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Lithium-ion batteries dominate the battery industry due to their high energy density, long life
cycle, zero maintenance, minimal self-discharge rate, and versatility. These attributes have sig-
nificantly advanced the green revolution, particularly through their use in Electric Vehicles (EVs)
and Battery Energy Storage Systems (BESS). However, lithium-ion batteries are prone to voltage
fluctuation and tend to overheat during charging. Lithium-ion batteries are also highly flammable
and can undergo thermal runaway as they age. To oversee the overall operation of a lithium-ion
battery during its operational life cycle, a Battery Management System (BMS) is used. The cost
and complexity of BMS are dependent on its scope of applications, available features and don’t
have a unique set of criteria. The BMS monitors parameters like cell voltage, current, and module
temperatures in-order to estimate the batteries’ State of Charge (SOC) and State of Health (SOH).
These parameters are of prime importance in the modern EVs to gauge the battery health and
the range of EV. Since there is no direct measurement of SOC and SOH, they are estimated using
mathematical techniques like coulomb counting, open circuit voltage, impedance measurement,
etc. These techniques will require precise knowledge of battery composition. Modern EVs use
lookup table and current counting method to estimate the SOC and ultimately the range of the
vehicle. In certain contexts, these estimations demonstrate satisfactory performance, yet they are
susceptible to errors and exhibit noise. However, the global demand for lithium-ion batteries is
ever increasing and thousands of data points are measured all around the world by battery manu-
facturers, EV companies and most importantly, by users. These data points can be collected and
made into a global battery database which can then be used to train Machine Learning (ML) and
Artificial intelligence (AI) models. These models then can be used to estimate the SOC and SOH
and other battery parameters that will help the BMS to make smart decisions during operation.
This thesis explores the application of deep learning algorithms in the design of Battery Manage-
ment Systems (BMS) integrated with artificial intelligence (AI). Two ANNs, Deep Neural Network
(DNN) and Long Short Term Memory (LSTM) Network, estimated SOC of an LG 18650 HG2 cell
at four temperatures: -10 ◦C, 0 ◦C, 10◦C, and 25◦C. Initially, DNN trained with voltage, current,
and temperature as inputs yielded unsatisfactory results. Incorporating average voltage and aver-
age current along with those inputs, derived from 500 previous time-steps, significantly enhanced
DNN performance, achieving a mean absolute error of (MAE) of approximately 0.99%. Further in-
creasing neuron count and training epochs slightly improved performance to 0.97% MAE. LSTM,
a type of recurrent neural network, was then utilized which is capable of bidirectional information
flow and memory retention. Despite training for less number of epochs (200 epochs) compared to
DNN (1000), LSTM exhibited competitive performance with an average MAE of 1.08%.

Keywords: Lithium ion batteries, Battery Management System, State of Charge (SOC), SOC
estimation, Neural Networks, AI, Deep Neural Network, Long Short-Term Memory Network
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1. INTRODUCTION

Lithium-ion (hereafter referred to as Li-ion) batteries have become ubiquitous in the mod-

ern world. Since their introduction in the early 1990s, they have been used in numerous

applications due to their high energy density and long cycle life. Sony Corporation intro-

duced the first commercial Li-ion batteries into the market and their popularity peaked with

the increase in consumer electronics [59]. With the rising concern for global warming, the

use of Li-ion batteries for the electrification of vehicles and as an energy storage system

has gained a lot of research interest in the past decades. The urge for clean energy to

reduce carbon footprints makes energy storage paramount in the future. This is because

unlike non-renewable sources, energy from renewable sources like wind and solar are

intermittent and require energy storage systems for continuous and efficient operation. At

present times, different classes of energy storage medium are being researched for their

performance and viability. Zakeri et al. [70] provides a list of energy storage systems

and their life cycle cost assessments. Among them, batteries are one of the promising

forms of energy storage medium because of their rapid response time, flexibility and short

construction cycle. Currently, research is ongoing for numerous battery chemistries and

cell types like lead acid, Li-ion, Sodium-Sulfur (NaS), metal air (KOH), and flow batter-

ies. Lead acid is the oldest and the most mature technology which is currently used for

power applications albeit being slowly replaced by Li-ion cells. However, out of all the

battery chemistries Li-ion shows the greatest prospect for future development due to their

high energy density and storage efficiency (almost 100%)[19]. Grid-connected Battery

Energy Storage Systems (BESS) are one of the potential candidates for future smart grid

systems, providing features like voltage stabilizing for grid-connected photovoltaic plants,

load shifting, peak-demand supply, grid stabilization during supply-demand imbalance,

etc [57]. For instance, AES Energy Storage Company at the Laurel Mountain Wind Farm,

in Moraine, Ohio have built a Li-ion energy storage system with a peak power rating of

32 MW and energy storage capacity of 8MWh [70]. Presently, the largest Li-ion storage

facility in the world is the Moss Landing Energy Storage System in Monterey County, Cal-

ifornia with a peak power rating of 750 MW and energy storage capacity of 3000 MWh

[14]. These projects have proven the viability of the Li-ion chemistry in the energy storage

systems for large scale applications like electricity grids.

The United States Environmental Protection Agency (EPA) stated that the transportation
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sector generates the largest share of greenhouse gas emissions at around 28% (in 2021)

[63]. Another article from International Energy Agency (IEA) stated that 24% emission in

2018 was by transportation sector out of which 45% is contributed by passenger vehicles

[51]. Hence, an alternative mode of transportation or a new fuel source is imperative

for reducing the carbon footprint generated by internal combustion engine vehicles. Cur-

rently, the two best alternatives to fossil fuel vehicles are the battery electric vehicles and

the hydrogen fuel cell vehicles. CE Thomas [61] states that for any vehicles with range

greater than 160 km (100 miles), hydrogen fuel cell vehicles are superior than battery EVs

in terms of mass, volume, initial greenhouse gas reduction and life-cycle costs. However,

hydrogen research is still in its nascent stage and would take some time to be a fully

functional fuel sources. Besides, the high price of fuel cell vehicles, the lack of hydrogen

infrastructure, high cost of building hydrogen refueling centers (compared to EV charging

stations), high cost of hydrogen production, its storage and transportation have made it

difficult for the world-wide adoption of fuel cell vehicles in the current times.

Alternatively, battery electric vehicles have improved drastically in the past decades pro-

viding high reliability and efficiency. Intelligent Battery Management Systems (BMS) are

available to track the State of Charge (SOC) and State of Health (SOH) of the batteries.

Fast charging stations are being built in large numbers around the world to support easy

transition to battery electric vehicles. Because of such reasons, battery electric vehicles

are dominating the alternative transportation landscape, offering unparalleled efficiency,

reduced emissions, and a sustainable solution to address the pressing challenges of cli-

mate change and environmental degradation. This has triggered remarkable efforts in

the field of EV manufacturing and design. Similar to passenger cars, other mode of trans-

portation that can benefit from battery electrification are short distance ferries, delivery

trucks and mobile working machines like small excavators, mining equipment like drills

etc. Batteries pose a problem in situations where vehicle weight must be controlled, such

as in airplanes and cargo ships. This is probably one of the reasons why electrification of

aeroplanes are not considered practical.

The global rise of Electric Vehicles (EVs) is one of the driving factors for bulk research in

battery industry as batteries are paramount in EV manufacturing.The electric car market

showed exponential growth as sales exceeded 10 million in 2022. The global share of

EVs in total sales has tripled in three years, from around 4 % in 2020 to 14% in 2022 [1].

This has also prompted numerous research and advancements in battery technologies.

By 2040, the European Commission projects about 150 to 900 million electric vehicles

and 1300 GWh stationary storage. According to the key projections, the global sales of

Li-ion batteries will increase to around 4 TWh [15] in the high, 2 TWh [15] in the moderate,

and 0.6 TWh [15] in the low scenario by 2040 [15].With this increase in electric vehicles

and grid-level storage, Li-ion batteries are expected to be more cost-effective and reach

the market in great numbers. The increase in demand for electric vehicles is also driving
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the demand for Li-ion batteries. Automotive Li-ion battery demand increased by about

65% to 550 GWh in 2022 from about 331 GWh in 2021 [1]. These figures show that

Li-ion technology is the future of battery energy storage. Due to their exceptionally high

energy density (∼ 300 Wh/kg) compared to other battery chemistries (∼ 75Wh/kg), high

power-to-weight ratio, and highly modular nature, they are the first choice as a power

source in Electric Vehicles (EVs)[31].

EVs are efficient than traditional IC engine vehicles as 59-62% of energy they consume

can be converted to power at the wheels compared to 17-20% in conventional IC en-

gines.[39]. However, Li-ion battery packs in EVs have their own set of problems. The

biggest of which is the estimation of remaining amount of charge which directly relates

to the available range of the EV. The amount of charge remaining as a function of the

nominal capacity of the battery is termed as State of Charge (SOC) of the battery. It is

desirable to operate batteries at a certain SOC range for long life and optimum perfor-

mance [37]. Hence, the knowledge of battery’s SOC is important for estimating other

parameters like State of Health (SOH), ageing, etc. However, estimating SOC is a difficult

task as it cannot be measured directly. Traditionally, two approaches have been used

to estimate the SOC of batteries: Coulomb Counting and Open Circuit Voltage (OCV).

These simple approaches have been replaced by advanced estimation techniques like

Luenberger observer, Adaptive observer, sliding mode observer and Kalman filters for in-

creased accuracy. These methods usually apply cell model with adaptive parameters, to

estimate the SOC. These methods require accurate and precise models to perform SOC

estimation at varying ambient temperature [8] [16]. So, limited prior knowledge regard-

ing the battery chemistry leads to poor model design. Thus, these approaches require

extensive study to formulate accurate models of the battery for SOC prediction.

Compared to above mentioned estimation techniques based on Equivalent Circuit

Model(ECM), data-driven approaches are less complex and simple in structure. The

estimation of SOC based on data-driven approach is assumed to be counter intuitive

as the operating conditions of batteries are complex and non linear. However, with the

availability of powerful computing machines, large database and using multiple hidden

layers, these non linearity between the input and output can be tackled with remarkable

accuracy. Different deep learning algorithms like Artificial Neural Network (ANN), Long-

short Term Memory (LSTM), Recurrent Neural Network (RNN), Fully Connected Neural

Network (FCNN), Temporal Convolutional Network (TCN), Non Linear Auto-regressive

Neural Network (NARX) etc. use hidden layers with non-linear activation functions like

sigmoid and hyperbolic tangent to describe and model the non-linearity between inputs

and outputs[25].

There are many neural network models that are currently under research for battery SOC

estimation. However, this is difficult as there are myriads of battery parameters that come
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at play when determining the SOC of a cell. Besides, neural network model need large

set of data to train and they have risk of over-fitting if the parameters are not set prop-

erly. Which network parameters play the important role? Are the model able to handle

non-linear relationship between battery physical parameters like voltage, current, temper-

ature, age, chemistry etc. and SOC? How can the model be trained and what shall be

done to increase the training efficiency? This thesis attempts to answer these questions.

The objective of this thesis is to design a Artificial Neural Network(ANN) that estimates

the State of Charge (SOC) of a Li-ion battery and analyze its performance and short-

comings. More specifically, this thesis deals with use of Feed Forward Deep Neural Net-

work (FFDNN) and Long-Short Term Memory (LSTM) network to estimate the SOC of

the Li-ion batteries. FFDNN is one of the simplest types of neural network architecture.

The information flow is unidirectional (hence the name feed forward). It is simple to imple-

ment and has fewer complexities while modelling in programming environments. Hence,

it has been chosen for the SOC estimation purpose. However, FFDNN are rudimentary

for time series data analysis like SOC where the input from previous time step is helpful

for estimating current time step value. This is where Long Short Term Memory (LSTM)

network prove their superiority. LSTM networks have a feedback loop in them which uses

information from previous time step to make estimations in the current time step. This

network architecture is famous in time series data estimations like load forecasting, stock

market predictions etc. Hence, it has been chosen as a suitable architecture to contrast

performance against FFDNN. More information on these have been provided in section

3.

This thesis is organized as follows: Section 2 deals with the background of Li-ion bat-

teries and the problem of SOC estimation. Section 3 deals with the implementation of

a neural network model, estimation of SOC, and calculation of error metrics. Section 4

presents the analysis of the results obtained from the model. Section 5 dives deep into

the discussion of the results and observations made from the entire process. The thesis

is concluded in section 6 with references for future work.
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2. THEORY OF LI-ION BATTERIES, BATTERY

MANAGEMENT SYSTEM AND SOC ESTIMATION

Lithium batteries have been in the market since the early 1990’s. The elemental Lithium

is the lightest metal with the highest electrochemical potential and provides the highest

energy density for the given weight making it suitable for portable electronics and EVs.

Before delving deep into the estimation of SOC, a short introduction of Li-ion batteries

and BMS is give here.

2.1 Lithium-ion Battery

Li-ion batteries are a category of rechargeable cells that use lithium ions as their energy

storing element. A typical Li-ion cell consists of four main components as shown in figure

2.1:

• a positive electrode (cathode) made of lithium liberating compounds like Lithium

Cobalt-Oxide (LiCoO2), Lithium Manganese-Oxide (LiMn2O4), Lithium Nickel-oxide

(LiNiO2), Lithium Iron-Phosphate (LiFePo4) etc. It is the main source of lithium ions

and determines the capacity and the average voltage of the battery.

• a negative electrode (anode) made of carbon, usually graphite, that stores lithium

ions in its crystal structure (termed as intercalation) and allows the releases of

lithium ions from the cathode, allowing the pass of currents through the external

circuits.

• a separator layer which is usually a porous membrane that prevents the short circuit

between the electrodes and helps in transfer of ions. It is usually made of organic

polymers like polyethylene (PE), polypropylene (PP) or PE/PP with pore size in the

ranges of the micrometers. [38]

• and an electrolyte made of lithium salt in organic solvents like lithium hexafluo-

rophosphate (LiPF6) that works as a medium for lithium ions movements.

During Li-ion battery charging, energy from the external circuit drives lithium ions from

the positive electrode to the negative electrode, where they intercalate with electrons into

the graphite crystal structure. Full charge occurs when all lithium ions are intercalated

into the graphite. During discharge, lithium ions move back to the positive electrode via
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Figure 2.1. Schematics of Li-ion Battery

Figure 2.2. Comparison of different cell chemistries. (Taken reference from [60])

the separator and electrolyte, while electrons flow to the positive electrode through the

external circuit. The separator permits Li-ion passage but blocks electron flow. Intercala-

tion and deintercalation refer to the insertion and removal of Li-ions and electrons into the

graphite structure, respectively, a process repeated during charge and discharge cycles.

This cycling resemblance has led to the term "rocking chair batteries" for lithium batteries.

The major focus on Li-ion batteries compared to other battery chemistries is due to the

fact that Li-ion batteries are superior in most of the benchmark tests. Li-ion batteries pro-

vide high energy density, flexible and lightweight design, and a longer lifespan compared

to other battery technologies.

Figure 2.2 compares cell chemistries and energy density. Li-ion boasts an energy den-

sity nearly 5 times higher than lead acid batteries [59], ideal for portable electronics and
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electric vehicles due to its compactness. Its stable chemistry ensures longevity and faster

recharge times, especially important with the rise of EVs [43]. However, safety concerns

persist, including overheating risks and environmental impact due to scarce and toxic

materials like lithium and cobalt. Recycling remains a challenge, with only 5% of Li-ion

batteries recycled [56]. Moreover, Li-ion batteries are sensitive to overcharging, under-

charging, and overheating, necessitating careful monitoring and management through a

Battery Management System (BMS).

2.2 Battery Management System

Li-ion batteries packs are always equipped with a battery monitoring system also termed

as BMS. A BMS is a combination of hardware and software units that continuously de-

termine the battery state using the predefined algorithms and protocol. This process

is called as battery monitoring [66]. BMS unit can be aptly termed as the brain of the

battery energy system. BMS has features like charge control, battery efficiency com-

putations, remaining run-time information, cycle counting, battery life prognosis, thermal

management, prediction of battery failure, and safety alarm for over-the-limit usage [57].

The charging current and the temperature must be monitored for Li-ion batteries to oper-

ate within their safe limits, which is the main function of BMS. The BMS also helps in cell

balancing and prevents cells from fully discharging. This helps the cells operate at their

optimum level, increasing their operating life. A further aspect of BMS is the temperature

monitoring of cells to prevent temperature extremes. This thermal control also helps bat-

teries operate at their optimum performance and increases the effective operating life of

the battery. A block diagram showing the major components of a typical BMS used in EVs

is shown in figure 2.3.

As shown in figure 2.3, BMS has central control over different battery parameters. It

provides charge control and monitoring. Besides, a cell module is made up of individual

cells, that require cell balancing which is another function of BMS. However, the main

feature of BMS is its safety mechanism. BMS safeguards battery from overcharging, over

discharging and overheating. Modern BMS are also equipped with data control and data

communication features. This makes them able to transmit information to the user for

further analysis and easy decision making, for example in the case of EVs.

BMS acts on external as well as internal triggers. The electrochemical nature of the bat-

tery is complex and it performs differently in various operational and environmental condi-

tions. BMS is tasked with measuring, logging, and sensing the battery parameters like cell

voltage, discharge current, module temperature, ambient temperature, charge/discharge

cycle counts, etc. BMS comes in different configurations based on its applications. Con-

sumer electronics like hand-held and portable electronics have relatively simple BMS
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Figure 2.3. Block diagram of a typical BMS

compared to an EV. This is because cells used in EVs are hundreds of times bigger than

those used in consumer electronics. They are designed for high-power applications like

driving the inductor motor and hence should be able to handle high voltage, high cur-

rent, and frequent charge/discharge cycles. This makes the design of BMS for EVs more

complicated than those for portable electronics[68].

A BMS is a combination of hardware and software units. BMS has safety mechanisms in

place for over-temperature and charge control. Charge control is necessary as Li-ion bat-

teries use the Constant Current/Constant Voltage (CC/CV) charging principle. Hence, a

galvanostat and a potentiostat are important hardware equipment in BMS [26]. A thermal

module is present to sense temperature imbalance. Apart from these, data communi-

cation is necessary with the vehicle’s onboard system. So, a transmitter and a receiver

units are also present. Modern BMS are micro-processor driven and hence have data

acquisition systems for data collection. A smart charge controller is also present to limit

the charging and discharging current.

While the hardware interacts directly with the physical battery, most of the decision-

making and analysis takes place using software. So, software can be aptly considered

the "Brain of the BMS". Estimation of states, fault identification, making decisions, control

of the hardware equipment, sensor control, switching control, etc. are all performed with

software. Besides these, data analysis, online data manipulation, and data storage are

other important tasks carried out via software. Cell balancing, temperature monitoring,

and smoke detection are very important tasks that software handles. State estimation of

battery also includes the estimation of SOC and SoH which are calculated based on vari-

ous models and algorithms like state space model, neural network, fuzzy logic, etc. SOC

is estimated using the voltage, current, and temperature measurement while SoH is esti-
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mated by measuring performance degradation in the battery which is related to capacity

fade and power fade [26].

Figure 2.4. Software and Hardware specifications for a BMS

Figure 2.4 shows a basic breakdown of hardware and software units in a typical BMS

[68]. The hardware consists of safety and data acquisition parts along with communica-

tion channels and thermal management system during overloads and overheating. The

safety circuitry consists of the over-voltage and over-current protection. Usually a circuit

breaker is used to trip the load or the charging circuit if the voltage/current is more than

the recommended value. The sensor system is a complex network of voltage sensor,

current sensor, temperature sensor among others. These feed the data to the processing

unit for further processing and analysis like calculation of battery voltage, remaining time

for charging/discharging etc vai the DAQ (Data Acquisition System). DAQ are ADC/DAC

(Analogue to Digital Conversion and vice versa) capable device that converts the continu-

ous analogue signals (like voltage and current) to digital signals for processing. Thermal

management has to be done because of the thermal runaway problem in Li-ion batteries.

As batteries age, there is significant heating during the charge/discharge cycle. Thus, the

temperature of the batteries needs to be observed.
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Software, on the other hand, is responsible for decision and calculations. Based on the

current and voltage measurements, software calculates the capacity of the battery. It

also tracks cell voltage level of individual cells in a module and charges/discharges them

as necessary. If the measured values are indicators of any fault (for example: a battery

showing low voltage even after charging), the software alerts the owner for checks and

maintenance. Most importantly, BMS also provides, the capacity assessment of the bat-

tery which tells the owner how much charge is left (i.e SOC) and what’s the age or health

of the cell (i.e. SOH).

2.3 Estimation of State of Charge (SOC)

State of Charge is defined as the ratio of the available amount of charge in the battery

to the maximum amount of charge the battery can hold when fully charged at the same

specific standard condition [42]. It is usually expressed in percentage such that 0 % rep-

resents battery with no usable charge while 100 % represent battery that is fully charged.

Mathematically it can be expressed as:

  SOC = \frac {Q_{available}}{Q_{usable}} * 100 \% \label {eq: SOC_eq} 




  (2.1)

One thing to notice is that the usable charge of the battery is a little less than the rated

charge of the battery due to internal heating loss, side reactions and aging. Estimation

of SOC is a difficult task because it is not measurable directly and relies on mathematical

formulation or other estimation methods. To add to the complexity, SOC is affected by bat-

tery aging as the electrochemical side reactions occurring in the battery reduces the max-

imum capacity of the battery over time. This leads to non-stationary, non-linear battery

degradation characteristics. Besides, the temperature of the battery also affects the esti-

mation of SOC. Despite these challenges, the measurement of SOC is critical as it directly

relates to the available range in an EV. It acts as a foundation for estimating the State of

Health (SoH), State of Power (SoP), Remaining Useful Life (RUL), Battery Age, Calen-

dar Life, and so on. Accurate prediction of SOC gives an idea of charging/discharging

strategies too. Especially in EVs, SOC is analogous to the fuel gauge in a traditional IC

engine vehicles [26] [68]. Modern EVs use a combination of techniques mentioned below

to draw out conclusion regarding the SOC of the battery. However, exact techniques are

company secrets and each company deals with this problem independently. Accurately

predicting SOC is an important milestone in developing reliable battery energy storage

systems. Before moving onto the neural network models, conventional approaches which

are used for estimation of SOC have been discussed below.
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2.3.1 Coulomb Counting

Several mathematical methods have been introduced since 1980’s to estimate the SOC

of batteries. Among them, the most common method is coulomb counting. It uses the

current integration to estimate the available capacity of the battery and predict the SOC.

Mathematically, the coulomb counting method is expressed as:

  \label {eq: SOCequation} SOC = 1 - \frac {\eta \int _{t_{0}}^{t} i \,dt}{C_n}  








(2.2)

where
∫︁ t

0
i dt represents, the integral of current over time period of t - t0 sec and η rep-

resents a constant called Coulomb efficiency. Coulomb efficiency refers to the ratio of

discharge capacity after full charge to the charging capacity of the same cycle. It rep-

resents how much energy during charging gets transferred while discharging and is a

numerical value less than 1. Coleman et al. [13] define the SOC of the battery as shown:

  \theta = \theta _{0} - {1\over C_{N}}\int \limits _{t_{0}}^{t}\delta _{(I)}I_{\rm Batt}dt  







 (2.3)

where θ0 is the rated SOC, CN is the rated nominal capacity, IBatt is the battery current,

and δ(I) is the current loss efficiency (usually 0.98-1). Theoretically, this is the most exact

method of estimating the SOC of the battery. This method is simple to implement requiring

low computational power. However, in reality there are issues with the accuracy of the

value obtained using this approach. Estimating the initial rated capacity is a challenge

in itself. The error in initial estimation of rated capacity of battery may have cumulative

effect on the final value of predicted SOC. Hence, periodic re-calibration of measurement

is necessary. Also, this is an open loop approach and can result in significant error due

to disturbances like noise, temperature, etc. [26].

2.3.2 Open Circuit Voltage

Snihir et al.[55] used statistical method to predict the open-circuit voltage on the basis

of voltage curves obtained by charging batteries with different currents. They found

that if a battery is allotted enough resting time for charge balance, the Open Circuit

Voltage (OCV) can be used to predict the SOC of batteries. However, the relationship

between OCV and SOC is different for different types of batteries. The relationship

depends on the material and capacity of the battery. For example, lead -acid cells

have linear relationship between OCV and SOC while Li-ion cells don’t [58] [26]. This

method is simple and can be highly precise but it suffers from the drawback of having

to wait long time for the charge balance to take place. For example in LFP cell,

reaching this equilibrium can take as much as two hours [26]. This time lag is a prob-
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Figure 2.5. OCV/V vs SOC charge and discharge profile of C/LiFePO4 battery tested
under 25 ◦C, for 3 h [42]

lem for EVs as waiting two hours for correct prediction of SOC is unrealistic in daily usage.

Also, batteries have hysteresis characteristics which results in low open circuit voltage

during discharge and high open circuit voltage when charged as shown in figure 2.5.

It can be observed from the figure that the open circuit voltage (OCV) is different for

charging and discharging cases. The OCV is higher while charging. Besides, OCV is

dependent on the temperature as well making it even harder to make predictions based

on OCV alone. So careful consideration of voltage values is just as important.

2.3.3 Internal Resistance Measurement

This method takes into consideration the battery voltage and current to measure the in-

ternal resistance of the battery. Voltage is measured with the variation in current usually

in the small time range of less than 10 ms [26]. The resistance so calculated is termed as

DC resistance which represents the capacity of battery in DC. The DC resistance ranges

in mΩand it is very hard to accurately obtain the value. Also, the internal resistance of

battery changes slightly with the wide range of SOC values as shown in figure 2.6 which

makes it difficult to predict SOC. Because of these reasons, this approach is almost never

used for prediction of SOC.

2.3.4 Electrochemical Impedance Spectroscopy (EIS)

EIS is a powerful tool to understand the dynamics of the Li-ion cell. It works by applying

small excitation current/voltage wave to the electrode and records the resulting response

in the form of voltage and current. These perturbation signals are usually sinusoidal

potential wave of amplitude Eac0 superimposed on a constant dc potential Edc0. This
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Figure 2.6. Variation of internal resistance with respect to SOC in Li-ion batteries [42]

gives a current response which can be written in Fourier series as:

  i = i_0 + i_1 + \sin (\omega t + \Psi _1) +i_2 + \sin (2\omega t + \Psi _2) + ......i_n + \sin (n\omega t + \Psi _n)               (2.4)

The magnitude (i1) and phase (Ψ1) of this current density are recorded. The vector

ratio of the this potential to current is denoted as impedance [20]. By using excitation at

different frequencies and at various SOCs, it is possible to develop accurate equivalent

circuit models of the battery [40]. EIS uses these models to estimate the impedance at

wide range of frequencies and develop an accurate model of the battery. A typical first

order equivalent circuit model of impedance of a Li-ion battery is shown in figure 2.7.

After this, using the correlation between the obtained EIS model and SOC, this technique

can be used to estimate the SOC of the battery. Kong et al. [36] have proposed a fast

SOC estimation using this technique. They have stated that

"based on the correlation analysis between the solution-phase lithium-ion concentra-

tion, the solid-phase surface lithium-ion stoichiometry and the obtained electrochemical

impedance spectroscopy (EIS) data, key frequency features for SOC estimation are ex-

tracted ".

The drawbacks of using EIS is that it only works for steady-state operation. This method

is also susceptible to the influence of battery ageing and temperature variation giving

inaccurate results [26]. Coleman et al. [13] have conducted experiments to measure the

battery EMF voltage using impedance, terminal voltage and discharge current under load.

It is also stated that using impedance alone as a function of SOC would give inaccurate

results for Li-ion batteries [13].

2.3.5 Kalman Filter

Kalman filter is a recent development in battery prognosis that has been researched sub-

stantially in past decades. Unlike the conventional methods discussed before, it is an
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Figure 2.7. First order equivalent circuit model of the impedance of Li-ion Battery

adaptive algorithm that predicts new state in a dynamic system while correcting the new

state repeatedly as the system operates. This is an intelligent algorithm that can be used

to estimate the SOC of Li-ion battery. This method uses a set of mathematical equa-

tions that represent the cell dynamics and are written in state-space form as shown in the

following equation that represents the dynamics of the lithium-ion cell in dynamic environ-

ment. This model is also called hysteresis model of the cell contrary to the simple model

as explained in [44]  \begin {bmatrix} h_{k+1}\\ SOC_{K+1} \end {bmatrix} = \begin {bmatrix} F(i_k) & 0\\ 0 & 1 \end {bmatrix} \begin {bmatrix} h_k\\ SOC_k \end {bmatrix} + \begin {bmatrix} 0 & (1-F(i_k) \\ - \frac {\eta i_k \Delta t}{C_n} & 0 \end {bmatrix} \begin {bmatrix} i_k \\ M_k \end {bmatrix} \label {first} 





 









   










 (2.5)

  F(i_k) = exp(-(\frac {\eta i_k \Delta t}{C_n})) \label {second}  




 (2.6)

  V_k = OCV(SOC_k) -Ri_k+h_k \label {third}       (2.7)

where \eta _i represent the columbic efficiency of the cell during charge and discharge R is

the internal resistance of the cell and h_k represents the hysteresis characteristic of the

cell. M_k represents the maximum polarization due to battery hysteresis as a function

of battery SOC. The function represented by F(i_k)  is called the hysteresis model of the

battery which represents the battery during dynamic environments. Hysteresis in battery

occurs when the current changes from charging to discharging and the battery voltage

profile does not follow the same trace. Equations 2.5, 2.6, and 2.7 are the state space

representation of the lithium ion cell which include current and open circuit voltage of

the battery as the primary inputs [44]. Using the state space representation mentioned

above, SOC of the next time step is estimated. The initial SOC at time step k is assumed

based on the battery parameters (for example, assuming the SOC as zero for a very

low voltage). Kalman filter technique is mathematically exhaustive and requires a whole

chapter on the analysis of it alone. The author suggests following [44] to dive into detail

in the use of kalman filter for SOC estimation.

The advantage of using Kalman filter is that it can accurately predict states despite the ef-
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fect of noise and external disturbances (the noises and external disturbances are consid-

ered Gaussian in nature). However, it cannot be used for non-linear systems directly and

require significant assumptions. And it is mathematically intensive to perform. Apart from

these methods there are other variations of Kalman Filter Algorithms that have been re-

searched significantly for estimating battery dynamics and SOC. Extended Kalman Filter

(EKF) [47] [48], Unscented Kalman Filter (UKF) [27], Sigma Point Kalman Filter (SPKF)

[28] are some of the few algorithms that have gained wide research interests recently.

Besides these, there are other algorithms like Particle Filter [21], H∞ Filter [7], Recursive

Least Square (RLS) [32], etc that have been used in estimation of Li-ion batteries state

of charge.

All the techniques mentioned above rely on accurate models of Li-ion batteries and hence

are termed as model-based estimations. Their major limitations is the obvious disadvan-

tage of needing very accurate model of battery chemistry and battery dynamics. This

can be a challenging task considering the battery dynamics can vary with change in

temperature, applications, charging/discharging cycles and change in the electrochem-

ical properties of the battery. However, with extensive database of battery cycling and

charge/discharge parameters, use of learning algorithms like neural networks will help

in abandoning the model based approach and with multiple training epochs, obtain ac-

ceptable accuracy. The remaining of this thesis deals with the use of neural networks for

estimating the SOC of Li-ion cells.

2.4 Neural Networks

The field of neural network has been very popular recently due to their capability to find

pattern and information from complex sets of data. Primarily developed to investigate the

nature of logic gates, neural network have been used for wide range of applications like

image processing, pattern recognition, data visualization, automation, etc. The reason

it has been considered for estimating the SOC of Li-ion battery is because neural net-

works are robust and perform well as an alternative modelling technique for non-linear

phenomenons. And as the electric vehicle industry and stationary storage systems com-

prising of batteries are on the rise, there are thousands of cycling data, performance

indices parameters, charge/discharge data online. Using these data, the designed neural

networks can be trained and tested to validate their accuracy and use in predicting the

state of charge of the batteries. Artificial Neural Network (ANN) can be an alternative to

traditional Multiple Input Multiple Output (MIMO) systems. This is because Artificial Neu-

ral Networks (ANNs) can outperform traditional Multi-Input-Multi-Output (MIMO) systems

due to several key advantages:

1. Non-linear Relationship Handling: ANNs can model complex, non-linear relation-
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ships between multiple inputs and outputs more effectively than traditional linear

MIMO systems. This capability is crucial in applications where interactions between

variables are not straightforward.

2. Learning from Data and Adaptability: ANNs excel at learning patterns directly from

large datasets. They can automatically adjust their parameters through training to

capture the underlying relationships in the data without needing explicit program-

ming of these relationships. ANNs can adapt to new data and changing conditions

through retraining. This adaptability is beneficial in dynamic environments where

the relationships between inputs and outputs may evolve over time.

3. Scalability and Flexibility: ANNs can be scaled to handle very large numbers of

inputs and outputs by adjusting their architecture (e.g., the number of layers and

neurons). This flexibility allows ANNs to be tailored to a wide range of problems,

from simple regression tasks to complex image and speech recognition tasks.

4. Feature Extraction and Generalization: ANNs, especially deep neural networks

(DNNs) and Convolutional Neural Networks (CNNs), can automatically extract rel-

evant features from raw input data. This automatic feature extraction reduces the

need for manual feature engineering and can lead to better performance by captur-

ing complex patterns that might be missed by traditional methods. Also, properly

trained ANNs can generalize well to unseen data, meaning they can make accu-

rate predictions on new, previously unobserved inputs. This generalization ability is

critical for reliable performance in real-world applications.

5. Parallel Processing Capabilities: ANNs are well-suited for parallel processing on

modern hardware, such as GPUs. This capability allows them to handle large

datasets and complex models more efficiently, resulting in faster training and in-

ference times compared to traditional MIMO systems.

6. Robustness to Noise and Variability: ANNs are generally robust to noise in the

input data. During training, they learn to identify and emphasize relevant patterns

while de-emphasizing random noise. This robustness makes ANNs suitable for

applications where data quality may vary.

7. Integration of Diverse Data Types: ANNs can integrate and process diverse types of

data (e.g., numerical, categorical, images, and text) within the same model. This in-

tegration is particularly useful in complex systems where inputs come from multiple

sources and modalities.

While ANNs have these advantages, they also come with challenges such as the need for

large amounts of labeled training data, significant computational resources, and careful

tuning of hyperparameters. However, their ability to learn complex patterns and adapt

to diverse problems often makes them superior to traditional MIMO systems in many

applications.
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Figure 2.8. Typical representation of a neural network showing an input, an output and
one hidden layer.

There are multiple books and resources on the working of neural network. [4] [2] [24]

provides some excellent insights into the theory and design of NN. In summary, neural

network use numbers as weight and biases to mimic the working of a biological neuron. It

has an associated activation function that is used for decision making. Activation functions

are also the main part that handle the non-linearity of the data. Figure 2.8 represents a

simple neural network with three layers i.e. input, hidden and output. The weights is

often represented as w and the bias in each neuron is represented with θ. The activation

function gets input as the sum of weight and biases and provides an output based on the

threshold set on it. It is the main decision making unit in the neural network. The bias is

also added to take into consideration any input offsets. Mathematically in any nodes,

  net_k = \sum _{1}^{n} w_{jk}H_j+\theta _{jk}



   (2.8)

where H_j is the input to the node. And, the output of the node will be:

  Y_k = F_k (net_k)   (2.9)

where Fk denotes any activation function being used. The most common activation func-

tions are the sigmoid and hyperbolic tangent functions. Besides, sigmoid and tanh, there

are multitudes of other activation functions that are used in neural networks like Recti-

fied Linear Unit( ReLU), Binary step, Linear, Swish, Softmax, etc [54] [18]. RELU and

its variations like Leaky ReLU (LReLU), Parametric ReLU (PReLU), Randomized ReLU

(RReLU), Exponential Linear Unit (ELU) etc. are widely popular in the modern literature

for their performance. The RELU function as shown in figure 2.9 is superior to other ac-

tivation functions because of the ease of differentiation. The only drawback it has is that

it is non-differentiable at x = 0. However, this problem can be solved by assumption,

like the derivative at x = 0   can be assumed to be 0. This flexibility makes ReLU and its
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different derivatives suitable for wide range of applications in machine learning research.
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Figure 2.9. ReLU activation function

The decision making capacity of neural network is developed using a predefined set of

data and labels wherein the network model tries to predict the label based on the cor-

responding data and minimize the cost function. This process is termed as "training of

the model". When the model trains, it adjusts it weight and biases in such a way that the

cost function is minimized. Once, the cost function minimizes to an accepted value, the

model can be used for prediction on real data using any computers. The cost functions

can be a simple mean squared error (MSE) or more complicated like cross-entropy errors

for classification problems [52]. The error value is given as:

  E_{ij} = Y_{predicted} - Y_{actual}      (2.10)

The Mean Square Error (MSE) is given by:

  \label {eq:1} \xi _{MSE} = \frac {1}{N}\sum _{1}^{N}(Y'_i -Y_i)^2








 

 (2.11)

where Yi represents the actual output and Y ′
i represents the predicted output. The MSE

mentioned in equation 2.11 can be the cost function and the main task of back propaga-

tion algorithm is to adjust weight and biases such that it is minimized. This is obtained as

shown in equation 2.12 and 2.13. The new value of weight and biases are updated from

the old values using the following equations:

  w_{new} = w_{old} + \alpha \frac {\partial \xi }{\partial w} \label {eq:error_w}   



(2.12)

  \theta _{new} = \theta _{old} + \alpha \frac {\partial \xi }{\partial \theta } \label {eq:errror_b}   



(2.13)
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where α is the learning rate: a constant that is used to speed up the "learning process".

Initially, the value of w_{old} and b_{old} is selected randomly. With each iteration they are

updated such that the final value will be the one that minimizes the cost function.

The partial derivative of the cost function as shown in the equation 2.12 and 2.13 is termed

the gradient descent. In simple words, the gradient descent tries to find the minimum

of the cost function. The neural network trains for multiple epochs (iterations) until the

minima of the cost function is obtained. However,it need not be necessary for the gradient

descent to find the global minimum. Hence, usually the algorithm converges to one of the

many local minima in the cost function. The local minima is usually determined by the

initial seed values (weights and biases). For different seeds, the local minima will be at

a slightly different location. Once the machine error stabilizes to a certain steady value

or reaches a pre-defined threshold, it has ’learned’ and can be used to make predictions

using the test values.

Apart from the MSE, there are other error metrics like RMSE (Root Mean Square Error)

and Mean Absolute Error(MAE) used for analysing the performance of the neural network.

The RMSE and MAE are defined as equation 2.14 and equation 2.15 respectively where

the symbols carry the same meaning as in equation 2.11

  \label {eq:rmse} \xi _{RMSE} = \sqrt {\frac {1}{N}\sum _{1}^{N}(Y'_i -Y_i)^2}









   (2.14)

  \label {eq:mae} \xi _{MAE} = \frac {1}{N}\sum _{1}^{N}|Y'_i -Y_i|








   (2.15)

This thesis uses two ANN of different nature to try and estimate the SOC of the Li-ion

battery. Firstly, a feed-forward Deep Neural Network with two hidden layers was used to

estimate the SOC of the Li-ion battery using an online database of experimental data.

Secondly, a Long Short Term Memory (LSTM) Network has been used to estimate the

SOC using the same dataset. While the detailed analysis of the experiments are pre-

sented in next chapters, a short introduction to these networks have been provided in the

following paragraphs.

2.4.1 Deep Neural Network

A Deep Neural Network (DNN) (also called Mulitlayer Perceptron) is a type of feed-forward

ANN architecture with two or more hidden layers between the input and output layer [23].

It is one of the two broad classes of neural networks, the other being Recurrent Neural

Network (RNN). These networks are called feed-forward networks because the neurons
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Figure 2.10. A fully connected FeedForward Deep Neural Network (FFDNN)

in this networks don’t have any feedback loops. Hence, the flow of information is uni-

directional, always from the input layer to the hidden layer and then to the output layer.

Figure 2.10 shows a diagrammatic representation of a fully connected feed forward DNN.

Consider a function f^*  defined as:

  y = f^* (x)    (2.16)

which maps any input x to a corresponding output y. The DNN attempts to approximate

this function by defining a mapping function

  y = f(x,\theta )    (2.17)

and learns the values of parameter \theta that results in the best approximation of f^*(x) . A

typical DNN has multiple functions f^a, f^b, f^c     connected in chain like pattern to provide

a final output defined as f = f^a(f^b(f^c(x)))    [23]. The terminology ’Deep’ refers to the

multiple layers in this chain that provide depth to the neural network. Having more layers

tend to increase the accuracy of the model at the cost of training time. Similarly, too many

training epochs and the network cannot generalize which makes it unsuitable for dataset

different than the training data. The number of hidden layers and the type of activation

functions used in the DNN are dependent on the type of application. Aurelien Geron

provides a detailed information on the design of DNN [22].

However, in cases of DNN with large number of hidden layers, the back-propagation al-

gorithm suffers from the problem of vanishing/exploding gradient. This happens because

the chain rule of differentiation that is used to compute the gradient descent has to cal-

culate many gradients along the path to reach the input layer. When the output of the

gradients from such functions either become very small or very large, they get multiplied

over and over again, depending on the number of hidden layers, causing the gradient to
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either vanish or explode. In such cases, the model doesn’t train at all with the training

data. Hu et al. [33] have mentioned a variety of options to mitigate this problem using

different fail-check methods like the use of Gated Neural Networks (GNN) that introduce

gates to control the information flow through the network or the use of Long Short Term

Memory Networks (LSTM), etc.

2.4.2 Long Short Term Memory Network

Long short term Memory (LSTM) are a type of Recurrent Neural Networks (RNN) de-

veloped by Hochreiter & Schmidhuber. These are a different class of neural network

compared to the DNN discussed before. A RNN is a family of ANN that is used for the

sequential data processing. RNN uses the output of the hidden state from the previous

time step as the input to the current time step. This feedback from the previous time-step

hidden state to the current time-step hidden state, is the feature of RNN that makes it

suitable for time series analysis. Figure 2.11 shows a typical RNN shown unfolded in

time. The hidden layer has a feedback loop from the previous time step as shown from

the small loop h. At each time step t, the input to hidden layers h(t) are the model inputs

f(t) and feedback from previous time step hidden layer h(t-1). The output for each time

step is the state of charge of the cell represented as SOC(t). The time steps (t-1) and

(t+1) represent the previous time step and next time step respectively. The feedback is

from the previous state hidden loop to present state hidden loop as shown in the figure

2.11.

SOC (t)

f(t)

h

SOC (t-1) SOC (t) SOC (t+1)

f(t-1) f(t) f(t+1)

h(t-1) h(t) h(t+1)

Figure 2.11. A RNN architecture(left) and the RNN architecture unfolded in time

However, a traditional RNN is only capable of handling one hidden state at a time. This

makes it difficult to use where long term dependencies of data is necessary. For multi-

ple hidden states, the neural network has to be unrolled for multiple steps in time. This

creates difficulty in training the model. The more the unrolling of the model, the far-

ther the gradient-descent for back-propagation has to travel. Since, the back-propagation

algorithm exploits the chain rule of differentiation for updating the weights and biases,

multiple unrolling causes this smaller values between 0 and 1 to be multiplied and accu-
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Figure 2.12. LSTM architecture showing different gates

mulate causing the gradients to vanish. Similarly, if the output of the activation function is

greater than 1, this multiple unrolling can cause the gradients to accumulate and increase

exponentially causing the gradients to approach infinity. which is termed as gradient ex-

plode. This problems is called the vanishing/exploding gradient problem. Hochreiter &

Schmidhuber have tackled this issue in their seminal paper introducing the concept of

Long short-term Memory (LSTM) network [29]. They introduced the forget gate to avoid

the vanishing/exploding gradient problem. The forget gate only takes into account the

information necessary for the model and ignores the rest of the information. The archi-

tecture of the LSTM network is shown in the figure 2.12 The input gate takes in account

those values that are needed in the LSTM cells from previous time steps. They use a

combination of sigmoid and tanh function to record only necessary data for LSTM cell.

The forget gate gets rid of values that are not necessary for the LSTM cell. The output

gate finally extracts the needed output from current time step for the next time step.

The following literature provide explanations about LSTM in great detail. [8] [29] [64].

LSTM networks process data sequentially. If the training data consist of thousands of

data points, which is usually the case, feeding all data at once will take too much memory

as all these data are stored in memory before being fed to the model. For example,

consider in this case, where there are 2 million input data points. Feeding 2 million data

at once to the model will clog the memory. This will drastically reduce the training time and

performance of the model. Hence, in LSTM networks concept of batch is introduced. The

input sequential data is divided into multiple small batches and then fed to the network one

batch at a time. The size of the batch depends on the memory capacity of the machine

and the number of data points used to train the model.

Chemali et al. [8] have proposed the use of LSTM network for estimation of state of

charge of the Li-ion battery. Following on their footsteps, the author has developed a

simplistic model of LSTM network for estimation of SOC using the same dataset as used
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in FFDNN described earlier.

2.5 Literature Review

The Back Propagation Neural Network (BPNN) is one of many neural network models

that have been used for the prediction of SOC of Li-ion batteries. Cui et al. [17] have

provided a comprehensive list of neural networks including Time Delay NN, Elman NN,

Radial Basis Function NN, Convolutional NN, Nonlinear Auto-regressive with Exogenous

Input NN (NARXNN), Gated Recurrent Unit (GRU), Long Short Term Memory Network

(LSTM) that have been used to predict the SOC of Li-ion batteries.

Wang et al. [67] used BPNN with Artificial Fish Swarm Algorithm (AFSA) to predic the

SOC of power Li-ion battery. The battery used in this experiment was a 48 V 50 Ah

LiFePO4 power battery. This paper used the AFSA algorithm to optimize the BPNN.

AFSA algorithm is a stochastic search optimisation algorithm which is based on simu-

lating the behaviour of fish foraging, clustering and tailing. The absolute error using this

process was less than 0.5%. The parameters considered for the estimation of SOC are

the batteries voltage, current and temperature data. Three layers i.e. input, hidden and

output layer were used in this case . The paper concludes that at low SOC values, the

AFSA-BP algorithm can estimate the SOC value more stably and accurately than when

the weights and biases are initialized randomly. This paper mentions that true value of

SOC is not available because of the difficulty in measuring the SOC. The calculation of

error is obtained by agreeing the true value to be the one obtained from theoretical cal-

culations or by estimating using more sophisticated instruments. Also, in-terms of time

complexity, this model is not much faster than Extended Kalman Filter (EKF).

Traditionally Support Vector Machines (SVM) [45], Fuzzy Controller [53], Artificial Neural

Networks (ANN) [10] and a combination of other algorithms were used to predict the

state of charge of the battery. These model employed only two computational layers due

to hardware and software constraints. But with the increase in computational capacity

of modern computers and state-of-the-art hardware and software systems, there can be

multiple computational layers working together. This augmented version of ANN with

multiple computational layers is termed as Deep Neural Network (DNN).

The use of DNN to estimate the state of charge of Li-ion battery is fairly new[30]. How

et al. [30] have used DNN to predict the SOC of Li-ion batteries achieving a Root Mean

Square Error (RMSE) of 3.68%. They found out that using multiple hidden layers (up to

four hidden layers) decreases the error rate and improves the SOC estimation. However,

the additional increase of the hidden layer negatively impacts the model performance.

They have used TensorFlow and Keras deep learning framework with two NVIDIA 1080Ti

graphical processing units to train all the DNN models. They used a cylindrical cell INR

1865020R LiNiMnCoO2/NMC Li-ion battery for three different sets of temperatures (0 ◦C,
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25 ◦Cand 45 ◦C) to gather the battery data. The source of their data is from the Center

for Advanced Life Cycle Engineering Battery Research Group [69]. The instantaneous

voltage and current data while discharging was sampled at a frequency of 1Hz. The ex-

periment has been run for 5000 seconds (approx. 1.4 hrs) only. Thus, it is safe to say

that they have not undertaken the full life time of the cell. With 3 hidden layers and a

total parameters of 9,409, this model was able to achieve a RMSE of 3.68%. The ground

truth model for the model is obtained by estimating the SOC using Coulomb counting in

this case as well. The author states that this proposed method was better than OCV, CC,

UKF, LSTM, CNN-GRU with the lowest RMSE and MSE. While the author states that the

database is an open database, there is no mention of discharge C-rate and aging of the

cell. The authors also agree that while DNN performed well, in terms of error metrics,

Recurrent Neural Network (RNN) perform better than DNN. The hyper-parameters are

selected empirically and no mention of how the model behaved for different starting con-

ditions have been given. The authors have used single drive cycles (i.e. drive cycles are

not combined) which is not representative of real life EV driving. They have selected the

number of layer based on the Mean Square Error(MSE). The ground truth for the model

is obtained by performing the Coloumb counting approach and the Q_{usable} as mentioned

in equation 2.1 has been replaced by the nominal capacity of the battery. This indicates

that they have not considered the effect of aging in battery SOC estimation using NN.

Chemali et al. [9] have proposed the use of feedforward DNN to estimate the SOC of

batteries where the battery measurements are directly mapped to battery SOC. The pro-

posed model uses 2 layers and 256 neurons and has a Mean Absolute Error (MAE) of

1.10% with a maximum error of 2.38% at 25◦C. The training data was generated in a

lab in this case by applying drive cycle loads at various ambient temperatures to a Li-

ion battery to simulate real-world dynamics. To strengthen the DNN, the training data

was augmented by injecting Gaussian noise (specifically, a normally distributed random

number generator has been used to generate noise for each of the battery signals). The

input vectors that were fed to the network is given by ψ(t) = [V (t), T (t), Iavg(t), Vavg(t)]

where V(t), T(t), Iavg(t) and Vavg(t) represent voltage, temperature, the average current

and average voltage of battery at a given time ’t’. The average value of voltage and cur-

rent was calculated over different precedent time-steps ranging from 50 to 400 time-steps.

The author states that average values have been used instead of new input parameters

as it improves computational efficiency and has low memory requirements. The author

compared the computational speed of the designed neural network with an Extended

Kalman Filter (EKF). It was found that NN took 0.07 seconds to complete the computa-

tion, while EKF took 0.66 seconds. The computation was carried out on a 13000 data

points to estimate the SOC. It was observed that DNN was an order of magnitude faster

than EKF. They performed this test for 160,000 epochs and tested for different number of

layers. While the MAE decreased when the number of hidden layers was increased from
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the initial 2 to 4, and 6, further increasing the hidden layers actually had no effect in the

MAE due to the vanishing gradient problem. The authors also suggested that the model

can accurately estimate the SOC even when there is 5 to 10◦Cchange in temperature.

However, the author doesn’t mention what discharge C-rate has been used in the experi-

ment. Similarly, the experiments have been only conducted for 7000 seconds (i.e. approx

2 hours). This doesn’t provide enough information for considering the aging of the cell.

Similarly, they have used each drive cycles independently. However, batteries in EV un-

dergo different drive cycles at a given time. So, the experiment may not be representative

of the real life scenario.

On another paper, Chemali et al. [8] have proposed the use of Long-Short Term Memory

Network- Recurrent Neural Network (LSTM-RNN) to estimate the state of charge of the

Li-ion battery. This model was able to achieve a MAE of 0.6% with a maximum error of

2.6% at 25 ◦C. Tensorflow along with two GPUs: NVIDIA Titan X Pascal and GeForce

GTX 1080 TI were used to speed up the training process in the model. The input vector

in this case was ψ(t) = [V (t), T (t), I(t)] measured at each time step ’t’. The cell they

conducted these tests on was a panasonic 18650 battery cell with a LiNiCoAlO2 or NCA

chemistry which was also used in some Tesla vehicles. To generate the battery data, it

was exposed to a selection of 10 drive cycles on different ambient temperature ranging

from 0◦Cto 25 ◦C. The training case data was selected from these 10 drive cycles on three

ambient temperatures (0◦C, 10◦Cand 25◦C). The whole of the testing was performed

at the Wisconsin Energy Institute at the University of Wisconsin-Madison. This paper

concluded that LSTM-RNN was able to offer competitive estimation performance when

compared to other algorithms. One important observation they made was that the battery

heated significantly, up to 13 ◦Cdue to higher loss at lower temperature. However, there

is no mention of aging of the cell during the experimenting process. The authors also

do not mention why only voltage, current and temperature have been selected as the

inputs. There is mention of the models ability to encode weights and biases for different

ambient temperature but it is unclear if the model works outside of the temperatures it

has been trained on. Due to long chain of input sequence the input have been divided

into different batches and the model has been fed with one batch at a time. However, the

paper is unclear about how big the batch is or how should the batched be defined. Also,

there is no mention on how the model behaves if the batch size is altered. The data for

the model is generated by cycling a 35kWh cell and scaling the power profile to match

a single cell. However, instead of scaling the model for a single cell, experimenting on a

single cell might be more effective as the data generated is true and pure in a sense that

it doesn’t need scaling. The C-rate for discharge is 6C (about 18 Amps) for the battery.

But batteries tend to discharge at different C-rates based on different road condition. The

model however, hasn’t considered these options perhaps due to difficulty in obtaining data

for these scenarios.
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Chaoui et al. [6] used a Time Delay Neural Network (TDNN) to estimate the SOC of

LiFePo4 cells achieving a RMSE of 0.0027 while testing after 650h milestone. A LiFePO4

battery is subjected to a predefined calender ageing process using the experimental set-

up. A supervised multi-layer perceptron (MLP) network was used to predict the ageing

and estimate the SOC of the battery. This scheme uses unit time delays (UTD) to hold

data corresponding to battery voltage at past time frames. Namely, ten UTDs are used

for voltage learning which implies that battery voltage measured at each second for the

past ten seconds is used as an input for the MLP. No UTD was used for current mea-

surement. Hence, this network worked on thirteen inputs with batteries present voltage ,

current, temperature and the voltage measurement from the past ten seconds. The input

vector was normalized in this case such that each value ranges from (0,1). The paper

concludes that despite the effects of hysteresis, flat voltage profile, temperature and ag-

ing, the technique estimates the required quantities with minimal error. However, in this

paper, the batteries are discharged without any drive cycles. The battery under test is

just randomly charge and discharged. Also, cell aging and parameter selection has not

been mentioned. The paper mentions using only 2 hidden layers with 3 neurons in first

layer and 2 neurons in second layer. But there is no mention of training time and total

parameters. It has also been mentioned that the model uses 10 UTD inputs from voltage

value but not from current. The reason for this has not been clarified. Battery current is an

important parameter for SOC estimation. The 13 inputs to the model include the present

time step voltage, previous 10 UTD voltage, present time step current and present time

step temperature. However, NN are computationally intensive in themselves. Using Unit

Time Delays (UTD’s) will further reduce the computational speed. There is no mention of

how long did the training process lasted. Also, instead of using 13 inputs with just UTD

voltage values, the previous papers have found much success with 3 inputs of voltage,

current and temperature only.

Ren et al. [50] opted for Long Short Term Memory (LSTM) network based on Parti-

cle Swarm Optimization(PSO) (PSO-LSTM) for the estimation of SOC achieving a MAE

(with noise) of 0.3493% and RMSE of 0.45%. This paper utilized the concept of parti-

cle swarm optimization to optimize the hyper-parameters of the LSTM network to match

the data characteristics of Li-ion battery with the network topology. Also, to improve the

anti-interference ability of the network, random noise is added to the input layer. While

a normal LSTM method achieved a MAE of 0.621%, PSO-LSTM was able to achieve a

MAE of 0.3493%. This paper states that PSO overcomes the shortcomings of artificially

determining LSTM parameters and reduces the workload by optimizing the number of

hidden layer neurons, learning rate and iteration time of LSTM. This paper doesn’t dive

into the problem of SOC estimation itself, but rather focuses on using optimization algo-

rithm for obtaining hyper-parameters value in the network that result in minimum error.

While the error did reduce, the reduction is not significantly high. Besides, the errors are
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well below acceptable limit even without the optimization. This paper however doesn’t

deal with the effect of different ambient temperature on battery performance. Also, there

is no mention of aging when the battery is cycled for long charge/discharge cycles. The

experiment has been performed at only one temperature case i.e.25◦C. Possibility of gen-

eralization of the model for different temperature cases is not shown here. Also, in-order

to train the model, the authors have proposed generating false data. Unless the falsely

generated data corresponds to real life cases, the NN model isn’t useful enough for real

life BMS. Also, the range of parameters for number of hidden layer neurons, learning rate

and maximum is provided. But, there is possibility of optimum values lying beyond this

range. And, increasing the range won’t be of much help as it would be computationally

cumbersome and it’s better to randomly initialize the hyper-parameters.

Huang et al. [34] used Convolutional Gated Recurrent unit-Recurrent Neural Network

(CNN-GRU) for SOC estimation of Li-ion batteries achieving a MAE of 1.3% at 26 ◦C.

This paper showed that the proposed method can achieve higher estimation accuracy

than recurrent neural network, gated recurrent unit, support vector machine and extreme

learning machine for SOC estimation. The BAK 18650 battery with Li(NiCoMn)O2 chem-

istry was used for testing purpose. The input vector in this case was also voltage, current

and temperature. The paper states that CNN-GRU can directly map the battery mea-

surement signals to SOC without the use of complex models and algorithms like Kalman

filters. The paper concludes that CNN-GRU can estimate SOC for different ambient tem-

peratures outperforming other neural network models. However, to consider the effect of

battery aging, the parameters are expected to be updated regularly. Besides, the model

is using only one drive cycle which might create difficulty to generalize the result.This is

one of the few papers to talk about aging and provide the approach to deal with it. The

authors suggest updating the model after every 2-3 months. This is particularly effective

as the model is retrained after certain interval of time to learn battery dynamics as it gets

old. The true value of the SOC is obtained from current counting method in this case as

well emphasizing that the current sensor is calibrated carefully and the battery is always

discharged at 100% SOC. The authors also assume that a fully charge battery has 100%

SOC which is not always the case. For instance, a fully charge battery may have only 80%

usable charge as it gets old. Besides, the effect of temperature also reduces the capacity

of the cell as low temperature causes the internal resistance of the battery to increase.

This is one of the reason why this model has performed poorly for low temperature cases.
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3. METHODOLOGY: EXPERIMENTAL SETUP AND

NEURAL NETWORK DESIGN

Lithium ion batteries have been used for wide range of applications in modern times.

Therefore, the charge/discharge characteristics displayed by the battery depend on the

specific application in which it is utilized. For example, the discharge profile of the battery

used in an electric vehicle is different from that of a hand-held electronics device.The pri-

mary focus of this thesis is on estimating the state of charge (SOC) within electric vehicle

applications, thus emphasizing the data acquisition and analysis process specifically for

this context. Thus, the experimental tests are designed in such a way that the battery

experiences a charge/discharge profile akin to that of an electric vehicle (EV). This way it

is assured that the data generated is representative of the intended application.

Theoretically, datasets with minimum noise and other irrelevant information is considered

a good set for training of neural networks. However, due to measurement and human

errors during the data acquisition, noise in a data sets are unavoidable. Different filtering

methods and data preparation algorithms can be used to siphon out the noise and make

the NN model robust. Up sampling is done to some measurement data for similar time

step representation. A detailed explanation on data acquisition, the experimental setup

used for generating the training and testing datasets, and the methods used for preparing

the final working datasets is described in detail as follows.

The experimental setup with the equipment used to generate the charge/discharge pulse

is also shown in the figure. 3.1. The basic idea of measuring the ideal state of charge

(SOC) for a battery through experimentation involves repeatedly charging and discharg-

ing the battery and monitoring the current over the charge/discharge period using an

ampere-hour (Ah) meter. This is usually performed within a controlled environment,

where the temperature, pressure and other environmental parameters can be set manu-

ally. The device offering this facility is called a thermal chamber or a climate chamber. The

charge/discharge cycle is repeated until the battery’s end-of-life is reached. In the case

of a typical cylindrical 18650 lithium ion cells, this can be up-to 300-500 cycles. The term

’18650’ is a battery terminology used by researchers and EV manufacturers to represent

a cell where 18 means the diameter of the cell in millimeters and 650 is the height of the

cell in millimeters. This test is also important in determining the SOH of the battery as
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Figure 3.1. Schematics of test setup and data logging system

repeated charge/discharge cycle helps in analysing aging of the cells. The Ah-meter data

is logged on a computer, which, also controls the battery cycling device. The Digatron

Firing is one of the many pulse generators available in the market that is used to generate

charging currents to charge the battery. Similarly, it has load resistors built into it for the

batteries to discharge. The power cables are used to transmit charging and discharging

current while the sense cables are used to measure the current entering and exiting the

circuit. A cable for temperature sensor is also used to observe the temperature of the

cell during the whole charging discharging cycle while the temperature of the chamber is

provided by the chamber control signals. The whole data logging process is done in the

computer that is connected to the pulse generator via an Ethernet cable or by any other

means possible.

Although Coulomb counting is considered error-prone, it remains the simplest and easiest

technique for estimating the SOC of a battery in the laboratory. Much of the literature on

using ANNs for SOC estimation relies on Coulomb counting data as the true SOC value

for their models. This approach has also been adopted in this thesis. While Coulomb

counting can drift over the long run, this can be mitigated with carefully calibrated current

sensors. The effect of aging on the Q_{usable} charge is ignored due to the lengthy time

required to observe significant effects. Aging occurs slowly when temperature and usage

conditions are not extreme. It is estimated that EV batteries degrade about 2-3% per year

[3], which is minimal. Therefore, in this experiment where the battery is tested for a few

hours in each temperature cases, battery aging is ignored.

The batteries were subjected to repeated charging and discharging and the charge en-

tering/exiting the battery was measured using an Ah-meter. After each time-step, the

measurement data consisting of voltage, current, temperature, was logged into the com-

puter system. In order to make the training data representative of the EV application,
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Figure 3.2. Discharge pattern of the test battery subjected to different drive cycles

the experiment was performed using a series of vehicle drive cycle discharging profile. A

drive cycle is a curve representing the speed vs time of a typical vehicle, which is gener-

ally used to measure its emission and fuel economy. The drive cycle provides information

like how and at what speed vehicles travel. This serves as a reference for discharging

the test battery so that the discharge profile resembles the performance of the on-board

battery units in an EV. A list of drive cycle profiles used for testing is provided by EPA [62].

The drive cycles used for the test in this experiment were the UDDS (Urban Dynamometer

Driving Schedule),HWFET (Highway Fuel Economy Driving Schedule),LA92 and US06.

The speed vs time curves for all these drive cycles can be found in United States En-

vironmental Protection Agency (EPA) websites[62]. Figure 3.2 shows a combination of

discharge profile used during the experiments.

The final model has both the predictors (voltage, current and temperature) and the corre-

sponding labels (SOC). The data set was prepared by concatenating these predictors and

labels into one matlab structure. The error data points and spikes were removed while

the SOC was calculated by dividing the ampere-hour data by the cell nominal capacity

(keeping the discharge start at 100% and the charge end at 100%). Each data file has

been acquired at a sample frequency of 1Hz to maintain synchronicity.

The input data were normalized and scaled between 0 and 1 before feeding into the neu-

ral network model. For instance: instead of directly feeding the neural network with (4.2V,

15A, 35◦C), the data points were normalized to (1,1,1) [65] using the z-score normaliza-

tion given by equation 3.1.



  x_{norm} = \frac {x - \mu }{\sigma } \label {eq:nomralization}







 \mu and \sigma represent the mean and the standard deviation of the data respectively

and x_{norm} is the new normalized value. The data has then been re-scaled so that they lie

between 0 and 1. This has been achieved by using the min-max scaling given by equation

3.2.

  x_{scaled} = \frac {x - x_{min}}{x_{max} - x_{min}} \label {eq:scaling}


 

(3.2)

where x_{max} and x_{min} are the maximum and minimum value of the particular feature in the

dataset respectively. Normalization and scaling of the data helps to increase the accuracy

of the model by resizing the working dataset into smaller workable scale. For instance,

the temperature of the cell ranges from 25◦Cto 35◦Cwhile the voltage of the cell ranges

from 2.6 V when empty to 3.6 V when full. There is a wide difference in the scale of

the data. Neural network models perform poorly if the scale of the data is different and

the variation is large. This can be avoided by re-scaling all data to the same scale. For

instance in this model, the data are re-scaled between 0 and 1.

Instances where the input is outside of this range will have effect on the performance of

the model. Input data that are too large or too small compared to the scaled data will affect

the output of the activation function causing unexpected behaviour and network’s loss of

generalization i.e. unable to perform on unseen data. Similarly, extreme data can affect

the numerical stability of the network in deep networks with multiple layers. Besides, the

network may extrapolate and produce biased output that doesn’t make sense. Hence

it is of utmost importance to prepare the data via normalization and scaling. Further

explanation about this approach has been done in the next section.

The battery was charged using Constant Current- Constant Voltage (CC-CV) charging

process. In this process, the battery is initially charged using a constant current (of 1C)

until it reached a fully charged voltage. After that, the voltage is kept constant until the

current reached the cut-off value. At this point the battery is assumed to be fully charged.

Figure 3.3 shows the charging of the battery using CC-CV process during the 10th charg-

ing cycle at 25◦C.

The test was performed on a LG 18650HG2 cell at McMaster University by Dr. Phillip

Kollmeyer [46]. The test specifications are presented in table 3.1 while the battery

specifications (taken from the data sheet) are presented in table 3.2. As per the test

description,
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Figure 3.3. CC-CV charging represented in the graph

Battery Capacity Format Profiles Temperature

LG-HG2 3Ah Cylindrical 18650 Mix(1-8), UDDS,
LA92, US06, CC

-10◦C, 0◦C, 10◦C,
25◦C

Table 3.1. LG-HG2 has been chosen as the test battery

"A brand new 3Ah LG-HG2 cell was tested in an 8 cu.ft. thermal chamber with a 75amp,

5 volt Digatron Firing Circuits Universal Battery Tester channel with a voltage and current

accuracy of 0.1% of full scale".

An important terminology in the battery charging/discharging process is a C-rate. A C-

rate is the measure of battery current at which it is discharged relative to its maximum

capacity. A 1C discharge rate means that the discharge current will discharge the entire

battery in 1 hour. For instance, if a fully charged 10Ah cell is discharged at 1C rate, the

discharge current is 10A and the battery is completely discharged in 1 hour. If this cell

is discharged at 2C rate, the discharge current is 20A and the battery will be completely

discharged after 30 minutes. Similarly, if the cell is discharged at 0.5C, the discharge

current is 5A and the cell will be completely discharged in 2 hours.

Chemistry Li[NiMnCo]O2 / Graphite + SiO

Nominal Open Circuit Voltage 3.6V

Min/Max Voltage 2V/4.2 V

Mass/Energy Storage 240 (Wh/kg)

Nominal Capacity 3Ah

Discharge 2V (Cut off) Voltage, 20A Max Continuous Current

Table 3.2. Battery specification from the data sheet
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Figure 3.4. Snapshot of model’s training loss as iteration increases

While the original experiment was conducted at six different temperature(40◦C, 25◦C,

10◦C, 0◦C, -10◦C, and -20◦C), for simplicity and ease on the machine (for training and

testing), only four temperature measurements (25◦C, 10◦C, 0◦C, -10◦C) have been used

for analysis in this thesis. Mendeley database [46] provides more information on the

nature of experiment and also provides a live Matlab script to visualize the data and train

the model. However, for the thesis, the author has implemented a neural network from

scratch with the perimeters borrowed from Vidal et al. [65] and Chemali et al. [9]. The

model of the NN coded in MATLAB is provided in Appendix A.

The model for the Deep Neural Network (DNN) has been coded in MATLAB using the

neural network toolbox. The code was written in standard MATLAB. The data was orga-

nized into training ,validation and testing sets. Th distribution of these dataset is done as

shown in the following table.

Items Count Percentage

Training data set 669,956 75%

Validation data set 39,293 5%

Testing data set 173,624 20%

Total 882,873 100%

Table 3.3. Distribution of data into training, testing and validation sets

The total data set for all temperature cases consisted of a total of 882,873 data points of

voltage, current and temperature. These data are obtained from a new LG-HG2 cell. The

cell is not an EV module in itself but a representation of the cells present in an EV module.

Each cells in an EV module undergo discharge profile akin to that in figure 3.2 when an

EV is driven in the real world. It can be noticed that To avoid over-fitting, the training and

testing data were separated early on in the data preparation. The measured data points

consisted of the voltage, the current and the temperature with the ground truth being the

ideal SOC of the battery experimentally determined by measuring the current entering

and exiting the battery

The model consists of an input layer, two hidden layers and an output layer. There are five

number of inputs viz. voltage (V(t), current (I(t)), average voltage (Vavg(t)) average cur-

rent (Iavg(t)) and temperature (T(t)) and one number of output (SOC(t)).Initially different
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activation functions were experimented to contrast their performance and select the best

one. The activation functions that were finally selected were the tangent function in the

input layer, leaku ReLU in the first hidden layer and clipped ReLU in the second hidden

layer followed by a regression layer based on a model designed by Vidal et al.[65]. The

matlab neural network toolbox provides functions trainingOptions() and trainNetwork() to

build and train the neural network. Another function, predict() was then used to make

estimations of SOC using the designed network. The performance of the model was

observed through the training progress graph as shown in figure 3.4. The graph shows

the training loss calculated at each iteration plotted against the corresponding iteration

value. The decrease in the training loss indicates that the model is learning the data as

the iteration progresses. Every 30 iteration, the model is validated with data set from the

validation set. This was also decreasing as the training progressed, suggesting that the

model is able to generalize on new data too. It is to be understood that the validation data

set is different from the training data set which is used to check if the model is able to

generalize on new unseen data or not. The less the validation loss, the better the model

is at generalizing on new data.

While the tanh function was chosen as the activation function, Vidal et al. [65] used

"Rectified Linear Unit" (Relu) functions and it’s variation for the hidden layers showing

remarkable increase in performance. Hence, two versions of Relu functions have been

used as non-linear activation function in the hidden layers. They are the leakyRELU and

clippedRELU. Figure 3.5 and 3.6 show the graph of the leaky ReLU and Clipped ReLU

respectively. The clipped ReLU is clipped at 1 as SOC greater than 1 is not logical. So

the ceiling is set to 1.
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Figure 3.5. leakyrelu activation function

The list of parameters used for building the model are presented in table 3.4.

After the data collection and preparation was complete, training of the neural network was

started. The model was run for 1000 epochs (iterations) using the parameters specified in

table 3.4. A Lenovo Legion 5 Pro Ryzen 7 laptop with a NVIDIA GeForce RTX 3070 GPU
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Parameters Values

Number of Inputs 5 (Voltage, Current, Temperature, Average Volt-
age, Average Current)

Number of Outputs 1

Epochs 1000

Mini-batch-size 1

Initial Learning-Rate 0.01

Learning Rate Drop Period 200

Validation Frequency 30 iteration

Number of neurons per hid-
den layer

67

Input Layer Sequential Input

First Hidden Layer tanh activation function

Second Hidden Layer Leaky ReLU(0.3)

Output Layer Clipped ReLU (1)

Optimizer Adam (Adaptive Moment Estimation)

Table 3.4. Initial parameters used for building the NN model

was used as the training and testing machine. The option to select the GPU is provided

in the MALTAB’s trainingOptions() function. A validation set was used to "validate" the

training process and fine tune the hyper-parameters. The data in validation data set were

unseen data and hence helped in avoiding over-fitting and under-fitting of the curve over

the training period. This approach helps to generalize the model for different test cases.

In-order to find the optimum number of neurons in the hidden layer brute force approach

was used. Many literature provide different optimization approaches to find the parame-

ters of the NN [35] [12] [49]. However,due to the simplicity of the brute force approach, it

has been used to find the optimum number of neurons that give the lowest mean absolute

error. Figure 3.7 shows the plot of different error cases when the number of neurons per
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Error cases for different number of neurons
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Figure 3.7. Error cases for different number of neurons in the hidden layer

hidden layer is changed. The low error cases were found when the number of hidden

layer was 58, 67 and 83 with 67 neurons giving the lowest mean absolute error. Thus, the

number of neurons was selected to be 67.

After the model was trained, it was tested against the test dataset and the errors were

calculated. Three error metrics namely, MAE, RMSE, and maximum error have been

plotted for visualization. The test data were grouped into four categories based on the

temperature that they were measured i.e. -10◦C, 0◦C, 10◦C, and 25◦C. Figure 3.8 shows

the SOC’s categorised based on the temperature of the battery.

As mentioned in the above section, apart from the three measured parameters (voltage,

current and temperature) there were two extra parameters that have been used to train

the model and make predictions. Those were the average voltage and average current.

This was done to improve the performance of the NN model. One major issue that was

faced with the initial three input model (without the average voltage and current) was the

model’s poor performance. One of the reasons of such poor performance was that the

time series data had no information regarding the previous inputs. And since FFDNN

doesn’t have feedback like RNN, they are at a disadvantage when processing time series

data. This average of the voltage and current values acts as a memory of the previous

inputs and hence helps in improving the performance of the model. Vidal et al.[65] sug-

gested using the average of voltage and currents from previous time steps as additional

input parameters for this reason. These parameters were computed based on 500 pre-

vious one second time steps measurements [65] where 500 was an chosen arbitrarily.

After using the average voltage and current as the additional input parameters, the er-
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Figure 3.8. Experimentally determined SOC which is the reference for the test cases

rors decreased remarkably, thus improving the model performance. Figure 3.9 shows

the SOC estimation at 25◦Cusing only the three inputs and figure 3.10 shows the same

estimation done using five inputs. Section 4 delves further into the comparison between

these models.
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Figure 3.9. SOC estimation with only three inputs

The DNN used in the above case is an example of Feed Forward Deep Neural Networks

(FFDNN) where the information flow is only in the forward direction. One issue with these

kind of NN is that there is no information about the previous inputs or "memory" of previous

inputs. This makes the NN inefficient for time series data where previous state could

prove crucial for predicting the future states. Based on these short comings, Chemali
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Figure 3.10. SOC estimations with five inputs

et al. [8] proposed the use of Long-Short Term Memory Network (LSTM) for predicting

the SOC of the lithium-ion batteries. LSTM are a type of Recurrent Neural Networks

(RNN), the other type of Artificial Neural Networks. Unlike FFNN, RNN have the ability

to store previous time step information and are generally used for pattern recognition

in sequential datasets [8]. While classical RNN suffers from the vanishing gradient and

exploding gradient problems in long dependencies, RNN with LSTM cells seems to have

had better success at capturing long-term dependencies [8]. Hence, along with the DNN,

another model consisting of LSTM layer was also introduced to analyze the estimation

capability. The parameters used to model the LSTM network are mentioned in table.

Compared to DNN, training a LSTM network takes longer time because of the feedback.

Hence, unlike 1000 or more epochs that was used to train the DNN, LSTM network was

trained just for 200 epochs, although the performance was comparable to DNN (results

section deals with this in more detail). The specification of the machine used for training

is the same as mentioned in the previous section. Table 3.5 mentions the parameters

used in the design of LSTM cells.

Parameters Values

Number of Inputs 3 (Voltage, Current, Temperature)

Number of Outputs 1

Epochs 200

Mini-batch-size 64

Initial Learning-Rate 0.01

Learning Rate Drop Period 30

Validation Frequency 50

Number of hidden neurons 256

Input Layer Sequential Input

Table 3.5. Parameters used in LSTM network design
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As the LSTM network have the feedback loop, they do not require the average voltage

and average current parameters as additional inputs. The other parameters for the model

were borrowed from the MATLAB deep learning toolbox examples. The comparison of

the performance between the DNN and LSTM network is presented in the result section.

In order to avoid over fitting of the LSTM model, the concept of regularization using drop

out layer has been used [71]. In this technique, the inputs of the different nodes in the

layer are randomly set to zero causing a change in the underlying network architecture.

This helps to avoid over fitting as the network model changes in the each iteration based

on drop out probability given as the input to the dropout(probability) function. In this case,

the drop out probability has been set to 20%. This causes 20% nodes in the neural layers

to switch off.
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4. RESULTS

This section deals with the results of estimations made using the NN. The estimations

are made for four temperature cases as mentioned earlier. The temperature cases are

−10◦C, 0◦C, 10◦C, and 25◦C. Initially the estimation was performed using only the volt-

age(V(t)), current (I(t)) and temperature (T(t)). However, the poor performance of the

model made it necessary to design a second model that had two additional inputs to that

of previous models. As mentioned earlier, the two additional inputs were the average volt-

age (Vavg(t)) and average current (Iavg(t)) taken from 500 previous samples. And lastly,

an additional network with LSTM layer was built and used for estimating the SOC.

Figure 4.1. Ground truth for the model

The SOC for four temperatures collected from the experiment is shown in figure 4.1.

These values are the ground truth for the NN model and were used as the test data after

the model was trained. As shown in the figure 4.1, the discharge curve are different

because of the different drive cycles that was used to discharge the battery during the

experiment.
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4.1 Estimation using Deep Neural Network

The NN models estimate the SOC based on the training data. Figure 4.2 shows the

estimations made at four temperature cases. From the initial observation , the model

performs well in following the SOC curve ’pattern’. The model was initially trained with the

dataset which had a mix of all temperature data and then tested on data from different

temperature cases. Thus, it can be understood that the model was able to generalize

and didn’t memorize the training data. The four subplots represent the four different

temperature cases.

Figure 4.2. Plot of estimated SOC for four different temperatures using DNN

Error -10◦C 0◦C 10◦C 25 ◦C Average

MAE(%) 1.20 0.88 1.06 0.84 0.99

RMSE(%) 1.65 1.26 1.63 1.26 1.45

Max (%) 24.06 24.383 30.049 40.44 29.73

Table 4.1. Error metrics using DNN at different temperatures (Epochs: 1000)

The error metrics in figure show the estimation error for the four temperature cases. The

error metrics considered here are the Mean Absolute Error(MAE), Root Mean Square

Error (RMSE) and Maximum percentage error (Max), all expressed in percentage.

The maximum error is observed at 25◦C. Figure 4.4 shows the SOC estimation at 25◦C,

along with the percentage error. It appears that the model’s estimation diverges signifi-
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Estimation Error for DNN (epoch = 1000)
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Figure 4.3. Estimation error for DNN after 1000 epochs

cantly during the last moments of the discharge curve when the SOC is approaching zero.

Thus, the maximum error case is observed at these points. One reason for this anomaly

is the averaging of the previous time steps data. When the mode of battery operation

changes from charging to discharging, the data from previous mode isn’t relevant as

the direction of current flow and hence the SOC both change. One option could be to

develop different NN model for charging mode and discharging mode. Further discussion

on these issue is presented in next section. The graphs for all other temperature cases

is shown in Appendix A.

To mitigate these errors, one alternative approach would be to train the model for more

epochs with more neurons in the hidden layer. This gives the model more iterations

to adjust the weights and learn the training data well enough such that the estimation

error is minimized. Vidal et al.[65] suggested using 5100 epochs and 100 neurons to get

better results. Adding more neurons per hidden layer and increasing the epochs however

increases the training time and the risk of over-fitting. Hence, the design choice has to be

made between number of NN parameters and accuracy. Based on the figure 3.7, 97 is

the highest value of neurons that can be chosen to get minimal error. Hence, model was

run for 5100 epochs and number of neurons per hidden layer was changed to 97.

It was observed that the error decreased as the number of neurons per hidden layer and

number of epochs was increased. However, the decrease in error is not significantly high.

Table 4.2 shows the error metrics when the model was trained for 5100 epochs with 97

neurons per hidden layer.
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Figure 4.4. SOC Estimation with percentage error after 1000 epochs at 25◦C

Figure 4.5. SOC Estimation with percentage error after 5100 epochs at 25 ◦C

4.2 Estimation using LSTM Network

Another model consisting of LSTM layer was prepared for estimation of SOC. The main

motivation behind this was to observe if this model performs any better compared to Deep

Neural Network. This model works on the feedback loop and is able to keep track of

previous outputs of the hidden layer and adjust it’s current time-step output depending on
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Estimation Error for DNN (epoch = 1000)
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Figure 4.6. Estimation error for DNN after 5100 epochs

Error -10◦C 0◦C 10◦C 25 ◦C Average

MAE(%) 1.13 0.88 1.06 0.81 0.97

RMSE(%) 1.56 1.25 1.60 1.23 1.41

Max (%) 19.82 25.55 26.624 38.36 27.59

Table 4.2. Error metrics using DNN at different temperatures (Epochs: 5100)

these previous input. This network is a type of Recurrent Neural Network (RNN) and has

been used to estimate the SOC of Lithium ion cells [8]. Figure 4.7 shows the estimation

of SOC performed by a LSTM network.

The model has worked well in picking up the discharge profile pattern. As can be seen

from the figure 4.8, the maximum estimation error is seen in the 10◦C. The estimation

made for 10◦Cis shown in the figure 4.9 .

The maximum error in this case is observed during the discharging time just after the SOC

was minimum. The estimation curve closely resembles the discharge profile with MAE of

1.08%. Figure 4.9 shows the estimation error for 10◦Cdata. It can be observed that

the maximum error in this case is also around the low SOC points where the discharge

cycle has just ended and the charging cycle begins. Apart from that, the model follows

the discharge profile with average MAE of 1.08%. It should be however noticed that the

number of epochs that the LSTM network has been trained for is just 200. The reason for

using such small epochs is because the LSTM network takes much longer time to train

compared to DNN for same number of neurons. The memory effect and the use of forget

gate causes the network to have multiple operations to be carried during one iteration.
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Figure 4.7. Plot of estimated SOC for four different temperatures using LSTM network

Estimation Error for DNN (epoch = 1000)
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Figure 4.8. Estimation Error for LSTM network

Hence, this takes longer time. With powerful machines and higher number of iterations,

LSTM networks can prove much more effective than DNN network. The graphs for all

other temperature cases is shown in Appendix A.

One of the reasons for high error when the battery mode changes from charge to dis-

charge and vice versa is the discontinuous measurement.There are four modes: charg-

ing, idle after charging, discharging and idle after discharging. This cause the model to
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Figure 4.9. Plot of estimated SOC for 10◦C

Error -10◦C 0◦C 10◦C 25 ◦C Average

MAE(%) 1.27 1.02 1.23 0.79 1.08

RMSE(%) 1.87 1.44 1.89 1.19 1.6

Max (%) 31.28 21.62 47.29 40.72 35.22

Table 4.3. Error metrics using LSTM at different temperatures (Epochs: 200)

partially look up for data representing previous mode (for instance discharging) when the

current mode is different (for instance, charging). Also, the average voltage and current

taken from previous time steps affects the estimation during this boundary of charge and

discharge. And in case of LSTM networks, long feedback from previous mode messes up

the estimation for the present mode which is why the error is maximum in the moments

when the mode of battery is changing. Further explanation about this is done in the next

section.
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5. DISCUSSION

This thesis dealt with the use of Artificial neural network models to estimate the SOC of

the Lithium ion battery. Figure 4.2 and figure 4.7 present the estimation of SOC made by

NN. To measure the performance index of the models, three error metrics namely, mean

absolute error, root mean square error and maximum error were observed for each model.

The DNN was trained for 1000 epochs initially. The DNN was also trained for higher

number of epochs to observe whether there would be significant performance differences

or not. Next, a Long Short Term Memory Network (LSTM) was utilized to contrast the

performance with DNN. This is because the two networks differ in architecture and design.

Observing performance of both the models helps in understanding ANN design for BMS

in great detail. All these models were compared with each other to see, which model

performed the best. The summary of the models is presented in the table 5.1. The main

parameters in consideration for comparison are the RMSE, MAE , max error and training

time.

Items DNN (1000 epochs) DNN (5000 epochs) LSTM (200 epochs)

MAE_{avg}

(%)
0.99 0.97 1.08

RMSE_{avg}

(%)
1.45 1.41 1.6

Max_{avg}
(%)

29.73 27.59 35.22

Training
Time

5 minutes 43 minutes 13 minutes

Table 5.1. Summary of the model performances

It was observed that DNN trained for 5000 epochs gave the least error and took the

longest time to train. However, LSTM layer was able to provide comparable performance

with significantly lower number of neurons and training time. This also provides convinc-

ing evidence that LSTM layer can be one of the best options as a NN model for SOC

estimation.

Based on the experiments and the obtained results, some interesting observations have

been made. The NN model, unsurprisingly, seems to work better with more number
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of epochs and higher number of neurons per hidden layer. However, the trade-off is

the training time. With more neurons in hidden layer and more epochs, the machine

takes longer time to train the model. One solution could be to use different optimization

algorithms to set up the hyper parameters that could speed up the training process. Also

using dedicated processing units like GPU (Graphical Processing Unit) and NPU (Neural

Processing Unit) can decrease the training time.

Comparing the DNN model with LSTM model, it has been observed that with multiple

epochs and higher number of neurons, DNN seems to outperform LSTM network. How-

ever, it should be considered that LSTM network takes a long time to train owing to the

memory effect and hence, have been trained for relatively less number of epochs com-

pared to DNN (due to hardware constraints). But with higher epochs, LSTM network

should be able to outperform Feedforward DNN in estimation of SOC.

Another approach could be to update some layers during the training process and keep

other layers unchanged (freeze) and update them later albeit less frequently. This can

reduce the computational burden as the number of layers to work per epoch are reduced.

Brock et al. [5] present an interesting finding regarding the freezing of hidden layers in

DNN. They found that they could reduce the training speed by 20% without any loss of ac-

curacy for Residual Neural Networks (ResNets). Similar, approach might find application

with this model too.

It has also been noticed that the error metric change slightly at each training process. It

is because the NN are initialized with random weights at the beginning of training process

and hence result in a slightly different error metrics after 1000 epochs. However, this

change is quite low and doesn’t affect the over all analysis of the models.

The model seems to suffer from poor estimations as the SOC approaches zero during

the discharge profile. This was observed in all the temperature estimations cases. This is

due to change in the two discrete events i.e. charging and discharging. As, discharging

is completely different event, it doesn’t take into consideration the charging case. And

hence, the large errors in the moment when this mode changes. Using different neural

network to model charging and discharging cases is one simple way to tackle this issue.

One of the reasons could be the inefficient design of the model itself. Tweaking the

hyper parameters is one way to optimize the model and minimize this anomaly. Training

with larger dataset than the one available now or using pre-trained models developed

by big institutions might also reduce this anomaly. A larger dataset offers the neural

network additional examples and diverse data variations. This aids in fostering a deeper

understanding of generalized patterns, rather than merely memorizing specific instances

from a smaller dataset. Big institutions have the resources to train models on bigger

data sets with state of the art computing hardware and software that can cost a large

sum of money and hence is only affordable for big institutions. Another reason could be
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that the voltage and current data obtained during these moments could be inconclusive

enough to estimate the SOC accurately. Hence, extra parameters might be necessary to

estimate SOC more accurately. Also, the effect of different C-rates affects the batteries

charge holding capacity [41]. This also causes them to behave erratically when they are

discharged deeply. While these reasons are not the final verdict on the anomaly observed,

these can be the starting point for future research endeavors in this field.

The input vector consists of only the voltage, current and temperature in the case of this

thesis. While these parameters are paramount for determining the SOC of the cell, it has

been observed that these are not the sole factors to consider for accurately assessing

the SOC. There are other parameters for instance, the history of the cell, manufacturing

material and style, age of the cell, cycle count, depth of discharge etc. that affect the SOC

of the cell. Hence, expanding the input vector to encompass these relevant parameters

can help in improving the efficiency of the model and make it robust for SOC prediction in

the future.

Among other parameters, aging of the cells drastically affect the SOC and is one of the

most fundamental topic of research in battery community. Most of the research on ap-

plication of AI for SOC estimation ignore the aging of the battery due to the difficulty in

quantifying it effect. Aging is slow for unused batteries. But batteries that have been

discharged deeply and batteries that are used in very low temperatures for long period

of time undergo aging faster compared to batteries that are stored. Also, the depth of

discharge history and the history of the cycle count plays an important role in determining

the SOC of the battery. The model in this thesis has not considered these parameters

because of their pragmatic nature and difficulty in recreating those scenarios in the lab-

oratory for testing. Hence, to model a complete battery, data from a complete life-cyle

of a battery is necessary along with other parameters that are mentioned above. This

will provide an inclusive database for the NN model to work increasing their generalizing

capability. Cheng et al. [11] have researched onto this issue to co-relate aging with SOC

estimation. Improving upon this model can be a new avenue of research for the future

work.

Besides, various random environmental, human or technical variable that is uncounted for

when developing the models can pose an issue if applied to real life cases. For example

EV batteries working in difficult terrains might not follow the drive cycles used to analyze

the test cell and hence these models might prove ineffective for such cases. The model

in this thesis has been prepared on the basis of a cylindrical cell of 18mm diameter and

65mm height (also referred to as 18650 cells in battery industry). There are multiple other

cell types of Lithium-ion chemistry like prismatic, pouch, button etc. which have not be

considered. Generalizing this to even larger scale, SOC predictions for all cell chemistries

can also be an area of research for the future.
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The whole premise of this thesis was build on the idea that with the increase connectivity

and automation, large database of battery information can be built and then be used

to train the NN models to accurately predict the SOC. Implementing strategies that can

help in accumulating these information can be a step forward in realizing this battery

database. Cloud storage of battery information from EV modules, Battery Energy Storage

Systems (BESS), battery manufacturers, EV manufacturers, EV maintenance companies,

EV users, etc. can help in gathering these information for this proposed battery database.

This can help in generating a mega-battery-database which can then be used to train the

NN models in the future. Pre-trained model can also be provided by institutions working

closely with Lithium-ion batteries.

Lastly, even though the SOC estimation with ANN was achieved, there are many under-

lying assumptions that has been used to simplify the analysis. Some assumptions like

modelling only for some temperature cases are due to resource constraints like lack of

data availability and need of powerful processing units to model large dataset. Other

assumptions like the use of drive cycle to model EV was due to practical reasons. As

it is really difficult to model every user behaviour and thus the discharge characteristics

of the battery in EV modules. Hence, freely available standard models provided by EPA

has been used to model EV discharge pattern in this case. Another assumption lies in

ignoring the historical charge/discharge characteristics. It is a vital piece of information to

increase efficiency of NN. Besides, use of drive cycles test data for training and testing

the model, using only voltage, current and temperature to make predictions of SOC, not

considering the aging of the cell and referring to the cycle count are some of these as-

sumptions. Future research on this topic can focus on these aspects of problems to make

SOC estimation much more robust and applicable for daily usage.

This test is a small step to the design of neural network integrated BMS. Currently,

SOC estimation techniques in the market is a combination of neural network, Coulomb

Counting, Open Circuit Voltage (OCV) and other estimation techniques mentioned in

previous sections. Industrial techniques are more or less closely guarded secrets and

hence accurately stating what modern EVs use for SOC estimation is hard. Similar is the

case with the design of BMS. EV manufacturers are secretive of their technology due to

cut-throat competition. But design wise, realizing a BMS integrated with neural network

would require several key steps.

1. Data Collection: Gather data from various sources such as battery sensors, volt-

age and current measurements, temperature sensors, and historical charging and

discharging data.

2. Data Preprocessing: Clean and preprocess the collected data to remove noise,

outliers, and inconsistencies. This may involve normalization, feature scaling, and
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feature extraction to prepare the data for input into the neural network.

3. Neural network Architecture: Design and implement a neural network architecture

suitable for BMS applications. This may include selecting the appropriate type of

neural network (e.g., feedforward, recurrent, convolutional) and defining the number

of layers, neurons, and activation functions.

4. Training: Train the neural network using the preprocessed data. This involves opti-

mizing the network’s parameters (e.g., weights and biases) using techniques such

as gradient descent and back propagation to minimize the prediction error.

5. Model Evaluation: Evaluate the trained neural network’s performance using valida-

tion data and metrics such as accuracy, precision, recall, and F1-score. Iterate on

the model architecture and training process as needed to improve performance.

6. Integration with BMS: Integrate the trained neural network model into the BMS ar-

chitecture, allowing it to make real-time predictions and decisions based on incom-

ing sensor data. This may involve deploying the model on embedded hardware or

in a cloud-based environment, depending on the application requirements.

7. Testing and Validation: Test the integrated BMS system in simulated and real-world

scenarios to ensure its reliability, accuracy, and safety. Validate the system’s per-

formance against established benchmarks and industry standards.

8. Deployment and Maintenance: Deploy the BMS system in operational environ-

ments, monitoring its performance and conducting regular maintenance to ensure

continued functionality and reliability. Update the neural network model as needed

to adapt to changing operating conditions or improve performance over time.

It is possible to develop an adaptive neural network model tailored to specific user behav-

ior, EV battery characteristics, and battery health. This would involve training the neural

network using data collected from the specific EV, the user’s driving patterns, and the

battery’s performance over time.

The adaptive nature of the neural network could be achieved through techniques such as

online learning, where the model continuously updates and refines its parameters based

on new data inputs. Additionally, the neural network could incorporate features such as

reinforcement learning to adapt its behavior based on user feedback and environmental

conditions.

By customizing the neural network model to the individual user’s behavior and the char-

acteristics of their EV battery, it could provide more accurate predictions and recommen-

dations for optimizing battery usage, extending battery life, and enhancing overall vehicle

performance.
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6. CONCLUSION

In this thesis, Artificial Neural Networks were considered as an alternative tools for SOC

estimation of Li-ion batteries. Conventional methods for estimating State of Charge (SOC)

frequently encounter difficulties due to the dynamic and intricate nature of battery be-

havior across various conditions, resulting in inaccuracies and diminished performance.

Conversely, machine learning methods, harnessing data-driven insights, demonstrate su-

perior adaptability to such challenges. Namely, two ANNs, Deep Neural Network (DNN)

and Long Short Term Memory Network (LSTM) were used to estimate the SOC of an

LG 18650 HG2 cell for four temperature cases. These were -10◦C, 0 ◦C, 10◦Cand 25◦C.

The DNN was trained initially with only three inputs viz. voltage, current and temperature.

However, the estimation performance with these inputs was not satisfactory. Referring

to Vidal et al. [65], along with these three parameters, two extra inputs namely, average

voltage and average current were also used to make estimations. These average value

were calculated from 500 previous time-step values. This significantly improved the per-

formance of the DNN. The average MAE of the DNN was found to be around 0.99%.

The performance of the DNN was also observed by increasing the number of neurons

and training epochs to see if there would be any significant improvement in the perfor-

mance. It was observed that while the performance was improved, as MAE in this case

was 0.97%, it was not significantly high.

Next, a different type of ANN called LSTM was used to test the SOC estimation capability.

LSTM are a type of recurrent neural networks where the information flows in both the

forward and backward directions. LSTM is a special class of RNN where the network

can keep track of previous inputs using its memory cells. It has a forget gate along with

the input and output gate, that makes it useful for predicting time series data. However,

because of this memory gate, LSTM network take longer time to train compared to DNN

for the same number of neurons. Because of this, LSTM network have been trained for far

less number of epochs than DNN. Despite this, LSTM network performed competitively.

For just 200 epochs, the average MAE for the estimation was 1.08%. Further research

can be done to improve the performance of the LSTM network and make it more robust.

The objective of this thesis was to see the effectiveness of the neural network models in

estimating the SOC of the Lithium-ion battery. Two instance of ANN, namely, DNN and

LSTM were used for this task for their simplicity and ease of use. It was observed that the
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larger the dataset the better was the performance of the model. ANN was indeed able

to handle non-linear relationship between input parameters of battery (Voltage, Current,

and Temperature) and SOC with good accuracy. The risk of over-fitting was avoided by

splitting the initial data set early in the data preparation stage. And also by using least

number of model parameters and not over training the model for large number of epochs

such that it doesn’t memorize the specific instances form the training data set. One

observation that was made during the thesis work was that discrete battery operation

modes i.e. charging and discharging behave differently and one single ANN model will

struggle during these mode change. However, using different model for charging and

discharging cases can be one solution to this problem.

While ANN have proved competent as an alternative modelling techniques for SOC es-

timation, they require large data base of cell parameters to work accurately. However,

with the increase in internet connectivity and automation, a global database of different

cell characteristics can be realized soon. And with the increase in computational power

and dedicated processing units like NPU (Neural Processing Units), more complicated

NN can be realized which shall improve the accuracy of SOC estimation in the future.
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APPENDIX A: APPENDIX

A.1 Code for DNN

%Design the Deep Neural Network

num_input = 5;
num_output = 1;
Epochs = 1000;
mini_batch_size = 1;
LR_drop_period = 200;
initial_LR = 0.01;
LR_drop_factor = 0.1;
Val_frequency = 30;
num_hidden_neurons = 67;
max_error = zeros(1,4);
mean_abs_error = zeros(1,4);
root_mean_square_error = zeros(1,4);
error = zeros(4,3);

%Design the layers of the network
layers = [
sequenceInputLayer(num_input,Normalization="zerocenter")
fullyConnectedLayer(num_hidden_neurons)
tanhLayer
fullyConnectedLayer(num_hidden_neurons)
leakyReluLayer(0.3)
fullyConnectedLayer(num_output)
clippedReluLayer(1)
regressionLayer];

%Set the training options for training the neural network
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train_options = trainingOptions("adam", ... %algorithm for training=
SGDM (Sotichastic Gradient Descent with Momentum, ADAM, *)
MaxEpochs=Epochs, ...
Plots="training-progress", ...
MiniBatchSize=mini_batch_size, ...
GradientThreshold=1, ...
InitialLearnRate= initial_LR, ...
ValidationData=dsVal, ...
Verbose=false, ...
LearnRateDropPeriod=LR_drop_period, ...
LearnRateDropFactor=LR_drop_factor, ...
LearnRateSchedule="piecewise", ...
ValidationFrequency=Val_frequency, ...
ExecutionEnvironment="gpu", ...
Shuffle = ’every-epoch’);

%train the neural network
net = trainNetwork(dsTrain,layers,train_options);

%test the network
YPred = predict(net,tdsPredictorTest,MiniBatchSize=1);

A.2 Code for LSTM

clearvars
chunk_size = 500;
num_input = 3;
num_output = 1;
num_hidden_neurons = 256;
Epochs = 400;
mini_batch_size = 64;
LR_drop_period = 30;
initial_LR = 0.01;
LR_drop_factor = 0.1;
grad_thresh = 1;
Val_frequency = 50;
drop_out = 0.2;
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%Design the layers of the network
layers = [ ...
sequenceInputLayer(num_input,Normalization="rescale-symmetric")
lstmLayer(num_hidden_neurons)
dropoutLayer(drop_out)
lstmLayer(num_hidden_neurons/2)
dropoutLayer(drop_out)
fullyConnectedLayer(num_output)
regressionLayer];

%set the training options for training the neural network
train_options = trainingOptions("adam", ... %algorithm for training=
SGDM (Sotichastic Gradient Descent with Momentum, ADAM, *)
MaxEpochs=Epochs, ...
Plots="training-progress", ...
MiniBatchSize=mini_batch_size, ...
InitialLearnRate= initial_LR, ...
ValidationData=X_val,Y_val, ...
GradientThreshold= grad_thresh, ...
Verbose=false, ...
LearnRateDropPeriod=LR_drop_period, ...
LearnRateDropFactor=LR_drop_factor, ...
LearnRateSchedule="piecewise", ...
ValidationFrequency=Val_frequency, ...
ExecutionEnvironment="gpu", ...
Shuffle = "every-epoch", ...
OutputNetwork = "best-validation-loss");

%Train the network
net = trainNetwork(X_train,Y_train,layers,train_options);

S = load(test_file);
X_test = S.X(1: num_input,:);
y_predict = predict(net,X_test);
%Compare estimated SOC with target SOC
Y_test = S.Y;
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A.3 Estimation Graphs for different Network

For DNN estimations made with 67 neurons and 1000 epochs refer from figure A.1 to A.4.

For DNN estimations made with 97 neurons and 5100 epochs refer from figure A.5 to A.8.

For LSTM network estimations refer from figure A.9 to A.12.

Figure A.1. SOC Estimation with error at -10 ◦C

Figure A.2. SOC Estimation using DNN after 1000 epochs with error at 0 ◦C
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Figure A.3. SOC Estimation using DNN after 1000 epochs with error at 10 ◦C

Figure A.4. SOC Estimation using DNN after 1000 epochs with error at 25 ◦C
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Figure A.5. SOC Estimation using DNN after 5100 epochs with error at -10 ◦C

Figure A.6. SOC Estimation using DNN after 5100 epochs with error at 0 ◦C
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Figure A.7. SOC Estimation using DNN after 5100 epochs with error at 10 ◦C

Figure A.8. SOC Estimation using DNN after 5100 epochs with error at 25 ◦C
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Figure A.9. SOC Estimation using LSTM after 200 epochs with error at -10 ◦C

Figure A.10. SOC Estimation using LSTM after 200 epochs with error at 0 ◦C
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Figure A.11. SOC Estimation using LSTM after 200 epochs with error at 10 ◦C

Figure A.12. SOC Estimation using LSTM after 200 epochs with error at 25 ◦C
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