
A Data-Driven Lithium-Ion Concentration Estimator for Electrode Solid Phase
in Battery Models.

by

Le Cai

A thesis submitted to the Graduate Faculty of
Auburn University

in partial fulfillment of the
requirements for the Degree of

Master of Science

Auburn, Alabama
August 5, 2023

Keywords: LSTM, Lithium-ion Battery, Concentration

Copyright 2023 by Le Cai

Approved by

Xiao Qin, Chair, Alumni Professor of Computer Science and Software Engineering
Song-Yul Choe, Co-Chair, William B. and Elizabeth Reed Professor of Mechanical

Engineering
Cheryl Seals, Charles W. Barkley Professor of Computer Science and Software Engineering



Abstract

This thesis introduces a data-driven approach for lithium-ion concentration estimation in

battery cells, leveraging a deep learning model based on Long Short-Term Memory (LSTM)

networks. As lithium-ion batteries gain widespread adoption, particularly in electric vehicles

and renewable energy storage, accurate and efficient estimation of lithium-ion concentration

is pivotal. Existing methods like the polynomial Reduced Order Models (ROMs), although

popular, face trade-offs between computational efficiency and accuracy.

In this work, we propose an LSTM-based estimator designed to achieve high accuracy

without compromising computational speed. The LSTM architecture’s depth allows it to

capture intricate relationships within the cell. The estimator’s performance was rigorously

evaluated and compared against a polynomial ROM model. Our estimator exhibited re-

markable accuracy in short term estimation, achieving a Mean Absolute Percentage Error

(MAPE) of 1.09% at 1000s and 3.27% at 2000s for estimation of surface concentration for

single particle anode. For estimation of average concentration for single particle anode, the

MAPE was 1.27% at 1000s and 2.55% at 2000s. The estimator’s swift computation time

provides potential for real-time applications.

Overall, this thesis provides a comprehensive exploration of LSTM-based lithium-ion

concentration estimation, from model design and implementation to performance evaluation.

This work underscores the potential of data-driven approaches in battery state estimation,

opening up new possibilities for real-time applications and improved battery management

systems.
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Chapter 1

Introduction

1.1 Background

Lithium-ion Batteries (LIBs) have emerged as a dominant form of energy storage, it fa-

cilitated a modern societal paradigm shift towards a more sustainable energy and technology

integrated future. The explosive growth of the battery market fueled by the urgent demand

for energy storage in various applications have primarily been powered by advancements in

LIB technology.

LIBs power a wide variety of applications that are integral to our modern lives. The

personal electronics sector, which includes smartphones, laptops, tablets, and wearable de-

vices, is perhaps the most recognizable user of the technology. LIBs have also catalyzed the

EV revolution, solving range and weight issues that troubled earlier implementation of elec-

tric vehicles. Furthermore, LIBs play an increasingly critical role in large-scale grid energy

storage systems, stabilizing power grids by storing excess electricity during off-peak periods

for use during periods of high demand. This capability has also facilitated the integration

of renewable energy sources into the grid, which often suffer from intermittency issues.

As the popularity of LIBs increasing, it becomes apparent that the management of the

energy storage systems is equally crucial. Battery Management Systems (BMS) are essential

in maximizing the performance, lifespan and safety of LIBs, a BMS is an embedded system

comprises of purpose-built electronics and custom designed algorithms. BMS monitor and

manage various parameters during operation such as voltage, current and temperature and

estimates battery states such as state-of-charge (SOC) and state-of-health(SOH).

BMS is designed with several objectives in mind. First, it need to ensure the safety of

the user by constantly monitor the operating conditions of battery and respond if unsafe
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operating conditions are detected. Secondly, BMS should protect the cells of battery from

data in the case of failure or abuse. Thirdly, BMS with its internal algorithms should regulate

and prolong the lifespan of the battery and maintain it in a state which can fulfill the designed

requirements. Lastly, BMS can communicate with other devices in the application to provide

the capability of the battery.

1.1.1 NMC Lithium-ion Cell

A lithium-ion cell typically consists of several key components; positive electrode, neg-

ative electrode, electrolyte, separator, and current collectors.

Positive electrode is one of the two electrodes of a Li-ion cell, it acts as the source of

lithium-ions and the composition of its compound determines the capacity and voltage of

the battery. In 1980, John B. Goodenough and Koichi Mizushima discovered the potential

to use Lithium Cobalt Oxide (LiCoO2) as an intercalation electrode [4]. Lithium Cobalt

Oxide, also known as LCO, is commonly used in portable electronic devices, but also suffers

from some issues; the structure of LCO contains cobalt, which is rare, expensive, and toxic,

LCO also have a shorter lifespan of the cell. Advancements were made and a combination

of Nickel, Manganese, Cobalt (NMC) has become one the of most successful Li-ion systems.

Nickel offers high specific energy but have poor stability, manganese can form a cubic spinel

structure to achieve low internal resistance but offers low specific energy, cobalt stabilizes

nickel but is in limited supply, by combining the metals, the strengths of the metals are en-

hanced. NMC electrode materials are composed of spherical particles, resulting in a powder

form. This characteristic is advantageous because it maximizes the available surface area,

thereby enhancing the potential for electrochemical reactions.

The other electrode of a Li-ion cell is the negative electrode, graphite (C6) is used in

the majority of commercial Li-ion batteries for almost 30 years[5]. Graphite has graphene

layers of C6 structures that are tightly bonded, the graphene layers are loosely stacked which

allowed lithium to intercalate between layers.
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Electrolyte in Li-ion battery are made with non-aqueous organic solvents, additives, and

lithium salt. It acts as the media that conducts lithium-ion between electrodes. The most

used salt is LiPF6 and some common solvents include ethylene carbonate (EC), dimethyl

carbonate (DMC), ethyl methyl carbonate (EMC), and diethyl carbonate (DEC). Apart

from electrolyte, another important component of Li-ion battery is separator.

The separator is a permeable membrane designed with appropriately sized holes to

facilitate the passage of lithium-ions while preventing direct contact between the negative

and positive electrode particles. Additionally, it serves as an electronic insulator, ensuring

that electrical currents flow only through the desired paths within the battery.

The current collectors are the interfaces between electrodes and the external circuit.

Positive electrode (high potential) uses aluminum foil, and the negative electrode (low po-

tential) uses copper foil. Modern Li-ion batteries coats active electrode materials on both

sides of metallic current collector foils which conducts the current into and out of the cell.

Lithium-ion battery rely on a key process known as intercalation. Lithium is stored

within the electrodes, during discharge, lithium exits the surface of negative electrode parti-

cles, gives up an electron and becoming Li+ in the electrolyte. Lithium will diffuse outward

from center of negative electrode particles to equalize concentration level with in electrode

particle. The electron travels from current collector, through external circuit and positive

electrode current collector into cathode, where Li+ joins with the electron, becoming lithium

and inserts into the positive electrode particle from its surface, and in both electrodes, dif-

fusion equalizes the internal concentration of lithium over time.

As described above, during discharging, the lithium-ions flow from negative electrode

through electrolyte and intercalate into positive electrode[6], this process is completely re-

versible, during charging lithium-ion flow from positive electrode and intercalate into negative

electrode. This is also depicted in Figure 1.1. The internal chemical reaction of NMC lithium

cell can be described as follows:
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Figure 1.1: Schematic diagram of a Lithium-ion cell.

• Negative Electrode Reaction

LixC6 ⇌ C6 + xLi+ + xe− (1.1)

• Positive Electrode Reaction

Li(1−x)MO2 + xLi+ + xe− ⇌ LiMO2 (1.2)

• Overall Reaction

LixC6 + Li(1−x)MO2 ⇌ C6 + LiMO2 (1.3)

4



1.1.2 Literature Review

Lithium-ion batteries with their high energy density and long cycle life, have become

the power source of choice in numerous applications ranging from portable electronics to

electric vehicles and grid storage. However, their complex behavior and the need for efficient

and safe operation presents a variety of challenges that need to be tackled.

Traditionally, battery management systems (BMS) have employed physics-based models

such as the equivalent circuit model (ECM) and electrochemical models to predict battery

behavior. However, these models have their limitations. ECMs, for instance, do not ade-

quately capture the aging phenomena and have limited accuracy under dynamic conditions.

Electrochemical models, while detailed, are computationally intensive and often impractical

for real-time applications[7].

Recently, machine learning (ML) techniques have emerged as a promising tool for tack-

ling these challenges. Machine learning can model the nonlinear relationships and capture

the temporal dynamics in the battery behavior, making them an attractive option for battery

state estimation and health prognosis.

Many efforts also into using machine learning methods to approximate lithium-ion bat-

tery dynamics. Physics based electrochemical model is often used to describe the dynamic

of lithium-ion battery but it is computationally expensive.

Mckay et al.[8] proposed a surrogate modeling approach that uses synthetic data gen-

erated by SPM model to train a deep neural network (DNN) to approximate the battery

dynamics. The DNN model is trained to predict future battery behavior over 100-second

horizon, the prediction consists of terminal voltage, concentration profiles in electrodes and

whether the battery failed during time window. The DNN achieved a MAPE of 1.28% in

testing dataset, and when used in multi step prediction, the model showed signs of error

accumulation.

Chun et al.[9] proposed a real-time parameter estimation of an electrochemical lithium-

ion battery model using LSTM. Different neural networks were tested and LSTM was selected
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based on accuracy. The model is first trained on synthetic data to learn the pseudo-two-

dimensional model dynamics, the model is given voltage, current, temperature and state of

charge to estimate cathode and anode surface areas, cathode and anode conductivities, SEI

layer thickness and normalized available capacity. The model perform estimation based on

10-seconds data segments. The proposed method achieved a RMSE of 0.430% on testing

dataset, which is considered an accurate estimation of parameters.

Li et al.[10] proposed a hybrid state estimation model, where an electrochemical-thermal

model is developed and experimentally verified and used to generate a large quantity of data

under various operating conditions. The generated data is used to train a deep neural

network to perform state estimations of li-ion battery. The model achieved a maximum

error of 2.93% for all estimated states under new ambient temperatures.

One of the key applications of ML in battery management has been in state-of-charge

(SOC) estimation. For instance, How et al.[11] utilized a deep neural network (DNN) ap-

proach to estimate SOC under different EV drive cycles, with sufficient number of hidden

layers the DNN was able to generalize the trend of SOC estimation from one drive cycle to

another.

However, How et al. did not consider the temporal relations of input data to the DNN,

each point was treated as an independent individual. Other networks, such as recurrent

neural network (RNN) along with its variants Long Short Term Memory (LSTM) and Gated

Recurrent Unit (GRU) have memory information throughout the neural network to retain

the previous information are also used on this application. Lipu et al.[12] and Yang el al.[13]

used deep RNN and RNN-GRU to predict the SOC of lithium-ion batteries with excellent

results.

Similarly, convolutional neural network (CNN), often used in computer vision appli-

cations can be adapted to perform SOC estimation. CNNs consists of convolutional layer,

pooling layer and fully connected layer, where convolutional layer extracts feature from input,

followed by pooling layer to down sample the data, the data is then processed by the fully
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connected layer to produce final result. Bhattacharjee et al.[14] proposed a one-dimensional

CNN based SOC estimation algorithm with transfer learning mechanism to improve gener-

alization capability and yield acceptable accuracy estimations.

Machine learning methods have also been applied in predicting the state-of-health (SOH)

and Remaining Useful Life (RUL) of batteries.

Feed-forward Neural Network (FNN) is a type of artificial neural network (ANN), the

information only travel in one direction from its input layer to hidden layer to output layer.

FNN has been implemented to estimate battery SOH in various works. Kashkooli et al.[15]

used calendar aging data to estimate battery SOH and achieved a RMSE of 1.17% in his

work.

Recurrent neural networks (RNNs) have the ability to process and store past informa-

tion, which is crucial to identify the correlation between battery features. As mentioned

above, LSTM, a promising variant of RNN that excels at capture long term and short term

temporal relations within data is proven to be useful in SOH estimation. Choi et al.[16] pro-

posed a capacity estimation framework for Li-ion battery based on FNN, CNN and LSTM

and validated their performance with NASA lithium-ion battery dataset, the results shown

LSTM has very accurate capacity estimations even when abnormal deviations of charging

profile is present due to its internal memory cell storing long term information, where CNN

and FNN fails and delivered low estimation results based on abnormal deviations. In ad-

dition, they demonstrated that by using multi-channel data instead of single-channel data,

the MAPE improved by 25% for LSTM.

Like SOC estimation applications, convolutional neural network (CNN) is also used in

SOH estimation applications due to its ability to extract and select feature from data. Shen

et al.[17] proposed a deep convolutional neural network model with 5 convolution layers and

3 fully connected layers. The proposed model achieved a MAPE of 1.477% overall based on

NASA datasets. In the work of Crocioni et al.[18] A CNN GRU model is selected based on its

low estimation error using NASA dataset, the model is then adapted onto microcontrollers
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via STM32Cube.AI software. The comparison detected no change in model’s performance,

which proved the feasibility of CNN in online SOH estimation applications.

A summary of machine learning lithium-ion battery applications is provided in Table

1.1.
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Items Specification
Chemistry NMC // Graphite
Capacity 55.6 Ah

Nominal Voltage 3.65 V

Dimension
Width (W) 354.00 mm
Length (L) 99.05 mm

Thickness (T) 9.5 mm
Weight 748 g
Volume 0.33 L

Energy Density
Weight 271 Wh/kg
Volume 609 Wh/L

Voltage range @ 25°C 2.5 ∼4.2 V
Cell type Pouch

Table 1.2: Specification of the NMC cell

Components Max voltage Max current
Power Supply 8V 125A
Electronic Load 120V 200A

Bipolar Power Supply 72V 6A

Table 1.3: Specification of test station’s components.

1.2 Experimental Setup

For this work, experiments were conducted on a NMC pouch cell to gather experiment

data, the specifications of the cell are summarized in Table 1.2.

A battery test station is constructed that consists of a programmable power supply and

an electronic load and National Instruments data acquisition (NI-DAQ) system along with

the LabVIEW software. In addition, a thermal chamber and calorimeter are used to keep the

constant work temperature of a battery cell. LabVIEW controls all equipment and collects

data from the battery cell in addition to protection of overcharge and discharge of the cell.

The data includes terminal voltage, current and temperature, which is further processed to

obtain the capacity, power and SOC. The block diagram for the test station is depicted in

Figure 1.2, and the specification of test station’s components are summarized in Table 1.3.
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Figure 1.2: Block diagram of test station.

1.3 Motivation and objectives

Direct measurement of battery states and parameters during system operation is not fea-

sible, necessitating their estimation. In order to accurately operate the Battery Management

Systems (BMS), it’s imperative to consistently estimate these states, prompting extensive

research into advanced algorithms. Much of this research is concentrated on estimating in-

dividual states, such as the State of Charge (SoC) or State of Health (SoH) of the battery.

This work explores the estimation of lithium-ion concentration, a specific facet within the

intricate system of battery internals. These estimations could contribute to applications like

State of Charge (SoC), State of Power (SoP)[35], and Terminal Voltage estimations.

The process of monitoring batteries presents significant challenges due to the dependency

of their states on internal parameters. These parameters have a nonlinear relationship with

a host of external operating conditions like temperature and load profiles. Furthermore, as

the cell ages, these parameters undergo considerable changes, complicating the prediction of

battery behavior. Consequently, sophisticated battery algorithms are essential for Battery
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Management Systems (BMS) that can estimate these parameters throughout the battery life

cycle while also factoring in external operating conditions.

However, several constraints must be kept in mind during the development of BMS

algorithms. First, these algorithms are typically implemented using micro controllers, which

have limited computational capabilities. Therefore, simpler models such as the equivalent

circuit model (ECM) are generally preferred. Second, micro controllers have restricted mem-

ory capacity, so recursive methods, which eliminate the need for extensive data storage as

they update with each sampling instance, are often favored. Lastly, the results derived from

these estimation methods need to be both highly accurate and reliable. As a result, the

application of advanced estimation techniques is crucial to meet the desired performance

standards.

Building on the preceding analysis, this thesis introduces a data-driven method designed

for fast and accurate estimation of the electrode surface concentration and the electrode

average concentration in lithium-ion cells. This research concentrates on the following three

principal areas:

• Development and optimization of a data-driven estimator using deep neural networks,

fine-tuned via empirical methodologies.

• Estimation of electrode surface lithium-ion concentration Cssurf and average electrode

lithium-ion concentration Csavg .

• Exploration of potential applications of the data-driven estimator, including State of

Health (SoH), State of Power (SoP), and integration into Hybrid Models.

1.4 Thesis Outline

This thesis is structured as follows:

1. Introduction
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This chapter provides the context for the thesis by discussing the background, the

experimental setup, as well as the motivations and objectives of this research. It

includes a brief introduction to the basic structure and operating principle of NMC

lithium-ion cells and a literature review focused on machine learning methods and

applications used in battery.

2. Battery Modeling

This chapter offers a detailed exploration of the different types of battery models

introduced in the first chapter. It delves into the specifics of physics-based models and

Equivalent Circuit Models (ECM), as well as the commonly used data-driven models,

highlighting their respective characteristics. A comprehensive comparison leads to

the selection and implementation of a variant of Recurrent Neural Network (RNN),

specifically a Long Short-Term Memory (LSTM) model, in the proposed data-driven

estimator.

3. Lithium-ion Concentration Estimation

Serving as the core of the thesis, this chapter presents the approach undertaken to ad-

dress the research problem. It provides an overview of the problem and then elaborates

on the inner workings of the LSTM cell. This is followed by a detailed inspection of

the estimator’s framework, outlining the methodology and process of implementation.

Finally, the chapter concludes with the evaluation and discussion of the results derived

from the estimator along with analysis of results and potential applications.

4. Conclusion and future work

This final chapter summarizes the findings of the research as well as proposes potential

avenues for future research.
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Chapter 2

Battery Modeling

2.1 Modern Li-ion Battery Models

As we delve deeper into the complexity of lithium-ion batteries, it becomes apparent

that the management of the energy storage systems is equally crucial. Battery Management

Systems (BMS) are essential in maximizing the performance, lifespan and safety of LIBs.

BMS monitor and manage various operational parameters, such as state-of-charge (SOC),

state-of-health (SOH) and temperature. These systems are especially critical in applica-

tions like electric vehicles and grid energy storage systems, where battery performance can

significantly impact the overall system’s efficiency, performance and safety.

Battery models are used to simulate the behavior of batteries under different operating

conditions, they play an essential role in the design of BMS and help optimize the perfor-

mance and longevity of LIBs. Over the years, several battery models have been developed,

ranging from simple empirical models to complex electrochemical models and more recently

proposed data-driven models due to increased popularity of artificial intelligence.

Three categories of battery models are introduced and compared in this literature:

1. Physics-based Electrochemical Model

2. Equivalent Circuit Model

3. Data-driven Model

2.2 Physics-based electrochemical models

Electrochemical models, being physics-based, portray the intricate electrochemical pro-

cesses happening within a cell. These processes are directed by physical laws, including
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electrochemical kinetics, mass, charge, and energy balance, as well as potential theory. This

set of principles generates a series of coupled, nonlinear partial differential equations (PDEs),

defining the behavior of the model. These models enable the exploration of key battery be-

haviors at a microscopic level. Moreover, they offer a unique advantage of making all internal

states fully observable, thus permitting ’virtual measurements’ of quantities that are other-

wise impossible to measure directly. Such a capability proves invaluable for comprehensive

analysis and research.

2.2.1 Single Particle Model (SPM)

Figure 2.1: Diagram of SPM Model [1]

The Single Particle Model (SPM) treats each electrode in a battery as a single spherical

particle as depicted in Figure 2.1. The model’s primary objective is to calculate lithium-

ion concentration within these particles and the cell’s potential under various operating

conditions[6]. The key assumption is that the lithium-ion concentration is uniform across

each electrode, and diffusion is the only mechanism that lithium ions use to move in and out

of the electrode particles.
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The SPM provides a good balance between complexity and accuracy for many ap-

plications. However, due to its simplifying assumptions, it may not accurately represent

the battery’s behavior under all conditions. For example, it neglects the effects of elec-

trode/electrolyte interactions and variations in temperature.

2.2.2 Pseudo-Two-Dimensional (P2D) Model

Figure 2.2: Schematic of pseudo-two-dimensional model for lithium-ion battery.[2]

The P2D Model, also known as the Doyle-Fuller-Newman (DFN) Model, proposed by

Doyle et al.[36], is a more detailed electrochemical model that takes into account the trans-

port and reaction process in both the solid electrode particles and the electrolyte, The model

is a set of nonlinear partial differential and algebraic equations (PDAEs). Unlike the SPM,

P2D model treats electrodes of the cell as porous electrodes composed of numerous spherical

particles with electrolytes filled between the particles as depicted in Figure 2.2.
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The P2D model can describe the lithium-ion concentration distribution in the solids of

electrodes and the liquid phase of electrolytes with in the cell. However, the P2M model

suffers from its computational complexity, it can be computationally intensive to solve a set

of PDAEs. Therefore, the P2D model may not be suitable for real-time applications, to

overcome this issue, model-order reduction methods were used to transform the PDAEs into

ordinary differential equations (ODEs), this technique simplified the rigorous P2D model

which increased the computational efficiency with acceptable accuracy.

The P2D model have following components:

1. Mass conservation in electrode:

This represents the diffusion of lithium-ions within the solid electrode particles.

Governing equation:

∂Cs

∂t
=

Ds

r2
∂

∂r
(r2

∂Cs

∂r
) (2.1)

Boundary and initial conditions:

∂Cs

∂r

∣∣∣∣
r=0

= 0,

∂Cs

∂r

∣∣∣∣
r=Rs

= − 1

DsFas
jLi

2. Mass conservation in electrolyte:

This equation represents the diffusion and migration of lithium ions in the electrolyte:

Governing equation:

∂(εeCe)

∂t
=

∂

∂x

(
Deff

e

∂

∂x
Ce

)
+

1− t0+
F

jLi (2.2)

Boundary and initial conditions:

∂Ce

∂x

∣∣∣∣
x=0

=
∂Ce

∂x

∣∣∣∣
x=L

= 0
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3. Charge conservation in electrode:

This represents the movement of electrons within the solid electrode:

Governing equation:

∂

∂x

(
σeff ∂

∂x
ϕs

)
− jLi = 0 (2.3)

Boundary and initial conditions:

−σeff ∂

∂x
ϕs

∣∣∣∣
x=0

= −σeff ∂

∂x
ϕs

∣∣∣∣
x=L

=
I

A

∂

∂x
ϕs

∣∣∣∣
x=σ−

=
∂

∂x
ϕs

∣∣∣∣
x=σ−+σsep

= 0

4. Charge conservation in electrolyte:

This represents the movement of ions within the electrolyte:

Governing equation:

∂

∂x

(
κeff ∂

∂x
ϕe

)
+

∂

∂x

(
κeff
D

∂

∂x
lnϕe

)
+ jLi = 0 (2.4)

Boundary and initial conditions:

∂ϕe

∂x

∣∣∣∣
x=0

=
∂ϕe

∂x

∣∣∣∣
x=L

= 0

5. Electrochemical kinetics

This describes the rate of the charge-transfer reaction at the electrode/electrolyte in-

terface:

Governing equation:

jLi = asi0

{
exp

[
αanF

RT
η

]
− exp

[
−αcnF

RT
η

]}
(2.5)
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2.2.3 Reduced Order Model (ROM)

Reduced Order Models (ROMs) are simplified representations of high-fidelity simulation

models that retain the essential behavior and predictive capability of the original model but

at a significantly reduced computational cost[37][38].

A polynomial ROM utilizes a polynomial equation to approximate the behavior of a

complex system, it is typically derived from a full-order model, by retaining the most im-

portant terms/features and discarding less significant ones[39].

The strength of Polynomial ROMs lies in their computational efficiency, which is at-

tributed to their simplification compared to comprehensive models. Furthermore, the in-

terpretability of these models is notably straightforward, with the coefficients of polynomial

terms offering clear insights, unlike more complex models such as neural networks.

However, the main challenge with Polynomial ROMs lies in defining the appropriate

polynomial order. While higher orders can enhance accuracy, they also introduce the risk of

overfitting. Therefore, choosing the polynomial order requires careful consideration to strike

a balance between model complexity and predictive performance.

2.3 Equivalent Circuit Model (ECM)

Equivalent circuit models (ECMs) are often used to describe the dynamic behavior of

batteries due to their relative simplicity and the ease of obtaining their parameters through

simple experiments[40][41].

A battery ECM is constructed with a combination of basic electrical components like

resistors, capacitors, and voltage sources. The correlation with battery dynamics is preserved

by adding capacitors into the circuit. In this section, the ”Rint” model and Thevenin Model

will be covered.

1. Rint Model:
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Rint Model is constructed with a resistor R0 and a voltage source (OCV) to represent

the internal resistance of the battery, as shown in Figure 2.3. Because the model dos not

represent transient behavior, it is unable to estimate battery states under non-constant

load accurately.

Figure 2.3: Diagram of Rint Model.

The Rint model can be described by Equation 2.6.

Vt = E0 −R0 · It (2.6)

Where Vt is the terminal voltage, E0 is the open-circuit voltage (OCV), R0 is the

internal resistance and It is the current.

2. The Thevenin Model:

The Thevenin model adds a capacitor and another resistor to the Rint model to account

for the transient behavior of the battery. The structure of the model is shown in Figure

2.4.

The Thevenin model can be represented by the following equations:

Vt = E0 −R0 · It − VC1 (2.7)
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Figure 2.4: Diagram of the Thevenin Model.

dVC1

dt
= − VC1

R1C1

+
It
R1

(2.8)

Where R1 and C1 represent the polarization resistance and capacitance, VC1 is the

voltage across C1.

2.4 Data-Driven Models

In addition to Physics-based electrochemical models, data-driven models have recently

gained popularity in battery modeling due to advancements in computational power and

machine learning. Data-Driven Models are not explicitly designed to understand the under-

lying complex internal physical and chemical processes within the battery, they learn the

relationships between the battery’s inputs and its outputs from experimental data. Various

machine learning techniques including regression, artificial neural networks and more, are

widely used in data-driven models[42]. In this section, a few popular algorithms will be

introduced and compared.
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2.4.1 Feed-Forward Neural Network (FNN)

A Feed Forward Neural Network (FNN) is a type of artificial neural network where infor-

mation flows in only one direction, from the input layer to the output layer. It is called ”feed

forward” because there are no loops or cycles in the network’s connections[23][24][11][25].

FNNs are composed of multiple layers of interconnected neurons, which are computational

units that perform simple mathematical operations. The network learns from training data

by adjusting the weights and biases associated with these connections. A diagram of FNN

in shown in Figure 2.5.

The architecture of an FNN consists of three main components: the input layer, one or

more hidden layers, and the output layer. The input layer receives the input data and passes

them to the next layer, the number of neurons in the input layer corresponds to the number

of features input possesses. The hidden layer is located between the input and output layers,

there can be more than one hidden layers and each hidden layer can have varying number of

neurons, allowing the network to understand complex relationships and patterns behind the

data. The output layer produces the network’s final predictions, the number of neurons in

the output layer corresponds to expected output size, which depends on the specific problem

been addressed by the network.

Feed-Forward Neural Network is very versatile and has various variants and applications

including battery modeling, SOC estimation and SOH&RUL estimation.

Figure 2.5: Schematic of Feed-Forward Neural Network[3]
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Activation functions introduces non-linearity into the FNN, enabling it to model com-

plex relationships between input features and output predictions, some of the most popular

activation functions include:

• Sigmoid: Logistic Sigmoid Function takes any real valued input and outputs a value

within the range of 0 to 1, the mathematical representation is as follows:

f(x) =
1

1 + e−x
=

ex

ex + 1
(2.9)

Sigmoid function is very commonly used for probability predictions because the range

of Sigmoid function matches with the range of probability which only exists between

0 and 1.

• Tanh: Hyperbolic Tangent Function takes any real valued input and maps to a value

within the range of -1 to 1, the mathematical representation is as follows:

f(x) =
ex − e−x

ex + e−x
(2.10)

Since the output of the tanh activation function is zero centered, we can map the

output values as strongly negative, neutral, or strongly positive.

• ReLU: Rectified Linear Unit or ReLU allows positive values to flow through as they

are and set the output to 0 for negative inputs, the mathematical representation is as

follows:

f(x) = max(0, x) (2.11)

Compared with Sigmoid and Tanh activation function mentioned above, ReLU is com-

putationally efficient as only certain number of neurons are activated, in addition, for

positive x, the ReLU function has a constant gradient of 1, whereas a Sigmoid function

has a gradient that rapidly converges towards 0, making the neural network hard to
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train, this is known as the vanishing gradient problem, and by using ReLU as activation

function, this problem is alleviated.

2.4.2 Recurrent Neural Network (RNN)

Figure 2.6: Schematic of RNN and unrolled RNN.

A Recurrent Neural Network (RNN) is a type of artificial neural network designed

to process sequential data, where the order and temporal dependencies of the data are

crucial[43]. Recurrent Neural Networks use learns from the training data just like Feed-

forward Neural Networks, unlike FNNs, RNNs have can use its ”memory” to take information

from prior inputs to influence the current input and output.

A schematic of RNN and unrolled RNN is shown in the Figure 2.6. The simple RNN

is shown on the left and on the right side is an RNN being unfolded into a full network,

where x is the input into the network, and xt is the input into the network at time step t,

similarly y is the output of the network and yt is the output of the network at time step t.

Hidden state is represented as h and the hidden state at time step t is ht which acts as the

”memory” of the network, ht is calculated based on the current input and the previous time

step’s hidden state. m is the number of hidden units in this network.

In this section, the following notations are used to explain RNN:
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• xt ∈ R is the input at time step t.

• yt ∈ R is the output of the network at time step t.

• ht ∈ Rm is the hidden state at time t.

• U ∈ Rm is the weight matrix for input to hidden connections.

• W ∈ Rm×m is the weight matrix for hidden to hidden connections.

• V ∈ Rm is the weight matrix for hidden to output connections.

• bh ∈ Rm is the bias for recurrent layer.

• by ∈ R is the bias for output layer.

At time step t - 1, we can calculate the hidden state of time step t with activation

function f by the equation below:

ht = f(Uxt−1 +Wht−1 + bh) (2.12)

The output y at time step t is computed as:

yt = f(wy · ht + by) (2.13)

The forward pass of an RNN starts with initialization, where the initial hidden state is

set to a default value or initialized randomly, then at each time step t in the input sequence,

input xt is received and combined with hidden state from last time step ht−1 to calculate

the hidden state ht which can be used to calculate the output yt, once output is calculated,

hidden state ht becomes the previous time step hidden state for next time step. The above

process is repeated for each time step in the sequence, once the entire sequence has been

processed, the RNN can produce a final output.
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After the forward pass, the error of the output and the target output is calculated using

a loss function. The error gradients are propagated backward through time to update the

weights of the RNN, this process starts from the final time step and goes back to the first time

step. At each time step during the backward pass, the gradients of the model’s parameters,

including the weights and biases, are computed with respect to the loss function using the

chain rule of calculus, the gradients are accumulated and stored for each time step. Once

the gradients have been calculated for all time steps, the accumulated gradients are used

to update the model’s weights and biases using an optimization algorithm such as gradient

descent, the weights are adjusted in the direction that minimizes the loss function.

This iterative process of forward pass, backward pass, and weight update is repeated

for multiple iterations or epochs to improve the RNN’s performance and reduce the loss.

Just like feed-forward neural networks, various activation functions can be used on re-

current neural networks to introduce non-linearity and enable the network to model complex

relationships, some commonly used functions include the Logistic Sigmoid Function, the

Hyperbolic Tangent Function and the Rectified Linear Unit Activation Function, they have

been introduced in detail in previous sections.

Recurrent Neural Networks is effective for analyzing time series data, they can capture

long-term dependencies, trends and patterns in the data and provide accurate predictions

and insightful analysis. However, RNN also has its shortcomings, the backward pass in

RNNs can be prone to the exploding and vanishing gradient problem, particularly for long

sequences. The issue arises when the gradients increase or decrease exponentially as it

propagates through the model and eventually explode or diminishes, making it challenging

to capture long-term dependencies.

RNNs have several applications in battery modeling tasks, with its ability to handle time

series data and sequence input, some of applications include Lithium-ion Battery State of

Charge (SoC) estimation[12][13][1][19][20], Remaining Useful Life (RUL) and State of Health

(SOH) estimation[28][44][16][29][27][30][31].
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2.4.3 Convolutional Neural Network (CNN)

Convolutional Neural Networks are a class of deep learning models widely used for tasks

involving image and signal processing. In 1990 LeCun et al. introduced the modern frame-

work of CNN[45], later in 1998, his work is improved and the application was presented[46].

They are specifically designed to automatically extract and learn hierarchical representa-

tions from data. CNNs have revolutionized computer vision tasks, achieving remarkable

performance in tasks such as image classification, object detection and image segmentation.

The architecture of a CNN typically consists of three main types of layers: convolutional

layers, pooling layers, and fully connected layers.

• Convolutional Layers: Convolutional layer is responsible for feature extraction in a

CNN, and it is also where most of the computation happen. Convolutional layer

will apply a set of learnable filters, also known as kernels to the input data, the filter

performs convolution operations to capture local patterns and extract relevant features.

It is possible to layer another convolutional layer following the initial convolutional

layer, enabling the network to learn and detect lower level patterns and higher level

patterns of the input data.

• Pooling Layers: Pooling layers reduce the spatial dimensionality of the input by down-

sampling the features. The pooling layer performs a pooling operation by sweeps a

filter across the entire input, the output depends on the specific pooling operation, two

main types of pooling operation are max pooling and average pooling, max pooling

selects the maximum value as output and average pooling calculates the average value

within the receptive field as output.

• Fully Connected Layers: Fully connected layers, typically placed at the end of the

network, transform the extracted features into a suitable format for the final classifica-

tion or regression. These layers connect every neuron from the previous layer to every

neuron in the current layer.
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During the forward pass of a CNN, the input data is passed through the convolutional

layers, the learnable filter performs a dot production operation between its weights and the

input, capturing spatial features, this dot product is then fed into an output array. The filter

slide across the input, repeating the process until the entire input has been covered. The

final output array consists of dot products from the input and weights is known as a feature

map.

After the convolution operation, an activation function is applied element-wise to the

feature maps, the most commonly used activation function in CNNs is the Rectified Linear

Unit (ReLU) mentioned above, ReLU introduces non-linearity to the model.

Next, a pooling layer is applied to down-sample the feature maps, max pooling and

average pooling introduced above selects the maximum value or average value within the

receptive field of the input. By reducing spatial dimension and number of parameters in the

network through pooling, the complexity of model is reduced allowing efficient computation

to be carried out.

After pooling layer, its output is flattened into a one-dimensional vector and passed

into fully connected layers, the fully connected layers transform the extracted features into

a suitable format for the final classification or regression task.

The output of fully connected layers is fed into another activation function to produce

the final output. If the model is tasked to handle regression, linear activation function

can produce continuous values as the output, if the model is tasked to handle classification,

softmax is often used as the softmax function outputs a probability distribution over multiple

classes.

Similar to the neural networks introduced above, the backward pass in a CNN involves

the calculation of gradients using the backpropagation algorithm. The error gradients flow

from the output layer to the input layer, updating model’s weights and biases through

gradient descent optimization. The gradients are computed using the chain rule of calculus,

and the weights are adjusted to minimize the difference between predicted and actual values.
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In summary, convolutional neural network is very good at capturing spatial hierarchies

and meaningful patterns from data, this has been proved by its popularity and success in

the area of computer vision. However, CNNs require large training datasets, it is hard to

interpret and understand how decisions were made, especially for deep networks with many

layers, the increase in depth of the model also means it requires more computational resources

for training and evaluating.

Although convolutional neural network is mainly used for image processing tasks[47], it

is proven that CNN is capable of several applications in the field of battery modeling, some

of the applications include SOC estimation and SOH&RUL estimation.
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Chapter 3

Lithium-ion Concentration Estimation

3.1 Overview

In this work, a data-driven battery state estimator is implemented and its estimations

are validated against results calculated by Full Order Model. The Full Order Model’s result

is referring to a single particle in anode.

For this estimator, the expected input vector, x contains the following states:

x = [IT , V T , T T , CT−1
ssurf

, CT−1
savg ]

where IT , V T , T T denotes the current, voltage and temperature measured at current time

step T, and CT−1
ssurf

, CT−1
savg denotes the lithium-ion concentration at electrode surface and

average lithium-ion concentration of electrode at time step T-1.

And the output vector y contains the following states:

y = [CT
ssurf

, CT
savg ]

where y = [CT
ssurf

, CT
savg ] denotes the lithium-ion concentration at electrode surface and

average lithium-ion concentration of single particle in Anode at time step T respectively.

Since no sensor is available to measure Cssurf and Csavg within the cell, fast and accurate

estimation of lithium-ion concentration have many applications like cell SoC calculation,

potential calculation and state of power calculation[35].
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3.2 Problem Framing

The problem that motivated this work is cell internal state Cssurf and Csavg can not

be measured, accurate estimation of Cssurf and Csavg can enable the calculation of battery

states such as state of charge (SOC) and terminal voltage.

Current existing non-ML solution (P2D) can accurately describe internal states of cell

but too computationally expensive, limited its application in real-time scenarios. Another

current non-ML solution (ROM) is computational efficient but not as accurate compared to

P2D.

The ideal outcome is to develop a data-driven model that can estimate cell internal state

Cssurf and Csavg with a high level of accuracy and computational efficiency, with potential

for real-time applications and improving over time with access to more data.

Therefore the model’s goal is to predict Cssurf and Csavg accurately and swiftly, the

model’s outputs are Cssurf and Csavg .

3.3 Approach

Figure 3.1: Different types of time series forecasting.
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This problem can be categorized as a time series forecasting problem as the model is

predicting future values based on historical time series data. time series forecasting have

different types, as shown in Figure 3.1:

• One to one:

One to one has a single input feed into the model and the model outputs one prediction

based on the input.

• One to many:

One to many has a single input feed into the model and the model outputs multiple

predictions based on the input.

• Many to one:

Many to one has a sequence of inputs feed into the model and the model outputs one

prediction based on the sequence input.

• Many to many:

Many to many has a sequence of inputs feed into the model and the model outputs

multiple predictions based on the input.

For this work, one to one and one to many time series forecasting is eliminated because

it makes predictions based on data from previous step only, neglecting data from near past,

which has an influence of the concentration level within electrode.

Many to one is selected as the desired approach for this work, because it takes in a

sequence of past data and predict a single step into future, which fits the ideal outcome:

provide accurate and swift estimations with potential for real-time applications.

Many to many is also a viable approach, but considering the added computational cost

of multiple predictions based on inputs, it is apparent that many to many is less efficient

compared to many to one forecasting model.
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In this work, a sliding window autoregressive many to one forecasting model is used,

the idea is shown in Figure 3.2. The model starts with provided input colored in blue, and

after each time step the prediction of model is used as input for the next time step, over

time the model is making predictions purely based on its predictions.

This particular approach is selected based on the fact that the model may be used in

real-time applications where the model is required to provide accurate estimations in short

intervals while Longer interval fails to provide BMS accurate cell state and capability. If

BMS request the state of cell during the interval, it either has to make a decision based

on expired data that may not reflect the true state of cell at the moment or wait for next

prediction, which could potentially lead to unsafe operation and slow response time.

Figure 3.2: Autoregressive many to one forecasting model.

3.4 Model Selection

In this section, the reasoning for selecting LSTM as the model for this thesis is explained

in detail.

In the paper by Chun et al.[9], a performance comparison of network architecture is in-

cluded. A total of 6 networks were tested, the networks are MLP, VGG11, VGG16, ResNet18,

GRU and LSTM. MLP is a fully connected class of feed forward neural network (FNN) and
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VGG11, VGG16 and ResNet18 are all pretrained deep convolutional neural networks (CNN),

GRU and LSTM are both variants of recurrent neural network (RNN). The results of perfor-

mance comparison shown LSTM and GRU had the lowest estimation error with a RMSE%

of 0.43 and 0.56 respectively, MLP scored a RMSE% of 1.13 while VGG11, VGG16 and

ResNet18 performed worse with a RMSE% of 1.54, 1.68 and 1.63 respectively. Based on the

results of performance comparison we can conclude RNNs performed the best, followed by

FNNs and CNNs came in last, within RNN models, LSTM out performed GRU as the best

network for the real-time parameter estimation task Chun et al. addressed.

Similar trend was observed in research conducted by Choi et al.[16], where a capacity

estimation framework for lithium-ion battery is proposed, along with a performance evalua-

tion of FNN, CNN and LSTM. Each model’s structure is designed based by its performance

of validation set and MAPE is considered as an representative error index. The capacity

estimation results of FNN, CNN and LSTM shown that LSTM has the best accuracy among

the models tested with a MAPE of 1.377%, the baseline FNN-1 with 10 neurons has a MAPE

of 4.71% and FNN-2 with 40 neurons has a lower MAPE% of 3.65, the CNN-1 with 10 fil-

ters for first convolution layer and 5 filters for second convolution layer scored a MAPE of

4.002% while the CNN-2 with 30 filters for first convolution layer and 15 filters for second

convolution layer scored a MAPE of 4.419%. It is also mentioned in paper that the LSTM

was able to provide accurate estimation under abnormal deviation of the data due to cell

states storing long-term information, suppressed the effect of weight of abnormal data. The

results in this work proved again that LSTM is the choice for time series data regression

tasks out of FNN, CNN and LSTM.

Kaur et al.[27] further reinforced this consensus in their comparative analysis of different

deep learning networks for capacity estimation tasks. Similar to research conducted by

Chun et al.[9] and Choi et al.[16], FNN, CNN and LSTM are considered for time series

data estimation. The results shown LSTM is the best model for this task with an average

RMSE and MAE over 6 tests of 0.0426 and 0.0216 respectively, followed by FNN with an
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average RMSE and MAE of 0.0447 and 0.0183 respectively, CNN came last with an average

RMSE and MAE of 0.0527 and 0.0311 respectively. The LSTM’s average RMSE was 4.69%

and 19.16% lower as compared to FNN and CNN in order. The study concluded LSTM

performed better than FNN and CNN due to its ability to interpret variable sized time

series battery data in a better manner.

In addition to the battery related studies mentioned above, a study carried out by

Chandra et al. [48] evaluating deep learning models for multi-step ahead time series pre-

diction where neural network models includes FNN-SGD, FNN-Adam, LSTM, BD-LSTM,

ED-LSTM, RNN, and CNN is evaluated against multiple real world time series problems.

The results over 7 different problems shown Bi-directional LSTM (BD-LSTM) has a mean-

rank of 2.00, Encoder-decoder LSTM (ED-LSTM) has a mean-rank of 2.14 and LSTM has

a mean-rank of 2.42. CNN achieved a mean-rank of 3.85, followed by RNN with a mean-

rank of 4.85. FNN-Adam was able to outperform FNN-SGD with a mean-rank of 5.42 while

FNN-SGD came last with a mean rank of 7, consistently outperformed by all other models

in all 7 problems. This study once again confirmed LSTM along with its variants, offers the

best performance in time series prediction problems.

Collectively, these studies demonstrated the supremacy of LSTM in both parameter

and capacity estimation tasks due to its ability to maintain data within its cell states. This

characteristic, inherent to LSTM’s architecture, enables effective management of time series

data, thus making LSTM an excellent choice for these estimation tasks.

Based on the compelling empirical evidence provided by these studies, LSTM was se-

lected as the most appropriate model for this thesis, as it exhibits a unique combination of

accuracy, robustness, and data retention capabilities in the context of time-series prediction

problems. With its proven proficiency in handling time-series data and its superior perfor-

mance in comparison with other deep learning models, LSTM demonstrates the necessary

qualities to tackle the challenges posed in this thesis.
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3.5 Long Short-Term Memory Neural Network

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network architecture

specifically designed to address the vanishing gradient problem and capture long-term de-

pendencies in sequential data. It was introduced by Hochreiter and Schmidhuber in 1997

[49].

The LSTM architecture consists of various gates and memory cell, also known as cell

states. Cell states can store information over long periods of time, allowing the network to

retain and utilize relevant information from earlier time steps, The key components of an

LSTM cell are:

• Cell States (Ct): The cell state acts as the memory of the LSTM, It retains and carries

information throughout the entire sequence of inputs, allowing the network to capture

and maintain long-term dependencies. It is depicted as the top horizontal line in Figure

3.3. The cell state is modified using gates and activation functions to selectively add

or remove information.

• Hidden State (Ht): The hidden state is derived from the cell state and carries the

summarized information of the sequence to the current time step, it acts as the output

of the LSTM cell.

• Input Gate (i): The input gate determines which parts of the input should be stored

in the cell state. It combines information from the current input and the previous

hidden state as inputs that passes through a sigmoid activation function and produces

a vector with values ranges between 0 and 1, 1 represent to keep data and 0 means the

data will not be kept for update.

• Forget Gate (f): The forget gate decides which information to discard from the cell

state. It takes the current input and the previous hidden state as inputs that pass

through a sigmoid activation function and outputs a vector with values range between
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0 and 1 for each element in the cell state, 1 represent to keep data and 0 means the

data will not be kept for update.

• Output Gate (o): The output gate controls the flow of information from the cell state

to the output. It takes the current input and the previous hidden state as inputs that

pass through a sigmoid activation function and outputs a vector with values range

between 0 and 1 for each element in the cell state, 1 represent to keep data and 0

means the data will not be kept for output.

Figure 3.3: Diagram of a LSTM cell

In this part, we have a LSTM neural network with h hidden units and number of inputs

is d. A forward pass of above model contains the following steps, during the forward pass,

information flows through cell states Ct:

• Last time step’s hidden state Ht−1 and the current time step input Xt is concatenated

and entering the data rail depicted as the bottom horizontal line in Figure 2.5, we will

refer to it as combined input.

• The combined input is fed into the forget gate, which decides what information is

going to be discarded from the cell state, a sigmoid layer within the gate will output a
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number between 0 and 1 for each number in last time step’s cell state Ct − 1, 0 means

to discard that information and 1 means to keep the information. The formula for

forget gate is as follows:

ft = σ(WxfXt +WhfHt−1 + bf ) (3.1)

where Wxf ∈ Rd×h and Whf ∈ Rh×h represents weight parameters between input

layer to hidden layer and hidden layer to hidden layer and bf ∈ R1×h represent bias

parameter of the forget gate.

• The combined input is then fed into the input gate to decide what new information

will be stored in cell state. Inside the input gate, a sigmoid layer acts as a filter of

identifying which component of the new candidate vector will be updated in cell state.

A tanh layer also takes in the combined input and output a vector of new candidate

values C̃t, every value in the vector ranges between -1 to 1. The formula for input gate

is as follows:

it = σ(WxiXt +WhiHt−1 + bi) (3.2)

C̃t = tanh(WxcXt +WhcHt−1 + bC) (3.3)

where Wxi,Wxc ∈ Rd×h, Whi,Whc ∈ Rh×h are weight parameters and bi, bc ∈ R1×h are

bias parameters for input gate.

• From the steps above we have output from forget gate ft that dictate how much

information within last time step cell state Ct−1 is discarded, output from input gate it

that determines how much of the combined input is to be updated into cell state Ct and

new candidate values from the tanh layer C̃t. To update the cell state Ct, first the last

time step cell state Ct−1 is multiplied with output of forget gate ft using element-wise

multiplication, in this step information is discarded from Ct−1, then a element-wise

multiplication between it and C̃t is performed, as the filtered new candidate inputs
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to the cell state Ct, addition is performed and the new cell state Ct is updated. The

formula is as follows and ⊙ represents element-wise multiplication:

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (3.4)

• Next, the output of output gate ot is calculated, the combined output is fed into the

output gate, a sigmoid layer will output a number between 0 and 1 for each value in

cell state Ct, if the number is 1 then the information will be included in the hidden

state ht to impact subsequent layers, if the number is 0 the information would be kept

away from subsequent layers. The formula for output gate is as follows:

ft = σ(WxoXt +WhoHt−1 + bo) (3.5)

where Wxo ∈ Rd×h and Who ∈ Rh×h are weight parameters and bo ∈ R1×h represent

bias parameters for the output gate.

• The hidden stateHt is calculated by applying tanh to the cell state Ct, this step ensures

the values within Ct are between -1 and 1, this vector is then multiplied with output of

output gate ot and the result is hidden state Ht. The formula for calculation of hidden

state Ht is as follows:

Ht = ot ⊙ tanh(Ct) (3.6)

• Finally, the final estimation result yt is calculated by passing the output hidden state

of each time step Ht through a fully connected layer, the formula is as follows,

yt = WfcHt + bfc (3.7)

where Wfc and bfc are the weight parameters and bias parameters for the fully con-

nected layer.
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The backward pass of LSTM is similar to the backward pass of Recurrent Neural Net-

work introduced above, the error gradients are calculated and propagated through time

using Back Propagation Through Time (BPTT) algorithm, as the gradients flow through

the LSTM layers, the weights are updated based on these gradients to minimize the error,

the loss function used to calculate error gradients in this work is mean squared error (MSE),

the formula is as follows:

MSE =
1

N

N∑
i=1

(yt − y∗t )
2 (3.8)

where yt is the output, y∗t is the target and N is the batch size.

LSTM and recurrent neural network shares several advantages in their application to

sequential data modeling. Both LSTM and RNN are capable of capturing temporal de-

pendencies and modeling dynamic patterns in sequences, they can handle variable-length

sequences and are well-suited for tasks such as time series analysis, natural language pro-

cessing, battery parameter and state estimation[9][28], and speech recognition.

One key advantage of LSTM over traditional RNNs is it mitigated the vanishing and

exploding gradient problem introduced in previous sections by utilizing gates. The input,

forget, output gates can regulate the flow of information and gradients carefully, allowing

LSTMs to selectively retain or forget information in the cell state. Despite the advantages

we mentioned above, LSTMs has a few shortcomings, it is more computationally expensive

than traditional RNNs due to its complex architectures and operations, it require significant

computational power and longer time to train, especially for large datasets and complex

structures, LSTM models are prone to overfitting, particularly when training data is limited.

Careful regularization and hyper-parameter tuning are necessary to mitigate this issue and

ensure generalization.
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3.6 Framework

In this work, experiment data was gathered by a in-house built battery test station as

described in Section 1.2, the lithium-ion battery cell used in the experiment is a Nickle-

Manganese-Cobalt-Oxide(NMC) pouch cell, the specifications are presented in Table 1.2.

The temperature of the cell is monitored and controlled with a calorimeter at 35°C and

different charging and discharging current was applied to the cell. Experiment data including

current, terminal voltage and temperature were measured and recorded.

Data for the estimator comes from two sources: experiment data (I, V, T ) gathered

from test station is used by full order model to calculate battery states (Cssurf , Csavg). The

experiment data and battery states is then combined and used as data for LSTM. A flow

chart of the training framework is presented in Figure 3.4.

Figure 3.4: Diagram of training framework.

3.6.1 Data Preprocessing

This combination of experiment data and calculated battery states is then split into

training, validation and testing datasets, two MinMaxScalers fit and transforms features

by scaling each feature to a given range, in the case of this work, the range is carefully

set to between -1 to 1 to prevent saturation of the activation functions within LSTM, the
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transformation process of MinMaxScaler is as follows:

Xstd = (X −X.min(axis = 0))/(X.max(axis = 0)−X.min(axis = 0)) (3.9)

Xscaled = Xstd ∗ (max−min) +min (3.10)

where min,max = featurerange and X is the data used to compute the per-feature mini-

mum and maximum used for later scaling along the features axis.

The LSTM model embedded within the estimator undergoes training using the training

dataset, while the validation dataset is utilized to validate the hyper-parameters based on

the model’s performance. The results presented in this work are obtained from the testing

dataset. It is crucial to exclude the validation set from the testing process to prevent bias in

parameter selection. Including the validation set in testing would compromise the unbiased

nature of the error evaluation. Thus, ensuring the use of an unseen test sample is essential

to achieve accurate and unbiased results, as it ensures the model is evaluated on data it has

not encountered during training or parameter selection.

Many precautions are taken to ensure the result is an accurate representation of the

model. Data is split first before it is fitted to the training set and transformed by MinMaxS-

caler, this is to prevent any future information from inadvertently seeping into the model

during the training process. The process of data preprocessing is depicted in Figure 3.5.

3.6.2 Design of neural network

In this work, a deep LSTM neural network is employed, this architecture with multiple

layers and large hidden size provides the model with increased capacity to learn complex

dependencies and capture intricate patterns in sequential data. The architecture of deep

LSTM neural network used in this work is depicted in Figure 3.6. The deep LSTM neural

network consists of 3 stacked LSTM to increase the depth of neural network.
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Figure 3.5: Process of data preprocessing.

The LSTM model described in this work has many hyper-parameters, they are de-

termined empirically, three evaluation criteria were used to determine the performance of

combination of hyper-parameters, and the hyper-perimeter used for results are listed in Table

3.1.

PyTorch, a machine learning framework [50], is used in this work to implement the

neural network, the model is trained and tested on a desktop PC running windows 11 and

python 3.11 with a Nvidia RTX 4090 GPU.
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Figure 3.6: Diagram of Deep LSTM Neural Network

Hyper-parameter Value
Loss function MSE
Optimizer Adam

Learning rate 0.0001
Max number of epochs 30000

Hidden size 512
Number of layers 3

Batch size 2048
Sequence length 100

Table 3.1: Hyper-parameters for LSTM

3.6.3 Model training and validation

During training and validation, each epoch consists of following steps:

• Custom DataLoader Class object generates Input data with and output target values

for training. The Custom Data Loader class have batch training capability, can gen-

erate input sequences of variable length, and is able to shuffle at sequence level when

sequence length is greater than 1.
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• Batches of input sequences are fed into LSTM model to output predicted values, the

predicted values are compared with target values through loss function (MSE), and

the error gradients are used to update model weights and improve accuracy through

back propagation through time (BPTT).

• After DataLoader exhausted all training data, the model moves onto validation. Vali-

dation is similar to training process where DataLoader generates input data sequences

for model to perform prediction where it is compared with target value through loss

function (MSE). Unlike training, the error gradient is not back propagated through

time, instead the loss will be recorded as a metric to evaluate performance of model

on unseen data.

Figure 3.7: Process flow of training and validation.

The training and validation process is depicted in Figure 3.7. A technique known as

Teacher Forcing is applied, where CT−1
ssurf

and CT−1
savg from the input sequence are true target

values instead of model’s output, this prevented model to make predictions based on incorrect

inputs, thus allowed the model to learn more effectively.
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3.6.4 Model testing

During testing, the process is as follows:

• Scaled testing data is passed to a custom DataLoader class to generate input sequence

for model.

• Trained LSTM model outputs predicted output. The predicted output is first used to

calculate and record loss at each step with scaled target value. Then, the predicted

output is inverse transformed to its original scale and used as input for next time step.

• The sequence of predictions will be plotted and compared with target value to test the

performance of model when unseen data is encountered.

The testing process is depicted in Figure 3.8, note the output vector y is first inverse trans-

formed from scaled values to original scale, then it is scaled by input scaler to be used as

inputs for the next time step prediction. This process allows the model to generate a se-

quence of predictions over time, each one feeding into the next, all while ensuring the scale

of the input data remains consistent with the scale used during training.

Figure 3.8: Process flow of Testing.

46



3.7 Results

The overall performance of data-driven estimator is evaluated in this section. A previous

unseen set of driving cycle data containing both charging and discharging is measured in

battery test station is used for this evaluation.

Current, voltage and temperature is measured and recorded during the experiment, the

temperature of lithium-ion cell is monitored and controlled by a calorimeter at a constant

35°C throughout the experiment.

The experiment data is then used to calculate electrode surface concentration and av-

erage electrode concentration values by Full Order Model, where one particle in Anode is

considered. The results of FOM is considered to be reference target value in this evaluation.

The data-driven estimator is also compared with the polynomial reduced order model

(ROM), which is introduced in section 2.2.3.

The estimations made by data-driven estimator (LSTM) and polynomial ROM model

is plotted against reference FOM, the errors between predicted value and reference value

is calculated by four error metrics and results are also visualized and compared between

data-driven estimator (LSTM) and polynomial ROM model.

The current and voltage data recorded during the experiment that’s used in this evalu-

ation is shown in Figure 3.9 and Figure 3.10 respectively.

3.7.1 Error metrics

Four error metrics are used in this evaluation to analyze the accuracy of data-driven

estimator.

• Mean Absolute Percentage Error (MAPE):

MAPE =
100

n

n∑
t=1

∣∣∣∣At − Ft

At

∣∣∣∣ (3.11)
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Figure 3.9: Current data used in evaluation.

where At is the actual target value and Ft is the estimated value, the sum of absolute

percentage error of n items are divided by n.

• Root Mean Squared Error (RMSE):

RMSE =

√√√√ n∑
t=1

(ŷt − yt)2

n
(3.12)

where ŷt is the estimated values and yt are target values, n is the number of estimations

made.

• Absolute Error (AE):

AE = |ŷt − yt| (3.13)

where ŷt is the estimated values and yt are target values.

• Mean Absolute Error (MAE):

MAE =

∑n
t=1 |ŷt − yt|

n
(3.14)
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Figure 3.10: Voltage data used in evaluation.

where ŷt is the estimated values and yt are target values, n is the number of estimations

made.

3.7.2 Evaluation for electrode surface concentration estimation

Estimation results of polynomial ROM for electrode surface concentration of single

particle in anode during driving cycle is plotted against target values calculated by FOM,

as shown in Figure 3.11.

From the plot we can observe that the estimations made by Polynomial ROM model is

relatively consistent with the target values calculated by the FOM. Figure 3.12 shows the

first 1000s of the estimations made by the polynomial ROM model. Detailed inspection of

the plot shows that the Polynomial ROM model is not able to accurately estimate changes

in surface concentration levels during charging where surface concentration increases.

The estimation results of data-driven LSTM model for electrode surface concentration

of single particle in anode during driving cycle is also plotted against target values calculated

by FOM, shown in Figure 3.13.
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Figure 3.11: Estimations of electrode surface concentration of single particle anode by Poly-
nomial ROM vs. FOM target values.

From the plot we can make the observation that the estimations made by data-driven

LSTM model is also able to capture changes of electrode surface concentration. Figure 3.14,

which shows the first 1000s of the estimations made by the data-driven LSTM model, proved

that the model has superior performance in initial stages of estimation.

Figure 3.15 shows the surface concentration estimation with FOM, ROM and LSTM.

We can observe the LSTM’s result is higher than FOM while polynomial ROM is lower than

FOM. The estimations made by LSTM is very accurate at start but starts to drift away from

target value around 1500s mark.

Results of error metrics were shown in Figure 3.16, Figure 3.17, Figure 3.18 and Figure

3.19, following observations can be made.

1. Data-driven LSTMmodel has a initial advantage compared to polynomial ROMmodel.

At the 1300s mark, data-driven LSTM model achieved a MAPE of around 1%, which

is significantly better than the polynomial ROM model’s 3.1% error at the same time

point. This demonstrated the potential of data-driven LSTM model to offer precise

predictions in the short term.
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Figure 3.12: First 1000s of surface concentration estimations by Polynomial ROM vs. FOM
target values.

2. The data-driven LSTM model’s error increased over time. This issue is most likely

caused by compounding error where the prediction of last time step is used as input

for current time step. Despite the issue, data-driven LSTM model still outperforms

the polynomial ROM model at the 2000s mark with a MAPE of 3.27% compared to

polynomial ROM’s 3.45%.

3. At the 3000s mark, the MAPE of data-driven LSTM model (6.99%) exceeds the poly-

nomial ROM model’s error (4.35%), and displayed a trend of continuous increasing as

time increases.

The results of MAPE, RMSE, AE, and MAE showed the data-driven LSTM model have

superior short-term performance, but as time increases, errors in prediction gets compounded

and affects the accuracy of the model. On the other hand, polynomial ROM model have

a slowly increasing but steady error curve, on a long term prediction scenario, polynomial

ROM model will outperform data-driven LSTM model in accuracy.
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Figure 3.13: Estimations of electrode surface concentration of single particle anode by data-
driven LSTM vs. FOM target values.

Figure 3.14: First 1000s of surface concentration estimations by data-driven LSTM vs. FOM
target values.
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Figure 3.15: Surface concentration estimation of single particle anode by FOM vs. Polyno-
mial ROM vs. LSTM.

3.7.3 Evaluation for average electrode concentration estimation

Estimation results of polynomial ROM for average electrode concentration of single

particle in Anode during driving cycle is plotted against target values calculated by FOM,

as shown in Figure 3.20.

The Polynomial ROM model’s estimation have shown similar trends with the target

values calculated by the FOM. Detailed inspection of the plot shows that the Polynomial

ROM model have a very consistent error compared with target values, and it does not reflect

minor changes in concentration well.

The estimation results of data-driven LSTM model for electrode surface concentration

of single particle in Anode during driving cycle is also plotted against target values calculated

by FOM, shown in Figure 3.21.

Figure 3.22 shows the surface concentration estimation with FOM, ROM and LSTM.

We can observe the LSTM’s result is higher than FOM while polynomial ROM is lower than

FOM. The estimations made by LSTM is very accurate at start but starts to drift away from

target value around 1500s mark.
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Figure 3.16: MAPE of surface concentration (ROM vs LSTM)

Figure 3.17: RMSE of surface concentration (ROM vs LSTM)
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Figure 3.18: AE of surface concentration (ROM vs LSTM)

Figure 3.19: MAE of surface concentration (ROM vs LSTM)
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Figure 3.20: Estimations of average electrode concentration of single particle anode by Poly-
nomial ROM vs. FOM target values.

Similar to surface concentration estimation, data-driven LSTMmodel have a great initial

performance as the estimations are very close to the target value. As time progresses the

estimations starts to shift away from target values but was able to reduce error near the

2800s mark.

Results of error metrics for average concentration prediction were shown in Figure 3.23,

Figure 3.24, Figure 3.25 and Figure 3.26, following observations can be made.

1. Data-driven LSTMmodel has a initial advantage compared to polynomial ROMmodel.

At the 730s mark, data-driven LSTM model has a MAPE of 1.5%, while polynomial

ROM model has a MAPE of 2.2%.

2. At 1300s mark, data-driven LSTM model’s MAPE decrease to 1.1%, which is out

performed the polynomial ROM model’s 2.48% error at the same time point.

3. At 2000s mark, data-driven LSTM model achieved a MAPE of 2.55%, outperforming

the polynomial ROM model’s MAPE of 2.8%.
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Figure 3.21: Estimations of average electrode concentration of single particle anode by LSTM
vs. FOM target values.

4. At the 3000s mark, data-driven LSTM model has a MAPE of 5.16%, higher than

polynomial ROM model’s 3.4%.

Results from MAPE, RMSE, AE, and MAE further confirmed that the data-driven

LSTM model is better at short-term prediction, initial predictions have a significantly lower

error compared with the polynomial ROM model, while polynomial ROM model outperforms

data-driven LSTM model in long term estimations. Both models’ error increase over time,

but polynomial ROM model accumulates error at a much slower rate compared with data-

driven LSTM model.

3.7.4 Computation speed

During testing of data-driven LSTM model, the computation time of each time step is

recorded and presented in Table 3.2. It is worth noting that the SPM model and polyno-

mial ROM’s computation time is not compared in this work due to different programming

environments.
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Figure 3.22: Average concentration estimation of single particle anode by FOM vs. Polyno-
mial ROM vs. LSTM.

1. Prediction time:

This is the amount of time taken for LSTM neural network to make a prediction based

on input data.

2. Total time:

This is the amount of time taken to inverse transform model output into its original

scale plus the aforementioned prediction time.

The results presented is the average computation of 5 tests.

Average Max Min
Prediction time 1.249ms 1.877ms 1.190ms
Total time 4.654ms 20.262ms 4.003ms

Table 3.2: Computation time for data-driven LSTM model.

It has shown that the computation time for data-driven LSTM model is very fast,

capable of real-time applications.
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Figure 3.23: MAPE of average concentration (ROM vs LSTM)

Figure 3.24: RMSE of average concentration (ROM vs LSTM)
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Figure 3.25: AE of average concentration (ROM vs LSTM)

Figure 3.26: MAE of average concentration (ROM vs LSTM)
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3.8 Summary

The first significant performance characteristic of the LSTM-based, data-driven model

developed in this thesis was its initial superior accuracy. Specifically, the model achieved

an impressive Mean Absolute Percentage Error (MAPE) of 1.09% at 1000s for estimation of

surface concentration for single particle anode, and 1.27% at 1000s for estimation of average

concentration for single particle anode, a notable improvement over the 2.93% and 2.34%

error exhibited by the polynomial Reduced Order Model (ROM) at the same time point.

This initial performance strongly demonstrated the potential of LSTM models for providing

precise short-term predictions in the field of lithium-ion concentration estimation.

However, as time progressed, errors within the LSTM model began to increase. Despite

this trend, it’s crucial to note that the model still outperformed the polynomial ROM at the

2000-second mark, delivering an error rate of 3.27% against the ROM’s 3.45% for surface

concentration estimation and 2.55% against polynomial ROM’s 2.80% for average concen-

tration estimation. At the 3000-second mark, the LSTM model’s error did exceed that of

the ROM, registering at 6.99% compared to the ROM’s 4.35% for surface concentration and

5.16% compared to the ROM’s 3.40%. Although this indicates an area of improvement for

the LSTM model in long-term prediction accuracy, the performance still highlighted the

LSTM’s competitive potential against traditional polynomial ROM models.

In summary, the LSTM-based, data-driven model developed in this work demonstrated

robust performance in short-term predictions, with competitive long-term results against the

polynomial ROM model. Its capacity for further performance improvement, coupled with

its dynamic learning ability and flexibility, renders the LSTM model a promising approach

for estimating average electrode concentration and surface concentration in lithium-ion cells.
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3.8.1 Analysis of Prediction Error Increase and Potential Improvements

As the results shown, while LSTM based data-driven model excels at short-term predic-

tions, the long-term accuracy is out performed by polynomial ROM model. In this subsection

this issue is investigated, and potential improvement idea is proposed.

Recall in Section 3.3 where a many to one autoregressive forecasting model is selected

based on the constraints of the problem. This is a common strategy for multi-step time

series forecasting known as Recursive Strategy[51]. Because predictions are used in place

of observations, the recursive strategy allows prediction errors to accumulate, leading to a

rapid decrease in performance as the prediction time horizon increases.

Direct Strategy is another major approach to multi-step time series forecasting[48]. The

strategy uses different forecasting models for each forecast horizon, because this strategy uses

different models for prediction, there’s no opportunity to model the dependencies between

the predictions. This strategy also increases computational and maintenance burden as the

time horizon increases. Considering the shorting comings of this strategy, it is not a viable

option for this work.

Summing up, the model we proposed in this work is trained to predict one time step

into the future, but the evaluation process considers the long term multi step accuracy of

the model, which is not what the model is trained for. Various constraints, such as the lack

of observations throughout the time horizon and the necessity for predictions to be made at

relatively short intervals, also significantly impact its long-term accuracy.

One of the possible improvement idea is to find the optimal prediction horizon of recur-

sive strategy, that is, the time range within which the model can deliver precise predictions.

Once the time horizon has surpassed the optimal prediction horizon, the prediction should

be restarted to ensure the model’s accuracy. The drawback of this approach is the imple-

mentation may be difficult since accurate input data is required to restart prediction.

Another possible approach to improve the long term performance of the model is to

utilize a technique known as residual learning. In this case we can develop a separate model
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to predict residual error of the LSTM estimator and correct future forecasts, a high-level

approach is as follows:

1. Estimator Training: LSTM estimator is trained with training data to perform recursive

multi-step predictions, and the residual error (difference between model’s prediction

and actual target value) is calculated and kept as part of training data for residual

model.

2. Residual Model Training: A second residual model is trained using the same input data

used in LSTM estimator training, instead predicting target values, the residual model

tries to predict the residual error recorded during LSTM estimator training process.

3. Prediction: During prediction, the estimator makes the prediction based on the input,

this input is also used by the residual model to predict residual error of estimator

model. The predicted residual error can be used to correct initial prediction made by

estimator, results in potential improvement of model’s accuracy for both short-term

and long-term predictions.

In conclusion, while our LSTM-based model provides satisfactory short-term predic-

tions, its long-term accuracy could be enhanced. The problem mainly arises from the inherent

accumulation of errors in recursive forecasting. By leveraging techniques such as optimiz-

ing the prediction horizon or applying residual learning, we believe the model’s long-term

forecasting capabilities can be further improved.

3.9 Applications

In this section some potential applications of the LSTM estimator is proposed.

3.9.1 Short-term voltage prediction

Follow up on the concentration estimation, a potential hybrid model application is

tested. The output of the LSTM estimator Cssurf and Csavg is used in ROM model to
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perform short-term voltage prediction, this application could be useful in battery control

applications.

For this test, two input datasets were used: Driving Cycle (US06) data is used in

testing and Constant Current Discharge at 0.3C over 11000s. The results are plotted against

Experimental data, FOM calculated voltage and ROM estimated voltage.

The results of driving cycle data is shown in Figure 3.27. Estimations made with Polyno-

mial ROM’s concentration is in orange trace, estimations made with LSTM’s concentration

is in blue trace and FOM calculated terminal voltage is in green trace, the experimental

terminal voltage is shown in dashed red line. Based on the plot we can observe that the re-

sults of ROM and LSTM is very close, but voltage estimation based on LSTM is consistently

greater and closer to the experiment data and FOM result.

Figure 3.27: Terminal Voltage Estimation based on Concentration (Driving Cycle).

The results of CC discharging data is shown in Figure 3.28. Estimations made with

Polynomial ROM’s concentration is in orange trace, estimations made with LSTM’s concen-

tration is in blue trace and FOM calculated terminal voltage is in green trace, the experimen-

tal terminal voltage is shown in dashed red line. Similar observations to driving cycle data
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can be made where estimations based on LSTM is close to estimations made with ROM, but

it is closer to FOM and experimental results after 8000s.

Figure 3.28: Terminal Voltage Estimation based on Concentration (CC Discharging).

Based on the results from datasets above, we can make the conclusion that the LSTM-

ROM voltage estimation performed better than ROM model.

Recall in previous tests the ROM’s results are consistently lower compared to FOM

while LSTM is generally greater, this difference in prediction may contributed to the results

shown in this test.

3.9.2 State of Charge Estimation

Another potential application is to estimate the cell SOC based on the output Csavg of

the LSTM estimator.

Consider the maximum theoretical concentration of lithium in electrode particle is Csmax

and the theoretical concentration when the particle is completely empty of lithium is 0, with

LSTM estimated average concentration of Li in particle at time k: Csavg,k , we can calculate
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the lithium stoichiometry θk at time k:

θk =
Csavg,k

Csmax

(3.15)

The lithium stoichiometry should be a value between 0 and 1, this reflects the amount of

lithium present in the electrode and can be used to calculate cell SOC. The cell SOC often

is within the range of the stoichiometry to prevent potential overcharging or overdischarging

of the battery, which can be described by:

θ0% > 0 and θ100% < 1 (3.16)

where the θ0% and θ100% represents 0% and 100% state of charge respectively.

Therefore we can calculate cell SOC zk as follows:

zk =
θnegk − θneg0%

θneg100% − θneg0%

=
θposk − θpos0%

θpos100% − θpos0%

(3.17)

Note we can use both negative and positive electrode stoichiometry for state of charge calcu-

lation. For positive electrode stoichiometry, θpos0% > θpos100%. Therefore in the positive electrode

part of Equation 3.17, both numerator and denominator of the equation would be negative

values, resulting in positive positive state charge.
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Chapter 4

Conclusion

This final chapter aims to consolidate the major findings of this thesis and highlight

potential avenues for further exploration. The chapter is divided into two sections: Sec-

tion 4.1 outlines the possible areas for enhancing and expanding the proposed LSTM-based

lithium-ion concentration estimator. Section 4.2 summarizes the key achievements of this

work and discusses their implications.

4.1 Future work

While the data-driven LSTM-based lithium-ion concentration estimator presented in

this thesis has demonstrated commendable accuracy and computational efficiency in the

short term prediction, it has also revealed certain areas where further enhancements can be

pursued. The following items indicate the potential future directions:

1. The LSTM model proposed in this work excels at short-term estimations but suffers at

long-term estimations. Different training techniques and regularization methods can

be explored in future work to improve the long-term performance of the model.

2. Hybrid models that incorporate both data-driven and physics-based approaches could

be explored to leverage the advantages of both paradigms.

3. Given its quick computation time, potential real-world applications for the LSTM

model should be explored. This could include deployment within battery management

systems for electric vehicles or renewable energy storage systems.
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4.2 Concluding Remarks

In this thesis, we have developed, implemented, and validated a data-driven estimator for

lithium-ion concentration. Comprehensive details regarding the design, implementation, and

training process have been elaborated, along with the various steps undertaken to augment

the accuracy and reliability of our test results. By employing a stacked LSTM architecture,

we have endowed our neural network with an increased depth, thus enabling it to discern

intricate relationships within the cell.

Our proposed estimator has been critically evaluated and contrasted with the Polyno-

mial Reduced Order Model (ROM), a commonly employed approach in battery modeling.

The results demonstrate that our model exhibits significant promise in delivering swift and

precise concentration estimations. For instance, in surface concentration testing, our estima-

tor attained a Mean Absolute Percentage Error (MAPE) of 1% at the 1000s mark, escalating

to a still impressive 3.29% at the 2000s mark. The model also delivered commendable re-

sults in average concentration testing, with a MAPE of 1.27% and 2.56% at the 1000s and

2000s marks respectively. Furthermore, the rapid computation time of our model lends itself

perfectly to real-time applications.

In conclusion, this thesis presents a comprehensive exploration of lithium-ion cell back-

grounds and architectures, an in-depth review of existing lithium-ion battery modeling and

state estimation techniques, and a systematic classification and comparison of contemporary

battery models. Following the literature review, we propose a data-driven methodology for

estimating lithium-ion concentration at the electrode surface and the average electrode con-

centration. The design, implementation, and training processes are meticulously explained

and demonstrated. Finally, the proposed methodology is validated and compared with the

polynomial ROM, offering promising prospects for future research and real-world applica-

tions.
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