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MONITORING SYSTEM FOR LI-ION BATTERIES STATE OF 

HEALTH ESTIMATIONFOR SMART GRID 

SUMMARY 
 

The recent technological developments have evolved the remote and integrated power 

systems related technologies and tools. The render novel developments of smart and 

micro grids.  The battery is a key element of the modern power systems and is frequently 

employed in various important applications like hybrid cars, drones, avionics, satellites, 

and mobile phones. The Li-Ion batteries are extensively employed because of their ever-

wanted features like compact size, high power supply capability, a higher number of 

charge-discharge cycles, etc. 

 

Batteries are quite expensive, therefore for an effective utilization of batteries and in order 

to assure their longer life the Battery Management Systems (BMSs) are frequently 

employed. The modern BMSs require extensive processing resources which can render 

into higher power consumption overhead. In this context, several embedded and 

integrated systems-based solutions have been proposed.   

 

This thesis focuses on enhancing the existing Li-Ion BMSs by redesigning their 

associative data acquisition and processing chain. The focus is to ameliorate the data 

acquisition and the Li-Ion batteries State of Health (SoH) estimation mechanisms. In this 

framework, event-driven sensing and processing approaches are used. In contrast to the 

traditional counterparts, the battery cell parameters are no more captured periodically but 

are acquired based on events. It results in significant real-time data compression. 

Afterward, this non-uniformly partitioned information is employed by original event-

driven voltage base and Coulomb counting algorithms for a real-time determination and 

calibration of the cell State of Health (SoH). The system performance is studied with the 

help of four case studies. Results are used to compare the devised system performance 

with the traditional counterparts. Preliminary results demonstrate anot able 

outperformance in terms of compression gain and computational efficiency, for the 

studied case, while assuring an analogous SoH estimation precision. 
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This work is well aligned with the 2030 vision of Saudi Arabia and the goals of future smart 

cities like NEOM. It contributes in realizing modern smart – energy related services such 

as electric vehicles, hybrid power systems, integration of renewable energy sources in 

smart grid, mitigation of power quality issues, effective dimensioning of renewable energy 

systems, efficient cell-balancing, and energy storage automatic management and 

maintenance. 

 
Keywords—Event-Driven Processing, Li-Ion Battery, State of  Health, Coulomb Counting, 

Kalman Filtering, Computational Complexity. 
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 ARABIC SUMMARY  
 

للشبكة الذكية  أيون لبطاريات الليثيومنظام فحص الحالة الصحية   
 

تدريجيا في التقنيات واألدوات المتعلقة بأنظمة الطاقة التي يتم التحكم فيها عن    تطورالقد أحدثت التطورات التقنية الحديثة  

ت الصغيرة، وتعتبر البطارية عنصرا بعد وأيضا أنظمة الطاقة المتكاملة، فهي تقدم تطورات جديدة للشبكات الذكية والشبكا

، ويتم توظيفها في العديد من التطبيقات الهامة، مثل السيارات ثنائية الطاقة والطائرات التي  أساسيا ألنظمة الطاقة الحديثة

المكثف  االستخدام  ويرجع  المحمولة،  والهواتف  الصناعية  واألقمار  المالحية،  االلكترونية  واألجهزة  طيار،  دون  تعمل 

تغناء عنها مثل حجمها المضغوط وقدرتها العالية على  بطاريات الليثيوم أيون إلى مواصفاتها العديدة التي ال يمكن االسل

 توصيل الكهرباء والعدد الكبير من دورات الشحن والتفريغ، وغيرها. 

 

إط والتأكد من  فعاال  استخداما  استخدامها  يتم  أن  لزاما  كان  للغاية،  البطاريات غالية  البطارية عن طريق  وألن  الة حياة 

، تمكننا من  طاقة البطارية وسائل معالجة موسعة، وتتطلب أنظمة إدارة  على األغلباستخدام أنظمة إدارة طاقة البطارية  

التحكم في تكلفة االستخدام العالي للطاقة، وفي هذا السياق يتم تقديم العديد من الحلول القائمة على األنظمة المتكاملة 

 باألجهزة.  والملحقة

 

سلسلة من المعالجات وجمع عن طريق إعادة تصميم    ية ليثوم أيونإدارة طاقة بطاوتركز هذه الرسالة على تحسين أنظمة  

، وتركز على تحسين اكتساب البيانات وأنظمة تقييم الحالة الصحية لبطاريات الليثيوم أيون، وفي هذا البيانات المرتبطة

زة التقليدية، فال يتم  جة واالستشعار التي تستجيب للحدث، وفي مقارنة بينها وبين األجهاإلطار تم استخدام طرق المعال

تعليمات خلية البطارية على فترات ولكن وفق الحدث، وهذا يؤدي بدوره إلى ضغط ملحوظ للبيانات في   الحصول على

عد وفق الحدث، وحسابات  كولوم األصلية للالمتغير بطريقة    ذات التقسيموقتها الحقيقي، وبعد ذلك يتم استخدام المعلومات  

الفلترة، وذلك لتحديد مدى الحالة الصحية للخلية وقياسها قياسا دقيقا، وتتم دراسة أداء النظام  كالمان للجهد الكهربي و

تبين ، ويتم استخدام النتائج لمقارنة أداء النظام المبتكر بنظائره من األنظمة التقليدية، وعن طريق أربع دراسات حالة

اءة الحوسبة لصالح الحالة محل الدراسة، كما تؤكد الدراسة أيضا فيما يتعلق بنجاح الضغط وكف  أداًء متميزاالنتائج األولية  

 الدقة العالية لتقييم الحالة الصحية للبطارية. 

 

السعودية   العربية  المملكة  مع رؤية  العمل  هذا  المستقبلية  2030ويتوافق  الذكية  المدن  أهداف  نيوم،   ومع  مدينة  مثل 

المتعلقة بالطاقة، مثل الَمركبات الكهربية وأنظمة الطاقة الثنائية، وتكامل  وتساهم هذه الدراسة في تحقيق الخدمات الذكية  

مصادر الطاقة المتجددة في الشبكات الذكية والموضوعات المتعلقة بتحسين جودة الطاقة، والحساب الفعال ألبعاد أنظمة 

 .قة وصيانتهاللخلية، واإلدارة الذاتية لتخزين الطا التوازن المثاليوتحقيق  الطاقة المتجددة،

 الكلمات المفتاحية:

الحوسبة. –تنقية كالمان  –عداد كولوم  – الحالة الصحية  –بطارية الليثيوم أيون  –المعالجة وفقا للحدث   
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CHAPTER 1 
INTRODUCTION 

1.1. Overview 
 

There is a meticulous need for new environment friendly and efficient power sources. 

Environmental protection and the need to utilize our resources efficiently are some of the major 

demands which motivate the need to develop efficient power systems. In order to ensure less 

environmental pollution, researchers are designing better electrochemical systems which can 

effectively substitute the conventional power sources while assuring a lesser environmental 

pollution. Improvement in the air quality of urban areas and decrease in pollution is possible if 

the bulky lead-acid batteries and the oil-consuming cars are replaced with high energy density 

rechargeable batteries which can be used in long-range hybrid and electric cars. Besides, such 

batteries are also useful in storing energy that can be accessed later [1]. Trustworthy batteries are 

required for off-peak electric energy storage. Batteries are also employed as emergency power 

supplies. Another key usage is for intermittent energy sources, such as solar and wind [1].  

 

Monitoring systems for Li-ion Batteries State of Health Estimation for smart grids, make it 

possible for the existence of stable renewable energy, by providing a good energy storage 

capacity. Having a good energy storage capacity will help to store the surplus energy, which can 

then be used when the electricity production is low. Lithium ion batteries are the best suited to 

perform this function, since they are easily recharged, they have low self-discharge, less toxic to 

the environment, have a high energy density, and they have low maintenance costs. The existence 

of renewable energy sources promotes green energy.  

 

Green energy helps to reduce pollution, thus a positive impact on the environment. In addition, 

the use of Monitoring systems for Li-ion Batteries State of Health Estimation for smart grids 

helps to ensure a robust energy storage system for renewable energy. Renewable energy sources 

such as solar and wind fluctuate depending on the time of the day, the location, and the season 

of the year, thus the requirement to have a robust energy storage system. Ensuring a stable supply 

of electricity helps to ensure that electricity is available for use to citizens for air conditioning 

systems, food storage, communication, passing of information. 
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Although different types of rechargeable batteries exist, the most used type of battery is the 

Lithium-ion battery [2], [1]. Li-Ion battery is favourite because of its attractive advantages such 

as environment friendly, a large discharge depth, charge-discharge count is higher, the energy 

density is higher, the compact size, it has a slower discharge, and its maintenance cost is lower. 

The complexity of using Li-ion batteries is significant. A single dynamic battery consists of 

hundreds of cells and it is needed to check the status of each cell. As a result, it forces to develop 

high complexity BMSs. 

 

Modern power systems are increasingly using BMSs, as battery-powered systems such as 

drones, hybrid electric vehicles and electric vehicles are becoming more popular [3],[4]. One of 

the main reasons that BMSs are used in such powered systems is that BMSs help detect 

conditions of power outage in time as it is capable of monitoring the condition of each cell in the 

battery pack[5]. BMSs help in estimating the key parameters of batteries such as the State of 

Charge (SoC), State of Health (SoH), and Remaining Useful Life (RUL). It is through the 

estimation of these parameters that the BMS performs balancing of cells, detects faults, ensures 

safety, and controls the charge-discharge cycles. The SoH of a cell is the comparison between 

the ability of this cell to deliver a certain performance in its present status and its original 

performance[6] . Different researchers have proposed several methods to estimate the SoH[7], 

[5]. Some of the most commonly used estimation methods are the Fuzzy Logic, the Particle 

Filter, the Kalman Filter, the Impedance Spectroscopy, the Open Circuit Voltage, and Coulomb 

Counting. Battery Management Systems require that there is an accurate real-time SoH 

estimation. One of the main reasons that BMSs are used in such powered systems is that BMSs 

help detect conditions of power outage in time as it is capable of monitoring the condition of 

each cell in the battery pack. The choice of any of these methods depends on the battery system 

application and the requirement for battery management system [3], [10], [5]. 

 

The focus of this work is to redesign the associative data acquisition and processing chain of 

BMSs to improve the contemporary BMSs. The centre of attention is the SoH estimation 

mechanism of the Li-Ion batteries. Recently people are becoming more conscious about the 

environment and actively seeking for ways to ensure reduced pollution. One of the largest 

contributors to air pollution is burning of fossil fuel. Fossil fuels are burned as sources of 
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energy to drive machinery, especially vehicles, or transformed into electricity and distributed 

to households and firms. Burning of fossil fuels produces Carbon II Oxide as a by-product. 

Carbon II Oxide is a greenhouse gas, and it leads to global warming vis-à-vis climate change 

[10]. One way to reduce Carbon II Oxide pollution is by shifting to renewable energy such as 

wind, and solar. Using wind and solar as sources of electricity can be a huge boost towards 

green energy, and thus reducing the negative impact of fossil fuels on the environment. Green 

energy sources such as sunlight, wind, rain, tides, plants and geothermal heat replace fossil 

fuels in all major areas including electricity production, water and air heating, and fuel for 

motor vehicles [10].  

 

In Saudi Arabia, the most promising source of green and renewable energy is wind and sunlight. 

However, the main limitation of these sources of energy is that they fluctuate with time, and 

season [11]. Therefore, there is a need to store surplus production, to be used during deficit 

production, thus ensuring steady and constant electricity[11]. Rechargeable batteries are a good 

resource that can be used to store surplus energy, which can then be used during off-peak 

production. This calls for integration of batteries into renewable energy power grids[11]. 

Renewable energy can be transformed into electricity and used to drive automobiles. 

 However, the use of electricity to drive automobiles also has the same limitation. Vehicles will 

require a constant source of energy to perform maximally. This can be achieved through the use 

of Li-ion batteries[10]. This means that battery systems are an integral part in the bid to shift 

from fossil fuels towards renewable and green energy.  

Li-Ion Batteries can be either rechargeable or non-rechargeable. Rechargeable batteries are also 

called storage batteries or secondary cells. These are types of electrical batteries which can be 

charged, discharged into a load and recharged many times. Rechargeable batteries are very 

significant in our lives, and in renewable energy.  

One significance of rechargeable batteries in renewable energy is that they help to store energy. 

Wind and solar energy production fluctuate according to the time of the day and season or 

weather, it is therefore important that extra charge is stored to be used later when the production 

hits a low [1]. Another significance is that it helps to ensure stable flow of energy. To increase 

the reliance of renewable energy, rechargeable batteries, can be charged when the electricity 
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production is high, and discharged when the production is low thus allowing a consistent flow 

of energy to the final consumer. Renewable batteries also allow peak loads and reduce energy 

wastage [1]. Surplus energy is stored and thus reducing wastage of energy. Once the energy is 

discharged, the batteries can be charged later. The major significance of rechargeable batteries 

in our lives is its application in technology. Most portable electronics today such as mobile 

phones, laptops, cameras, etc., use rechargeable batteries.   

It is important to ensure that these rechargeable batteries are used effectively, are at the right 

state of health, their state of charge is known in real-time, and their lifespan can be accurately 

predicted. It is for this reason, that Battery Management Systems are utilized. BMS makes 

power systems more efficient and reliable by helping to establish the battery status in advance, 

thus avoiding instances of unforeseen system failure due to defects in batteries. 

There are several methods that are used to estimate the state of health of rechargeable batteries. 

The latest methods are the Coulomb counting method, the open circuit voltage method, and the 

impedance spectroscopy method [2]. In impedance spectroscopy methods, one uses the wide 

frequency spectrum in order to measure the SOH. ECM parameters offer the best way to 

measure SOH using this method. The ECM parameters are created with the help of the Particle 

Swarm Optimization (PSO).  

The state of charge (SoC) of the cells specified as the power available (in Ah) and expressed as 

a percentage of their rated capacity. The SoC parameter can be viewed as a thermodynamic 

quantity which helps one to assess a battery's potential energy. It plays a significant role in 

deciding the battery pack's remaining power. Due to the limited battery configuration, accurate 

SC calculation is very complex and difficult to implement[13]. 

 It's also necessary to estimate a battery's state of health (SOH), which is a measure of the 

battery's ability to store and produce electrical energy compared to a new battery. Healthy 

battery condition (SOH) is an important indicator of the battery life. SOH represents a battery's 

ability to supply and receive power and energy [13]. 

 In the open circuit voltage, one conducts laboratory tests in order to determine the relationship 

between SOH and OCV. One then assesses the SOH using the non-linear least square method, 
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and the transformation function. The Electrochemical Model, and Constant Current Voltage 

charging method helps one to achieve this. It has been found that the SOH estimation error 

using this method at any point is under 3% [2]. In the coulomb counting method, the battery is 

discharged in respect to the state of charge value of 0%. In the next step, one calculates SOH 

by dividing the discharge value by the rate capacity. In this method, the ratio of discharge value 

to the rated capacity (Depth of Discharge) is compensated using the charge and discharge 

efficiency in each charge and discharge cycle. In order to eliminate the cumulative effect when 

the battery is charged to 100% or discharged to 0%, one performs recalibration[4]. 

Other methods are the Kalman Filter method, and the voltage method. The voltage method tests 

the discharge rate under controlled conditions. However, this method is difficult to implement 

since it needs a stable voltage range for the batteries. Also, it is limited in its usage since during 

testing, one must first interrupt the system function, while in contrast one can test the SOH using 

other methods while the system is still functioning. The Kalman Filter method uses an 

algorithm. It is an online and dynamic model, which requires a huge computing capacity to 

accurately determine the state of health[3]. 

1.2. Problem Statement 
 

Batteries are quite expensive, therefore for an effective utilization of batteries and in order to 

assure their longer life the Battery Management Systems (BMSs) are frequently employed. 

Battery can consist of hundreds of cells in the recent application that make these MBSs more 

expensive. The modern BMSs require extensive processing resources which can render into 

higher power consumption overhead.  

1.3. Importance and Motivation 

Batteries are quite costly, so the Battery Management Systems (BMSs) are often used for 

effective use of batteries and to ensure their longer life. Modern BMSs require extensive 

resources for storage that can result in higher overhead power consumption. A variety of 

embedded and integrated system-based solutions have been suggested in this context. To order 

to reduce overhead usage, the aim is to improve the efficiency of existing state-of - the-art 

BMSs. Monitoring systems for Li-ion Health Estimation Batteries for Smart Grids are 

important for achieving the Kingdom's Vision 2030 and for the implementation of the Neom 
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City concept. In the country’s vision 2030, the country wishes to move from biomass as the 

sources of electricity, and start using renewable energy such as solar and wind[14]. One of the 

downsides of using these sources of energy is that they are intermittent and vary with seasons, 

time of day, at time of the year. The solution to this problem is the use of a smart grid, that will 

help to balance electricity demand, and electricity supply by digitally changing the power load 

of a given transmission line, depending on the demand in that transition line[15]. Smart grids 

would use rechargeable batteries-based energy storage during off-peak hours to store any 

excess electricity that would be used at peak time later. As per Vision 2030, storage spaces are 

also important in smart grid due to the intermittency and instability of renewable energy, which 

will be a major source of power in the grid. The concept of the Neom city, is a city that will 

incorporate smart city technologies, and it also aspires to use only renewable energy sources, to 

power itself [16]. In these smart city developments, the use of renewable energy is posing the 

same problems as the renewable energy source. Li-ion batteries are the battery types of choice 

for storing energy within smart grids as per Vision 2030, as well as understanding the Neom 

City idea. Monitoring the State of Health (SoH) files is used to determine the merit of the 

condition of the battery compared to its ideal condition [17]. Having in the smart grid a system 

for monitoring li-ion battery systems would help ensure the batteries are in good condition and 

fit for application purposes. This will help to reduce the risk of failure of li-ion batteries, 

resulting in massive blackouts. 

State of Health (SoH) is defined as “the present status of an aged battery health to deliver 

specific performance in comparison to the ability of the battery to deliver performance during 

its initial stage”. It is a figure of merit that is given to a battery to show its ability to perform its 

specified performance, given its current condition, in comparison to when it is in an ideal 

condition, or when it has been freshly charged. 

State of health estimation is important in rechargeable batteries and in power systems in general. 

This is because it helps to evaluate whether a battery is working at its maximum capacity, 

whether the battery is degraded, and also whether the battery needs to substituted. Nonetheless, 

there are various approaches and methods that one can use to estimate the state of health of 

batteries. Every method has its shortcomings, and its strengths. It is therefore important to 

determine the best method which helps to estimate the state of health of a given power system, 
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with the highest accuracy possible. A highly accurate state of health estimation method is 

necessary if the benefits of State of Health are to be realized.  

People work on estimate state of health of the Battery because a battery pack can have 100 of 

cells and its required to automatically detect the state of batteries and the estimation should be 

correct also so it is reducing the maintenance load. 

State of Health (SoH) is defined as “the present status of an aged battery health to deliver 

specific performance in comparison to the ability of the battery to deliver performance during 

its initial stage”[18]. State of health estimation is important in rechargeable batteries and in 

power systems in general. This is because it helps to evaluate whether a battery is working at 

its maximum capacity, whether the battery is degraded, and also whether the battery needs to 

be substituted. 

Nonetheless, there are various approaches and methods that one can use to estimate the state of 

health of batteries. Every method has its shortcomings, and its strengths[18]. It is therefore 

important to determine the best method which helps to estimate the state of health of a given 

power system, with the highest accuracy possible. A highly accurate state of health estimation 

method is necessary if the benefits of State of Health are to be realized. In addition, it is 

important to be in a position to automatically, accurately and easily detect the State of Health 

of a given battery system since most systems consist of huge number of cells. This can help to 

reduce the maintenance load. 

1.4. Objective 

The Objective is focus on enhancing the existing battery management systems (BMSs) by 

redesigning their chain of associative data acquisition and processing. The idea is to employ the 

event-driven acquisition and analysis in order to realize an efficient State of Health (SoH) 

estimation mechanisms.  
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CHAPTER 2 

BACKGROUND AND LITERATURE REVIEW 
 

This chapter of the thesis reviews recent studies on Rechargeable Batteries, Lithium-Ion (Li-

Ion) battery applications, Event-Driven (ED) data acquisition, Battery technology, Battery 

management system and Battery State of Health (SoH) estimation methods. 

2.1 Rechargeable Batteries 
 

Rechargeable batteries, also known as storage batteries, accumulators, or secondary batteries 

are batteries that can be charged, discharged into a load, and recharged many times. This is 

opposed to one-time use batteries also known as the primary batteries that are used and then 

disposed. Secondary batteries come in different types. The following are some of the common 

types of secondary or rechargeable batteries [19].  

2.1.1 Lead Acid Batteries: 

 

These are batteries, which use acids and lead as electrodes to store energy. One of the major 

advantages is that they have the ability to supply high surge currents, and are low cost. They 

are mostly used as sources for power for starter motors. However, they have a low energy to 

weight ratio making them unsuitable for many tasks [19].  

2.1.2 Nickel Cadmium Batteries: 

 

These use the Nickel Oxide hydroxide and metallic cadmium. These batteries are not 

environmentally friendly since Cadmium is a toxic element, and they have been banned in 

most countries [19]. 

2.1.3 Nickel – Metal Hydride Batteries: 

 

These batteries use hydrogen-absorbing alloy instead of the toxic Cadmium electrode. These 

are now common in most industrial usage and in consumer types [19]. However, their energy 

to volume ratio is also high making them not applicable in many areas.  
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2.1.4 Lithium Ion Batteries: 

 

These are the most used battery types, and are the choice for many consumer electronics. They 

have many advantages including, low rate of loss of charge if not use, and have the highest 

energy density compared to other batteries. More so, they can come in nearly any size. A part 

from being used as batteries for phones, and other hand held gadgets such as smart watches, 

Lithium ion batteries have other applications, such as in medical devices, in smart electricity 

grids, in electric vehicles, and other essential, which keep the modern life running [22]. The 

following are some of the major uses of Lithium Ion rechargeable batteries.  

2.2 Applications of Lithium Ion Batteries 

2.2.1 Emergency Power Back Up or Uninterrupted Power Supply (UPS): 

 

In areas prone to power instability and blackouts, Lithium ion batteries come in handy since 

they help to back up power once power is lost. It provides instant power to the systems that 

were running and helps them to continue running uninterrupted or a chance to shutdown safely 

until the power is back [20]. Such a system is crucial in the medical field, and in large 

communication technology systems.  

2.2.2 Dependable Electric and Recreational Vehicle Power in Electric Vehicles: 

 

One of the most important features of Lithium ion batteries is their durability, and their 

efficiency in releasing stored power. This makes them dependable for use in Electric cars. One 

can use them over a long time, and they lose very little power between uses, hence even better 

suited for remote locations compared to acid batteries. More so, these Lithium ion batteries are 

lightweight and of smaller size compared to other power storage technologies thus making 

them suitable for use in Electric cars [20]. 

2.2.3 Solar Power and Wind Power Storage: 

 

The use of renewable energy is gaining traction all over the world. One of the major concerns 

of renewable technologies such as solar power and wind power is that their production 

fluctuates. This leads to the need of a power storage system to ensure stable power supply even 

when the production is low. Lithium ion batteries come in handy. They are low maintenance 
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cost compared to acid batteries and therefore better-suited [20]. More so, they charge quickly 

and release power at a stable pace.  

2.2.4 Portable Power Packs (Power Banks): 

 

One of the major drawbacks of mobile phones and other portable devices is that they run out 

of power, especially when visiting or living in remote areas with no access to electricity. 

Lithium ion batteries can act as power banks, and use them to store power. Once you need to 

charge your gadget, you can use the power stored in the Portable Power Packs.  

2.2.5  Alarms, Surveillance and other security systems: 

 

Lithium batteries are fitted in surveillance, alarms and other security systems in remote areas 

since they can be in small, have a longer life span, are rechargeable, and they discharge 

efficiently. These can be used to ensure that security systems do not go down or stop working 

even after the grid electricity or other main source of power has stopped working.  

2.2.6  Reliabe Marine Performance: 

 

Boats and small yachts need some source of power when not near land. Such power includes 

running fridges, and lighting. Diesel generators have been options for sources of power for a 

long time, but with the increasing consciousness of environmental sustainability, Lithium 

batteries are becoming an option.  

2.3 Battery Technologies 
 

Although there are different types, lithium cells are one of the most used cell types today. Some 

of the reasons why lithium systems are preferred are, they have a higher energy density, they 

have a superior cold temperature performance, they have a long active shelf life, and they are 

cost effective as shown in Figure 1. 
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Solid electrode (which can be made of lithium cobalt oxide; lithium nickel oxide; lithium 

nickel cobalt aluminum oxide; lithium nickel cobalt cobalt oxide; lithium manganese cobalt 

oxide; lithium manganese spinel; lithium iron phosphate; or lithium titanate) are the main 

components of the lithium-ion battery. Lithium cell has five composite positive electrode 

regions; a composite negative electrode; two  electrode current collectors, one of which is made 

of copper and the other of aluminum; and a separator[22]. Once the cell mode is discharged 

the available lithium ions are readily recognized by the positive electrode of the cell. 

2.4 Lithium Ion Batteries Management Systems 
 

Authors documented in that a (BMSs) is a stand-alone power system that monitors the 

conditions of the recycled battery in these power systems [22]. In[22], authors have further 

stated that Battery control and management system monitors conditions of battery banks and 

thus allowing detection of power outage conditions on time. 

Researchers also claimed in [22] that the battery control and management system tracks the 

battery banks conditions and thus allows for the timely identification of power outage 

conditions. The battery capacity used in RSPS often degrades over time. According to [23], 

this is mainly due to passivation; material decomposition; morphological changes on the 

Figure 1: Comparison of Energy Density of Lithium Cells and other Types of Cells.[22] 



29 

 

surface of the electrode that occur during battery operation and corrosion. However, when the 

battery is exposed to operating conditions that go beyond its safe operating conditions, a RSPS 

battery can also be weakened. The life and safe operation of a battery system often depends on 

current delivery during discharge modes and charging modes with the required battery 

operating conditions including all specified operating temperatures. A block diagram, of a 

Battery management system is shown in Figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Some of the pressing issues related to using Lithium ion batteries relates to ageing of the 

lithium cells, and the determination of remaining voltage in relations to the age of the lithium 

ion batteries. In regards to this, some researchers have studied these two factors in lithium ion 

batteries.  

Lucu, Martinez-Laserna, Gandiaga, &Camblong (2018), conducted a study to determine some 

of the self- adaptive ageing models for lithium ion batteries, through a critical literature review. 

Adaptive ageing models allows the enhancement of the online prediction accuracy and also 

reduces the required characterization period in a laboratory. This helps to overcome the 

problem of accuracy based on laboratory data. More so, using the approach of collecting data 

Figure 2: Battery Management System (BMS) Block Diagram. 
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in real time instead of in a laboratory setting offers a chance to maximize profitability, provides 

important information which can be used to update the energy management strategy and even 

to ensure accurate predictive maintenance purposes. The study by Lucu, Martinez-Laserna, 

Gandiaga, &Camblong (2018), reviews and classifies the different self-predictive models for 

lithium ion batteries and compares them.  

     The study starts by identifying the different characteristics that influence the ability of a 

model to self-update. It also proposes a classification for self-adaptive lithium ion batteries 

ageing modeling methods. In the next step, the study identifies the best model through the 

comparison of the accuracy and computational costs of the different models.  

In another study, Qaisar, Dallet, Desprez, & Benjamin (2010), conducted research in order to 

create an evaluation methodology for the Li-Ion battery multiplexed voltage measurement 

systems. In the modern world, Tue use of lithium ion batteries is growing exponentially. 

However, there is a continued need to ensure optimal system performance, and thus it is 

important that the Battery Management System (BMS) is used. However, one of the main 

limitations of the multiplexing is that it can lead to conversion latencies. Citing this problem, 

The researchers compared the Performance of two multiplexed systems for data acquisition. 

Even-Driven Sensing 

Event driven sensing is based on the principle of compressed sensing and analog to information 

conversion. Its main advantages are the compression gain, computational complexity reduction 

and self-organization [24],[25]. The data acquisition process is driven by the signal and 

therefore the sensing and processing activities are correlated with the signal variations [24]. 

The digitized data might be non-uniformly spaced in time and therefore it might be impossible 

to process or analyses the data using the classical techniques [26]. One way to do this is through 

the activity selection, analysis and adaptive rate processing [25]. 

Monitoring of the battery voltage is critical for a BMS[27],[28]. It avoids charging / 

discharging of the battery. As a result, it extends the battery life and ensures a more secure use 

of the battery[29]-[28]. The acquisition module used is based on the conversion of event-driven 

A/D conversion. 
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The ADCs driven by events are based on the sampling of the threshold crossing. The idea of 

crossing threshold sampling has been known since at least the 1950s [30]. The event-based 

acquisition takes place on the basis of the sampling of the threshold crossing[31].  

2.5State of Health (SoH) Estimation Methods 
 

 

Figure 3: Classification of State of Health (SoH) Estimation Methods Chart. 

 

The battery State of Health Estimation methods can be divided into three approaches as 

shown in Figure 3, direct assessment approach, adaptive approach, and data driven approach. 

The following is an explanation of the SOH methods that fall under each of these 

approaches[32].  

a) Direct Assessment Approaches: 

i. Coulomb Counting – the battery is discharged to 0%, and the SOH is determined 

by dividing the discharge value with the rated capacity. The main advantage is that 

it has low power consumption. this approach uses the linear functions and 

operations to estimate the state of health of batteries[33]. The main advantage of 

using this method is that it is simple and easy to implement in hardware. The main 
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disadvantage is that the error margin increases after every discharge-recharge 

cycle[34].  

 

ii. Voltage Base – the charging/discharging curves are monitored at different lifespans 

of the battery to help in determining the state of health of the battery. It can be 

performed both online and offline. This method uses the parameter varying 

approach to estimate the state of health of cells[34]. The main advantages of this 

method are it is easy to implement, and it can be tested under different temperature 

conditions. The disadvantages of this method are it is time consuming, and the 

margin of error increases with the increase in the degradation of the estimation 

performance[35]. 

 

iii. Impedance spectroscopy – this method utilizes the wide frequency spectrum to 

estimate the state of health of the battery. Computing ECM parameters is the easiest 

impedance spectroscopy technique. This method uses the theory of evidence 

approach to estimate the state of health. The main advantages are that it is less 

complex, in its calculations, and it has a higher accuracy[33]. The main 

disadvantages of this method is that if the model parameters are not well extracted, 

then the accuracy of the method reduces, and it can only be used in certain battery 

chemistries[36].  

 

b) Adaptive Model Based Approaches: 

i. Kalman Filtering – this is an algorithm used to estimate SOH. Nonlinear systems 

use unscented kalman filter (UKF), while linear systems use dual extended kalman 

filter (DEKF).This method uses the forgetting factor recursive least square to 

estimate the state of health[33]. The main advantages of this method are its 

accuracy, and that it’s an online estimation method. The main disadvantages is its 

high computational costs, and the accuracy of the method is sensitive to the battery 

model parameters[34]. 

ii. Particle Filtering – this method approximates the probability density function using 

a set of weighted particles and a sampling-resampling algorithm. This method uses 
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the Monte Carlo Sampling Methods to estimate the state of health of a battery[34]. 

The main advantage of this method is that it has an excellent precision. The main 

disadvantage of this method is that it requires a large volume of data during the 

experimentation and training of the model to ensure accuracy.   

 

iii. Least Square – this is based on regression analysis, and is a statistical technique. It 

compares an unknown variable and a known variable using a line of best fit. This 

method uses the ordinary least squares and total least squares algorithms to estimate 

the state of health[35]. The main advantages are it has a considerable accuracy, and 

that it is an online estimation method. The main disadvantage of this approach is 

that it is based on many assumptions when estimating the state of health [35].  

 

c) Data Driven Approaches: 

i. Fuzzy Logic – the researcher divides the data into fuzzy and crispy sets. The 

fuzzy set rule is then used to predict the state of health of the cells. This method 

uses the center of gravity technique to estimate the state of health. The main 

advantages of this method are, it is highly accurate, it does not use complex 

mathematical models, and the algorithm gives out the SOH without a need of 

any intermediate steps[33]. The main disadvantage of this method is that its 

accuracy will depend on the effectiveness of the training process.  

 

i. Neural Network – this is an algorithm used to estimate the SOH by determining the 

relationship that exists between a set of data collected from the battery system. This 

method uses the multilayer perception (MLP) algorithm to estimate the state of 

health[33]. The advantages of this method are, it is an online method, one can 

estimate SOH using a section of data, and instead the whole lifespan data, and it 

takes into account other non-linear traits of the cell. The main disadvantage of this 

method is that it is highly sensitive to the volume and quality of the experimental 

and training data set[33]. 
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ii. Support Vector Machine – this is an algorithm that uses principles of linear 

regression to recognize patterns in nonlinear systems. This method uses the grid 

search and radial basis function algorithms to estimate the state of health. The 

main advantage of this method is that it applies non-linearity mapping and is an 

online method with a high precision[33]. The main disadvantage is that its 

accuracy is sensitive to the training data, and its computation is complex and 

intense. 

d) Others: 

i. Sample Entropy – it captures the fluctuations and complexities of voltage 

responses of the battery during ageing, and is therefore a good diagnostic 

tool.This method captures the fluctuations and complexities of the battery 

during the ageing process. The main advantage of this method is that it is 

relative accurate. The main disadvantage of this method is that it is complex to 

compute, and its accuracy is sensitive to the quality of the training data set[33]. 

 

ii. Probability Density Function – this is an algorithm which can be used to 

determine the battery capacity, using the charging and discharging data. This is 

an algorithm that uses the charging and the discharging data to estimate the 

battery capacity. The main advantage of this method is that it requires less data 

to compute and to train. The main disadvantages of this method are that it is 

sensitive to the number of discharge-recharge cycles that the cell has 

undergone[34]. 

 

The main advantage of voltage base methods and coulomb counting methods is their 

simplicity. It is easy and simple to estimate the state of health of a battery using either of these 

two techniques, while at the same time not much compromising on accuracy. It is this 

simplicity and accuracy, which makes most people to prefer using voltage base methods and 

coulomb counting methods to estimate the state of health of a battery.  
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Cai, L., Meng, J., Stroe, D., Luo, G., & Teodorescu., R. (2019), researched to determine an 

evolutionary framework for lithium-ion battery state of health estimation. Unlike other 

researcher done before this, the evolutionary framework proposed by the paper to use when 

establishing a more efficient State of Health estimators, the framework for the feature 

extraction and parameters in the training process of the data-driven method were optimized. In 

this case, the proposed framework has benefits since it utilizes the feature more efficiently and 

predicts the state of health more accurately.  

More so, the researcher took into consideration the application of the framework in real 

time and ensured that the data used for the study was from a feature extraction from a short-

term current pulse test. More so, the researchers understand that the performance of the SVR 

is closely related to feature extraction as well as to the training parameters. In which case, the 

researchers used a hybrid encoding technology to mix the feature extraction and the parameters 

of the SVR into one chromosome. To verify the method proposed by the paper, the researchers 

arrange two LifePO4/c batteries and aged them under the mission profile, which corresponds 

to the service of the grid. According to the results of the estimation, the fitness for the proposed 

method is not as good as that when the parameters of SVR and the feature extraction are 

considered. Furthermore, various algorithms and regression methods can be used following the 

unified framework, and the algorithms in the proposed evolutionary framework are not limited 

to the GA and SVR. The method proposed by the paper can also be used for other types of 

lithium-ion batteries, and the researcher suggests that future works should focus on verifying 

the proposed method with more battery chemicals.  

In another study, Guo, Cheng, and Yang (2019) researched to determine A data-driven 

remaining lithium-ion battery capacity estimation approach focused on extraction of the 

charging health feature. This is important since it helps to ensure the reliability and the safety 

of the electric vehicles which use this kind of battery for energy storage.  

    The study presented by gives a data-driven capacity estimation method for the lithium-ion 

batteries. The basis for providing this estimation is HF extraction and optimization. To conduct 

the tests, the researcher picked charge HFs that have the highest relevance from 14 HFs derived 

from the load current, voltage and temperature profiles by means of a gray rational analysis 

and PCA (Principal Component Analysis), data dimension reduction is performed. More so, 



36 

 

the researchers have the advantage in that battery discharge conditions, and the temperature 

facts are not some of the factors that would influence the HFs. In this case, the researchers 

decided to use the processed HFs as the inputs for the RVM (relevance vector machine) model. 
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  CHAPTER 3 

METHODOLOGY 

In the suggested study the ides focuses on enhancing the existing Li-Ion BMSs by redesigning 

their associative data acquisition and processing chain[38]-[39]. The focus is to ameliorate the 

data acquisition and the Li-Ion batteries State of Health (SoH) estimation[7]-[38]. 

 

The first step will be to identify and employ an appropriate existing high-power Li-Ion 

Battery Model [41]. In second step this model will be implemented in MATLAB. The data 

acquisition is required for real-time sampling the intended battery parameters like voltage, 

current, temperature, etc.. Therefore, in third step the MATLAB based event-driven sensing 

models will be used for an effective acquisition of the intended battery parameters[42],[39]. In 

fourth step, these parameters will be employed and processed by novel event-driven SoH 

estimation algorithms. Finally, the findings will be logged on the cloud and in case of need 

notifications will be send to the concerned stockholders via a decision based automatic Email 

service as shown in Figure 4. Based on the event-driven nature, it shows a potential reduction 

in the data transmission rate and activity as compared to the traditional counter parts. It will 

allow a continuous monitoring of the intended batteries. An accurate SoH estimation, cloud-

based logging and notifications will allow to timely cure and replace the concerned battery 

cells and to keep the system functional without any interruption or damage while providing an 

efficient maintenance. The event-driven data acquisition and processing approach will make 

the devised solution to outperform the counterparts in terms of computational complexity 

electronics implementation and power consumption [42],[39]. The overall system performance 

Figure 4: System Block Diagram. 
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will be compared with the counterparts in terms of the real-time data compression, 

computational Efficiency and the SoH recognition precision [42], [39]. The solution is 

parametrizable and can be employed in a variety of potential applications like Stand-Alone 

micro grids, hybrid vehicles, drones, distributed sensors, etc. 

3.1 The Li-Ion Battery Data set 
 

The data used in this thesis is generated by using the high-power Li-Ion battery models 

presented in [43] and [44]. 

The Equivalent circuit modelling (ECM) is used for battery numerical analysis , [5]. According 

to [5], a single RC block is sufficient to describe all dynamic characteristics of the Li-Ion cell. 

Hence, a related model is used in this study, shown in Figure 5. Where, Vbis the battery voltage. 

The parameter estimation procedure shows dependence of the ECM elements on the cell SoC 

and temperature, which are consequently implemented as lookup tables. The model is verified 

by using independent experimental data. The fitting process involves the estimation of four 

variables, namely Em, C1, R0, and R1 which change with SoC and temperature of the cell. 

Where, Em is the electromotive force of the main branch. Im is the charging/load current in the 

main branch. R0 is the ohmic internal resistance. C1 and R1 are respectively capacitive and 

resistive components of the RC element. Afterward, the parameterized model is employed for 

simulation. Its output parameters like temperature, voltage, and current are used for evaluating 

the suggested SoH estimation algorithm. 

 

Quick reliable modelling schemes are needed for the proper simulation of the highly advanced 

lithium cells. These lithium cells are used to electrify power trains. In modelling these schemes 

it is important that engineers take the temperature in transport and the kinetic phenomena in 

the electrochemical field into consideration.  

The Equivalent Circuit Modelling is the most common technique that is used to analyze 

batteries numerically. The best choice for these lithium cells is RC block models that do not 

have parasitic branches. These RC block cells can be either two or one. Some of the benefits 

associated with this are that, it is easy to compute and to combine the different SoC estimation 

techniques. In this technique, one achieves a SoC correlation, when one utilizes an adaptive 

method such as the extended kalman filtering, it is possible to achieve a coulomb counting.  
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The main objective of using this approach is to achieve a direct correlation between the 

elements of the circuit and the electrochemical phenomenon of the cells [19,20]. The levels of 

complexity are influenced by the trade-off, computational efforts, and the fidelity. In this 

model, it is possible to take into account the nonlinear electrochemical phenomena, while at 

the same time avoiding to use complex electrochemical calculations. The following Figure 5 

is an example of where the model can fit. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The trade-off between fidelity and complexity results to the number of equivalent circuits parts. 

The parasitic branches can be neglected by the columbic cells that register high efficiency 

rates. The model choice is influenced by the trade-off between the ability to fit the experimental 

data, and the equivalent circuit complexity. The highly complex equivalent circuits help to fit 

the experimental data. Nonetheless, this approach is not fit for the embedded control 

applications due to its high costs. The level of complexity is not limited by the ability to 

correlate each of the components of the circuit with the electrochemical phenomenon of the 

cells, but limited by the computational resources. It is possible to link the variation of cells 

elements to the electrochemical process or the physical components such as charge, health or 

capacity, which makes the mode of adequate fidelity a diagnosis tool which is very resourceful.  

 

Figure 5: A General Equivalent Circuit Model. 



40 

 

Most models in the previous studies do not account for the thermal effects. This study 

overcomes the limitations through application of temperature as an independent variable [18]. 

The study also simplifies the model.  

The ability to simplify the model depends on the problem interest, the number of RC, and the 

specific characteristics of the model. The accuracy of the model would also not be affected by 

the computational complexity due to the introduction of large numbers.  

 

     According to this study, it is possible to account for the inner temperature, nonlinear open-

circuit voltage, counting for average discharge current, and the dynamic characteristics of the 

cell temperature using a single RC block. The equivalent circuit elements on the SoC 

temperatures are associated with the parameter estimation procedure. The study uses 

independent experimental data, to authorize the model. The experimental data is also used to 

generate general simulations. In order to characterize the SoC algorithm estimation, the model 

allows the use of current, voltage, temperature and other parameters.  

 

The block model of the following Figure 6 is enough for solving industrial problems. The 

estimation techniques that one derives from the solution can be used for some other equivalent 

circuit model topologies given that the solutions are general. In Figure 6, there are four 

independent variables. These independent variables change when the SoC and the temperature 

of the cell changes. The figure shows that there is a relationship between the functions of SoC, 

temperature and elements of equivalent circuit. It is possible to have a thermal dependent multi-

temperature lithium simulation study and interpretation. The experiment also shows that it is 

possible to account for the discharge dynamics, with a cell model that has a single RC block 

in a single series register, and single voltage source. The model was validated by the fact that 

it achieved a 2% voltage accuracy, as exhibited. The researchers in this study recommended 

that further research considers developing a better model, which has the ability to determine 

the run-time for the SoC, and can also predict electrical voltage performances.  
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We used this model to generate our data for specific charge discharge current profile by 

applying in current way form. Then we observed the output voltage and we tried to estimate 

the state of health. Also, this current form given in those references    

 

 

 

 

 

 

 

 

 

 

 

 

The ECM is highly affected by the SoC and the inner cell temperature. The average cell 

temperature is taken to be the inner cell temperature of each cells. It is possible to compute the 

cell temperature (cf) using a computer through calculating the homogenous heat equation, and 

exchanging the equation with the environment. This is given in the following Equation. (1) 

𝐶𝑇
𝑑𝑇

𝑑𝑡
= - 

𝑇−𝑇𝑎

𝑅𝑇
 +𝑝𝑠(1) 

 

The T is the temperature of the inner cell in oC, the above equation. Ta stands for the ambient 

temperature inoC. CT stands for the heat capacitance. PS is the power dissipated. RT is the 

convection resistance. If one applies the Laplace transformation, then it will lead to Equation 

(2). 

 

T(s) = 
𝑃𝑠 𝑅𝑇+ 𝑇𝑎

1+ 𝑅𝑇𝐶𝑇 𝑆
 (2) 

 

 

In this Equation (2), S is the Laplace transform variable, Ps (power dissipated inside the cell) 

= W, RTthe convention resistance= W1 m-2 K-1  ̧ Ta(ambient temperature)=oC, CT(heat 

capacitance) = Jm-3K-1
. 

Figure 6: The Block Diagram of Battery Model. 
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The P different Points were constructed, to determine the parameters for a given temperature, 

from the look up tables for each component in the circuit. The calculation uses high and low 

SoC breakpoints. It is not possible to achieve the specific complexity and precision of the 

model parameters without the value of P being appropriate. The study used Simulink Design 

Optimization to estimate the parameter. An ideal source of current and voltage sensor utilized 

in a basic charging circuit model was used to permit estimation by associating it with 

theSimscapeTM ECM. The estimation was machine driven since the parameter estimation 

capability of the command line was used. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The study run the plus discharge curve of each involved temperature on a one on one basis. 

This resulted to Look-Up tables that had one-dimensional vs. SoC at every temperature of the 

4 parameters. The study used Simulink Style Optimization to generate these Lookup tables. At 

the same time, the study used the simulation results to analyze the experimental data. The study 

used the least square algorithmic for the program nonlinear technique. In order to decrease the 

overall square error, the study used the algorithmic program to compute the incline of error 

taking into consideration all the Px4. This is explained in the following Figure 8. 

 

Figure 7:SimscapeTMCharging Circuit.  
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The four groups of record that categorizes the cell chemistry under consideration can be 

developed by having the process repeated for the H different temperatures. These are Em (SoC, 

T), R0 (SoC, T), R1 (SoC, T), and C1. Two Lookup dimensional tables are created from the 

addition of these values to a linear interruption procedure. Using the simulation phase, it is 

possible to resolute the value of the elements equivalent circuit using the two-dimensional 

Lookup tables.  

3.2 The Event-Driven Data Acquisition 
 

The traditional BMSs employ the fixed rate Analog to Digital Converters (ADCs) and their 

operation is governed by the Nyquist sampling and processing theory[3],[9],[7]. Thus, design 

parameters of these systems are selected for the most noticeably awful case[4]. In this manner, 

within the case of moo movement arbitrary signals like battery voltage, and battery current such 

systems are not efficient [7]. In this context the event-driven ADCs (EDADCS) are 

employed[9],[46]. They are founded on the basis of the Event-Driven Sampling (EDS) and can 

alter their sampling frequency as a function of the incoming signal disparities[4]. A sample is 

taken just after the input band limited analog signal x(t) crosses one of the predefined thresholds. 

Therefore, samples are non-uniformly divided in time. The frequency of the taken samples is 

Figure 8: Flow Diagram of the Parameter Estimation Procedure. 
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dependent on the x(t) variations [4]. The process can be mathematically presented by Equation 

(3).  

     𝑡𝑛= 𝑡𝑛−1+𝑑𝑡𝑛(3) 

 

In Equation (3), dtn is the time distance between the current, tn, and the previous, tn-1, sampling 

instants. In the case of EDS, each sample is a pair of (xn, tn) of an amplitude xn and a time tn. 

xn is obviously equivalent to one of the predefined thresholds and tnis clear from Equation (3). 

 

The solution that is proposed in the article is the use of EDADCs to acquire battery parameters, 

which depends on the event driven sampling (EDS), phenomenon. In event driven sampling, 

one takes a sample as soon as the input analog signal x(t), goes beyond a given threshold. The 

samples are collected in real time and are therefore not spread out at even intervals. The 

samples are collected depending on the time that x(t) crosses the given threshold hence the 

uneven intervals between the signals. This is shown in the Figure 9. 

 

 

Figure 9: Event-Driven Sampling (EDS) Process. 

 

When chosing the set of levels it is important to ensure that the lelves span the analog signal 

amplitude range Δx(t). In the above figure, one can see that it is possible to have thresholds 

that are equally spaced. The quantum q separates the equally spaced thresholds. Nonetheless, 

it is important to note that it is possible to space the thresjholds logarithmically or using any 
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other distribution. In addition it is possible to realize the thresholds in a time-variant manner 

[43]. 

In an event driven sampling, every sample can be defined as a pair of (Xn, tn), where tn is the 

time, and xn is the amplitude. One of the levels defines the Xn. in the EDS, tn is the current 

sampling that has been prepared, tn-1 is the immediate previous samplign prepared, and dtn is 

the time between tn-1 and tn. t1 and dt1 are equal to zero.  

3.3Event- Driven Battery Management 

 
The principle of event-driven battery management system is shown in Figure 10. It is 

composed of two main units namely measurement and safety respectively. Using the event-

driven measurements, battery parameter acquisitions such as current, voltage, and temperature 

are realized. Monitoring of battery voltage and current is one of the most critical elements 

influencing the BMS output[4]. It prevents overloading and discharging of the battery, which 

can result in a fast-aging or even a battery blast. Battery parameters such as  

current, voltage and temperature acquisitions are achieved using event-driven steps. 

Monitoring of battery voltage and current is one of the most critical elements influencing the 

BMS output[4]. 

 

 

 

 

 

 

 

 

 

 

Figure 10: Battery State Estimation and Safety Diagram. 

The modules used for measuring and acquiring safety data depend on the event EDADCs. The 

EDADCs are based on the sampling of a threshold crossing. The event-based acquisition is 
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sample is taken immediately after one of the predefined thresholds is crossed by the input band 

minimal analog signal. 

3.4Event- Driven Voltage Base Method 
 

The voltage base method is a State of Health (SoH) estimation method that can be performed 

both online and offline. In this approach, the voltage values are used to estimate the state of 

health. The voltage waveform of each cell in a battery system is measured in real time. The 

voltage base is an estimation method that conducts several high precision laboratory tests in 

order to determine the relationship between the targeted cell voltage and that State of Health. In 

order to predict the State of Health accurately the rated capacity and model parameters of the 

cell are utilized to monitor the real time relationship between the battery voltage and its state of 

charge (SoC). It is conducted for different life spans of the considered cell and for various 

charging/discharging time spans [38]. Onward the estimated SoC is utilized to compute the 

depth of discharge (DoD) and finally the calculated SoC and DoD values are used to compute 

the SoH. It is among one of the most effective approaches of separately determining the SoH of 

all cells in a battery pack. It is frequently employed in real life and cost-effective systems. To 

attain better precision, in [26] an extension of this approach is presented. It employs the 

transformation function and non-linear least square method to determine the SoH of each cell. 

It is achieved by integrating the help of the electrochemical model (ECM), and the Constant 

Current –Constant voltage charging/discharging concepts [26]. It was found that using this 

approach led to the estimation error of the State of Health at all stages of the battery life to be 

around5%. However, this precision is attained by compromising the processing load and power 

consumption overheads.   
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The block level diagram proposed for the battery pack is shown in Figure11. This reveals the Q 

Li-Ion cells make up the battery pack. 

 

 

 

 

The following Figure 12 is describing that how the system works with one Li-Ion cell. It starts 

with one cell parameters which is the voltage V1 and onwards use the reference ‘state of charge 

(SoC) vs Voltage lookup table’ to determine the SoC of that cell corresponding to the captured 

cell voltage sample. Then from estimated SoC, the Depth of Discharge (DoD) estimator is 

going to compute the DoD. Onwards the computed values of SoC and DoD are utilized to 

estimate the SoH for the acquired cell voltage sample. The same procedure is repeated for each 

cell and what is happening for one Li-Ion cell is happing for the case of all other cells in the 

battery pack. 

 

Figure 11: Event- Driven Voltage Base System Block Diagram for Battery Pack. 

Figure 12: Event- Driven Voltage Base System Block Diagram for One Cell. 
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The component level schematic of the employed EDADC in this case for one cell is shown in 

Figure 13. In simplest realization it employs 32 comparators and one 32to-5-linepriority 

encoder. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The SoC of a cell is its remaining capacity and it can be determined by using a discharge test 

under controlled conditions. The voltage approach converts cell voltage readings to an 

equivalent SoC value by using the reference cell's ‘voltage vs. SoC lookup Table. However, 

due to the electrochemical kinetics and temperature of the battery, the voltage is affected more 

strongly by the battery current. This approach can be made more effective by compensating 

the voltage reading by a correction term proportional to the current of the battery 

The voltage base SoH estimation is an extensively used concept for real time SoH estimation. It 

is a simple approach and calculates the SoH of the intended cell periodically by first estimating 

its instantaneous SoC using the predetermined voltage vs SoC curve. Afterward, the computed 

SoC is employed to determine the instantaneous DoD and then both computed DoD and SoC are 

used to compute the instantaneous SoH value [4], [5], [7] and [16]. 

 

Figure 13: EDADC component level diagram 
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3.4.1 The Classical Approach 

 

In classical case, the sampled version of battery voltage, 𝑉𝑚(𝑡), can be calculated as 𝑉𝑚𝑠(t) =

∑ Vm(nLs)
∞
n=0 = ∑ 𝑉𝑚𝑛

∞
n=0 .  Where, LS=1/FS is the sampling step [5], [6].  

For SoH estimation, a reference lookup table voltage vs. SoC is employed [7], [15], [16]. Let 

the employed voltage and SoC sets are respectively SV={V1, V2, …, VQ} and SSoC={SoC1, 

SoC2,…, SoCQ}. Here, P is the length of these sets. For each incoming sample of the battery 

voltage 𝑉𝑚𝑛 , P magnitude comparisons are made between the 𝑉𝑚𝑛  and the SV. The 

comparator outcome is used to determine the instantaneous SoC of the intended battery pack 

cell. If 𝑉𝑚𝑛=V1, then the SoC value is estimated as SoC1. However, if 𝑉𝑚𝑛=V2, then the SoC 

value is estimated as SoC2. The process is similar for the remaining elements of SV. The Depth 

of Discharge (DoD) is calculated by using Equation(4). Onward, the SoH is estimated by using 

Equation (5). 

 

𝑆𝑜𝐶 = 1 − DoD.    (4) 

𝑆𝑜𝐶 = SoH − DoD.    (5) 

3.4.2 The Event-Driven Approach 

 

In this case, the sampled version of 𝑉𝑚(𝑡) can be mathematically presented as 𝑉𝑚𝑠(𝑡) =

∑ (𝑉𝑚𝑛
∞
𝑛=0 , 𝑡𝑛) . Where, 𝑉𝑚𝑛  is the magnitude of nth level-crossing sample and 𝑡𝑛  is its 

corresponding time instant. In this case, a LCADC with P thresholds is utilized. It is based on 

the uniform quantization approach and the magnitude of levels is selected equal to the elements 

of SV. In contrast to the classical voltage vs. SoC based SoC estimation, in this case there is no 

need to periodically monitor values of 𝑉𝑚(𝑡). The SoC estimation mechanism only activates 

once the 𝑉𝑚(𝑡) crosses one of the predefined P thresholds. In case if 𝑉𝑚𝑛=V1, then the SoC 

value is estimated as SoC1. However, if 𝑉𝑚𝑛=V2, then the SoC value is estimated as SoC2. The 

process is similar for the remaining elements of SOCV. 

The Depth of Discharge (DoD) is calculated by using Equation (4). Onward, the SoH is 

estimated by using Equation (5). 
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3.5Event- Driven Coulomb Counting Method 
 

The State of Health (SoH) is one of the most important parameters for Li-Ion batteries. It allows 

the evaluation of the current state of health. To confirm the battery-based systems ' stable 

operation, a precise and robust estimation method is required to determine the SoH. It informs 

the user when to replace the battery [6].  

 

 

Event- Driven Coulomb Counting Based System Block Diagram for one cell is shown in 

Figure 15. The system starts with measuring current and voltage for Li-Ion Battery, as the 

EDADC is different for current (I) & volt (V) in resolution. We are accumulating the current 

samples and using the output to compute the state of charge (SoC) and depth of discharge 

(DoD) and use these two of values to compute instantaneous SoH. Also, measuring the other 

parameters which is voltage and using for the calibration by using the OCV- SoC reference 

lookup table.  The same process is repeated for each cell in the battery pack. 

 

 

 

 

 

 

 

Figure 15: Event- Driven Coulomb Counting Based System Block Diagram for one cell. 
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The component level schematic of the employed EDADC for current acquisition for one cell 

in this case is shown in Figure 16. It has 32 comparators and 32 to 5- line priority encoder. 

 

 

Figure 16: EDADC component level diagram for current acquisition for one cell 

 

Most of the data acquisition modules deal with the voltage signal. In this context, the cell 

current is firstly transformed into voltage and then acquired. The process is clear from Figure 

16. The current from the cell 1 is converted into voltage through the transimpedance current to 

voltage converter and the output voltage is then acquired by the 56Bit resolution uniform 

EDADC. 

Measurement of the lithium-ion state of charge (SoC) by coulomb counting allows for a 

measurement error of around3%, which gives a very accurate indication of the remaining 

energy in the battery [32]. Unlike the voltage-based process, Coulomb counting is independent 

of changes in battery power (which cause decreases in battery voltage), and accuracy remains 

constant regardless of battery usage. 
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The component level schematic of the employed EDADC for voltage acquisition in this case 

is shown in Figure 17. It has 7 comparators with non-uniform reference voltages and one 8to 

3- line priority encoder. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17: EDADC component level diagram for voltage acquisition 

 

The calculation of the SoC of a Li-ion battery using the method developed is based on 

monitoring of both voltage and current of each cell in the battery pack. The operation mode of 

the battery is recognized by the direction of the current through the battery system. When the 

battery is in an open circuit mode, I =0, The information required for the monitoring is the 

calculation of the voltage of the battery and the current that flows through it. Coulomb counter 

is used to monitor the SoC when charging, discharging and self-discharging of batteries. The 

sum of charges received during an operating cycle is a temporary integration of a determined 

charging / discharging current. To evaluate the proposed real time parameters identification 

this is performance by terminal voltage estimation accuracy of the dynamic model. On the 

other hand, use the OCV estimation to infer battery SoC with OCV-SoC lookup table.  
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Coulomb counting is one of the most frequently used techniques to determine SoH in real time. 

Although it is computationally efficient, one of its limitations is that it does not take into 

account the parasitic effects of the cell and the current of the cell itself. [5], [6]. To counter this 

limitation, periodic error compensation is performed [5], [9]. The SoC – OCV curve is used to 

calibrate the estimated SoH[5], [6]. A cell's maximum load capacity is determined among other 

factors by average discharge current, internal cell temperature, storage time and discharge time. 

[5]. The Cell capacity, 𝐶𝑟𝑎𝑡𝑒𝑑,can be expressed as 𝐶𝑟𝑎𝑡𝑒𝑑 = 𝐶𝑟𝑎𝑡𝑒𝑑(𝐼, 𝑇). Here, I is considered 

as the charge/discharge current and T is the inner cell temperature. 

 

3.5.1 The Classical Approach 

 

Classically, the sampled version of Im can be presented as 𝐼𝑚𝑠(𝑡) = ∑ 𝐼𝑚(𝑛𝐿𝑠)
∞
𝑛=𝑜 . Here, 

LS=1/FS is the sampling step and it remains unique regardless of the signal temporal variations 

[9], [4]. The choice of FS is made according to the Nyquist sampling criterion.   

By assuming that at t=0 the cell is fully charged, the released charge, Creleased, between the time 

interval [t0; t1] seconds can be computed as 𝐶𝑟𝑒𝑙𝑒𝑎𝑠𝑒𝑑 = ∑ 𝐼𝑚(𝑛𝐿𝑠)
𝑛=𝑁=𝑡1×𝐹𝑠
𝑛=0 . 

 

The battery SoH is examined by using the Depth of Discharge (DoD). The DoD can be 

calculated as 𝐷𝑜𝐷 =
𝑪𝒓𝒆𝒍𝒆𝒂𝒔𝒆𝒅

𝑪𝒓𝒂𝒕𝒆𝒅
. Charging and discharging efficiency is used to compensate DoD 

in every cycle of charge and discharge. In addition, recalibration based on SoC-OCV is 

performed to remove the cumulative effect. 

The SoC and SoH can be respectively calculated by using Equations (6) and (7). 

𝑆𝑜𝐶 = 1 − DoD (6)   𝑆𝑜𝐶 = SoH − DoD (7) 

 

For calibration, a sampled version of the reference SoC-OCV correlation curve is stored in a 

lookup table [5], [6], [7]. Let the employed OCV and SoC sets are respectively SOCV={OCV1, 

OCV2, …, OCVP} and SSOC={SoC1, SoC2, …, SoCP}. Here, P is the length of these sets.  

 

The battery voltage Vb(t) is sampled, the process can be mathematically presented as 𝑣𝑏𝑠(𝑡) =

∑ 𝑉𝑏(𝑛𝐿𝑠)
∞
𝑛=𝑜 . For each incoming sample Vbn, P magnitude comparisons are made between 

the Vbn and the SOCV. The comparator outcome is used for the calibration purpose. If 
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Vbn=OCV1, then the estimated SoC value is calibrated as SoC1. However, if Vbn=OCV2, then 

the estimated SoC value is calibrated as SoC2. The process is similar for the remaining elements 

of SOCV. 

3.5.2 The Event-Driven Approach 

 

In the suggested method, the sampled version of Im can be presented as  

𝐼𝑚𝑠(𝑡) = ∑ (𝐼𝑚𝑛
∞
𝑛=𝑜 , 𝑡𝑛). 

The Creleased, between the time interval [t0; t1] seconds can be computed as 𝐶𝑟𝑒𝑙𝑒𝑎𝑠𝑒𝑑 =

∑ 𝐼𝑚𝑛
𝑛=𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡
𝑛=0 × 𝛼𝑛 . Here, NED-Current are the number of event-based samples occur 

between the time interval [t0; t1] seconds. Because of the non-uniform repartitioning of 

samples, a multiplication with αn is performed in order to achieve a proper area under the curve 

approximation. αn is a multiplication factor derived from dtn. After calculatingthe Creleased, the 

SoH can be calculated by using Equation (7). 

 

For the SoC calibration a novel approach is employed. It is based on placing the reference 

thresholds with values, exactly equal to the elements of SOCV. In total P thresholds are placed 

within the whole magnitude dynamics of the battery voltage Vb(t). The battery voltage Vb(t) 

sampling process can be mathematically presented as 𝑉𝑏𝑠 (t) = ∑ (𝑉𝑏𝑛
∞
𝑛=𝑜 , 𝑡𝑛).The classical 

calibration process of SoC-OCV, there is no need in this case to periodically sample Vb(t) 

values and compare each incoming sample with SOCV elements. The calibration mechanism 

only activates once the Vb(t) crosses one of the predefined thresholds, realized by employing 

P discriminators. On the occurrence of each threshold crossing a voltage sample is registered, 

and a calibration decision is performed. 

3.6Evaluation Measures 

3.6.1The Computational Complexity of Voltage Based Approach 

 

Classical approach's arithmetic complexity is straight for calculation. Let's concentrate on a 

single cell scenario. Afterwards, the arithmetic complexity of the entire battery pack can be 

obtained by simply multiplying the complexity of the single cell with Q. Here, Q is count of 

cells employed in a battery pack. Let FsV be the sampling frequency in the system for the 

acquisition of the cell voltage. Then, for a considered time length LT the acquired number of 
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current samples M can be calculated as 𝑀 = 𝐹𝑠𝑉 × 𝐿𝑇. In conventional case, the SoC-OCV 

based SoC estimation requires M×P comparisons, for the worst-case consideration. Calculation 

of DoD necessities M subtractions. Finally, the SoH can be calculated by performing M 

additions. Therefore, the overall computational complexity of the SOH estimation processes 

can be calculated by using Equation (8). 

 

𝐶𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙  = 𝑀⏟
𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠

+ 𝑀⏟
𝑆𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

+ 𝑃 ×𝑀⏟  
𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑠

 (8) 

 

Let NED-Voltage is the count of voltage samples obtained in the devised solution. Then for a 

single battery cell the event-driven SoH algorithm performs NED-Voltage×P comparisons, for 

the worst-case consideration. Calculation of DoD necessities NED-Voltage subtractions. 

Finally, the SoH can be calculated by performing NED-Voltage additions. Therefore, the 

overall computational complexity of the designed solution can be calculated by using Equation 

(9). 

 

𝐶𝐸𝑣𝑒𝑛𝑡−𝐷𝑟𝑖𝑣𝑒𝑛  = 𝑁𝐸𝐷−𝑉𝑜𝑙𝑡𝑎𝑔𝑒⏟      
𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠

+ 𝑁𝐸𝐷−𝑉𝑜𝑙𝑡𝑎𝑔𝑒⏟      
𝑆𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

+ 𝑃 × 𝑁𝐸𝐷−𝑉𝑜𝑙𝑡𝑎𝑔𝑒⏟          
𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑠

(9) 

 

3.6.2 The Computational Complexity of Coulomb Counting Approach 

 

The arithmetic complexity of the classical approach is straight forward to compute. Let 

FsIandFsV be respectively the sampling frequencies in the system for the acquisition of the cell 

current and the cell voltage. Then, for a considered time length LT the acquired number of 

current samples N and voltage samples M can be respectively calculated as 𝑁 = 𝐹𝑠𝐼 × 𝐿𝑇 and 

𝑀 = 𝐹𝑠𝑉 × 𝐿𝑇. 

 

In classical case, the coulomb counting algorithm performs N additions to compute Creleased. 

The computation of SoH requires N divisions, N subtractions and N additions. The SoC-OCV 

calibration process performs M×P comparisons, for the worst-case consideration, for making 

the calibration decisions.  

Therefore, the overall computational complexity of the coulomb counting and SoC-OCV 
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calibration processes can be calculated by using Equation (10). 

 

𝐶𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙  = 2𝑁⏟
𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠

+ 𝑁⏟
𝐷𝑖𝑣𝑖𝑠𝑜𝑛𝑠

+ 𝑁⏟
𝑆𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

+ 𝑃 ×𝑀⏟  
𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑠

(10) 

 

For the case of devised solution, the sampling frequency is not unique, and it adapts as a 

function of the input signal temporal variations [4]. Therefore, for LT the acquired number of 

samples for a cell voltage and current can be different[9], [46]. Let NED-Current and NED-Voltage 

are respectively the number of current and voltage samples obtained in the devised solution. 

Then for a single battery cell the event-driven coulomb counting algorithm performs NED-Current 

additions and NED-Current multiplication to compute Creleased. The computation of SoH requires 

NED-Current divisions, NED-Current subtractions and NED-Current additions. The event-driven SoC-

OCV calibration process performs NED-Voltage×Pcomparisons, for the worst-case consideration, 

for making the calibration decisions. Therefore, the overall computational complexity of the 

event-driven coulomb counting and the event-driven SoC-OCV calibration processes can be 

calculated by using Equation (11). 

 

While comparing Equations (10) and (11), it is clear that the CEvent-Driven has the operation of 

multiplication which is not employed in the Cclassical. Therefore, in order to make CEvent-Driven 

comparable with Cclassical, it is assumed that the complexity of a multiplication operation is 

equal to that of a division operation[7]. Following this assumption, the Equation (11) is updated 

as Equation (12). 

 

𝐶𝐸𝑣𝑒𝑛𝑡−𝐷𝑟𝑖𝑣𝑒𝑛  = 2𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠

+ 𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑐𝑞𝑡𝑖𝑜𝑛𝑠

+ 𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝐷𝑖𝑣𝑖𝑠𝑜𝑛𝑠

+ 𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡 ⏟        
𝑆𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

 + 𝑃 × 𝑁𝐸𝐷−𝑉𝑜𝑙𝑡𝑎𝑔𝑒⏟          
𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑠

(11) 

 

𝐶𝐸𝑣𝑒𝑛𝑡−𝐷𝑟𝑖𝑣𝑒𝑛  = 2𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠

+ 2𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝐷𝑖𝑣𝑖𝑠𝑜𝑛𝑠

+ 𝑁𝐸𝐷−𝐶𝑢𝑟𝑟𝑒𝑛𝑡⏟        
𝑆𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

 + 𝑃 × 𝑁𝐸𝐷−𝑉𝑜𝑙𝑡𝑎𝑔𝑒⏟          
𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑠

(12) 
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3.6.3The SoH estimation error 

 

The proposed solution SoH estimation error is calculated by using a reference High precision 

SoH estimator. To achieve appropriately high accuracy the reference system acquires the 

concerned Li-Ion cells voltages and currents with a 16-Bit resolution ADC and at a sampling 

frequency of ≥10-kHz. Let 𝑆𝑜𝐻𝐸𝐷𝑛 be the nth SoH value estimated by the suggested solution 

and 𝑆𝑜𝐻𝑛be the corresponding nth SoH value estimated by the reference estimator. Then, the 

mean percentage SoHestimation error (MPSoHE) can be calculated by employing Equation 

(13). 

 

𝑀𝑃𝑆𝑜𝐻𝐸 = [
1

𝑁𝐸𝐷
∑ |

𝑆𝑜𝐻𝑛−𝑆𝑜𝐻𝐸𝐷𝑛

𝑆𝑜𝐻𝑛
|

𝑁𝐸𝐷
𝑛=1 ]    × 100% (13) 

 

 

 

When you implement algorithm on a circuits level there is suitemate the state of health intimate 

approximation of different mathematical operation in terms of addition & subtraction. 

 

The sampling frequency is not unique for event-driven sensing, and it adapts as a function of 

the temporal input signal variations [3]. Therefore, the acquired number of samples can be 

different for a considered time period, LT, and are a function of the EDADC resolution. Let 

NED be sample count. So the gain in compression, GCOMP, can be calculated using Equation 

(14). 

𝐺𝐶𝑂𝑀𝑃 = 
𝑁

𝑁𝐸𝐷
        (14) 
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CHAPTER 4 

RESULTS 

4.1 First Case Study: 

 

In this case study a high-power Li-Ion cell model is employed to demonstrate the interesting 

features of the proposed technique [7], [18]. Its rated capacity Crated is 31AH at ambient 

temperature of 25oC.The ECM is created by using the SimscapeTM blocks and SimscapeTM 

language [19]. In this study the proposed event-driven voltage-basedSoH estimator is 

employed. Outcomes of this case study are presented by Qaisar and Maram in [50]. 

An impulsive discharge current profile is used for conducting this study [20]. In the beginning 

a charge current is applied in order to overcome any SoC loss because of the parasitic losses 

and cell aging. Then it is gradually discharged by employing an impulsive profiled discharge 

current.  

The cell voltage is acquired by using a 5-Bits resolution, uniform quantization based LCADC. 

The reference voltages of these discriminators are respectively adjusted as V1, V2, …,V32. In 

this case, for the considered time span of 11.11 hours total 143 voltage samples are acquired 

by the EDADC. Example of the voltage curve acquired with a 5-Bit resolution uniform 

EDADC is shown in Figure 18.  

 

 

 

 

 

 

 

 

 

 

 

Figure 18: Example of the cell voltage acquired with a 5-Bit resolution uniform quantization based 

EDADC. 
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These results are compared in contrast to the classical approach. In classical approaches, the 

Li-Ion cell voltage is acquired with 12-bit resolution ADC to ensure a proper SoH estimate. 

The acquisition rate is chosen as 16.66mHz [4], [5]. In fact, a lowest possible value of FsV is 

chosen in order to keep the system efficient. 

For FsV=16.66mHz, the considered cell voltage measurement time span of 11.11 hours resulted 

into M=667 cell voltage samples. However, in the proposed approach the total number of 

sampled data points are much lower and are NED-Voltage=143. It shows a drastic real-time 

compression gain, reduction in acquired number of samples. Additionally, it demonstrates a 

notable computational efficiency, reduction in the number of operations, of the proposed 

approach as compared to the counter classical one. The findings are outlined in Tables 1 and 

2. 

 

Table 1: Summary of the Proposed System Compression Gain Over the Classical One. 

 

 

 

 

 

 

 

 

Table 2: Summary of the Proposed System Processing Gain Over the Classical One. 

 

Gain in  

Additions 

Gain in  

Subtractions 

Gain in  

Comparisons 

4.7 
 

4.7 

 

4.7 

 

 

 

 

 

 

 

 

 

Li-Ion Cell Parameter Voltage 

Time Span 

(Hours) 

 

11.11 

Compression Gains 4.7 
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Tables 1 and 2, show the notable compression and processing gains of the devised solution 

as compared to the traditional counterparts. It is achieved by intelligently employing the level-

crossing sensing and processing mechanisms for the intended application. It allows focusing 

and acquiring only the pertinent signal information at adaptive sampling rates, piloted by the 

signal itself, and therefore attains a significant real-time compression gain and the processing 

load reduction while real-time estimating and calibrating the cell SoH respectively via the 

Coulomb counting and the SoC-OCV curve-based algorithms. Besides these advantages the 

suggested method can compromise the SoH estimation precision. In this framework, the 

proposed solution SoH estimation error is computed. The SoH curves, obtained with the 

reference estimator, the classical estimator and the proposed event-driven estimator are 

respectively presented in Figure 19. The MPSoHEs are calculated by using Equation (13). It 

results into a 3.1% MPSoHE for the classical estimator and a8.9% MPSoHE for the event-

driven estimator. It assures that besides achieving a 10.4-fold gains in terms of data 

compression, additions, subtractions and comparisons, over the counter conventional equal, 

the achieved SoH estimation precession of the suggested solution is also quite comparable with 

the classical and the reference estimator. Furthermore, in the suggested solution the employed 

LCADCs are of much lesser resolutions. It confirms a significantly simpler hardware in the 

proposed solution compared to the traditional counterparts [5], [6]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 19: The Li-Ion Cell SoH Curve Respectively Estimated by the Reference Estimator (black), 

the Conventional Estimator (red) and the Event-Driven Estimator (blue). 
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In the Voltage Base method, we choose this resolution because with simulations we confirmed 

that this resolution is the optimal outcome. Further, increase in resolution will make the circuit 

more complex and it will generate more information process but as the end there is no 

significant gain in term of pression.  

 

4.2 Second Case Study: 

 

In this case study a Li-Ion cell model of the SAFT VL-30P chemistry is employed. Its rated 

capacity Cratedis 30AH.The ECM is created by using the SimscapeTM blocks and SimscapeTM 

language [51]. In this study the proposed event-driven Coulomb counting-basedSoH estimator 

is employed. The outcomes of this work are presented by Qaisar and Maram in [52]. 

 

An impulsive discharge current profile is used for conducting this study. In the beginning a 

charge current is applied in order to overcome any SoC loss because of the parasitic losses and 

cell aging. Then it is gradually discharged by employing an impulsive profiled discharge 

current.  

 

The current waveform is acquired by a 5-Bit resolution uniform quantization based EDADC. 

The EDADC amplitude dynamics is selected between [-29; 7]A. Therefore, it results in a 

unique quantum q=1.16A. The EDADC output is shown in Figure 20. In this case, for the 

considered time span of 11.11 hours total 718 current samples are acquired by the EDADC. 

The reference SoC-OCV curve values obtained with a precise experimentation [5] are stored 

in Lookup Tables. In this case, each set, SSOC and SOCV is composed of seven elements, which 

are summarized in Table 3. 

 

The cell voltage is acquired by using a 2.8-Bits resolution, non-uniform quantization based 

EDADC. The reference voltages of these discriminators are respectively adjusted as OCV1, 

OCV2, …,OCV7. In this case the quantum is not unique and varies based on the selected 

magnitude distance among the consecutive thresholds. The EDADC output is shown in Figure 

21. In this case, for the considered time span of 11.11 hours total 89 voltage samples are 

acquired by the EDADC. 
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Table 3: The Reference Parameters. 

 

 

 

 

 

SOCV OCV1 OCV2 OCV3 OCV4 

Volts (V) 4 3.9 3.81 3.62 

SSOC SoC1 SoC2 SoC3 SOC4 

(%age) 100 90 75 50 

SOCV OCV5 OCV6 OCV7  

Volts (V) 3.52 3.38 3.32  

SSOC SoC5 SOC6 SOC7  

(%age) 25 10 0  

Figure 20: TheVL30P Cell Charge/Discharge Current Acquired with a 5-Bit Resolution uniform 

EDADC. 
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Figure 21: The VL30P Cell Voltage Acquired with a 2.8-Bit Resolution Non-uniform EDADC. 

 

 

These results are compared with the classical case. In order to assure a proper SoH estimation, 

by following the industrial standard, in classical sampling-based approaches the Li-Ion cell 

current and voltage are acquired with12-Bit resolution ADCs. The acquisition rate for current 

is chosen as FsI=1kHz[3], [5], [9]. Depending on the application, for the calibration purpose 

the cell voltage is acquired with a sampling frequency between [16.6mHz; 1kHz] [3], [9]. In 

this case the voltage is acquired at the rate of FsV=16.66mHz. In fact, a lowest possible value 

of FsV is chosen in order to keep the system computationally efficient.For FsI=1kHz and 

FsV=16.66mHz, the considered cell voltage and current measurement time span of 11.11 hours 

will respectively result into N=40 million-samples for the cell current and M=667 samples for 

the cell voltage. However, in the proposed approach the total number of sampled data points 

are much lower and are respectively NED-Current=719 for the cell current and NED-Voltage=89 for 

the cell voltage. It shows a drastic real-time compression gain, reduction in acquired number 

of samples, and computational efficiency, reduction in the number of operations, of the 



64 

 

proposed approach as compared to the counter classical one. The results achieved are 

summarized in Tables 4 and 5. 

Tables 4 and 5, show that for the studied case the compression gains are respectively 55.63x103 

times and 7.5 times for the cell current and the cell voltage. Here, the compression gains are 

calculated by computing the ratios between the acquired number of samples in the classical 

case and in the proposed solution. The gains in additions, divisions, subtractions and 

comparisons are calculated by employing Equations (10) and (12). These remarkable gains are 

achieved by intelligently employing the event-driven sensing and processing mechanisms for 

the intended application. It allows focusing and acquiring only the pertinent signal information 

at adaptive sampling rates, piloted by the signal itself, and therefore attains a significant real-

time compression gain and the processing load reduction while real-time estimating and 

calibrating the cell SoH respectively via the Coulomb counting and the SoC-OCV curve-based 

algorithms. 

 
Table 4: Summary of the Proposed System Compression Gain Over the Classical One. 

 
 

 

 

 

 

 

 

 

 
Table 5: Summary of the Proposed System Processing Gain Over the Classical One. 

 

Gain in 

Additions 

Gain in 

Divisions 

Gain in 

Subtractions 

Gain in 

Comparisons 

55.63×103 
27.95×103 55.63×103 7.5 

 

The above results demonstrate a significant compression gain and processing efficiency of the 

suggested solution compared to the classical one. It is mainly achieved by employing the event-

Li-Ion Cell Parameter Current Voltage 

Time Span 

(Hours) 

11.11 11.11 

Compression Gains 55.63×103 7.5 
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driven sensing mechanism along with an application dependent reference thresholds placement 

[9], [46]. It allows acquiring only the pertinent information at globally sub-Nyquist average 

sampling rates in the case of proposed solution and therefore renders a significant reduction in 

the collection of acquired samples and thus a noticeable reduction in the post processing 

modules complexity. However, besides all these benefits such an approach can compromise 

the SoH estimation precision. In this framework, the proposed solution SoH estimation error 

is computed. A reference SoH estimator is employed it acquires the cell current and voltage 

with 16-Bit resolution, uniform quantization-based ADCs at FsI=10kHz and FsV=1Hz. The 

SoC curves, obtained with the reference estimator, the classical estimator and the proposed 

event-driven estimator are respectively presented in Figure 22. 

 

The MPSoHEs are calculated by using Equation (13). It results into a 3.8% MPSoHE for the 

classical estimator and a 6.4% MPSoHE for the event-driven estimator. It assures that besides 

achieving a more than third order of magnitude gains in terms of data compression, additions, 

divisions, subtractions and comparisons, over the counter classical solution, the achieved SoH 

estimation precession of the suggested solution is also quite comparable with the classical and 

the reference estimator. Furthermore, in the suggested solution the employed EDADCs are of 

much lesser resolutions respectively 5-Bit and 2.86-Bit for the cell current and the cell voltage 

acquisition. However, in the classical case 12-Bit ADCs are employed to acquire the cell 

current and voltage. It assures a drastic reduction in the system hardware level complexity 

compared to the traditional counterparts [9], [4]. 

 

In the Coulomb Counting method, we choose this resolution for current and voltage signal 

because we have confirmed with simulation that this resolution is the optimal outcomes. Also, 

increase in resolution will make the circuit more complex and it will generate more information 

process.  
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Figure 22: The Li-Ion Cell SoHCurve Respectively Estimated by the Reference Estimator ‘___’, the 

Classical Estimator ‘-.-’ and the Event-Driven Estimator ‘--' 

 

4.3 Third Case Study: 

 

In this case study a Li-Ion cell model of the LiNixMnyCozO2 (NMC) chemistry is employed 

[7], [18]. In this study the proposed event-driven Coulomb counting-basedSoH estimator is 

employed. Findings of this study are presented by Qaisar and Maram in [53]. The rated 

capacity of the considered cell is 31AH at ambient temperature of 25oC.The ECM is created 

by using the SimscapeTM blocks and SimscapeTM language [19]. An impulsive discharge 

current profile is used for conducting this study [20]. In the beginning a charge current is 

applied in order to overcome any SoC loss because of the parasitic losses and cell aging. Then 

it is gradually discharged by employing an impulsive profiled discharge current.  

The current signal is acquired by a 4-Bit resolution uniform quantization based EDADC. In 

this case, for the considered time span of 11.11 hours total 368 current samples are acquired 

by the EDADC. The reference SoC-OCV curve values obtained with a precise experimentation 

are stored in Lookup Tables. In this case, each set, SSOC and SOCV is composed of seven 

elements [7].    
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The cell voltage is acquired by using a 2.8-Bits resolution, non-uniform quantization based 

EDADC. The reference voltages of these discriminators are respectively adjusted as OCV1, 

OCV2, …,OCV7. In this case, for the considered time span of 11.11 hours total 73 voltage 

samples are acquired by the EDADC. 

These results are judged against the classical approach. In order to assure a proper SoH 

estimation, in classical approaches the Li-Ion cell current and voltage are acquired with 12-Bit 

resolution ADCs. The acquisition rate for current is chosen as FsI=1kHz [4], [5]. For the 

calibration purpose the cell voltage is acquired at the rate of FsV=16.66mHz [4], [5]. In fact, a 

lowest possible value of FsV is chosen in order to keep the system efficient. 

For FsI=1kHz and FsV=16.66mHz, the considered cell voltage and current measurement time 

span of 11.11 hours will respectively result into N=40Mega-samples for the cell current and 

M=667 samples for the cell voltage. However, in the proposed approach the total number of 

sampled data points are much lower and are respectively NED-Current=368 for the cell current 

and NED-Voltage=73 for the cell voltage. It shows a drastic real-time compression gain, reduction 

in acquired number of samples. Additionally, it demonstrates a notable computational 

efficiency, reduction in the number of operations, of the proposed approach as compared to the 

counter classical one. The findings are outlined in Tables 6 and 7. 

 

Table 6: Summary of the Proposed System Compression Gain Over the Classical One. 

 

 

 

 

 

 

 

 

 

 

 

 

Li-Ion Cell Parameter Current Voltage 

Time Span 

(Hours) 

 

11.11 

 

11.11 

Compression Gains 108.7×103 
9.13 
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Table 7: Summary of the Proposed System Processing Gain Over the Classical One. 

 

 

Gain in 

Additions 

Gain in 

Divisions 

Gain in 

Subtractions 

Gain in 

Comparisons 

 

108.7×103 

 

54.4×103 
108.7×103 

 

9.2 

 

 

Tables 6 and 7, show the notable compression and processing gains of the devised solution as 

compared to the traditional counterparts. It is achieved by intelligently employing the event-

driven sensing and processing mechanisms for the intended application. It allows focusing and 

acquiring only the pertinent signal information at adaptive sampling rates, piloted by the signal 

itself, and therefore attains a significant real-time compression gain and the processing load 

reduction while real-time estimating and calibrating the cell SoH respectively via the Coulomb 

counting and the SoC-OCV curve-based algorithms. Besides these advantages the suggested 

method can compromise the SoH estimation precision. In this framework, the proposed 

solution SoH estimation error is computed. The SoH curves, obtained with the reference 

estimator, the classical estimator and the proposed event-driven estimator are respectively 

presented in Figure23.  

 

The MPSoHEs are calculated by using Equation (13). It results into a 3.4% MPSoHE for the 

classical estimator and a 7.2% MPSoHE for the event-driven estimator. It assures that besides 

achieving a more than third order of magnitude gains in terms of data compression, additions, 

divisions, subtractions and comparisons, over the counter classical solution, the achieved SoH 

estimation precession of the suggested solution is also quite comparable with the classical and 

the reference estimator. Furthermore, in the suggested solution the employed EDADCs are of 

much lesser resolutions. The findings are successfully logged on the cloud via 5G network. It 

is realized by using the MATLAB based “thingspeakwrite” function. The authenticity of the 

cloud-based log is confirmed with the MATLAB based “thingspeakread” function and data 

analysis. The cloud data is also accessed on smartphones with ThingView application. It allows 

the authorized users to access this data any time and everywhere. It confirms a significantly 

simpler hardware in the proposed solution compared to the traditional counterparts [5], [6].  
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4.4 Extended Results for a Battery Pack 

 

Li-ion cells as a single cell are not of much use on a large scale, however, they can be assembled 

into series, parallel or mixed configurations in order to achieve a battery capacity that is useful 

for application in large scale. Li-ion cells for use in large scale are expected to be in higher 

demand as business and governments move away from non-renewable sources of energy to 

renewable energy sources in a bid to reverse the damage that has been caused to the 

environment by non-renewable energy sources. Among renewable energy sources solar 

photovoltaic panels and wind mills are most frequently employed. However, none of these 

sources is a constant energy provider. In this framework, the Li-Ion batteries are the most 

frequently employed ones. 

 

The rising demand for sustainable energy power can be evidence from the rising demand in 

sustainable energy power in Germany, 30% of German homes using solar energy as according 

to [54]. This is a clear indication of the renewable energy revolution not only for Germany but 

Figure 23: The Li-Ion Cell SoH Curve Respectively Estimated by the Reference Estimator ‘___’, the 

Classical Estimator ‘-.-’ and the Event-Driven Estimator ‘--'. 
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for majority of current societies. For instance, countries are moving towards solar based energy 

and battery storage technology for homes and industries consider as a promising toward the 

reduction of environmental pollution, the utilization of clean energy sources, cheaper and 

practical energy solutions for the future. Factors like high electricity cost, climate change 

weighing heavy on customer’s conscience and the country's vast renewable sources [54]. This 

undertaking has raised attention toward energy storage systems and batteries utilizing 

renewable and conventional energy sources linked in the distribution system. As governments, 

organizations, and individuals shift to renewable energy sources, the demand for li-ion 

batteries will rise because, renewable energy sources do not produce constant amount of energy 

and there is a need to store the surplus energy so that it can be used during the time when the 

amount produced is low. An example is storing energy produced during the day from solar, 

using li-ion batteries, so that this stored energy can be used at night.  

 

Battery banks at homes perform as a conventional generator which is powered by fossil fuels 

such as natural gas, propane, gasoline, or diesel. Differ from a traditional generator, a battery 

backup system does not need to store fuel or buy it even is not relying on fuel delivery during 

an outage. When batteries paired with a solar array, the battery will be charged by PV’s 

generated output energy. In case batteries are not paired with the solar system, batteries will 

be charged from conventional grid.  

 

Batteries are typically rated in amp-hours (Ah) or kilowatt-hours (KWh). Typical examples of 

home batteries are between 2-kWh to 10-kWh. It is also important to know the battery relative 

capacity. It refers to the amount of energy DoD that can be safely drained from a battery before 

it needs to be recharged. It is typically 50% for lead acid batteries and is around 100% for the 

modern Li-Ion batteries. Additionally, the count of charge discharge cycles is also very 

important it can be typically 2000 for the lead acid batteries with an average life of 2-3 years 

and it is around 10000 for a Li-Ion battery with an average life of 10 years.  

 

Given this, the paper establishes a battery intended for use in a remote renewable energy 

empowered home which has an inconsistent and unpredictable load profile at an average value 

of 1.0kW. The study employs a high-power Li-ion cell model. The capacity of the cell is 30AH 
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at an average ambient temperature of 25oC. To create the ECM, the research utilizes 

SimscapeTM language and the SimscapeTM block.  

 

To create a battery that can provide a load of 1.0kW for 3 hours, the research combines 5 cell 

packs with a capacity of 750-Wh, this process is clear from Figure 24. Then 4 cell packs with 

a capacity of 3-kWh. The process is clear from Figure 25. 

 

 

 

 

Figure 24: A 5- cells pack. 
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Figure 25: The 20-cells battery pack. 

 

The current profile used, for conducting this study, is shown in Figure27. Such a load is in 

accordance with the load profiles of most of the typical appliances [32]. The voltage curve 

obtained at the output of the employed battery pack is shown in Figure 26.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 26: The battery pack voltage curve. 



73 

 

In the beginning a charge current is applied in order to overcome any SoH loss because of the 

parasitic losses and cell aging[18]. Then it is gradually discharged by employing an impulsive 

profiled discharge current[18]. The employed cell discharge current curve is clear from Figure 

27. The battery cells are connected in series, therefore a similar charge/discharge current flow 

through all of them. However, the voltages across cells can be specific as a function of their 

temperature and SoH[32]. The voltage curves of the first 5-cells pack are shown in Figure 28. 

These voltage curves can also be employed for the cell balancing of the battery pack[32]. 

However, in this study these voltage curves are used for monitoring the SoH of each cell in the 

employed battery pack.    

 

 

 

Figure 27: The battery pack charge/discharge current. 
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Figure 28: The voltage curves of a 5-cells pack. 

 

4.4.1 Voltage Based SoH Estimation 

 

In this case, the voltage of each cell is acquired by using a 5-Bit resolution uniform quantization 

based EDADC. Each EDADC is composed of thirty-two discriminators and a 5-Bit output 

priority encoder-based encoding logic. The reference voltages of these discriminators are 

respectively adjusted as V1, V2, …,V32.  

 

In this case, for the considered time span of 3 hours the total voltage samples which are 

acquired by EDADCs, for each cell in the battery pack, are shown in Figure 29. It shows that 

the lower and the upper limits on the number of samples, obtained in this case are respectively 

posed by 37 and 41 with an average of 38.9. 
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Figure 29: The number of cells voltages samples obtained with the EDADC. 

 

These results have to be compared with the classical case. In order to assure a proper SoH 

estimation, by following the industrial standard, in classical sampling-based approaches the 

Li-Ion cells voltages and current are acquired with 12-Bit resolution converters [6]. The 

FsV=16.66mHz is selected. Then for the considered time span of 3 hours it will result 180 

voltage samples for each cell.  

The number of obtained cells voltages samples, for each cell, are summarized in Figure 29. Let 

NED-Voltage_m, presents the obtained number of samples for each cell. Here, mϵ{1, 2, …, 20} and 

is indexing cells in the considered battery pack. Then the minimum, the maximum and the 

average compression gains in terms of the samples count of acquired cells voltages are 

respectively 4.5, 4.7 and 4.9 times. While considering all 20 cells, it results into a total 

compression gain of 97.6 times for all 20 cells.  

 

Achieved results in terms of gains in additions, subtractions and comparisons are summarized 

in Table 8. 
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Table 8: Summary of the proposed system processing gains in terms of the count of operations. 

 

Operation Min Gain Max Gain  Average Gain  Total Gain for 20 

Cells 

Addition 4.5 4.9 4.7 97.6 

Subtraction 4.5 4.9 4.7 97.6 

Comparison 4.5 4.9 4.7 97.6 

 

 

The MPSoHEs are calculated by using Equation (13). Similarly, the MPSoHEs are calculated 

for each cell of the employed battery cell, discussed in Section 3.6.3.For the case of event-

driven voltage-based estimator it results into the minimum, the maximum and the average 

MPSoHEs values for the considered 20 cells as 8.3%, 11.2% and 9.2%.Results are summarized 

in Table 9. 

Table 9: Summary of the proposed system results the minimum, the maximum and the average 

MPSoHEs values for the considered 20 cells. 

 

Min MPSoCE 

For 20 Cells 

MaxMPSoCE 

For 20 Cells 

Average MPSoCE 

For 20 Cells 

8.3% 11.2% 9.2% 

 

 

Average of the MPSoHEs obtained for the classical case is 4.5%. While comparing it with 

above results, it assures that besides achieving more than 4-fold gain in terms of data 

compression, additions, subtractions and comparisons, over the counter classical solution, the 

achieved voltage-based SoH estimation precession is also quite comparable with the classical 

and the reference estimator. Furthermore, in the suggested solution the employed EDADCs are 

of much lesser resolution, 5-Bit. However, in the classical case 12-Bit ADCs are employed to 

acquire the cell voltage. It assures a drastic reduction in the system hardware level complexity 

compared to the traditional counterpart.    
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4.4.2 Coulomb Counting Based SoH Estimation 

 

In this case, the voltage of each cell is acquired by using a 2.8-Bit resolution non uniform 

quantization based EDADC. Each EDADC is composed of seven discriminators and a 3-Bit 

output priority encoder-based encoding logic. The reference voltages of these discriminators 

are respectively adjusted as OCV1, OCV2, ,OCV7.  

The current is unique for each Li-Ion cell, as they are connected serially. It is acquired by a 5-

Bit resolution uniform quantization based EDADC. It is composed of thirty-two discriminators 

and a 5-Bit output priority encoder-based encoding logic. The EDADC amplitude dynamics is 

adjusted according to the dynamics of incoming current. In this case, for the considered time 

span of 3 hours total 188 current samples are acquired by the EDADC.      

The voltage of each cell is acquired for the SoC-OCV lookup table based SoC estimate 

calibration process and for monitoring of each cell SoC. These are acquired by using the 2.8-

Bits resolution, non-uniform quantization based EDADCs. Each EDADC is composed of 

seven discriminators and a 3-Bit output priority encoder-based encoding logic [11]. The 

reference voltages of these discriminators are respectively adjusted as OCV1, OCV2, …,OCV7.  

In this case, for the considered time span of 3 hours the total voltage samples which are 

acquired by EDADCs, for each cell in the battery pack, are shown in Figure 30. It shows that 

the lower and the upper limits on the number of samples, obtained in this case are respectively 

posed by 17 and 20 with an average of 18.8. 
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Figure 30: The number of cells voltages samples obtained with the EDADC. 

 

These results have to be compared with the classical case. In order to assure a proper SoH 

estimation, by following the industrial standard, in classical sampling-based approaches the 

Li-Ion cells voltages and current are acquired with 12-Bit resolution converters [30], [32]. The 

FsI=1kHz is chosen and the FsV=16.66mHz is selected. Then for the considered time span of 

3 hours it will result into N=10.8M-samples for the cell current. Moreover, 180 samples will 

also be collected for each cell voltage in the battery pack.  

However, in the proposed approach the total number of sampled data points are much lower. 

For cell/battery current these are NED-Current=188. Therefore, while considering only the cell 

current, the attained compression gain is (57.4)103 times over the classical counterpart.  

 

The number of obtained cells voltages samples, for each cell, are summarized in Figure 30. Let  

NED-Voltage_m, presents the obtained number of samples for each cell. Here, mϵ{1, 2, …, 20} and 

is indexing cells in the considered battery pack. Then the minimum, the maximum and the 

average compression gains in terms of the samples count of acquired cells voltages are 

respectively 9, 10.8 and 9.6 times. While considering all 20 cells, it results into a total 

compression gain of 197 times for all 20 cells.  
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The gains in terms of additions, divisions and subtractions are mainly based on the cell current 

samples counts for both the classical and the event-driven approaches (cf. Equations 10 and 

12). In this case these gains are respectively 57.1x103, 28.6x103 and 57.1x103 times in terms 

of additions, divisions and subtractions, the results are summarized in Table 10.       

 

Table 10: Summary of the proposed system processing gains in terms of additions, divisions and 

subtractions over the classical one. 

 
Gain in  

Additions 

Gain in  

Divisions 

Gain in  

Subtractions 

 

28.9×103 

 

28.9×103 

 

57.8×103 

 

 

The gains in terms of comparisons are mainly based on cells voltages samples counts for both 

the classical and the event-driven approaches (cf. Equations 10 and 12). The minimum, the 

maximum and the average gains in terms of comparisons count which are obtained by the 

suggested approach over the classical counterparts are respectively 9, 10.8 and 9.6 times. While 

considering all 20 cells, it results into a total comparison gain of 197 times for all 20 cells. 

Table 11 illustrates the summarized results. 

 

Table 11: Summary of the proposed system processing gains in terms of comparisons obtained by the 

suggested approach over the classical one. 

 

Minimum Gain in 

Comparison 

Max Gain in 

Comparison 

Average Gain in 

Comparison 

Total Gain of 20 

Cells in 

Comparison 

9.0 10.8 9.6 197 

 

 

 

The MPSoHEs are calculated by using Equation (13). Similarly, the MPSoHEs are calculated 

for each cell of the employed battery cell, discussed in Section 3.6.3.For the case of event-

driven voltage-based estimator it results into the minimum, the maximum and the average 



80 

 

MPSoHEs values for the considered 20 cells as 4.4%, 6.2% and 5.3%.Results are summarized 

in Table 12. 

 

Table 12: Summary of the proposed system results the minimum, the maximum and the average 

MPSoHEs values for the considered 20 cells. 

 

Min MPSoCE 

For 20 Cells 

MaxMPSoCE 

For 20 Cells 

Average MPSoCE 

For 20 Cells 

4.4% 6.2% 5.3% 

 

Average of the MPSoHEs obtained for the classical case is 2.8%. While comparing it with 

above results, it assures that besides achieving more than 9-fold gain in terms of data 

compression, additions, subtractions and comparisons, over the counter classical solution, the 

achieved Coulomb counting based SoH estimation precession is also quite comparable with 

the classical and the reference estimator. Furthermore, in the suggested solution the employed 

EDADCs are of much lesser resolution, 5-Bit and 2.8-Bit respectively for the acquisition of 

cell current and voltage. However, in the classical case 12-Bit ADCs are employed to acquire 

the cell current and voltage. It assures a drastic reduction in the system hardware level 

complexity compared to the traditional counterpart.    
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CHAPTER 5 

DISCUSSIONS 

Battery usage in renewable energy is necessary due to a number of reasons. One of the main 

reasons why batteries are useful in renewable energy is that most sources of renewable energy 

do not have consistent energy production; sometimes the energy production is low, while other 

times it is surplus. Solar energy for example will depend on the time of the day, the season, 

and the geographic location of the solar cells[55]. There is a need to store the surplus energy 

so that it can be used later when the production is low.  

 

 Different types of batteries can be used to store the energy. However, lithium ion batteries are 

the most popular types of batteries that are used in power systems. These cells are popular 

among available technologies since they have many recharge cycles, they do not contain 

materials that are as toxic as other types of batteries, they have high energy densities, they are 

relatively light and compact, they are cheap to maintain and replace, and they have low self-

discharge[56]. All these factors make them popular in most power systems such as renewable 

energy power grids, mobile phones, laptops, and electric vehicles. Compare to other types of 

batteries, these are the most economical and efficient batteries that can be used a power system.  

 

Some of the Li-ion battery operated components include portable devices that include 

smartphones, digital cameras, laptops, electors’ devices, medical devices, smart power grids 

and drones. Li-ion batteries can supply electric vehicles such as electric cars, bikes, electric 

cycles, hybrid vehicles and others, which keep modern life going. 

 

Battery Management Systems, are electronic systems that have a wide range of applications in 

rechargeable battery power systems. The main motivation of using battery management 

systems is to protect the rechargeable batteries in a system from operating outside it safe 

operating areas by continuously monitoring the State of Charge and the State of Health of the 

battery, and sending alerts whenever the rechargeable battery system operates or is about to 

operate outside its safe operating areas. Some of the applications of a battery management 
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system are monitoring the state of the batteries, energy recovery in electronic vehicles, and 

thermal management (cooling) of battery systems[32]. 

 

The main limitation of the classical approach is that it is based on the classical theory of signal 

acquisition and processing. System remains time invariant and therefore designed while 

considering the worst constraints. It results in excessive acquisition and processing activities 

and higher hardware complexity and power consumption. These drawbacks can be diminished 

by smartly employing the event-driven acquisition and processing-based solutions. In this 

background, two novel approaches namely the voltage based and the Coulomb counting based 

SoH estimators are devised. With the help of results, it is shown that the proposed approaches 

attain remarkable compression gain, computational and circuit implementation efficiencies 

over the conventional counterparts. It assures a significant power effectiveness and reduction 

of overhead on the battery pack in contrast to the conventional tactics.  

 

The voltage-based approach methods are simpler to implement but has higher error compared 

to the Coulomb counting approach, which is more accurate but has a higher implementation 

and computational complexity. A further higher precision could be attainable by using complex 

model-based approaches like Kalman filter and data driven tactics. They can provide better 

accuracy but at a higher implementation and processing cost. Compromise and choice is 

application dependent. 

It is crucial to monitor the state of health of lithium ion batteries in modern installments. The 

state of health measures the merit condition of the battery, in comparison to the ideal conditions 

of the battery in which it is supposed to be. This lower maintenance costs of the smart-grids, 

and guaranteeing safety. Minimizing the maintenance costs is good for the environment since 

it requires less resources hence ensuring sustainability. Guaranteeing safety also has a positive 

impact to the environment since; poor performing batteries have some costs to the 

environment. Self- discharge for example, determines how much energy the battery loses 

without connection with an external circuit. If the batteries in a smart grid have a high self-

discharge rate, and are not replaced, it means that the grid is wasting a lot of energy. Producing 

and transporting this energy before it is wasted comes at a cost to the environment.  
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One among the important venues of the proposed solution in Saudi Arabia is the NEOM city. 

NEOM is a $500 billion city plan that seeks to establish a city in the Tabuk Province. The city 

is planned to incorporate mart city technologies and will focus on the use of renewable 

energy[58]. The application of solar based renewable energy sources and smart city 

technologies in the NEOM city assures the usage of rechargeable batteries technologies in 

order to achieve a smooth functioning and power supply throughout the day and during all 

seasons.  Smart technologies in NEOM city will incorporate the use of portable battery 

powered devices and sensors. These devices and implants should operate continuously and 

integration of the suggested approaches will be beneficial and will contribute in the realization 

of effective battery management systems with interesting features of real time compression, 

computational effectiveness and self-organization. 

 

NEOM city is a Smart city that will make use of smart technologies. It will use a lot of 

renewable energy as a source for its power. The Smart technologies will use battery systems 

to store energy and to ensure uninterrupted flow of energy. The renewable energy grids will 

also use batteries to store energy so that it can act as backup during blackouts and to ensure 

steady flow of electricity. To ensure that these batteries run efficiently and optimally there is a 

need that the city integrates battery management systems. A monitoring system for Li-ion 

Batteries State of Health Estimation for the smart grids will be useful in such a scenario.  

 

The Kingdom of Saudi Arabia vision 2030 seeks to shift from dependence of oil as the main 

source of energy to renewable sources of energy. These renewable sources of energy include 

solar power, and wind power. One of the main disadvantages of renewable sources of energy 

is that they are not steady in their electricity supple. Sometimes they produce surplus 

electricity, while in other times they barely produce enough electricity depending on the time 

of the day, the season, and the prevailing weather. More so, people do not consume electricity 

steadily and consumption keeps on fluctuating depending on the season, the time of the day, 

and the prevailing weather condition. In order to bridge this mismatch in the amount of 

electricity produced, and the amount of electricity consumed in real-time batteries are used. 

Batteries store excess energy and release it when it is needed. It is important that these batteries 

are kept in a good condition so that they can perform optimally and efficiently. Systems to 
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monitor the state of health of these batteries help to achieve this. Therefore, Monitoring System 

for Li-ion Batteries State of Health Estimation for Smart Grid will help to actualize the vision 

2030 by making renewable energy reliable.  

 

The integration of event-driven signal acquisition and processing in the BMSs is quite novel 

[9], [46]. It is not evident to compare the proposed approach with the state-of-the-art tactics 

since they are based on the classical sampling and processing based concepts[59] . However, 

a comparison is made with the classical Coulomb counting and voltage-based solutions [56], 

[36], [60], [61]. The above results assure that the proposed method achieves a more than third 

order of magnitude gains in terms of data compression and processing activity reduction over 

the classical counter solutions [56], [36], [60], [61]. It is realized by intelligently adapting the 

acquisition and SoH estimation and calibration processes parameters by following the 

incoming signal variations. In addition, the employed EDADCs are of much lower resolutions. 

In the case of voltage-based method the EDADC resolution is 5-Bit. In the case of Coulomb 

Counting based approach, the EDAC resolution is for the cell current and the cell voltage 

acquisition respectively 5-Bit and 2.8-Bit. However, 12-Bit ADCs are used in the classical case 

to capture the current and voltage of the cells for both voltage base and the Coulomb counting 

approaches. It guarantees a dramatic reduction in the complexity of the system's hardware 

compared to conventional counterparts [9], [46].A similar compression and processing gain of 

the suggested method is evident over the other classical processing-based tactics such as 

Extended Kalman filter [6], Particle filter [62], Recursive Least Square [63], Neural Network 

[64], Fuzzy [65], and genetic algorithm[66] . The achieved SoH estimation precession of the 

suggested solution is also comparable with the classical and the reference estimator. In case of 

requirement, the SoH estimation error can be diminished by using adaptive filter based or data 

driven tactics [6]. The suggested solution is adaptable for a variety of applications by 

intelligently parameterizing different system modules. 
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CHAPTER 6 

CONCLUSIONS 

This report forms an original and effective event-driven estimator for an estimation of SoH in 

real time. This strategy means that the emphasis can be on relevant information and an 

appropriate relation can be formed between the expected signal operation and the load and 

behaviour of the system processing. A commercially available high - power Li-ion cell is used 

to test the efficiency of the proposed system. It is shown that the proposed system performs better 

in terms of computational and compression performance compared to traditional counterparts. 

In this sense, the achieved gain is 9.1 folds. Additionally, the proposed solution renders a 

significant reduction of the processing load. This guarantees a significant reduction of the 

overhead system power consumption. The advantage of the proposed system is that compared to 

the traditional approaches it has a simpler and less costly hardware design. Moreover, when 

compared with the predecessors, the system has achieved an acceptable precision. It confirms 

the potential of integrating the solutions conceived in concurrent BMSs. 

  

     Original and effective event-driven acquisition and processing based real-time SoH 

estimation and calibration algorithms and architectures are proposed. The foundation of this 

method is the event-driven data acquisition and processing. The Proposed tactic develops a good 

association between the incoming signal activity and the system’s computational load. It is 

shown that compared to traditional counterparts the proposed system performs better in terms of 

computational and compression effectiveness. In this framework, the achieved gain is of more 

than a third order of magnitude. It also provides a substantial reduction in overhead power usage. 

The advantage of the proposed system is that it has a simplified hardware and thus is apparent in 

comparison with other typical counter approaches a decrease in the cost of hardware design and 

implementation. In addition, the system has achieved a comparable precision while comparing 

with the traditional counterparts. It confirms the potential of integrating the devised solutions in 

concurrent BMSs.  
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Employment and integration of the dynamic Kalman filtering based SoH estimation and 

calibration approach could improve the system precision but at the cost of an increased 

processing load. A higher SoC estimation precession is achievable by using a bigger size 

reference lookup tables, the higher resolution EDADCs, amplitude scaling and logarithmic 

quantization techniques. The system can also be employed for an effective study of the cell 

balancing techniques, sizing of battery for energy storage system during the peak load and for 

renewable energy sources like PVs and wind mills. The proposed solution embedded realization 

and integration in Modern Li-Ion batteries monitoring and management systems is another axis 

to explore and it will open new doors to collaborate with potential industrial and academic 

partners. It can lead towards the industrialization of devised solution based BMSs. This research 

axis has a lot of potential and it is also well aligned with the KSA 2030 vision. 

 

   The use of renewable energy also requires energy storage. Renewable energy sources such 

as solar and wind fluctuate depending on the time of the day, the location, and the season of 

the year. Sometimes, the renewable energy sources produce surplus electricity, while 

sometimes they produce deficient electricity. Having a good energy storage capacity will help 

to store the surplus energy, which can then be used when the electricity production is low. 

Lithium ion batteries are the best suited to perform this function, since they are easily 

recharged, they have low self-discharge, high count of charge/discharge cycles, less toxic to 

the environment, have a high energy density, and they have low maintenance costs.  

 

    One of the disadvantages of both event driven voltage base and event driven coulomb 

counting methods is that they lack in precision as compared to the traditional counterparts [33]. 

The two methods are also sensitive to the accuracy of the model used, and a small mistake in 

the accuracy of the model, will make either of the methods highly inaccurate. 
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6.1 Future Work 

 

Study and integration of these techniques in the proposed solution is another research axis. The 

suggested solution is adaptable for a variety of applications by parameterizing different system 

modules. Employing the proposed solution to study the considered Li-Ion cell behaviour for 

other load profiles such as electric vehicles, hybrid vehicles, drones, etc. is a future work. Other 

research axis is to explore and integrate other SoH estimation and calibration approaches such 

as Kalman filtering, Dual Extended Kalman Filter (DEKF), data driven approaches and statistical 

model-based tactics. Additionally, studying the performance of proposed approaches for a variety 

of recharge able batteries and particularly for different types of Li-Ion battery technologies is 

another research point to explore. 
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APPENDICES 

Appendix-I:  
 

A paper that got accepted in the 2019 International Conference on Energy Conservation and 

Efficiency” (ICECE 2019) under the title of “A Proficient Li-Ion Batteries State of Health 

Assessment Based on Event-Driven Processing”. The conference took a place between 

October23rd and 24th, 2019 at University of Engineering& Technology. The paper has been 

indexed in IEEE Xplore and Scopus. The following is the citation of the paper: 

 

S. M. Qaisar and M. AlQathami, ‘A Proficient Li-Ion Batteries State of Health Assessment 

Based on Event-Driven Processing’, in 2019 3rd International Conference on Energy 

Conservation and Efficiency (ICECE), 2019, pp. 1–5. 
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Appendix-II: 

 
This paper was accepted in the 17th International Learning and Technology Conference (L 

& T 2020) under the title of “Event-Driven Sampling Based Li-Ion Batteries SoH Estimation 

in the 5G Framework”. The conference was held in Jeddah, at Effat University and took a place 

on the 30th of January 2020. The accepted papers will be published in Procedia of Computer 

Science. 
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Appendix-III: 
 

This poster was participated in the 9th Saudi Arabia Smart Grid Conference (SASG 2019) 

which was held in Jeddah between the 10thand12thof December 2019. The poster was under 

the title of “Li-Ion Batteries State of Health Assessment Based on Event- Driven Processing 

and Analysis”. This poster was won the second place in Smart Grid Conference (SASG 2019). 
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Appendix-IV: 

 
This paper was accepted in the International Conference on Harmonics and Quality of Power 

2020 (ICHQP 2020) under the title of “Level Crossing Sampling for Li-Ion Batteries Effective 

State of Health Estimation”. The conference would have been taken a place between 22nd and 

25th of March 2020, in Dubai, United Arab Emirates, but it has been postponed to 6th and 7th 

of July because of Corona Virus. The accepted papers will be indexed in IEEE Xplore and 

Scopus. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 


