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Abstract 

 

 

 

Accurate State-of-Charge (SOC) indication is required in automotive applications for several reasons. 
Its estimation is done by the Battery Management System. With this goal in mind, single-cell EMF 
modeling and equivalent-circuit model parameterization have been performed for a selected EIG 
7Ah LiFePO4 cell. The SOC-EMF relationship is a widely accepted method for accurate SOC estimation 
at single-cell level. However, its application is constrained to a cell in equilibrium conditions. Two 
EMF estimation methods have been tested and compared. Cell parameterization is done with the 
purpose of designing an equilibrium-voltage prediction algorithm. This algorithm is used during 
relaxation after current interruption and pretends to enable EMF usage earlier. In addition, it is 
concluded that the equilibrium-voltage prediction algorithm is also suitable for fast cell 
characterization. Finally, a single-cell SOC algorithm is upgraded and tested towards a multi-cell 
application. This algorithm makes use of Coulomb counting, SOC-EMF relationship and equilibrium-
voltage prediction to make an accurate SOC estimation of a battery pack. The multi-cell experiments 
have been developed in a self-engineered automotive battery-pack prototype. Static and dynamic 
experiments have been performed and SOC-estimation results with accuracy better than 1% are 
reported. In addition, it is concluded from experimentation that EMF modeling must be done on a 
per-cell basis.  
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Glossary 

Battery Management System (BMS) – The system in charge of ensuring that optimum use is made 
of the energy inside the battery powering the battery-powered product and that the risk of 
damage to the battery is prevented. This is achieved by monitoring the battery’s charging 
and discharging process [1].  

Battery Size Factor (BSF) – for a particular cell or module design, an integer which is the minimum 
number of cells or modules expected to be required to meet all the performance and 
lifecycle targets as specified in [2]. 

Coulombic / Energy efficiency – a measure of how much usable capacity/energy is available during 
discharging compared to the capacity/energy stored in the cell during charging. It can be 
affected by temperature, SOC, discharge rate, among others. Energy efficiency is largely 
determined by the resistive components in the cell.   

Depth of Discharge (DOD) – the percentage of a device’s rated capacity removed by discharge 
relative to a fully charged condition, normally referenced to a QMAX value obtained by 
constant current discharge at a low C-rate. Considering a maximum value of 100% the DOD 
is equal to 100% - SOC.  

Electromotive Force (EMF) – the internal driving force of a battery for providing energy to a load [3]. 

Open-Circuit Voltage (OCV) – the voltage present at the cell terminals whenever there is no current 
flow. The OCV is equal to the EMF when the cell has reached an equilibrium condition.  

State of Charge (SOC) – the percentage of the maximum possible charge that is present inside a 
rechargeable battery [4]. Considering a maximum value of 100% the SOC is equal to 100% - 
DOD. 

State of Health (SOH) – the ‘measure’ that reflects the general condition of a battery and its ability 
to deliver the specified performance in comparison with a fresh battery [4]. 
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1. Introduction 

Go green! Nowadays, this phrase and many others aimed to encourage people towards a more 
world-conscious life style have become very common. Green technology can be considered anything 
that is aimed to curb the negative impacts of human involvement in nature. The latter sounds very 
positive, everything the human makes should have that characteristic! However, since we live in a 
society driven by economics, generally speaking, green technologies have a major disadvantage with 
respect to a less-green counterpart: they are more expensive. 

Regarding the transportation sector, the combustion car has strong advantages with respect to 
autonomy, price and lifecycle. However due to a generalized concern with respect to global warming 
car automakers have introduced new topologies, which aim to reduce the carbon footprint of a 
vehicle. These topologies can be split in two global categories: 1. hybrid solutions; and 2. full-electric 
vehicles.  

Hybrid Electric Vehicles (HEVs) combine an internal combustion engine with one or more electric 
motors. The combination can be done either in a parallel or series topology. The first one allows the 
combustion engine and the electric motor to individually or collectively power the vehicle, using the 
combustion engine during constant-load requirements and the electric motor for fast-varying loads. 
The series topology, commonly known as Extended Range Electric Vehicle (EREV), makes use of an 
electric motor to power the vehicle and a combustion engine to recharge the battery when it is close 
to being empty. A special case is the Plug-In Hybrid Electric Vehicle (PHEV). This is usually a series or 
parallel hybrid with an increased battery which can be recharged via an external power source in 
order to avoid the use of the on-board charger.  

On the other hand, Electric Vehicles (EVs) make use solely of an electric motor which is powered by 
an on-board battery. A special EV is the fuel-cell hybrid. This topology is similar to a series PHEV with 
the difference that the internal combustion generator is replaced by a fuel cell.  

As was mentioned before, the combustion car has several advantages with respect to a HEV or an 
EV. With respect to the HEV the main advantage is the price. This is due to the fact that a HEV 
integrates two different technologies. With respect to an EV, the main advantages are the autonomy 
and lifecycle.  

These disadvantages of battery-operated vehicles can be attributed mainly to the limitations of 
battery technologies. Compared to gasoline, current Li-Ion technology features a very low specific 
energy and power density. It is expensive and exhibits a limited life cycle. Li-Ion is considered as the 
de-facto chemistry choice for modern EVs due to superior specific energy and power characteristics 
compared to other battery chemistries.  

As can be seen, the battery will be a key component in the future development of EVs. Several 
countries’ governments have decided to heavily invest in battery technology in order to make it 
more affordable. In addition it is also important that our understanding of them is further 
developed, in order to be able to use them more efficiently improving therefore the user experience. 
EVs have a main advantage with respect to their combustion counterparts: when used in 
combination with a clean energy source they represent a sustainable future!   
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1.1. Problem Description 

Li-Ion-based battery packs should always be accompanied with a Battery Management System 
(BMS). The basic task of a BMS is to ensure that optimum use is made of the energy inside the 
battery powering the vehicle and that the risk of damage to the battery is prevented. This is 
achieved by monitoring and controlling the battery’s charging and discharging process  [1].  

With respect to the protection and safety features, the BMS takes care that the battery is not 
exposed to harmful situations which could either damage the battery (irreversible reactions that 
reduce the battery capacity) or lead to an unsafe scenario. The situations that could damage a Li-Ion 
cell are over/under voltage, over current and operation outside the recommended temperature 
limits. Depending on the anode technology, these situations could bring the cell to develop thermal 
runaway, hence the relevance of a proper safety system.  

In addition to its safety features the BMS is also the main source of information with respect to the 
battery. One of the most important battery parameters is the State of Charge (SOC). It represents 
how much charge is left inside the battery. It can be seen as the equivalent of a fuel gauge in 
combustion cars. However, there is one main difference between a fuel gauge and an SOC estimator. 
While the fuel gauge reports the gasoline level by physically measuring it, the SOC is an estimation 
based on previous knowledge of the cell and voltage, current and temperature measurements. For 
this reason, accurate SOC estimation is not a straightforward task. 

Accurate knowledge of the SOC enables the development of higher-level Vehicle Management 
Systems (VMS) such as a vehicle range estimator. In this system, in addition to the battery SOC, 
information like driving style, terrain conditions and traffic status is combined to estimate the 
vehicle range in distance units. In simpler cases, the SOC information can be provided to the user 
allowing him to intuitively know how far (s)he can go, as it is currently done in combustion vehicles. 

The main goal of this thesis is to develop an accurate SOC estimation system for LiFePO4 cells. The 
system should be tested in an automotive battery pack and active balancing should also be 
evaluated.  

1.2. Motivation 

Two years ago I started my Master’s degree in Embedded Systems at the TU/e. By that time I also 
joined the University Racing Eindhoven (URE) team: I felt very enthusiastic about pioneering in the 
design and construction of an electric racing car. I was given the assignment to integrate a BMS into 
the High-Voltage (HV) battery. Back then, the most reliable and straightforward solution was to 
purchase an off-the-shelf system. I learnt many things while working with the selected BMS, some of 
its flaws were even corrected in-house. The acquired experience was worth the time spent on it, and 
after one year, I was convinced that we could do better.  

I approached to the moment to get started with my graduation work; I received some proposals but 
Prodrive gave me the opportunity to make my own proposal. By that time I was very motivated 
about the idea of designing a BMS. In addition I had already sketched some ideas and therefore, I 
opted to go for the opportunity to see them materialized. 
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From the technical point of view, the design of a BMS comes with the challenge of accurate SOC 
estimation. Future technologies will rely on accurate SOC estimations complemented by more in-
depth knowledge about voltage evolution during the discharge cycle, and current and temperature 
dependencies. These technologies will be able to advice the user a driving profile and accurately 
predict the range of the vehicle. Therefore, the phenomena of “Range anxiety” will be partly solved 
as the user gets more confident about the correctness of the system estimations. 

As a result, accurate SOC estimation of automotive batteries is one of the foundations towards 
tomorrow’s VMS. 

1.3. Document Organization 

This thesis is organized in six chapters where the reader is taken from relevant theory and  the state-
of-the-art to actual experimentation with an automotive battery prototype. The contents of every 
chapter are shortly summarized in the following paragraphs. 

Chapter 2 introduces the related-work and theory around this thesis. A small introduction to Li-Ion 
technology is presented. An introductory section and scientific references are provided with respect 
to single-cell modeling and SOC indication. Most of the consulted references are related to small-cell 
and single-cell applications. Hence, this knowledge is upgraded towards multi-cell applications. 
Finally a basic composition of an automotive BMS is presented.  

Chapter 3 presents the modeling towards obtaining an electromotive force (EMF) curve of a Lithium-
Iron Phosphate cell, two independent methods were used. In the first section these methods are 
completely described. Next the test-bench used for experimentation is presented and finally the 
obtained results are analyzed and compared. 

Chapter 4 presents the parameterization of a Lithium-Iron Phosphate cell according to an 
equivalent-circuit model. The parameterization process and results are discussed in this chapter. In 
addition, a newly developed EMF voltage-prediction algorithm is described and tested in the 
framework of a single cell application. 

Chapter 5 presents a multi-cell State-of-Charge algorithm. This algorithm is based in the one 
proposed in [4]. In addition an automotive battery-pack prototype was developed for 
experimentation. The details of this prototype are introduced in this chapter as well. Next, a set of 
experiments to test the performance of the SOC algorithm is presented. These experiments include 
static and dynamic tests designed to test different characteristics of the battery. Finally 
experimentation results are shown. 

Finally Chapter 6 presents the final conclusions, evaluates practical implementation aspects and 
gives recommendations for future work. 
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2. Related work and theory 

This chapter presents in Section 2.1 a brief summary of Li-Ion technology, the internal structure of a 
cell is explained and two specific chemistries are introduced. Their main advantages and 
disadvantages will be highlighted and a typical discharge profile is provided as illustration.  

The SOC-EMF relationship is a widely accepted method for accurate SOC estimation, therefore in 
Section 2.2 an EMF definition is provided as well as several methods used for obtaining it. 
References where more information can be found are provided. In addition, the methods used for 
EMF characterization for the scope of this thesis are studied more in-depth in Chapter 3. 

Section 2.3 presents the definition of SOC and some other important concepts. In [4] an extensive 
state-of-the-art summary has been presented. Therefore in this section only some algorithms are 
presented which will be useful for the work developed in this thesis. 

An objective of this project is to develop and test an SOC algorithm which can be used in multi-cell 
battery packs. However, there are not many references which address the problem when going from 
single-cell applications to multi-cell applications. In Section 2.4 several things to consider are 
analyzed and a conclusion is reached on how to estimate the total SOC of a multi-cell battery pack 
based on single-cell’s SOC estimations.  

Finally, Section 2.5 introduces a general architecture of an automotive BMS. 

2.1. Li-Ion technology 

A Li-Ion cell has a basic structure made up of 5 stacked elements as represented in Figure 2.1. The 
anode and the cathode are made up of a metal collector covered by a layer of the electrode 
material. Several cathode materials exist, for the scope of this thesis we are mainly interested in 
Lithium-Cobalt-Oxide (LiCoO2) and Lithium-Iron Phosphate (LiFePO4). The LiCoO2 cathode material is 
interesting because it has been well investigated. On the other hand, the LiFePO4 cathode material is 
important because it is a safer and cheaper alternative, characteristics very well appreciated in the 
automotive sector. Therefore, it is the selected chemistry for experimentation in this thesis.  

On the other hand, the anode is usually made up of graphite (LiC6). Finally, the electrolyte is a 
solution of fluorinated lithium salt (usually LiPF6), enabling current transport by lithium ions. The 
requirement of thin electrodes has made spiral winding (cylindrical cell) the preferred fabrication 
method for Li-Ion cells. However, pouch cells are nowadays gaining acceptance due to the better use 
of the available space. 
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Figure 2.1. Internal structure of a Li-Ion cell. I: Al-collector (18-25 µm); II: Positive electrode / cathode (40-200 µm); III: 
Electrolyte/Separator (16-35 µm); IV: Negative electrode / anode (30-150 µm); and V: Cu-collector (12-20 µm) 

 

2.1.1. Lithium Cobalt – LiCoO2  

The LiCoO2 material has been the traditional cathode element since the first introduction of a 
commercial Li-ion battery in 1991. Due to its 4V potential, high energy densities are achievable. For 
this reason, it is suitable for batteries in portable consumer applications. Its specific energy is 
~150Wh/kg. [5] 

This cathode has good storage capacity for lithium ions, adequate chemical stability (when Li-ion 
contents are greater than 50%) and good electrochemical reversibility. On the other hand, its safety 
issues, poor cycle life, low (dis)charge rates and high costs do not make it a good candidate for EV 
applications. Regarding the safety issues, the LiCoO2 is not tolerant to high abuse. A short circuit, 
high temperature operation or overcharge conditions, they all could lead to an exothermic reaction 
where oxygen is released [5]. 

As illustration, Figure 2.2 shows the voltage evolution during discharging of a 2.55Ah LiCoO2 cell. As 
can be seen, there is a steady voltage decrease as the cell discharges, making it suitable for voltage-
to-SOC translation. In addition the cell is not suitable for higher discharge C-rates. 

 

Figure 2.2. Voltage evolution during discharge for different C-rates of a LiCoO2 cell at 25°C (Example taken from 
Panasonic cell CGR-18650EA) 
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2.1.2. Lithium-Iron Phosphate – LiFePO4 (LFP) 

The LiFePO4 (olivine) cathode is a recent development in lithium technology, having reached already 
series production. This cell exhibits a lower operating voltage (usually 3.2V) and around 30% less 
specific energy compared to LiCoO2. As a consequence, it is less likely to oxidize the electrolyte 
solvent and is more stable, especially at high temperatures. The main advantages of this chemistry 
are its intrinsic safety, long cycle and calendar life, strong abuse tolerance and potentially lower-cost 
positive-electrode material. 

As illustration, Figure 2.3 shows the voltage evolution during discharging of a 2.2Ah LFP cell. It can be 
seen that LFP cells are tolerant to high discharge rates (~17C shown in the picture). High discharge 
capacity is available even with higher discharge rates and a flat discharge profile throughout most of 
the capacity range. As will be seen throughout this thesis, the extremely flat discharge profile implies 
a big challenge for SOC estimation. 

 

Figure 2.3. Voltage evolution during discharge for different C-rates of a LiFePO4 cell at 25°C (Example taken from A123 
cell ANR26650M1A) 

 

2.2. EMF modeling 

The Electromotive Force (EMF) is the internal driving force of a battery for providing energy to a load 
[3]. The EMF is equal to the battery’s voltage when there is no current flow and the battery has 
reached an equilibrium condition. In some articles, the SOC-EMF relationship is also referred to as 
Open-Circuit Voltage (OCV). For the scope of this thesis OCV is considered to be the measured 
voltage at the battery’s terminals whenever there is no current flow, and the OCV is equal to the 
EMF only when the battery has reached an equilibrium state.  

The EMF curve versus SOC is, among other dependencies, chemistry- and cell-dependent. Therefore 
different chemistries will present particular waveforms. Moreover, cells coming even from the same 
manufacturing batch will have slight variations due to the manufacturing process. The SOC-EMF 
relationship can be obtained by theoretical deduction or via experimentation. The former implies 
thermodynamic data and the Nernst equation. On the other hand, several ways exist to estimate the 
EMF via experimentation.  
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In [6] the EMF is obtained by discharging the battery at a very low discharge rate (0.04C). In [3] two 
methods are addressed, where the first one implies to consecutively discharge and charge the cell at 
a very low C-rate (0.05C) and then interpolate the waveforms obtained. The second method is based 
on pulse discharging the cell and providing enough time to reach an equilibrium condition. The cell is 
discharged in 25 steps and the provided relaxation time is SOC dependent. It is concluded in [3] that 
among the interpolation and voltage-relaxation methods, EMF via relaxation is a preferable choice. 
The latter conclusion is reached based on the consistency of the obtained results.  

Another method implies to discharge the cell at different C-rates and analyze the overpotential 
relationship in order to make an extrapolation towards a so-called “zero-current discharge curve”. 
This method is not compared in the framework of [3]. Therefore its differences with respect to the 
voltage-relaxation method will be explored as part of this thesis.  

2.3. State-of-Charge indication 

The State-of-Charge (SOC) is the percentage of the maximum possible charge that is present inside a 
rechargeable battery [4]. Its estimation is complex because there is no way to directly measure it. A 
battery SOC indicator can be compared to a traditional fuel-gauge in a vehicle. The fuel level is 
measured and translated into a relative number by knowing the tank capacity. Regarding batteries, 
capacity (Q) is measured in Coulombs (C), which is the charge corresponding to one ampere-second 
(As). However, in practice ampere-hours (Ah) are preferred. As with the fuel gauge analogy, in order 
to estimate the SOC it is necessary to know the maximum initial capacity, referred to as QMAX. The 
maximum initial capacity can be obtained by specification or via measurements; the latter is 
preferred due to the manufacture spread. However it is not practical to measure it for every new 
cell.  

Contrary to the fuel tank analogy, the maximum battery capacity will “shrink” as it is used. This 
ageing effect is referred to as State of Health (SOH). SOH is a ‘measure’ that reflects the general 
condition of a battery and its ability to deliver the specified performance in comparison with a fresh 
battery [4]. Ageing is a phenomenon that is not studied throughout this thesis. 

In order to make SOC estimation an algorithm is required. Generally speaking, the used algorithm 
will make use of a model describing the battery behavior and physical variables measured from the 
battery (voltage, current and temperature) to make an SOC estimation. However some of these 
components could be missing or some others could be added. In [4] a very extensive summary of 
SOC algorithms can be found. 

An algorithm that will be used in this thesis is Book Keeping (BK). This algorithm is based on current 
measurement and integration and is also referred to as “Coulomb counting”. This method starts 
from a known state and keeps track of all the current flow going into and out of the battery. By 
integrating this information it is possible to estimate the new SOC. In addition, phenomena like self-
discharge, charge/discharge efficiency, history, etc. can be compensated. The accuracy of BK systems 
depends mainly on the accuracy of the current measurement. Due to the integration step even small 
errors in the measurement can produce big errors when accumulated over time.  

Due to the error accumulation, it is a common practice to provide calibration points which ‘reset’ the 
BK system and bring it back to a known starting state. The most convenient way to calibrate the 
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system is to fully (dis)charge the battery and reset the system to 0% or 100%, respectively. However, 
very often the system is used for long periods of time without reaching a fully (dis)charged 
condition. Therefore, intermediate calibrations points are also desired. These intermediate 
calibration points can be obtained by modeling the relationship between the EMF and the SOC 
range. In [4] the EMF is used as the main reference point when the battery reaches equilibrium. In 
addition, it is possible that equilibrium is not reached before the battery is put again in operation. In 
[4] is also described a voltage-prediction algorithm which estimates the final relaxation voltage 
based on the initial relaxation waveform. 

Ageing is an important phenomenon. In [1] it was considered that the SOC-EMF relationship does 
not change as the cell ages. However, in [4] it is concluded that the EMF does change. For this reason 
a good SOC algorithm should also provide enough flexibility to refresh the stored SOC-EMF 
relationship during run-time. The just mentioned voltage-prediction algorithm can also be used to 
provide these calibration points. However, the latter represents a chicken-and-egg type of problem. 
For instance, if at certain moment a cell has reached equilibrium and a discrepancy is found between 
the SOC obtained via Coulomb counting and the SOC obtained via EMF curve, the question that 
arises is how to know if this discrepancy is due to a change in the SOC-EMF relationship or due to an 
error in the Coulomb counting. This question is not addressed in this thesis due to the fact that 
ageing is not considered in the performed analysis.  

2.4. Multi-cell applications 

All the references provided so far are related to single-cell applications. In this thesis a battery with 
18 cells in series is developed. Therefore it is important to know how the single-cell knowledge can 
be upgraded to the multi-cell level. Literature addressing multi-cell batteries in relation to single-cell 
behavior is rare. Therefore some reasoning has been developed and is provided in this section. For 
the scope of this document, the term ‘battery’ refers to a single-cell, whereas ‘battery pack’ refers to 
a multi-cell configuration.  

The knowledge developed from studying a single-cell can be adapted to multi-cell applications. 
However, several considerations have to be taken into account. Due to manufacturing variations, no 
two cells are equal, not even from the same production batch. The difference observed from cell to 
cell is referred to as spread. Spread can be present in any battery parameter: capacity, impedance, 
charge/discharge efficiency, self-discharge, etc. For instance, in [7] it is reported that among 50 cells 
of the same batch of an unreported chemistry, impedance mismatches can be up to 15%. 

Let us consider two basic scenarios. In scenario one it needs to be determined when to stop 
discharging a battery pack, whereas in scenario two the moment when to stop charging a battery 
pack needs to be identified. Due to the fact that a cell should never be operated at voltages below 
the End-of-Discharge (EOD) threshold, the first cell reaching this threshold will govern when the 
battery-pack discharge process is stopped. The cell reaching the EOD first will not always be the 
same and will depend on many factors. The same happens during charging. Due to the fact that a 
cell should never be operated at voltages higher than the End-of-Charge (EOC) threshold, the first 
cell reaching this threshold will govern when the battery pack charge process is stopped. 

For instance, let us consider the discharge of a battery pack that is assembled with new cells and all 
of them are at the same SOC level. In addition we are considering perfect cells which do not suffer of 
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any capacity spread, have zero impedance and 100% charge/discharge efficiency. Because all the 
cells are equal, while discharging, all of them will reach the EOD at the same time. Now, let us 
consider that all of them are equal except for their impedance, whose values are randomly 
distributed within a 15% range. When discharging the battery pack, the cell with the highest 
impedance will develop a higher overpotential and therefore will reach the EOD condition earlier. 
On the other hand, if all the cells were exactly equal except for their capacity, whose values are also 
randomly distributed within a 15% range, the cell with the lowest capacity will reach the EOD 
condition first. 

In reality, spread is present in every cell parameter. Let us consider the case where the cell with the 
highest impedance is also the cell with the highest capacity, and the cell with the lowest impedance 
is also the one with the lowest capacity. Under low C-rate discharge conditions, overpotential is less 
evident and it is very probable that the lowest-capacity cell will reach the EOD condition first. 
However at high C-rates, overpotential values are very noticeable. Therefore, it is very probable that 
the cell with the highest impedance will develop a bigger overpotential, thus reaching the EOD 
condition first. In this case, the discharge rate defined which cell was going to trigger the stop 
condition instead of the cells themselves. 

Finally, let us consider what happens when cells are identical except for the self-discharge rate. A 
difference in self-discharge will cause some cells to silently loose more capacity than the rest. If 
nothing is done with that respect, in the long run the difference in SOC between cells will be 
considerable and therefore cell voltages will not be the same. The latter has two major 
consequences; firstly, the usable capacity of the battery pack will be reduced, limiting the charging 
by the most charged cell and limiting the discharge by the least charged cell. Secondly, cells with 
higher SOC are potentially prone to develop an overvoltage during charging, thus affecting the 
performance of the cell. Further exemplification with respect to self-discharge can be found in [8]. 

2.4.1. State-Of-Charge indication for battery packs 

Some techniques on SOC estimation have been described in Section 2.3. However these techniques 
apply solely to single-cell applications. In this section an agreement is reached on how the SOC of a 
string of cells should be estimated. As previously mentioned, there are many possibilities once a set 
of cells are connected in series. Spread affects the cells themselves and charge-mismatches can be 
due to many reasons.  

Common sense indicates that the SOC of a battery pack should be tied to the lowest-capacity cell. To 
verify or refute the latter it is necessary to revisit the definition of SOC. SOC is defined as the 
percentage of the maximum possible charge that is present inside a rechargeable battery. Therefore, 
it is important to first define what the maximum possible charge inside a battery pack is. To do this, 
let us first consider a battery pack made up of two cells as shown in the left side of Figure 2.4. Cell A 
and B are connected in series and exhibit a theoretical capacity of 1Ah and 1.2Ah, respectively.  

The battery pack is assembled with uncharged cells. It is charged using an unknown method until 
Cell A has reached a completely full state, as shown in the second stage of Figure 2.4. Additionally, 
the battery pack has been provided with an ideal redistribution circuit (the details of this circuit are 
provided in the next section). The latter is used to remove 0.1Ah from Cell A and transfer this charge 
to Cell B, as shown in the third stage of Figure 2.4. Finally the battery pack is charged again and each 



11 
 

of the cells reaches a full-charged state, as shown in the fourth stage of Figure 2.4. As can be seen, 
the combined available charge in the battery pack is 1.1Ah, which corresponds to the average of the 
individual cell capacities.  

It can be observed that the redistribution circuit did not balance the SOC of the individual cells. 
Instead it took the cells to a certain point in which the absolute available charging capacity was 
equal, thus allowing fully charging every single cell. At every stage, the relative SOC of every cell has 
been added. It can be seen that the SOC of the lowest capacity cell goes from 0% to 100%, then to 
90% and finally to 100%. However the average SOC does not see the same variations, instead it 
steadily grows as the battery pack is charged.   

 

Figure 2.4. Hypothetic battery pack made up of 2 cells in series. Cell A has a theoretical capacity of 1Ah while Cell B has a 
theoretical capacity of 1.2Ah. The first stage shows both cells completely discharged. The second stage shows them after 
charging them and halting the charger when Cell A reached a 100%SOC condition. The third stage shows them after 
transferring 0.1Ah from Cell A to Cell B. The fourth stage shows them after fully charging them. 

From the previous example it can be concluded that the maximum possible charge inside a battery 
pack is the average of the maximum capacity on a per-cell basis. The example just shown made use 
of an ideal redistribution circuit. In addition, passive or active balancing solutions could be used to 
achieve the same effect during charging. However, these kinds of solutions would not allow 
retrieving all the stored capacity during discharge. Therefore it does not make sense to implement 
them with such purpose. It is important to highlight that in the absence of a redistribution circuit it 
might be possible to never reach a fully-charged condition. 

In conclusion, the SOC of a battery pack is defined and will be treated as the average of the SOC of 
every single cell contained in the battery pack. 

2.4.2. Battery balancing 

Some of the problems described in Section 2.4 can be solved externally while some others cannot 
and the best approach is to minimize their evolution. The most widely used solution is probably 
battery balancing. Balancing is a technique useful to deal with self-discharge mismatches, 
charge/discharge efficiency differences and under special circumstances with capacity spread. 
However, impedance differences cannot be tackled using balancing. The main purpose of an ideal 
balancer is to take all the cells inside a battery pack to the same SOC condition. Two methods can be 
recognized: passive and active balancing.  
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Passive balancing is a dissipative technique in which all the cells are equalized to the lowest cell’s 
SOC. Therefore energy is dissipated in the cells with higher SOC to achieve the latter. The 
possibilities with this kind of balancing are very limited. For instance, a passive balancer ties the 
capacity of a battery pack to the lowest-capacity cell. 

On the other hand, active balancing is a non-dissipative technique which offers more freedom. In 
this case, energy is transferred from some cells to the others until all the cells are equalized to a 
certain SOC. It is important to note that energy flow is not necessarily from the higher-capacity cells 
to lower-capacity cells direction. It can also be the other way around. It is a wide believe that 
depending on the dimensioning of the balancer, an active balancer can be used to compensate for 
capacity mismatches. However, as shown in Figure 2.4, by compensating capacity mismatches the 
battery is in fact unbalanced, which contradicts the definition of an active balancer. Therefore, in [8]  
the action of diminishing capacity mismatches is referred to as redistribution. 

Redistribution is a complete new concept whose main purpose is to fully utilize the capacity inside a 
battery pack. Redistribution is not the same as an active balancer. In order to achieve its objective 
higher “balancing” currents are required during the (dis)charge process. Depending on the 
redistribution algorithm, an intermediate consequence could be that the battery pack is unbalanced 
during the process, as shown in Figure 2.4. The redistribution circuit allows the use of the total 
capacity of every cell. The net result is that the battery pack appears to have a net capacity equal to 
the average of every individual cell’s capacity. 

Unfortunately none of the balancing/redistribution techniques can deal with impedance 
mismatches. To prove this let us consider once again our perfect battery pack, this time with 
impedance differences. In addition let us assume that all the cells have been charged up to 100%. 
While discharging at high C-rates, as explained before, the cell with the highest impedance will 
develop a higher overpotential and therefore will reach the EOD faster. If the redistribution circuit 
tries to cope with this by inducing some charge from the rest, the consequence will be that the cell 
with the highest impedance will also be the one with the highest SOC at the end, because extra 
energy was extracted from the rest to “keep alive” the cell that was close to reach the EOD voltage. 
As a consequence, although larger charge was extracted, the balancer has unbalanced the battery 
pack. Battery performance and cycle life may be adversely affected by an unbalanced battery pack. 

In either balancing technique, balancing can be controlled based on either voltage or SOC values of 
the considered cells. In [7] different scenarios are presented in order to present the differences 
between both methods. In general terms, since balancing aims at bringing all the cells to the same 
SOC condition, logically the best way is to do it SOC based. However, the main flaw lies in the 
method used for estimating the SOC. On the other hand, voltage-based balancing is a simpler 
alternative. However, its performance is affected by many factors, such as impedance differences 
and temperature differentials. For instance, thermal imbalance can cause electrical unbalance in the 
battery pack, even at the same SOC. Therefore, thermal design is paramount and battery packs must 
be designed in such a way that temperature difference among the constituting cells is minimized.  

Balancing in itself can represent a source of inaccuracy for an SOC algorithm based only on Coulomb 
counting. The energy dissipated (passive balancer) or transferred (active balancer) is not measured 
and it is only possible to estimate it via previous calculations. The latter can be overcome by using 
the SOC-EMF relationship for calibration.   
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2.5. Architecture of a Battery Management System 

The general architecture of an automotive BMS can be seen in Figure 2.5. This architecture has 
major changes compared to the one applicable to single-cell systems. An example of a single-cell 
architecture can be consulted in [4]. The cell stack can be any arrangement of cells in series or 
parallel. Moreover, parallel connections can be done at the cell level or at the pack level. For the 
cell-level case, all the cells are seen by the system as a single cell with larger maximum capacity, 
whereas for the pack level case, cells need to be independently monitored and controlled.  

Cell monitoring and balancing control is usually done in a modular way, although a centralized BMS 
can also be found. In general terms, centralized solutions are simpler and more cost-effective for 
small battery packs. However, for bigger battery packs modularity provides a more structured 
solution which is also flexible and easily scalable. For the scope of this thesis, a modular approach 
has been preferred. 

The trend observed from ICs manufacturers is to provide only Analog-Front-End (AFE) solutions and 
leave the algorithm development and implementation as a task to the system integrator. Therefore, 
as can be seen in the block diagram, several monitoring boards are connected to a main unit (host 
controller) where all the decisions are taken and algorithms are stored. This communication usually 
takes place via an isolated communication bus. 

Finally, a current sensor, a fuse and contactors are provided. In addition, a so-called pre-charge 
circuit is added. This circuit is made up of a small relay in series with a resistor and is used to limit 
the inrush current due to high input capacitances of motor controllers. Without this protection 
damage could be infringed on the main contactors.  

 

Figure 2.5. General architecture of an automotive Battery Management System.  
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2.6. Conclusions 

This chapter presents a small summary on Li-Ion battery technology. Modeling and SOC techniques 
applicable to single-cell problems have also been addressed. It has been concluded that single-cell 
modeling is paramount for multi-cell battery packs. The latter enables us to use the available 
knowledge on single-cell applications and upgrade it towards multi-cell applications. Balancing is a 
perfect example of the importance of knowing the SOC on a per-cell basis. It has been explained that 
balancing based on SOC proves to be better than voltage based. 

An important conclusion from this chapter is that the SOC of a battery pack has been defined as the 
average SOC of all the individual cells. Common sense indicates that the SOC of a battery pack 
should be equal to the SOC of the lowest-capacity cell. However, by presenting a use-case and 
introducing the concept of redistribution it was proven that the lowest-capacity cell will constrain 
the remaining run-time but not the SOC of the complete battery pack.  

In this thesis an LFP cell will be modeled and its characteristic EMF curve will be obtained. A SOC 
algorithm based on Coulomb counting and EMF calibration with voltage prediction will be presented. 
In addition, it has been decided to leave cell ageing out of the scope of this thesis.  
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3. EMF characterization 

In this chapter the modeling towards obtaining an EMF curve of an LFP cell is described. Two 
independent methods were used. In the first section these methods are completely described. Next 
the test bench used for experimentation is presented and finally the obtained results are analyzed 
and compared. 

The first EMF estimation method to be tested is called current extrapolation. This method has been 
proposed in [9]. The second method is called voltage-relaxation. This method has been tested before 
and is reported in [3]. In fact in [3] it is concluded that the voltage-relaxation method is preferred 
among other alternatives. However, Danilov’s procedure is not compared there and therefore will be 
compared in this thesis. As a special note, these methods have been always applied to small cells (C 
<= 2000mAh). Therefore, any difference with respect to the cell used in this thesis will also be 
explored.  

All the experiments have been conducted using a Lithium-Iron Phosphate cell manufactured by the 
company EIG. The main characteristics of this cell are presented in Table 3.1. Otherwise indicated, 
cell charging has been done using a standard CC-CV charge profile. This profile is thoroughly 
explained in [1]. For the scope of this thesis, the method comprises a CC charging phase limited to 
0.7C followed by a CV phase at 3.65V which finishes when the current flow equals 0.05C. 

Table 3.1. EIG F007 specifications 

Battery Characteristics 
Model EIG F007 (Lithium-Iron Phosphate) 
Nominal Voltage (V) 3.2 
Voltage Range (V) 2.0 – 3.65 
Nominal Capacity (Ah) 7 
Maximum Continuous Discharge Current  20C 
Maximum Pulsed Discharge Current (<10 
sec) 

30C 

Form Factor Pouch 
Dimensions LxWxT (mm) 221 x 130 x 4.5 

 

This chapter is organized as follows. Section 3.1 explains the methods used for EMF estimation. 
Section 3.2 gives a description of the set-up that was assembled in order to perform all the single-
cell experiments and Section 3.3 provides the results obtained through either method; in addition a 
choice is made for a method of which the obtained EMF is used in the next chapters.  

3.1. EMF estimation 

As previously mentioned, the EMF is the internal driving force of a battery providing energy to a 
load. It can be used to accurately estimate the SOC of a cell when the latter is in equilibrium. 
Therefore it is very important to include the EMF in the battery model. The characteristic EMF 
waveform is very flat for LFP cells, which is a difficult for EMF-based SOC estimation. Therefore the 
performance of an SOC algorithm based on EMF will be evaluated in chapter 5. In this section two 
EMF estimation methods are presented. 



16 
 

3.1.1. Current extrapolation 

When there is a current flow through a battery, certain overpotential is build-up due to its internal 
impedance. This overpotential is higher as the current-flow increases. The current extrapolation 
method is based on the assumption that there exists a relationship modeling the overpotential 
difference observed when a battery is subjected to different discharge rates. The cell voltage is equal 
to the EMF when it reaches an equilibrium condition. Therefore the EMF curve can also be thought 
of as the voltage when the current flow is zero. By observing the relationship between 
overpotentials at different currents, an extrapolation towards a zero-current voltage evolution is 
elaborated, and therefore, the result would in principle describe the EMF evolution for the full SOC 
range. The extrapolation procedure will be described during the results discussion. 

The experiment is developed as follows. First a battery is fully charged under a CC-CV regime. At the 
end of the charge cycle the battery is said to be at 100% SOC. The charging step is followed by a rest 
period of 1.5 hours, after which the cell is fully discharged at CC until the cell reaches 2V. This 
discharge step is followed by a rest period of 1.5 hours and afterwards, the whole process is 
repeated for a different C discharge rate. 

Figure 3.1 shows an example of a full characterization cycle performed at 25°C, where voltage is 
shown on the left axis while current is shown on the right one. By definition it is considered that the 
flow of current is positive when it flows into the battery (i.e. charges the battery), and negative 
when it flows out of the battery (i.e. discharges the battery). Later in this chapter the waveforms 
corresponding to temperature evolution are also presented. 

The discharge rates defined for this experiment are: 0.05C, 0.10C, 0.15C, 0.20C, 0.30C, 0.50C, 0.75C 
and 1.0C. For the scope of this thesis, the CC discharge cycles were performed in an ascendant order 
(low discharge rates first). However, as it will be shown later, it would have been more convenient to 
perform them in descendant order (highest discharge rate first). The discharge rates are selected in 
accordance to the experiments performed by Dr. Danilov. 

Temperature dependence is also another important phenomenon to be studied in a Li-Ion cell. 
Therefore the experiments above mentioned have been performed at 4 different temperatures, 
including -15°C, 5°C, 25°C and 45°C. The intention of performing a test at temperatures below 0°C is 
to test the cell under real automotive conditions.  
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Figure 3.1. Voltage and current evolution for different C rates obtained at 25°C. This experiment is used to find the EMF 
by current extrapolation. 

 

3.1.2. Voltage relaxation 

The voltage-relaxation method consists of discharging a cell in several steps and providing enough 
relaxation time between steps in order to reach an equilibrium voltage, this voltage is stored and 
used to create the EMF waveform. The cell’s initial state is fully charged and by means of precise 
Coulomb counting it is possible to track the SOC to which certain equilibrium voltage is related.  

The experiment is developed as follows. Firstly a battery is fully charged under a CC-CV regime. At 
the end of the charge cycle the battery is said to be at 100% SOC. The charging step is followed by a 
rest period of at least 1.5 hours, after which the cell is discharged 5% SOC by a CC step and let to 
relax for 3.5 hours. This discharge step is applied 20 times in total leaving an empty cell at the end. 
At the end of every relaxation period it is considered that the cell has reached an equilibrium state. 
Therefore the end voltage is stored and considered as the EMF value for the current SOC. This 
experiment has been performed at 25°C and for discharge-rate steps of 0.05C, 0.5C, 1C and 2C. A 
single temperature was selected for this test due to the fact that it was not originally intended for 
EMF estimation.  

Once all the final relaxation voltages are known, they are merged into a single data set and fitted 
using a spline function. This function is translated into a relative scale where 0% SOC is found at the 
intersection of the fit and 2V. The fitted function is evaluated for 10,000 equally spaced steps 
yielding a look-up table with a resolution of 0.01%. Further details will be provided in the results 
discussion section where the graphical representations will be an important aid.  

The spline approximation is preferred over any polynomial fit because it does not suffer from the 
Runge’s phenomenon [10] This phenomenon was observed when using polynomial fittings for the 
EMF curves and it was due to the equidistant spacing between equilibrium voltages. In addition, 
after the cell has been fully discharged its voltage will relax to a higher value than 2V. Therefore it is 
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required to extrapolate the fitted EMF in order to see its crossing point with the 2V threshold. 
Extrapolation based on spline fitting is appropriate for the latter. 

In [3] this voltage-relaxation method is applied in the characterization of a LiCoO2 cell. In Pop’s 
experiments, the method is applied more extensively as the cell is discharged in 25 steps and it is 
allowed to rest a minimum of 8 hours after current interruption. In addition, for low SOC values 
relaxation times are increased to a minimum of 24 hours. In this thesis, it will be seen that an 
increased number of steps can provide more reliable results as more details can be captured, 
especially in the high and low SOC regions where the graph is steeper. The voltage-relaxation 
method was intended solely for cell parameterization, for this reason the method was not applied as 
in [3]. 

Long relaxation times are indeed required to obtain a better estimation of the EMF. Therefore the 
best EMF estimation would be the one where the cell was allowed to rest a very long period of time 
and compensate for self-discharge. However, an EMF obtained under these conditions could actually 
hinder its usability in a real application. For instance, under real-life circumstances very seldom a 
battery is allowed to rest for the same time as the reference cell when obtaining the EMF curve. 
Thus, any intent of calibration using a less-relaxed cell will lead to an error in the SOC estimation.  

In [1] the problem of defining when a cell has reached an equilibrium voltage is addressed and 
several methods are proposed. In this thesis, it has been empirically defined to consider that a cell 
has reached an equilibrium condition after 3.5 hours. This time was chosen based on discharge 
curves, and it will be seen that this time is not enough in the very low SOC regions. At 0% SOC the 
latter is especially evident, hence in future experiments it is recommended to consider this fact.  

On the other hand, it is observed that an EMF curve obtained under very long relaxation time 
conditions can be fully exploited, if at run-time, the SOC algorithm is complemented with an end-
voltage-prediction mechanism which will estimate the final voltage based on the observed voltage 
evolution during relaxation. This has been previously reported in [4]. In this thesis a new voltage-
prediction mechanism has been developed and is introduced in chapter 4. 

Figure 3.2 shows an example of a full voltage-relaxation cycle performed at 25°C and 2C discharge 
steps. As can be seen, in the low SOC region and in some other regions it seems that more relaxation 
time was required. This can be seen because the relaxation-voltage evolution seems to not be 
completely flat. On the other hand, the rest of the relaxation points seem to have reached an 
equilibrium state. This can be seen because the relaxation-evolution seems to be almost completely 
flat, although complete flatness is never reached in the shown figure.  
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Figure 3.2. Voltage and current evolution obtained at 25°C during application of the voltage-relaxation method. 

 

3.2. Characterization test bench 

All the single-cell experiments have been performed using a self-made experimental set-up, which is 
capable of working in the same way as a standard battery cycler. Figure 3.3 shows the block diagram 
of the designed set-up. As can be seen, an electronic load is used to discharge the cell under 
different conditions (constant-current, constant voltage or constant-power). A laboratory voltage-
regulated power supply is used for charging the cell with a CC-CV regime; a temperature chamber is 
used for temperature-controlled experiments and a high-resolution data logger is used for data 
measurement and logging. 

The equipment just described is interconnected via GPIB and by means of a USB – GPIB translator it 
is interfaced to a standard PC running the Windows operating system. In the PC two independent 
applications are executed concurrently: 1. Agilent Benchlink is used for data logging; and 2. a 
customized C# application. All the desired (dis)charge profiles are programmed in the second one, 
and in addition over/under voltage conditions are prevented as well. 

One important characteristic of any battery cycler is the incorporation of Kelvin contacts (4-wire 
measurements). This is used to compensate for any possible voltage drop which might occur in the 
wires. The appropriate provisions have been considered to measure any cell-related voltage in this 
way. 

It is worth to mention that all capacity estimations during characterization are done by means of 
Coulomb counting. As a consequence the current sensing device plays an important role in the 
whole system. A precision current shunt has been used for current flow measurements. The shunt 
exhibits a high resistance-value stability, reduced self-heating power coefficient, and a low 
temperature coefficient.  

All the measurements with the exception of one have been done at a fixed sample rate of 1Hz, and a 
resolution of 5.5 digits in the ±10V range. The first voltage-relaxation experiment was performed at a 
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fixed sample rate of 100Hz, and a resolution of 4.5 digits in the ±10V range. The reason for this 
difference is to recreate the conditions under which the experiments described in [11] were 
performed. 

Regarding temperature measurement, all the constant-current tests have been done using three 
temperature sensors. The first one located at the center-top of the cell, the second one at the 
geometric center of the cell and the third one at the bottom right side of the cell. As it will be seen 
later, after performing all the constant-current discharge tests it was observed that the temperature 
difference between the three measured points was less than one centigrade. Therefore, the rest of 
the experiments were done using only the top temperature sensor. In order to track the 
temperature variations in the environment, one reference sensor attached to a thermal mass has 
been added. 

The cell used during testing is an EIG F007. At the moment of experimentation the cell was in new 
condition and before making any experiment, three activation cycles at standard CC-CV charging and 
1C CC discharge were performed. All the CC experiments were performed and afterwards the 
voltage-relaxation ones. The body of the cell was supported using a structure designed to be as small 
as possible, hence allowing a free interaction between the cell-mass and the environment.  

Figure 3.4 shows a picture of the constructed set-up used for cell characterization. In addition, Figure 
3.5 shows a picture of the actual cell connected to the characterization set-up. 

 

 

Figure 3.3. Block diagram of the characterization test bench used for single-cell experiments.  
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Figure 3.4. Characterization test bench in operation. Left: climate chamber; center: electronic load, power supply, 
current shunt and data logger; right: host PC. 

 

 

Figure 3.5. EIG F007 Cell under characterization inside the temperature chamber. 1. Reference thermal mass to keep 
track of the ambient temperature; 2. Kelvin connections; 3. K thermocouple (x3); 4. EIG F007 pouch cell; and 5. Support 
designed with minimum surface contact for better thermal interaction between the environment and the cell. 
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3.3. Results discussion 

In this section the results obtained through both characterization methods are analyzed and 
compared. Originally it was not planned to obtain an EMF curve by means of voltage relaxation, the 
latter was intended solely to parameterize the cell. However, once the first pulsed current 
experiment was performed, the equilibrium voltages were compared with the modeled EMF, and it 
was discovered that they diverged from each other considerably. For this reason further 
experimentation and observation were performed.  

3.3.1. Current-extrapolation results 

The data collected from the constant-current experiments can be seen in Figure 3.7, Figure 3.8, 
Figure 3.9 and Figure 3.10. These figures show a compilation of the measured data for -15°C, 5°C, 
25°C and 45°C respectively. The graph on top shows the voltage evolution, the middle one the flow 
of current and the bottom one the temperature evolution of all three temperature sensors. 

Generally speaking, higher C rates result in less usable capacity. Therefore, the equilibrium voltage 
after a low-C discharge cycle is typically lower than after a higher-C discharge cycle, especially at low 
temperatures. This can be seen from any figure in the range 3.7 – 3.10. In addition, after charging 
the cell with a CC-CV regime and letting it to relax, this voltage difference remains. This difference 
observed after charging will be referred to as memory effect.  

Figure 3.6 shows the voltage evolution with respect to time. For convenience reasons t=0 has been 
defined as the moment at which the discharging cycles start. The right hand side graph shows a 
zoom to the discharging-cycle starting region where the memory effect can be clearly observed. The 
figure shows that the 0.05C discharge case starts at a voltage of ~3.43V. Afterwards, due to the 
previous lower C-rate experiment (0.05C), the 0.10C discharge case starts at a lower voltage: ~3.39V. 
From that moment on, following experiments start at a voltage higher than the previous one. Since 
the starting voltage for a higher C-rate experiment is higher and the developed overpotential for a 
higher C-rate is also higher, the voltage waveform of a higher C-rate experiment crosses that of all 
lower C-rate cases. The latter does not occur for the 0.05C case, which keeps the memory from the 
last performed experiment, which was a higher C-rate at a different temperature. For this reason, 
performing the experiment in descendant order (highest discharge rate first) would have been 
better.  

Temperature evolution is another source of interesting analysis. First of all, it can be seen that self-
heating is present towards the end of any (dis)charge cycle. However its magnitude in the worst case 
is smaller than 1°C for the 25°C and 45°C cases, and it is almost 3°C in the worst case for -15°C and 
5°C. Self-heating is a consequence of the cell’s internally dissipated power; therefore it is 
proportional to I2RCELL. Since at low temperatures the internal impedance increases, self-heating is 
worse for high-C rates and low temperature condition. In addition, it can be observed that self-
heating starts to be evident from 0.5C (dis)charge rates. 

Careful observation reveals that the bottom sensor develops a higher temperature than the other 
two sensors. However, the deviation between the sensors in the worst case is smaller than ~1°C. For 
this reason future experiments are performed using a single temperature sensor located at the top 
of the cell. This location is selected for convenience reasons. 
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Figure 3.6. Compilation of voltage evolution for different C rates obtained during CC experiments cycling at 25°C. Left 
graph:  The moment at which the discharge cycle starts has been defined as t=0 hours for every C-rate. Right graph: 
Complete cycles; zoom to the moment at which the discharge cycle starts. 

 
 
The discharge waveforms have been cropped from the rest and arranged in a single graph for every 
temperature, as shown in Figure 3.11. These waveforms have been compensated for self-discharge 
which has been quantified as 0% per month for -15°C and 5°C, 3% per  month for 25°C and 6% per 
month for 45°C. These numbers are typical self-discharge rates for LiCoO2 cells as reported in [3]. It is 
expected that the self-discharge rates specified for LiFePO4 do not diverge considerably from the 
values that have been used.  

In line with the expectations, the available charge QOUT at any C-rate increases as temperature 
increases. However the difference from 25°C to 45°C is not as obvious as the difference between low 
temperatures. This indicates that the temperature dependence does not scale-up linearly with equal 
temperature increases. In addition, it is remarkable from this cell that at 25°C and 45°C the Coulomb 
efficiency is not reduced considerably with the increase in load current; however the highest tested 
current was only 1C.  
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Figure 3.7. Voltage, current and temperature evolution during CC experiments cycling at -15°C. 

 

Figure 3.8. Voltage, current and temperature evolution during CC experiments cycling at 5°C. 
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Figure 3.9. Voltage, current and temperature evolution during CC experiments cycling at 25°C. 

 

Figure 3.10. Voltage, current and temperature evolution during CC experiments cycling at 45°C. 
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Figure 3.11. Compilation of voltage evolution during discharge for different C rates obtained during CC experiments 
cycling at several temperatures. These plots represent the usable cell capacity dependent on temperature and discharge 
rate. The horizontal axis shows the QOUT in Ah. 

 
Besides the achievable discharge capacity QOUT, it is also important to observe and analyze the 
energy evolution. The energy delivered by the cell can be quantified by integrating the voltage 
evolution V (QOUT) with respect to the electric charge QOUT or by integrating the delivered power with 
respect to the time. In this case the former is preferred due to the fact that the capacity graphs have 
been compensated for self-discharge. 

Figure 3.12 shows the energy delivered per temperature and per discharge rate. One of the most 
evident aspects is that at -15°C the energy delivered is drastically reduced with respect to the other 
temperatures. This is consequence of a reduced available discharge capacity and a considerable 
increase in the developed overpotential. The rest of the stored energy is either transformed into 
heat or not usable at that temperature. In contrast, there is almost no difference between 25°C and 
45°C. It is expected that as the temperature increases the internal impedance decreases and 
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therefore, the delivered energy also increases. However, Figure 3.12 shows that for certain C-rates, 
the energy delivered at 25°C slightly exceeds that of 45°C. These points are pointed with arrows. 

It would be desirable to model the delivered energy with respect of the discharge rate; the latter 
would allow estimating the remaining run-time for any discharge rate. However, with the available 
information it is not possible to model the behavior of the delivered energy further than 1C. 

The delivered energy evolves linearly with time for constant-power loads. In addition, due to the flat 
voltage evolution, energy will also evolve linearly with time under constant-current discharge 
conditions. In [3] the remaining run-time of a LiCoO2 cell is estimated by making an electrochemical-
based model of the overpotential evolution. However for LFP cells, it would be possible to estimate 
the remaining run-time under constant-current conditions by quantifying the energy flow. The latter 
represents a more straightforward method. 

 

Figure 3.12. Compilation of energy delivered during discharge for different C rates obtained during CC experiments 
cycling at several temperatures. Energy is calculated by integrating voltage over QOUT. The horizontal axis shows the C 
rate in Cs. 

 
Figure 3.13 shows the energy evolution with respect to time and QOUT for -15°C and 25°C. As can be 
seen the obtained energy during discharge increases mostly linearly with time, with the exception of 
a small section at the end. This provides verification to the reasoning made in the previous 
paragraph. Moreover, for the 25°C case, when the energy evolution is analyzed versus QOUT, the 
maximum obtainable energy is almost the same for any C-ratio (this can also be seen in Figure 3.12), 
this demonstrates the good efficiency achieved with this cell.   
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Figure 3.13. Evolution of energy obtained during discharge with various C rates with respect to time (Left-hand side 
graphs) and QOUT (Right-hand side graphs) for -15°C and 25°C. In the left graphs the slowest evolution of energy with 
respect to time corresponds to a 0.05C discharge rate. 

 
Another phenomenon that can be observed in the 25°C case of Figure 3.11 is amplified in Figure 
3.14. At the beginning of every discharge cycle the voltage drops and then recovers to a higher level. 
A possible explanation could be that the internal impedance is reduced as the cell heats itself, 
however there is no sizeable temperature increase at the beginning of the discharge cycle. It is 
possible that the internal temperature is different than the casing temperature; however, the 
difference would have to be very considerable to induce the seen effect. This phenomenon is not 
well understood and taken as a particular cell characteristic.  

Extrapolation towards EMF 

Once all the discharge curves have been compiled into a single graph, the EMF can be estimated via 
extrapolation. In order to understand how the extrapolation method works, let us refer to Figure 
3.15. This figure shows a stylistic graph with hypothetical voltage evolutions during discharging at 
0.05C, 0.10C and 0.15C. These C-rates are the ones used to apply the extrapolation method. 
Extrapolation is applied in order to obtain a hypothetical 0C discharge curve, which is the SOC-EMF 
relationship. As can be seen, the extrapolation method is applied in the vertical and horizontal 
direction. Vertical extrapolation takes a QOUT value and relates the different voltages at different 
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discharge rates. It will be referred to as V extrapolation. Horizontal extrapolation takes a voltage 
value and relates the different QOUT capacities. It will be referred to as Q extrapolation.  

 

 

Figure 3.14. Voltage evolution with respect to QOUT. The first section of Figure 3.11 at T=25°C has been amplified.  

 
V extrapolation assumes a linear relationship between the developed overpotentials at different C-
rates. The size of the overpotential depends on the cell’s internal resistance. In turn, the cell’s 
internal resistance depends on temperature, DOD and discharge rate. Therefore, the overpotential 
does not grow linearly with respect to the discharge rate. However, at low C-rates, nonlinearities are 
neglectable and it can be assumed that overpotential is proportional to the discharge rate. V 
extrapolation can only be performed while all the three graphs are defined. As shown in Figure 3.15, 
the last possible V extrapolation occurs when the 0.15C discharge curve reaches the EOD voltage. Q 
extrapolation is used due to the fact that V extrapolation cannot be applied to obtain a complete 
zero-current discharge current. 

Q extrapolation assumes a quadratic relationship between the extracted capacities for a certain 
voltage value. The quadratic relationship is determined by observation of the experiments’ results. 

Once the extrapolation is done in the two directions, two independent sections of the EMF curve are 
obtained. These sections overlay each other as shown in Figure 3.15. Therefore, both graphs need to 
be combined into a single one. The combination of the graphs is done by choosing two transition 
points, one related to the voltage and the other related to the QOUT value. These values are used as 
boundaries for the V and the Q extrapolations, and mixed together using a uniform distribution 
function. With respect to the V extrapolation, all the values less than the Q boundary are mixed with 
the overlapping values in the Q extrapolation bigger than the V voltage. 
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Figure 3.15. Stylistic graph representing hypothetical voltage evolution at 0.05C, 0.10C and 0.15C discharge rates with 
respect to QOUT. V extrapolation towards zero current has been performed in the vertical axis while Q extrapolation 
towards zero current has been performed in the horizontal axis. The section where both extrapolations overlay is 
referred to as overlapping region.  

 
Figure 3.16 shows how the method is applied for -15°C and 25°C. As can be seen, for the 25°C case 
there is a long section where the extrapolations on Q (red) and on V (black) are overlapped. 
Therefore there are many possible combination possibilities. However, for the -15°C case the Q 
extrapolation follows a non-logical pattern before there is enough information from the V 
extrapolation. This non-logical behavior is due to the difference in obtained energy previously 
mentioned. This difference results in a quadratic relationship between the overpotentials, and 
therefore the extrapolated voltage increases instead of decreasing. As a consequence, for the -15°C 
the combination of both graphs was done using a spline function which followed the pattern from 
the beginning towards the end.  

Figure 3.17 shows in blue color the final EMF estimation for every temperature. For the -15°C curve 
the section shown in red represents the part that could not be approximated via extrapolation. Thus 
as mentioned before, an spline function was used to further complete the shape. For the rest of the 
temperatures, it can be seen that the final EMF was fully obtained from the extrapolated data. 

The EMF estimation is stored in the form of a look-up table per temperature basis. The data is stored 
in steps of 0.01% SOC where 100% SOC is defined to be as the QOUT value obtained when the EMF 
waveform equals the EOD voltage (2V). As a consequence 10,000 values are stored in every look-up 
table. Whenever a value that is not stored in the table is required, this value is obtained by means of 
linear interpolation.  

In the next subsection the extrapolation method is further analyzed. This analysis is presented 
before continuing with the observations related to the EMF characterization. 
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Analysis of the extrapolation method 

So far it has been assumed that the relationship between overpotentials for a fixed QOUT value (V 
extrapolation) was linear at higher SOC values and that the relationship between QOUT values for a 
fixed voltage (Q extrapolation) was quadratic for low SOC values. A complete analysis providing 
support to these assumptions is presented here.  

Figure 3.18 shows V extrapolation examples at different QOUT values and for every temperature. 
These graphs are based on the information found in Figure 3.11. To generate the graph, a QOUT value 
is selected and the voltage versus current is plotted for every discharge rate, these points are 
marked with a dot in Figure 3.18. Afterwards, the EMF value for that QOUT is retrieved from the look-
up table corresponding to the same temperature, and identified with a starred dot. Then, by taking 
all the three available discharge points, a linear extrapolation towards zero-current is done. Three 
line styles can be observed in the graphs, the solid lines represent a data set which was used to 
make a valid V extrapolation, the dotted ones mean that the V extrapolation was combined with the 
Q extrapolation (Overlapping region), and finally, the stripped lines represent a dataset that was not 
taken into account to make the EMF curve. The reason for not considering a dataset as valid is 
because the extrapolations do not follow a linear relationship anymore, as can be clearly seen for all 
the stripped-line cases. In those cases a Q extrapolation is preferred. 

As can be seen in Figure 3.18, all the solid lines have a good agreement with the input data sets. For 
the dotted ones the agreement is also reasonable. This means that the overpotential build-up 
follows a linear relationship for low C-rates. However, as previously mentioned this linear 
relationship is not guaranteed to hold for higher C-rates. In [12] it is reported that the cell 
impedance is C-rate dependent. Therefore, for low C-rates the nonlinearities are reduced and the 
presented analysis holds. 

 

Figure 3.16. EMF extrapolation for different temperatures. Extrapolation on Q is represented in red and extrapolation on 
V is represented in black. 
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It can be observed that the slope of the connecting lines is decreasing as the temperature increases. 
This slope has a direct relationship with the cell impedance, and as the slope approaches zero it 
means that the impedance also approaches zero. In fact a zero slope would mean that the cell has 
an impedance equal to zero because different load currents would develop the same voltage for a 
given QOUT value. As expected, the lowest impedance is developed at 45°C where the slope of the 
connecting lines approaches to zero.  

Figure 3.19 show the Q extrapolation examples for different voltage values and for every 
temperature; the graphs show QOUT values versus current. The figures have been obtained by 
considering the three discharge curves used for extrapolation of the EMF. The dots, stars and line 
styles have the same reason previously mentioned.  

Figure 3.17. EMF extrapolation for different temperatures after combining the two available components obtained for Q 
and V extrapolation. The red section in the -15°C curve represents the section that could not be combined and was 
estimated using an spline function. 
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A Q extrapolation is intended to relate different discharge capacities for a given voltage. Due to the 
effect of overpotential and the lower discharge capacity for higher currents, the function describing 
this relationship must be monotonically decreasing. Since a quadratic function represents a 
parabola, Q extrapolation does not work to predict QOUT for increased C-rates.  

The cell under test has shown high available discharge capacity for increased C-rates and 
temperatures above 5°C. The latter can be verified by looking in which the parabola opens. A 
parabola opening up describes that the available discharge capacity remains high for increased C-
rates. On the other hand, a parabola opening down describes the opposite case. It can be seen in 
Figure 3.19 that the parabola in the -15°C opens downwards whereas for the rest of the cases it 
opens upwards.  

 

Figure 3.18. Linear extrapolation of V for different QOUT values and different temperatures. The dotted points represent 
measured data; the starred points actual EMF values estimated by extrapolation for a given QOUT; the lines represent the 
linear approximation when all 8 discharge rates are considered, a solid line means that the extrapolated value is used as 
an EMF reference point, a dotted line means that the value is combined with the extrapolation in Q to obtain an EMF 
reference point, and the dashed line means that the value is not used at all. 
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It is important to note that the maximum discharge capacity QMAX is defined to be the as the QOUT 
value when the EMF graph crosses the EOD voltage (2V). Due to the quadratic extrapolation, high 
hypothetical QMAX values are obtained. However, it is hard to say if these values can be obtained in 
reality.  

 

 
Figure 3.19. Quadratic extrapolation of Q for different VBATT values and different temperatures. The dotted points 
represent measured data; the starred points actual EMF values estimated by extrapolation for a given VIN; the lines 
represent the quadratic approximation when all 3 discharge rates are considered, a solid line means that the 
extrapolated value is used as an EMF reference point, a dotted line means that the value is combined with the 
extrapolation in V to obtain an EMF reference point, and the dashed line means that the value is not used at all. The 
direction of the arrow indicates in which direction the parabola opens, down or up. 
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EMF Analysis 

Figure 3.20 shows all four EMF estimations in the top-left graph. The difference between EMF at 
45°C and the rest of the estimations can be seen in the top-right graph. Finally a close-up of this 
difference is shown in the bottom graph. From now on, the names EMF45, EMF25, EMF5 and EMF-
15 will be used when referring to the EMF curves obtained at 45°C, 25°C, 5°C and -15°C, respectively.  

It can be observed that there is a difference between the EMF curves in the flat regions of the graph, 
where the EMF45 is the one with the highest voltage level. Between 4.5Ah and 7Ah the EMF5, 
EMF25 and EMF45 tend to level-out, and finally this difference is increased in the low SOC region.  

 

 

 

 

 

 

 

 

 

 

Figure 3.20. Compilation of EMF waveforms obtained for different temperatures  (top-left); EMF difference obtained 
when subtracting EMF45 minus the rest of the EMFs (top-right); zoom-in to the EMF difference (bottom). All graphs have 
been plotted with respect to QOUT. 
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When considering the 0.7Ah – 7Ah discharge range (10% – 90% SOC), the maximum difference 
between EMF45 and EMF25 is 6mV and occurs at ~4.5Ah (~60% SOC); considering that the voltage 
range over the same SOC section is only ~155mV, a 6mV error represents a relative inaccuracy of 
~3.9% when temperature is not taken into consideration. The latter is due to the remarkable flatness 
of the EMF evolution observed for the LFP cell. As a comparison point, in [4] the maximum 
difference of a LiCoO2 cell between the EMF measured at 25°C and that measured at 45°C is about 
29mV which yields an inaccuracy of 0.5% when temperature influence is not considered. It can be 
therefore concluded that for the case of LFP cells, temperature dependence has to be taken into 
consideration in order to have accurate results. 

  

 

 
Figure 3.21. Cell overpotential calculated as the difference between the EMF of a given temperature and the voltage 
evolution for a given discharge rate. 

Once the EMF graphs have been analyzed, the overpotential graphs can be generated. The 
overpotential is defined as the difference between the EMF and the charge-discharge voltage of the 
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battery [3]. When discharging, the overpotential is the reason for which the voltage at the cell 
terminals is lower than the EMF when there is a flow of current. As it has been observed, it depends 
on the current, SOC, temperature and also on the age of the cell. The latter is not explored in the 
scope of this thesis. As it has already been seen, the available discharge capacity is lower for higher 
currents, which means that not all the energy stored in a cell can be retrieved. The worst case 
happens when low temperatures are combined with high currents.  

In [4] the overpotential is mathematically modeled in order to obtain another important parameter: 
the remaining run-time. This parameter is more meaningful to the user, because as opposed to the 
SOC, it provides information in units that the user is acquainted with. For the scope of this thesis, no 
further modeling has been done with respect to the overpotential. However by analyzing the energy 
evolution a new proposal has been made for the remaining run-time. 

Figure 3.21 shows the overpotential graphs obtained for every temperature by subtracting the 
corresponding CC graph from the EMF previously obtained at the given temperature. As can be seen, 
high available discharge capacities are possible for temperatures above 25°C; at 5°C good 
performance is still obtained. However for freezing temperatures it can be seen that the available 
discharge capacity at 1C is less than 80% of that available at higher temperatures. Therefore, much 
worse performance can be expected for higher currents. As a consequence it is proposed to 
introduce some kind of active temperature-management system which can transfer heat to the cell 
in case of using it at freezing temperatures. 

3.3.2. Voltage-relaxation results 

As previously described, voltage relaxation is another method to obtain the EMF curve of a Li-Ion 
cell. In fact, in [3] it is concluded that this method is better than the other methods explored in that 
publication. On the other hand, in [11] the voltage-relaxation method is used to parameterize a 
NiMH cell.  

For the scope of this thesis, voltage relaxation was in principle applied to model the relaxation 
behavior of the EIG-F007 cell. The test was performed according to the method described in section 
3.2 with pulses of 1C magnitude and relaxation times of 1.5 hours. As a verification step the end 
relaxation voltages were compared to the corresponding EMF obtained by extrapolation and it was 
expected that both curves would match. However, it was not the case and hence the voltage-
relaxation method was further investigated in the scope of EMF estimation.  

Due to the latter, the voltage-relaxation method was performed for four different C rates at a single 
temperature (25°C), including 0.05C, 0.5C, 1C and 2C. Figure 3.22, Figure 3.23, Figure 3.24 and Figure 
3.25 show a compilation of the performed tests, respectively. Voltage evolution is shown on top, 
current evolution is shown in the middle and temperature evolution is shown at the bottom. 
Regarding the temperature evolution, two waveforms can be seen; the one in magenta represents a 
reference temperature attached to a thermal mass whereas the blue one represents the actual cell 
temperature. There is a noticeable temperature variation which affects both temperature 
waveforms. This variation is due to the temperature control of the laboratory where the tests were 
conducted.  
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Figure 3.22. Voltage, current and temperature evolution during voltage-relaxation experiments with 0.05C pulses and 
3.5 hours of relaxation at 25°C. 

 

Figure 3.23. Voltage, current and temperature evolution during voltage-relaxation experiments with 0.5C pulses and 3.5 
hours of relaxation at 25°C. 
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Figure 3.24. Voltage, current and temperature evolution during voltage-relaxation experiments with 1C pulses and 1.5 
hours of relaxation at 25°C. 

 

Figure 3.25. Voltage, current and temperature evolution during voltage-relaxation experiments with 2C pulses and 3.5 
hours of relaxation at 25°C. 
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With respect to the temperature behavior, once again it can be observed that the temperature 
increases towards the end of each discharge pulse; the worst case is observed when discharging at 
2C and it corresponds to a difference of 3°C. Note that since each pulse represents 5% of withdrawn 
capacity, the 2C pulses are shortest in time. For all the other seen differences the difference is 
around 1°C and therefore is not considered to affect the performance of the experiments.  

The very first voltage-relaxation test with 1C pulses was performed with a relaxation time of 1.5 
hours between pulses. On the other hand, the rest of the tests were done using a relaxation time of 
3.5 hours. Observations indicated that more relaxation was required in order to reach an equilibrium 
voltage. These observations were derived from visual analysis of the data and also mathematical 
analysis which is explained in the next section. Figure 3.24 corresponds to a relaxation time of 1.5 
hours, this is evident when comparing the time base with respect to the other figures. 

It can be seen that the last pulse in Figure 3.22 is wider than the rest. This is due to the fact that the 
width of the pulses is not exactly 5% but a little bit less. In order to fully discharge the cell, the 
experiment was programmed to hold the last pulse until the cell is completely discharged. 

  

 

Figure 3.26. Left: Equilibrium voltages for different SOC at 25°C compared to the EMF obtained at 25°C by means of 
current extrapolation; Right: Difference between the equilibrium voltages and the current extrapolation EMF obtained 
at 25°C. Phase transitions are identified by the arrows and numbered as they will be revisited in section 4.1. 
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Once all the relaxation points are available they are compiled in a single data set. Figure 3.26 shows 
in its left graph these points compared to the EMF25 obtained with the current-extrapolation 
method; in the right graph it is shown the difference between the end relaxation voltage and the 
EMF25. As can be seen from the first graph, the relaxed voltages are always above the estimated 
EMF, especially in the first two flat regions. Conversely, during the phase transitions indicated by the 
arrows, they present a better match and for low SOC values they again considerably differ.  

As can be seen by the fact that the dots, i.e. the relaxation voltages, are not always present at the 
same QOUT values for different currents, there is a shift in the Q axis between the equilibrium 
voltages for different discharge C-rates. This shift is due to the fact that the steps were calculated to 
be 5% SOC with respect to the maximum capacity that can be obtained at a certain discharge rate. 
Hence for instance, the magenta points are clearly shifted since they represent 2C discharge and the 
available discharge capacity achievable at 2C is lower. This effect does not influence the result 
because the x axis is an absolute measure of QOUT and not a relative one. In fact this shift provides a 
more complete result as the relaxed voltages are spread all over the SOC and not at particular 
points. Figure 3.26 shows that they follow a constant shape. 
 
 

 

Figure 3.27. EMF obtained by fitting an spline to the set of equilibrium voltages obtained via voltage-relaxation for 
different values of pulsed current at 25°C. 
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A new EMF has been obtained from all the relaxation points per discharge rate. Several methods 
were tested in order to obtain a final EMF estimation which takes into account all the information 
available. A very first idea was to combine all available equilibrium points in a single dataset and by 
means of an Least Mean Squared (LMS) method approach generate an EMF approximation. In this 
case, polynomial equations had to be used and Runge’s phenomenon [10] was observed. Therefore 
this method was avoided.  

Due to the bad results in the previous method a new approach was tested. It consisted of obtaining 
an EMF waveform for every voltage-relaxation test (shown in Figure 3.27) and then perform 
interpolation in order to merge all the graphs at the same QOUT points (shown in Figure 3.28). The 
selected method to join together all the EMF points was a fit based on a spline function. This method 
has the advantage of taking the shape of the curve into account as well as allowing to perform 
extrapolation where no more information is available, therefore opening the possibility to 
extrapolate the QOUT function towards the EOD voltage which is 2V. 
 
Figure 3.27 shows the spline approximation obtained for every dataset. As can be seen the shape of 
the points is remarkably followed. It is important to note however, that the artifact previously 
explained and clearly seen in Figure 3.26 is not seen in the newly obtained EMF graphs. Therefore, it 
is recommended for future modeling efforts to not evenly distribute the relaxation points over the 
SOC range, but to have a more dense distribution at the beginning and towards the end of the 
discharge range, hence this kind of artifacts are not missed. 

 

Figure 3.28. Compilation of all the EMF curves obtained by means of voltage-relaxation at 25°C and final averaged EMF. 

 
The next step to obtain a new EMF estimation is to merge all the graphs into a single one. Figure 
3.28 shows all the obtained EMF curves in the same plot. As can be seen, they match each other 
remarkably well, except towards the end of the SOC range. The selected method to merge all the 
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graphs was averaging, the QOUT axis is divided with a resolution of 0.1mAh and an interpolated value 
is obtained from every EMF estimation, all the four interpolated values corresponding to a QOUT 
point are averaged and a new point is obtained. Towards the end of the SOC range, due to the 
differences in the QOUT fewer points are available. Therefore the averaging is done only for all the 
points where all four QOUT values are defined and the rest of the graph is obtained by fitting the new 
EMF with an SPLINE and performing extrapolation. The result of this method can be seen in a thick 
black line in Figure 3.28. 

As can be seen, the averaged line seems to have lower capacity compared to the red and green lines, 
which correspond to 0.5C and 0.05C respectively. This is of course not possible. However these 
regions of the 0.5C and 0.05C EMF graphs were also obtained by extrapolation and no measured 
data was available. Therefore the need to have more equilibrium voltages in this region arises. In [4] 
this issue is taken into account and several equilibrium points are measured in the last 5% SOC. 

 

Figure 3.29. Comparison of the EMF obtained by means of current extrapolation (blue) and the EMF obtained by means 
of voltage-relaxation (black) with respect to QOUT (left) and with respect to DOD (right) obtained at 25°C. 

 
Figure 3.29 presents a comparison between the EMF obtained by extrapolation (in blue color) and 
the EMF obtained by voltage relaxation (in black color). As expected, the relaxation EMF is above its 
counterpart for most of the discharged-capacity range. It can be immediately observed that the 
voltage peak (see arrow) at the very low discharged-capacity region is not modeled in the relaxed 
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EMF. This is caused by having a lower amount of measurement points available. In addition, the total 
capacity estimations seem to match each other.  

Based on the conclusions in [3] and the results seen in the performed experiments it is concluded to 
use the voltage-relaxation EMF for future experiments. 

3.4. Conclusions 

In this chapter two different approaches for EMF estimation were presented: current extrapolation 
and voltage relaxation. Current extrapolation assumes that by modeling the overpotential 
differences at low C-rates, an extrapolation towards zero current can be done. An analysis of the 
extrapolation method was presented where the validity of the assumed linear and quadratic 
relationships is verified. On the other hand, the voltage-relaxation method is based on the 
knowledge that a cell will reach an equilibrium condition when it is let to relax enough amount of 
time. By discharging the cell in several steps, a dataset describing the EMF evolution can be 
obtained. The voltage-relaxation experiments were performed using different C-rates as well. 

Despite the fact that both analyses are coherent, noticeable and nonlinear differences were 
observed in the results obtained by either approach. The EMF is interesting in the scope of this 
thesis because it constitutes a reference which can be used for calibration of the SOC estimator. In 
addition, due to the flatness of the discharge profile, small voltage variations can lead to 
considerable SOC estimation errors. For this reason the estimated EMF should be as “correct” as 
possible. 

A possible reason for the observed differences is that not enough relaxation time was provided. 
However, the equilibrium voltages obtained via voltage relaxation were consistently higher than the 
values obtained via current extrapolation. Therefore, longer relaxation times would just increase this 
difference. 

The waveform obtained by voltage relaxation converges by “nature” with the real EMF value. 
Moreover, in the SOC algorithm the EMF will be assessed by performing voltage-relaxation 
experiments. Hence, it is better to use the same method for estimating the EMF reference. For these 
reasons, it can be concluded that the voltage-relaxation method is preferred for SOC-EMF 
relationship estimation of LiFePO4 cells.  
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4. Equivalent-circuit model parameterization 

The EIG F007 cell has been parameterized according to an equivalent-circuit model. The 
parameterization process and results are discussed in this chapter. In addition, a newly developed 
equilibrium-voltage-prediction algorithm is described and tested in the framework of a single-cell 
application. Further testing of this voltage-prediction algorithm will be done in chapter 5. 

This chapter is organized as follows. Section 4.1 introduces the parameter identification method and 
an equivalent-circuit model is proposed; Section 4.2 presents the newly developed equilibrium-
voltage algorithm and discusses the obtained single-cell results.  

4.1. Parameter identification of the cell dynamics 

When using the voltage-relaxation method valuable information with respect to the relaxation 
behavior of the battery is obtained. In [11] this information is used to parameterize a Nickel-Metal 
Hydride (NiMH) battery based on the model presented in Figure 4.1. Later in this chapter the 
method proposed in the publication is revisited. 

The dynamics of a battery can be modeled in several ways. An electrochemical approach makes use 
of the available knowledge with respect to the battery physical construction and chemistry to model 
the battery behavior [1]. This approach is limited by the understanding of the internal cell 
composition. Another approach makes use of an equivalent circuit. This circuit describes the battery 
dynamics based on electrical components. This approach is limited to the set of performed 
experiments and to the extent to which observations are done. For this thesis the latter approach is 
preferred. 

An equivalent-circuit model which is very commonly used [1] [11] to model battery behavior consists 
of a DC voltage supply in series with a resistor and two RC-parallel networks as shown in Figure 4.1. 
These components respectively model the battery EMF, instantaneous ohmic voltage drop and fast 
and slow dynamics of the battery. In addition, these components are SOC and C-rate dependent 
[12].  

 

Figure 4.1. Traditional equivalent-circuit model of a battery [1] [11]. R0 models the instantaneous ohmic drop whereas 
the RC networks model the dynamics of the cell.  
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Many applications can be derived from these parameters once they are known. In [13] and [6] a 
similar model is complemented with Electrochemical Impedance Spectroscopy (EIS). It is reported a 
high degree of agreement when modeling the voltage evolution of a cell under CC discharge 
conditions. In [14] this model is used and tested with the same kind of voltage-relaxation 
experiments performed for this thesis achieving also a high degree of agreement. For the scope of 
this thesis, we are interested in developing a method to accurately predict the end relaxation 
voltage when a little amount of information is available. 

Figure 4.2 shows a discharge current pulse and the corresponding voltage evolution as described in 
section 3.1. Three moments of time are identified in the graph: 𝑇0, 𝑇1 and 𝑇2. They represent the 
moment at which the pulse of current is applied, the pulse of current is interrupted and equilibrium 
voltage is reached, respectively. 𝑇0 and 𝑇1 are further subdivided into 𝑇0−, 𝑇0+, 𝑇1− and 𝑇1+ in order to 
distinguish the moment before and after there is a flow of current. This distinction is necessary to 
identify the ohmic voltage drop which behaves as an instantaneous phenomenon. The voltage at 𝑇0− 
has been allowed to rest at least 3.5 hours and is therefore considered in equilibrium. At 𝑇0+ a pulse 
of current is applied and current flows until 5% of the cell capacity is drained. Then at 𝑇1− the pulse is 
interrupted and the cell voltage starts to relax until time 𝑇2, where it is considered to have reached 
equilibrium.  

.  

Figure 4.2. Example of the voltage evolution during a pulse of current of 0.35A obtained at 25°C; equilibrium voltage is 
considered to be reached after 3.5 hours of relaxation. 

 
One way of representing the battery voltage evolution is by using: 

 𝑉𝑏𝑎𝑡 = 𝑉𝐸𝑀𝐹 − 𝑉𝜂(𝑡) (1)  

where 𝑉𝜂  represents the battery overpotential which is time-dependent, positive during discharge 
and negative during charge. This overpotential can be modeled between the time 𝑇0+ and 𝑇1− using 
the equivalent circuit of Figure 4.1 as follows: 



47 
 

 𝑉𝜂(𝑡) = 𝑉0 + 𝑉1 + 𝑉2 (2)  

where 𝑉0 represents the voltage across 𝑅0 and 𝑉1 and 𝑉2 represent the voltage across each of the RC 
components, respectively. 𝑉0 equals zero when there is no current flow, hence at the moments of 
time 𝑇0− and 𝑇1+ this component takes a zero value. Consequently, following Ohm’s law the 
instantaneous ohmic drop 𝑅0 can be calculated as follows: 

 𝑅0(𝑆𝑂𝐶,𝐶 − 𝑟𝑎𝑡𝑒) =
𝑉0
𝑖

=
𝑉𝑏𝑎𝑡 𝑇0+ − 𝑉𝑏𝑎𝑡 𝑇0−

𝑖
 

(3)  

where 𝑉𝑏𝑎𝑡 𝑇0−  is the battery voltage in equilibrium condition, 𝑉𝑏𝑎𝑡 𝑇0+  is the battery voltage measured 

an instant after the pulse of current is applied and 𝑖 is the magnitude of the flow of current.  The 
voltage difference is positive when charging the battery and negative when discharging the battery. 
In addition, as mentioned in section 3.1.1, by definition it is considered that the flow of current is 
positive when it flows into the battery (i.e. charges the battery), and negative when it flows out of 
the battery (i.e. discharges the battery). Therefore 𝑅0 is positive at all times.  

Due to the instantaneous behavior of 𝑉0, it is very difficult if not impossible, to estimate it by taking 
two consecutive samples, one before the pulse of current and one after it and then apply Ohm’s law. 
Even at high sample rates, it is difficult to say where the ohmic drop starts and when it finishes. In 
[11] 𝑅0 is estimated by taking two consecutive samples obtained at 100Hz. However we believe that 
this does not lead to consistent nor repeatable results. In [2] a method for Ohmic drop is presented. 
In addition, a better and more precise alternative is EIS. 

Since we know that with the available information it is not possible to estimate 𝑅0, let us assume for 
a moment that it does not exist and try to model the relaxation behavior as if only two RC 
components were involved, i.e.: 

 𝑉𝜂(𝑡) = 𝑉1𝑒
−𝑡−𝑇1𝜏1 + 𝑉2𝑒

−𝑡−𝑇1𝜏2  
(4)  

where the initial overpotential at time 𝑇1− (including the ohmic component) equals 

 𝑉𝜂(𝑇1−) = 𝑉1+𝑉2 (5)  

Hence, it remains to calculate V1, V2, τ1 and τ2. The method presented in [11] makes use of a 
regression equation, which is linear in variables and that can be measured or calculated from the 
test. It takes into account all testing data obtained during the relaxation periods occurring after each 
CC pulse. This equation is of the form 

 𝐵 = 𝐴𝑃 (6)  

where B is an nx1 matrix and A is an nx4 matrix both obtained solely from the measured data; n is 
the amount of available samples, P is a 4x1 matrix which is composed of the variables V10, V20, τ1 and 
τ2. The exact definition of the matrixes can be found in the original publication. The least squared 
error solution is given by 

 𝑃 = (𝐴𝑇𝐴)−1𝐴𝑇𝐵 (7)  
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As it was mentioned in the previous section 3.3.2, the first pulsed current experiment was done with 
pulses of 1C and relaxation times between pulses of 1.5 hours. When applying the regression 
method as proposed by Jiang (see equation 7 above) unsatisfactory results were obtained. These 
results can be seen in Figure 4.3. The voltage evolution can be seen in blue and the fitting efforts in 
magenta. The modeled results have a considerable error at the beginning of the relaxation pulse as 
can be observed in the right graph. 

The interest for the scope of this thesis is to model the relaxation voltage evolution as close as 
possible with the available information. Since the voltage-prediction algorithm will take into account 
the shape of the waveform, it is not enough that the model matches the measured data in 
equilibrium conditions; instead, it is desirable that the model follows as close as possible the 
relaxation-voltage evolution from start to finish. Therefore, the method in [11] is corrected and it is 
proposed to model the complete relaxation curve by means of a combination of two or more 
exponentials until the degree of agreement is satisfactory. 

In order to verify the correctness of the method, it was agreed to test it with a known set of data, i.e. 
generate a data set from a defined group of two exponentials and apply the method to this data in 
order to analyze its behavior. From this experiment it was observed that when data involving a slow 
time constant was modeled with a short period of time, the result was similar to the one seen in 
Figure 4.3. On the other hand, when enough time was given to let the exponentials evolve, the 
method worked as expected and good results were obtained. Therefore it was concluded that the 
relaxation time of 1.5 hours used in the experiments was not enough due to the fact that slower 
exponentials were involved.  

For this reason the next set of experiments was performed giving 3.5 hours of relaxation. In addition, 
the experiment for 1C and 3.5 hours of relaxation was done using a sample frequency of 100Hz and 
a resolution of 4 digits, instead of 5. The sample frequency was chosen to match the one used in 
[11]. On the other hand, the resolution is decreased due to the increased sampling ratio.  

Figure 4.4 shows the results obtained when modeling the relaxation pulses based on equation 7 and 
a relaxation time of 3.5 hours. As it can be seen the error at the beginning of the relaxation cycles 
was not corrected by allowing the cell to relax a longer period of time; therefore further analysis was 
performed. One possibility was that even longer relaxation times were required, as implemented in 
[3]. The other possibility was that something was not working properly when the method was 
applied to the real measured data. 
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Figure 4.3. Blue line: measured voltage evolution during voltage-relaxation experiments with 1C pulses and 1.5 hours of 
relaxation at 25°C. Magenta dots: Relaxation voltage evolution modeled with two exponentials and by means of linear 
regression as described in [11]. Left: Complete discharge cycle; Right: zoom-in for better appreciation. 

 
Due to the considerable error in the initial overpotential, further observation and analysis is 
performed. This revealed that the error is a consequence of having a few samples describing the 
steep region of the relaxation waveform and a considerable amount describing the flat region. This 
difference is due to the fact that the flat region lasts a considerably longer time than the steep 
region. Therefore, an unmatched approximation in the steep region gives a smaller squared error 
than an approximation which fails to match the flat region. One solution to this problem is to use 
event-triggered measurements in order to give more emphasis to voltage variations and less 
relevance to regions where the voltage slowly changes.  

On the other hand, it would be better to have a method which works with any kind of data 
independently of the way it was sampled. It was found that the proposed solution in [11] would 
appropriately work if a weighted LMS was used instead. This leads to the following formula: 

 𝑃 = (𝐴𝑇𝑊𝐴)−1𝐴𝑇𝑊𝐵 (8)  

where W is a diagonal nxn matrix which is arbitrarily assigned. Based on experimentation the 
following assignment proved to work satisfactorily:  

 
𝑊(1,1) = (𝑡𝑟𝑒𝑙 − 𝑡1)3 
𝑊(2:𝑛, 2:𝑛) = (𝑡𝑟𝑒𝑙 − 𝑡𝑛) 

(9)  

where 𝑡𝑟𝑒𝑙  is the total relaxation time, 𝑡1 is the time at which the first sample was taken and 𝑡𝑛 is the 
time at which the sample n was taken. It can be seen that the first value of W is very big compared 
to the rest, and the rest of the weights are assigned monotonically decreasing. This way the LMS 
approximation is biased in the sense that it will give more importance to the steep region of the 
curve valid at the start of the relaxation process.  
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Figure 4.4. Left-hand side graphs: Blue line: measured voltage evolution during voltage-relaxation experiments for 
various C rated pulses and 3.5 hours of relaxation at 25°C. Magenta dots: Relaxation voltage evolution modeled with 
two exponentials and by means of linear regression as described in [11]. Right-hand side graphs: Error between the 
measured data and the modeled results.  
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Figure 4.5. Left-hand side graphs: Blue line: measured voltage evolution during voltage-relaxation experiments for 
various C rated pulses and 3.5 hours of relaxation at 25°C. Magenta dots: Relaxation voltage evolution modeled with 
two exponentials and by means of linear regression with weighted linear LMS. Right-hand side graphs: Error between 
the measured data and the modeled results. 
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As a consequence we consider that the methodology proposed by Jiang is flawed in the sense that 
the way of obtaining the R0 values is not the most appropriate one and the proposed regression 
method fails to give accurate results with certain kind of data, which is not mentioned in the 
publication. On the contrary, in [6] the ohmic component is estimated by means of EIS which is a 
more reliable way of obtaining it. 

Figure 4.5 shows the approximation obtained when the weighted LMS method is applied to the 
same data presented in Figure 4.4. As can be seen, the artifact at the beginning of the relaxation 
time was solved by using the weighted LMS method. However there is still a considerable error. This 
error does not belong anymore to the ohmic drop. Instead, it is due to the fact that two exponentials 
are not sufficient to model the evolution of the relaxation voltage.  

Figure 4.6 presents a zoom-in to a randomly selected pulse taken from the 2C discharge graph. As 
can be seen, the error due to the ohmic drop is not present anymore and the approximation follows 
the measured data. However since only two exponentials are available, the shape of the relaxation 
waveform is not followed anymore and both exponentials converge when the equilibrium voltage is 
reached. The approximation consists therefore of a slow constant and a faster constant. 

 
 

 

Figure 4.6. Blue line: measured voltage evolution after a discharge step of 14A and 3.5 hours of relaxation at 25°C. 
Magenta dots: Relaxation voltage evolution modeled with two exponentials and by means of linear regression with 
weighted linear LMS. 

 
In consequence it was decided to make use of three exponentials in order to better model the 
relaxation voltage evolution. Therefore the relaxation voltage evolution is presented as: 

 𝑉𝑏𝑎𝑡(𝑡) = 𝑉𝐸𝑀𝐹 − 𝑉1𝑒
−𝑡−𝑇1𝜏1 − 𝑉2𝑒

−𝑡−𝑇1𝜏2 − 𝑉3𝑒
−𝑡−𝑇1𝜏3  

(10)  

where V10, V20 and V30 are bigger than zero for discharge conditions. 
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In [15] the problem of solving this non-linear equation by means of a linear LMS method is 
addressed. This procedure is very similar to the one presented in [11]. The advantage of solving the 
problem by linear LMS is that there are no iterations in the procedure, data is not required to be 
equally spaced and computation requirements are considerably lower compared to other numerical 
methods. On the other hand, a disadvantage is that it is not possible to introduce initial conditions, 
and therefore when the amount of information is limited the user is not able to help the technique 
in order to produce more accurate results.  

The results produced by the 3 exponential approximations for 2C discharge rate are shown in Figure 
4.7. As can be seen, a considerable error still persists even though the relaxation evolution is 
matched with high degree of agreement. Figure 4.8 presents a zoom-in for better demonstration.  

 

 

Figure 4.7. Left: Blue line: measured voltage evolution during voltage-relaxation experiments with 2C pulses and 3.5 
hours of relaxation at 25°C. Magenta dots: Relaxation voltage evolution modeled with three exponentials and by means 
of linear regression with weighted linear LMS. Right: Error between the measured data and the modeled results. 
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Figure 4.8. Blue line: measured voltage evolution after a discharge step of 14A and 3.5 hours of relaxation at 25°C. 
Magenta dots: Relaxation voltage evolution modeled with three exponentials and by means of linear regression with 
weighted linear LMS. 

Due to the latter, one more exponential was added to the analysis. The new equation to be solved 
has the form: 

 𝑉𝑏𝑎𝑡(𝑡) = 𝑉𝐸𝑀𝐹 − 𝑉1𝑒
−𝑡−𝑇1𝜏1 − 𝑉2𝑒

−𝑡−𝑇1𝜏2 − 𝑉3𝑒
−𝑡−𝑇1𝜏3 − 𝑉4𝑒

−𝑡−𝑇1𝜏4  
(11)  

This equation can be solved as well by a linearization process and then using a linear LMS method. 
However in order to accelerate the development process the Matlab Curve Fitting Toolbox was used. 
The method used in this toolbox is a non-linear iterative LMS method which accepts constraints on 
its elements. Without these constraints it is possible that the results are physically not possible; 
hence all V and tau constants were constrained to be bigger than 0. After applying the method a 
high degree of agreement was achieved as can be seen in Figure 4.9.  

As can be seen the error for most of the SOC range and all the discharge rates is very small, and the 
method works even for noisy data which is the case for the 1C rate. Therefore, a new proposed 
equivalent-circuit model for modeling the relaxation voltage evolution is presented in Figure 4.10. 
This circuit does not include anymore a purely ohmic drop. Instead it includes an RC network with a 
very fast time constant which behaves similar to an ohmic drop. This way it was possible to deal with 
the fact that correct calculation of the purely ohmic drop in the cell is not possible by means of pulse 
discharging experiments. In addition, the new equivalent-circuit model includes three more RC 
networks instead of two. These RC components do not correspond anymore to a direct translation 
towards the chemical behavior, where slow and fast dynamics were modeled independently. On the 
contrary all the information is split in all the four exponentials. 
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Figure 4.9. Left-hand side graphs: Blue line: measured voltage evolution during voltage-relaxation experiments for 
various C rated pulses and 3.5 hours of relaxation at 25°C. Magenta dots: Relaxation voltage evolution modeled with 
four exponentials and by means of non-linear LMS. Right-hand side graphs: Error between the measured data and the 
modeled results. 
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Figure 4.10. Proposed equivalent circuit to model the relaxation voltage evolution of an EIG F007 cell for which high 
degree of agreement was obtained.  

Figure 4.11 shows in the left graphs the compilation of all the four V constants (V1, V2, V3, V4) and in 
the right ones the four Tau (τ1, τ2, τ3, τ4) values obtained for every C rate. The dots represent the 
actual values while the lines represent the curve approximation which is stored and used during the 
application of the voltage-prediction algorithm described in Section 4.2. As can be seen, V1 and V2 
clearly follow an exponential behavior, with their value highest towards the high DOD region. In 
addition τ 1 is very small for higher C-rates, hence it can be seen that V1 and τ1 together model very 
closely the ohmic resistance present in the cell. For the case of the 0.05C rate, the ohmic drop is 
considerably small and therefore difficult to measure, this is the reason that τ1 is a little bit slower 
for this case. 

For the case of V3 and V4 they have been approximated using a cubic and a spline function 
respectively. V3 follows the same trend for all C rates. This indicates that the cell behavior has some 
degree of consistency. On the other hand, V4 was originally approximated using a cubic function and 
it was found that the pattern was consistent among different discharge rates. However, it was finally 
modeled using a spline function because the difference between the approximation and the given 
data is smaller. 

When carefully looking at the behavior of V3 and V4, it can be seen that at the very beginning they 
increase as the cell is discharged, once the first phase transition occurs (arrow number 1) the value 
decreases, and the same ascending behavior is seen once more. Finally once the second phase 
transition occurs (arrow number 2) the trend is again to increase as the DOD is increased. However 
this time the rise is exponential. This indicates that something inside the cell is “saturating” and once 
a phase transition occurs it is “reset” and starts to saturate again. These phase transitions were 
previously referred to in Figure 3.26. This finding is very appealing as it reflects a relationship 
between the dynamics of the cell and the EMF evolution. 

The Tau values have been modeled by taking the average among all. The reason is that in general 
terms they follow a regular behavior with the exception of some values which are clearly out of the 
trend. These values are taken out of the average. By modeling the Tau’s with a single constant value 
the accuracy of the voltage-prediction will be affected, due to the fact that they are SOC dependent. 

In addition it can be seen that some values which are out of the trend repeat for every Tau case. For 
instance, for the 0.05C case the value located at 40% DOD is always clearly above the rest of the 
estimated Taus. There should be a reason for that, but that reason is not further investigated for the 
scope of this thesis. 
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Figure 4.11. Parameters of the equivalent-circuit model shown in Figure 4.10. Left-hand side graphs: Colored dots: V10, 
V20, V30 and V40 constants calculation dependent on DOD. Dashed line: Curve fitting approximation which will be used as 
initial conditions for the voltage-prediction algorithm. Right-hand side graphs: Colored dots: τ1, τ2, τ3 and τ4 constants 
calculation dependent on DOD. Dashed line: Average approximation which will be used as initial conditions for the 
voltage-prediction algorithm. 
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4.2. Voltage-prediction algorithm 

A voltage-prediction algorithm is a very important component in our SOC algorithm because it will 
allow us to make use of the estimated EMF even when short relaxation times are available. 

In [4] a summary of existing voltage-prediction algorithms is provided and in addition a newly 
developed method is reported. The developed method estimates the relaxation end value on the 
basis of the measured first part of the voltage-relaxation curve and, mathematical 
optimization/fitting of a function to this measured part of the relaxation curve. In order for the 
method to work properly, the relaxation curve needs to be measured for some minutes and the first 
part of the curve is discarded.  

The method described in this thesis has a different approach from the ones described in the 
literature. Common sense indicates that as more information is available regarding a certain 
phenomenon, then it becomes easier to predict what is going to happen next. When this reasoning 
is applied to the relaxation voltage of a cell, it says that as the system has more time to record how 
the relaxation voltage evolves, then its prediction with respect to the equilibrium voltage should 
become simply more accurate. In practice, when current flow is interrupted, it is not known how 
much time there will be to allow a voltage prediction. Hence, it makes sense to be able to make 
estimations when little information is available.  

There are many factors which influence how the voltage of a cell relaxes after a current step. For 
instance a cell with higher internal impedance will certainly develop a bigger overpotential. 
Therefore, the performed observations indicate that it is not possible to model the behavior of a set 
of cells by simply characterizing a single cell. However, what is very likely to be true is that the 
behaviors of all the uncharacterized cells will resemble very much the one of the characterized cell. 
Hence by parameterizing a reference cell it is possible to have a good set of initial conditions which 
are valid to the rest. The cell-specific real parameter values can be then estimated starting from this 
initial set.  

Therefore the method works as follows. In Section 4.1 a reference cell was taken and it was possible 
to parameterize the relaxation voltage of the cell using a combination of four exponentials. The 
obtained V and Tau constants are C-rate and DOD dependent. Assuming that the battery capacity 
(QMAX) is known in advance and that the Coulomb counting performs with an acceptable accuracy 
(better than 2.5%), it is possible to have an initial estimation of the cell’s DOD. After the flow of 
current is interrupted in the cell under test, this DOD can be translated to a set of initial conditions 
which will be used in the mathematical optimizations. V and Tau are obtained using the available 
models and an equilibrium-voltage estimation is obtained by using the reference EMF obtained in 
chapter 3.  

When the voltage starts to relax, the information available after the first seconds can start to be 
fitted using equation 11. The initial conditions are fed to the nonlinear LMS approximation and the 
output results values are constrained to within ±10% of the initial values. As a result, an estimation 
of the EMF voltage is obtained. The ±10% range gives enough flexibility to the method to adapt itself 
to the varying conditions of the cell under test.  
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Due to the nonlinear LMS approximation, the method is computationally intensive, and therefore, it 
is not executed every time a new sample is obtained. Every time a new approximation is done, there 
are two possible sources for the initial conditions. On the one hand, the original initial conditions 
estimated at the beginning can be used again. On the other hand, the results obtained from the 
approximation can be used, therefore they can be fedback. As will be seen next, the algorithm works 
better when no feedback is provided. The reason is that when feedback is provided, the algorithm 
tends to model the available relaxation data. Therefore, it follows the relaxation-voltage evolution 
instead of estimating the equilibrium voltage.  

Results discussion 

The proposed algorithm has been tested with the same data used for characterization. This could 
lead to have biased results which could be somehow prone to be correct. In the next chapter the 
developed algorithm is tested with 18 cells from which no characterization has been done, therefore 
the performance will be evaluated under different conditions than for which the algorithm was 
derived.  

One particular characteristic of curve fitting using exponentials is that, for a given data set and a 
desired number of exponentials, many combinations of parameters can provide a fit which presents 
a high degree of agreement. This introduces a complication to our voltage-prediction algorithm 
because at the beginning, when little information is available, different parameters are likely to fit 
the data even though in the long term they do not converge with the equilibrium voltage. 

Something that plays a very important role in the parameterization process is the relaxation time 
used during the characterization measurements. For this thesis we consider that the cell has reached 
an equilibrium voltage after 3.5 hours of relaxation. It is important to note that this is valid for up to 
2C discharge rates, higher rates were not tested and very probable will require even higher 
relaxation times. 

The magnitude of the Tau values tells us that the information contained in the slow exponentials will 
not be available right at the beginning. Certain time has to pass before their contribution can be 
observed and weighted. For this reason, in the early estimations, the initial conditions will provide 
information that is not available in the measurements yet. However as time goes by, the slow Tau’s 
contributions are more clearly seen. 

The algorithm has been applied in the following way. The relaxation voltage evolution has been 
subsampled in the form that a data point is saved if it represents a change of 1mV or more with 
respect to the previous sample or if 5 seconds have passed since the previous sample was recorded. 
This way a size-reduced data set is obtained which is faster to process. For the case of 0.05C 
discharge pulses, the first estimation is done after 1 minute of relaxation; the reason for this is that 
due to the fact that 9 parameters are being estimated at least 9 data points are necessary, and since 
the overpotential for low C rates is relatively small, then it could be the case that at a previous time 
not enough information is available.  

For the 0.5C discharge pulses the first estimation is done after 20 seconds of halting the current 
flow; in this case due to the fact that the overpotential is bigger after a few seconds enough samples 
are obtained. Following the same reasoning, for 1C and 2C discharge rates the first equilibrium 
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voltage-prediction is done after 10 seconds. For all the simulations, after the first estimation has 
been done, the following predictions are obtained in intervals of 60 seconds. 

As described in the algorithm description, the first estimation is done based on the parameters 
stored in the computer; once the first end value is known this value becomes the initial equilibrium 
voltage for the second iteration, and in the same way the newly obtained value is fedback to the 
system after every iteration. This gives the system certain freedom to adapt itself, because if the first 
EMF estimation is kept as initial condition for all the performed estimations, then we are biasing the 
algorithm and forcing it to converge to the given value. 

With respect to the exponential parameters (V and Tau) two experiments have been conducted: a 
first experiment where the newly obtained parameters are not fedback and a second experiment 
where they are fedback.  

Figure 4.13, Figure 4.14, Figure 4.15 and Figure 4.16 show the algorithm being tested with the 
characterization data for 0.05C, 0.5C, 1C and 2C respectively when the exponential parameters are 
not fedback. The top-left graph shows an impression of the voltage evolution as recorded in the 
experiment. For every relaxation cycle, estimations have been done in the previously described way, 
the estimations can be observed in the colorful dots. Due to the resolution of the graph it cannot be 
clearly seen how the estimations evolve; therefore the other three graphs show the error calculated 
by subtracting the known equilibrium voltage minus the estimation at a given moment of time. 
Three graphs have been shown in order to better clarify the prediction evolution with respect to an 
SOC, different SOC are shown in every graph. 

In order to guide the eye Figure 4.12 shows an amplification of a single relaxation cycle and its 
estimations corresponding to 2C pulsed current; data markers have been added to the first, second 
and fourth prediction, these estimations have been done 10, 70 and 250 seconds after current 
interruption, respectively. For this case, the first prediction obtained after 10 seconds of relaxation is 
erroneous by 7mv, this represent an error of 0.42% with respect to the cell’s full voltage range 
(1.65V), and an error of 4.5% with respect to the voltage range in the 10% - 90% DOD region 
(~155mV). As it can be observed, the second prediction obtained after 70 seconds matches with the 
equilibrium voltage, representing an error of ~0%; however, some oscillation can be observed before 
it stabilizes in a final value. Due to this oscillation, the fourth prediction obtained after 250 seconds is 
erroneous by 2mV, this represent an error of 0.12% with respect to the full voltage range, and an 
error of 1.3% with respect to the voltage range in the 10% - 90% DOD region. 

It is more important to know how the previous error translates into an error in the SOC estimation. 
The latter depends on the region where the estimation is done. The SOC error is worse for the flat 
regions than for the steep ones. The worst case occurs in the second flat region where the voltage 
range is only 6mV for the 50% - 78% SOC range. Therefore, the worst case is found when the error is 
negative. In this case an error of 7mV would represent an error of more than 27% in the SOC, 
whereas an error of 2mV would derive in an error of 9% in the SOC.  

From the general results it can be seen that generally speaking, the first estimation in the 5% - 85% 
DOD discharge has an error of ±5mV with respect to the cell’s full voltage range, and an error of 
3.2% with respect to the voltage range in the 10% - 90% DOD region; moreover there are cases 
where the error is even smaller. However, it is important to recall that this result is mostly based in 
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the data previously known, and therefore it is prone to be close to the final value as the 
characterization was done with the same data used to validate the algorithm. On the other hand, 
once the first estimation is done, the algorithm adapts itself to the observed data by means of the 
allowed ±10% of variation in the parameters. Therefore enough adaptation freedom is given to the 
algorithm in case it is necessary. 

Figure 4.17 show the algorithm being tested with the characterization data for 2C when the 
exponential parameters are fedback. As can be seen, there is some oscillation and then the 
prediction has an under-damped behavior until it converges in the long term with the equilibrium 
voltage. The latter is due to the limitation previously explained. When doing curve fitting using a 
combination of exponentials many combinations can provide a high degree of agreement. Therefore 
the algorithm adapts itself to start fitting only the measured data and not predicting the end value. 
For that reason it is seen that after 30 minutes the prediction is not effective anymore, it is just 4 
exponentials fitting a given data set. For this reason it is important to keep the initial conditions of 
the exponentials constant, because it is just desired to slightly modify them accordingly to fit the 
data and predict the equilibrium voltage. 

 

 

Figure 4.12. Example of the voltage-prediction algorithm evolution during a pulse of current of 14A obtained at 25°C and 
~25% DOD; equilibrium voltage is considered to be reached after 3.5 hours of relaxation. First estimation is done after 
10 seconds and then at intervals of 60 seconds; data markers provide information of the first, second and fourth 
estimations as well as the final equilibrium voltage. 
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Figure 4.13. Voltage-prediction algorithm evolution for pulsed current of 350mA obtained at 25°C. The right and bottom 
curves show the error obtained by subtracting the voltage-prediction minus the equilibrium voltage. (No feedback). 

 

Figure 4.14. Voltage-prediction algorithm evolution for pulsed current of 3.5A obtained at 25°C. The right and bottom 
curves show the error obtained by subtracting the voltage-prediction minus the equilibrium voltage. (No feedback). 
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Figure 4.15. Voltage-prediction algorithm evolution for pulsed current of 7A obtained at 25°C. The right and bottom 
curves show the error obtained by subtracting the voltage-prediction minus the equilibrium voltage. (No feedback). 

 

Figure 4.16. Voltage-prediction algorithm evolution for pulsed current of 14A obtained at 25°C. The right and bottom 
curves show the error obtained by subtracting the voltage-prediction minus the equilibrium voltage. (No feedback). 
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Figure 4.17. Voltage-prediction algorithm evolution for pulsed current of 14A obtained at 25°C and exponential 
parameters feedback. The right and bottom curves show the error obtained by subtracting the equilibrium voltage and 
the prediction with respect to relative time. 

 
Careful observation of figures 4.13 to 4.16 reveals that many of the predicted equilibrium voltages 
have a final error of ~1.5mV. This implies that the final estimations are positively biased. The 
apparent reason for this phenomenon is that in most of the cases 3.5 hours of relaxation are not 
enough to reach an equilibrium condition. The voltage-prediction method is therefore estimating the 
ideal equilibrium voltage which would be obtained with very long relaxation times. The latter is an 
important breakthrough. It opens the possibility to extend the applicability of the developed 
algorithm and use it to perform accurate cell characterization in a reduced amount of time.  

In [4] it is reported that the voltage-relaxation method towards EMF characterization is applied in 25 
pulsed-discharge steps. Every step has a minimum relaxation time of 8 hours and in case of the steep 
regions relaxation times of at least 24 hours are reported. Considering that in Pop’s case, at least 8 
of the 25 steps correspond to the steep region, a minimum of 330 hours are necessary to finish just 
one single discharge cycle. Due to the extremely long time, self-discharge effects are evident, for 
instance.  

By applying the developed method in this thesis, considerably shorter relaxation times are enough to 
reach the same result in the equilibrium voltage estimation. If the characterization process is 
performed with the same 25 steps providing 3.5 hours of relaxation in the flat region and 8 hours in 
the steep regions, a minimum time of 124 hours would be required to complete a discharge cycle. 
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This is only 37% of the time required in Pop’s case. The proposed time of 8 hours for steep regions 
follows the observations done in our own experiments where it is seen that 3.5 hours of relaxation 
are not enough in the steep regions of the graph.  

In conclusion the flexibility provided to the voltage-prediction algorithm allow to confidently extend 
its application towards cell characterization. 

4.3. Conclusions 

In this Chapter the cell under test has been parameterized and a voltage-prediction algorithm has 
been developed. 

In principle, the cell parameterization has been done using the traditional equivalent-circuit model 
which encompasses a series resistor with two RC parallel networks. By experimentation and 
observation, it has been proven that the conducted experiments are not appropriate for estimating 
the ohmic component. In addition, it has been proven that a new and improved equivalent-circuit 
model consisting of four RC networks in series is able to model the relaxation waveform with a very 
low error. Therefore, the cell under test has been parameterized based on this approach. 

After analyzing the behavior of the Tau components, it has been seen that the proposed averaging 
approach does not model them accurately. In addition, it was said that the first RC network mimics 
the instantaneous ohmic response. However, for the 0.05C case, the magnitude of the time constant 
(τ1) took a value of ~16 seconds in average, as shown in Figure 4.11. For this reason, a new modeling 
approach is proposed for future experimentation. It is recommended to constrain the range of 
possible values for the different time constants. Therefore, for the case of τ1 for instance, it is 
recommended to constrain it to within 1 second. The latter would allow following the observation 
that the first RC network mimics the instantaneous ohmic response.  

A voltage-prediction algorithm has also been proposed in this Chapter. The reasoning behind this 
algorithm is simple: the more information is available with respect to a phenomenon, the more 
accurate is the prediction of what is going to happen next. Using the equivalent-circuit model 
parameters and the just mentioned reasoning, an accurate voltage-prediction algorithm has been 
developed. However, due to the nature of the SOC-EMF relationship in a LFP cell, these results are 
not accurate enough before at least 9 or 10 minutes of data have been obtained. It is expected that 
for steeper discharge curves characteristic of LiCoO2 chemistries shorter relaxation times are 
required to achieve an SOC-estimation accuracy better than 1%.  

It was discovered that the voltage-prediction algorithm can also be used in the field of cell 
characterization. This would represent a remarkable breakthrough in the sense that it would allow 
performing cell characterization based on voltage-relaxation experiments at least 40% faster. The 
reduced characterization time is also convenient because it would allow reducing the impact of self-
discharge, for instance. 

Finally, it has to be mentioned that at its current state, the voltage-prediction algorithm is limited to 
the modeled discharge C-rates. Therefore, a future work is to develop a model which relates the 
parameters obtained per C-rate in order to apply the algorithm to any discharge condition.  
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5. State of Charge indication and experimentation 

In this chapter a State of Charge algorithm is introduced. This algorithm is based in the one proposed 
in [4]. In addition a battery prototype was developed for experimentation. The specifications of this 
prototype are introduced in this chapter as well. Next, a set of experiments to test the performance 
of the SOC algorithm is presented. These experiments include static and dynamic tests designed to 
test different characteristics of the battery. Finally the experimentation results are shown and some 
conclusions are drawn. 

5.1. A State-of-Charge algorithm for multi-cell applications 

In [4] a general SOC-indication algorithm for single-cell applications is presented.  Figure 5.1 shows 
the algorithm’s state diagram. The algorithm starts with an initial known state based on EMF versus 
SOC relation. From this moment Coulomb counting will be used whenever there is current flow in 
the battery, depending on the direction of the current flow the algorithm goes into a Charge or 
Discharge state. When the current drops before a fixed ILIM threshold, the algorithm enters into a 
Transitional state. In this state a voltage-prediction algorithm is used to estimate the EMF and relate 
it to an SOC value via the SOC-EMF relationship. Once the cell has reached an equilibrium condition, 
the algorithm goes into the Equilibrium state where voltage measurements are directly translated to 
an SOC value via the same SOC-EMF relationship.  

 

Figure 5.1. Single-cell SOC estimation algorithm as presented in [4]. This algorithm is used for this thesis with small 
adaptations. 

 
One of the objectives of this thesis is to explore how the knowledge of a single-cell application can 
be upgraded to a multi-cell application. Therefore, a good approach is to start with a known and 
reliable algorithm which can be scaled to the specific requirements. The just described algorithm is 
simple and effective. Accurate results are presented in [4] when it is applied to single-cell 
applications. The reported results are obtained with a LiCoO2 battery. Therefore, for LiFePO4 cells the 
accuracy could be negatively affected. The algorithm presented in [4] is preserved for this thesis with 
several adaptations. These adaptations are explained at the end of this section. 
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In section 2.4.1 reasoning was presented regarding multi-cell applications. It was concluded that the 
total battery SOC should be equal to the average of all the single-cell SOC values. Therefore, the 
algorithm is applied on a per-cell basis and the battery pack SOC estimation is obtained by averaging. 

A key element of the algorithm is Coulomb counting.  Coulomb counting is a very simple yet 
powerful way of determining the SOC. However, it is very sensitive to current measurement error. 
Therefore, when applied in a ‘closed-loop’ fashion, the accuracy of the system is greatly improved. In 
the described algorithm, the loop is closed by providing the possibility to calibrate the SOC 
estimation whenever the battery (dis)charge process is stopped, and not only when the battery is 
fully (dis)charged as it would be done in a traditional BK system.  

It is also important to note the effect of balancing and self-discharge differences. For the scope of 
this thesis no balancing algorithm was implemented. As described in section 2.4.1, the objective of 
balancing is to bring all the cells to the same SOC value and is mainly implemented as a counter 
measure to self-discharge differences. Because all the experiments are conducted in a relatively 
short amount of time and the battery is cycled a small number of times it is considered that not 
implementing a balancing algorithm will not be a major concern. However, this will prevent us from 
making further testing where the regular approach is confronted with situations like balancing. 

The proposed algorithm will be tested as follows. The battery starts from a known state, which for 
validation will always be 0% SOC. This known state is selected due to the fact that it provides 
repeatability to all the performed experiments. The battery is charged and the SOC value at this 
point is obtained based on Coulomb counting information. After charging a voltage mismatch could 
be present in the cells. This is due to the fact that in this region low SOC differences induce 
considerable voltage differences. The battery is allowed to relax. Next, the battery pack is discharged 
and Coulomb counting will be the main source of information. When discharge occurs in steps, the 
voltage-prediction algorithm will be tested for every cell in the battery pack. Once the cells reach an 
equilibrium condition it will be possible to compare the equilibrium voltage with the SOC-EMF 
relationship obtained in section 3.3.2 via voltage-relaxation.  

As can be seen, the voltage-prediction results are not considered to perform a calibration of the 
system. The reason for this is that the algorithm is being tested and the only way to verify that the 
prediction is correct is to let the cell relax enough time, and compare the original predictions with 
the final equilibrium voltage. In addition, the only way to know the correctness of the SOC 
estimations is to verify them by taking the cell to a known state. This state is again 0% SOC. 
Therefore at the end of every experiment the battery pack is deep discharged and the SOC 
estimation should match with the real battery pack condition. Thus the estimation should be equal 
to 0% SOC. The error of the estimation is considered to be the difference between the last reported 
SOC and the real SOC (0%).  

During Coulomb counting the SOC per cell is estimated using the following relationship 

 𝑆𝑂𝐶𝑛𝑒𝑤 = 𝑆𝑂𝐶𝑜𝑙𝑑 ±
∫ 𝐼𝑑𝑡
𝑄𝑀𝐴𝑋

 
(12)  

where the sign follows the same convention introduced in section 3.1.1 (discharge current is 
negative and charge current is positive).   
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The SOC-EMF relationship is considered to be a reliable source of calibration. In the literature it is 
found that experimentations are always done using the same characterized cell. In this thesis this is 
not the case. Therefore, after experimentation it will be possible to conclude if a single SOC-EMF 
relationship obtained from a characterized cell can be used for any cell from the same production 
batch. It is important to consider all the possible spread to which the cells are subject, therefore it is 
expected that a single EMF is not directly applicable to a set of uncharacterized cells. The latter will 
be verified through experimentation.  

Algorithm adaptations 

The first adaptation changed the ILIM current defining the transitions between the Discharge, Charge 
and Transitional states. For this thesis it is defined to be zero. For the case of an EV all auxiliary 
systems are powered via a Low-Voltage (LV) battery. Therefore, the flow of current whenever there 
is no movement has a net value of zero.  

The second adaptation is related to the transition condition from the Transitional to the Equilibrium 
state. In the original algorithm, the transition is achieved by calculating the derivative of the battery 
voltage over time (dV/dt). However this method is reported to not be efficient. In [4] three 
approaches for equilibrium detection are proposed: 1. Fixed time to wait; 2. Threshold for the 
change in battery voltage with time (dV/dt); and 3. Voltage prediction. In this thesis it is concluded 
that the fixed time to wait represents the best option for allowing the transition to the Equilibrium 
state. 

In section 3.1.2 is mentioned that long relaxation times are required to obtain a better estimation of 
the EMF. Therefore the best EMF estimation would be the one where the cell was allowed to rest a 
very long period of time and compensate for self-discharge. Moreover, independently of the 
provided relaxation time, it is of paramount importance that the obtained SOC-EMF relationship is 
applied under the same circumstances it was obtained.  

Let us refer to Figure 5.2 to prove this point. This stylistic graph shows a combined horizontal axis. 
The bottom axis depicted in orange-color represents time in hours; whereas the top axis depicted in 
turquoise-color represents DOD in percentage. The waveform in orange represents hypothetical 
relaxation-voltage evolution after current interruption during discharge. This relaxation-voltage 
evolution is represented for a time of 7 hours. In addition, the waveform in turquoise represents 
hypothetical SOC-EMF relationship obtained via voltage-relaxation method with a fixed relaxation 
time of 3.5 hours.  

As can be seen, the EMF has been intentionally forced to match the relaxation-voltage obtained 
after 3.5 hours. The reason for this is that the EMF was obtained with the same relaxation time. 
Common sense may lead to state that more relaxation time will provide a better SOC estimation. 
However, since more relaxation after a discharge condition will relax the voltage even more, it will 
actually introduce an error. In the picture, it is shown that after 7 hours of relaxation the voltage has 
relaxed to a higher voltage with respect to the voltage value at 3.5 hours. Therefore when compared 
to the SOC-EMF relationship it introduces a considerable error.  

For this reason it is concluded that the best approach is to wait a fixed amount of time to leave the 
Transition state and pass to the Equilibrium one. The amount of time must be defined to be exactly 
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the same as the amount of time which was used for EMF characterization. In addition, once this time 
has passed, a single sample must be taken and considered as final. No further estimation based on 
SOC-EMF should be done as it will only lead to an erroneous estimation. This is graphically probed in 
Figure 5.2. 

This reasoning is an important breakthrough in the application of the SOC-EMF relationship. It is a 
common believe that more relaxation time leads to more accurate SOC estimations in a real 
application. However, it has been proven that this is not true and it actually has the opposite effect. 

 

Figure 5.2. Stylistic graph showing a combined horizontal axis. The bottom axis depicted in orange color represents time 
in hours; whereas the top axis depicted in turquoise color represents DOD in percentage. Orange waveform: 
hypothetical relaxation-voltage evolution after current interruption during discharge. Turquoise waveform: hypothetical 
SOC-EMF relationship obtained via voltage-relaxation with relaxation times of 3.5 hours. 

 

5.2. Description of the battery pack prototype 

A battery pack prototype has been developed in order to perform the multi-cell experiments. This 
battery pack has been designed in such a way that high-power experiments can be conducted (up to 
20C).  The block diagram of this prototype is shown in Figure 5.3. As can be seen, the pack 
arrangement is made up of 18 EIG F007 cells connected in series. Each cell has been provisioned 
with a standard NTC 10K thermistor in order to keep track of the temperature evolution.  

Every cell has been assembled in new condition. Before assembly three activation cycles were 
performed to each cell. These activation cycles were done using standard CC-CV charging and 1C CC 
discharge. These cycles were also used to obtain an initial estimation of the maximum capacity per 
cell, which is required by the SOC algorithm. After the activation cycles, the cell was charged up to 
~35% (2.5Ah) and stored at room temperature. Therefore when assembled all the cells had roughly 
the same SOC.  
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Figure 5.3. Block diagram of the battery pack engineered to perform multi-cell experiments. The major components are: 
18 EIG F007 cells connected in series; an Evaluation Module from Texas Instruments; an interface board; and a Host PC 
running a real-time operating system. 

 
As in the single-cell test bench, Kelvin contacts have been implemented in order to avoid any voltage 
measurement errors due to the current conduction paths. Each cell has been provisioned with two 
independent Kelvin connections, which allow connecting two independent measurement 
instruments at the same time. For instance the remote sense connections of an instrument can be 
attached to the cell while the Evaluation Module (EVM) is performing measurements. This feature is 



72 
 

also useful to perform single-cell experiments. For instance, it will be seen that when estimating the 
QMAX of every single cell, the cells have to be (dis)charged independently. In that case, one set of 
Kelvin contacts is used for current flow and the other one for measurements.  

The individual cells have been arranged in bricks of 6 cells. Therefore, three bricks comprise the 
complete battery pack. A modular construction has been selected to provide flexibility, scalability 
and ease of maintenance to the battery pack. In addition, every brick contains 6 cells in order to 
match the capabilities of a single AFE. A picture of a single battery brick is shown in Figure 5.4. 

All the battery measurements are done by means of an experimental board from Texas Instruments, 
the BQ76PL537EVM. This board is based on the AFE chip BQ76PL537. This IC is intended to be used 
together with a host controller. Every IC can monitor the voltage and temperature of 6 cells in series. 
In addition it also provides an input for measuring the brick voltage (6 cells string). Voltage 
measurements are done using a Sigma-Delta converter with variable resolution and accuracy of 
±1mV. Balancing is done actively using TI’s proprietary technology, which is called power pump. 
Inter-IC communication is done using a TI’s proprietary protocol and IC-to-host communication is 
implemented via SPI protocol. The board has been slightly modified in order to do current 
measurements using a temperature input. Therefore, the temperature of cell number 1 is not 
monitored.  

 

Figure 5.4. Battery brick made up of 6 cells. 1. High current connector; 2. Board support; 3. Medium current (3.0A) Kelvin 
contact connection; 4. Low current (1A) Kelvin contact connection; 5. Aluminum support for cell tabs; 6. Thermistor for 
temperature measurement; and 7. Connector with all-thermistors signals.  

A customized interface board was designed in order to integrate part of the HW usually found in an 
automotive battery pack. This board has a data interface which connects via SPI to the 
BQ76PL537EVM and via Ethercat to a Linux computer running a real-time operating system. On the 
other hand, current measurements are done using an eXtreme-Precision Current Sensor (XPCS) 
designed at Prodrive. This sensor has the characteristic to be very accurate and precise. Safety 
features are also integrated in the board by means of an automotive fuse, an emergency button 
connection and two EV-rated power contactors. A pre-charge circuit is provided as a contactor’s 
protection feature.  
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The algorithm is implemented via a Simulink model programmed in Matlab for Windows. This model 
is converted into C code using Matlab’s code-generation tools and uploaded into a Linux computer. 
The code is compiled for the host computer and is executed with real-time performance. Real-time 
communication with the EVM is achieved via the Ethercat protocol.  

The battery has two main connections which are labeled as BAT- and BAT+. These connections 
provide a power interface to the outside. As in the single-cell case, an electronic load is used to 
discharge the cell under different conditions (constant current, constant voltage or constant power). 
A laboratory voltage-regulated power supply is used for charging the cell with a CC-CV regime and a 
temperature chamber is used for temperature control. Finally, the desired (dis)charge profiles are 
programmed in a C# application specially programmed for this test-bench. 

Figure 5.5 shows a picture of the constructed prototype. On the left-hand side the battery assembly 
and the TI’s EVM board can be seen. The wires terminated in a female banana jack are one Kelvin 
connection and the ribbon wires below them are the second Kelvin connection. On the right-hand 
side of the EVM, the temperature connections to every single cell can be seen. In the middle of the 
EVM an SMB connector has been adapted to measure the current flow.  

The interface board can be seen on the right-hand side of the picture, it can be observed that the 
connection wires are suited for high-power experiments. The two big white components are the 
power contactors whereas the black box is the XPCS current sensor.  

 

 

Figure 5.5. Complete and operational automotive battery-pack prototype. 
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5.3. Description of the performed experiments 

In this section the experiments performed with the battery pack are described. The purpose of these 
experiments is to test the proposed SOC algorithm in similar conditions to the ones used for 
characterization, and also with different profiles not used during characterization. The performed 
experiments are further divided in static and dynamic ones. The static experiments to be performed 
are the capacity test and the constant-power discharge test. The dynamic experiments are the 
voltage-relaxation test and the Hybrid Pulse Power Characterization (HPPC) test. The purpose of the 
static experiments is to determine the charge/discharge efficiencies (Coulombic efficiency) in [Ah] 
and [Wh]. On the other hand the dynamic tests are intended to test the battery under conditions, 
which are closer to an automotive scenario. In addition, these experiments are performed at 25°C 
and 45°C. 

Since the experiments are performed simultaneously to a set of cells, conditions for (dis)charge 
termination have to be adapted. A discharge cycle will be stopped as soon as one of the pack cells 
reaches the EOD voltage. On the other hand, a new charging profile has been specified. The latter is 
mainly to compensate that a cell balancing algorithm was not implemented due to time constraints.  

The new charging profile is performed as follows. The battery is first charged with a CC phase limited 
to 0.5C. Once the highest-voltage cell reaches a voltage of 3.63V, the CC charging phase is kept and 
limited to 0.1C. Finally the charge cycle is stopped once the highest-voltage cell reaches a level of 
3.65V. The low C-rate in the second stage is intended to minimize the effects of overpotential and 
make the charging more reliable and uniform. Via experimentation, it was observed that the 
proposed charging profile is able to put as much charge in the battery pack as the CC-CV used so far 
is able to put in a single cell. 

As can be seen, there is no CV phase in the just defined charging profile. The reason for this is 
explained as follows. Via experimentation a regular CC-CV charging method was tested. The CC 
charging phase was configured to 0.5C. When the highest-cell voltage was equal to 3.65V, the 
voltage present in that moment at the charger terminals was configured as the CV voltage. The CV 
stage was intended to be kept until the flow of current was less than 0.05C. However, after few 
moments in the CV phase, several cells developed voltages higher than 3.65V and therefore they 
were being overcharged. This was due to small SOC mismatches which translated into considerable 
voltage differences. For this reason it was decided to keep the CC phase and then pass to a low C-
rate charging phase in order to minimize the effects of overpotential. 

Finally, as mentioned in section 5.1, at the end of a discharge cycle, the cell is allowed to relax for at 
least 1 hour (depending on the experiment) and a deep discharge cycle is started after this time. The 
latter is performed using a CC profile rated at 0.1C. The purpose of the deep discharge is to quantify 
the capacity still available in the cell which was not extracted during the experiment due to the 
higher currents involved.  

5.3.1. QMAX estimation test 

A first estimation of the QMAX value per cell was done using the information collected during the 
activation cycles. However, this information was obtained at a discharge rate of 1C and more 
accurate information is obtained with the test proposed in this section. As it will be seen, the QMAX 
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test uses a slightly different charging profile compared to the one described above. This is due to the 
specific purposes of the test. 

QMAX has been obtained in the following way. The battery is charged with a CC phase limited to 0.5C. 
When the highest-voltage cell reaches a voltage of 3.65V the charge cycle is stopped and at least 1 
hour relaxation time is provided. After relaxation, every cell is independently deep-charged with a 
CC phase limited to 0.1C. The deep-charging cycle is stopped once the cell reaches an EOC voltage of 
3.65V. This way every cell is charged up to its maximum capacity. Afterwards the cells are allowed to 
relax for at least 3 hours. Long relaxation time is provided in this case because the last cell to be 
charged will have less time to reach an equilibrium condition compared to the first one. Since every 
deep-charge cycle takes an approximate of 4 minutes, the first cell will have rested for 68 minutes 
when the last cell is completely charged.  

After the cells are fully relaxed the battery pack is discharged with a CC profile limited to 0.5C. The 
discharge cycle is stopped once the lowest-voltage cell reaches the EOD voltage (2V). Afterwards the 
cells are allowed to relax for at least 1 hour and a deep-discharge cycle is performed on a per-cell 
basis. The total cell capacity is estimated as the sum of the capacity extracted during the 0.5C cycle 
and the independent deep discharge cycle.  

Once QMAX has been estimated, all the cells are considered to be in a fully discharged condition (0% 
SOC). By minimizing the discharge currents in this test, high charge/discharge efficiencies are 
achievable. In addition, energy losses due to self-heating are minimized as well.  

5.3.2. Capacity test under various discharge conditions 

The purpose of this experiment is to test the available discharge capacity under different load 
conditions. During this test only Coulomb counting is used for SOC estimation, therefore its 
performance is evaluated throughout this test. The experiment consists of the following steps. A 
discharged battery pack is charged using the procedure described in section 5.3. After charging, the 
battery pack is allowed to rest for 1.5 hours. Then, the battery pack is discharged using a constant-
current profile until the lowest-voltage cell reaches the EOD voltage. Afterwards, the battery pack is 
allowed to relax for 1.5 hours. Finally a deep-discharge cycle is performed with a CC profile limited to 
0.1C. After 1.5 hours of final relaxation the battery pack is considered to be in the same initial 
conditions as when the experiment started and the SOC is defined to be 0%. 

The selected discharge currents for testing are 2C and 5C. These C-rates are defined in accordance to 
the characteristics of the constant-power and HPPC discharge test. Hence, it will be possible to 
cross-check results from different experiments. Due to the higher currents involved, it is expected 
that the charge/discharge efficiency is reduced. In addition, the deep-discharge cycle is performed in 
order to extract all the available capacity inside the battery pack. The purpose of the deep-discharge 
cycle is to quantify how much capacity remained inaccessible in the charge/discharge process and 
estimating the available discharge capacity per C-rate, which is expected to decrease as the load 
current is increased.  

Due to the intrinsic imperfect nature of the battery and inaccuracies related to the current sensor 
and the analog signal chain it is expected that the SOC indication at the end of the test (after the 
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deep-discharge cycle) is different than 0%. The reported SOC value at the end of the experiment is 
considered to be the Coulomb-counting error per cycle. 

5.3.3. Constant-power discharge test 

Constant power is a newly introduced static test. The intention of this test is to estimate the 
available energy in [Wh] with respect to the available discharge capacity range. Since the power is 
constant, the energy will evolve linearly in time. However, it will be possible to estimate the 
available energy as function of the discharge power. The constant-power discharge test is executed 
in the same way as the capacity test with the only difference that power is kept constant instead of 
current. Otherwise the tests are performed in the same way.  

The selected power values for testing are 400W, 800W and 1200W. These power values are 
equivalent to discharging the cell in 1 hour, 30 minutes and 20 minutes, respectively. 

5.3.4. Voltage-relaxation test 

The voltage-relaxation experiment is performed in order to test the accuracy of the SOC indication 
under dynamic conditions, to test the voltage-prediction algorithm introduced in section 4.2 and to 
verify the validity of the obtained EMF in section 3.3.2 when applied to a set of uncharacterized cells. 
A single experiment will be performed. This experiment consists of discharging a fully charged 
battery pack in ten sequential pulses, which have an arbitrary distribution over the available 
discharge capacity range. In addition every pulse removes a different capacity than the rest. The load 
current during the pulse is arbitrarily specified to be either 1C or 2C. Finally, an eleventh discharge-
pulse consists of a deep discharge cycle at 0.1C rate.  

The discharge capacity that will be removed in every pulse is: 0.150Ah, 1.300 Ah, 0.555 Ah, 1.100 Ah, 
0.500 Ah, 0.850 Ah, 0.600 Ah, 0.900 Ah, 0.550 Ah and 0.750 Ah, respectively. Finally the eleventh 
step is applied until the first cell hits the EOD voltage. The experiment is performed as follows. A 
discharged battery pack is charged using the procedure described in section 5.3. After charging, the 
battery pack is allowed to rest for 1.5 hours. Then, the battery pack is discharged until the extracted 
capacity is equal to the one defined in the previously mentioned discharge sequence. The battery is 
allowed to relax for 3.5 hours. The previous two steps are repeated for every discharge capacity 
previously specified. Finally a deep-discharge cycle is performed. After 1.5 hours of relaxation the 
battery pack is considered to be in the same initial conditions as when the experiment started and 
the SOC is defined to be 0%. 

This experiment is relevant in several ways. It will provide several calibration points spread all over 
the available discharge capacity range. Therefore, for the first time it will be possible to match these 
points with the corresponding EMF curve. Through the latter it will be observed to which extent an 
EMF curve obtained from an independent cell can be used as a reference of a set of cells coming 
from the same manufacturing batch. This experiment will also allow testing the voltage-prediction 
algorithm introduced in section 4.2. As before, it will be observed to which extent the parameters of 
a characterized cell can be used for a set of cells coming from the same manufacturing batch.  

As previously mentioned, due to the manufacturing spread it is expected that the EMF curve does 
not completely match with the relaxation voltages that will be observed. With respect to the 
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voltage-prediction algorithm, it is expected that the given flexibility is sufficient to adapt itself to the 
varying cell characteristics.   

5.3.5. Hybrid Pulse Power Characterization (HPPC) test 

This dynamic test has been selected due to the fact that it introduces high-power load and 
regeneration pulses during the load profile. This test is presented in [2] where it is intended to 
determine dynamic power capability over the device’s useable voltage range. In other words, the 
test is to determine the 10-second discharge-pulse and the 10-second regeneration-pulse power 
capabilities at each 10% DOD increment. 

The magnitude of the high-power pulses is specified in terms of a so-called HPPC current rating. This 
current is calculated as follows: 

 𝐼𝐻𝑃𝑃𝐶 =
𝑃𝐶𝑃𝐷𝑇

�𝑉𝑎𝑣𝑔 ∗ 𝐵𝑆𝐹�
 (13)  

where IHPPC is the HPPC-Current, PCPDT is the Constant-Power Discharge Test power (10kW by test 
definition), VAVG is the average battery voltage and BSF is the Battery Size Factor. In [2] a procedure is 
specified to size the BSF with respect to the battery pack under test, for the constructed battery 
prototype the BSF has been set to 5. The VAVG is replaced by VNOM, hence VAVG is equal to 57.6V. The 
reader is referred to [2] for more information with respect to the BSF.  

As a consequence the HPPC-current is estimated as follows 

 𝐼𝐻𝑃𝑃𝐶 =
10000𝑊

(57.6𝑉 ∗ 5) = ~34𝐴 (14)  

The test consists of a high-power discharge pulse applied for 10 seconds, followed by a relaxation 
time of 40 seconds and then a high-power regeneration pulse applied for 10 seconds. The 
regeneration pulse is specified to be sized at 75% of the discharge pulse. Figure 5.6 shows the just 
described profile in a graphical form (image taken from [2]).  

In addition, two kinds of tests are specified: 1) Low-current HPPC test; and 2) High-current HPPC test. 
For the first one the discharge-pulse magnitude is specified to be 2.5 times the HPPC-current rating, 
while for the second one the discharge-pulse magnitude is specified to be 75% of the maximum 
pulsed current according to the manufacturer’s specification. For the scope of this thesis the low-
current HPPC test is chosen. Therefore the discharge pulse is set to 85A. On the other hand, the 
regeneration pulse has been set to 40A due to the fact that more powerful equipment was not 
available by the time the tests were conducted. 

The 10% DOD capacity increments are performed right after the HPPC test is conducted. They 
consist of discharging the cell by means of a CC profile at the calculated HPPC-current. After every 
10% DOD a relaxation time of 1 hour is provided. Figure 5.7 shows the evolution of the complete test 
profile. In the figure, a previous discharge and charge cycle are shown in a negative time. In addition, 
at the very end of the test, a deep discharge cycle has been performed in order to bring the cells to a 
known 0% SOC condition. 
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With this test it is expected to analyze the behavior of the SOC algorithm under both high-power 
discharge and regeneration scenarios. As before, the SOC after the full test should be 0%. It is 
expected that the reported SOC is not 0% and the error in the estimation will be equal to the 
reported value. 

 

Figure 5.6. Current profile specified for the HPPC test with respect to time. This window shows only the behavior of the 
high-current pulses. The current is shown in relative terms and its absolute value depends on the kind of test being 
applied. Regeneration current is specified to be 75% of the discharge pulse. (Image taken from [2]) 

 

 

Figure 5.7. Discharge current profile specified for the HPPC test with respect to time. The graph shows the current 
evolution for the complete DOD range. Time 0 is specified to be the moment at which the battery finished the charging 
cycle; from that moment the test evolves as specified in section 5.3.5. (Image taken from [2]) 

5.4. Results and discussion 

Before presenting the results it is important to stress the fact that for these experiments current 
measurement has been done using a high-precision commercial magnetic sensor. For single-cell 
experiments, a precision shunt was used for current measurement and therefore it was considered 
to be a ‘perfect’ reference. For this reason, it is important to test the performance of the SOC even 
in the simplest conditions. It could be that some results seem to be very obvious. However, the 
intention of those results is not to highlight what is obvious but rather to evaluate the performance 
of the system using a commercial sensor. 
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5.4.1. Experiments performed at 25°C  

The first experiment to be performed is the QMAX estimation test. Figure 5.8 shows the voltage, 
current and temperature evolution during the discharge cycle. Every cell voltage is marked with a 
unique color-line style combination. As can be seen, all the cells were discharged at CC of 0.5C until 
the first cell voltage hit the EOD threshold. From that point, the battery pack was allowed to rest for 
1 hour and then, every cell was independently discharged at a 0.1C rate. On the other hand, 
although it is not shown in the figure, every cell was previously independently charged in order to 
have an absolute 100% SOC starting point for all the cells.  

As can be seen, all the cells behaved similarly with exception of number 1 which had a faster 
relaxation waveform between t=2h and t=3h. At the very end, when all the cells have been deep-
discharged, it can be seen that the cells do not reach the same voltage level anymore, this is 
consequence of sequentially discharging the cells and therefore long relaxation time is needed 
before the voltages level out. 

The results of QMAX estimation for every independent cell are available in Table 5.1. The average QMAX 
value is 7418mAh and the standard deviation (σ) is 10.33mAh. In addition, for better visualization of 
the spread, they are presented in form of a histogram with steps of 1mAh. This histogram is shown 
in Figure 5.9 along with the bell-shaped curve obtained from the available data. As can be seen from 
the standard deviation value, the QMAX values of the assembled cells fall within a very narrow range 
of capacity. As a consequence, for future experiments it will be considered that all the cells have the 
same capacity of 7418mAh, which is the overall average QMAX value.  

It can be seen that cells 3 and 14 exhibit the lowest capacity among all the cells. On the other hand, 
cell 15 is the one with the highest capacity. During the course of the experiments, these cells will be 
closely followed in order to see is they constrain in any manner the performance and behavior of the 
battery pack.  

The next performed experiment is the constant-current discharge test. Figure 5.10 and Figure 5.11 
show the voltage, current and temperature evolution for 2C and 5C discharging cycles respectively. 
As can be seen, temperature rise is considerable, having a maximum difference with respect to the 
ambient temperature of 10°C for the 2C rate and more than 20°C for the 5C rate. This temperature 
increase is consequence of the energy lost due to the overpotential phenomenon.  

In addition, it can be seen that two cells (cell 17 and cell 18) develop a noticeable temperature rise 
with respect to the rest of the cells. By looking at the voltage evolution graph, it can be observed 
that cell 17 clearly develops a considerable bigger overpotential than the rest; hence this cell 
exhibits higher internal impedance resulting in increased self-heating. On the other hand, cell 18 
does not present the same overpotential as cell 17. However due to the battery construction, the 
backside of cell 18 makes full contact with the backside of cell 17. Hence it can be concluded that cell 
18 is acting as a heat sink for cell 17. It is important to note that due to the battery design, there is a 
gap between cell 16 and cell 17. Therefore, cell 16 is not heated as cell 18.  
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Figure 5.8. Voltage, current and temperature evolution during QMAX estimation experiment cycling at 25°C for the 
complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification.  

 

 

Figure 5.9. Histogram showing the distribution of the QMAX values with a resolution of 1mAh cycling at 25°C. The 
statistical data of the QMAX estimations is: µ = 7418mAh and σ =10.33mAh. The bell curve shown in magenta represents 
the probability distribution obtained from the QMAX values and the statistical data.  



81 
 

 

Table 5.1. Individual QMAX values obtained on a per-cell basis cycling at 25°C. 

Cell number QMAX (mAh) Cell number QMAX (mAh) Cell number QMAX  (mAh) 
Cell 1 7429 Cell 7 7420 Cell 13 7413 
Cell 2 7403 Cell 8 7422 Cell 14 7402 
Cell 3 7402 Cell 9 7423 Cell 15 7438 
Cell 4 7416 Cell 10 7428 Cell 16 7422 
Cell 5 7410 Cell 11 7427 Cell 17 7417 
Cell 6 7415 Cell 12 7429 Cell 18 7403 

 
The charged capacities at 2C and 5C respectively are 7437mAh and 7434mAh, respectively. On the 
other hand, the capacities extracted at 2C and 5C are 7346mAh and 7267mAh, respectively. In 
addition, the total extracted capacity including the deep discharge cycle accounts for 7427mAh and 
7378mAh, respectively. Considering a QMAX value of 7418mAh and the capacities during charging, the 
final SOC indication for the 2C and 5C rates was 0.14% and 0.75%. In the ideal case the final reported 
SOC would be 0%. Therefore, these values represent the error of the system per C-rate. 

The reported error can be attributed to several reasons. It is possible that due to the previous cycle 
of the cell, the stored capacity is not usable even at the low C-rate used in the deep discharge cycle. 
On the other hand, the error can also be attributed to the sensor, the analog signal chain and the 
digitizing circuit. Since a proper accuracy analysis of the sensor and the analog signal chain has not 
been performed, it is not possible to explain the exact sources of error. As a consequence, it is 
concluded that the overall accuracy in a constant-current discharge test is better than 1%. 

The obtained accuracy can be considered a very acceptable result. However, if calibration is not 
provided, this error can be accumulated over the use cycles and lead to considerable inaccuracies. In 
this case, calibration can be done by resetting the SOC to a value of 0% because it is known that the 
battery is completely empty.  

Figure 5.12 shows a zoom to three particular moments of time obtained from the voltage evolution 
at the 5C discharge case. The top-left graph shows all the cell voltages at the moment the discharge 
current is interrupted, the top-right graph shows all the cell voltages after 1 hour of relaxation and 
the bottom graph shows all the cell voltages at the moment the deep-discharge cycle is stopped. As 
can be seen, during the 5C discharge, it is clear that cell 17 reaches the EOD voltage before all the 
rest. This cell is followed by cells 13, 15 and 14. Cell 15 is the one which presented the highest 
capacity, and as can be observed it is also one with the highest internal impedances. On the other 
hand, cell 14 is one of the lowest-capacity cells, and as can be seen, the latter is not constraining the 
EOD of the battery pack.  
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Figure 5.10. Voltage, current and temperature evolution during constant-current discharge at 2C rate cycling at 25°C for 
the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.11. Voltage, current and temperature evolution during constant-current discharge at 5C rate cycling at 25°C for 
the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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After all the cells have relaxed (top right-hand side graph) it is seen that the voltage difference 
between the cells is less than 5mV. It is interesting to observe that from top to bottom the cells 
follow an ascending order. Cell 1 is the one with the highest voltage while cell 18 is the one with the 
lowest voltage. Based on this information, it seems that the effects of sequentially discharging the 
cells during QMAX estimations are still present, even after considerable relaxation time and a 
complete charge-discharge cycle. A battery balancer is required to dissipate the observed drift. 
However, it is remarkable that even at a very low SOC condition; the voltage difference is not big. 

Finally, after the deep discharge cycle it is seen that cells 17 and 18 reach the EOD voltage practically 
at the same time. Above them, voltage evolution from cell 14 can be observed. It is already known 
that cell 17 has considerable higher impedance than the rest. However, deeper reasoning is required 
to explain the behavior of cell 18. It is already known that its temperature increase was due to a heat 
transfer from cell 17 and not due to excessive internal impedance. A consequence of discharging at 

Figure 5.12. Zoom of the voltage evolution while discharging the pack with a CC of 5C and cycling at 25°C. Top-left: 
moment at which the 5C CC experiment is stopped; top-right: cell voltages after 1 hour of relaxation; bottom: moment 
at which the deep-discharge cycle is stopped. 
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an increased temperature is an increased discharge capacity, thus this is actually the opposite to the 
seen effect. By looking again at all the cell voltages, it is seen that almost the same order identified 
after relaxation is kept. Therefore the behavior of cell 18 can also be explained as a consequence of 
the sequential QMAX estimation experiment. 

The next performed experiment is the constant-power discharge test. Figure 5.13, Figure 5.14 and 
Figure 5.15 show the voltage, current and temperature evolution for 400W, 800W and 1200W 
power values, respectively. The temperature related to the 400W discharge case presents a strange 
behavior which is not seen in any other of the discharge profiles. Cells 17 and 18 are considerably 
hotter even during charging. In addition, cell 18 develops a higher temperature compared to any 
other cell in the battery pack and the temperature difference between the rest of the cells is also 
noticeable. The experiment was conducted overnight after the 1200W and 800W experiments. No 
apparent reason for this behavior is identified. 

As can be seen, the same effects observed for the constant-current case are observed in the 
constant-power experiment. Cell 17 has considerably higher impedance which is reflected as an 
increased self-heating. Part of the heat is transferred to cell 18, which acts as a heat sink. This 
observation does not apply to the 400W case as previously mentioned. In addition, the overpotential 
developed by the cells follows the same observations as for the constant-current case. The latter is 
logical considering that an average current of 1C, 2C and 3C corresponds to the constant-power 
values of 400W, 800W and 1200W, respectively.  

For the constant-power case the SOC is reported with the aid of a graphic representation. Figure 
5.16 shows the SOC evolution for every constant-power discharge case. Data markers have been 
added to indicate the SOC before the discharge cycle starts, after it finishes and after the deep 
discharge cycle is performed. As can be seen, after every charge cycle the stored capacity reaches a 
top value of ~100.5%, which is constant throughout all the charge cycles. It can also be seen that the 
SOC after the constant-power step is higher as the power is increased. This means that the available 
discharge capacity is reduced for higher currents, which is in accordance with the expectations.  

After the deep discharge cycle was performed, the reported SOC values are ~0.32%, ~0.28% and 
~0.26% for 400W, 800W and 1200W, respectively. This is an interesting result because the overall 
error is bigger at lower C-rates. As with the constant-current discharge test, it is not possible to 
completely asses the components of this error. Therefore it is considered to be a combination of 
Coulombic efficiency, remaining capacity in the cell and electronics inaccuracies.  

It is very appealing that the obtained errors are higher for lower discharge power. This means that 
more error was accumulated for the 400W cycle than for the 1200W cycle. A possible reason is that 
the 400W discharge cycle requires three times to finish compared to the time required by the 
1200W cycle. Therefore there is more time to accumulate the error inherent to the Coulomb 
counting method. In fact, the measured charged capacity is equal for all the constant-power tests. 
The latter indicates that in equal amounts of time there is no noticeable error between the 
estimations. This reinforces the need of making a complete error analysis.   

With this experiment it is demonstrated that it is of paramount importance the sensor selection and 
regular system calibration is absolutely required. It is concluded that under constant-power loads 
accuracies better than 1% are obtained.  
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Figure 5.13. Voltage, current and temperature evolution during constant-power discharge at 400W rate cycling at 25°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.14. Voltage, current and temperature evolution during constant-power discharge at 800W rate cycling at 25°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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Figure 5.15. Voltage, current and temperature evolution during constant-power discharge at 1200W rate cycling at 25°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.16. SOC evolution with respect for time for different constant-power discharge rates cycling at 25°C. 
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The first dynamic test to be performed is the voltage-relaxation discharge test. Figure 5.17 shows 
the voltage, current and temperature evolution recorded during this test. As can be seen, 2C rate 
pulses induce a noticeable increase in temperature, and cell 18 behaves as a heat-sink for cell 17. In 
addition, cell 17 presents the biggest overpotential in accordance with the observations made so far. 

An important observation should be done. The purpose of this test is to test the accuracy of the SOC 
estimation in dynamic discharge conditions. In addition, the test is also intended to test the voltage-
prediction algorithm developed in section 4.2 and the validity of the SOC-EMF relationship obtained 
in section 3.3.2. The cells tested in this experiment were not characterized. Thus the intention of the 
test is to prove to which extent a reference EMF can be applied to a set of cells which belong to the 
same manufacturing batch. In the same way, the intention of applying the voltage-prediction 
algorithm is to test its performance and applicability when it is used with a set of cells which were 
not subjected to characterization. For these reasons, it will be seen that the Coulomb counter is not 
calibrated in any moment. First, it has to be proven that the calibration source, i.e. the EMF curve, 
can be used with the battery pack. Conclusions will be drawn based on these comparisons. 

 

 

Figure 5.17. Voltage, current and temperature evolution during the voltage-relaxation test cycling at 25°C for the 
complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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The extracted capacity per pulse was defined in section 5.3.4. Considering a QMAX value of 7418mAh, 
every pulse can be translated into a relative percentage of the total cell capacity. The battery pack 
has been charged up to 99.47% as shown in Figure 5.18. Hence, considering the latter as the initial 
point and sequentially subtracting the ideal capacity removed in every pulse, the SOC after every 
discharge pulse should be: 97.45%, 79.93%, 72.45%, 57.62%, 50.89%, 39.43%, 31.34%, 19.21%, 
11.80% and 1.69%, respectively. This means that considering a battery pack that starts at an SOC of 
97.47%, after applying the first pulse, which extracts 150mAh, the ideal SOC in the battery pack will 
be 97.45%, for instance. 

Figure 5.18 shows the SOC evolution starting from a defined value of 0%. The SOC is quantified solely 
on Coulomb counting information. The voltage-prediction and SOC-EMF relationship will be 
presented in independent graphs. Data markers have been included to show the SOC after the 
charge cycle and after every discharge cycle. By comparing the data markers with the expected 
results (presented in the previous paragraphs), the maximum error (without taking into account the 
deep discharge cycle) is 0.07% and occurs in the last step. In addition, the final reported SOC is 
0.19%, when ideally should be 0%. This is in line with the results seen in the static experiments, i.e. 
the error accumulates over time due to various sources of inaccuracies. From this case it is 
remarkable that the obtained error after every discharge event is always less than 0.1%. 

 

 

Figure 5.18. SOC evolution with respect for time for the voltage-relaxation experiment cycling at 25°C. 
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The equilibrium voltages (obtained after 3.5 hours of relaxation) from every cell are compared with 
the EMF obtained in chapter 3, as shown in the left graph of Figure 5.19. As can be seen, there is a 
noticeable voltage difference at the beginning, before the discharging process starts, and at the end, 
after the deep discharge cycle is performed. A zoom has been included in order to highlight the 
match in the flat region and the mismatch found in the steep region. In the right-hand side graph of 
Figure 5.19, all the relaxation voltages have been averaged to produce a single value per event. As 
can be seen, only 3 equilibrium voltages seem to match with the EMF reference waveform, while the 
rest slightly diverge. A zoom has been included in order clearly present the error in the steep region. 

The difference between the reference EMF and the averaged equilibrium voltages is presented in 
Figure 5.20. As can be seen, the error in the 0% to 95% DOD region is ±35mV. Moreover, the error in 
the flat region is only -3mV. For the case of LiFePO4 cells, in the flat discharge region an error of 6mV 
is translated into an SOC error of ~27% as mentioned in section 4.2. On the other hand, in the steep 
region, an error of 10mV is translated into an SOC error of ~4.5%.  

 

 

Figure 5.19. Left: Individual cells equilibrium voltages for different DOD at 25°C compared to the EMF obtained at 25°C 
by means of voltage-relaxation; Right: Averaged equilibrium voltages for different DOD at 25°C compared to the EMF 
obtained at 25°C by means of voltage-relaxation. The reference EMF was obtained in section 3.3.2 by the same voltage-
relaxation method and 3.5 hours of relaxation, i.e. same conditions as the experiment performed on the battery pack. 
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It is appealing that the voltage match in the flat region is so remarkable compared to the error in the 
rest of the EMF curve. By the moment the reference EMF was obtained, the characterized cell has 
already been subject to more than 50 charge/discharge cycles at different temperatures (-15°C, 5°C, 
25°C and 45°C). Due to the small number of cycles it is unlikely that the observed mismatch is due to 
the fact that the cell had already aged and its EMF suffered from this phenomenon.  

With the obtained results it is possible to conclude that an EMF obtained for a characterized cell 
cannot be directly used for a set of cells which were not characterized. However, this claim needs to 
be further verified with further experimentation.  

 

 

The voltage-relaxation experiment has also been used to test the performance of the developed 
voltage-prediction algorithm presented in Chapter 4. The first prediction has been done after 10 
seconds of current interruption and the rest of the predictions have been done in steps of 30 
seconds. Due to the big amount of data the results are reported in the form of a histogram in order 
to better demonstrate the performance of the algorithm. It is important to highlight the fact that the 
cells being tested have not been characterized before. In the previous chapter good results were 
reported but there was the possibility that these results were prone to be correct due to the use of 
the characterized cell. 

Figure 5.21 shows the histogram evolution of the error in the estimation of the equilibrium voltage. 
The top-left graph shows the error distribution after 10 seconds; top-right shows it after 2.5 
minutes; bottom-left shows it after 5 minutes and bottom-right shows it after 7.5 minutes. It has to 
be noted that the estimation for the last pulse, corresponding to an SOC of 1.69% is not reported 
because as seen in section 4.2 the performance at very low SOC is very low. Considering 18 cells and 
9 estimations per cell, the total universe of estimations is 162.  

Figure 5.20. EMF error with respect to the DOD obtained by subtracting the EMF obtained at 25°C by means of voltage-
relaxation minus the averaged equilibrium voltage obtained from the voltage-relaxation discharge test for different DOD 
at 25°C. 
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Table 5.2 presents the mean and the standard deviation of every reported graph. As can be seen, 
after 10 seconds of relaxation, the mean error is only ~4mV with a standard deviation of ~5mV. This 
means that the bell shape curve opens widely and the estimations cannot be completely trusted. 
After 2.5 minutes the concentration around the mean error remains the same, however the 
standard deviation is decreased to ~3mV. For this case the bell shape graph would be narrowing in 
the center indicating that the estimations are more accurate. After 5 minutes the error is further 
reduced, achieving a mean of ~3mV and a standard deviation of 1.76mV. Finally, after 7.5 minutes, 
the error reaches a remarkable mean of 1.781mV and the standard deviation remains almost 
constant.  

 

Figure 5.21. Histogram showing the distribution of the voltage-prediction estimations errors with a resolution of 0.5mV. 
Top-left: error after 10 seconds of relaxation; top-right: error after 150 seconds (2.5 minutes) of relaxation; bottom-left: 
error after 300 seconds (5 minutes) of relaxation; and bottom-right: error after 450 seconds (7.5 minutes) of relaxation. 
The statistical information is provided in Table 5.2. 

Table 5.2. Statistical information regarding the voltage-prediction estimations with respect to time 

Relaxation time (sec) Mean error µ (mV) Standard Deviation σ (mV) 
10 4.030 5.270 

150 4.065 3.079 
300 3.065 1.760 
450 1.781 1.798 
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In addition it can be seen from the histogram that the predictions seem to be positively biased 
(above the final equilibrium voltage). This bias effect was explained in section 4.2. In conclusion, it 
can be said that the voltage-prediction algorithm behaves remarkably well in a set of cells which 
were not subjected to characterization. However, the application of these results may be somehow 
hindered once again by the flatness of the LiFePO4 SOC-EMF relationship. 

The last dynamic experiment corresponds to the HPPC test. Figure 5.22 shows the voltage, current 
and temperature evolution. Figure 5.23 shows the SOC evolution and as can be seen the battery was 
charged up to 99.23% of the original QMAX capacity. On the other hand, the reported SOC after the 
deep discharge cycle is 0.58%. This means that even with a very dynamic pattern involving high 
current discharge and regeneration the error taking into account only Coulomb counting is kept 
below 1%.  

The average discharge current between high current pulses was 5C. Therefore, this test can be 
compared to the constant-current discharge test performed at the beginning of this section. For that 
case the reported error was 0.75%. As a consequence it can be seen that consistency is found 
between static and dynamic tests.  

 

 

Figure 5.22. Voltage, current and temperature evolution during the HPPC discharge test cycling at 25°C for the complete 
battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style combination for 
clear identification. 
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Figure 5.23. SOC evolution with respect for time for the voltage-relaxation experiment cycling at 25°C. 

 

5.4.2. Experiments performed at 45°C. 

The first experiment to be performed is the QMAX estimation test. The results of QMAX estimation for 
every independent cell are available in Table 5.3. The average QMAX value is 7468mAh and the 
standard deviation (σ) is 10.27mAh. In addition, for better visualization of the spread, they are 
presented in form of a histogram with steps of 1mAh. This histogram is shown in Figure 5.24 along 
with the bell-shaped curve obtained from the available data. As can be seen from the standard 
deviation value, the QMAX values of the assembled cells fall within a very narrow range of capacity. As 
a consequence, the same assumption considered for the 25°C case will be considered here all the 
cells will be assumed to have the same capacity of 7468mAh. In addition it is remarkable that in 
average all the cells exhibit 50mAh more capacity than in the 25°C case. 

It can be seen that cells 2, 3, 14 and 18 exhibit the lowest capacity among all the cells. On the other 
hand, cell 15 is again the one with the highest capacity. During the course of the experiments, these 
cells will be closely followed in order to see is they constrain in any manner the performance and 
behavior of the battery pack.  

The next performed experiment is the constant-current discharge test. Figure 5.25 and Figure 5.26 
show the voltage, current and temperature evolution for 2C and 5C discharging cycles respectively. 
As can be seen, temperature rise is considerable, having a maximum difference with respect to the 
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ambient temperature of 5°C for the 2C rate and a bit more than 10°C for the 5C rate. This 
temperature increase is consequence of the energy lost due to the overpotential phenomenon. Due 
to a lower temperature increase compared to the 25°C case, it can be concluded that less energy has 
been lost as a consequence of a decreased impedance. 

In addition, once again it can be seen that two cells (cell 17 and cell 18) develop a noticeable 
temperature rise with respect to the rest of the cells. By looking at the voltage evolution graph, it 
can be observed that cell 17 clearly develops a considerable bigger overpotential than the rest; 
hence this cell exhibits higher internal impedance resulting in increased self-heating. Cell 18 is 
heated due to the same reasons already explained in the section 5.4.1.  

The charged capacities at 2C and 5C respectively are 7497mAh and 7504mAh, respectively. On the 
other hand, the capacities extracted at 2C and 5C are 7374mAh and 7360mAh, respectively. In 
addition, the total extracted capacity including the deep discharge cycle accounts for 7468mAh and 
7470mAh, respectively. Considering a QMAX value of 7468mAh and the capacities during charging, the 
final SOC indication for the 2C and 5C rates was 0.38 % and 0.47 %. As for the 25°C case, the overall 
accuracy is better than 1%. 

 

Figure 5.24. Histogram showing the distribution of the QMAX values with a resolution of 1mAh cycling at 45°C. The 
statistical data of the QMAX estimations is: µ = 7468mAh and σ =10.27mAh. The bell curve shown in magenta represents 
the probability distribution obtained from the QMAX values and the statistical data. 

 

Table 5.3. Individual QMAX values obtained on a per-cell basis cycling at 45°C. 

Cell number QMAX (mAh) Cell number QMAX (mAh) Cell number QMAX  (mAh) 
Cell 1 7480 Cell 7 7471 Cell 13 7464 
Cell 2 7453 Cell 8 7472 Cell 14 7453 
Cell 3 7453 Cell 9 7473 Cell 15 7488 
Cell 4 7466 Cell 10 7479 Cell 16 7472 
Cell 5 7461 Cell 11 7477 Cell 17 7467 
Cell 6 7466 Cell 12 7480 Cell 18 7453 
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Figure 5.25. Voltage, current and temperature evolution during constant-current at 2C discharge rate cycling at 45°C for 
the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.26. Voltage, current and temperature evolution during constant-current at 5C discharge rate cycling at 45°C for 
the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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Figure 5.27 shows a zoom to different interesting moments taken from the voltage evolution graph 
at 5C. The top-left graph shows the end-relaxation voltages obtained after the charging cycle. As it 
can be seen the voltage variation between cells is ~80mV. In contrast, the bottom-right graph shows 
the end-relaxation voltages after the deep discharge cycle. It can be seen that the voltage difference 
is remarkably low (~20mV) and the cells have again order themselves in descendent order. The top-
right graph shows a zoom to the voltage evolution during discharge. As can be seen, cell 17 keeps 
developing an extremely high overpotential. Despite this high overpotential, cell 17 is not the one 
reaching first the EOD voltage, as can be seen in the bottom-left figure. Instead, it is cell 13 which 
first hits the EOD voltage. By comparing the capacities, it is seen that cell 13 has a slightly lower 
capacity (only 13mAh less), which are apparently enough to constrain the EOD condition.  

 

 

Figure 5.27. Zoom at different moments of the voltage evolution while discharging the pack with a CC of 5C and cycling 
at 45°C. Top-left: Equilibrium voltage after 1.5 hours of relaxation; Top-right: Voltage evolution during discharge; 
Bottom-left: Moment at which the 5C discharge current is interrupted; Bottom-right: Final equilibrium voltage after 
deep discharge cycle and 1 hour of relaxation. 
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The next performed experiment is the constant-power discharge test. Figure 5.28, Figure 5.29 and 
Figure 5.30 show the voltage, current and temperature evolution for 400W, 800W and 1200W 
power values, respectively. 

As can be seen, the same effects observed for the constant-current case are observed in the 
constant-power experiment. Cell 17 has considerably higher impedance which is reflected as an 
increased self-heating. Part of the heat is transferred to cell 18, which acts as a heat sink. Contrary to 
the previous case, cell 17 reaches the EOD first in all cases.  

For the constant-power case the SOC is reported with the aid of a graphic representation. Figure 
5.31 shows the SOC evolution for every constant-power discharge case. Data markers have been 
added to indicate the SOC before the discharge cycle starts, after it finishes and after the deep 
discharge cycle is performed. As can be seen, after every charge cycle the stored capacity reaches a 
top value of ~100.4%, which is constant throughout all the charge cycles. It can also be seen that the 
SOC after the constant-power step is higher as the power is increased. This means that the available 
discharge capacity is reduced for higher currents, which is in accordance with the expectations.  

After the deep discharge cycle was performed, the reported SOC values are ~0.51%, ~0.49% and 
~0.47% for 400W, 800W and 1200W, respectively. This matches with the observations done for the 
25°C case. For higher currents the final error seems to be lower. In addition, the overall accuracy is 
again better than 1%.  
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Figure 5.28. Voltage, current and temperature evolution during constant-power discharge at 400W rate cycling at 45°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.29. Voltage, current and temperature evolution during constant-power discharge at 800W rate cycling at 45°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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Figure 5.30. Voltage, current and temperature evolution during constant-power discharge at 1200W rate cycling at 45°C 
for the complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 

 

Figure 5.31. SOC evolution with respect for time for different constant-power discharge rates cycling at 45°C. 
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The first dynamic test to be performed at 45°C is the voltage-relaxation discharge test. Figure 5.32 
show the voltage, current and temperature evolution. As can be seen, 2C rate pulses induce a 
noticeable increase in temperature. However the magnitude of this increase is just 2°C in the worst 
case. For this case, the voltage-prediction algorithm is not reported due to the fact that 
parameterization of the cell at 45°C was not performed. 

Figure 5.33 shows the SOC evolution starting from a defined value of 0%. The SOC is quantified solely 
on Coulomb counting information. The SOC-EMF relationship will be presented in an independent 
graph. Data markers have been included to show the SOC after the charge cycle and after every 
discharge cycle. The final reported SOC is 1.58%. This is in line with the results seen in the static 
experiments. However for the first time the obtained error is bigger than 1%.  

 

 

 

Figure 5.32. Voltage, current and temperature evolution during the voltage-relaxation test cycling at 25°C for the 
complete battery pack. Individual cell voltage and temperature evolution is shown with a unique color-line style 
combination for clear identification. 
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Figure 5.33. SOC evolution with respect for time for the voltage-relaxation experiment cycling at 25°C. 

 
The equilibrium voltages (obtained after 3.5 hours of relaxation) from every cell are compared with 
the EMF obtained by means of current-extrapolation. This EMF is used due to the fact that the 
voltage-relaxation experiment was not performed at 45°C. The comparison is shown in the left graph 
of Figure 5.34. As can be seen, there is no noticeable voltage difference at the beginning, before 
starting the discharging process, at the end, in the steep region, the same thing occurs. This is 
opposite to the observations done in section 5.4.1 where the beginning and the end presented the 
worst errors. A zoom has been included in order to highlight the constant offset present throughout 
the graph. This is in line with the phenomenon studied in section 3.3.2 where it was decided that the 
voltage-relaxation method was preferred for EMF estimation.  

In the right graph of Figure 5.34, all the relaxation voltages have been averaged to produce a single 
value per event. As can be seen, only the 0% and 100% DOD match with the EMF waveform. The rest 
of the equilibrium voltages present a noticeable offset. A zoom has been included in order clearly 
present the error in the steep region. 

The difference between the reference EMF and the averaged equilibrium voltages is presented in 
Figure 5.35. As can be seen, the error in the 0% to 95% DOD region is in average -20mV. This is 
interesting because it means that the voltage difference between the reference EMF and the 
equilibrium voltages follows a nearly-constant value. This was not the case in Figure 3.26 where the 
error was exhibiting bigger variations. This result verifies the conclusion reached in section 3.3.2 
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where it was observed that the equilibrium voltages after a pulse-discharge experiment do not 
match with the EMF graphs obtained via current-extrapolation. 

 

Figure 5.34. Left: Individual cells equilibrium voltages for different DOD at 45°C compared to the EMF obtained at 45°C 
by means of current-extrapolation; Right: Averaged equilibrium voltages for different DOD at 45°C compared to the EMF 
obtained at 45°C by means of current-extrapolation. 
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Figure 5.35. EMF error with respect to the DOD obtained by subtracting the EMF obtained at 45°C by means of current-
extrapolation minus the averaged equilibrium voltage obtained from the voltage-relaxation discharge test for different 
DOD at 25°C. 

 

5.5. Conclusions 

In this chapter a SOC algorithm based in [4] was presented. The original algorithm has been modified 
in order to improve its performance. An automotive battery-pack engineered for this thesis has been 
presented. Finally, static and dynamic experiments at two different temperatures have been 
reported (25°C and 45°C). 

In this chapter it is concluded that the SOC-EMF relationship obtained in chapter 3 from a cell under 
characterization was not applicable to a set of cells of the same manufacturing batch. However, it is 
recommended to perform further analysis and experimentation to provide more support or refute 
this claim. Small voltage errors lead to considerable SOC errors for the case of LiFePO4 cells. When 
comparing the equilibrium voltages obtained in the voltage-relaxation experiment, only a few 
samples matched with the EMF waveform while the others presented a considerable drift. 

In addition, with the exception of one experiment, SOC estimations were performed with an 
accuracy better than 1%. This is a remarkable result considering that this value is obtained by pure 
Coulomb counting. However, it is verified that constant calibration is required to keep the accuracy 
high. It is recommendable to calibrate the SOC estimator at least once per charge/discharge cycle.  

Finally, the voltage-prediction algorithm developed in chapter 4 was tested in the battery pack. After 
2.5 minutes of relaxation, the statistical mean of the error is ~4 with a standard deviation of ~3mV. 
After 5 minutes the results are further improved. This result can be considered very satisfactory 
taking into account that the cells were not previously characterized and that the discharge pulses 
were located at different positions than the pulses used for characterization.  
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6. Conclusions 

Every chapter has been accompanied with closing conclusions. In this section the general 
conclusions are presented. In addition, an analysis of a practical BMS implementation is elaborated. 
Finally recommended future work is provided. 

The main goal of the project was to accurately estimate the SOC of a battery-pack made up of 
LiFePO4 cells. In order to achieve this goal an existing algorithm has been adapted. After 
experimentation, a remarkable accuracy of 1% was obtained for a temperature of 25°C whereas an 
accuracy of 1.6% was obtained for a temperature of 45°C.  

The SOC algorithm makes use of Coulomb counting, SOC-EMF relationship and voltage-prediction. 
Therefore, two EMF modeling methods were compared in this thesis: current extrapolation and 
voltage relaxation. Noticeable differences were identified and the reason for them remains 
unknown. Voltage relaxation has been selected as a preferred approach due to the consistent results 
obtained at different discharge currents. Temperature influence is considerable, especially at low 
temperatures. In addition, sizeable self-heating has been observed at higher discharge currents. 

In addition, a LiFePO4 7Ah cell has been parameterized using an equivalent-circuit model. After 
analyzing the behavior of the cell, a new model made up of four series-connected RC networks has 
been proposed. This model has proven to efficiently model the voltage relaxation waveform 
independently of the SOC condition. The parameterization has been done for a single temperature. 
The obtained parameters were used to develop a voltage-prediction algorithm which is able to 
predict the equilibrium voltage with an error of 1mV after 3 minutes for a characterized cell and 7.5 
minutes for an uncharacterized cell.  

An automotive battery pack was designed in the scope of this thesis. LiFePO4 is selected. Due to its 
low cost and remarkable safety, this chemistry is suitable for automotive. Active balancing hardware 
has been made available although it was not tested due to the fact that time did not allow us. The 
goal of designing a battery pack suitable for experimentation and algorithm validation has therefore 
been satisfied. From experimentation, it has been observed that the EMF obtained from a 
characterized cell cannot be directly applied to a set of cells, even if they come from the same 
manufacturing lot.  

It can be therefore said, that the goals set at the beginning of this project have been satisfactorily 
accomplished.  

6.1. A practical BMS implementation 

With the developed knowledge, is it feasible to design a commercial BMS? To answer this question 
let us first recall the typical usage conditions of a battery in an EV. There are three main use-cases in 
automotive: 

- EV. The battery is the only source of power for the motor. Therefore, it is very unusual to 
fully discharge it and it is typically fully charged every night.  

- HEV. The battery powers a complementary power train. Therefore, it is never fully 
(dis)charged, operating mainly in the 20% - 80% SOC. 
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- EREV/PHEV. From both, PHEV are more common. As in EV, the battery is the only source of 
power for the motor. However, in case of a nearly-empty condition an on-board charger is 
used to recharge it. Therefore, it is very unusual to fully discharge it and it is typically fully 
charged every night. 

Li-Ion technology is mainly observed in the EV and EREV/PHEV markets. This is due to the fact that 
HEV make use of lower-capacity batteries and therefore can opt for cheaper and heavier options 
(mainly NiMH). 

Feasibility should be verified from a technical and economical point of view. In this thesis we mainly 
focus on the technical aspect. The following summarizes the relevant characteristics expected in a 
BMS for EV and EREV/PHEV. 

Safe operation  

This implies to operate the system in the allowable voltage, temperature and (dis)charge current 
ranges. From the HW point of view, the selection of the AFE, a secondary cell-protector and the host 
controller are the key elements. A proper AFE should have the following characteristics: accurate 
voltage and temperature measurements of every cell, reliable inter-IC communications 
infrastructure, battery balancing control and low-power operation. The selected AFE for this project 
performs voltage measurements with an accuracy of ±7, is able to perform active and passive 
balancing and incorporates a special communications bus. 

SOC accuracy 

It was verified that pure Coulomb counting provides an accurate estimation even with dynamic 
profiles. To keep an accuracy of 1% or better, a proper current sensor and calibration of the counter 
at least once per charge/discharge cycle are required. The above mentioned use-cases typically 
provide a full-charge every day. This provides the possibility of calibration. Hence, it can be 
concluded that an accuracy of 1% or better can be achieved in practical case for EV and EREV/PHEV 
applications.  

For the case of HEV, EMF calibration is required as the battery is never fully (dis)charged. However, 
as previously concluded, in this case the EMF should be obtained on a per-cell basis.  

Cell ageing estimation 

Although not addressed in this thesis, cell ageing estimation should be considered in a practical 
system. Cell ageing is important because it alters the QMAX parameter and therefore directly 
influences the accuracy of the Coulomb counter. It is proposed to estimate ageing based on 
charge/discharge cycles count together with the knowledge of the cell life cycle. 

Remaining run-time estimation 

Like ageing, this was not completely addressed in this thesis. Due to the high charge/discharge 
efficiency of the cell, it was reported that remaining run-time can be accurately estimated under 
constant-current and constant-power discharge conditions. A real driving scenario has a high degree 
of unpredictability. Therefore, adaptive solutions which analyze the driving profile are required. In 
addition, a more meaningful parameter to the user is range estimation. The latter implies knowledge 
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about the vehicle, terrain conditions, etc. Therefore, range estimation is completely out of the 
development of a battery concept and is part of the VMS.  

6.2. Future work 

This project started with the main goal of designing a BMS. Based on the acquired experience, in this 
section I would like to upgrade this goal towards the design of a reliable and efficient battery-pack 
concept. Four main directions are suggested.  

Battery pack balancing 

One of the initial objectives of this project was to implement and test an active balancing system. 
Although the HW has been made available, unfortunately time did not allow us to test it. It has been 
observed that a cell balancer is a key component in a battery pack based on Li-Ion cells. Balancing is 
demanded by the application itself but it also introduces the possibility to provide an added value to 
the product. Active balancing and redistribution algorithms are technologies that remain to be 
explored and suggested as future work. 

Cell modeling 

It was discovered that the developed cell model is not directly applicable to a set of uncharacterized 
cells. However, the results obtained with the characterized cell are good and consistent. If an EMF 
model was available on a per-cell basis, it would be possible to extend these good results to every 
single cell. It remains as a challenge to design an efficient way of characterizing every single cell 
contained in a battery pack. On the other hand, several additional modeling possibilities like EIS 
remain to be explored.  

SOC algorithm 

One of the goals of this project was to pioneer in the design of an automotive BMS. Hence, proved 
solutions were preferred in some cases in order to reduce uncertainties. For this reason a previously 
developed SOC algorithm was used. However, more flexibility and the possibility to combine all the 
available information are possible improvements for the SOC algorithm. For instance, a Kalman-filter 
could be used to merge all the information taking the statistical information into consideration.  

Thermal concept 

It has been observed that at low temperatures the performance of the cells is very poor. At high 
temperatures its performance is slightly improved with the disadvantage of ageing the cells. An 
optimum operational point is therefore achieved at room temperature. In addition, experimentation 
revealed that a single cell developing higher temperatures can negatively influence the performance 
of the other cells and introduce inaccuracies to the system. For this reason a feasible active thermal 
solution is required and recommended as possible future work.  
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