
APPLICATION FOR ETHICAL APPROVAL

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. A researcher may not be covered by the University’s insurance if ethical approval has not been obtained prior to commencement.

The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers activities undertaken by members of staff, postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

Ethical approval is not required for routine audits, performance reviews, quality assurance studies, testing within normal educational requirements, and literary or artistic criticism.

Please read the notes for guidance before completing ALL sections of the form.

This form must be completed and approved prior to undertaking any research activity. Please see Checklist for details of process for different categories of application.  

SECTION A: About You (Principal Researcher)
	1
	Full Name:
	Linghao Kong

	2
	Tick all boxes that apply:
	Member of staff:
	☐
	Honorary research fellow:
	☐

	
	Undergraduate Student
	☐	Taught Postgraduate Student
	☒	Postgraduate Research Student
	☐


	3
	Institute/Academic Discipline/Centre:
	Wales Institute for Science and Art


	4
	Campus:
	Swansea


	5
	E-mail address:
	2106315@student.uwtsd.ac.uk


	6
	Contact Telephone Number:
	8615927311212


	
	For students:

	7
	Student Number:
	2106315

	8
	Programme of Study:
	MSc Data and Artificial Intelligence

	9
	Director of Studies/Supervisor:
	Terry Walcott






SECTION B: Approval for Research Activity
	1
	Has the research activity received approval in principle?
(please check the Guidance Notes as to the appropriate approval process for different levels of research by different categories of individual)
	YES
	☐	NO
	☒
	
	
	Date

	2
	If Yes, please indicate source of approval (and date where known): Approval in principle must be obtained from the relevant source prior to seeking ethical approval
	Research Degrees Committee
	☐	

	
	
	Institute Research Committee
	☐	

	
	
	Other (write in)

	☐	



SECTION C:  Internal and External Ethical Guidance Materials
	
	Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific codes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.

	1
	UWTSD Research Ethics & Integrity Code of Practice
	☒
	2
	UWTSD Research Data Management Policy
	☒

	3
	[List any other relevant documents here]
	☐



SECTION D: External Collaborative Research Activity
If there are external collaborators then you should gain consent from the contact persons to share their personal data with the university. If there are no external collaborators then leave this section blank and continue to section E.
	1
	Institution
	


	2
	Contact person name
	


	3
	Contact person e-mail address

	

	4
	Is your research externally funded?
	YES
	☐
	NO
	☐

	5
	Are you in receipt of a KESS scholarship?
	YES
	☐
	NO
	☐

	6
	Are you specifically employed to undertake this research in either a paid or voluntary capacity?
	Voluntary
	YES
	☐
	NO
	☐

	7
	
	Employed
	YES
	☐
	NO
	☐

	8
	Is the research being undertaken within an existing UWTSD Athrofa Professional Learning Partnership (APLP)?
	If YES then the permission question below does not need to be answered.
	YES
	☐
	NO
	☐

	9
	Has permission to undertake the research has been provided by the partner organisation?
	(If YES attach copy)
If NO the application cannot continue
	YES
	☐
	NO
	☐




Where research activity is carried out in collaboration with an external organisation
	10
	Does this organisation have its own ethics approval system?
	YES
	☐
	NO
	☐

	
	
If Yes, please attach a copy of any final approval (or interim approval) from the organisation (this may be a copy of an email if appropriate).




SECTION E: Details of Research Activity
	1
	Indicative title:
	Machine learning based Lithium-ion battery SOC estimation

	2
	Proposed start date:
	30-3-2022
	Proposed end date:
	1-9-2022

	
	Introduction to the Research (maximum 300 words per section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the points below:
· Purpose of Research Activity
· Proposed Research Question
· Aims of Research Activity
· Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
· What the research activity will add to the body of knowledge 
· How it addresses an area of importance. 

	3
	Purpose of Research Activity
Find a novel machine learning method to estimate the state of charge of lithium-ion batteries.


(this box should expand as you type)

	4
	Research Question
What are the requirements that the algorithm should meet? What algorithm should we select? How to select the appropriate training dataset? How to verify the algorithm?


(this box should expand as you type)

	5
	Aims of Research Activity
Establish a suitable algorithm, train it using corresponding training dataset and verify the effectiveness.


(this box should expand as you type)

	6
	Objectives of Research Activity
Publicly released lithium-ion battery datasets.


(this box should expand as you type)

	
	Proposed methods (maximum 600 words)
Provide a brief summary of all the methods that may be used in the research activity, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here, but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	NARX neural network is a dynamic recursive neural network by introducing feedback path and time delay layer (TDL) of different order on the basis of traditional static neural network. Based on this structure, combined with the characteristics of nonlinear mapping of perceptron, the neural network can record the past state of input and output in the system and predict the state value of the next moment according to the past state, which has been widely used in time series modeling.
NARX is divided into three layers, that is, input layer with delay nodes, adjustable hidden layer and output layer.
NARX neural network can be described using the following function:
y(k) =F{x(k -1),…,x(k -d),y(k -1),…,y(k -d)}
Where x(k-1), …, x(k-d) represents the value of external input vector x(k) at different time delays, y(k - 1),...,y(k-d) represents the delay of different orders of the output y(k).
Considering the calculation process of error backpropagation, the activation function should be as simple as possible and easy to calculate the function value and first derivative value. Therefore, hyperbolic tangent function (tansig) is chosen as the hidden layer activation function. The expression is:
f_tansig=(1-e^(-2u))/(1+e^(-2u))


(this box should expand as you type)

	

	Location of research activity
Identify all locations where research activity will take place.

	8
	Swansea and Wuhan, China

(this box should expand as you type)

	
	Research activity outside of the UK
If research activity will take place overseas, you are responsible for ensuring that local ethical considerations are complied with and that the relevant permissions are sought. Specify any local guidelines (e.g. from local professional associations/learned societies/universities) that exist and whether these involve any ethical stipulations beyond those usual in the UK (provide details of any licenses or permissions required). Also specify whether there are any specific ethical issues raised by the local context in which the research activity is taking place, for example, particular cultural and/or legal sensitivities or vulnerabilities of participants. If you live in the country where you will do the research then please state this.

	9
	Because of some personal reason, I’ m planning to go back to China in July. All the materials I use in this research are published articles or public datasets.


(this box should expand as you type)



	10
	Use of documentation not in the public domain: Are any documents NOT publicly available? 

	NO
	☒

	
	
	YES
	☐

	11
	If Yes, please provide details here of how you will gain access to specific documentation that is not in the public domain and that this is in accordance with the current data protection law of the country in question and that of England and Wales.



(this box should expand as you type)



	
	Does your research relate to one or more of the seven aims of the Well-being of Future Generations (Wales) Act 2015?
	
YES
	
NO

	12
	A prosperous Wales
	☐
	☒

	13
	A resilient Wales
	☐
	☒

	14
	A healthier Wales
	☐
	☒

	15
	A more equal Wales
	☐
	☒

	16
	A Wales of cohesive communities
	☐
	☒

	17
	A Wales of vibrant culture and thriving Welsh language
	☐
	☒

	18
	A globally responsible Wales
	☐
	☒

	19
	If YES to any of the above, please give details:

	
	


(this box should expand as you type)



SECTION F: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	☐
	☒

	2
	Use of interviews?
	☐
	☒

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☐
	☒

	6
	Use of computer-generated log files?
	☐
	☒

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☒

	
	Details of any other primary data collection method:



(this box should expand as you type)
	
	


If NO to every question, then the research activity is (ethically) low risk and may be exempt from some of the following sections (please refer to Guidance Notes).

If YES to any question, then no research activity should be undertaken until full ethical approval has been obtained. 

SECTION G: Intended Participants
If there are no participants then do not complete this section, but go directly to section H.

	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	☐

	2
	Adults (over the age of 18 and competent to give consent)?
	☐
	☐

	3
	Vulnerable adults?
	☐
	☐

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	☐

	5
	Prisoners?
	☐
	☐

	6
	Young offenders?
	☐
	☐

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	☐

	8
	People engaged in illegal activities?
	☐
	☐

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	☐

	
	Details of any other participant groups:



(this box should expand as you type)
	
	



	
	Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and how will they be recruited? 

	10
	How many participants are expected?

	


(this box should expand as you type)

	11
	Who will the participants be?

	


(this box should expand as you type)

	12
	How will you identify the participants?
	


(this box should expand as you type)




	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☐
	☐
	☐

	14
	Will you tell participants that their participation is voluntary?
	☐
	☐
	☐

	15
	Will you obtain written consent for participation?
	☐
	☐
	☐

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☐
	☐
	☐

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☐

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☐
	☐
	☐

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	☐
	☐
	☐

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	☐
	☐
	☐

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	☐
	☐
	☐

	22
	If NO to any of above questions, please give an explanation 

	
	


(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	☐
	☐

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	☐
	☐

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	☐
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	☐
	☐

	28
	If YES to any question, please provide full details 

	
	


(this box should expand as you type)



SECTION H: Anticipated Risks

	
	
Outline any anticipated risks that may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them. 

If you have completed a full risk assessment (for example as required by a laboratory, or external research collaborator) you may append that to this form.  

	1
	Full risk assessment completed and appended? 
	Yes 
	☐

	
	
	No
	☒

	2
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information

	
	Risk to participants:
No

(this box should expand as you type)
	How you will mitigate the risk to participants:



(this box should expand as you type)

	3
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	


(this box should expand as you type)

	4
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:No



(this box should expand as you type)
	How you will mitigate the risk to the investigator:



(this box should expand as you type)

	5
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:
No


(this box should expand as you type)
	How you will mitigate the risk to the University:



(this box should expand as you type)

	6
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:
No


(this box should expand as you type)
	How you will mitigate the risk to environment:



(this box should expand as you type)



	
	Disclosure and Barring Service

	
	If the research activity involves children or vulnerable adults, a Disclosure and Barring Service (DBS) certificate must be obtained before any contact with such participants.
	YES

	NO

	N/A


	7
	Does your research require you to hold a current DBS Certificate?
	☐
	☒
	☐

	8
	If YES, please give the certificate number. If the certificate number is not available please write “Pending”; in this case any ethical approval will be subject to providing the appropriate certificate number.
	



SECTION I: Feedback, Consent and Confidentiality

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	No participants but myself.


(this box should expand as you type)

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	


(this box should expand as you type)

	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	


(this box should expand as you type)



SECTION J: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	☐
	☒

	
	If YES, provide a description of the data and explain why this data needs to be collected:

	2
	


(this box should expand as you type)

	
	Does it involve special category data (as defined by the GDPR)?
	YES
	NO

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects’ –
(a) racial or ethnic origin,
(b) political opinions,
(c ) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	☐
	☒

	
	If YES, provide a description of the special category data and explain why this data needs to be collected:

	4
	


(this box should expand as you type)



	
	
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☐
	☒

	6
	University computers?
	☐
	☒

	7
	Private company computers?
	☐
	☒

	8
	Home or other personal computers?
	☐
	☒

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	☒
	☐

	10
	“Cloud” storage or websites?
	☐
	☒

	11
	Other – specify:

	☐
	☒

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

	
	My laptop has a password.

(this box should expand as you type)



	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☐
	☒

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	☒

	15
	Sharing of data with other organisations?
	☐
	☒

	16
	Export of data outside the UK or importing of data from outside the UK?
	☐
	☒

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☐
	☒

	18
	Publication of data that might allow identification of individuals?
	☐
	☒

	19
	Use of data management system?
	☐
	☒

	20
	Data archiving?
	☐
	☒

	21
	If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and any international equivalents, where appropriate):

	
	


(this box should expand as you type)

	22
	List all who will have access to the data generated by the research activity:

	
	Myself.


(this box should expand as you type)

	23
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	Myself.


(this box should expand as you type)

	24
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. Will data be archived – if so how and if not why not.  

	
	All data is stored in my personal laptop, and is protected using password. All the data will be stored until the end of the research activity.


(this box should expand as you type)

	25
	Please indicate if your data will be stored in the UWTSD Research Data Repository (see https://researchdata.uwtsd.ac.uk/ ).   If so please explain. (Most relevant to academic staff) 

	
	No


(this box should expand as you type)

	26
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	YES
	☒

	27
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	YES
	☒





SECTION K: Declaration
	
	The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.

In submitting this application I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/ 

	1
	Signature of applicant:
	Linghao Kong
	Date:
31-3-2022



For STUDENT Submissions:
	2
	Director of Studies/Supervisor:
	
	Date:

	3
	Signature:
	

	



For STAFF Submissions:
	4
	Academic Director/ Assistant Dean:
	
	Date:

	5
	Signature:
	

	



Checklist: Please complete the checklist below to ensure that you have completed the form according to the guidelines and attached any required documentation:
	☒
	I have read the guidance notes supplied before completing the form.

	☒
	I have completed ALL RELEVANT sections of the form in full.

	☒
	I confirm that the research activity has received approval in principle

	☒
	I have attached a copy of final/interim approval from external organisation (where appropriate)

	☒
	I have attached a full risk assessment (where appropriate)  ONLY TICK IF YOU HAVE ATTACHED A FULL RISK ASSESSMENT

	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice.

	☒
	I understand that before commencing data collection all documents aimed at respondents (including information sheets, consent forms, questionnaires, interview schedules etc.) must be confirmed by the DoS/Supervisor, module tutor or Academic Director.



	RESEARCH STUDENTS AND STAFF ONLY
All communications relating to this application during its processing must be in writing and emailed to pgresearch@uwtsd.ac.uk , with the title ‘Ethical Approval’ followed by your name.
You will be informed of the outcome of your claim by email; therefore it is important that you check your University and personal email accounts regularly.

	STUDENTS ON UNDERGRADUATE OR TAUGHT MASTERS PROGRAMMES should submit this form (and receive the outcome) via systems explained to you by the supervisor/module leader.
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Postgraduate Research Proposal
——Machine Learning Based Lithium-ion Battery SOC Estimation
Linghao Kong
1 Introduction
1.1 Background
With the progress and development of society, people have become increasingly aware of the importance of natural resources and the environment. The rapid popularization of cars makes life more convenient. The travel experience and the quality of life are significantly improved. However, it also brings about the reduction of resources, environmental deterioration and other problems. Among these problems, global warming has been attached high level of attention, and automobile exhaust is wildly acknowledged as the most important causes of global warming.
To reduce the emission of exhaust, especially carbon dioxide and hydrocarbon, many countries or districts have introduced sale prohibitions of traditional fuel vehicles and the effective time are listed in table 1.
Table 1 Effective time of traditional fuel vehicles sale prohibition
	Country/District
	Policy Effective Time

	Norway
	2025

	Netherlands
	2025

	Germany
	2030

	India
	2030

	Hainan (China)
	2030

	France
	2040


Comparing with traditional fuel vehicles, new energy vehicles, such as pure electric vehicles and hybrid electric vehicles, are cleaner in the use process and have higher energy conversion efficiency, which meet the demands of various countries and gradually become the mainstream of development in the automotive industry.
Lithium-ion batteries are widely used in electric vehicles, power systems, communication standby power supply systems and other cascade utilization scenarios due to their advantages of high energy density, long cycle life, low self-discharge rate, light weight and strong adaptability to high and low temperatures. With the wide application of lithium battery power supply system, its safety problem is becoming more and more prominent, and the core problem lies in the safety management of lithium battery pack. Among them, the state of charge (SOC) of lithium battery is an important index to evaluate its remaining effective capacity. Accurately estimating the SOC of lithium battery is crucial to ensure the safe operation of lithium battery, prolong the service life of lithium battery, and avoid over-charging/over-discharging of battery pack. However, due to the complex electrochemical reaction of lithium batteries and the constant change of operating temperature, its SOC changes are non-linear and complex, so it is still a challenge to accurately estimate the SOC of lithium batteries.
1.2 Definition of SOC
SOC is commonly used to describe the remaining capacity of a battery, and the value is defined as the ratio of remaining capacity to the rated capacity of the battery:
                          2.1
SOC ranges from 0 to 1. SOC = 1 indicates the battery is fully charged, SOC = 0 indicates the battery is fully discharged.
Affected by multiple factors, the ratio is a sketchy definition of SOC. It is necessary to conduct more in-depth research on the battery characteristics to express the meaning more accurately.
1.3 Influence factors of SOC estimation
Different from the remaining oil amount of traditional fuel vehicles, there is no direct access to the battery SOC by sensors, but can only be estimated through the physical quantities that can be measured directly, such as terminal voltage, output current and cell temperature, using certain estimation algorithms. Therefore, these factors are bound to influence the estimation. In addition, other factors such as charging and discharging ratio and cycle index will also influence the maximum capacity of the battery, thus affecting the accuracy of the estimation.
The influence factors of SOC estimation can be summarized as follows:
1) Maximum available capacity:
With the increase of charging and discharging cycles, the power battery will appear aging, which causes the degradation of the maximum available capacity. In addition, improper use of the battery, such as over-charging and over-discharging, leads to irreversible capacity loss and, therefore, influences the maximum available capacity. According to the definition of SOC, it is possible to accurately estimate SOC by adjusting the value of rated capacity according to the state of the battery.
2) Uncertainty of parameter detection:
In common application scenarios, current, voltage, temperature and other physical quantities are collected by various sensors, thus the key parameters of the sensor, such as accuracy, range, electromagnetic interference, resistance, will directly affect the accuracy of measurement. In addition, the applicability of sampling algorithm is also one of the important factors. In the operation of the vehicle, battery parameters will change accordingly with the road conditions. In some periods of drastic change, sampling frequency may fail to keep up with the true value, resulting in deviation.
3) Inconsistency of the battery
For the same type of cells produced in different batches, due to differences in raw materials and other reasons, there may be certain differences between individual cells in cycle life, rated capacity, internal resistance and other aspects. When the batteries are grouped, these differences may influence the performance of individual cells and then adversely affect the overall performance of the battery pack.
4) Variability of discharge conditions
According to the road environment and driving intension, the car is in the dynamic condition of acceleration and deceleration, with the output power and current of the power battery changing constantly. When the car accelerates, the battery pack outputs large power and current. The battery pack outputs a small power and current or even charges by reverse current in deceleration conditions. The change of SOC is closely related to the charge-discharge capacity and current, therefore, the accuracy of SOC estimation decreases under the combined action of sensor errors, sampling frequency and complex discharge conditions.
2 Literature Review
2.1 Related Works
The performance of power battery has a strong correlation with the practicability and safety of new energy vehicles. Although some new technologies have emerged in recent years, battery performance is expected to improve beyond current situation, problems such as relatively few charging infrastructure, long charging time and low reliability of state estimation still exist.
SOC of on-board power battery is the main indicator of new energy vehicles, and it can be used in a variety of applications, such as driving range estimation, hybrid energy management strategy, battery management system, which are important algorithms for driving experience, energy saving and safety.
Experts and scholars have never stopped their research on the estimation of power battery state of charge.
Some of the recent researches are summarized as follows:
Jiang H.[1] proposed an improved gas-liquid dynamics model to simulate the physicochemical behaviors of a lithium-ion battery, according to which open-circuit voltage and temperature iterations equations are deduced, and then elaborated a robust method of online state-of-charge estimation, by using which the maximum SOC estimation error is 2.78%.
Zhang S.[2] proposed a multi time-scale framework whose parameters are online identified, using forgetting factor recursive least square method, which are transmitted to extended Kalman filter to co-estimate SOC and capacity. The mean absolute error (MAE) and root mean square error (RMSE) of SOC estimation can be roughly limited within 1%.
Xiong R.[3] proposed a combined algorithm, including a temperature dependent battery model and a set membership method which holds that the noises are unknown but bounded, to co-estimate the battery parameters and state of charge. Verified at a large temperature range in the hard-in-loop test bench, the state of charge error of the  proposed algorithm is bounded under 5%.
Zheng L.[4] proposed a trinal proportional-integral (PI) observers with a reduced physics-based equivalent model to simultaneously estimate the SOC, capacity and residence, incorporating with the moving-window ampere-hour counting technique and the iteration-approaching method for batter accuracy. The results from the experiments shows the accuracy of the algorithm.
Huang D.[5] proposed a normalized open-circuit voltage model, which is applied in Thevenin model to describe the temperature-dependent OCV-SOC characteristic, and established a lumped parameter battery pack model, connecting cell models in series. Using an optimized recursive least squares algorithm to update pack parameters in dual time-scale, the SOC is estimated via extended Kalman filter.
Ouyang T.[6] proposed an adaptive H-infinity filter with bias compensation, verified by static and dynamic condition at different temperatures, to estimate battery SOC. The experiment result reflects the accuracy and efficiency of the algorithm and the average time consumption reduced compared with other three different algorithms.
Khan H. F.[7] proposed an online approach, in which the Lagrange multiplier technique is used to minimize the error between the reference and estimated SOC and sigma point Kalman filter (SPKF) helps to calculate non-linear system dynamics more precisely. The maximum errors of the algorithm are 0.2%, 0.4%, 0.9% for three different publicly available dynamic driving cycles.
Zhengxin J.[8] proposed an Extended Kalman Particle Filter approach, based on the lithium-ion battery parameter identification using Immune Genetic Algorithm which is designed to identify the second-order equivalent circuit model parameters, to estimate the battery SOC. Both simulation and experiment result illustrate the great performance of the proposed algorithm.
Chen Z.[9] proposed a combined state of charge estimation method based on long short-term memory neural network and adaptive H-infinity filter, in which the long short-term memory network is used to roughly estimate the SOC with directly measured physical quantities and state of health and the H-infinity filter is used to flatten the estimation results and improve the estimation accuracy. Verified on two different battery chemistries under dynamic driving cycle, the estimation error of SOC is under 2.1% in a large margin of temperature and different aging conditions.
Ahmed M. S.[10] proposed a scaling approach for the method, based on the characterization between open-circuit voltage and SOC, that can restrict the worst-case modeling error to less than 1%, reduced the error by 9% or more comparing with the traditional open-circuit voltage approaches. The proposed method is demonstrated on nine different types of battery cells under 16 different temperatures.
Sandoval-Chileño M. A.[11] proposed a SOC estimation approach for Lithium-ion battery, using Extended State Observers of Generalized Proportional Integral type, in which a nonlinear correlation is built between open-circuit voltage and SOC using interpolating polynomials. An experiment in a 20Ah LiNiMnCoO2 at various C-rates and noise presence proved that the proposed method has great capability to estimate the battery SOC, particularly at low SOC conditions from 0 to 0.1.
Copley R. J.[12] takes the physical properties of the battery structures into consideration that ultrasound signal are used to investigate the behavior of ultrasonic waves when they pass through the components of the layered battery structure which changes regularly in the charge-discharge cycles. Based on the different ultrasonic responses of various battery types and SOC conditions, a model is developed to describe the correlation between the regions of signal and state of charge of the battery, which greatly help with the accurate estimation in a sensor-based battery management system.
Liu B.[13] proposed a joint state of charge estimation method, in which the real time average lithium concentration estimation is taken into consider using particle filter, based on a pseudo-two-dimensional (P2D) model simplified and reformulated into a nonlinear state-space form with guaranteed observability. In addition, the state of health is also estimated, based on the prediction of the average lithium concentration, which improves the accuracy of online SOC estimation for aged batteries in return. Fifteen battery cells with the health conditions range from 100% to 70% are used for verification test under dynamic driving cycles and results shows that the SOC estimation error is bounded under 2% for battery cells in different aging conditions.
Pattel B.[14] applied the Moving Horizon Estimation to estimate battery SOC, which is a powerful technique for tackling the estimation of dynamic systems and is appropriate to be used on the nonlinear systems like lithium-ion batteries. The performance is improved in different usage statuses, including different initial conditions, convergence time, and process and sensor noise variations.
Ren P.[15] proposed a dual particle filter algorithm with forgetting factor to co-estimate the state of charge and state of health, using the second-order resistor-capacitor equivalent circuit battery model, and batteries are evaluated under Beijing Bus Dynamic Stress Test conditions. The maximum error, mean absolute error and root square error is, respectively, 1.1395%, 0.4916%, and 0.5145%, reduced obviously comparing with two different type of Kalman filters and particle filter.
Nian P.[16] proposed an improved adaptive extended Kalman filter, in which the forgetting factor recursive least squares (FFRLS) based online OCV identification is used as the state observer using second-order filter to co-estimate the battery capacity and SOC, and the relationship between OCV, SOC and T is established to reduce the error caused by temperature. The test under sophisticated Federal Urban Driving Schedule proves that SOC estimation error of the proposed algorithm is controlled within 1.2% on the both sides and can simplify the moving window of the upgrade for the process and measurement noise.
Li X.[17] proposed a combined algorithm with the components of equivalent circuit model, recursive least squares (RLS) method and adaptive extended Kalman filter (AEKF) to identify the battery parameters online and estimate the SOC simultaneously and the Elman neural network is employed to realize the battery capacity which is then used to improve the accuracy of SOC estimation. The global SOC error at room temperature is bounded within 2% under different aging conditions.
Ma L.[18] co-estimate data-driven method based on a long short-term memory (LSTM) deep neural network to estimate the SOC and SOE simultaneously and validated under two dynamic driving cycles, different battery material and noise interference at different temperatures. The mean absolute error (MAE) of SOC estimation is controlled within 0.91% under a large range of temperature, 0.63% for different battery, and 1.32% with noise interference, respectively.
Wang Q.[19] proposed a co-estimate algorithm to estimate the SOC and capacity, in which the capacity is estimated by least squares support vector machine (LSSVM) based on a new health indicator and the results are used as the input of SOC estimation, using a moving window method to improve the long-term dependency loss problem of the recurrent neural network (RNN). The results show that the maximum root-mean-square error (RMSE) is 0.85%, and the calculation time is below 5s.
Chmielewski A.[20] proposed a Nonlinear Auto Regressive exogenous (NARX) recurrent neural network to estimate the battery SOC based on dual polarization (DP) model with double Resistive-Capacitive (RC) loop battery parameters identification. The results shows the high accuracy and dynamic property of the NARX neural network under various temperatures and dynamic driving profiles.
Jiménez-Bermejo D.[21] proposed a Nonlinear Autoregressive with External Input (NARX) artificial neural network to estimate the SOC using real data extracted from daily use, including voltage, current and battery pack temperature. Tested under 54 different dynamic driving cycles, the neural network reached a high accuracy with the maximum mean square error (MSE) bounded under 1e-6 in all situations.
Wei M.[22] proposed a hybrid dynamic nonlinear auto-regressive models with exogenous input neural network (NARX) with long short-term memories (LSTM) embedded, which provides jump-ahead connections in the time-unfolded model, to figure out the gradient explosion and gradient decent. The hybrid algorithm reached a high accuracy under urban dynamometer driving schedule (UDDS) and dynamic stress test (DST) driving profiles, improved by approximately 60% compared with the standard LSTM.
Du J.[23] improved a model-based algorithm using the extreme learning machine (ELM) to replace the equivalent circuit model (ECM) and estimated the battery SOC by four derivative algorithms of Kalman filter. By comparing with the radial basis function neural network (RBFNN) model, the ELM algorithm has less computation load and higher estimation accuracy in SOC estimation.
Vidal C.[24] proposed a deep feedforward neural network(FNN) method to estimate the battery SOC with errors intentionally added to the training datasets, in which the error values are chosen to be similar to the noise and the error obtained from the sensors in real systems. The algorithm is trained by two different type of lithium batteries, respectively nickel manganese cobalt oxide (NMC) and nickel cobalt aluminum oxide (NCA), and the root mean squared error (RMSE) of SOC estimation is controlled under 1%.
Liu Y.[25] proposed a hybrid algorithm consist of the long short-term memory neural network with five typical layer topology to learn the dependency of state of charge on measured variables and the transfer learning algorithm with fine- tuning strategy to regulate the parameters of fully connected layer and share the knowledge of other layers. The proposed algorithm is proved to be precise and robust on the estimation of SOC through the experiments at different aging states and time-varying temperature conditions. 
Chaoui H.[26] proposed co-estimation algorithm using nonlinear autoregressive with exogenous inputs (NARX) architecture of the DDRN, forcing on the global feedback theorem (GFT) which reduce the computation complexity and, meanwhile, enhance the robustness while maintain the reasonable simplicity. The algorithm is evaluated using two different batteries respectively lithium iron phosphate (LiFePO4) and lithium titanate (LTO) both tested under dynamic driving cycles and various temperatures and is proved to be precise and robust.
Song Y.[27] proposed hybrid algorithm, in which the least-square-support-vector-machine (LSSVM) is implemented to provide direct and nonlinear mapping models for state-of-health and state-of-charge and the unscented particle filter is used to take the output of LSSVM as the temporal measurement for improving the SOC estimation. The battery dynamic stress test shows that the SOC estimation within battery life cycle is less than 2%.
Chaoui H.[28] presents an input time-delayed neural network based co-estimation method for lithium-ion battery SOC and SOH, using directly measured physical quantities including temperature, current, voltage. The experiment on LiFePO4 battery shows the high accuracy, simplicity and robustness of the proposed algorithm.
Feng F.[29] proposed an hybrid algorithm using electrochemical-thermal-neural- network (ETNN) model, with temperature estimation using simplified single particle model and lumped thermal model, and the unscented Kalman filter to predict the battery SOC. Experiments at a large temperature range shows that the proposed ETNN-UKF algorithm has the ability to eliminate initial errors within a short time and provide highly accurate estimation.
Zhang S.[30] proposed a data-driven coulomb counting method to estimate the battery SOC, using the incremental capacity analysis (ICA) to correct the erroneous initial SOC and the maximum information efficient (MIC) analysis to realize the estimation for actual capacity. Evaluated by the data collected under fast capacity degradation, the algorithm has the ability to provide the high accuracy of SOC estimation.
2.2 Research Summary
By collecting and sorting out the 30 relevant literatures above, commonly used lithium-ion battery state of charge methods in recent years are comprehended to a large extent. The methods that are worth studying at the present stage can be concluded as follows:
1) Coulomb Counting (Ampere-hour Integral):
Coulomb counting uses the basic theory of battery capacity, which is the same physical quantity with electric quantity and can be calculated by current times time. Although this method may be significantly affected by the accuracy and sample frequency of the sensors, it is one of the most common estimation methods in battery management system (BMS) field and real vehicle at present because of its simplicity.
To settle the errors caused by the sensors and promote the robustness of the coulomb counting method, various of improvement methods are proposed.
Concentrate on the ambient temperature of the battery, some of the works add a temperature coefficient to the original algorithm calculated by massive experiments on different battery aging conditions. Others take sensor noise into account and propose a noise correction factor to reduce the influence.
With the rapid development of artificial intelligence and database, some data driven algorithms are proposed to improve the accuracy of coulomb counting method. These king of methods gives play to the advantages of big data collected from actual use or specific experiments. The key factors of improvement can be dug out using data mining methods and the algorithms can get high accuracy.
1) 
2) Model-Based Estimation Algorithm:
The key point of model-based SOC estimation lays in the construction of a robust and accurate battery model to simulate the physical and chemical properties. According to the types of battery model, the model-based SOC estimation algorithms can be sorted into the following categories.
A. Electrochemical Model:
The electrochemical models establish the mapping between battery input and output by simulating the electrochemical reaction process of the battery in the charging and discharging process. Through a large number of experiments combining with derivation of electrochemical formula, this kind of models has a good performance in battery design and research, also can be used to estimate battery status including state of charge. Nevertheless, a large number of experiments and complex formula derivation make this model overqualified for SOC estimation.
B. Equivalent Circuit Model:
Based on the electrochemical characteristics of the battery, the equivalent circuit model uses basic circuit components, such as capacitance, volt source and resistance, to simulate the battery output voltage changes under the current excitation at different temperatures and aging conditions. In this kind of model, complex electrochemical reactions are equivalent to physical circuits, which greatly simplifies the computational complexity and, therefore, is very suitable to use in embedded systems.
C. Machine Learning Based Model:
This kind of model is based on machine learning methods, through the sorting and training of a large number of experimental or actual battery using data, to simulate the battery response under different temperature and current excitation. Unlike other models where simplification and assumptions are proposed when presented or derived, machine learning based models improve the estimation accuracy and robustness by using data-driven approach that does not require assumptions.
Due to the sensor noise in actual use, the battery model is usually used with other filtering algorithms. The commonly used methods are nonlinear derivative of Kalman filter, such as extended Kalman filter and unscented Kalman filter, particle filter and its nonlinear derivative, H-infinity filter, respectively.
The model-based methods are wildly used in battery SOC estimation at present, but it still has some shortcomings. That is, these methods rely on the model, the accuracy of estimation is greatly affected by the battery models. The first two kinds of models are established on the formula derivation and calculation. Once the model is accomplished, it is difficult to change or add new functions.
3) Machine Learning Based Estimation (Data-driven Methods):
[bookmark: OLE_LINK1]Essentially speaking, Machine learning based battery SOC estimation is a kind of data-driven method. Based on a large number of battery test or actual use data, the battery input and output mapping relationship is built directly. Commonly used methods include support vector machine (SVM), radial basis feedforward neural network (RBFNN), nonlinear autoregressive with exogenous inputs neural network (NARX NN), extreme learning machine (ELM) and recurrent neural network (RNN).
This kind of methods does not require assumptions and simplifications when proposed or derived, which has higher accuracy and robustness. In addition, due to the characteristics of machine learning methods, it is relatively easy to add new functions to the whole system and optimize the algorithms based on new data, which is more suitable for the research and actual use of vehicle power batteries in the era of big data.
3 Methodology
3.1 Algorithm Selection
Considering the polarization characteristics, battery modeling can be regarded as a complex nonlinear autoregressive time series modeling problem with external incentive.
Based on the above literature collection, summary and analysis, in line with the development trend of the big data era, machine learning based algorithms are the first choice. Among the commonly used methods, neural networks have powerful nonlinear fitting ability and can be adjusted flexibly according to various application scenarios. 
Due to the advantages above, in this proposal, the nonlinear autoregressive with exogenous inputs neural network (NARX NN) is selected which is a derived type to improve the nonlinear fitting ability of feedforward neural network (FNN) by adding delay nodes to the input layer which make it a recurrent dynamic neural network.
3.2 Algorithm Introduction
NARX neural network is a dynamic recursive neural network by introducing feedback path and time delay layer (TDL) of different order on the basis of traditional static neural network. Based on this structure, combined with the characteristics of nonlinear mapping of perceptron, the neural network can record the past state of input and output in the system and predict the state value of the next moment according to the past state, which has been widely used in time series modeling.
NARX neural network can be described using the following function:

	Where represents the value of external input vector at different time delays,  represents the delay of different orders of the output . The structure of NARX neural network can be demonstrated as fig 1.
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Fig 1 Structure of NARX neural network
In Fig 1, NARX is divided into three layers, that is, input layer with delay nodes, adjustable hidden layer and output layer. W1 is the weight vector of the input layer, W2 is the weight vector between the feedback quantity of the output layer and the hidden layer, W3 is the weight vector of the output layer, B1 and B2 are the bias of the input layer and the output layer respectively, and  is the activation function of the neuron of the hidden layer.
3.3 Training Dataset Selection
In the process of charging and discharging, the battery will appear polarization, which is also the source of the nonlinear characteristics of the battery system. Therefore, in the selection of training data, the characteristics of the battery should be considered to select the appropriate dataset, so that the neural network can get better ability to simulate the battery performance.
According to the Hybrid Pulse Power Characteristic (HPPC) experiments carried out on NCR18650BD NCM lithium-ion batteries produced by Panasonic of Japan[31] and three different kinds of lithium-ion batteries[32], some conclusions related to battery characteristics can be made:
1) The longer the current excitation time, the higher the discharge rate, the larger the polarization voltage of the battery, and the longer the time required for the battery to return to the equilibrium potential.
2) When the temperature range exceeds 20℃, temperature-induced polarization voltage changes should also be taken into account.
3) In the SOC range of 30%~90%, the battery internal resistance is stable at room temperature and above, and the change of internal resistance can be ignored.
4) At the moment the current withdrawn, the voltage curve is almost vertical. After about 1s, the voltage curve gradually becomes flat and approaches the equilibrium point.
Based on the conclusions above, the training dataset can be selected. In this proposal, an improved HPPC test is used, which is published by the research group of 
University of Wisconsin-Madison[33].
3.4 Neural Network Training and Comparison
Since the hysteresis effect of the battery, the state of the past moment also affects the voltage change of the current moment. Due to the sample frequency of the battery dataset, the number of delayed nodes is set to 10.
Considering the calculation process of error backpropagation, the activation function should be as simple as possible and easy to calculate the function value and first derivative value. Therefore, hyperbolic tangent function (tansig) is chosen as the hidden layer activation function. The expression is:

To demonstrate the nonlinear fitting effect of the proposed algorithm, comparison algorithms are set, including a normal backpropagation neural network and a hybrid algorithm with neural network and Kalman filter.
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