging mechanisms contribute to each mode and the produced effects
on cell performance [22].

The main degradation mechanisms are explained in the following lines, along with the

relations that they have with other aging mechanisms. Besides, the working and storage

conditions that accelerate or slow down these mechanisms are highlighted.

3.1.1.1 Solid Electrolyte Interphase growth

The SEI is a passivation layer formed of electrolyte reduction products (which generates

electrolyte decomposition) when the liquid electrolyte comes into contact with the active

material particles of the negative electrode [22, 126]. This layer stabilizes the reaction

between the electrode and the electrolyte by acting as a “solid electrolyte” that enables

the intercalation of lithium in the negative electrode while avoiding the fast decomposition

of the electrolyte.

This SEI layer is first formed in the formation cycles of the cell, which are the first cycles

that are made after assembling the cell [22]. As lithium needs to be consumed to form

this layer, LLI takes place. The process results in approximately 10% loss of capacity [22],

but it stops further electrolyte decomposition (and further capacity loss) coming from
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the contact with the negative electrode. However, once the SEI layer is formed, it keeps

growing, even if the battery is not used.

The rate at which this layer grows depends mostly on temperature [22]. At high

temperatures, the diffusion rates increase, while making the SEI layer grow faster. In

addition to temperature, high C-rates may also create cracks on particles, which increase the

rate of SEI growth, as shown in Figure 3.2. Additionally, more side reactions could occur in

the plated lithium to form additional SEI [127]. Furthermore, dissolved positive electrode

transition metal ions could be deposited on the negative electrode. This continuous growth

generates more LLI and consequent capacity fade. In consequence, a high imbalance can

be generated between the positive and negative electrodes, accelerating the degradation of

the positive electrode due to excessive delithiation at high SOCs. Besides, the continuous

increase of the SEI layer can create pore blockage, reducing the porosity of the electrodes.

Peled [128] introduced the concept of SEI in 1979 as an electronically insulating

and ionically conducting passivation layer. Since 1979, many experimental research has

been made and diverse compounds have been observed within the SEI layer [129]. This

makes difficult the understanding of the SEI growth mechanisms that happen in different

conditions and in different chemestries [126]. Even the Li+ transport through the SEI is

still debated [126,130]. This is illustrated in Figure 3.3.

Figure 3.3: Initial SEI formation (a), long term SEI growth by transporting negative charge to the
SEI/electrolyte interface (b), and alternatively, long term growth by the diffusion of
the electrolyte through the electrode/SEI interface (c) [126].

In Figure 3.3 it is shown how, before the SEI layer is formed, electrons tunnel, electrolyte

is reduced and the products of the reduction precipitate as solid film. After the film is

formed, two alternatives are considered. In the first one, the electrons are transported

from the electrode to the SEI/electrolyte interface, where the electrolyte is reduced. In

the second one, the electrolyte is diffused towards the electrode/SEI interface, where the



3.1 Lithium ion battery aging overview 41

reaction takes place. Since the mechanisms are not well established yet [126], it is difficult

to define one model that describes the SEI growth for any cycling or storage condition.

3.1.1.2 Lithium plating

Lithium plating, like the SEI layer growth, is a side reaction that occurs in the negative

electrode of lithium-ion batteries. Instead of intercalating into the negative electrode,

lithium ions are plated on the surface of the negative electrode forming metallic lithium [131].

As well as being one of the main degradation mechanisms, especially in fast charging

applications [22], it can also lead to safety issues [37]. The deposited lithium metal can

grow in form of dendrites and perforate the separator resulting in a short circuit, and may

cause a thermal runaway [132].

Lithium plating can be caused by fully lithiating the negative electrode, in which case

the lithium ions have no option to intercalate into the electrode. However, this does not

usually happen, since battery manufacturers add excess capacity in the negative electrode

to prevent this. It is more common to generate plating by charging the battery with high

C-rates or at low temperatures to high SOCs, in which case the electrostatic potential of the

negative electrode may fall below the potential of a reference Li/Li+ electrode [23,37,38]. In

other words, the overpotential of the reaction may become negative, producing the plating

reaction. However, lithium plating is not a completely irreversible reaction, and the plated

lithium can be stripped through the inverse reaction, which is called stripping [20,21,34,37].

The fact that calendar aging affects very slowly at low temperatures [133], suggests that

lithium plating does not occur when the cell is at equilibrium [22]. However, the results

reported by Keil et al. [134] suggest that the resting periods after fast charging the cells

may favour the irreversible lithium deposition instead of the stripping reaction.

The irreversible lithium plating occurs when the plated metallic lithium reacts with the

electrolyte to form SEI [18,135]. This SEI layer can isolate the lithium electrically, making

it unable to be recovered. This “dead lithium” affects to the LLI mode, as well as the SEI

layer generated due to this reaction, and both of them reduce conductivity through pore

clogging [18].

3.1.1.3 Particle cracking and mechanical LAM

Particle cracking, or particle fracture, is a mechanical degradation mechanism that

happens in both electrodes. It is originated by the volume changes that occur in the

electrodes due to the stress generated by the intercalation and de-intercalation of lithium



42 C.3 Battery aging prediction

ions [136,137]. This volume changes are very notorious in high specific capacity graphite-Si

electrodes, since Si can reach over 300% volume expansion during lithiation [124], creating

considerable compressive stress. In delithiation, electrode materials shrink, generating

tensile stresses, what can originate battery material fractures. These fractures can lead to

electrode pulverization, separating active material from the electrode (island formation),

and therefore loosing active material. Also, they might create new surfaces that are in

contact with the electrolyte. These new surfaces may react with the electrolyte building new

species, accelerating SEI generation [22,138], and consequently loosing lithium inventory

and capacity. Furthermore, the volume expansions and contractions can originate loss of

electrical contact, increasing their contact and charge transfer resistances [22,122], what

generates impedance rise and power fade.

Particle fracture is one of the main contributors in battery degradation [138]. For

example, the fragmentation of secondary particles (a form of crack between the primary

and the secondary particles) has been observed to be the major degradation mechanism in

NMC and NCA cathodes [139–141].

Since particle cracking is originated by electrochemical activity, and higher local current

densities are given near the separator, local particle fragmentation has been found close to

the separator [137, 139]. High currents, and high and low temperatures can also accelerate

fracture. At high temperatures more thermal stress is generated, and at low temperatures

graphite becomes more fragile and prone to fracture. Besides, since particle cracking is

closely related to volume changes, high depth-of-discharges (DODs) will accelerate this

phenomenon, as the active particles will be expanded and contracted more, especially in

graphite-Si electrodes.

3.1.1.4 Positive electrode structural change and decomposition

Positive electrode degradation highly depends on its chemistry. Figure 3.2 shows

the main degradation mechanisms for NMC electrodes. Lithiation/delithiation in the

positive electrode active material originate stresses that can cause strains called phase

transitions [10,22,122]. The layered active material structures can decompose into spinel

and rock salt phases, changing the electrode structure and its mechanical properties.

Consequently, a passivation layer is formed at the surface of the positive electrode, and

generation of different gaseous products can occur. This phenomenon leads to capacity

fade. Delithiated states (high cell SOC) enhance these phase transitions [22], as well as

high C-rates [10].
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Mechanical stresses may also lead to structural disordering, where the crystal structures

of the positive electrode are modified by switching lithium atoms with other transition

metal atoms of similar ionic radius [22]. This can cause lithium to get trapped, generating

LLI, LAM, impedance rise and consequently, capacity and power fade.

In electrode chemistries where nickel can be found, such as NCA or NMC, electrolyte

decomposition can occur if highly oxidized nickel contacts the electrolyte. In this case,

nickel is dissolved in the electrolyte and surface films are formed on the electrodes [22]. This

causes impedance rise and power fade. Furthermore, moisture can react with the electrolyte

to form acidic species. These acids can then react with the positive electrode material,

dissolving positive electrode active materials, what can poison the negative electrode SEI

layer and contribute to the growth of the positive electrode SEI (pSEI).

The pSEI mechanism is very similar to the negative electrode SEI mechanism. Princi-

pally, it is formed in the first cycles of the cell [22], however, if it is unstable, continues

growing. It is formed by the dissolution products generated by the positive electrode and

the electrolyte, which generates LAM. It contributes to the electrolyte decomposition,

rising the electrolyte impedance and generating power fade.

The different degradation mechanisms that can occur in the negative electrode, their

impact in cell performance and the factors that can reduce or enhance these mechanisms

were summarized by Vetter et al. as it is shown in Table 3.1. The same information is

given for the positive electrode aging mechanisms in Table 3.2.

3.2 A G I N G M O D E L I N G

The understanding and modeling of these degradation phenomena is key to prolong

the lifetime of batteries, as well as for the development of advanced control strategies

that mitigate aging [122]. As a consequence, physics-based battery aging modeling has

been an active research topic in the last years [18, 20, 21, 23, 34–36, 39, 142–146]. Unlike

empirical models, which predict the measurable effects of the battery as capacity loss

or power fade, physics-based aging models describe specific degradation mechanisms to

predict the effects of battery aging, representing with more detail the physical phenomena

that will deteriorate the battery.

As mentioned above, several degradation mechanisms can occur in lithium-ion batteries

[22, 116], and it would be very difficult, if not impossible, to model all the degradation

mechanisms accurately. Therefore, it is essential to select the key degradation mechanisms
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Table 3.1: Negative electrode aging causes, effects and influences [120].

Cause Effect Leads to Reduced by Enhanced by

Electrolyte decomposition Loss of lithium Capacity fade Stable SEI (additives) High temperatures
(→ SEI) (Continuous side Impedance rise Power fade Rate decreases with time High SOC (low potential)
reaction at low rate)

Solvent co-intercalation, gas Loss of active material Capacity fade Stable SEI (additives) Overcharge
evolution and subsequent (graphite exfoliation)
cracking formation in Loss of lithium Carbon pre-treatment
particles

Decrease of accessible surface Impedance rise Power fade External pressure High cycling rate
volume changes, SEI Overpotentials Stable SEI (additives) High SOC (low potential)
formation and growth

Changes in porosity due to Impedance rise Power fade External pressure High cycling rate
volume changes, SEI Overpotentials Stable SEI (additives) High SOC (low potential)
formation and growth

Contact loss of active material Loss of active material Capacity fade External pressure High cycling rate
particles due to volume High DOD
changes during cycling

Decomposition of binder Overpotentials Power fade Current collector Overdischarge
Impedance rise pre-treatment(?) Low SOC (high potential)
Inhomogeneous Enhances other
distribution of current aging
and potential mechanisms

Metallic lithium plating and Loss of lithium (Loss of Capacity fade Narrow potential window Low temperature
subsequent electrolyte electrolyte) (power fade) High cycling rates
decomposition by metallic lithium Poor cell balance

Geometric misfits

that are the most important to model battery aging adequately. For example, Yang et

al. [18] used an SEI layer growth model and a lithium plating model that caused a porosity

decrease in the negative electrode to justify the nonlinear capacity decay behavior shown

in their experimental tests. The same argument was used by Atalay et al. [35]. However,

these works did not show empirical evidence that the cell was really aging because of the

SEI layer growth and the generation of lithium plating. This lack of validation occurs in

most of the models presented in the literature [18,35,39,143–146]. While aging mechanisms

are modeled using physical equations with physical meaning, the validation and parameter

fitting processes are usually performed against capacity measurements, as it is done for

empirical models, making the prediction of these models less reliable.

Additional information to the capacity measurements would be needed to improve the

validation and parameterization processes. In that regard, invasive methods may be used

to measure the SEI layer thickness [147] or the amount of plated lithium [148]. However,

these kind of methods would require extensive and complicated experimental work with

sophisticated equipment. Therefore, the mid-term solution that was proposed in this
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Table 3.2: Positive electrode causes, effects and influences [10].

Cause Effect Leads to Enhanced by

Phase transitions Crackin of Capacity fade High rates,
active particles high/low SOC

Structural Lithium sites Capacity fade High rates,
disordering lost and lithium high/low SOC

trapped

Metal dissolution Migration of Capacity fade High/low SOC,
and/or electrolyte soluble species, high temp-
decomposition erature

Re-precipitation Power fade
of new phases,
Surface layer Power fade
formation

Electrolyte Gas evolution High temp-
decomposition erature

Binder Loss of contact Power fade
decomposition

Oxidation of Loss of contact Power fade
conductive agent

Corrosion of current Loss of contact Power fade High SOC
collector

work is to use degradation mode estimates to fit physics-based aging model parameters,

and to validate the aging models. The degradation modes estimation procedure that was

employed is explained in the following subsection 3.2.1. This method is not able to confirm

the existence or the quantities of specific degradation mechanisms, however, it can give

information about the type of degradation that happened in the cell; such as LLI or LAM

in an electrode. Consequently, the degradation model should be able to adjust well the

OCV relation of the cell, and should be able to capture degradation knee trajectories than

a capacity-based parameterized model. Furthermore, including higher current cell capacity

data (e.g. C/5 discharge data) to the parameterization process, the impedance increase

can be captured, adding more information and increasing the reliability of the aging model.
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In addition to the parameterization process, it is crucial to select the appropriate aging

models to represent the aging behavior of a battery. For example, if several LAM is

observed in the positive electrode, some mechanism that describes this mode of degradation

should be included. Besides, the tendencies of degradation modes can provide information

on what mechanisms should be modeled. For example, if the LLI represents a sublinear

tendency, the corresponding model for LLI generation should be able to represent this

same tendency.

Summing up, with the goal of describing battery aging with more reliability, more

physical insight was added to the model selection and parameterization process using

degradation mode data.

3.2.1 Degradation mode estimation

The degradation mode estimation tool (ModEst) that was used in this thesis was

developed by Sergio Fernandez in Mondragon Unibertsitatea, and a paper was sent for

publication in the IEEE ECCE 2024 conference [149].

The tool performs a multi-objective optimization using a genetic algorithm. The multi-

objective optimization seeks to minimize the root-mean-square (RMS) errors of the OCV

and differential voltage curves, using OCV and BOL OCP data. For that, the algorithm

adjusts the 0 % and 100 % SOC stoichiometry values of both electrodes, as well as the

total capacities of the electrodes. These stoichiometry values and the electrode capacities

are then used to calculate LLI and LAM values. The flowchart of the algorithm is shown

in Figure 3.4. The algorithm was validated using different cell chemistries, in simulation

and experimentally. Some validation results are shown in Appendix D.

3.3 A N A LY S I S O F B AT T E RY M O D E L S F O R A G I N G

P R E D I C T I O N

The core of this section was published in [75].

One of the first steps that has to be considered when designing a physics-based degra-

dation model is to decide which battery model will be used to couple the degradation

mechanisms together. With that question in mind, a comparative study was developed to

investigate how accurately would the SPMe represent battery aging compared to the P2D

model. As shown in Section 2.4, the SPMe can be a good alternative of the P2D model
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Figure 3.4: Flowchart of the mode estimation tool.

for many applications, since it reduces significantly the computational cost and can be

accurate representing the behavior of the battery.

In order to compare the models for many aging mechanisms and have a “realistic” aging

representation, the model developed by O’Kane et al. [24] was coupled with the SPMe

and P2D models, which is probably one of the most complete physics-based aging model

that was proposed in the literature, as it considers four degradation modes (LLI, LAMn,

LAMp and impedance change). The model considers four degradation mechanisms: SEI

layer growth, lithium plating, particle cracking and LAM due to mechanical stress. The

last two mechanisms in both electrodes. A representation of the degradation mechanisms

implemented in the negative electrode of both models can be seen in Figure 3.5. In the top

side of the figure the implementation for the P2D model can be seen, and in the bottom

side the implementation for the SPMe. Note that the SPMe models just one average

particle, however, since we can calculate the electrolyte concentration and both potentials

at any point of the electrode, we can represent the different lithium plating and SEI growth

values along the electrode, as in [150]. On contrary, since the solid concentration, cs is used

for the LAM model and for the cracking model, just one average value can be calculated

for the entire electrode.
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Figure 3.5: Aging model summary for the P2D and SPMe models.

3.3.1 SEI layer growth model

As explained in Section 3.1, SEI layer growth is believed to be one of the most dominant

mechanisms in battery aging [22]. Many different models were proposed to explain the

long-term growth of the SEI layer [126]: solvent diffusion limited [31, 151], kinetically

limited [30], electron tunneling [152]... Among the different models, the solvent diffusion

limited model was shown to give one of the best fits to the experimental capacity evolution

over time, specially in storage conditions [22]. Hence, a diffusion limited model was used

to model the SEI layer growth. This model has a square root of time dependency that

results in a sublinear aging trajectory prediction.

The SEI model that was used is based on the work by Single et al. [151]. It is assumed

that the SEI layer thickness is homogeneous through the surface of the particle. The flux

density of the side-reaction is defined by

jSEI = −FDsol(T )∇csol, (3.1)
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where Dsol(T ) is the diffusion coefficient of the solvent and csol is the solvent concentration.

The solvent concentration at the particle/SEI interface is considered to be zero, and equal

to csol,0 (the solvent concentration at the electrolyte) at the SEI/electrolyte interface.

Therefore, the equation is rewritten as

jSEI = −FDsol
csol,0
LSEI

. (3.2)

The SEI layer thickness is defined as

∂LSEI
∂t

=
csol,0DsolVSEI

LSEI
, (3.3)

where VSEI is the mean partial molar volume of the SEI. The consequent voltage decay

due to the impedance of the SEI layer is modeled as

ηSEI = ρSEILSEI
j

ans
, (3.4)

where ρSEI is the electrical resistivity of the SEI layer. j is the total lithium flux density,

which adds the intercalation flux density and the side reactions’ flux density:

j = jint + jSR. (3.5)

The lithium flux density of the side reactions takes into account three contributions in

this model: the flux density that contributes to the SEI layer growth, jSEI , the lithium

plating flux density, jpl, and the flux density for the SEI growth on cracks, jSEI,cr. These

three contributions are taken into account in the side reactions’ flux density jSR as

jSR = jSEI + jpl + jSEI,cr. (3.6)

The SEI layer growth, lithium plating and SEI on cracks mechanisms generate LLI, which

is represented in the model by these parasitic flux densities. jSR reduces the intercalation

flux density, generating a difference between the de-intercalated lithium in the positive

electrode and the intercalated lithium in the negative electrode while charging the cell.



50 C.3 Battery aging prediction

3.3.2 Lithium plating model

The next degradation mechanism that was included for the analysis is the lithium

plating. Different plating models can be found in the literature, and they can be principally

divided between irreversible [18,35] and reversible plating models [23,26,34]. Reversible

models allow the stripping reaction once the lithium plating reaction has occurred, while

irreversible models do not. The plating model that was used for the analysis was developed

by O’Kane et al. [24]. The main difference of this model respect to the previously reported

reversible models is the consideration that some amount of the plated lithium may become

dead lithium, generating an irreversible loss of lithium.

The plating/stripping flux density is given by:

jpl = kpl

(
cplexp

(
Fαa,plηpl
RT

)
− ceexp

(
−Fαc,plηpl

RT

))
, (3.7)

where kpl is the plating reaction rate, cpl is the plated lithium concentration, αa,pl and

αc,pl are the anodic and cathodic transfer coefficients respectively and ηpl is the lithium

plating overpotential, which is given by

ηpl = ϕs − ϕe − ηSEI . (3.8)

The plated lithium concentration is calculated as

∂cpl
∂t

= −ans jpl − γcpl, (3.9)

where cpl is the plated lithium concentration and γ is the decay rate for the plated lithium.

The dead lithium concentration depends directly on the plated lithium concentration, and

is modeled as
∂cdl
∂t

= γcpl. (3.10)

The decay rate is given by

γ = γ0
LSEI,0
LSEI

, (3.11)

where LSEI,0 is the length of the SEI layer at BOL, and γ0 is the initial decay rate for

LSEI = LSEI,0.
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3.3.3 Particle cracking model

The particle cracking model is based on the stress coupled diffusion equation proposed

by Zhang et al. [153]:

∂cs
∂t

= Ds

[
∂2cs
∂r2 +

2
r

∂cs
∂r

+ θ

(
∂cs
∂r

)2
+ θcs

(
∂2cs
∂r2 +

2
r

∂cs
∂r

)]
, (3.12)

where θ = Ω
RT

2ΩE
9(1−ν) . Therefore, Equation 2.1 was substituted by Equation 3.12, and the

boundary condition 2.3 by

Ds(1 + θcs)
∂cs
∂r

∣∣∣∣
r=Rs

= −j. (3.13)

This way, the stress induced by the Li intercalation process is taken into account in the

diffusion model.

The particle cracking model is based on the work by Deshpande et al. [154]. It assumes

identical micro cracks occurring on the surface of the electrode particles. Paris’ law [155] is

used to model crack length due to mechanical fatigue

dlcr
dt =

kcr
t0

(
σtbcr

√
πlcr

)mcr

σt > 0, (3.14)

where kcr is the cracking rate, mcr is the Paris’ law exponential term, bcr is the stress

intensity factor correction, t0 is the time needed for one cycle and σt is the tangential stress

at the surface particle, calculated as

σt =
ΩE

1 − ν
(c̄s − cs,e) (3.15)

where E is the Young’s modulus, ν is the Poisson’s ratio and c̄s is the average solid

concentration. The parameters kcr, mcr and bcr are constants determined from experimental

data. The crack surface area to volume ratio is calculated as

acr = 2lcrwcrρcr, (3.16)

where wcr and ρcr are the particle crack width and particle crack number per unit area,

which are considered to be constant.



52 C.3 Battery aging prediction

An average SEI growth layer was modeled in the crack surfaces. For that, a new term

was added to the diffusion limited SEI model shown in Equation 3.3 to consider the new

crack area with smaller SEI layer:

∂LSEI,cr
∂t

=
csol,0Dsol(T )V̄SEI

LSEI,cr
+
∂lcr
∂t

LSEI,cr0 −LSEI,cr
lcr

, (3.17)

where LSEI,cr is the length of the SEI layer on the particle and LSEI,cr0 is the initial SEI

layer length in the newly formed crack surface, which can be defined as a thinner initial

SEI layer; e. g. LSEI,cr0 = LSEI,0/10000. The first term will make the SEI layer grow as

in the SEI model described by Equation 3.3, and the second term will make the average

crack SEI thickness decrease due to the increase in the crack length, lcr.

3.3.4 Loss of active material model

As explained in Section 3.1, several aging mechanisms result in LAM [22], such as

electrolyte decomposition and loss, positive electrode dissolution [156] or particle fractures

and contact losses due to mechanical stresses [22]. In the LAM model that O’Kane et

al. [24] used, active material is lost as a consequence of particle cracking, as was proposed

by Laresgoiti et al. [33]. The reduction of the active material volume fraction is modeled as

∂εs
∂t

=
β

t0

(
σh
σc

)m2

, (3.18)

where β and m2 are two fitting constants, σc is the critical stress and the hydrostatic stress,

σh is calculated as

σh =
σr + 2σt

3 , (3.19)

where σr is the radial stress. However, since the LAM is calculated with the stress values

at the surface of the particle, σr equals 0.

3.3.5 Porosity change

As the SEI and lithium plating layers grow, the porosity of the negative electrode

decreases. This is an important effect for the prediction of battery aging, since the decrease
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in the porosity can produce “knees” in the aging trajectory of lithium-ion batteries [18,157].

This is modeled by
∂εe
∂t

= ans
∂Lfilm
∂t

, (3.20)

where Lfilm represents the added lengths of the SEI layer and the plating layer:

Lfilm = LSEI + Lpl. (3.21)

The length of the SEI layer is given by Equation 3.3, the length of the SEI layer in the

particle cracks is calculated by multiplying the specific surface area of the crack to the

length of the SEI layer on the crack, and the length of the plating layer is given by

Lpl =
cpl + cdl
ans

VLi, (3.22)

where VLi is the partial molar volume of the lithium.

3.3.6 Aging prediction comparison: P2D vs. SPMe

The above-explained aging model was implemented in the P2D and SPMe models to

compare the prediction accuracy of both models. The orthogonal collocation method was

used to discretize the PDEs and the MATLAB® ode15s solver was used to integrate the

simulations in time. The cell parameters that were used correspond to a Kokam 1.25

Ah cell and were acquired from [50], summarized in Appendix C. The parameters for

the degradation models correspond to the “default values” of [24], except for the solvent

diffusion coefficient, which was set to 2.5 × 10−21 m2s-1.

Two main aspects were studied in the comparison: the prediction accuracy and the

computational cost. To analyze the prediction accuracy, different cycling conditions were

simulated, comparing the capacity evolution and the internal variable predictions. In order

to analyze the computational cost, the simulation times for the different conditions were

evaluated, and the convergence of both models was examined.

3.3.6.1 Capacity prediction

One of the most important variables that an aging model should predict accurately is

the evolution of capacity of the cell under different operating conditions. In order to see

how comparable are the predictions of the P2D and SPMe models, different simulations
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were performed. Figure 3.6 shows the evolution of the C/3 discharge capacity of the cell for

three different cycling cases with CCCV charging and constant-current (CC) discharging

protocol. The capacity was measured by saving the state-vector of the simulation at the

end of charge of every 10 cycles, later simulating the C/3 discharges and integrating the

discharged current. The end of the simulations was defined by calculating the capacity

at the end of every discharge and comparing it to the capacity of the discharge of the

first cycle. Once the discharge capacity reached the 80 % SOH value, the simulation is

terminated. Since these capacities are calculated from the cycling discharges, they do not

match with the 80 % SOH value of the C/3 discharges of Figure 3.6.

Figure 3.6: Discharged capacity fade comparison:P2D results with solid lines; SPMe results with
markers.

The solid lines of Figure 3.6 represent the P2D simulation results, while the markers

represent the SPMe results. The simulations in blue were performed with all the mechanisms

activated, using 1C constant currents for charging and discharging, and the cut-off current

for the constant-voltage (CV) step was set to C/20. The simulations in orange and yellow

were carried out without including the particle cracking model. The main reason for this

is the computational time required for this model. Since the cracking model can become

unstable if the solver is not properly adjusted, a maximum step-time of 1 s was defined

to the solver. In this way, the simulation times become much bigger since the variable

time-step ode15s solver is limited to this maximum step-time.

As can be observed, the capacity prediction of the SPMe is very accurate for the three

cases. In the first case, the three phases of battery aging trends can be seen: a sublinear

tendency in the first cycles, a linear evolution in the middle and a superlinear behavior (or

a “knee”) in the end. The second case shows sublinear and linear tendencies, and the third
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one shows a completely linear behavior. It is important to notice that the SPMe model is

able to represent the three different tendencies accurately in all these cases.

3.3.6.2 Internal variable prediction

As stated above, the main advantage of PBMs compared to empirical or machine learning

models is the amount of physical information that can be obtained, thus, it is important to

compare the internal variables’ behavior for these simulations. The evolution of six aging

variables, as well as the positive and negative electrode solid-phase concentrations and

the C/3 discharge cell voltage curves, is shown in Figure 3.7. These results were obtained

from the above discussed simulation that has all the analyzed mechanisms integrated.

The variable values are shown for the entire thickness of the electrode and at different

simulation times.

Figure 3.7 a) shows the SEI layer thickness evolution. As explained, the SEI layer

growth model calculates the thickness of the layer taking into account constant solvent

concentrations at the SEI/electrolyte interface and at the particle/SEI layer interface.

Therefore, as can be seen, the response of both models is very similar, since the only

variable that changes from the P2D model to the SPMe is the time that takes each model

to complete the cycles.

Figure 3.7 b) shows the evolution of dead lithium. As can be observed, the accuracy of

the SPMe drops near the separator. The reason for this could be the higher concentration

gradients that are generated near the separator while the cell is being charged. This is

illustrated in Figure 3.5 with the color gradients that are indicated inside the particles.

The P2D is able to represent the different concentration gradients at different electrode

positions but the SPMe is not. The solid concentration values are shown in Figure 3.7 g)

and h). As mentioned, the results of the solid concentrations in the SPMe are constant

for the entire electrode, and this generates some inaccuracies in the degradation variables

that depend on cs. This is the case of the particle cracking model. Figure 3.7 c) shows

the particle crack length results in the negative electrode. The SPMe cannot model the

different particle crack lengths that models the P2D for different positions. However, it

can be seen that the values of the SPMe are very close to an average value of the P2D.

The same happens for the LAM values at Figures 3.7 e) and f). Since the average solid

concentration value is accurate, the average degradation variable values are accurate, but

it is not able to represent the gradient across the electrode.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.7: Internal aging variable comparison. Solid lines represent the results of the P2D model,
and the markers represent the results of the SPMe. In blue the results for the first
cycle, in orange the results for the cycle 1000, in yellow for the cycle 2000 and in purple
for the last cycle.
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Figure 3.7 f) shows the SEI layer growth on cracks. As can be observed, the SEI layer

thickness is smaller in the last cycle than in cycle 2000. This phenomenon occurs because

the average SEI layer on cracks model of O’Kane et al. [24] has two terms: one that makes

the layer grow due to solvent diffusion; and another one that makes the average SEI layer

decrease due to the increase in particle crack length, creating new surfaces with smaller

SEI layer lengths. As can be seen in Figure 3.7 c), the crack length increases exponentially,

making the negative term bigger than the positive term. This was also reported by O’Kane

et al. [24]. The exponential increase in the crack length generates a rapid LLI, which is the

cause to see the superlinear aging tendency that is shown in Figure 3.6.

In Figure 3.7 i), the voltage curves of the C/3 discharges that were used to measure

capacity are shown. As can be observed, the cell voltage prediction of the SPMe remains

accurate at the different points of the aging simulation.

3.3.6.3 Computational cost analysis

Regarding the computational cost, the first item that was examined is the time that

each model consumed to simulate the three above-mentioned conditions that were studied.

The simulations were carried out in a desktop computer with 8 GB of RAM and an

Intel®CoreTM i7-8700 CPU of 3.20 GHz. Table 3.3 shows the simulation times required for

the three cases. As mentioned, the first case requires much more time due to the maximum

step-time defined to the solver in order to solve the particle cracking model.

Table 3.3: P2D and SPMe models’ simulation times for the aging simulations.

All 1C No cracking 1C No cracking 2C

P2D 19.44 h 11.07 h 6.97 h
SPMe 12.21 h 1.88 h 1.19 h

Aside from the increase in computational time of both models due to the cracking

model, it can be observed that the SPMe finishes the simulations between 5 and 6 times

faster than the P2D model.

In addition to the reduced computational times required by the SPMe, there is another

advantage in using the SPMe instead of the P2D model: robustness. The P2D model is a

stiff system of PDAEs that makes its resolution very hard numerically [82]. Whereas once

a MOR method is applied (as the FDM, the FEM, the orthogonal collocation method...),

the SPMe becomes a well-conditioned system of ordinary differential equations [82]. In

order to analyze this difference, a comparison between the number of iterations required to
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solve each charging and discharging step is shown in Figure 3.8. As can be seen, the P2D

model requires many more steps than the SPMe for every cycle, which shows the better

convergence of the SPMe. This is specially notorious in the charging steps, probably due

to the CV phase involved, and the additional constraint that is used to solve these phases.

Figure 3.8: Number of iterations needed to compute each discharging and charging step.

3.3.6.4 Aging parameter fitting

As explained in Section 3.1, one of the main difficulties when using physics-based aging

models is the parameterization of the aging parameters, since they are very hard to measure.

Therefore, the aging parameters of PBMs have to be fitted to some experimental data in

order to obtain an accurate model. For example, these parameters can be fitted to capacity

fade experimental data as in [18,35].

To evaluate the accuracy and computational time of the SPMe in fitting the aging

parameters of a physics-based aging model, the SEI growth model was used to fit the

simulated capacity fade to experimental capacity data. A Kokam 1.25 Ah pouch cell of

the same batch as the ones used for the parameter measurements of [50] was used for the

experiments. The experiments were performed by Dr. Laura Oca at 25 ºC with a Basytec

XCTS cycler. The cycles were done between 2.7 V and 4.2 V with 1 C CC charge and

discharges with no rest times. Between the cycles, check-up tests that consisted on doing 3

cycles at CC charge and discharge at C/5 current were made. The last discharge cycle was

used to measure the capacity.

The MATLAB® particle swarm algorithm was used for the optimization procedure.

These optimizations were performed in a workstation with 256 GB of RAM and 2 In-

tel®Xeon®CPUs E5-2640 v4 of 2.40 GHz. The results for the fitting parameter Dsol and
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the simulation times can be seen in Table 3.4. The capacity fade simulation results with

the fitted parameter for both models are shown in Figure 3.9, as well as the experimental

data.

Table 3.4: Optimization results of the P2D and SPMe models.

Dsol (m2s-1) Time (h)

P2D 3.6596 × 10−20 62.03
SPMe 3.657 × 10−20 3.13

Figure 3.9: Experimental and simulated capacity evolution.

As can be seen in Figure 3.9, the resulting aging models are almost identical, and the

simulation times of Table 3.4 show that the SPMe is much faster than the P2D. Therefore,

for the fitting of the SEI layer growth model the SPMe would probably be a better approach.

3.3.6.5 Conclusions of the comparative study

The results of the analysis showed that the SPMe can predict capacity fade very

accurately compared to the P2D model, while reducing the computational cost significantly.

However, it has been observed that some internal variables cannot be modeled as accurately

as with the P2D model, due to the single particle modeling approach of the SPMe for the

solid-phase concentration calculations. Despite these differences, it can be concluded, from

the capacity fade predictions and the aging parameter fitting results, that the SPMe can

be used to save computational time in control applications and for battery sizing, while

maintaining good accuracy. Therefore, the SPMe was used to develop the degradation

model presented in Section 3.5.
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3.4 E X P E R I M E N TA L S T U D Y

As discussed above, the parameterization and validation of physics-based battery aging

models needs further research to improve its reliability. For that, in Section 3.2 it was

proposed to use degradation mode data to add more physical insight to these processes.

The degradation mode estimation tool described in Section 3.2.1 was used to obtain these

data. To investigate the degradation model development and parameterization process

that was proposed, an experimental research was developed using NMC-graphite LG MH1

cells of 3.2 Ah nominal capacity. The electrochemical and thermal parameters for this cell

were obtained by Clara Rojas in her PhD thesis.

3.4.1 Aging matrix

Three different cycling conditions were tested, all of them at 25 ºC to reduce parameter

uncertainties and modeling errors. In the first condition, 2 cells were charged at 1C C-rate

until they reached the maximum voltage value of 4.2 V. Then, the cells were held in

constant voltage for 1h. After the CCCV charge, a rest time of 30 min was set, and to

finish, the cells were discharged with 1C C-rate until the minimum voltage of 2.5 V. 50

cycles were performed before doing the check-up cycles. The check-ups were defined as 3

cycles of 0.5C CC charge, CV at 4.2 V for 1 h, rest for 30 min and discharge at 0.2C until

2.5 V. The capacity of the cell was obtained from the third C/5 discharge of the check-up

procedure. All these experiments were performed in a Basytec XCTS cycler. After these

three cycles, an OCV test was performed to estimate the degradation modes. The OCV

tests were performed with a C/30 C-rate on an Arbin LBT cycler to have more accuracy

in the OCV current range.

The other two conditions were very similar, but changing the charging and discharging

currents for the CC phases. With the intention of increasing the stress of the positive

electrode, in the second condition, the cells were charged with the same protocol as the

first two cells, but discharged with a 2C C-rate. The increase in the discharging current

should generate more stress in the positive electrode due to higher lithium intercalation

fluxes. In the third case, the cells were charged and discharged with less current, trying to

generate less stress in both electrodes. The cells were charged and discharged with 0.5C

C-rates.
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All these conditions form a degradation matrix hereafter named as 1C/1C, 1C/2C

and 05C/05C, corresponding to the mentioned charge/discharge rates. With this small

degradation matrix, it was intended to reduce the experimental cost and time required to

develop an accurate aging model using physical information. In addition, the information

collected in the first 300 cycles was used to develop the degradation matrix, while the

information of the following cycles will be used for validation.

3.4.2 Experimental results

As discussed, to develop an accurate aging model, at least two main features must be

taken into account. First, the degradation modes that are taking place with battery aging

must be represented in the model. It probably will not be possible to model the exact

mechanisms, but at least the degradation modes should describe a similar aging behavior.

Hence, degradation modes should be used for parameterization and validation. Second,

the trends of degradation should be appropriately followed.

To evaluate those two things, the degradation modes evolution for the above-mentioned

aging conditions was calculated using the OCV data collected after every fifty cycles. The

evolution of the degradation modes for the six cells is shown in Figure 3.10. The LAM of

the negative electrode was observed to be very small (of the order 10−4 − 10−6), and thus,

it was believed to be too small for the tool to estimate it with accuracy. Consequently,

it can be concluded that when modeling the aging of this cell, at least for these cycling

conditions at 25 ºC, the LAM in the negative electrode should not be modeled.

(a) (b)

Figure 3.10: Experimental degradation mode estimates. (a) LLI; (b) Positive electrode LAM.
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Regarding the trends of the degradation modes, it can be observed that LLI represents a

sublinear tendency in all cases, while the cells that were cycled with 1C charge 2C discharge

protocol were the cells that suffered more LLI. In the case of the LAM in the positive

electrode, a slightly sublinear trend can be observed. It can be seen that the cells that

lost more active material are the ones that were discharged at 2C. The 1C/1C B cell has a

similar amount of LAM at the cycle 300, but it can be seen that it had a higher initial

LAM value, so with further cycles the 1C/2C A and 1C/2C B cells will probably suffer

more LAM.

In addition to the degradation mode values, C/30 and C/5 capacity values were

calculated from the OCVs and check-up cycles, respectively. Figure 3.11 shows the capacity

evolutions for the 6 cells. As can be observed, the cell capacity values for the C/5 capacities

differ considerably from one cell to another in the BOL, up to 5 % of the nominal capacity

of the cell. On the other hand, the C/30 capacity discrepancy is below 1 % of the nominal

capacity. This could mean that some cells have a higher resistance than others in the

BOL. However, since the C/30 capacities and the degradation modes’ evolution show that

the trends are similar from one another, it was concluded that the capacity measurement

value of the C/5 cycles performed with the Basytec XCTS cycler were not accurate. In

the 400th cycle, the capacities measured by the Basytec cycler for the 1C/1C A and B

cells was of 2.817 Ah and 2.908 Ah, respectively, and performing the same test with the

Arbin LBT cycler the measured C/5 capacities were of 2.936 and 2.9339, respectively.

Therefore, it was concluded that the measured C/5 capacity values could not be used for

the parameterization process.

(a) (b)

Figure 3.11: Experimental capacity measurements. (a) C/5 capacity; (b) C/30 capacity.
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3.5 D E G R A D AT I O N M O D E L D E V E L O P M E N T

Based on the aging data that was collected, a physics-based degradation model was

developed using the SPMe. To improve the description of the aging phenomena, specially

at high C-rates, a thermal model was coupled to the SPMe as in [158]. The parameters

for the LG MH1 model were measured and estimated by Clara Rojas for her PhD thesis,

and the research will be sent to a journal for publication. The parameters are shown in

Appendix C.3.

3.5.1 Model selection

The degradation mode data was used to select the aging mechanisms to describe the

degradation of the LG MH1 cell. The first mechanism that was included is the SEI growth.

The SEI layer always keeps growing at any condition, resulting in a continuous LLI and a

film resistance increase, decreasing negative electrode porosity, and generating capacity and

power fade [22]. As is shown in Figure 3.10 (a), LLI has a sublinear aging trend, which fits

well with diffusion-limited SEI growth models presented in the literature [22, 126,130,151].

Therefore, the SEI layer growth model that was used is the one presented in Section 3.3. In

addition, Figure 3.10 (a) shows that the cells that were charged at higher C-rates lost more

lithium. This could be due to various reasons, such as particle cracking and SEI growth

on cracks, as was modeled in Section 3.3. Nevertheless, the null LAM in the negative

electrode suggests that did not occur any particle cracking in the negative electrode. Also,

charging the cell at higher C-rates increases the cell temperature, and consequently the

parasitic reactions that occur in the cell, such as the SEI growth. The thermal model

should capture the faster SEI growth with the increase in temperature. Besides, higher

charging current rates may also generate lithium plating. Lithium plating generates LLI

and a porosity decrease due to the metallic lithium film generated on the particles. With

the goal of modeling LLI more accurately at higher charging currents, a lithium plating

model was included.

Regarding the LAM in the positive electrode, it can be observed that considerable

degradation occurs in all the studied cases. To model this LAM, the model presented

in Section 3.3, was used, but just for the positive electrode and without including the

particle cracking model, since it would significantly increase the computational time for

the optimizations.
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3.5.2 Aging parameter fitting

One of the goals of this degradation model development is to see if the experimental

time to obtain a degradation model can be reduced, and thus, a relatively low amount

of experiments was used for the fitting of the parameters. The five parameters that were

fitted from experimental data to complete the aging model are the following: Dsol, kpl, γ0,

βp, mp
2.

The fitting strategy that was followed consists of two steps. First, the SEI growth

and the LAM models were fitted using the first 150 cycles degradation mode data of the

0.5C/0.5C A cell. This decision was made because lower charging current rates should

avoid lithium plating, so the other two degradation mechanisms can be “isolated”. The

second step consisted on using the 1C/1C and 1C/2C conditions data to fit the lithium

plating model parameters.

For the fitting of the SEI growth and LAM models, a multi-objective optimization

algorithm was used, setting as objectives to reduce the RMS errors of the LLI and the

LAM. The results of the first fitting are shown in Figure 3.12.

(a) (b)

Figure 3.12: Degradation mode prediction results for the 0.5C/0.5C cycling condition after the first
fitting.

Using these parameter values, the 1C/1C and 1C/2C cycling conditions were simulated,

without including any lithium plating model. Figure 3.13 and Figure 3.14 show the model

prediction results and the experimental measurements. As can be observed, the degradation

model predicts very accurately the LAM for all the cases, so the fitting of this degradation

mode was finished at this point. On the other hand, the LLI shows an appropriate aging
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tendency, but it is below the experimental data in both cases, so it is reasonable to add a

mechanism that increases the LLI prediction as the current increases.

(a) (b)

Figure 3.13: Degradation mode prediction results for the 1C/1C cycling condition after the first
fitting.

(a) (b)

Figure 3.14: Degradation mode prediction results for the 1C/2C cycling condition after the first
fitting.

The lithium plating model was fitted using the 1C/1C B cell data of the first 300 cycles,

setting as objective the minimization of the RMS error of the LLI. The fitted parameter

values are presented in Table 3.5.

The predictions for the 1C/1C cycles for the first 400 cycles are shown in Figure 3.15,

and for the 1C/2C conditions in Figure 3.16. As can be seen, the LAM model gives very

accurate results for all the cases, and the LLI model gives better results than in the previous

fitting.

As can be seen, the aging model predicts the degradation modes with high accuracy

for the first cycles of the cell, and the tendencies are well represented. Nevertheless, it
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Table 3.5: Fitted parameter values.

Parameter Value

Dsol (m
2 s−1) 3.5219 × 10−21

βp 5.5963 × 10−5

mp
2 0.3086

kpl (ms−1) 2 × 10−6

γ0 (s−1) 7.92 × 10−7

(a) (b)

Figure 3.15: Degradation mode prediction results for the 1C/1C cycling condition after the second
fitting.

(a) (b)

Figure 3.16: Degradation mode prediction results for the 1C/2C cycling condition after the second
fitting.

can be seen that the LLI in the 1C/2C cells is underestimated. As the 1C/1C cell LLI

values are well represented, it seems that the additional LAM generated in the 1C/2C

cells could come for the additional LAM of the positive electrode. Probably, as active

material is lost in the positive electrode, additional parasitic reactions occur in the positive
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electrode, resulting in more LLI. The work presented in this chapter is not finished yet,

and more experiments will be done to age more these cells, and the effect of the positive

electrode LAM in the LLI will be analyzed and modeled. Furthermore, more experimental

conditions will be evaluated, focusing on fast charging by increasing the charging C-rate

until 2C, to see if the negative electrode suffers LAM. Besides, dynamic profiles are being

studied using consecutive charge depleting UDDS profiles, to see if the developed aging

model is able to represent its aging accurately.

As mentioned, the objective of this work is to achieve a fast and accurate parameteri-

zation of an aging model by means of physical insight. However, the validation process

should be extended to at least age the cell until 80 % SOH. Nonetheless, these results are

promising, and we will continue with this work on the research group.

In addition, to improve the parameter fitting approach by including power fade mea-

surements, resistance measurements will be made, and the C/5 cycles will be done using

the Arbin LBT cycler to circumvent the above-mentioned measurement issues.

(a) (b)

Figure 3.17: C/30 capacity prediction.

3.6 A G I N G P R E D I C T I O N C O N C L U S I O N S

This chapter summarized the work performed regarding physics-based battery aging

modeling and prediction. First, an overview of battery aging was presented, and a variety

of models were reviewed, highlighting the need of improving the parameterization and

validation of these models. For that, it was proposed to use degradation mode data to add

physical insight to the parameter fitting process. Later, an analysis of physics-based battery

models was carried out. The performance of the P2D and SPMe models was compared in
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terms of computational cost and prediction accuracy, concluding that the SPMe can be an

interesting alternative to model battery aging since it can save significant computational

effort and give very accurate results compared to the P2D model. Hence, the proposed

aging model was developed using the SPMe model. An experimental study was performed

with six LG MH1 3.2 Ah high-energy battery cells. The degradation mode evolution was

evaluated and concluded that three main aging mechanisms could be modeled to describe

the observed battery aging. Using the degradation mode data of only 6 cells, and 150 to

300 cycles, 5 aging parameters were fitted, showing high accuracy in predicting battery

capacity fade and degradation mode evolution. Nonetheless, more experimental validation

is still pending, since the cells that were used for parameterization have not reached the

end of life condition. To further validate the model, more degradation conditions should

be used, such as fast charging conditions or dynamic profiles, which will be investigated in

future works.



Chapter 4

S O C E S T I M AT I O N

To manage batteries safely, and exploit their energy and power capabilities, it is essential

to have insight about their current internal states. However, these internal states are not

directly measurable, and, therefore, they have to be estimated. Thus, an internal physical

state and SOC estimator was developed. This chapter discusses the proposed algorithm.

First, an overview of the state-of-the-art is given, showing the advantages and drawbacks of

the main methods reported in the literature. The observability analysis that was performed

for the physical states of the battery is presented later, identifying the main challenges for

estimating the physical variables. A new algorithm was developed according to this analysis,

and was validated in simulation.

69





4.1 Physics-based SOC estimation review 71

4.1 P H Y S I C S - B A S E D S O C E S T I M AT I O N R E V I E W

SOC estimation is an indispensable feature for BMSs. It is necessary for keeping

the battery between safe operation limits, without overcharging or overdischarging it,

what would cause its rapid degradation. Furthermore, accurate SOC estimation gives the

possibility of exploiting the capacity limits of the battery safely, and hence, not having to

oversize the battery capacity in the design process [10].

As mentioned in Section 1.2, nowadays mostly ECMs are used for battery state estimation

[8]. However, in recent years, PBMs have been considered and investigated for these

applications [9,12,13,53,56]. Due to the information that PBMs can give about the internal

physical states of the battery, these models can offer superior performance when attempting

to mitigate cell degradation [14,15].

The main challenge that PBMs present nowadays regarding state estimation, is the poor

observability of the internal states and parameters of the model from the cell voltage mea-

surement. Since cell voltage is calculated by subtracting the potentials of the negative and

positive electrodes, both contributions must be estimated from one voltage measurement,

which results in weak observability [11].

Two main approaches have been proposed in the literature to solve this problem. In

the first one, it is assumed that there is a conservation of the number of cyclable lithium

ions [45,90,159–161]. This method increases the system’s observability, but battery cells

go through a variety of degradation processes, and the quantity of cyclable lithium ions

will not be preserved because of calendar and cycle aging. Because of this, as the cell ages,

this assumption tends to result in an increasing estimate inaccuracy.

The second approach was introduced by Bartlett et al. [162] and is based on leaving

one of the electrodes in open-loop, assuming that its predictions are correct. This way,

they estimate only the states of the other electrode. Although this method improves the

observability of the estimated states, any incorrect prediction in the open-loop electrode,

such as an incorrect initialization, would generate inaccurate estimates.

Allam and Onori [11] created a dual adaptive interconnected observer based on the

approach of Bartlett et al. [162]. While one of the observers keeps the negative electrode in

an open-loop and estimates the states of the positive electrode, the other observer estimates

the states of the negative electrode while keeping the positive electrode in open-loop. The

estimates are interconnected, feeding the open-loop model of the other observer, correcting

the error of each open-loop model, and solving the problems of the previous approaches.
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Allam and Onori used this approach to estimate the SOC of a battery cell [11], showing

good agreement in the estimated concentrations compared to the reference simulation

values, and considerably improving the results of a single observer.

Based on these works, the interconnected-observer approach was used to design a new

SOC estimator. The main contributions of this work are summarized below:

• A novel estimator was proposed based on [11], using three interconnected sigma-point

Kalman filters (SPKFs) to estimate all the internal physical variables and the SOC of

a battery cell, adding electrolyte-concentration estimation to the approach presented

in [11].

• An observability analysis of the state variables of the SPMe, comparing the observabil-

ity of the interconnected approach with the single-filter approach. An observability

issue with the electrolyte concentration was identified.

• The robustness of the method was demonstrated by intentionally initializing all the

states to incorrect values, not just the SOC, to show that the SPKFs still converge to

correct values.

4.2 S TAT E - S PA C E S P M E W I T H O RT H O G O N A L

C O L L O C AT I O N

As discussed in Section 2.4, the SPM and SPMe are simplified versions of the P2D

model, and since the algebraic constraint is removed, they can be solved without a

specific differential algebraic equation (DAE) solver, making them more amenable for

state estimation applications. Furthermore, the SPMe was found to be a very accurate

alternative of the P2D model, correcting one of the main issues of the SPM, incorporating

the electrolyte dynamics. Thus, the SPMe was preferred to the SPM and P2D models for

the estimation and control tasks of this work.

The orthogonal collocation method was used to convert the partial differential equations

(PDEs) of the SPMe into ordinary differential equations (ODEs) as explained in Appendix

A. Once the PDEs of the SPMe are converted into ODEs, these can be expressed in

state-space form as

ẋ(t) = Ax(t) +Bu(t), (4.1)
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where A is the coefficient matrix multiplying to the states x (the discrete solid-phase and

electrolyte concentration values), and B is the coefficient vector multiplying to the input u,

which is the cell current. The system of equations is then discretized in time using the

forward Euler method, giving the state equation with the discrete-time index k,

x[k] = A′x[k− 1] +B′u[k− 1], (4.2)

where A′ and B′ are the equivalent A and B discrete-time matrices. The measurement

equation is given by

y[k] = U eq − ηr + ηc − ∆ϕe − ∆ϕs. (4.3)

The state-space model was solved using 10 collocation points in the negative electrode

active material particle, another 10 in the positive electrode active material particle, 3

collocation points for the entire thickness of the negative electrode, another 3 for the

positive electrode and 3 for the separator; 29 collocation points in total. However, since

the collocation points of the boundaries are not solved in the state equations, as explained

in Appendix A, the amount of state-equations is reduced to 19.

The accuracy of a model-based state estimation algorithm strongly depends on the

accuracy of the battery model. If the model is inaccurate, it is very unlikely that the

estimator will correctly estimate the internal states of the battery. Therefore, it is essential

to validate the model before working with the estimator. For that, the discrete-time

state-space SPMe that is going to be used for state estimation was compared to the

high-fidelity P2D model presented in Section 2.2. The P2D model is solved, as in Appendix

A, using the orthogonal collocation method, but with more collocation points than for the

state-space model: 6 for each electrode thickness, 3 for the separator and 15 for each active

material particle of both electrodes; 195 collocation points in total. The solver ode15s from

MATLAB® was used to solve the equations of the P2D model.

Figure 4.1 shows a comparison of the voltage and SOC prediction results between the

P2D model and the SPMe for a charge-depleting urban dynamometer driving schedule

(UDDS) profile that was scaled for cell level, assuming a maximum current of 1C. The

SOC is calculated by

SOC =
z̄ − z0%

z100% − z0%
, (4.4)
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where z is the average concentration value of a particle in an electrode, and is calculated

as z = c̄s/cs,max. z̄ is the average z value through the thickness of an electrode, and z100%

and z0% are the values of z at 100 % and 0 % SOC respectively.

The maximum cell voltage prediction error is below 15 mV, and the RMS error is 3.2

mV. The RMS error for SOC prediction is 0.0267 %. Therefore, the state-space model was

determined to be sufficiently accurate for real-time estimation applications.

4.3 E S T I M AT O R D E S I G N

Different algorithms can be used for state estimation. Because lithium-ion batteries are

nonlinear systems, nonlinear estimation algorithms are required for this task. The most

used nonlinear state estimation algorithm is the extended Kalman filter (EKF) [163]. It

uses linearization to propagate the mean and covariance of the system, which may cause

unreliable estimates if the system is “highly nonlinear” [163]. Better covariance estimates

can be obtained using the SPKF [43,44,163]. This filter operates by propagating the mean

and covariance of the system using a set of function evaluations [43, 44, 163], thus avoiding

linearization.

Another approach might involve the use of a deterministic observer, such as the sliding

mode observer [11,12]. However, it was preferred to use stochastic estimators because they

can provide useful confidence bounds on the estimates. Therefore, it was decided to use

the SPKF as it can generally give better results than the EKF.

4.3.1 Observability analysis of the SPMe

As mentioned above, observability is one of the main concerns regarding physics-based

state estimation. As can be seen in the SPMe output Equation 4.3, the cell voltage

comprises several different contributions. Among these, U eq depends on the state variables

cns and cps; while ηr and ηc depend on ce and the input current. Since there is only one

cell voltage measurement, it is difficult to discern each contribution, particularly in the

case of batteries with graphite-based negative electrodes, which have very flat OCP curves.

To further investigate this, an observability analysis was performed to determine how

observable the state variables of the SPMe are from the measured output voltage values.
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(a)

(b)

(c)

Figure 4.1: Comparison of the voltage (b) and SOC (c) predictions between the P2D model and
the SPMe for a charge depleting UDDS cycle (a).
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First, the model was reformulated in a general nonlinear form as,

ẋ = f(x,u)

y = h(x,u).
(4.5)

One measure of the observability of a system can be gleaned from the condition number

of its observability matrix, where the condition number is defined as the ratio of the

maximum to the minimum singular value. By calculating the condition number of the

observability matrix, we can analyze how close the matrix is from being singular. The bigger

the condition number, the closer will be the matrix from being singular, and hence, less

observable. If the observability matrix has not full rank, the system will be unobservable for

the estimator. In the case of nonlinear systems, the observability matrix can be obtained

using the Lie derivatives of h [164], which are calculated as

Lkfh(x) = ∇
(
Lk−1
f h

)
f , (4.6)

where L0
fh = h(x,u). The observability matrix is then defined with the Jacobian of the

Lie derivatives as

O =



∇L0
fh

∇L1
fh

∇L2
fh

...

∇Lnfh


, (4.7)

where n is the state vector dimension. O is an n× n matrix that must have full rank for

the system to be observable.

After constructing the observability matrix of the SPMe by calculating its Lie derivatives,

the degree of observability of the system was analyzed by evaluating its condition number.

The condition number was assessed for several scenarios since it changes based on the

input current and the values of the state variables. It was found out that in the case of no

current, the condition number is of the order 1024 − 1026 for the entire SOC range, and the

observability matrix is not full rank, indicating that one or more variables are not observable.

In the case of a 1C current, the condition number of the system for the entire SOC range

decreases to the order of 1013 − 1014, and the matrix becomes full rank, showing that the
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system is observable. However, the condition number is relatively high, meaning that the

system has poor observability. Low observability leads to numerically-ill conditioned error

covariance matrices [165, 166], resulting in slow state estimation convergence, which makes

the tuning process of the state estimator algorithm more difficult. The condition numbers

for the 1C and no current cases for the entire SOC range are shown in Figure 4.2.

Figure 4.2: Condition number of the SPMe from 0 % to 100 % SOC for 0 A and 5 A.

In order to improve the observability of an SPM, Allam and Onori proposed to estimate

the solid-phase concentration of each electrode by interconnecting two observers, where

each one estimates the solid-phase concentration of one electrode and leaves the other

in open-loop mode [11], to later interconnect the estimations and update the open-loop

variables. In this case, since an SPMe was employed, three state variables have to be

estimated instead of two, so the observability of each variable was analyzed, leaving the

other two in an open-loop configuration. In this way, the observability issues of the model

can be analyzed in more detail, and the origin of any weak observability can be located

easier.

For the analysis of each variable, an observability matrix was created using the same

method mentioned above. Then, the condition number of each observability matrix was

analyzed by searching for different SOC, ce and current values. Figure 4.3 shows the results

of the analysis.

It can be seen that the observability of each system is improved compared to the full

SPMe results of Figure 4.2, since the condition numbers decrease considerably. However, we

noticed that the electrolyte concentration is not observable in the absence of input current

because the corresponding observability matrix does not have full rank. This is shown

in Figure 4.3 (c), where the condition number increases up to 1017 when the current is 0.
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(a)

(b)

(c)

Figure 4.3: Observability analysis for the SPMe variables. (a) Positive electrode solid-phase
concentration analysis, (b) negative electrode solid-phase concentration analysis and (c)
electrolyte concentration analysis.
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Therefore, it can be concluded that the main observability issues occur with the electrolyte

concentration when the input current is 0. This agrees with the results of the full SPMe

shown in Figure 4.2. If we look at the SPMe equations, we can see that the contribution of

electrolyte concentration to the output equation comes in the form of overpotentials ηc and

ηr. ηr becomes 0 immediately in the absence of current because j = 0. In the case of ηc,

we encounter the same ambiguity problem as with the contribution of the two electrodes

to a single voltage measurement. Since the same value for ηc can be obtained with infinite

combinations of cne and cpe, the electrolyte concentration becomes unobservable. Note that

this happens in the SPMe model because of its assumption of a uniform reaction current

density over the entire electrodes, but may not happen in the same way in the P2D model,

where a difference in the electrolyte concentration would generate a flux of ions that might

be observable.

Note that the electrolyte concentration becomes observable when the input current

is not 0. However, the observability must not be mistaken with the sensitivity of the

variable. Because the electrolyte concentration contribution is smaller in the output

equation compared to the solid-phase concentrations, accurate electrolyte concentration

estimation becomes challenging.

Figure 4.3 a) and b) show that the variables cns and cps are observable in the absence of

current. As can be seen, the current affects the condition number curves by shifting them,

but the condition number magnitude does not change in the same way as it does in the

electrolyte concentration. Besides, the lithiation state of the electrodes has a greater effect

on the observability of these variables, since their contribution to the voltage equation

is directly related to the OCPs. Consequently, it can be seen that the condition number

increases when the OCPs of the electrode become flatter, denoting less observability at

those regions.

4.3.2 The interconnected SPKF

As explained above, the observability of the system can be improved by separating and

interconnecting the estimation of the different variables of the SPMe. To achieve this, the

state x was divided into xn, xp, and xe. The state equations were divided correspondingly,

where it is necessary to separate the A′ and B′ matrices of the state Equation 4.2 into the

matrices; A′
n and B′

n for the negative electrode solid-phase concentration state equation,

A′
p and B′

p for the positive electrode, and A′
e and B′

e for the electrolyte concentration.
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A diagram of the interconnected SPKF is illustrated in Figure 4.4. As shown, the

estimator can be divided into two main phases: the prediction phase and the correction

phase. For the prediction phase, the three state and covariance estimates of the previous

time step are taken. Then, the three state-space systems are used to obtain the state

and covariance predictions. Afterwards, all the predictions, which are based on the three

separated estimates of the previous time step, are interconnected to obtain three output

predictions. In the correction phase, the prediction information is compared with the cell

voltage measurement and used to obtain the filter gains. Then, these gains are used to

compute the three state and covariance estimates.

Figure 4.4: Diagram of the triple interconnected SPKF.

A detailed description of the six recursive steps of the estimator is given below:

Step 1a: State prediction time update. In this step the new state is predicted based on

previous information. The standard SPKF algorithm procedure uses sigma points of the

state, process noise, and measurement noise vectors to represent the randomness of the

system. However, since the state equations of our model are linear, we can simplify the

state prediction to

x̂−[k] = A′x̂+[k− 1] +B′u[k− 1], (4.8)
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where x̂+ is the state estimate and x̂− the state prediction. While k and k− 1 denote the

present and previous time steps, respectively.

In our interconnected estimator, this step is computed for the three estimators. This

way, the prediction of each state variable is done with the state-space matrices of each

individual estimator and the previous time-step estimation as

x̂−
n [k] = A′

nx̂
+
n [k− 1] +B′

nu[k− 1]

x̂−
p [k] = A′

px̂
+
p [k− 1] +B′

pu[k− 1]

x̂−
e [k] = A′

ex̂
+
e [k− 1] +B′

eu[k− 1].

(4.9)

Step 1b: Error covariance time update. The error covariance is defined by

Σ−
x̃ [k] = E[(x[k] − x̂−[k])(x[k] − x̂−[k])T ], (4.10)

which leads to the three covariance matrices

Σ−
x̃n
[k] = (A′

n)
TΣ+

x̃n
[k− 1]A′

n + Σw̃n

Σ−
x̃p
[k] = (A′

p)
TΣ+

x̃p
[k− 1]A′

p + Σw̃p

Σ−
x̃e
[k] = (A′

e)
TΣ+

x̃e
[k− 1]A′

e + Σw̃e .

(4.11)

Step 1c: Output prediction. Since the output equation is nonlinear, unlike the state

equation, the sigma points X −
n [k], X −

p [k], and X −
e [k] (for the three estimators) must be

calculated first. The set of sigma points for each estimator is calculated as

X −
n [k] =

{
x̂−
n [k], x̂−

n [k] + h
√

Σ−
x̃n

, x̂−
n [k] − h

√
Σ−
x̃n

}
X −
p [k] =

{
x̂−
p [k], x̂−

p [k] + h
√

Σ−
x̃p

, x̂−
p [k] − h

√
Σ−
x̃p

}
X −
e [k] =

{
x̂−
e [k], x̂−

e [k] + h
√

Σ−
x̃e

, x̂−
e [k] − h

√
Σ−
x̃e

}
,

(4.12)

where h is a tuning variable for the SPKF and
√

Σ−
x̃n

,
√

Σ−
x̃p

and
√

Σ−
x̃e

are the lower-

triangular matrix square roots of the error covariance matrices, which were computed using

a Cholesky decomposition. The sigma points (the vectors of the set X ) are then used to

compute the output equation and to obtain the output sigma points,

Yn,i = h(X −
n,i[k], x̂−

p [k], x̂−
e [k],u[k])

Yp,i = h(x̂−
n [k], X −

p,i[k], x̂−
e [k],u[k])

Ye,i = h(x̂−
n [k], x̂−

p [k], X −
e,i[k],u[k]).

(4.13)
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The three cell voltage predictions are then calculated as the weighted mean of these sigma

points:

ŷn[k] =
2Nxn+1∑
i=0

α
(m)
n,i Yn,i[k]

ŷp[k] =

2Nxp+1∑
i=0

α
(m)
p,i Yp,i[k]

ŷe[k] =
2Nxe+1∑
i=0

α
(m)
e,i Ye,i[k],

(4.14)

where α(m)
n,i , α(m)

p,i and α
(m)
e,i are the constants used to calculate the weighted mean.

Step 2a: Estimator gain matrix. In order to update the predictions with the present

information, the estimator gain matrix is calculated. For that, we compute the required

covariance matrices:

Σỹn [k] =
2Nxn+1∑
i=0

α
(c)
n,i(Yn,i[k] − ŷn[k])(Yn,i[k] − ŷn[k])

T

Σỹp [k] =

2Nxp+1∑
i=0

α
(c)
p,i (Yp,i[k] − ŷp[k])(Yp,i[k] − ŷp[k])

T

Σỹe [k] =
2Nxe+1∑
i=0

α
(c)
e,i (Ye,i[k] − ŷe[k])(Ye,i[k] − ŷe[k])

T ,

(4.15)

Σ−
x̃nỹn

[k] =
2Nxn+1∑
i=0

α
(c)
n,i(X

−
n,i[k] − x̂−

n [k])(Yn,i[k] − ŷn[k])
T

Σ−
x̃pỹp

[k] =

2Nxp+1∑
i=0

α
(c)
p,i (X

−
p,i[k] − x̂−

p [k])(Yp,i[k] − ŷp[k])
T

Σ−
x̃eỹe

[k] =
2Nxe+1∑
i=0

α
(c)
e,i (X

−
e,i[k] − x̂−

e [k])(Ye,i[k] − ŷe[k])
T ,

(4.16)

where α(c)
n,i, α

(c)
p,i and α

(c)
e,i are the constants used to calculate the weighted covariance.

Once these matrices are computed we calculate the gains of the estimators:

Ln[k] = Σ−
x̃nỹn

[k](Σỹn [k])
−1

Lp[k] = Σ−
x̃pỹp

[k](Σỹp [k])
−1

Le[k] = Σ−
x̃eỹe

[k](Σỹe [k])
−1.

(4.17)
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Step 2b: State estimate measurement update. The state estimates are calculated by

x̂+n [k] = x̂−
n [k] + Ln(y[k] − ŷn[k])

x̂+p [k] = x̂−
p [k] + Lp(y[k] − ŷp[k])

x̂+e [k] = x̂−
e [k] + Le(y[k] − ŷe[k]).

(4.18)

Step 2c: Error covariance measurement update. The error covariance matrices are

updated by computing

Σ+
x̃n
[k] = Σ−

x̃n
[k] −Ln[k]Σỹn [k] (Ln[k])

T

Σ+
x̃p
[k] = Σ−

x̃p
[k] −Lp[k]Σỹp [k] (Lp[k])

T

Σ+
x̃e
[k] = Σ−

x̃e
[k] −Le[k]Σỹe [k] (Le[k])

T .

(4.19)

4.4 S O C E S T I M AT O R VA L I D AT I O N

In order to validate the proposed method, the state estimates were compared with the

results of the orthogonal collocation P2D model. In this way, in addition to the voltage

and SOC estimates, the internal variables can also be compared with the true values.

The algorithm was evaluated for three types of inconveniences. The first step consisted

of incorrectly initializing all the states of the system. In this way, the convergence of all the

states was analyzed. Later, current and voltage measurement uncertainties were simulated

to evaluate the robustness of the filter against measurement noise. Finally, parametric

uncertainties were inserted to analyze how modeling errors and cell degradation could

affect the proposed method.

4.4.1 SOC and internal variable estimation

The first step in the validation process was to ensure that the estimator is able to

estimate the SOC and the internal physical variables under incorrect initialization. For

this, the estimator was initialized with 20 % SOC error and 20 % electrolyte concentration

error. These errors are very challenging and should be rare to encounter such high errors

in real applications.

To analyze all the dynamics of the internal variables properly, five charge/discharge

cycles with charge-depleting UDDS profiles were simulated. The cell was discharged with
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consecutive dynamic profiles until it reached the minimum cell voltage. Then, it was

charged with C/2 current until it reached the maximum voltage and then discharged again

using consecutive charge-depleting UDDS profiles.

(a) (b)

(c) (d)

(e) (f)

Figure 4.5: Results of the interconnected SPKF estimator with incorrect initialization. (a) Cell
current, (b) cell voltage, (c) SOC, (d) positive electrode stoichiometry, (e) average elec-
trolyte concentration in the positive electrode and (f) negative electrode stoichiometry.
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The results of this simulation are shown in Figure 4.5, where the input current and the

voltage response are shown in Figure 4.5 (a) and (b), respectively. The RMS error for the

entire simulation is 2.1 mV. Figure 4.5 (c) shows that the 20 % SOC error is corrected

immediately, and the confidence bounds converge quickly. The RMS error of the SOC

estimation is 0.61 %. The response of the positive electrode stoichiometry shown in Figure

4.5 (d) is very similar, as it rapidly corrects the estimate and the bounds converge. The

RMS error for the entire simulation is 0.28 %. Figure 4.5 (f) shows the negative electrode

stoichiometry. It can be observed that the initial estimate correction is fast and the bounds

converge. However, the bounds diverge at the beginning and middle of the discharge. Since

the open circuit potential of the negative electrode (shown in Figure 4.3 (b)) is very flat

around 80 % SOC and 50 % SOC, its observability is lower than the observability of the

positive electrode, which makes estimation of the positive electrode concentration more

reliable. Its RMS error of 0.88 % is also higher than the error of the positive electrode.

Figure 4.5 (e) shows the results of the mean electrolyte concentration value on the positive

electrode. As can be seen, the estimate of the electrolyte concentration is the slowest to

correct its value. This is also shown in its bounds, which take longer to converge and

need to be larger because its estimate is not as reliable as the solid-phase concentrations.

Since the electrolyte concentration contribution to the cell voltage equation is the lowest

among the three state variables, it seems reasonable that its estimate is the slowest one

to converge. Nevertheless, despite being the slowest variable, it should be noted that it

converges well to the correct value starting with a very high error of 20 %. Due to this

slow convergence, the RMS error of the normalized electrolyte concentration (θe = ce/ce,0)

for the entire simulation is 6.2 %, however, the RMS error in the last cycle is decreased to

0.5 %.

The same estimation analysis was then performed by introducing current and voltage

measurement uncertainties, as well as incorrect state initializations. Zero-mean Gaussian

noises with standard deviation of 100 mA and 25 mV were used to corrupt the current and

voltage measurements respectively. The results of these simulations are shown in Figure

4.6. The input current profile and the reference voltage values are the same as those shown

in Figure 4.5 (a) and (b), so they are not shown in Figure 4.6.

As can be seen in the results of Figure 4.6, the estimator is robust to measurement

uncertainties. The SOC estimate converges very quickly as in the case without sensor noise,

as well as the positive and negative electrodes’ solid-phase concentrations. The electrolyte

concentration estimate is slower than that of the other variables as in the previous case,
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(a) (b)

(c) (d)

Figure 4.6: Results of the interconnected SPKF estimator under measurement uncertainties. (a)
SOC, (b) positive electrode stoichiometry, (c) average electrolyte concentration in the
positive electrode, and (d) negative electrode stoichiometry.

but converges accurately. The RMS errors of the estimates are very similar to the errors of

the case without noise; the voltage estimate has an RMS error of 4.8 mV, the SOC estimate

an error of 0.52 %, the positive electrode stoichiometry 0.23 %, the negative electrode

stoichiometry 0.76 % and the normalized electrolyte concentration estimate has an RMS

error of 5.56 %.

4.4.2 SOC estimation with parametric uncertainty

To evaluate the response of the algorithm under parameter uncertainties, two different

cases were studied; first, aged parameter values were introduced in the reference P2D

model by changing the eSOH parameters. These parameters are directly related to the

OCV of the cell, so they generate a large impact on the cell voltage outcome. Later, the

case of an incorrect parameterization due to parameter measurement errors, inaccuracies,
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or cell-to-cell variations was analyzed. In this case, the values of active material and

electrolyte diffusivities were changed, as well as the normalized reaction rate values. These

parameters were selected because they are very challenging to measure and, hence, prone

to uncertainties.

To alter the eSOH parameters for the first analysis, an LAM value of 10 % was set in

the negative electrode, and 5 % for LLI. The resulting changes in the parameters of the

P2D model can be seen in Table 4.1.

Table 4.1: eSOH parameters’ variations.

Parameter Fresh Aged

εns 0.75 0.675
εps 0.665 0.665
zn0% 0.027 0.0256
zp0% 0.8536 0.8148
zn100% 0.9014 0.9350
zp100% 0.27 0.2661

These changes in the parameters were inserted into the P2D model, and the same 5

charge/discharge cycles simulated to obtain the truth results of an aged cell. The results

of this first analysis, with incorrect eSOH parameters, are shown in Figure 4.7.

Figure 4.7 (b) shows the positive electrode stoichiometry. The initial error is corrected in

a few seconds, and the estimation closely follows the truth value throughout the simulation.

However, the RMS error is larger than the error for the previous analyses: 0.9 %. Besides,

it can be seen that the truth value exceeds the confidence bounds at some points. The

response of the negative electrode stoichiometry, shown in Figure 4.7 (d), is similar to

the positive electrode stoichiometry, as the estimate converges well and the RMS error is

1.78 %. This larger error most likely arises from the incorrect negative electrode active

material volume fraction, which affects the reaction flux. Nonetheless, it can be seen that

the estimate is accurate for most of the simulation. Therefore, it can be concluded that

the estimator is able to reduce, or correct, the model errors introduced by small differences

in the active material volume fractions.

In the case of the electrolyte concentration, it can be observed in Figure 4.7 (c) that

the overall response is worse than the previous result, since the estimator is not able to

correct the estimate during the simulation. As mentioned above, the contribution of the

electrolyte concentration in the cell voltage value is smaller than the contributions of the

electrode stoichiometries. This probably makes the estimation slower, and the fact that the
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(a) (b)

(c) (d)

Figure 4.7: Results of the interconnected SPKF estimator with incorrect eSOH parameters. (a)
SOC, (b) positive electrode stoichiometry, (c) average electrolyte concentration in the
positive electrode, and (d) negative electrode stoichiometry.

wrong negative electrode active material volume fraction affects the reaction flux generates

modeling errors, aggravating the initial issue.

Lastly, the estimate of the SOC is shown in Figure 4.7 (a). The SOC estimation error

is quite high, with an RMS error of 3.63 %, while the filter is very confident about the

estimate. As the estimates of both stoichiometries converge to the true value and give quite

accurate results for almost the entire simulation, the SOC estimate is also very confident.

However, the SOC is calculated with Equation 4.4, and since the aged zn0%, zp0%, zn100% and

zp100% values are unknown by the filter, the SOC calculation is wrong. This can be seen in

the zooms of Figure 4.7 (a), (b) and (d), where between 19 and 20 hours both stoichiometry

estimates are correct, but the SOC estimate is inaccurate. This shows the importance of

estimating correctly the operating window of the battery, as we cannot obtain accurate

SOC estimates otherwise.
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Finally, to analyze the parametric uncertainties that can arise from cell-to-cell variations

or parameter measurement/estimation errors, the filter response was evaluated under 25 %

change of the parameters Dn
s , Dp

s , Dp
e , kn0,norm and kp0,norm. All of these parameters were

multiplied by 0.75 in the state-space model, and the reference voltage and current values

presented in Figure 4.5 were used.

(a) (b)

(c) (d)

Figure 4.8: Results of the interconnected SPKF estimator with parameter measurement uncertain-
ties. (a) SOC, (b) positive electrode stoichiometry, (c) average electrolyte concentration
in the positive electrode, and (d) negative electrode stoichiometry.

Figure 4.8 shows the results of the analysis with parametric uncertainties. The RMS

error of the SOC estimation in this case is 1.91 %. The electrolyte concentration has

an error of 9 % for the entire simulation and 6.8 % in the last cycle. For the positive

and negative electrode stoichiometry estimates, the RMS errors are 0.57 % and 2.05 %,

respectively. As can be seen, the estimation errors increased compared to the other cases.

This seems logical due to the relatively large parametric errors inserted into the model.

However, it can be seen that the estimator is able to correct the estimates adequately,

especially the solid-phase concentrations, and it can estimate the SOC more accurately



90 C.4 SOC estimation

than in the previous case with eSOH parameter uncertainties. It should be noted that the

differences in eSOH parameter inserted in the previous case are significantly smaller than

in this case, and still the SOC estimation is more accurate in the case without deviations

of the eSOH parameters.

Since 25 % parameter errors should be rarely encountered in real applications, the same

analysis was performed with 5 % errors instead of 25 %. The goal of this analysis was

to evaluate how the estimator behaves under more “realistic” parameter uncertainties,

which may be caused by aging, cell-to-cell variations or measurement/estimation errors.

The resulting RMS errors are the following: 0.78 % for the SOC estimate, 0.33 % for the

positive electrode stoichiometry, 0.97 % for the negative electrode stoichiometry, 7.05 %

for the electrolyte concentration throughout the entire simulation and 1.59 % for the last

cycle. These results are comparable to the results reported for the two discussed cases

without parametric uncertainties.

As can be observed, the importance of eSOH parameter estimation is critical for accurate

physics-based SOC estimation, since the most significant errors in the SOC estimates can

arise from these deviations. Other parametric deviations can result in poorer estimates,

but if the differences are not very large, the filter can produce very accurate estimates.

4.5 C O N C L U S I O N S

A novel method for estimating SOC and internal variables was presented using an SPMe

with three interconnected SPKF estimators. Interconnection was shown to improve the

observability of the system, making the filter tuning faster and more robust. The validation

process showed that the estimator is able to estimate all the internal variables accurately

under initialization errors and measurement uncertainties. Additionally, modeling and

parametric uncertainties that can be encountered due to battery aging, errors in the

parameter estimation process, or cell-to-cell variations were evaluated. The importance

of accurately estimating the eSOH parameters was highlighted, as SOC estimates can

become inaccurate with slight parametric changes. This issue is addressed in more detail

in Chapter 5. Moreover, since model-based estimators rely on voltage predictions, it is

key to have accurate estimates of the OCV curve. On the other hand, other parametric

uncertainties that can arise from measurement errors were analyzed by changing the values

of diffusivities and reaction rates. The results showed that the estimator is capable of
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correcting modest parametric uncertainties; however, if the errors become severe, it could

give inaccurate estimates.





Chapter 5

P H Y S I C S - B A S E D B AT T E RY H E A LT H

E S T I M AT I O N

This chapter discusses one of the most critical factors to implement advanced control

algorithms in lithium-ion batteries; battery health estimation. Battery health estimation

algorithms should adapt the model parameters according to the new aged cell characteristics,

allowing the control algorithm to manage the battery optimally according to its state. To

begin, an overview of current methods is given and the strengths and weaknesses of each

method identified. Afterwards, the new health estimation approach that was developed in

this work is presented and validated. Finally, conclusions are drawn about the algorithm

that was developed.
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5.1 B AT T E RY H E A LT H E S T I M AT I O N R E V I E W

The SOH of a battery cell is usually defined as

SOH =
Q

Qnom
, (5.1)

where Q is the present total capacity of the battery between the maximum and minimum

voltage limits, and Qnom is the nominal capacity of the cell, measured with a fresh cell using

the protocol specified by the manufacturer. This value represents the health of the cell at

a certain time in terms of how its past usage has affected its capacity; however, it does

not provide enough information to determine how quickly the capacity of the battery will

drop from this point onward and when it is going to reach the end-of-life (EOL) condition.

Therefore, it does not seem fair to call it the SOH of the battery. This is similar to defining

the health of a person depending on how old he/she is, without taking into account any

medical diagnosis.

One of the main reasons for defining SOH in this way is the lack of information that

the state estimation algorithm has about the actual internal state of the battery. As

mentioned in Chapter 4, nowadays empirical and ECMs are used almost exclusively for

battery state estimation [8]. These are phenomenological models that cannot represent

the actual physical behaviors that occur within the battery. As an alternative, in recent

years, PBMs have been considered and investigated for these tasks [8, 9, 11–14,56]. Due

to the information PBMs can provide about the internal physical states of the battery,

these models can offer superior performance while avoiding operating conditions known to

induce degradation [8, 14]. Furthermore, they can provide more information on battery

aging than the traditional estimate of SOH based on cell capacity, providing information

on various degradation mechanisms and modes [22].

In addition to the SOH value, the importance of estimating eSOH parameters has been

referenced in many works [167–171]. The errors that can occur in the estimation of SOC

and internal variables, if these parameters of eSOH are not accurately estimated, were

highlighted in Chapter 4. The eSOH parameters used here define the utilization window

(the concentration values reached when the cell is at maximum and minimum voltages)

and the total capacity of each electrode. This information can be used to calculate the

LAM and the LLI as in [168]. This eSOH parameter estimation approach gives much more
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information about the actual health of the battery than the cell capacity value, and can be

used to improve the prognosis and control of a battery.

Lee et al. studied the identifiability of individual electrode capacity and utilization

windows, showing that phase transition data improved the identifiability [167]. Mohtat et al.

estimated electrode capacities and utilization windows using cell expansion measurements

and a constrained Cramer-Rao bound formulation [168], showing that adding expansion

measurements to the voltage measurements increased the observability of their system and

helped in estimating the eSOH parameters. Lee et al. used voltage fitting and differential

voltage analysis to estimate the eSOH parameters [169]. Fan et al. [170] performed

optimizations on specific check-up profiles using a particle swarm optimization algorithm to

obtain the values of the eSOH parameters and other degradation parameters. Li et al. [171]

used a Cuckoo search algorithm to optimize the eSOH parameters and impedance-related

parameters of their ECM using low-dynamic and high-dynamic operation data. These

methods can be used to estimate eSOH parameters; however, they require constant-current

or low-dynamic operation data, which are generally not available in most applications, or

additional sensors be added to commonly used current and voltage sensors. Furthermore,

these methods use optimization algorithms to obtain eSOH parameters, which is not an

ideal solution for online estimation due to its computational requirements. Additionally,

these optimizations depend on the quality of the data, so if the application cannot obtain

and store all the necessary high-quality data, these methods might not work properly.

Therefore, it would be desirable to have a filter-based estimation method, such as is often

used to estimate SOC, to estimate these eSOH parameters without having to acquire

constant-current data or use additional sensors. This would facilitate the implementation

of these algorithms in real-world BMSs.

Some physics-based SOH estimation methods that do not require these specific data or

additional sensors have been reported in the literature [12,55,56]. Allam and Onori [12]

added a SEI layer growth model to the SPM to estimate cell capacity, as well as SOC. The

results showed that the system was able to estimate these values adequately. However,

despite showing good capacity estimation in their results, this approach is based on an

SEI layer growth model, which is not the only degradation mechanism that can occur in

a battery cell [22]. Furthermore, since the SEI layer only models the LLI, the other two

degradation modes (the LAM in both electrodes) cannot be estimated, leading to incorrect

estimates of SOC and internal variables, as shown in Chapter 4. Thus, this SOH estimation

approach is not able to obtain eSOH parameter values.
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Gao et al. [56] used a dual EKF to estimate the SOC and SOH of a cell. They used

open-loop simulations of the positive electrode and the electrolyte phase to improve the

observability of the negative electrode solid-phase concentration. Consequently, if the

positive electrode or electrolyte variables are incorrectly initialized, these estimates will

be incorrect. The solid-phase concentration, the active material volume fraction and

the resistance increase, all in the negative electrode, were estimated with the SOC/SOH

estimator. One of the inconveniences that result from this approach is that the stoichiometry

limits of the negative electrode can only be estimated once the cell is fully charged or

discharged. Since 100 % and 0 % SOC stoichiometry values are not directly observable from

the cell voltage, they propose to use the estimated concentration values at the cell voltage

limits. Therefore, if the cell does not reach one of these values, this information would be

unknown. Furthermore, the approach only considers negative electrode degradation, which

will generate an estimation error as the positive electrode ages. Summing up, this method

can only give the negative electrodes’ total capacity value, and since positive electrode

aging is not taken into account, the utilization window cannot be well estimated, and will

result in an erroneous SOC estimation. Besides, the utilization window values can only be

obtained if the cell is fully charged and discharged.

Smiley et al. [55] used an interacting multiple-model (IMM) Kalman filter to estimate

the SOH of a battery using a PBM. There, the authors precomputed different models that

represented different aging scenarios by changing some parameters of the model that affect

cell SOH. They then used the filter to select the model that most accurately represented the

current aging state. One of the issues with this implementation is that LAM in the negative

electrode was not considered. Therefore, this method is prone to the same SOC and internal

variable estimation issue when the positive electrode ages as in the works by Allam and

Onori [12], and Gao et al. [56]. Another shortcoming of this implementation is that it loses

accuracy if the aging case is not similar to one of the precomputed models. Additionally,

all the precomputed models have to be stored, and a subset must be continuously executed

by the IMM, which increases the memory requirements of the implementation.

Compared to the previous work mentioned above, the proposed method makes significant

contributions: (i) it does not depend on constant-current data, nor does it require additional

sensors, and it can compute all the eSOH parameters from online measurements of current

and voltage values. To the best of the author’s knowledge, this is the first method that is

able to estimate all the eSOH parameters, as well as the SOC and the internal physical
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variables; (ii) it obtains LLI and both electrodes’ LAM values; (iii) it can work with

dynamic current profiles; and (iv) it does not need to fully charge or discharge the cell.

5.2 A G I N G PA R A M E T E R S E L E C T I O N A N D

O B S E RVA B I L I T Y A N A LY S I S

As batteries age due to usage and parasitic effects that accumulate over time, their

internal characteristics change, making cell voltage predictions of the battery model inaccu-

rate (if the model is not adjusted to account for this aging), and results in incorrect state

estimates. To maintain the accuracy of the state estimates shown Chapter 4 throughout

the lifetime of the battery, we seek to adapt certain parameters of our model to consider

the effects of aging. To represent battery aging as faithfully as possible, it is key to

select appropriate parameters to estimate with the parameter estimation algorithm. These

parameters will define how accurate battery cell voltage prediction is compared to the true

cell voltage value, which will affect the accuracy of the estimation algorithm.

Two of the main contributors to the cell voltage value are the OCPs of both electrodes.

Therefore, it is crucial that the OCP estimates remain accurate throughout the lifetime of

the battery. It can be assumed that the shape of the SOL vs. OCP curves does not change

with battery aging, since these curves are inherent properties of the electrode materials.

However, the electrode capacity vs. OCP curves change when electrode capacity is lost.

In addition, when lithium is lost due to side reactions or other aging mechanisms, a shift

between the OCPs of both electrodes occurs, changing the shape of the OCV curve [119].

The estimates of the OCPs can be used to calculate the amount of lithium that was lost in

the cell, as well as the amount of active material that was lost in each electrode. Many

degradation mechanisms can occur in a battery cell [22], and it is extremely difficult, if

not impossible, to discern which mechanisms are the ones that are taking place in the

battery and at which rate they are degrading its elements. However, these mechanisms

can be grouped in three degradation modes that can be estimated from the OCV and

OCP curves [119]: LLI, LAMn and LAMp. Since these degradation modes can be observed

from the cell OCV value, its estimation is more tractable than the estimation of each

degradation mechanism and could give very useful information to improve battery control

and prognosis. Therefore, it was determined that the parameters that must be updated to

maintain accurate state estimates are the eSOH parameters.
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As mentioned above, the eSOH parameters define the total capacities of the electrodes

and their operating windows between some fixed cell voltage limits. When these parameters

are estimated, all degradation modes can be calculated. To adapt the model to the new

utilization windows, we would like to actualize the parameters θn0%, θp0%, θn100%, and θp100%

of the SPMe, which denote the stoichiometry values of the electrodes when the cell is fully

charged or discharged, and therefore they define the operating windows of the electrodes.

For the change in capacity of each electrode, known as LAMn and LAMp, we also want to

adapt the volume fractions of the active material εns and εps. These two parameters define

the amount of active material per volume unit that can be used for lithium intercalation

and deintercalation. Thus, by estimating εns and εps, and knowing the electrode dimensions

and maximum lithium concentrations, the amount of capacity that each electrode has, in

Ah, can be calculated as

Qr = ArFcrs,maxL
rεrs/3600, (5.2)

where superscript r denotes the negative or positive electrode.

In order to estimate these six parameters using a filter, we first have to ensure that

they are observable from the output equation. On the one hand, by examining the SPMe

equations, it can be seen that the active material volume fractions affect the output voltage

equation because they are related to ans and aps by the relation ars = 3εrs/Rrs (where the

superscript r denotes the negative or positive electrode). These two parameters contribute

to the calculation of the reaction flux j, resulting in a change in the cell voltage value. On

the other hand, it can be observed that the stoichiometric limits are not directly related

to the output voltage equation. The solid-phase concentration changes the OCPs of the

electrodes, but the fact that the 100 % and 0 % SOC stoichiometric limits are higher or

lower does not directly affect the output. Hence, some other method to estimate these four

parameters should be found.

To define how observable the volume fractions of active material are, and to confirm

that the stoichiometry limits do not directly contribute to the output voltage equation,

the same method that was presented in Section 4.3.1 was used. First, the model was

reformulated in a general nonlinear form as follows

ẋ = f(x,u)

y = h(x,u),
(5.3)
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where x denotes the eSOH parameters in this case. The observability of a system can be

evaluated by calculating the condition number of its observability matrix. The condition

number is defined as the ratio of the maximum to the minimum singular value, and it

indicates how close is a matrix from being singular. The condition number was calculated

using the MATLAB® cond function. Evaluating the condition number of the observability

matrix, it can be analyzed if the system is well-conditioned or ill-conditioned. If the matrix

has a low condition number, the system is said to be well-conditioned. On the other hand,

the system is said to be ill-conditioned if it has a high condition number, and in the case

the observability matrix has not full rank, the estimator would not be able to estimate

some of the system states.

In the case of nonlinear systems, the observability matrix can be obtained using the Lie

derivatives of h [164], which are calculated as

Lkfh(x) = ∇
(
Lk−1
f h

)
f , (5.4)

where L0
fh = h(x,u). The observability matrix is then defined with the Jacobian of the

Lie derivatives as

O =



∇L0
fh

∇L1
fh

∇L2
fh

...

∇Lnfh


, (5.5)

where n is the state vector dimension. O is an n× n matrix that must be of full rank for

the system to be observable.

Using this method, the observability of the active material volume fractions was analyzed.

To do so, the observability matrix of the system was obtained with respect to these two

parameters. By analyzing its condition number for different parameter values, we saw

that in all cases, except when the current was 0, the matrix was full rank and had a

relatively low condition number, meaning that these parameters are observable from the

output equation. This can be observed in Figure 5.1, where the condition number of the

observability matrix is shown for different currents. When there is no current in the cell,

the observability matrix is not full rank, and the condition number grows to infinity.
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Figure 5.1: Condition number of the observability matrix of the volume fractions of the active
materials for different input currents.

After analyzing the observability matrix of the stoichiometry limits, we found that the

matrix does not have a full rank and, thus, the parameters cannot be calculated directly

using the output voltage equation. In summary, it was determined that the active material

volume fractions are observable from the cell voltage equation, unless there is no current,

and thus, can be estimated using a filter. However, the analysis of the stoichiometry limits

has shown that these parameters are not direct contributors to the cell voltage equation,

meaning that they are not representative to the present voltage value, unless the cell is at

100 % or 0 % SOC of course. Therefore, another method must be designed to estimate

these parameters.

5.3 E S T I M AT O R D E S I G N

Based on the observability analysis presented above, an estimation approach to obtain

updated values of the six eSOH parameters was designed. The method is divided into two

parts. The first part consists of estimating the active material volume fractions of both

electrodes, which are observable from the output voltage equation, meaning that they can

be estimated using an SPKF algorithm, for example. The second part is related to the four

stoichiometry limits. Since it was determined that these parameters cannot be estimated

with a filter using the present voltage value, another method was developed.
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5.3.1 Active material volume fraction estimation

As explained above, the active material volume fractions are observable from the cell

voltage equation, so they were added to the SPKF-based estimation approach presented in

Chapter 4. This way, together with the internal states of the battery, the active material

volume fractions are estimated periodically by the filter. To do so, the state estimates, x,

were interconnected with the parameter estimates, ε, as in a dual state and parameter

estimator [10].

The state equations for the internal physical states are given by

xn[k] = A′
nxn[k− 1] +B′

nu[k− 1]

xp[k] = A′
pxp[k− 1] +B′

pu[k− 1]

xe[k] = A′
exe[k− 1] +B′

eu[k− 1],

(5.6)

where xn, xp and xe are the negative electrode solid-phase lithium concentration, positive

electrode solid-phase lithium concentration and electrolyte concentration estimates respec-

tively. A′
n, B′

n, A′
p, B′

p, A′
e and B′

e are the state-space form discrete-time A and B matrices

presented in Chapter 4, and u denotes the input of the system, which is the cell current.

For the eSOH parameter estimation, two additional estimators were included. These

additional estimators are used to estimate the active material volume fraction, εs, of each

electrode. The state equations for the parameter estimators are given by

εn[k] = A′
εn
εn[k− 1] +B′

εn
u[k− 1]

εp[k] = A′
εp
εp[k− 1] +B′

εp
u[k− 1],

(5.7)

where εn and εp denote the negative electrode and positive electrode active material volume

fraction estimates respectively. These parameters are assumed to change very slowly in

time compared to the states, so the A′
εn

and A′
εp

matrices are equal to 1, while B′
εn

and

B′
εp

are equal to 0.

The interconnected state estimator has been updated to estimate the two active material

volume fractions as follows:
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Step 1a: State prediction time update. The prediction of the two parameters is added

to the rest of the predictions as

ε̂−
n [k] = A′

εn
ε̂+n [k− 1] +B′

εn
u[k− 1]

ε̂−
p [k] = A′

εp
ε̂+p [k− 1] +B′

εp
u[k− 1].

(5.8)

Step 1b: Error covariance time update. The error covariance matrices for the parameters

are given by

Σ−
ε̃n
[k] = (A′

εn
)TΣ+

ε̃n
[k− 1]A′

εn
+ Σw̃εn

Σ−
ε̃p
[k] = (A′

εp
)TΣ+

ε̃p
[k− 1]A′

εp
+ Σw̃εp

.
(5.9)

Step 1c: Output prediction. To predict the output, the sigma points of the active

material volume fractions have to be calculated together with the sigma points of the state

variables. The set of sigma points for the two parameter estimators are calculated as

W−
εn
[k] =

{
ε̂−
n [k], ε̂−

n [k] + h
√

Σ−
ε̃n

, ε̂−
n [k] − h

√
Σ−
ε̃n

}
W−
εp
[k] =

{
ε̂−
p [k], ε̂−

p [k] + h
√

Σ−
ε̃p

, ε̂−
p [k] − h

√
Σ−
ε̃p

}
,

(5.10)

where h is a tuning variable for the SPKF and
√

Σ−
ε̃n

and
√

Σ−
ε̃p

are the lower-triangular

matrix square root of the error covariance matrices, which have been computed using

a Cholesky decomposition. The sigma points (the vectors of the sets W) are then used

to compute the output equation and obtain the output sigma points. Since the volume

fractions of active materials affect the output equation, the output sigma points of the

state estimators, Y, must be calculated considering the changes in these parameters.

Yn,i = h(X −
n,i[k], x̂−

p [k], x̂−
e [k], ε̂−

n [k], ε̂−
p [k],u[k])

Yp,i = h(x̂−
n [k], X −

p,i[k], x̂−
e [k], ε̂−

n [k], ε̂−
p [k],u[k])

Ye,i = h(x̂−
n [k], x̂−

p [k], X −
e,i[k], ε̂−

n [k], ε̂−
p [k],u[k])

Dεn,i = h(x̂−
n [k], x̂−

p [k], x̂−
e,i[k], W−

εn
[k], ε̂−

p [k],u[k])

Dεp,i = h(x̂−
n [k], x̂−

p [k], x̂−
e,i[k], ε̂−

n [k], W−
εp
[k],u[k]),

(5.11)
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The five cell voltage predictions are calculated as the weighted mean of these sigma points:

ŷn[k] =
2Nxn+1∑
i=0

α
(m)
n,i Yn,i[k]

ŷp[k] =

2Nxp+1∑
i=0

α
(m)
p,i Yp,i[k]

ŷe[k] =
2Nxe+1∑
i=0

α
(m)
e,i Ye,i[k]

d̂εn [k] =
2Nεn+1∑
i=0

α
(m)
εn,iDεn,i[k]

d̂εp [k] =

2Nεp+1∑
i=0

α
(m)
εp,iDεp,i[k],

(5.12)

where α(m)
n,i , α(m)

p,i , α(m)
e,i , α(m)

εn,i and α
(m)
εp,i are the constants used to calculate the weighted

mean.

Step 2a: Estimator gain matrix. The covariance matrices for the parameter estimators

are calculated in the same way as for the state estimator:

Σd̃εn
[k] =

2Nεn+1∑
i=0

α
(c)
εn,i(Dεn,i[k] − d̂εn [k])(Dεn,i[k] − d̂εn [k])

T

Σd̃εp
[k] =

2Nεp+1∑
i=0

α
(c)
εp,i(Dεp,i[k] − d̂εp [k])(Dεp,i[k] − d̂εp [k])

T ,

(5.13)

Σ−
ε̃nd̃εn

[k] =
2Nεn+1∑
i=0

α
(c)
εn,i(W

−
εn,i[k] − ε̂−

n [k])(Dεn,i[k] − d̂εn [k])
T

Σ−
ε̃pd̃εp

[k] =

2Nεp+1∑
i=0

α
(c)
εp,i(W

−
εp,i[k] − ε̂−

p [k])(Dεp,i[k] − d̂εp [k])
T .

(5.14)

where α(c)
εn,i and α

(c)
εp,i are the constants used to calculate the weighted covariance.

Once these matrices are computed we calculate the gains of the estimators:

Lεn [k] = Σ−
ε̃nd̃εn

[k](Σd̃εn
[k])−1

Lεp [k] = Σ−
ε̃pd̃εp

[k](Σd̃εp
[k])−1.

(5.15)
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Step 2b: State estimate measurement update. The parameter estimates are then

calculated as

ε̂+n [k] = ε̂−
n [k] + Lεn(d[k] − d̂εn [k])

ε̂+p [k] = ε̂−
p [k] + Lεp(d[k] − d̂εp [k]).

(5.16)

Step 2c: Error covariance measurement update. Lastly, the error covariance matrices

are updated as

Σ+
ε̃n
[k] = Σ−

ε̃n
[k] −Lεn [k]Σd̃εn

[k] (Lεn [k])
T

Σ+
ε̃p
[k] = Σ−

ε̃p
[k] −Lεp [k]Σd̃εp

[k]
(
Lεp [k]

)T .
(5.17)

With this combined state/parameter estimator, solid-phase and electrolyte concentra-

tions, as well as active material volume fractions, are estimated for both electrodes, which

has not been reported in literature to the best of our knowledge. The following state

variables x and parameters ε are obtained from these five SPKF estimators’ interconnection:

x = [cns ; cps; ce]

ε = [εns ; εps ].
(5.18)

It is not mandatory to interconnect one estimator per state variable and per parameter.

As has been shown in the observability analysis, the parameters could be estimated using a

single estimator, as its observability matrix has a relatively low condition number. However,

the interconnection makes the tuning of the filters easier and, as we have seen in our

simulations, more stable and robust.

5.3.2 Stoichiometric window estimation

As mentioned above, as the stoichiometry limits are not direct contributors to the

voltage equation of our SPMe, another method to estimate this variables was designed.

For that, a system of four equations was defined, which can be solved to obtain the rest of

the eSOH parameters (the 100 % and 0 % SOC stoichiometries). The procedure to obtain

each equation is explained below.
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The available capacity, in Ah, of an electrode between some defined voltage limits is

given by

Qr = ArFcrs,maxL
rεrs(θ

r
100% − θr0%)/3600, (5.19)

where superscript r denotes the negative, n, or positive, p, electrode.

Since the lost capacity over a full discharging process is relatively small compared to the

capacities of the electrodes, it can be assumed that the usable capacities of both electrodes

are equivalent:

Qdch ≈ Qn ≈ Qp. (5.20)

The same occurs in the charging process,

Qch ≈ Qn ≈ Qp. (5.21)

Therefore,

Ancns,maxL
nεns (θ

n
100% − θn0%) = Apcps,maxL

pεps(θ
p
0% − θp100%). (5.22)

Equation 5.22 shows the six eSOH parameters that we want to estimate: θn100%, θn0%, θn100%, θp0%, εps
and εps.

If the useful capacities of both electrodes are equivalent, then the remaining useful

capacities until full charge or discharge must also be the same. The full discharge equivalency

is given by

Ancns,maxL
nεns (z

n − θn0%) = Apcps,maxL
pεps(θ

p
0% − zp), (5.23)

and for a full charge:

Ancns,maxL
nεns (θ

n
100% − zn) = Apcps,maxL

pεps(z
p − θp100%), (5.24)

where zp and zn are the current lithiation states of the electrodes at any given moment.

Note that we use zn and zp instead of θn and θp. This is because the stoichiometry limits

are defined using OCP values, which are obtained when the surface concentration is equal

to, or almost equal to, the SOL of the active material particle. When operating the battery

with higher C-rates, the intercalation process in both electrodes can be different, as the
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surface concentration may change faster or slower depending on the diffusion coefficients

or the exchange current densities of the electrodes. This can generate a difference between

the available capacities of both electrodes. Thus, it is more accurate to define the available

electrode capacities using the SOL rather than the stoichiometry. In this way, any difference

caused by the different parameters of the positive and negative electrodes is avoided.

Since we also know our fixed operation voltage limits, we know that the 100 % and 0 %

positive and negative stoichiometries must fulfill

Upocp(θ100%) −Unocp(θ100%) = Vmax (5.25)

and

Upocp(θ0%) −Unocp(θ0%) = Vmin. (5.26)

We assume that the OCPs are fixed functions of active materials that do not change with

battery aging, nor do the values of Ar, crs,max, Lr and F . Therefore, the only unknowns of

this four-equation system are the six eSOH parameters and the SOL of both electrodes zn

and zp. Nonetheless, zn and zp are estimated by the SOC estimator with the interconnected

SPKFs. εns and εps are also obtained from the new two additional interconnected SPKFs

that we have defined above. Thus, the resulting system of equations has four equations

to solve for four variables. By solving this system of equations, the remaining four eSOH

parameters can be obtained, which completes the estimation of the eSOH parameters.

As mentioned above, the stoichiometry limits are not estimated every time step by the

interconnected SPKF filter, instead, for the validation process, the equation system was

solved numerically using the MATLAB® vpasolve solver. In the simulations, the system

was solved at the end of the charging process, however, it can be performed at any other

moment. This is less demanding computationally, and since the eSOH parameters will not

change its value often, it is not necessary to change their values in every time step. The

equation system was solved for several values of cs and εs of the last discharge/charge cycle

for each end-of-charge event. These estimates were taken every 1000 s from the last cycle.

Later, the θn100%, θp100%, θn0% and θp0% values obtained from all the solutions are filtered

(using the MATLAB® function rmoutliers) and averaged. This is the approach that we

decided to follow to obtain the results; however, the equation system can be solved for just

one point if it is preferable. The reason for doing so is that, in this way, an overall estimate

value was obtained from the different estimates of the entire discharge/charge cycle.
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5.3.3 Degradation mode and SOH estimation

Once the eSOH parameters are estimated, the three degradation modes LLI, LAMn

and LAMp can be calculated. The LAM of each electrode, in %, can be defined as

LAM r =

(
1 − Qra

Qrf

)
× 100 (5.27)

where r denotes the positive or negative electrode, Qra is the total capacity of the aged

electrode r, calculated as

Qra = ArFcrs,maxL
rεrs,a/3600, (5.28)

where εrs,a is the estimated active material volume fraction. Qrf is the total capacity of a

fresh electrode r, calculated as

Qrf = ArFcrs,maxL
rεrs,f/3600, (5.29)

where εrs,f is the initial active material volume fraction of the fresh cell. Therefore, since

the only variable that changes is εrs, the LAM can be defined as

LAM r =

(
1 −

εrs,a
εrs,f

)
× 100. (5.30)

The total amount of intercalated lithium in the cell at any SOC can be calculated as

nLi =
3600
F

(zpQp + znQn) . (5.31)

Any zn and zp values can be chosen from the entire SOC range (both from the same SOC).

In our case, we have chosen to take the 0 % SOC values. Then, the LLI can be calculated

as

LLI =

(
1 − naLi

nfLi

)
× 100, (5.32)

where naLi is the aged lithium inventory, and nfLi is the fresh lithium amount in the cell.

Since the total electrode capacities, Qn and Qp, are calculated with the εs estimates, and

the lithiation states were also estimated, the calculation of LLI is straightforward.
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In addition, an SOH value can be calculated by comparing the fresh cell capacity

with the aged cell capacity. The available capacity of the aged cell can be obtained by

substituting the estimated eSOH parameter values in the electrode capacity Equation 5.19.

Then, the SOH of the cell can be calculated as

SOH =
Qa
Qf

, (5.33)

where Qa is the aged cell capacity calculated with the estimated eSOH parameters, and

Qf is the fresh cell capacity.

5.4 S TAT E A N D PA R A M E T E R E S T I M AT I O N

VA L I D AT I O N

To validate the proposed estimator, the accuracy of the state and parameter estimates

was analyzed. For that, the estimates were compared to the high-fidelity P2D model

mentioned above, which was used to obtain the true values of the states and parameters.

A charge-depleting UDDS current profile, scaled to cell level for a 1C maximum current,

was used as dynamic input for the simulations. The profile is shown in Figure 5.2.

Figure 5.2: Charge-depleting UDDS current profile.

Two different aging scenarios were studied to assess the performance of the estimator.

The robustness of the algorithm was evaluated under incorrect state and parameter

initializations in both cases. First, the same SOC and internal variable estimation with

incorrect eSOH parameters shown in Section 4.4.2 was performed with the state/parameter

estimator to see if the estimator was able to correct the SOC and internal variable estimates.
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Later, larger eSOH parameter differences were used, including significant LAM values in

both electrodes, to discuss the estimation performance in harsher conditions. Note that

these degradation mode values could arise from different degradation mechanisms, such as

SEI growth or lithium plating for the LLI, and particle cracking for the LAM, for example.

However, even without knowing which aging mechanisms have happened in the cell, the

estimator should be able to estimate the effects that these mechanisms have generated in

the capacities of both electrodes and the OCV of the cell.

In the first case, a 10 % LAM value was applied in the negative electrode by reducing

10 % the active material volume fraction of the active material, and 5 % LLI in the cell

by changing the stoichiometry limits of both electrodes. Equations 5.27-5.32 were used to

calculate the parameter values. In Chapter 4, it was concluded that without estimating

these eSOH parameters, the SOC and internal variable estimation was inaccurate. The

SOC estimate RMS error was 3.63 %, the electrolyte concentration estimate was very poor,

and the solid-phase concentration estimates were significantly worse than in the cases with

no eSOH parameter uncertainties. In this case, the eSOH parameters are estimated and

updated during the simulation as defined above. The results of this simulation are shown

in Figure 5.3.

To analyze all the dynamics of the parameters, 15 charge/discharge cycles were simulated.

In each cycle, the cell was discharged using consecutive charge-depleting UDDS profiles, as

the one shown in Figure 5.2, until the minimum cell voltage was reached. Subsequently,

the cell was charged at constant current C/2 until the maximum voltage value was reached.

The SOC was initialized with 20 % error and the volume fractions of active materials were

initialized at 80 % of their values at BOL. The differences in eSOH parameters with respect

to the fresh cell are shown in Table 5.1.

Table 5.1: Variations of the eSOH parameters for the first aging case.

Parameter Fresh Aged

εns 0.75 0.675
εps 0.665 0.665
zn0% 0.027 0.0256
zp0% 0.8536 0.8148
zn100% 0.9014 0.9350
zp100% 0.27 0.2661

Looking at Figure 5.3, it can be observed that the initial state and parameter estimates

are inaccurate. However, as the volume fractions of the active materials are slowly corrected,
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5.3: Estimation of states and parameters with 10 % LAM in the negative electrode and 5
% LLI. (a)-(b) Negative and positive electrode stoichiometries, respectively; (c) and
(d) negative and positive electrode volume fractions of active materials, respectively;
(e) SOC estimate; (f) SOH estimate; (g) 100 % and 0 % SOC stoichiometries; (h)
degradation modes.
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the state estimates improve. This can be seen in the SOC estimate of Figure 5.3 (e). The

SOC estimate is poor at first, as the stoichiometry limits shown in Figure 5.3 (g) are

inaccurate. Little by little, estimates of active material volume fractions of Figure 5.3 (c)

and (d) are corrected and, electrode stoichiometry estimates shown in Figure 5.3 (a) and (b)

become more accurate. The RMS error of the SOC in the full simulation is 1.4 %, while the

RMS error in the last cycle is 0.29 %. This shows how the parameter estimator improves

the SOC estimate by updating the volume fractions of the aged active material and the

stoichiometry limits. The same happens in the negative and positive stoichiometries, which

have 1.72 % and 0.73 % RMS errors, respectively, for the entire simulation, while in the last

cycle both stoichiometry estimates have 0.11 % RMS errors. Regarding the parameters,

the negative and positive volume fractions of the active materials have 2.94 % and 6.2 %

RMS error, respectively (normalized with the values of the fresh cell), while they have 0.59

% and 0.85 % RMS error in the last cycle.

As these four estimates converge to the true values, the equation system (5.23-5.26) to

solve θn100%, θp100%, θn0% and θp0% provides better estimates, improving the SOC estimate.

Normalized to the values at the BOL, θn100%, θp100%, θn0% and θp0% have 5.14 %, 0.9 %, 1.94

%, and 1.94 % errors, respectively, in the entire simulation, while in the last cycle the RMS

errors are 0.22 %, 0.85 %, 1.34 % and 0.05 %.

As the eSOH parameters are estimated, the degradation modes can be calculated using

Equations 5.30-5.32. The results of these estimates can be seen in Figure 5.3 (h). As

happens with the rest of the estimates, the results are accurate once the eSOH parameters

are corrected. Additionally, an SOH estimate was obtained by computing Equation 5.33.

As can be observed, the estimate converges accurately to the true value.

The results for a different aging scenario are shown in Figure 5.4. In this case, in

contrast to the previous case, both electrodes suffer from LAM, not just the negative

electrode. The LAM for the positive electrode is 20 %, 10 % for the negative electrode,

and 16 % LLI. The eSOH parameters of this case are shown in Table 5.2.

Figures 5.4 (a) and (b) show the stoichiometries of the negative and positive electrodes,

respectively. The estimates of both variables are inaccurate in the first cycles, especially

the positive electrode stoichiometry, due to the incorrect initialization of the active material

volume fractions, shown in Figure 5.4 (c) and (d), which affect the SPMe predictions

of these variables due to the change in the reaction flux, j. After the first cycle, the

positive electrode stoichiometry is corrected as the positive electrode active material

volume fraction converges to its true value. The RMS errors for negative and positive
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5.4: State and parameter estimation results with 10 % LAM in the negative electrode, 20 %
LAM in the positive electrode, and 16 % LLI. (a)-(b) Negative and positive electrode
stoichiometries, respectively; (c) and (d) negative and positive electrode volume fractions
of active materials, respectively; (e) SOC estimate; (f) SOH estimate; (g) 100 % and 0
% SOC stoichiometries; (h) degradation modes.
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Table 5.2: Variations of the eSOH parameters for the second aging case.

Parameter Fresh Aged

εns 0.75 0.675
εps 0.665 0.532
zn0% 0.027 0.0278
zp0% 0.8536 0.891
zn100% 0.9014 0.8566
zp100% 0.27 0.2657

electrode stoichiometries are 1.04 % and 0.67 %, respectively, for the entire simulation and

0.11 % and 0.06 % in the last cycle. The negative electrode active material volume fraction

estimate takes longer than the positive. This is probably due to the higher sensitivity of

the positive electrode stoichiometry to cell voltage. For the end of the simulation, the

active material volume fraction of the negative electrode converges well to the true value,

improving the negative electrode stoichiometry estimate. The RMS errors of the negative

and positive active material volume fractions are 2.72 % and 4.14 % respectively, while in

the last cycle are 0.11 % and 0.29 %.

In the case of the SOC estimation, shown in Figure 5.4 (e), a higher error can be seen

in the first cycles compared to the last cycles. This error comes from two sides; First,

the stoichiometry estimates are not accurate until the volume fractions are corrected, and

second, the stoichiometry limits shown in Figure 5.4 (g) have a considerable error until the

volume fractions and the solid-phase concentrations are corrected. After some cycles, the

SOC estimate improves considerably, and in the last cycles becomes very accurate as it is

shown in Figure 5.4 (e). The SOC RMS error of the full simulation is 1.73 %, while in the

last cycle the error decreases to 0.33 %. In the case of θn100%, θp100%, θn0% and θp0%, the RMS

errors are 2.49 %, 0.75 %, 2.78 % and 2.28 % respectively, while in the last cycle the errors

are 0.14 %, 0.68 %, 1.64 % and 0.26 %.

Regarding the estimates of SOH and degradation modes shown in Figures 5.4 (f) and

(h), respectively, the SOH estimate improves considerably for the second cycle and remains

very accurate until the end of the simulation. LAMp and LLI estimates are very accurate

from the second cycle on. Since the LAMn value is obtained from the estimate of the active

material volume fraction of the negative electrode, it takes more time to correct its value,

but it converges accurately.
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5.5 D I S C U S S I O N

The parameter estimation method proposed in this chapter can be used to estimate

all the eSOH parameters, and thus all the degradation modes, which group any aging

mechanism that can occur inside a cell [119], allowing the acquisition of very valuable

information for prognosis and control. Additionally, other parameters could be added to

the estimation approach to obtain better voltage predictions from the model. Nevertheless,

many parameters of the SPMe are bulk properties of the materials, and therefore, unless the

composition of the electrode and electrolyte materials changes, it should not be necessary

to update them. In addition to the eSOH parameters, it would be interesting to add

parameters that represent power fade in the battery to this estimation approach; such as

the electric resistance growth or the porosity decrease. These updates in the estimator

would improve SOP and internal variable estimates, helping control algorithms.

The main drawback of the proposed estimation method is probably the equation system

that has to be solved numerically to obtain the stoichiometry values at 100 % and 0 %

SOH. It is not desirable for a BMS to require of numerical computations to obtain these

parameter values. However, since the eSOH parameters change very slowly over time, it is

not necessary to do these calculations online. The stoichiometry limits can be obtained

apart from the online state/parameter estimation procedure, ideally after the estimates

become stable. For example, if the eSOH parameters of an electric vehicle (EV) battery

have to be obtained, the numerical computations can be done when the EV arrives at a

charging station or whenever it has a connection to a more powerful computing source.

One of the benefits of this estimation method is the estimation of degradation modes.

These estimates would certainly aid in the prediction of battery degradation “knee” trajec-

tories [157,172], and several battery applications could benefit from this added knowledge.

For example, second-life batteries could be more reliable if the degradation modes were

well known and if there were a way to know the probability that a battery would be

near a degradation “knee”. Moreover, electric vehicle or stationary applications could

improve battery control algorithms based on this degradation modes and internal variables

knowledge.

Accurate physics-based state estimation algorithms could prevent accelerated battery

degradation and safety issues. Besides, accurate stoichiometry estimates as the ones shown

in this paper could be used to define dynamic SOAs in future BMSs, increasing the energy

and power capabilities, while providing longer battery lifespans.
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5.6 C O N C L U S I O N S

In this chapter, a novel eSOH parameter estimation method was presented which is

capable of estimating all degradation modes from current and voltage measurements in

normal battery operation; with dynamic input current profiles and without the need of

any additional experiment. The method was validated in simulation for two different aging

scenarios; one of them with 10 % LAM in the negative electrode and 5 % LLI, and the other

with 20 % LAM in the positive electrode, 10 % in the negative electrode and 16 % LLI in

the battery. The results showed very good agreement with the true values. The internal

variable estimates were accurately corrected by the filter and improved while the eSOH

parameter estimates converged. Besides, degradation modes and SOH were estimated with

high accuracy in both studied cases.

In this work, a first step of the validation process was performed by validating the

algorithm in simulation. However, experimental validation is paramount in the validation

process, and future work will develop an experimental study for this purpose. Additionally,

the estimation of parameters that represent power fade is crucial for battery control and,

therefore, future work will add these parameters to the estimator. The resulting algorithm

would be able to add a power fade estimate to the previously developed eSOH, degradation

mode and capacity fade estimates.



Chapter 6

B AT T E RY A G I N G - AWA R E C O N T R O L

This chapter discusses the aging-aware control strategies that were implemented and

evaluated throughout this thesis. A new fast charging strategy is proposed to minimize

lithium plating based on the previously developed degradation model, which could be coupled

with the state/parameter estimator to improve fast charging throughout the lifetime of a

battery. First, the relevant literature is reviewed. Later, the most popular control strategy

found in the literature is evaluated and compared to the new fast charging algorithm

developed in this work. Finally, the conclusions drawn from this work are presented.

117
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6.1 D E G R A D AT I O N - AWA R E C O N T R O L R E V I E W

As explained in Section 1.2.3, lithium-ion battery control has been widely studied in

the literature [63]. However, not many works focused on controlling the cell based on

physical insight. The approaches that can be adopted when developing a control strategy

can be classified into two groups; passive and active methods. Passive methods are based

on optimizing a charging profile offline, while active methods work online and use present

cell data to control its operation.

Focusing on passive strategies, Lin et al. [173] used an SPM and dynamic programming

to develop degradation-aware fast charging strategies, showing significant improvements

in charging time and capacity loss compared to typical CCCV protocols. They applied

physics-based constraints on solid-phase and electrolyte concentrations to mitigate aging.

However, they did not used any additional degradation model to predict specific degradation

phenomena, and semi-empirical cost functions were applied for the optimization. Gao

et al. [61] used an SPM coupled to a thermal model and an SEI growth model to design

degradation-aware charging strategies. They tried to minimize the SEI growth on the cost

function, while they applied a hard constraint on the negative electrode overpotential to

mitigate lithium plating. The results show that their “health-aware” strategy reduced

battery aging, while their “minimum-time” strategy, despite reducing the charging time,

reduced significantly the lifetime of the cell.

Regarding active control strategies, Yin et al. [69] used a reduced-order P2D model for

the negative electrode and an SPM for the positive electrode to reduce SEI growth and

lithium plating. They employed an NMPC algorithm with the objective of reducing SEI

growth in the charging process, and to reduce lithium plating, they proposed to include

discharging pulses every 50 s if the side reaction’s overpotential went below 0. The state

estimation was performed with an SPKF algorithm. The results showed that the method

was able to increase the lifetime of the battery compared to similar time CCCV charging

protocols.

The most complete degradation-aware control strategy was reported by Zhou et al. [16].

They used an SPMe coupled to a thermal model and to SEI growth and lithium plating

aging models. They used an unscented Kalman filter (UKF) to estimate the internal

variables of the SPMe, and an MPC algorithm to minimize charging time while maintaining

both side-reactions’ overpotential above their minimum values. The main improvement

with respect to previously reported control architectures is the experimental validation
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procedure. While previous works compared capacity loss between the degradation-aware

control strategy and CCCV strategies [61, 69], Zhou et al. [16] used differential voltage

analysis to analyze the degradation modes occurring in the cell. Hence, obtaining a deeper

analysis of the aging that has occurred with and without the optimized charging protocol.

In their case, the battery suffered from significant LAM in the negative electrode and

considerable LLI. The authors suggested that the LAM could come from the pore blockage

occurring due to the SEI and lithium plating films. However, in their results can be

seen that LAM in the negative electrode occurs before LLI, contradicting their argument.

Therefore, another aging model could be used to model the LAM occurring in the negative

electrode, and the control strategy could be improved. Nonetheless, the results show that

there is a significant improvement on LAM and LLI by using the optimized charging

algorithm.

Summing up, this literature review showed that most physics-based degradation-aware

control strategies, both active and passive, aim to reduce aging by limiting the side-

reactions’ overpotential. Most authors tried to mitigate lithium plating, while some of

them tried also to mitigate SEI growth. However, none of the analyzed works developed a

control strategy using the recently published plating/stripping models, and tried to use

the stripping reaction to allow faster charging while mitigating plating. Furthermore, it

was observed that none of the reported strategies tried to mitigate LAM, while it was seen

in Chapter 3 that it can be a major contributor to the aging of a battery.

In this work we have focused on active control strategies, since the developed health and

state estimation algorithm could be very useful to couple with the control algorithms. For

that, as most authors did, we used an MPC algorithm. Taking into account the research

gaps that were discussed above, and using the degradation model developed in Chapter 3,

different control strategies were implemented, and their performance on mitigating battery

aging was analyzed. A new control strategy was developed using the plating/stripping

model introduced in Chapter 3, showing in simulation that it can outperform previously

reported strategies in mitigating plating for fast charging applications.

6.2 M O D E L P R E D I C T I V E C O N T R O L

Several control algorithms could be used to control lithium-ion batteries, however, as

discussed in the literature review of Section 6.1, most authors that focused on active control

strategies employed MPC algorithms. MPC is based on predicting the future response of a
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system, and using those predictions to make control decisions [68]. For that, it employs

a look-ahead strategy to compute an optimal sequence of future inputs to produce the

optimal outputs for the desired objective [17]. Figure 6.1 describes the MPC strategy.

Figure 6.1: MPC illustration (adapted from [174]).

As shown in Figure 6.1, the MPC utilizes two time horizons to solve the optimal control

problem: the prediction horizon (Np) and the control horizon (Nc). The prediction horizon

determines how long into the future is the forecast going to be computed, while the control

horizon determines the time-horizon at which the inputs are going to be optimized. This

control scheme allows the use of aging prediction models to forecast the future aging state of

the battery. Furthermore, another advantage of MPC algorithms is the ability of handling

hard constraints [17], such as the widely used ηpl ≥ 0 V to limit lithium plating [16, 61].

These features have made MPC one of the most popular control algorithms for lithium-ion

battery control in the literature.

Given that minimizing degradation is the main goal of this thesis, and that degradation

models were created to predict battery aging behavior, its predictive capability makes

the MPC appropriate for this work. Due to the nonlinear nature of lithium-ion batteries,

a discrete-time NMPC algorithm was used based on the MATLAB® implementation of

Liuping Wang [175]. Aloisio Kawakita de Souza et al. [174] showed that a linearized SPMe

with a linear MPC could give very accurate results compared to an NMPC implementation,

and save considerable computational time. However, since the goal of this work is to

develop new and effective degradation-aware control strategies, less attention was put into
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the computational cost and the implementability of the strategies, and more in the aging

reduction.

For the implementation of the battery model, the orthogonal collocation based state-

space model presented in Chapter 4 was augmented as in [17] to include integral action in

the feedback loop. The state vector was redefined as

X [k] =

[
x[k] u[k]

]T
, (6.1)

and the state equation as

X [k+ 1] = ÃX [k] + B̃[k]∆u, (6.2)

where

Ã =

A B

0 I

 and B̃ =

0

I

 , (6.3)

and ∆u is the control-input increment ∆u[k+ 1] = u[k+ 1] − u[k]. The outputs of the

model were calculated using the nonlinear equations of the SPMe presented in Chapter 2.

Additionally, the lithium plating model presented in Chapter 3 was added to the state-space

model to predict the evolution of the plated lithium and dead lithium concentrations.

6.3 D E V E L O P M E N T O F D E G R A D AT I O N - AWA R E

C O N T R O L S T R AT E G I E S

The first thing to define when designing a control strategy, is the control objective. As

mentioned above, a typical objective of lithium-ion battery control works is to optimize a

fast charging algorithm, which is critical for EVs. For that, a minimum-time problem has

to be solved. In this section, different control strategies are implemented and analyzed,

and the results are compared using the degradation model developed in Chapter 3.

6.3.1 Fast charging with side-reaction overpotential constraint

It is widely accepted that lithium plating is one of the main aging mechanisms that is

affected by fast charging [22]. In addition, this phenomenon can generate safety hazards [58],

so its prevention is of critical importance for fast charging applications. Therefore, the
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developed lithium plating model was utilized to design fast charging algorithms and compare

their performance. Several strategies were evaluated, and the lithium plating generated in

the charging process was quantified using the above-mentioned model. All the charging

strategies were simulated starting from 10 % SOC value, and the target SOC was defined

at 80 %.

The first approach that was adopted to design a degradation-aware fast charging control

strategy is the most common approach presented in the literature; which consists on

maintaining lithium plating overpotential above 0 V. The lithium plating overpotential in

the SPMe is given by

ηpl[k] =
RT

αF
asinh

(
jn[k]F

2in0 [k]
+ Unocp(c

n
s,e[k]) +RnfFj

n[k]

)
. (6.4)

As explained above, minimum-time problems such as fast charging are very challenging

to solve, and generally not amenable for real-time controls [17]. Thus, to circumvent

the minimum-time problem, the pseudo-minimum-time approach proposed by Xavier and

Trimboli [68] was adopted, defining the cost function as

J [k] = (R−→[k+ 1] − Y−→[k+ 1])TQ(R−→[k+ 1] − Y−→[k+ 1]) + ρ∆UT
−−−→[k+ 1]∆U−−→[k+ 1], (6.5)

where Y−→ denotes the set of future outputs, ∆U−−→ the set of future control input increments,

R−→ the set of future reference values, and Q and ρ are weighting matrices. The output is

defined to be the SOC of the cell, and the reference is defined as the target SOC value.

In addition to the side-reaction overpotential constraint, a maximum charging current

was defined, and the performance of the control was evaluated compared to a CCCV

protocol using the same current limit. For these simulations, a prediction horizon of 3 s

was used, since a longer horizon did not improve the control significantly. The following

hard constraints were set for the control strategy:

V ≤ Vmax

ηpl ≥ 0 V

I ≤ Imax.

(6.6)

Using this control approach and defining the maximum cell current to 2C, the results

depicted in Figure 6.2 were obtained. As can be seen, the MPC algorithm effectively

reduces the cell current when the plating overpotential reaches the 0 V value. Consequently,

the cell needs more charging time to reach the target SOC value of 80 %. Figure 6.2 (c)
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shows that the overpotential control also affects the temperature of the cell, preventing

the temperature increase, which will affect positively to other degradation mechanisms

such as the SEI growth. Figure 6.2 (f) shows the amount of dead lithium caused by the

charging process. As can be seen, the plating/stripping model proposed by O’Kane et

al. [24] predicts a dead lithium amount even when the side reaction overpotential does not

fall below 0 V. However, it can be seen that the overpotential control mitigates certain

amount of lithium plating, therefore, despite increasing the charging time, this strategy

reduces degradation successfully.

As mentioned, many authors employed this type of control strategy, and showed that

it can be used to reduce degradation [16]. However, this charging strategy relies on a

predefined maximum current value, which may be imposed by the manufacturer, or may

be proposed by the control engineer. Thus, it does not utilize physical limits to define

this value, and it would remain the same for the entire lifetime of the battery. This could

be inappropriate when the internal characteristics of the batteries change, and since the

estimator developed in Chapter 5 allows to adapt the parameters of the battery through

its lifetime, a better approach should be developed to take full advantage of the estimator.

Trying to improve this, an adaptable maximum charging current strategy was developed

using a similar approach. For that, the following hard constraints were set in the NMPC

algorithm:

V ≤ Vmax

ηpl ≥ 0 V

cne ≥ 300 mol m-3

crs,max − 500 mol m-3 ≤ crs ≥ 500 mol m-3.

(6.7)

The objective of these constraints is to maintain the physical limits of the concentrations

within reasonable values. For that, the electrolyte concentration is constrained to a

minimum value, and the solid-phase concentrations of both electrodes are maintained

within maximum and minimum concentration values. This should be useful to prevent

hazardous working conditions and reduce battery aging. Figure 6.3 shows the results for

this charging strategy. As shown, the MPC algorithm seeks to maximize the charging

current while maintaining the side reaction overpotential above 0 V. The maximum and

minimum concentration constraints are not activated at any point of the charging, since

the current is completely limited by the overpotential constraint in the first phase, and

by the maximum voltage constraint in the final phase. By avoiding the maximum current
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(a) (b)

(c) (d)

(e) (f)

Figure 6.2: Comparison of 2C CCCV charge to fast charging strategy with side-reaction overpoten-
tial constraint. (a) Cell voltage evolution; (b) Charging current; (c) Cell temperature;
(d) SOC; (e) Lithium plating overpotential; (f) Dead lithium concentration.

constraint, it is achieved to charge the battery faster, finishing the charge in 1323 s, around

80 s faster than the current limited strategy, however, the temperature of the cell reaches

higher values, and the final dead lithium amount increases according to the model.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.3: Fast charging strategy with side-reaction overpotential constraint and no maximum
current constraint. (a) Charging current; (b) SOC ; (c) Lithium plating overpotential;
(d) Cell temperature; (e) Plated lithium concentration; (f) Dead lithium concentration.

Another important factor that must be controlled in fast charging applications is the

temperature of the cell [17], since it can cause safety issues and increase the degradation

rate of the battery. Hence, a temperature constraint was set in the same MPC algorithm

to avoid cell temperature rise above 35 ºC (308.15 K). The results are shown in Figure 6.4.
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As expected, the temperature constraint slows down the charging process to maintain the

cell temperature below the 35 ºC limit. The effect of the temperature limit can be seen in

the plated and dead lithium concentrations shown in Figure 6.4 (e) and (f), as the plated

lithium concentration drops abruptly, slowing the growth of dead lithium. Consequently,

the charging time increases around 200 s from the previous case, but generates considerably

less dead lithium, showing that appropriate physics-based constraints can help in mitigating

lithium plating.

These approaches can get good results as is shown above, but they do not take advantage

of physics-based degradation models that could do prognosis of battery aging in a predictive

algorithm such as the MPC. In this sense, the plating/stripping model that was developed

could be helpful by providing future lithium plating concentration predictions, which could

be potentially used to generate optimal controls for plating minimization. Therefore, in

the following subsection 6.3.2 a new fast charging algorithm is proposed using the lithium

plating model predictions.

6.3.2 Fast charging using lithium plating predictions

As explained in Chapter 3, lithium plating is a reversible side-reaction that generates LLI.

Many authors suggested that pulsed charging profiles could help mitigating lithium plating

by reducing lithium concentration polarization and favouring the stripping reaction [69,176].

However, the previous approach of constraining side-reaction overpotential cannot make use

of the stripping reaction as a way of minimizing lithium plating. For that, the developed

lithium plating/stripping model could be used with the aim of finding the minimum-time

solution with the minimum dead lithium amount that predicts the model. To the best of

the author’s knowledge, no lithium plating/stripping model has been used in the literature

in control applications to mitigate plating.

For the sake of readability, the lithium plating/stripping model equations are expressed

again here. The plating/stripping flux density is given by:

jpl = kpl

(
cplexp

(
Fαa,plηpl
RT

)
− ceexp

(
−Fαc,plηpl

RT

))
. (6.8)

The plated lithium concentration is given by

∂cpl
∂t

= −ans jpl − γcpl, (6.9)
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(a) (b)

(c) (d)

(e) (f)

Figure 6.4: Fast charging strategy with side-reaction overpotential constraint, no maximum current
constraint, and 35 ºC temperature constraint. (a) Charging current; (b) SOC ; (c)
Lithium plating overpotential; (d) Cell temperature; (e) Plated lithium concentration;
(f) Dead lithium concentration.

and the dead lithium concentration is modeled as

∂cdl
∂t

= γcpl. (6.10)
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Different approaches can be adopted to develop a lithium plating minimization control

strategy using this model. For fast charging applications, as well as minimizing the dead

lithium amount, we would also like to minimize the charging time, thus, it makes sense to

maintain the pseudo-minimum-time cost function defined in Equation 6.5. To minimize

the amount of dead lithium, it can be observed in Equation 6.10 that the dead lithium is

directly related to the lithium plating concentration. Thus, a reasonable approach to limit

the growth of dead lithium could be to set a constraint on the plated lithium concentration.

In this way, the growth of dead lithium would be limited by the maximum amount of

plated lithium. Thus, the following constraints were set in the NMPC algorithm

V ≤ Vmax

cpl ≤ cmaxpl

cne ≥ 300 mol m-3

crs,max − 500 mol m-3 ≤ crs ≥ 500 mol m-3.

(6.11)

By tuning the cmaxpl value, different charging results can be obtained. If higher maximum

plating concentration values are allowed, faster charging profiles should be obtained (until

other constraint such as the maximum cell voltage value is the limiting factor). Thus, two

charging strategies were tested using this approach. First, a very fast charge was sought.

For that, a maximum plated lithium concentration of 300 mol m-3 was set. Figure 6.5 shows

the results of the control algorithm. As can be seen, the NMPC uses a pulsed charging

current to minimize the charging time while maintaining the plated lithium concentration

value below 300 mol m-3. As a result, it was achieved to reduce the charging time, compared

to all the above-discussed approaches, and the amount of dead lithium at the end of charge,

reducing it to almost a half of the amount obtained with the temperature constrained

control.

After obtaining a very fast charging with reduced lithium plating, it was tried to reduce

more the lithium plating without increasing too much the charging time. For that, the

constraint cpl ≤ 15 mol m-3 was applied. The results of the charging method are shown

in Figure 6.6. It can be seen that the approach reduces dead lithium remarkably, to

almost 1 % of the 2C CCCV protocol. Interestingly, in this case the NMPC decides to

insert discharging pulses in the end of charge process to help more to the lithium stripping

reaction. In addition to the significant reduction in the amount of dead lithium, it can be

seen that the temperature of the cell increases much less than in previous cases, reducing

also the impact of other aging mechanisms.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.5: Fast charging strategy with cpl ≤ 300 mol m-3 constraint. (a) Cell voltage; (b) Charging
current ; (c) Cell temperature; (d) SOC; (e) Plated lithium concentration; (f) Dead
lithium concentration.

6.4 C O N C L U S I O N S

This chapter presented and discussed the work performed on degradation-aware control

strategies for lithium-ion batteries. First, a literature review was performed to analyze
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(a) (b)

(c) (d)

(e) (f)

Figure 6.6: Fast charging strategy with cpl ≤ 15 mol m-3 constraint. (a) Cell voltage; (b) Charging
current ; (c) Cell temperature; (d) SOC; (e) Plated lithium concentration; (f) Dead
lithium concentration.

what control approaches were reported in the literature. The analysis showed that many

authors developed fast charging strategies due to its critical importance in EVs. For this,

most of the works tried to minimize lithium plating by limiting the overpotential of the

side-reaction. Thus, this strategy was implemented using three different approaches; the
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first one using a maximum current constraint, the second one without maximum current

constraint and the third one including a maximum temperature constraint. The results

showed that these strategies can effectively mitigate lithium plating compared to a fast

charge CCCV protocol, but it still produced significant lithium plating according to the

lithium plating model. Therefore, a new strategy was proposed to minimize lithium plating

using the lithium plating/stripping model, based on limiting the amount of plated lithium

in the cell. With this strategy, the NMPC algorithm uses a pulsed charging profile to

minimize the charging time as well as the amount of lithium plating. The simulations

showed that this approach can significantly improve the results from the side-reaction

overpotential constraint control according to the used lithium plating/stripping model.

Nonetheless, further work must be done to validate the control strategy experimentally.



Chapter 7

C O N C L U S I O N S A N D F U T U R E W O R K

This chapter contains the main conclusions that were drawn from this PhD thesis. The

performed investigation is summarized in the conclusions first, stating which was the main

objective and which the directions of the research. The conclusions obtained from each

chapter are presented later, to finally introduce the main general conclusion of the thesis.

Later, future lines of work are discussed, stating which are the lines to follow in each

investigation that was performed throughout this dissertation.
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7.1 C O N C L U S I O N S

This PhD thesis focused on the improvement of lithium-ion battery management with

the goal of reducing aging. For that the main objective of the thesis was defined as follows:

Design a control strategy to reduce lithium-ion battery aging, applicable to

any operation moment, and adaptable throughout its lifetime.

To fulfill this objective, three main aspects to work were identified: battery aging

modeling, battery state estimation, and control. For that, the use of PBMs was recognized

as the most promising approach because of their ability to capture the internal physical

behavior of battery cells. Since PBMs are generally computationally expensive, reduced-

order P2D and SPMs were implemented using the orthogonal collocation method, obtaining

fast and accurate PBMs. An analysis was performed to compare the performance of the

SPMe and the P2D model, concluding that the SPMe can be a very good alternative of

the more computationally expensive P2D model for control oriented applications.

To reduce battery aging, battery aging has to be understood first, and hence, the

present literature was reviewed to evaluate the predominant aging mechanisms that can

occur in lithium-ion battery cells and the modes of aging that these mechanisms generate.

Subsequently, many physics-based aging models were reviewed, and a combined aging model

was implemented in the SPMe and the P2D models. It was shown that the predictions of

the SPMe were very similar to the predictions of the P2D model, and therefore, it was

determined that, for control oriented applications, the SPMe could be a more interesting

approach due to its lower computational cost. After this analysis was completed and

certain knowledge about lithium-ion battery aging was obtained, a new parameterization

approach was defined. This was motivated by the lack of physical insight used in the

parameterization process in the literature. For that, degradation modes were determined

to be a key additional information for the fitting. The parameterization approach was

used in an experimental study and an aging model was developed for 3.2 Ah LG MH1

cells. The prediction results for the first cycles were accurate, but more aging information

must be obtained to complete the validation of the aging model. Nonetheless, the results

are promising, since the degradation modes predicted with the aging model are accurate

compared to the experimental mode measures.

Regarding battery state estimation, a research gap was identified in the field of physics-

based battery health estimation. The importance of estimating all degradation modes

was highlighted to maintain accurate OCV estimates and give accurate SOC and internal
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variable estimates, which will be key for advanced control algorithms. The effectiveness

of the eSOH estimation algorithm was evaluated in simulation, obtaining very promising

results. To the best of the author’s knowledge the first eSOH estimation algorithm was

developed that can work in real-time and does not need any specific low-current test data.

Hence, it is believed that the method aids in the inclusion of PBMs in advanced BMSs,

and could be helpful for many applications such as EVs, consumer electronics, second-life

batteries, etc.

Using the developed aging models and state estimation methods, all the ingredients

to perform degradation-aware control strategies were prepared. Therefore, using a MPC

algorithm with the developed state-space orthogonal collocation SPMe and the lithium

plating/stripping model, a new fast charging strategy was developed to charge lithium-ion

batteries fast and safely, reducing the lithium plating significantly compared to traditional

CCCV charging profiles and previously reported fast charging control approaches. The

experimental validation of the proposed control strategy is still pending, but the simulation

results show that the method is promising and could be of great benefit for many applications.

Therefore, the main goal of the thesis was accomplished.

7.2 F U T U R E L I N E S

The significance of physics-based lithium-ion battery control cannot be overstated in the

pursuit of enhancing battery performance, longevity, and safety. As we look towards the

future, our research will focus on advancing this critical area through several key avenues.

[1] Advancement of Degradation Model Development. We will continue with

the development of degradation models by conducting additional experiments under

various conditions. These experiments will encompass a broader range of operating

parameters, including temperature, charge/discharge rates, and cycling protocols.

Furthermore, we aim to complete the parameterization process by incorporating data

from calendar cycling experiments. These experiments will involve systematic cycling

of batteries under controlled conditions to simulate real-world usage patterns over

extended periods. Additionally, we will conduct more comprehensive measurements

of capacity and internal resistance and implement specific tests to isolate individual

degradation mechanisms. This work is of upmost importance, as accurate degrada-

tion models are essential for predicting battery performance and optimizing control

strategies.
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[2] 2. Validation of eSOH Estimation. In parallel, we will continue our efforts to

validate the eSOH estimation algorithm using experimental data. This validation

process will involve including power fade parameters to improve the eSOH estimation.

By comparing the estimated eSOH with empirical measurements obtained from

experimental testing, we aim to improve the accuracy and reliability of our predictive

models. Validating eSOH estimation is crucial for ensuring the effectiveness of

prognostic algorithms to mitigate battery degradation.

[3] Integration of Physics-Based State Estimation and Model Predictive Con-

trol (MPC). Finally, we will explore the integration of physics-based state estimation,

aging prediction models, and MPC control algorithms to validate our holistic con-

trol approach. By experimentally implementing these integrated systems, we seek

to demonstrate their efficacy in optimizing battery operation while simultaneously

managing degradation effects. This approach represents a significant advancement

in battery management technology, as it leverages predictive models to proactively

mitigate aging-related performance degradation. The experimental validation of this

control approach will provide crucial insights into its real-world applicability and pave

the way for its widespread adoption in diverse battery-powered systems.

In conclusion, our ongoing research endeavors aim to further establish the importance of

physics-based lithium-ion battery control through rigorous experimentation and validation.

By advancing degradation models, validating eSOH estimation techniques, and integrating

predictive control strategies, we strive to contribute to the development of more efficient,

reliable, and sustainable battery management systems.





Appendix A
T H E O RT H O G O N A L C O L L O C AT I O N

M E T H O D

As has been mentioned in section 2.3, the orthogonal collocation method is a spectral

MOR technique, which implies that the PDEs of the model are approximated with a sum of

basis functions. In this case, as in [54,80,115], the approximation functions that have been

selected are Chebyshev polynomials of the first kind. The truncated Chebyshev expansion

is used to approximate the solution u(x, t) of the PDE:

uN (x, t) =
N∑
k=0

ûk(t)Tk(x), x ∈ [−1, 1] (A.1)

where Tk are the Chebyshev polynomials of first kind and degree k and ûk(t) are the

N + 1 coefficients that have to be solved. The collocation points in the interval [−1, 1] are

determined by:

xi = cos
(
iπ

N

)
i = 0, 1, ...,N . (A.2)

It can be proved [177] that by choosing the coefficients ûk(t) to make uN (xi, t) = u(xi, t),

uN can be expressed in terms of the discrete values of the solution at the collocation points

uj(t) = u(xj , t) = un(xj , t) according to,

uN (x, t) =
N∑
j=0

uj(t)ϕj(x), x ∈ [−1, 1] (A.3)

where the functions ϕj are given by:

ϕj(x) =
(−1)j+1(1 − x2)T ′

N (x)

c̄jN2(x− xj)
, x ∈ [−1, 1] (A.4)

with c̄j = 2 for j = 0 and j = N and c̄j = 1 otherwise.
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As the variables of the model appear in differential form in the governing equations of the

model, the approximation equation A.3 has to be derived to insert it in the governing PDEs.

To express these derivatives in compact and computationally efficient form, differentiation

matrices are used. The coefficients of the differentiation matrices are obtained by evaluating

the derivative of equation A.3 at the collocation points. The resulting matrices are used to

express the derivative of u in the collocation points:

u′ = D′
Nu. (A.5)

Weideman and Reddy provided the MATLAB® function chebdif.m in [177] to compute

the Chebyshev differentiation matrices. However, these differentiation matrices do not

account for any boundary condition, and therefore, they have to be modified to satisfy

the boundary conditions of the model before using them to reformulate the governing

equations.

As for differentiation, the calculations of integrals of the variables at the collocation

points are performed with integration matrices. Integration matrices are used in the same

way as the differentiation matrices. The matrix is multiplied with the vector of variable’s

discrete values at the collocation points:

u = INu′. (A.6)

These integration matrices can be computed by inverting the differentiation matrices.

However, since the inversion of the matrices neglects the value f(−1) and introduces

numerical approximations [115], it is not the most appropriate way to generate them.

Instead, the Clenshaw-Curtis quadrature [178] is used to compute the coefficients of the

integration matrices. The MATLAB® function cumsummat.m [177] was used to generate

the integration matrices. To calculate definite integrals over the domain [-1,1], the first row

of the integration matrix is extracted, which is the row corresponding to the integration of

the collocation point placed at xi = 1. This Clenshaw-Curtis quadrature weights, wi, are

computed with the function clencurt.m given by Trefethen in [179].

In the following subsections the reformulation of all the equations of the model is

detailed. For that, the discretization process of the model is explained, as well as how the

differentiation matrices are adjusted to fulfil the boundary conditions of the model.

Notation The ith row and jth column element of a matrix M is denoted [M]i,j and a

range of rows or columns is denoted i:j. Where the first row or column corresponds to
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the surface of the particle and the last row or column to the surface of the particle. Bold

variables denote vectors containing the discrete values of those variables.

A.1 S O L I D D I F F U S I O N M O D E L

The solid diffusion equation given by 2.1 can be reformulated as

∂cs
∂t

= Ds

(
∂2cs
∂r2 +

2
r

∂cs
∂r

)
, (A.7)

subject to the Neumann boundary conditions 2.2 and 2.3.

In order to simplify the discretization process of the model, the new variable us is

defined as us = csr. Inserting us in the solid diffusion equation:

∂us
∂t

= Ds
∂2us
∂r2 . (A.8)

With this change of variable, the homogeneous Neumann boundary condition at the

particle center, given by Equation 2.2, results in the homogeneous Dirichlet boundary

condition

us(r = 0) = 0, (A.9)

which ensures that cs = us/r remains finite as r tends to 0. The Neumann boundary

condition 2.3 at the particle surface is replaced by the mixed boundary condition

1
Rs

∂us
∂r

∣∣∣∣
r=Rs

− us(r = Rs)

R2
s

=
−j
Ds

. (A.10)

These equations are defined in the domain r ∈ [0,Rs]. However, since the Chebyshev

collocation points are defined in the domain [-1,1], all the equations need to be scaled to

the [-1,1] domain. To do so, the coordinate transformation

r̄ =
2r
Rs

− 1 (A.11)

is defined. With this coordinate transformation the partial derivatives are substituted by

∂

∂r
=

2
Rs

∂

∂r̄
and ∂2

∂r2 =
4
R2
s

∂2

∂r̄2 . (A.12)
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Therefore, Equations A.8, A.9 and A.10 are reformulated as the solid diffusion equation

∂us
∂t

=
4Ds

R2
s

∂2us
∂r2 , (A.13)

subject to the homogeneous Dirichlet boundary condition at the center of the particle

us(r̄ = −1) = 0, (A.14)

and to the inhomogeneous mixed boundary condition at the surface of the particle

∂us
∂r̄

∣∣∣∣
r̄=1

− us(r̄ = 1)
2 = − R2

s

2Ds
j. (A.15)

The next step that has been taken is to discretize the spherical particle domain r̄ with

R Chebyshev collocation points, with R ∈ N. The amount of collocation points used for

the discretization, R, determines the size of the differentiation matrix D′′
R ∈ R(R×R) that

will be used to approximate the linear differential operator ∂2/∂r̄2.

After, the differentiation matrix is modified by using the boundary conditions A.14

and A.15, which provide two additional constraints to the discrete values of us. First, the

boundary condition A.14 states that the value of us at the center of the particle is equal

to zero, therefore the Rth us element equals 0 (us,R = 0). This allows to reduce the size

of the differentiation matrix D′′
R by one, removing the last row and column of the matrix.

The second boundary condition A.15 at the surface of the particle allows to express the

value of us at the surface (us,1) in terms of the other collocation points values:

[D′
R]1,1 us,1 + [D′

R]1,2:R−1 ūs + [D′
R]1,R us,R − 1

2us,1 = − R2
s

2Ds
j, (A.16)

where ūs ∈ R(R−2) is the vector that contains the values of the interior collocation points,

which is obtained removing the first and last values of us. Since us,R = 0, us,1 can be

related to the interior points by

us,1 =
1

1 − 2 [D′
R]1,1

(
2 [D′

R]1,2:R−1 ūs +
R2
s

Ds
j

)
. (A.17)

As us,R = 0, the second derivative of ūs, ū′′
s , is given by

ū′′
s = [D′′

R]2:R−1,1 us,1 + [D′′
R]2:R−1,2:R−1 ūs. (A.18)



A.2 Electrolyte diffusion model 143

Introducing the expression A.17 for us,1:

ū′′
s =

(
[D′′

R]2:R−1,2:R−1 +
2 [D′′

R]2:R−1,1 [D
′
R]1,2:R−1

1 − 2 [D′
R]1,1

)
ūs +

[D′′
N ]2:R−1,1

1 − 2 [D′
R]1,1

R2
s

Ds
j. (A.19)

This expression is then used to approximate the term ∂2us/∂r2 in the reformulated

solid diffusion Equation A.13:
∂ūs
∂t

=
4Ds

R2
s

ū′′
s . (A.20)

This equation is used to obtain the values of us at the interior collocation points. However,

since the model also needs the solid concentration value at the surface of the particle, the

relation between the interior points and the surface point, given in Equation A.17, is used.

To obtain the concentrations, the us values can be divided by their respective r value.

Therefore, to obtain the surface concentration value, the expression given in Equation A.17

is divided by the particle radius Rs:

cs,e =
1

1 − 2 [D′
R]1,1

( 2
Rs

[D′
R]1,2:R−1 ūs +

Rs
Ds

j

)
. (A.21)

Equations A.20 and A.21 have to be solved in every collocation point used to discretize

the domains of the electrodes.

A.2 E L E C T R O LY T E D I F F U S I O N M O D E L

As done for the solid diffusion equation, the linear differential operators that appear in

the electrolyte diffusion equation have to be approximated by Chebyshev differentiation

matrices. The derivation of the electrolyte diffusion model has been done taking into

account that the electrolyte diffusivity De is a function of the electrolyte concentration,

and therefore, its spatial derivative has to be calculated.

First, the electrolyte diffusion model presented in Equation 2.4 is reformulated using

the chain rule:

∂ce
∂t

= εbruge D
∂2ce
∂x2 + εbruge

∂D

∂ce

(
∂ce
∂x

)2
+
as
(
1 − t+0

)
εe

j. (A.22)

Since there are two linear differential operators, ∂/∂x and ∂2/∂x2, two differentiation

matrices have to be defined to approximate each operator.
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The electrolyte concentration equation has to be solved in three different domains,

and therefore, Equation A.22 is divided into three parts. To ensure the continuity of the

electrolyte concentration across the cell, these three equations have to satisfy the following

continuity conditions:

cnege (x = Lneg) = csepe (x = Lneg) (A.23)

csepe (x = Lneg + Lsep) = cpose (x = Lneg + Lsep) . (A.24)

First, the electrolyte concentration at the electrode/separator interfaces must have the

same value with both equations. Second, the exchange of lithium between the contiguous

domains must be the same:

D (εnege )brug
∂cnege

∂x

∣∣∣∣
x=Lneg

= D (εsepe )brug
∂csepe
∂x

∣∣∣∣
x=Lneg

(A.25)

D (εsepe )brug
∂csepe
∂x

∣∣∣∣
x=Lneg+Lsep

= D (εpose )brug
∂cpose

∂x

∣∣∣∣
x=Lneg+Lsep

. (A.26)

As for the solid concentration model, a coordinate transformation has been done to

scale each macro-scale domain to the [-1,1] domain by applying the following equations:



x̄ =
2

Lneg

(
x− Lneg

2

)
for x ∈ [0,Lneg]

x̄ =
2

Lsep

(
x−Lneg − Lsep

2

)
for x ∈ [Lneg,Lneg + Lsep]

x̄ =
2

Lpos

(
x−Lneg −Lsep − Lpos

2

)
for x ∈ [Lneg + Lsep,Ltot]

(A.27)

Using the chain rule, the partial derivatives after the coordinate transformation are defined

as
∂

∂x
=

2
Li

∂

∂x̄
and ∂2

∂x2 =
4
Li2

∂2

∂x̄2 . (A.28)

Applying the coordinate transformation, the three electrolyte diffusion equations are

defined as

∂cnege

∂t
=

4(εnege )brug

Lneg2

(
D
∂2cnege

∂x̄2 +
∂D

∂cnege

(
∂cnege

∂x̄

)2)
+

anegs

εnege F

(
1 − t+0

)
jneg

∂csepe
∂t

=
4(εsepe )brug

Lsep2

(
D
∂2csepe
∂x̄2 +

∂D

∂csepe

(
∂csepe
∂x̄

)2)
∂cpose

∂t
=

4(εpose )brug

Lpos2

(
D
∂2cpose

∂x̄2 +
∂D

∂cpose

(
∂cpose

∂x̄

)2)
+

aposs

εpose F

(
1 − t+0

)
jpos

(A.29)
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The boundary conditions at the current collectors are reformulated as

∂cnege

∂x̄

∣∣∣∣
x̄=−1

= 0 (A.30)

∂cpose

∂x̄

∣∣∣∣
x̄=1

= 0. (A.31)

While the continuity conditions are expressed as

cnege (x̄ = 1) = csepe (x̄ = −1) (A.32)

csepe (x̄ = 1) = cpose (x̄ = −1) , (A.33)

and the interface lithium exchange conditions as

2D (εnege )brug

Lneg
∂cnege

∂x

∣∣∣∣∣
x̄=1

= 2D (εsepe )brug

Lsep
∂csepe
∂x

∣∣∣∣∣
x̄=−1

(A.34)

2D (εsepe )brug

Lsep
∂csepe
∂x

∣∣∣∣∣
x̄=1

= 2D (εpose )brug

Lpos
∂cpose

∂x

∣∣∣∣∣
x̄=−1

. (A.35)

After reformulating all the equations according to the coordinate transformation, the

Chebyshev differentiation matrices that are used to approximate the derivatives of the

equations are computed. For that the negative electrode, the separator and the positive

electrode are discretized with N , S and P collocation points respectively, with N ,S,P ∈ N.

Notation The differentiation matrices for the negative electrode are defined as D′
N and

D′′
N ; for the separator D′

S and D′′
S ; and for the positive electrode D′

P and D′′
P .

In order to take into account the boundary and continuity conditions, the differentiation

matrices are modified. First, the continuity conditions A.32 and A.33 are used. These

conditions imply that a single concentration value can be used to describe the value at the

electrode/separator interface. Therefore, the amount of discrete concentration values that

have to be solved is reduced by two, ensuring that the continuity condition is satisfied.

The four remaining conditions A.30, A.31, A.34 and A.35, are then used to express

the electrolyte concentrations at the current collector/negative electrode interface ccne ,

negative electrode/ separator interface cnse , separator/ positive electrode interface cspe and

positive electrode/ current collector interface cpce , in terms of the interior points of the

domains, denoted as c̄eneg, c̄esep and c̄epos (as it has been done in the solid concentration

differentiation matrix for the surface concentration value). To do so, the scaled first
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derivative differentiation matrices that account for the domain length and porosity are

defined as

D̃′
N =

2 (εnege )brug

Lneg
D′
N , D̃′

S =
2 (εsepe )brug

Lsep
D′
S , D̃′

S =
2 (εpose )brug

Lpos
D′
P . (A.36)

With the scaled first derivative differentiation matrices, the discrete version of the

boundary conditions A.30 and A.31 are given by

[
D̃′
N

]
N ,N

ccne +
[
D̃′
N

]
N ,1

cnse = −
[
D̃′
N

]
N ,2:N−1

c̄eneg (A.37)[
D̃′
P

]
1,1
cpce +

[
D̃′
P

]
1,P

cspe = −
[
D̃′
P

]
1,2:P−1

c̄epos, (A.38)

while the discrete versions of the lithium flux equality conditions A.34 and A.35 are given

by

[
D̃′
S

]
S,1

cspe −
([

D̃′
N

]
1,1

−
[
D̃′
S

]
S,S

)
cnse −

[
D̃′
N

]
1,N

ccne =

−
[
D̃′
S

]
S,2:S−1

c̄esep +
[
D̃′
N

]
1,2:N−1

c̄eneg
(A.39)

[
D̃′
P

]
P ,1

cpce −
([

D̃′
S

]
1,1

−
[
D̃′
P

]
P ,P

)
cspe −

[
D̃′
S

]
1,S

cnse =

−
[
D̃′
P

]
P ,2:P−1

c̄epos +
[
D̃′
S

]
1,2:S−1

c̄esep.
(A.40)

These four equations form a linear system of equations which relates the concentration

values at the domain boundaries to the concentration values at the interior collocation

points. Rewriting the system of equations in matrix form:

A



cpce

cspe

cnse

ccne


= B


c̄epos

c̄esep

c̄eneg

 (A.41)
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where matrix A ∈ R4×4 is given by

A =



[
D̃′
P

]
1,1

[
D̃′
P

]
1,P

0 0[
D̃′
P

]
P ,1

[
D̃′
P

]
P ,P

−
[
D̃′
S

]
1,1

−
[
D̃′
S

]
1,S

0

0
[
D̃′
S

]
S,1

[
D̃′
S

]
S,S

−
[
D̃′
N

]
1,1

−
[
D̃′
N

]
1,N

0 0 −
[
D̃′
N

]
N ,1

−
[
D̃′
S

]
N ,N


, (A.42)

and matrix B ∈ R4×(P+S+N−6) by

B =



−
[
D̃′
P

]
1,2:P−1

0 0

−
[
D̃′
P

]
P ,2:P−1

[
D̃′
S

]
1,2:S−1

0

0 −
[
D̃′
S

]
S,2:S−1

[
D̃′
N

]
1,2:N−1

0 0 −
[
D̃′
N

]
N ,2:N−1


. (A.43)

Assuming that A is non singular, a matrix M ≜ A−1B can be defined to relate the interior

and boundary points:



cpce

cspe

cnse

ccne


= M


c̄epos

c̄esep

c̄eneg

 (A.44)

Once the concentration values of the domain boundaries are related to the inner

concentration values by the system of Equations A.44, the same system of equations can

be used to derive differentiation matrices for the second derivative. This way the second

derivative differentiation matrices will satisfy the boundary and continuity conditions.

The second derivative approximations for the interior points of the three macro-scale

domains are given by

(c̄epos)
′′
= [D′′

P ]2:P−1,1 c
pc
e + [D′′

P ]2:P−1,2:P−1 c̄epos + [D′′
P ]2:P−1,P c

sp
e (A.45)

(c̄esep)
′′
= [D′′

S ]2:S−1,1 c
sp
e + [D′′

S ]2:S−1,2:S−1 c̄esep + [D′′
S ]2:S−1,S c

ns
e (A.46)

(c̄eneg)
′′
= [D′′

N ]2:N−1,1 c
ns
e + [D′′

P ]2:N−1,2:N−1 c̄eneg + [D′′
N ]2:N−1,N c

cn
e . (A.47)
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Writing these equations in matrix form:


(c̄epos)

′′

(c̄esep)
′′

(c̄eneg)
′′

 =


[D′′

P ]2:P−1,2:P−1 0 0

0 [D′′
S ]2:S−1,2:S−1 0

0 0 [D′′
N ]2:N−1,2:N−1




c̄epos

c̄esep

c̄eneg



+


[D′′

P ]2:P−1,1 [D′′
P ]2:P−1,P 0 0

0 [D′′
S ]2:S−1,1 [D′′

S ]2:S−1,S 0

0 0 [D′′
N ]2:N−1,1 [D′′

N ]2:N−1,N





cpce

cspe

cnse

ccne



(A.48)

Using Equation A.44 to substitute the domain boundary values and defining the vectors

c̄e = [c̄epos, c̄esep, c̄eneg]T and c̄e′′ = [(c̄epos) , (c̄esep) , (c̄eneg)]T, the second derivative of

the electrolyte concentration at the interior points is given by

c̄e′′ = D̄′′
PSN c̄e, (A.49)

where D̄′′
PSN is the second derivative differentiation matrix for the three macro-scale

domains. It is a square matrix of size P + S +N − 6 that satisfies the boundary and

continuity conditions. It is defined as

D̄′′
PSN =


[D′′

P ]2:P−1,2:P−1 0 0

0 [D′′
S ]2:S−1,2:S−1 0

0 0 [D′′
N ]2:N−1,2:N−1



+


[D′′

P ]2:P−1,1 [D′′
P ]2:P−1,P 0 0

0 [D′′
S ]2:S−1,1 [D′′

S ]2:S−1,S 0

0 0 [D′′
N ]2:N−1,1 [D′′

N ]2:N−1,N

M.

(A.50)
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Similarly, the first derivative differentiation matrix is given by c̄e′ = D̄′
PSN c̄e, where

D̄′
PSN is a square matrix of size P + S +N − 6:

D̄′
PSN =


[D′

P ]2:P−1,2:P−1 0 0

0 [D′
S ]2:S−1,2:S−1 0

0 0 [D′
N ]2:N−1,2:N−1



+


[D′

P ]2:P−1,1 [D′
P ]2:P−1,P 0 0

0 [D′
S ]2:S−1,1 [D′

S ]2:S−1,S 0

0 0 [D′
N ]2:N−1,1 [D′

N ]2:N−1,N

M .

(A.51)

Hence, the first derivative differentiation matrix D̄′
PSN and the second derivative

differentiation matrix D̄′′
PSN can be used to approximate the linear operators of the

electrolyte diffusion Equation A.22:

∂c̄e
∂t

= εbruge diag (D̄)
(
D̄′′
PSN c̄e

)
+ εbruge diag

(
D̄′
ce

)
(D′

PSN c̄e)2
+
as
(
1 − t+0

)
εe

j̄, (A.52)

where c̄e, j̄, D̄, D̄′
ce

∈ RP+S+N−6 are the vectors containing the concatenated values of the

interior collocation points of the electrolyte concentration ce, the flux of lithium between

the solid and the electrolyte phase j, concentration-dependent diffusivity D and the partial

derivative of the diffusivity ∂D/∂ce respectively. Note that the parameters εe, brug and

as have different values in each domain, and therefore, they must be expressed as diagonal

matrices of size P + S +N − 6 in Equation A.52.

Once the values of the interior points are solved in the model, these values can be used

to obtain the domain boundary values by applying the relation given by Equation A.44.

A.3 S O L I D A N D E L E C T R O LY T E P O T E N T I A L S

Another form of Equation 2.10 was used to solve the solid potential:

is
σeff

= −∂ϕs
∂x

, (A.53)

where is is the solid-phase current density:

is = iapp − ie, (A.54)
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where ie is the electrolyte current density. Since the separator is electronically insulating,

the electrolyte current density ie is equal to the total current density iapp. At the electrodes,

the local lithium flux j is equal to the divergence of the electrolyte current density ie,

∂ie
∂x

= asFj. (A.55)

Introducing the expression A.55 in Equation 2.6, the electrolyte-phase potential equation

can be represented as

−ie = κeff
∂ϕe
∂x

+ κD,eff
∂ ln ce
∂x

. (A.56)

In order to reduce the number of algebraic variables that have to be solved, the integral

form of Equation A.55 is used to obtain the electrolyte current density, which is given by

ie(x, t) = asF

∫ x

x=0
j(x, t)dx+CN for x ∈ [0,Lneg] (A.57)

for the negative electrode, and by

ie(x, t) = asF

∫ x

x=Lneg+Lsep
j(x, t)dx+CP for x ∈

[
Lneg + Lsep,Ltot

]
(A.58)

for the positive electrode. Two charge conservation constraints can be obtained from

Equations A.57 and A.58. Since at the collector/electrode interfaces the electrolyte current

density ie must equal zero, and at the electrode/separator interfaces must equal iapp, it

can be concluded that, defining the integral over the entire negative electrode domain,

Equation A.57 constraints the lithium ion flux as

iapp(t) = asF

∫ Lneg

x=0
j(x, t)dx for x ∈ [0,Lneg] , (A.59)

and defining the integral of Equation A.58 for the entire positive electrode, the lithium

flux is constrained by

−iapp(t) = asF

∫ Ltot

x=Lneg+Lsep
j(x, t)dx for x ∈

[
Lneg + Lsep,Ltot

]
. (A.60)

Equations A.59 and A.60 are charge conservation constraints that ensure that the

amount of lithium exchange in the electrode particles and the electrolyte is equal to the

electronic flux going through the external load iapp. Since the lithium flux is calculated

with the Butler-Volmer Equation 2.12, which relates the flux of lithium on the surface

of the particles with the local overpotential 2.13, these flux constraints can be used to
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determine the values of the solid-phase potential at both current collectors ϕnegs,CC and ϕposs,CC .

This way, just ϕnegs,CC and ϕposs,CC are considered as algebraic variables, and the model only

needs to solve these two constraints instead of solving one solid potential equation for each

collocation point. Once the current collector values are obtained, the solid-phase potential

values at the rest of the collocation points are obtained by using Equation A.53 in its

integral form, which gives the spatial evolution of the solid potential. Adding this spatial

evolution to the current collector values, the solid potential values at all the collocation

points of the electrodes are obtained. The integral form of Equation A.53 in the negative

electrode is given by

ϕ̃negs (x) =
−1
σeff

∫ x

x=0
inegs (x)dx for x ∈ [0,Lneg] , (A.61)

and in the positive electrode by

ϕ̃negs (x) =
−1
σeff

(∫ x

x=Lneg+Lsep
iposs (x)dx−

∫ Ltot

x=Lneg+Lsep
iposs (x)dx

)

for x ∈
[
Lneg + Lsep,Ltot

]
.

(A.62)

Choosing the integration constants so that the potential ϕ̃s is equal to zero at the current

collectors, the discrete values of the solid-phase potential in the negative and positive

electrodes are respectively given by

Φ̃neg
s =

−1
σnegeff

Lneg

2 (IN inegs ) (A.63)

Φ̃pos
s =

−1
σposeff

Lpos

2
(
IP − 1PwT

P

)
iposs , (A.64)

where Φ̃pos
s ∈ RP and Φ̃neg

s ∈ RN denote the discrete ϕ̃s values at the collocation points,

IN and IP are the integration matrices for the negative and positive electrodes respectively,

and inegs ∈ RN and iposs ∈ RP are the vectors of the solid-phase current density. The terms
Lneg

2 and Lpos

2 arise from the scaling of the model equation on the domain [-1,1]. 1P ∈ RP

denotes a column vector of ones and wT
P are the Clenshaw-Curtis quadrature weights at

the positive electrode. To obtain the vectors iposs ∈ RP and inegs ∈ RN , Equation A.54 is

used. Hence, before obtaining the solid-phase current densities, the electrolyte current

densities must be obtained. For that, Equation A.55 is used in its integral form

inege = anegs F
Lneg

2 (IN jneg) (A.65)
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for the negative electrode, and

ipose = aposs F
Lpos

2 (IP jpos) + iapp (A.66)

for the positive electrode. ipose , jpos ∈ RP and inege , jneg ∈ RN denote the vectors containing

the discrete values of the electrolyte current density and the lithium flux at the surface of

the particles in the positive electrode and in the negative electrode. iapp ∈ RP is a column

vector, which elements are equal to the applied current density iapp. After obtaining the

electrolyte current densities, and using Equation A.54 the solid current densities, the

solid-phase potentials are caculated.

For the electrolyte-phase potentials, Equation A.56 is used. Integrating the equation,

the electrolyte potential of the domain i can be expressed as

ϕie(x̄) = −Li

2

∫ x̄

x̄=−1

ie (x̄)

κeff (x̄
dx̄− 2

(
1 − t+0

)
RT

F
ln cie (x̄) +Ci, (A.67)

where Ci is the integration constant. By enforcing the continuity of the electrolyte potential

at the boundary domains, i.e. ϕnege (1) = ϕsepe (−1) and ϕsepe (1) = ϕpose (−1), and setting

as reference potential the electrolyte potential at the positive electrode/current collector

interface, ϕpose (1) = 0, the integration constants are given by

Cpos =
Lpos

2

∫ 1

−1

ipose (x̄)

κposeff

dx̄− 2
(
1 − t+0

)
RT

F
ln cpose (1) (A.68)

Csep =
Lsep

2

∫ 1

−1

isepe (x̄)

κsepeff
dx̄− 2

(
1 − t+0

)
RT

F
ln csepe (1) + ϕpose (−1) (A.69)

Cneg =
Lneg

2

∫ 1

−1

inege (x̄)

κnegeff

dx̄− 2
(
1 − t+0

)
RT

F
ln cnege (1) + ϕsepe (−1). (A.70)

By inserting the discrete ie and ce values and substituting the integral operators by

the integration matrices, the discrete values of the electrolyte potential at the collocation

points Φe can be calculated.
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A.4 L I T H I U M E X C H A N G E AT T H E S U R FA C E O F T H E

PA RT I C L E S

To finish, the lithium flux at the surface of the particles j are calculated by solving

algebraic constraints at the collocation points of the electrodes using the Butler-Volmer

Equation 2.12:

0 = j − diag (i0)
F

[
exp

(
αnegF

RT
η

)
− exp

(−αposF
RT

η

)]
, (A.71)

where the exchange current density values i0 are calculated using Equation 2.14 and

substituting the continuous variables by the discrete values cs,e and ce. Discrete values for

η are calculated using Equation 2.13 and substituting the discrete potential values.

A.5 D A E S Y S T E M

The model reformulation described above results in a semi-explicit DAE system of index

one. The system of equations is composed of (R− 2) × (N + P ) +N + S + P − 6 ODEs,

that describe the solid and electrolyte concentration models, and N + P + 2 algebraic

constraints, which are used to compute the lithium exchange values at the surface of the

particles in both electrodes’ collocation points, j, and the solid-phase potentials at the

current collectors ϕnegs,CC and ϕposs,CC . This system can be expressed by

ẋ = f (x, z,u) (A.72)

0 = g (x, z,u) (A.73)

where f and g are nonlinear mapping functions derived from the reformulated equations.

The state vector x, associated with the time-differential equations, contains the discrete

values of the solid concentration us = rcs and the electrolyte concentration ce:

x = [ūposs , ūnegs , c̄e]T . (A.74)

ūposs ∈ R(R−2)×P and ūnegs ∈ R(R−2)×N are the concatenated vectors of us at the interior

collocation points for all the collocation points in the electrodes.

The state vector z associated with the algebraic equations, contains the discrete values

of the lithium flux at the particles’ surface jpos ∈ RP and jneg ∈ RN at the collocation
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points of the positive and negative electrodes respectively, and the solid-phase potentials

at the current collectors ϕposs,CC and ϕnegs,CC :

z =
[
jpos, jneg,ϕposs,CC ,ϕnegs,CC

]T
. (A.75)

To solve this system of equations, the MATLAB® ode15s [180] solver has been used.

This solver uses a variable time-step to solve stiff DAE systems. Due to the functions that

the solver uses, it is not directly implementable in real-time systems. Nevertheless, it can

be adapted to make it suitable for real-time implementation, as it is shown in [53]. In

this work, they adapted the ode15s solver to implement a similar ROM to the previously

explained one, using the orthogonal collocation technique.



Appendix B
VA L I D AT I O N O F T H E R O M

In order to validate the ROM, high fidelity results were obtained from a higher order

solution of the P2D model (the FOM). The FOM was solved using FEM in COMSOL

Multiphysics® while the ROM was computed in MATLAB ®. All the simulations were

carried out in a personal computer with an 8th generation Intel Core i5 processor and 8

GB of RAM. The COMSOL Multiphysics® model was implemented by G. Plett et al. [8].

The parameter values that were used correspond to the work by Doyle et al. [181] and its

values can be found in Tables B.1 and B.2. The cell is composed of a graphite (LixC6)

negative electrode and a lithium manganese oxide (LiyMn2O4) positive electrode. The

electrolyte is a mixture of lithium hexafluorophosphate salt (LiPF6) and commonly used

organic carbonate solvents (ethylene carbonate (EC) and dimethyl carbonate (DMC)).

Table B.1: Doyle cell electrode parameters (25 ºC) [181].

Parameter Description Negative electrode Positive electrode

Ds
(
m2 s-1) Solid diffusion 3.9 × 10−14 10−13

σ
(
S m-1) Electric conductivity 100 3.8

cs,max
(
mol m-3) Max. Li concentration 26390 22860

cs,0
(
mol m-3) Initial Li concentration 14870 3900

L (m) Thickness 1.28 ×10−4 1.9 ×10−4

Rs (m) Particle radius 12.5 ×10−6 8.5 ×10−6

ε Liquid volume fraction 0.357 0.444
εs Solid volume fraction 0.471 0.297
brug Bruggeman coefficient 1.5 1.5
k
(

mol m-2 s-1) Reaction rate 2.29 ×10−5 2.21 ×10−5

Rfilm (W) ∗ Film resistance 0 0

* The value for Rnegfilm was changed from the original value by Doyle et al. [181], which was
0.07 W.

155
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Table B.2: Doyle cell separator and electrolyte parameters (25ºC) [181].

Parameter Description Separator Electrolyte
L (m) Thickness 0.76 ×10−4 -
εe Liquid volume fraction 0.724 -
κref ,0

(
S m-1) Initial conductivity - 0.105

brug * Bruggeman coefficient 1.5 -
α Transfer coefficient - 0.5
De
(

m2 s-1) Diffusion coefficient - 7.5 ×10−11

t+0 Transport number - 0.363
ce,0

(
mol m-3) Initial concentration - 2000

* The value for brug in the electrolyte was changed from the original value by Doyle et
al. [181], which was 3.3.

For the implementation in COMSOL Multiphysics®, the macro-scale was represented

with a 1D geometry divided into three domains (the electrodes and the separator). The

micro-scale was represented with a 2D geometry and the diffusion coefficients were set

to zero in the x direction. This limits the solid diffusion model just to the y direction

distributed along the cell thickness. This y direction then becomes equivalent to the r

direction. The equations solved in both geometries are coupled using the linear extrusion

COMSOL Multiphysics® function to project the surface concentration cs,e from the 2D

geometry to the 1D geometry. Each domain of the 1D geometry was discretized with

20 elements. The 2D geometries of the electrodes were discretized with 249 triangular

elements.

To begin with the validation of the ROM, constant-current discharges at different

C-rates were simulated and the evolution of the internal variables in time and space were

compared with the FOM. Afterwards, to validate the ROM with application-oriented

dynamic current profiles, a UDDS profile was used. The UDDS is used by the United

States Environmental Protection Agency to test the performance and efficiency of light

duty vehicles in city driving conditions. The UDDS gives a speed versus time profile, but

it was translated into current versus time using the method described in Section 2.4 of [10].

Figure B.1 shows the current profile of the UDDS cycle.
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Figure B.1: UDDS current profile.

B.1 C O N S TA N T C U R R E N T

Figure B.2 shows constant-current discharges at different C-rates. As can be observed,

the voltage response of the ROM agrees very well with the FOM. The number of collocation

points used to compute the ROM for the discharges are Np = 6, Ns = 3, Nn = 6 and

Nr = 15, which denote the number of collocation points used to discretize the positive

electrode, the separator, the negative electrode and the solid particles respectively.

Figure B.2: Constant-current discharges for various C-rates. The markers show the FOM response
and the lines the ROM response.
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Regarding the computational cost, the ROM is about 10 times faster than the FOM

to obtain the solutions for the constant-current discharge profiles. The ROM needed

approximately 0.5-2 s to obtain the results while the FOM needed around 5-30 s. The

RMS errors of the different discharges can be seen in Table B.3. These root-mean-square

errors (RMSEs) are obtained applying the following equation:

RMSE =
√
(FOM −ROM )2. (B.1)

Table B.3: RMSEs for different constant-current discharges.

C-rate 0.2C 0.5C 1C 2C 3C 4C 5C

RMSE (mV) 0.257 0.326 0.732 1.523 2.256 4.08 4.647

In order to evaluate how the internal variables perform, the results obtained for a

1C discharge were used. In Figure B.3 the cell voltage evolution can be seen, which is

calculated by subtracting the negative electrode/current collector interface solid-phase

potential to the positive electrode/current collector interface solid-phase potential. The cell

voltage absolute error of the ROM with respect to the FOM is shown, of which maximum

value is of 2 mV and its RMSE is of 0.732 mV.

Figure B.3: Cell voltage response for a 1C discharge with the ROM and the FOM.

Regarding the electrolyte and solid-phase concentrations, Figures B.4 and B.5 show

that the time evolution of both variables are very close to the results obtained from the

FOM, being its maximum relative error value of around 1 % for both variables.
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Figure B.4: a) Electrolyte concentration response for a 1C discharge at the cell boundaries with the
ROM and the FOM. b) Relative error of the positive electrode response. c) Relative
error of the negative electrode response.

Figure B.5: a) Particle surface concentration response for a 1C discharge at the cell boundaries
with the ROM and the FOM. b) Relative error of the positive electrode response. c)
Relative error of the negative electrode response.

In Figure B.6 and Figure B.7 the spatial evolution of both concentration variables at

different times is shown.
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Figure B.6: Electrolyte lithium concentration across the thickness of the cell at different times for
a 1C discharge.

Figure B.7: Particle surface lithium concentration across the thickness of the cell at different times
for a 1C discharge.

The variable that shows the biggest error compared to the FOM is the reaction flux at

the particle/electrolyte interface. This is logical since all the variables of the model are

coupled by the reaction flux and all the errors of the rest of the variables are added into

the calculus of j. However, despite being the least precise variable, the response remains

being very accurate, while having a maximum relative error of about 4%.
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Figure B.8: a) Current density response for a 1C discharge at the cell boundaries with the ROM
and the FOM. b) Relative error of the positive electrode response. c) Relative error of
the negative electrode response.

In Table B.4 an evaluation of the ROM with different number of collocation points can

be seen. To compare the accuracies obtained with different discretizations, the RMSEs

obtained for 1 C discharges are shown. To see the computational requirements for each

discretization, the computational time required to obtain the solution, the size of the

biggest matrix and the RAM memory needed to store the biggest matrix are given. The

size of the matrix is calculated by adding the number of equations that have to be solved,

which is given by

size = (Nr − 2)(Nn +Np) + 2Nn +Ns + 2Np − 4. (B.2)

Each element of this double-precision numerical matrix requires 8 bytes, so knowing the

size of the matrix, the memory required to store it can be calculated with the formula

Memory(kB) = rc8/103, (B.3)

where r denotes the number of rows and c denotes the number of columns.
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Table B.4: RMS error and required computational time to simulate a 1C discharge with the ROM
with different number of collocation points (positive electrode, separator, negative
electrode and solid-phase particles number of points).

6,3,6,15 6,3,6,10 6,3,6,5 6,3,6,30 12,6,12,15 4,2,4,15

RMSE (mV) 0.732 0.725 2.091 0.723 0.668 4.092
Time (s) 1.55 1.17 0.88 3.01 3.04 1.39

Size 179 × 179 119 × 119 59 × 59 359 × 359 362 × 362 118 × 118
Memory (kB) 256 113 28 1031 1048 111

Overall, these constant-current discharge results show that the performance of the ROM

with constant inputs is very accurate. Furthermore, the time savings are considerable com-

paring to the FOM. To compare the memory requirements with the FOM, the COMSOL®

model has 1528 degrees of freedom, which means that its matrix size is of 1528 × 1528.

This results in a memory requirement of 18.68 MB, which is 73 times bigger than the

matrix for the 6,3,6,15 collocation points ROM.

B.2 D Y N A M I C C U R R E N T P R O F I L E S

The variable input of dynamic current profiles generate sharper concentration gradients

in the model, making the numerical solution of the model more time consuming. Fur-

thermore, since the current input changes every second or every few seconds, the variable

time-step solver cannot be used to simulate more than one second. Therefore, the solver

needs to solve the model every second. In consequence, dynamic current profile simulations

take much longer than constant-current simulations for methods that use variable time-step

solvers. The COMSOL Multiphysics® model needed around 376 s to solve the UDDS profile

shown in Figure B.1. In Table B.5 the computational time required to solve the UDDS

profile with the ROM is shown for different numbers of collocation points. As can be seen,

the ROM remains being around 10 times faster than the FOM for the case of 6,3,6,15

collocation points, however the total time savings are much bigger since the solution of the

UDDS profile is more time consuming.

Table B.5: RMS error and required computational time to simulate the UDDS cycle with the ROM.

6,3,6,15 6,3,6,12 6,3,6,5 6,3,6,20 10,5,10,15 15,8,15,15 4,2,4,15

RMSE (mV) 0.751 1.01 11.768 0.833 0.827 0.938 0.625
Time (s) 37.67 32.36 19.03 44.64 51.25 82.75 29.95
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In Figure B.9 the voltage responses of the FOM and the ROM with 6,3,6,15 collocation

points are shown for the UDDS cycle. In Figure B.10 the absolute error for the ROM can

be observed. As can be seen, the voltage response is very accurate, almost as accurate as

for the constant-current discharges, as can be concluded by comparing the RMS errors of

Tables B.4 and B.5.

Figure B.9: Cell voltage response of the ROM and the FOM for the UDDS profile with an initial
SOC of 60%.

Figure B.10: Absolute voltage error of the ROM compared to the FOM for the UDDS profile.





Appendix C
C E L L PA R A M E T E R S F O R T H E P B M S

C.1 L G M 5 0

The parameters of the LG M50 cell are given in Table C.1.

Table C.1: LG M50 cell parameters [49].

Parameter Negative Separator Positive

Ds (m2 s-1) 3.3 × 10−14 4 × 10−15

σ (S m-1) 215 0.18
cs,max

(kmol m-3) 33.133 63.104
ce,0 ( kmol m-3) 1 1 1

A (m2) 0.1027 0.1027 0.1027
L (m) 8.52 × 10−5 1.2 × 10−5 7.56 × 10−5

Rs (m) 5.86 × 10−6 5.22 × 10−6

α 0.5 0.5
Rf (Ω) 0.02 0
εs 0.75 0.665
εe 0.25 0.47 0.335
brug 1.5 1.5 1.5
z0% 0.027 0.8536
z100% 0.9014 0.27
k0,norm

(mol m-2 s-1) 7.04 × 10−6 7.07 × 10−5

t0+ 0.2594 0.2594 0.2594
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The functions for the negative and positive open circuit potentials are given by

Unocp(θ) = 1.9793e−39.3631θ + 0.2482

−0.0909 × tanh(29.8538(θ− 0.1234))

−0.04478 × tanh(14.9159(θ− 0.2769))

−0.0205 × tanh(30.4444(θ− 0.6103))

(C.1)

and

Upocp(θ) = −0.809θ+ 4.4875

−0.0428 × tanh(18.5138(θ− 0.5542))

−17.7326 × tanh(15.789(θ− 0.3117))

+17.5842 × tanh(15.9308(θ− 0.312)),

(C.2)

respectively. The ionic conductivity of the electrolyte is given by

κe(ce) = 1.297 × 10−10c3
e − 7.94 × 10−5c1.5

e + 3.329 × 10−3ce, (C.3)

and the electrolyte diffusivity De(ce) by

De(ce) = 8.794 × 10−17c2
e − 3.972 × 10−13ce + 4.862 × 10−10. (C.4)

C.2 2 8 A H P O W E R C E L L PA R A M E T E R S

The parameters of the LG M50 cell are given in Table C.2.
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Table C.2: 28 Ah power cell parameters [47].

Parameter Negative Separator Positive

Ds (m2 s-1) 1.99 × 10−14 5 × 10−15

σ (S m-1) 1000 10
cs,max

(kmol m-3) 31.390 48.390
ce,0 ( kmol m-3) 1 1 1

A (m2) 1.7775 1.7775 1.7775
L (m) 46.6 × 10−6 18.7 × 10−6 43 × 10−6

Rs (m) 6.3 × 10−6 2.1 × 10−6

α 0.5 0.5
Rf (Ω) 0 0.0
εs 0.4925 0.5724
εe 0.292 0.3949 0.209
brug 1.52 1.62 1.44
z0% 0.014 0.9615
z100% 0.884 0.4352
k0,norm

(mol m-2 s-1) 1.54 × 10−4 1.04 × 10−4

t0+ 0.26 0.26 0.26
De(m2s−1) 2.79 × 10−10 2.79 × 10−10 2.79 × 10−10

The positive and negative electrode OCPs are shown in Figure C.1.

(a) (b)

Figure C.1: OCPs of the negative (a) and positive (b) electrodes for the 28 Ah power cell [47].

The ionic conductivity of the electrolyte is given by

κe(ce) = ce(0.042 − 1.0972 × 10−5ce + 0.0132e−0.0022ce)2. (C.5)
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C.3 L G M H 1 C E L L PA R A M E T E R S

The parameters of the LG M50 cell are given in Table C.3.

Table C.3: LG M50 cell parameters [49].

Parameter Negative Separator Positive

Ds (m2 s-1) 5.94 × 10−14 6.51 × 10−15

σ (S m-1) 136 1.964
cs,max

(kmol m-3) 29.561 48.902
ce,0 ( kmol m-3) 1 1 1

A (m2) 0.0748 0.0748 0.0748
L (m) 8.7 × 10−5 1.3 × 10−5 6.7 × 10−5

Rs (m) 8.5 × 10−6 4.1 × 10−6

α 0.5 0.5
Rf (Ω) 0.02 0.047
εs 0.667 0.7
εe 0.313 0.41 0.26
brug 1.48 1.5 1.47
z0% 0.005 0.9314
z100% 0.9412 0.2386
k0,norm

(mol m-2 s-1) 3.11 × 10−5 6.07 × 10−5

t0+ 0.2594 0.2594 0.2594

The positive and negative electrode OCPs are shown in Figure C.2.

(a) (b)

Figure C.2: OCPs of the negative (a) and positive (b) electrodes for the LG MH1 cell.



Appendix D
D E G R A D AT I O N M O D E E S T I M AT I O N T O O L

VA L I D AT I O N

Simulation results for an NMC-graphite 28 Ah cell, which parameters were obtained

from [47,48] are shown in Figure D.1, and for an LFP cell in Figure D.2.

RMSE = 0.64 mV/Ah

RMSE = 0.15 mV
RMSE = 0.30 mV

RMSE = 0.47 mV/Ah

a)

b)

c)

d)

Figure D.1: Mode estimation for a 28 Ah high-power NMC-graphite cell.

The estimated and real degradation mode values for these two simulation cases are

given in Table D.1.

Table D.1: Simulation degradation modes estimation.

LAMn LAMp LLI

NMC Estimated 9.80 % 20.00 % 14.51 %
Expected 10.00 % 20.00 % 14.48 %

LFP Estimated 9.74 % 19.86 % 12.09 %
Expected 10.00 % 20.00 % 12.00 %

The experimental results for a Kokam 1.25 Ah cell, of which parameters were acquired

from [50], are shown in D.3.
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RMSE = 0.97 mV/Ah RMSE = 0.55 mV/Ah

RMSE = 8.30 mV RMSE = 8.70 mV

a)

b)

c)

d)

Figure D.2: Mode estimation for an LFP cell.

RMSE = 6.90 mV
RMSE = 8.00 mV

RMSE = 0.037 V/Ah RMSE = 0.093 V/Ah

a)

b)

c)

d)

Figure D.3: Mode estimation for a 1.25 Ah Kokam cell.
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