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[bookmark: _Toc145678095]Abstract
As one of the important ways of energy storage, lithium-ion batteries are widely used in the energy storage market due to their high energy density, long cycle life, high multiplicity, etc. Therefore, in order to enable users to understand the degree of decline of lithium-ion batteries and to ensure the safety of their use, the accurate estimation of the SOC and SOH is one of the most important issues in battery condition monitoring. Meanwhile, with the rapid development of IoT and information technology, the cloud provides arithmetic power and storage space for complex tasks; the edge end is close to the data source to complete tasks with high real-time requirements. In this paper, the estimation methods of lithium-ion battery State of Charge (SOC) and State of Health (SOH) will be studied based on these two aspects. The main research contents are as follows:
(1) Establishment of lithium-ion battery circuit model. Since the equivalent circuit model cannot accurately describe the electrochemical reaction process of the battery, the fractional order model of the battery is established by combining the fractional order calculus and the equivalent circuit model, and an ant colony algorithm is used to identify the parameters of the fractional order model.
(2) Research on the joint estimation method of SOC and SOH applicable to the side end. On the basis of the fractional-order model, to address the problem that the noise variance assumption of the Extended Kalman Filter (EKF) is not in line with the actual situation, which may lead to too large an estimation error, the noise calculation method in the filtering process is optimised to improve the accuracy of the SOC estimation model; to address the problem that the ohmic internal resistance and the maximum usable capacity of the battery will have an impact on the SOC estimation, the maximum usable capacity of the battery is calculated using an ant colony algorithm, which will have an impact on the SOC estimation. For the problem that the ohmic internal resistance and the maximum available capacity of the battery will affect the estimation of SOC, the joint estimation strategy of SOC and SOH in multiple time scales is used, and the joint estimation method of adaptive extended Kalman filter algorithm in multiple time scales is proposed; finally, the validity of the method is verified by the pulse discharge experiments; the method has a lower complexity compared with other filtering algorithms, and it can be computed in the side end, which meets the real-time demand of the side end.
(3) Research on the joint estimation method of SOC and SOH applicable to the cloud. Based on the fractional order model, for the phenomenon that particle degradation occurs in the estimation of SOC by ParticleFilter (PF), Unscented Kalman Filter (UKF) is used as the proposed density function to reduce the effect of particle degradation, and at the same time, Schmidt orthogonal transformation is used to generate the Sigma points by sampling At the same time, the Sigma points are generated by sampling using the Schmidt orthogonal transform, and the noise in the filtering process is adapted to improve the accuracy of the SOC estimation model. Combining the strategies of SOC and SOH estimation on multiple time scales, the joint estimation of SOC and SOH based on the adaptive Unscented Particle Filter (UPF) and Unscented Kalman Filter with the Schmidt transform is proposed. The accuracy of the method is verified by pulse discharge experiments, and the feasibility of the computation in the cloud and side-end is demonstrated by the comparison of computational efficiency, which achieves the purpose of achieving the improvement of the estimation accuracy while carrying out efficient computation in the side-end platform and the cloud platform.
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[bookmark: _Toc145678096]1 introduction
[bookmark: _Hlk145638142][bookmark: _GoBack]Energy storage refers to the storage of energy when there is an excess of energy and its release when there is a shortage of energy through specific technologies and devices to meet the balance between energy supply and demand. In the field of energy storage, electrical energy is one of the most important sources of energy that can be most easily produced, transported, distributed, and used today, and storage becomes a key component[1].
The energy storage market is a huge market in rapid commercialisation, and the related products are widely used in the fields of communication base stations and power grid construction. In the context of "carbon peak, carbon neutral", in order to strive to build a clean, low-carbon, safe and efficient energy system, and to promote the rapid development of new energy storage, in July 2021, the National Development and Reform Commission and the National Energy Administration released a number of policies, including the "Guiding Opinions on Accelerating the Development of New Type of Energy Storage", which clarifies the development goals of new energy storage and requires deep integration of all aspects of the power system.
According to the classification of energy storage technology, battery is the most efficient way of energy storage. Lithium batteries are batteries with lithium metal or lithium alloy as the positive electrode material and using non-aqueous electrolyte solution, which can be classified into two categories of lithium-ion batteries and lithium-metal batteries according to the different materials of positive and negative electrodes[2], and lithium-metal batteries were firstly proposed and researched by Gilbert N. Lewis in 1912, and M.S. Whittingham in the 1970's proposed the lithium-ion battery concept and studied it[3]. Currently commonly used lithium-ion batteries are mainly divided into lithium iron phosphate, lithium titanate and ternary systems, which have the advantages of low pollution, high energy density, long life and high multiplicity, etc. With the gradual decrease of its cost, lithium-ion batteries are more and more widely used in the energy storage market[4]. Lithium-ion batteries combined with energy storage technology and with the continuous development of renewable energy sources such as solar and wind, are widely used to smoothly regulate the power of the grid and store electricity from renewable energy sources, thus improving the reliability and stability of the grid. Li-ion batteries are also gaining popularity for portable devices and uninterruptible emergency energy storage power supplies, which can provide reliable power support to devices away from power sources due to their high energy density and portability.
However, the internal resistance of lithium-ion batteries will continue to increase as they age, which may lead to increased risks such as thermal runaway and thus increase the probability of battery explosions.Between August 2017 and October 2019, 27 fires at energy storage power stations occurred in South Korea, with four fires occurring in November 2018 alone. One of them was an LG Chem lithium battery fire at a solar PV power station on 21 October 2019, which was caused by battery manufacturing defects, incomplete design of the battery protection system, non-compliance of the operating environment, negligent installation, and mismatch of system integration. According to the Fire and Rescue Bureau of China's Ministry of Emergency Management (MEM), there were a total of 6,462 e-bike fires and explosions from January 2021 to July 2021, with an average of more than 900 e-bike accidents per month, 80% of e-bike fires occurring while charging, and the vast majority of the accidents were due to lithium-ion battery ignition and explosions[5].
Therefore, accurate estimation and monitoring of battery-related parameters is essential to enable users to understand the degree of battery performance degradation and also to prevent dangerous accidents such as spontaneous combustion caused by excessive battery aging. At this stage, in order to give full play to the performance of the battery and enhance the reliability of the energy storage system, most of the energy storage systems need to use a Battery Management System (BMS) to monitor and manage the battery during operation. The state monitoring of the battery mainly includes the charge state, health state and State of Function (SOF) and other parameters. Among them, the state of charge, also known as the depth of discharge, is determined by factors such as current, voltage and temperature; the state of health is mainly affected by factors such as the degree of battery depletion; and the state of function is determined by the combined effect of the state of charge, the state of health, and the operating environment of the battery. Therefore, accurate estimation of SOC and SOH is one of the most basic and important issues in battery condition monitoring[6].
At the same time, the current battery management system has problems such as low accuracy of battery parameter estimation, inability to query parameters in real time, and lack of computational resources. With the development of Internet of Things (IoT) technology, the data of lithium-ion batteries for energy storage is growing geometrically, which provides a data base for the research of accurate battery condition monitoring[7]. In order to make better use of these data resources, the edge-cloud synergy strategy is applied to the field of battery condition monitoring, the cloud has powerful computational effectiveness and storage resources, which can provide arithmetic and storage space for the complex estimation model; the edge end is close to the data source, which can timely collect the native data and carry out the preliminary processing of the data, and it can complete the tasks with high real-time requirements, so that the two systems can achieve the complementary functions, thus making the battery condition monitoring research more accurate and efficient. complementary functions, so that the battery status monitoring both real-time and accuracy[8].


2 [bookmark: _Toc145678097]	Literature Review 
[bookmark: _Toc145678098]2.1 Current Research Status of SOC Estimation Methods
The state of charge (SOC) is an indicator of the remaining battery capacity, which is usually defined as the ratio of the remaining battery capacity to the actual battery capacity from the energy point of view.The SOC is defined as shown in Equation (2-1):

[bookmark: _Hlk145424924]		(2-1)











[bookmark: _Hlk145638898]Where  denotes the current remaining capacity of the battery, and  denotes the capacity discharged by the battery from  to ,denotes the maximum capacity that can be released in the case of a discharge with current . and denote the SOC values at the moments  and , and  is the Coulombic efficiency.
The state of charge (SOC) of a battery is the most commonly used battery usable capacity metric, which quantifies the percentage of the nominal capacity of a battery, and is one of the most important states known to optimise battery performance and prolong the battery life, and thus the quest for higher accuracy, real-time estimation, and easy-to-implement features has driven continuous research in this area over the past few decades. Methods for estimating battery SOC at this stage can be categorised as follows: conventional prediction methods, model-based prediction methods and data-driven prediction methods.
(1) Conventional prediction methods. This class of methods includes open circuit voltage method, internal resistance method and ampere-time integration method. The methods in this category use different relationships between SOC and the measurable cell data of the battery to estimate SOC.These relationships are obtained by experiments such as table checking, curve fitting, machine learning methods, etc. to obtain the historical data of the battery. These methods are generally simpler in principle and less computationally intensive, however, they do not allow for real-time estimation, e.g., the accurate measurement of Open-Circuit Voltage (OCV) requires a long resting time of the battery[9], and the OCV-SOC relationship varies with the operating conditions of the battery (charge multiplication rate and temperature). In addition, for some battery chemistries (e.g., LiFePO4 batteries), the presence of flat regions in the OCV-SOC relationship may lead to inaccurate battery SOC estimates. The internal resistance method of cell SOC estimation, while more accurate, is an offline method that requires additional circuitry, and the accuracy of this method is affected by temperature variations.
To improve the shortcomings of such methods, Fan[10] investigated the fast identification of temperature-dependent OCV-SOC curves from current-voltage data without the need for OCV measurements.A multi-output Gaussian process model was first constructed to capture the correlation between OCV-SOC curves at different temperatures, and then used to construct the OCV-SOC curves for a given temperature.Wang[11] proposed a method to construct complete OCV-SOC curves at different temperatures based on cloud data. The OCV-SOC of the discharge section was identified by an analogue method, the adaptability of different OCV-SOC models was explored, an OCV-SOC model based on an improved electrode potential model suitable for different temperatures was established, and a method for constructing the complete OCV-SOC curve from the charging section based on the thermodynamic ideal material properties was proposed.
Zhang[12] proposed an improved ampere-time integration method based on the Long Short-Term Memory (LSTM) network model, which uses the LSTM network model to obtain the variation of the actual battery capacity, replacing the fixed value of the battery capacity in the traditional ampere-time integration method.Chen[13] used the open-loop voltage method to correct the initial value of SOC, and the bias correlation coefficient was used to add different weights to the factors affecting the actual battery capacity to correct it, thus eliminating the cumulative error caused by the open-loop calculation. The bias correlation coefficient is used to add different weights to the factors affecting the actual capacity of the battery to correct the actual capacity of the battery, thus eliminating the cumulative error of the ampere-time integration method due to the open-loop calculation.
(2) Model-based approach. The model-based approach is to construct a physical model that can characterise the degradation characteristics of the battery from the internal degradation mechanism of the battery, and identify the model parameters to achieve the estimation of the battery SOC, which mainly includes the equivalent circuit model, the electrochemical model method and the empirical degradation model method. Compared with traditional methods, model-based prediction methods, such as Thevenin model, Reciprocal Internal Resistance (Rint) model, Resistance Capacitance Circuit (RC) model, the model-based methods have a higher high prediction accuracy and can achieve closed-loop control, but the prediction accuracy is heavily dependent on the accuracy of the model, and the computational volume is large.
Chen et al[14] proposed the H-∞ Particle Filter (HIPF) based on the equivalent circuit model to further improve the SOC estimation accuracy, and the particle filter improved by the H-∞ Filter (HIF) can inhibit the standard particle filter from executing the process of Particle exhaustion.Xia[15] proposed an adaptive noise correction-dual extended Kalman filter algorithm to implement battery state estimation, which can solve the noise effect of Kalman filtering.Li[16] established an equivalent circuit model for lithium-ion battery bipolarisation, used recursive least squares with forgetting factor to identify the parameters of the model, and used the traceless Kalman filtering to carry out the identification of the identified model parameters. real-time estimation of the SOC of lithium-ion batteries.Liu[17] used an extended Kalman filter based on an electrochemical single-particle model and a second-order resistor-capacitor model to estimate the SOC.Wu[18] argued that traditional methods for estimating the SOC of lithium-ion batteries usually use the equivalent circuit model of the battery, and seldom take into account the effect of the current sensor bias on the estimation of the SOC.Therefore, based on the simplified electrochemical model, he proposed an online SOC estimation method for lithium-ion batteries considering sensor bias.
(3) Data-driven based approach. Data-driven based SOC estimation method is a statistical learning method based on experimental data, which does not need to understand the internal mechanism of the battery, but uses machine learning techniques to mine the laws from the battery experimental data to estimate the SOC.This method usually requires a large amount of experimental data to train the machine learning model. During the training process, the machine learning model will learn to extract features from the input data and predict the SOC based on these features.Neural networks and support vector machines are two commonly used machine learning methods that can effectively extract features from data and perform well in SOC estimation. However, there are various factors affecting the accuracy of prediction based on data-driven methods. First, the defects of each learning algorithm itself, for example, the training process of Back Propagation Neural Network (BP) neural network is prone to local extremes, which affects the usefulness of the model; second, the selection of input parameters of the training model, which not only has an impact on the model complexity, but also has an impact on the model's accuracy; and third. The experimental data noise used in model training also has an impact on the prediction accuracy of the model.
Chen[19] proposed a novel long and short-term memory recurrent neural network with extended inputs and constrained outputs for battery SOC estimation, where for the network inputs, additional slow time-varying information about the sliding-window averaged voltage is introduced to enhance the network's ability to map the nonlinear characteristics of the battery and to reduce the fluctuation of the output SOC; Ali[20] proposed a Gaussian process regression-based adaptive SOC estimation by mapping battery parameters such as voltage, capacity and temperature directly to the corresponding model; Kuchly[21] built a neural network model capable of correcting the initial SOC estimation error and dealing with current measurement bias by using current integration as an input.

[bookmark: _Toc145678099]2.2 Current Research Status of SOH Estimation Methods
Like most batteries, lithium-ion batteries experience capacity degradation and resistance growth during cycling and storage. Understanding the associated aging mechanisms in batteries is important for addressing battery life, safety challenges, accurate life prediction, and improving battery performance.
Battery state of health is the most commonly used metric for assessing the degree of aging in lithium-ion batteries. It is stipulated that the state of health of a battery is 100% when it is new from the factory, and the battery will be accompanied by the aging phenomenon after continuous cycling, with a consequent decrease in the maximum usable capacity, and according to the IEEE 1188-1996 standard, the battery replacement criterion during use is a decrease in the state of health to 80%.The SOH is defined by the formula as shown in Eq. (2-2):
     	(2-2)
SOH estimation methods can be classified into three main categories, experimental measurements, data-driven based methods & model-based methods.
(1) Experimental measurement method. By measuring the real-time data such as terminal voltage and current of the battery, using these data to calculate the resistance, capacity and other parameters of the battery, and then according to the defined SOH formula, using these parameters as a measurement index to estimate the SOH value of the battery. The advantage of the experimental measurement method is that it is applicable to all types of batteries, and the characteristic parameters of the battery can be obtained directly by experimental means, and the SOH value can be obtained by calculation. This method is relatively simple and easy to implement, does not require complex modelling and algorithms, and can provide qualitative and quantitative information about the health of the battery. However, the experimental measurement method is carried out offline and requires the battery to be measured in a laboratory or a specific test environment, which cannot reflect the SOH of the battery in real time. In addition, the method is based on the estimation of the experimental measurement data only, and it does not take into account the dynamic changes in the use of the battery and the influence of environmental factors, and therefore it cannot accurately capture the process of change and degradation of the battery in actual use.
(2) Data-driven approach. This method establishes the relationship between battery performance and health by collecting data during battery operation, such as current, voltage, temperature, and other parameters, and then processes and analyses this data using statistical and machine learning algorithms to infer the health of the battery.Klass[22] and Huang[23] used a support vector machine to fit a black-box model to estimate the lithium-ion battery health status and remaining useful life. Support vector machine is a supervised learning method based on statistical learning theory, which has been widely used to deal with small-sample, nonlinear problems. However, its internal matrix storage may take up a lot of memory and computational cost when dealing with large-sample problems, and it is not suitable for dealing with battery data with a large amount of data. To address this problem, Tiezhou Wu[24] et al. proposed a method for estimating the health state of lithium-ion batteries based on backpropagation neural networks. This type of backpropagation neural network is relatively simple when dealing with large-scale problems, but when dealing with with time-series problems, it cannot reflect the temporal correlation between the data, which reduces the accuracy of the model.
In order to solve the time series problem, recurrent neural networks were applied to the estimation of battery health state[25-26], however, due to the structural characteristics of the recurrent neural network itself, it is unable to memorise long time history information, and also unable to deal with the gradient vanishing and exploding problems due to recursion. In order to solve these problems, the structure of recurrent neural networks was improved, resulting in long and short-term memory neural networks. Due to the superior performance of the long and short-term memory neural network, it has been widely used in studies dealing with long time series data[27].
(3) Model-based approach. This method refers to the estimation of the parameters of the battery using a battery model to achieve the calibration of the battery SOH, which can be classified into electrochemical model and equivalent circuit model according to the model established[28-29]. Firstly, methods based on electrochemical models require knowledge of the laws of chemical changes within the battery, including the concentration of lithium ions at the positive and negative electrodes, the impedance and diffusion coefficients at the interface of the solid electrolyte, etc[30-31]. For example, 
Sanakarasubramanian[32] proposed a life degradation model for lithium-ion batteries based on solvent diffusion and solid electrolyte interfaces, and Bartlett[33] proposed an electrochemical model for predicting the decrease of lithium concentration on the surface and in the volume of each material in composite electrodes. However, this electrochemical model has numerous parameters and is computationally complex, and the equivalent circuit model is a relatively simple alternative. For example, Lai[34] presented the most commonly used battery modelling techniques and their respective equivalent circuit models. Compared to electrochemical models, this equivalent circuit model only needs to identify the internal resistance and capacitance parameters of the battery, simplifying the calculation process. However, the existing equivalent circuit models are unable to reflect the internal mechanistic state of the battery, leading to their low accuracy.
	Li[35] investigated the joint estimation method of SOC and SOH and proposed a hybrid machine learning framework for joint estimation of SOC and capacity using convolutional neural network combined with Gaussian process regression method to generate mean and variance information for state estimation. In the joint estimation process, the two-filter joint framework based on double Kalman filtering has a wider application. He Feng et al[36] designed a dual extended Kalman filter algorithm in the study of the joint estimation problem of battery SOC and SOH.Zhang[37] proposed a unidirectional transmission joint capacity and SOC joint estimation framework based on dual adaptive extended Kalman filters in order to reduce the effects of cross-talk and possible divergence between the estimated states in the two-way transmission joint estimation framework.Liu[38] developed a dual adaptive traceless Kalman filter using two traceless Kalman filter algorithms, one for estimating the SOC and the other for estimating the internal resistance of the battery, to achieve SOH estimation.
3 [bookmark: _Toc145678100]	Lithium-ion battery modelling
The electrochemical reactions of lithium-ion batteries are so complex that it is not possible to directly measure the state of charge and health of the battery; therefore, an accurate model of the battery is needed as a basis for indirect calculations of measurable variables such as current and voltage. In this chapter, different circuit models of the battery will be investigated, focusing on the fractional order model of the battery and its parameter identification by the ant colony algorithm.
[bookmark: _Toc145678101]3.1 Circuit Modelling of Lithium-Ion Batteries
[bookmark: _Toc145678102]3.1.1 Electrochemical impedance spectroscopy
Electrochemical Impedance Spectroscopy[39] (EIS) is a commonly used technique to study the electrochemical and physical processes inside the battery.EIS measurements can obtain the impedance spectra of the battery at different frequencies, and by analysing the impedance spectra, various electrochemical processes and impedance characteristics inside the battery can be determined. The lithium-ion battery model is based on the EIS measurement curve to analyse the reaction process and impedance characteristics of the battery. 
In electrochemical impedance spectroscopy measurements, the variation in current frequency is divided into three regions: the low-frequency region (<10Hz), the mid-frequency region (10Hz~10kHz) and the high-frequency region (>10kHz). The variations in these regions are related to the state of the Li-ion battery (e.g., SOC and aging level), but the overall trend is consistent.
In the low-frequency region, the EIS curve of the lithium-ion battery presents a straight line, indicating the impedance of the lithium-ion battery due to diffusion in the solid-state electrode. In the mid-frequency region, the EIS curve presents a semicircle, reflecting the charge transfer process and the double layer capacitance effect on the cell impedance. In the high-frequency region, the EIS curve is affected by the parasitic inductance generated by the collector, test cable and other factors, and is approximated as a vertical line.
[bookmark: _Toc145678103]3.1.2 Equivalent circuit models
Lithium-ion battery models can be divided into two categories: electrochemical models and equivalent circuit models. Electrochemical models are established based on electrochemical theories and battery kinetic equations, which take into account the chemical reactions and charge transport processes inside the battery, and can predict the electrochemical behaviours and performance of the battery. However, due to the complexity of the physicochemical processes inside the battery, the electrochemical model needs to consider a large number of parameters, and the modelling and calculation process is cumbersome, so the practical application is relatively limited. In contrast, the equivalent circuit model is simpler and clearer, and the model parameters can be identified by the input and output signals of the battery, and the behaviour and performance of the battery can be described by a simple circuit model.
  Equivalent Circuit Model (ECM) uses circuit elements such as capacitors, resistors and constant voltage sources to form a circuit network. The Equivalent Circuit Model is classified as follows:
(1) Battery Rint model
The Rint model includes only the battery ideal voltage source UOC and the battery ohmic internal resistance R0. The model does not take into account the polarisation characteristics of the battery, which results in a low model accuracy. The circuit structure is shown in Figure 3-1.


Figure 3-1 Battery Rint model structure
The battery terminal voltage UL is:

[bookmark: _Hlk145438873]		(3-1)
(2) Thevenin model for batteries
The improvement of the Thevenin model over the Rint model is the addition of an RC circuit to characterise the polarisation of the lithium-ion battery under operating conditions. The circuit structure is shown in Figure 3-2.


Figure 3-2 Battery Thevenin model structure
In this model UOC is the ideal voltage source, R0 is the ohmic internal resistance of the battery, Rp is the polarisation internal resistance of the battery and Cp is the polarisation capacitance. The battery terminal voltage UL is:

[bookmark: _Hlk145439689]		(3-2)
The model is capable of approximate characterisation of the external characteristics of the battery, but since the order of the model is only one, there is still a large error between its calculation results and the actual battery performance.
(3) Battery bipolar model
The battery bipolarisation model adds an RC circuit on the basis of Thevenin's model, which is a second-order RC equivalent circuit model, and the circuit structure of this model is shown in Figure 3-3.


Figure 3-3 Battery Bipolar Model Circuit Structure
The model uses two parallel RC networks to represent the polarisation and diffusion characteristics inside the battery, respectively, where R1 denotes the polarisation resistance, C1 denotes the polarisation capacitance, R2 denotes the diffusion resistance, and C2 denotes the diffusion capacitance.The EIS of the RC parallel structure is semi-circular, and the two parallel RC structures approximately characterise the mid-frequency and low-frequency regions of the electrochemical impedance spectra, which does not describe the solid-state of lithium-ion batteries better. diffusion, and its ideal capacitor cannot accurately simulate the double electric layer effect. In this model, the internal resistance R0 can be calculated from the intersection of the EIS curve and the real axis.
The equation for the dual polarisation model is:

[bookmark: _Hlk145441428]		(3-3)
The accuracy and complexity of the equivalent circuit model are positively correlated with the order, and considering the influence of computational complexity and accuracy, the second-order RC equivalent circuit model is selected as the battery model for the subsequent comparative study.

[bookmark: _Toc145678104]3.1.3 Fractional order models
Conventional integer order models assume that the capacitive element is ideal, i.e., its impedance is proportional to frequency and there is no memory effect. However, in the double layer capacitance effect, the ions in the electrolyte do not respond immediately to changes in frequency, resulting in a capacitive element whose behaviour does not conform to the assumption of an ideal capacitance, and the conventional integer order models are usually based on linear or nonlinear partial differential equations, which are capable of describing the behaviour of certain diffusive processes but may not be able to accurately capture non-smooth or non-linear properties.In order to better describe such non-ideal conditions in the electrochemical behaviour, Constant Phase Element (CPE) is introduced.
The CPE is a nonlinear, nonideal capacitive element, which can more accurately reflect the nonlinear characteristics of capacitance with frequency and the memory effect by introducing fractional order calculus for mathematical description. This nonlinearity and memory effect can better describe the adsorption and diffusion behaviour of ions on the electrode surface and the transport process of ions in the electrolyte in the double layer capacitance effect.The CPE can better describe the non-ideal solid-state diffusion behaviour, which can more accurately fit some non-smooth or non-linear solid-state diffusion phenomena, such as the non-homogeneous electrolyte structure, the complex interactions of the electrolyte/electrode interfaces, and so on.
Fractional order calculus is a generalisation of traditional calculus and has been widely used in various scientific fields such as control theory, circuit electrochemistry, etc. The continuous differential calculus is defined as follows:

[bookmark: _Hlk145441594]		(3-4)
where is the order of the fractional operator, varying in the real number domain, and a and t are the boundaries of the operation. The three most commonly used definitions of fractional order derivatives and integrals are the Grünwald-Letnikov (GL) definition, the Riemann-Liouville (RL) and the Caputo definition. Since the GL definition is concise and clear, it is more suitable for engineering and easy to combine with Kalman filtering algorithms. Therefore, the GL definition is used to model the fractional order lithium-ion battery.The GL definition is derived from the integer order derivatives and integrals and expresses a unique discrete form of the fractional order calculus, denoted as:

[bookmark: _Hlk145441634]		(3-5)

where the symbol is the sampling interval.  is a binomial coefficient that can be calculated as:

[bookmark: _Hlk145441738]		(3-6)


where  is the Gamma function. In order to achieve fractional order derivatives and integrals, it is inevitable to calculate the coefficients . Therefore, a recursive method is used to simplify the calculation process as shown in equation (3-7):

		(3-7)


where  denotes  .
As mentioned above, the Fractional Order Model (FOM) is similar to the ECM in terms of structure because it reflects the electrochemical mechanism of the battery better than the ECM, and at the same time overcomes the disadvantage of the complexity of the electrochemical model, and the circuit structure of the FOM is shown in Figure 3-4.


Figure 3-4 Circuit structure of the fractional order model
The circuit structure of the FOM consists of an open-circuit voltage source and an ohmic resistor, which are also components of a conventional ECM. The difference is that the second-order RC network of a conventional ECM is replaced by a series of RC-like elements called "ZARC", including a resistor and a CPE, which are used to describe the double layer capacitance effect and solid-state diffusion phenomena.
Due to the double layer effect of the dispersion phenomenon between the solid electrode and the electrolyte, it does not agree with the ideal capacitor in terms of frequency response, therefore, the CPE is designed to simulate this deviation with the mathematical expression:

		(3-8)





where ZCPE is the impedance of the CPE, CCPE is the capacitance-like index,  is the Laplace operator, and  is used to describe the dispersion effect . represents the order of the fractional-order capacitor, and the dispersion effect means that the impedance spectral curve always deviates more or less from the semicircular trajectory and shows a segment of arc. When, the CPE is at this point similar to an ideal capacitor, while when, the CPE is resistive. The more fractional order elements are added, the more accurately the FOM can describe complex electrochemical processes.
[bookmark: _Toc145678105]3.2 Parameter Identification of Fractional Order Models
[bookmark: _Toc145678106]3.2.1 OCV-SOC curve measurement
The voltage of lithium-ion battery mainly includes terminal voltage, open circuit voltage and so on. Terminal voltage refers to the potential difference between the positive and negative terminals of the battery, and open-circuit voltage refers to the terminal voltage of the battery when the electrochemical reaction inside the lithium-ion battery reaches the equilibrium state in the absence of a load, which can be measured by directly connecting a multimeter or voltmeter to the positive and negative terminals of the battery. The open-circuit voltage can be regarded as an important characteristic of lithium-ion batteries, and its value reflects the electrochemical state of the battery and the remaining power to a certain extent.
In practice, the terminal voltage of a lithium-ion battery cannot be measured directly, but needs to be estimated by some indirect methods. One of the common methods is to use the open circuit voltage to determine the battery terminal voltage at a specific SOC. This is because during the discharge process of a lithium-ion battery, the battery terminal voltage changes with the SOC, and the open-circuit voltage can be obtained by measuring or checking the table, so it can be used to derive the battery terminal voltage.
Since OCV and SOC have a one-to-one correspondence, if we know the current OCV of the battery, we can know its corresponding SOC. in order to obtain the relationship curve between OCV and SOC, the battery is discharged at room temperature, and the relevant parameters of the experimental object are shown in Table 3-1.
Table 3-1 Lithium-ion Battery Related Parameters
	name
	norm
	name
	norm

	Battery Name
	INR18650-30Q
	Rated voltage
	3.6V

	Standard capacity
	3000mAh
	Discharge cut-off voltage
	2.5V

	Maximum discharge current
	  15A
	Charge cut-off voltage
	4.2V

	Storage environment
	0~50℃
	Battery Specifications
	65*18（mm）



The specific experimental steps are as follows:
(1) Constant-current and constant-voltage charging of the battery. Charge the battery with constant current at a multiplication rate of 0.5C to the upper cut-off voltage of 4.2 V, and then charge it with constant voltage at a cut-off current of 0.05 C. After charging, the battery was left to stand for 2 hours.
(2) The SOC sampling points were selected as 1.00, 0.90, 0.80, 0.70, 0.60, 0.50, 0.40, 0.30, 0.20, 0.10. Because of the obvious voltage changes at the beginning and the end of the battery discharge, the interval between the SOC sampling points was small in order to obtain a more accurate OCV-SOC characteristic curve.
(3) The battery was discharged to the cut-off voltage with a current of 20A. Each time the discharge reaches the SOC sampling point, stop the discharge, the battery will be set aside at 25 ℃ room temperature for 2 hours, the battery terminal voltage is considered to be the open-circuit voltage at this time, and then continue to discharge until the battery SOC is 0, the end of the experiment.
The OCV-SOC correspondence for the measured SOC sampling points is shown in Table 3-2.
Table 3-2 OCV-SOC Correspondences
	OCV（V）
	SOC（%）
	OCV（V）
	SOC（%）

	4.1617
	100
	3.7317
	50

	4.0749
	90
	3.6396
	40

	4.0153
	80
	3.5208
	30

	3.9164
	70
	3.3860
	20

	3.8163
	60
	3.2037
	10


The measured data in the table were fitted to the 8th order using the curve fitter toolbox in Matlab software, which leads to an expression for the OCV-SOC relationship curve as shown in Equation (3-9).

     (3-9)
The results of fitting the polynomial coefficients a-i are shown in Table 3-3.
Table 3-3 Polynomial coefficients of OCV-SOC curve fitting expressions
	a
	b
	c
	d
	e
	f
	g
	h
	i

	117.5
	-380.5
	448.5
	-202.4
	-18.69
	53.48
	-21.8
	5.34
	2.82



Based on the data in the table it is possible to derive the OCV-SOC curve as shown in Figure 3-5.
[image: ]
Figure 3-5 OCV-SOC Curve
As can be seen from Figure 3-5, the OCV of the battery increases as the SOC of the battery increases. In the middle of the battery discharge, the voltage change tends to level off, for the discharge platform effect of the battery. At the beginning as well as at the end of the battery discharge, the OCV changes significantly, and at this time, small changes in the OCV of the battery can cause drastic changes in the SOC of the battery.
[bookmark: _Toc145678107]3.2.2 Ant colony algorithm
Ant colony algorithm is an intelligent optimisation algorithm[40], which is extracted from the foraging behaviour of ants. Since ants do not have vision, they release some pheromones in the process of searching for food, and they can thus sense the pheromones of other ants. Generally, the ant colony will prefer the path with higher pheromone concentration and release pheromone to that path, which enables the ant colony to find the shortest path from the nest to the food source in the shortest time. The advantages of the ant colony algorithm in battery model parameter identification are as follows.
(1) The parameter space of the battery model is usually large, and the traditional least squares parameter identification method may fall into the local optimal solution, while the ant colony algorithm is able to find the better parameter combinations faster and improve the efficiency of parameter identification through the global search feature and parallel search capability;
(2) The behaviours of battery models are often complex nonlinear problems, such as electrochemical reactions, concentration polarization, etc. The ACO algorithm, as a global optimization algorithm, is able to better deal with nonlinear parameter identification problems and more accurately fit the actual battery behaviours.
The algorithm was initially used to solve the Traveling Saleman Problem (TSP), which is the shortest path from the origin, through a number of given points, and finally back to the origin. Analogous to the Traveling Saleman Problem to solve the parameter identification problem, the steps are as follows:
(1) Initialisation of parameters. The parameters are initialised before iteratively finding the best path.

(2) Iteratively calculate the probability of selecting a city. After initialising the parameters, a loop is performed for m ants and n cities, setting that there are known to be n cities arranged in a unidirectional manner, with P paths between each city, and the ants traverse the shortest paths of all cities in a unidirectional manner. The size of the probability is related to the pheromone, in the parameter identification pheromone using the end voltage error sum of squares as the calculation of the indicator, the indicator judgement rule is: the smaller the sum of squares, the larger the concentration, the corresponding path next time the ants choose to take the path will be the greater the probability. Let the current city of ant k be i,  is the probability that ant k will choose the jth path to the next city. The probability calculation formula is:

[bookmark: _Hlk145610517]		(3-10)


where  is the pheromone concentration of ant k on the pth path from city i to the next city at time t, and  is the pheromone concentration of the jth path chosen by ant k.
(3) Select the next city. In order to prevent falling into local optimal solution, 150 ants are randomly selected to choose the path according to Eq. (2-13) when choosing other unvisited cities, and the other 50 ants randomly choose the next city.
(4) Update the shortest path. Sum the above paths one by one after the city has been selected, and derive the path sum of each ant in this traversal, if the shortest path size in this traversal is larger than the historical optimal solution, then the shortest path size remains unchanged; if it is smaller than the historical optimal solution, the historical optimal solution will be replaced by the current optimal solution.
(5) Update the pheromone concentration. The updating formula is:

[bookmark: _Hlk145610701]		(3-11)



where  is the pheromone residual coefficient, which takes the value  ,  is the pheromone on the path when ant k traverses the path, and is calculated as:
[bookmark: _Hlk145610826]		(3-12)
where Q denotes the pheromone strength and Qk denotes the length of the path taken by ant k in this traversal.
(6) Steps (2) to (5) are the process of iteratively selecting the best path until the convergence condition is reached.
In this paper, the ant colony algorithm will be introduced to identify the parameters of the equivalent circuit model and the fractional-order model, in which the convergence condition consists of the maximum number of traversals of the ant population and the objective function, the maximum number of traversals of the ant population is the maximum number of iterations of the ant colony algorithm, and the objective function is selected to be the absolute value of the error between the battery terminal voltage value obtained from experimental measurements and the estimated output terminal voltage value of the battery model is less than the set value.
[bookmark: _Toc145678108]3.2.3 Identification of model parameters based on ant colony algorithm
The principle of parameter identification depends on the physical characteristics of the battery. In order to obtain accurate parameters, the battery was tested by pulse discharge experiment, the experimental object is the same model as the battery of OCV-SOC curve determination experiment, the experimental environment is room temperature 25℃, and a discharge current of 20A is used, the specific experimental steps are as follows:
(1) Place the battery at room temperature 25°C for 30 minutes;
(2) Charge the battery with constant current at a multiplication rate of 0.5C to an upper cut-off voltage of 4.2 V, and then charge it with constant voltage at a cut-off current of 0.05 C. After charging, the battery was left to stand for 2 hours;
(3) Discharge at 20A until the SOC is reduced by 10%;
(4) Leave for 2 hours;
(5) Cycle steps (2) to (4) for 9 times;
(6) End of experiment.



The terminal voltages and currents obtained from the experiment are shown in Figs. 3-6(a) and 3-6(b), and the local zoomed-in schematic is shown in Fig. 3-7, in which the battery is at rest before the experiment time , discharged with a current of 20A between , and the battery is at rest after . The main initial parameters of the ant colony algorithm after several debugging sessions are shown in Table 3-4.
Table 3-4 Main Initial Parameters of Ant Colony Algorithm
	[bookmark: _Hlk134690887]parameter category
	Number of ants/pc
	Number of cities/seat
	Number of inter-city paths/article
	Maximum number of iterations/times

	numerical value
	300
	48
	70
	10



[image: ]
（a）Pulse discharge experiment current waveform
[image: ]
              (b) Pulse discharge experiment voltage waveform
Figure 3-6 Voltage and Current Waveforms of Pulse Discharge Experiment
[image: ]
Figure 3-7 Schematic diagram of local enlargement of pulse discharge



The parameters to be identified for the fractional order model are R0, R1, R2, C1, C2, and , as can be seen in Figure 3-7, the terminal voltage will drop or rise as soon as the discharge or charging current starts or stops. The voltages U1 and U2 of capacitors C1 and C2 do not change abruptly at the moment of starting discharge/charging. Therefore by the change in terminal voltage at the moment of starting discharge/charging it is possible to determine the ohmic resistance R0. The ohmic resistance R0 can be calculated as Equation (3-13), where  is the value of the current from point a to point b.

[bookmark: _Hlk145612148]		(3-13)
The results of parameter identification are shown in Table 3-5.
Table 3-5 Fractional Order Model ACO Algorithm Parameter Identification Results
	R0
	R1
	R2
	C1
	C2
	

	


	3.721mΩ
	3.044mΩ
	3.544mΩ
	11.795kF
	862.860kF
	0.8758
	0.9674



In order to verify the advantage of the fractional order model, the second order RC equivalent circuit model is also subjected to the parameter identification based on ACO algorithm to compare the errors of the two models, and the error metrics are the terminal voltage error values. The terminal voltage estimation results of the equivalent circuit model and the fractional-order model are shown in Fig. 3-8, and the comparison with the real value is shown in Fig. 3-8(a), and the comparison of the output terminal voltage error values of the two models is shown in Fig. 3-8(b).
[image: ]
（a）Comparison of model end voltage with real value
[image: ]
           (b) Comparison of model end voltage error values
Figure 3-8 Voltage estimation results of ECM and FOM terminals
Comparison of the accuracy performance metrics of the equivalent circuit model based on the ant colony algorithm with the fractional order model is shown in Table 3-6.
Table 3-6 Evaluation results of circuit model performance indicators
	
	Average absolute error/V
	Maximum absolute error/V
	Root mean square error/V

	equivalent circuit model
	0.0072
	0.0980
	0.0102

	fractional order model
	0.0047
	0.0411
	0.0073


As can be seen from Figs. 3-8, the terminal voltage error values of the fractional-order model are smaller than those of the equivalent circuit model, and as can be seen from Tables 3-6, the maximum absolute error, average absolute error, and root-mean-square error of the measured voltage and the model output voltage of the second-order RC equivalent circuit model are higher than those of the battery fractional-order equivalent circuit model by 138.4%, 53.1%, and 39.7%, and the results indicate that the fractional-order model established in this chapter is more accurate than the second-order RC equivalent circuit model. model is more accurate than the second-order RC equivalent circuit model, and the subsequent research on the estimation methods of SOC and SOH will be based on the fractional-order model in this chapter.
[bookmark: _Toc145678109]3.3 Summary of the chapter
This chapter firstly analyses the working principle and voltage characteristics of lithium-ion batteries, and determines the OCV-SOC curve; secondly, it compares and analyses the circuit models commonly used in lithium-ion batteries, focusing on the fractional-order model, and adopts the ant colony algorithm to compare the parameter identification of the fractional-order model with the equivalent circuit model and the accuracy of the model, and analyses the advantages of the fractional-order model, and the subsequent algorithms of SOC and SOH will be investigated on the basis of the fractional-order model.
























4 [bookmark: _Toc145678110]	Research on the joint estimation method of SOC and SOH based on the edge-end
In the previous chapter, the fractional order model and the equivalent circuit model were compared and analysed, and the OCV-SOC curve was determined. In this chapter, the joint estimation method of SOC and SOH at the edge is investigated on the basis of the fractional order model, and a SOC estimation method based on adaptive extended Kalman filtering is proposed by adding the noise adaptive process on the basis of extended Kalman filtering; in order to reduce the impact of the changes in the battery capacity and ohmic In order to reduce the influence of the change of battery capacity and ohmic internal resistance on SOC, a joint estimation of SOC and SOH is carried out, and a multi-timescale SOC and SOH joint estimation method based on adaptive extended Kalman filtering is proposed to estimate the current ohmic internal resistance and the maximum usable capacity of the battery, and the joint algorithm is integrated into the side-end to carry out the calculation.
[bookmark: _Toc145678111]4.1 Principles of Kalman filtering algorithm
[bookmark: _Toc145678112]4.1.1 Standard Kalman Filter Algorithm
The standard Kalman filter algorithm is a recursive algorithm based on the minimisation of the mean square error, which is divided into two steps: prediction and updating, and the basic principle is to modify the values of state variables at the current moment according to the errors between the estimated values of the state variables at the previous moment, the actual values of the observed variables at the current moment and the estimated values. The Kalman filter algorithm can only be applied to linear systems, while most of the systems in practical engineering belong to nonlinear systems, so further improvements have been made on the basis of the Kalman filter algorithm, and improved algorithms of the Kalman filter algorithm have been derived, such as the Extended Kalman Filter Algorithm[41], and the Traceless Kalman Filter Algorithm[42], and so on.
Let the state and observation equations of the standard Kalman filtering algorithm be:

[bookmark: _Hlk145613562]		(4-1)

		(4-2)













here  is the value of the system state variable at the moment k+1,  is the system input variable,  is the state transformation matrix,  is the input matrix of the control variables,  is the process noise,  is the observed variable,  is the observation noise,  and  both obey Gaussian distributions,  is the observation matrix,  is the system feed-forward matrix,  is the observation noise covariance, and  is the process noise covariance.
Steps 1 to 3 are the standard Kalman filtering process.





Step 1: Initialise , where  is the initial value of the error covariance,  is the initial value of the state value,  is the initial value of the process noise covariance, and  is the initial value of the observation noise covariance.
Step 2: Time to update the equations:

[bookmark: _Hlk145614072]		(4-3)

		(4-4)



The time update equation focuses on the time lapse, i.e., the prediction process. Eq. (4-3) is the a priori estimate of the state at the current k+1 moments,  is the a posteriori estimate at k moments, which is the result of the Kalman filter at k moments;  is the a posteriori estimate covariance at k moments, and  is the a priori estimate covariance at k+1 moments.
Step 3: Measure to update the equation:

[bookmark: _Hlk145614273]		(4-5)

		(4-6)

		(4-7)





where I represents the unit matrix, the superscript "-" is the estimated value,  in Eq. (4-5) is the Kalman gain at the k+1 moment,  in Eq. (4-6) is the a posteriori estimate at the k+1 moment, which is the result of Kalman filtering,  is the covariance of , and  is the true value of the observed variable at the k+1 moment.
[bookmark: _Toc145678113]4.1.2 Extended Kalman Filter Algorithm
The EKF algorithm can be applied to nonlinear systems and can handle nonlinear systems and nonlinear measurement models relative to the Kalman filter algorithm.The EKF linearises nonlinear systems and nonlinear measurement models by using a first-order Taylor expansion of the nonlinear model in the prediction and update steps of the Kalman filter. The flowchart of the extended Kalman filter algorithm is shown in Figure 4-1.


Figure 4-1 Extended Kalman Filter Algorithm Flowchart

[bookmark: _Toc145678114]4.2 Research on SOC estimation method based on FOAEKF
[bookmark: _Toc145678115]4.2.1 Noise optimisation based on adaptive extended Kalman filtering
The EKF algorithm assumes that both the system noise and observation noise are Gaussian white noise with zero mean, although the noise in the actual process is considered. In the discharge process of the battery, the noise variance will change with the change of the discharge multiplicity, and the fixed noise variance assumption in the EKF algorithm is not in line with the actual situation, which may lead to an excessive estimation error. Aiming at the shortcomings of EKF, an adaptive extended Kalman filtering algorithm is proposed on this basis, which improves the estimation accuracy of the algorithm by real-time updating of observation noise covariance (R) and process noise covariance (Q). Based on the idea of covariance matching, the method uses the new interest and residual sequences to construct an on-line estimator for noise estimation, and updates the covariance matrices of the process noise and observation noise in real time, so as to obtain the optimal state estimation results.
For filtering performance, the new interest and residual series are more reliable metrics. The new interest series is the difference between the output sequence of the filter and the predicted sequence. This sequence reflects the effectiveness of the filter because it contains parts that the filter cannot predict accurately. The smaller the new interest sequence, the better the filter prediction and the better the filtering performance; the residual sequence is the difference between the original signal and the output sequence of the filter. This sequence reflects the portion of the noise that the filter fails to remove completely. The smaller the residual sequence, the better the filter removes the noise and the better the filtering performance.


[bookmark: _Hlk145615704]Define the difference between the actual observed value  at the current moment of the Kalman filter and the predicted value  at the current moment of the Kalman filter as the new interest matrix at moment k+1 , i.e.:

[bookmark: _Hlk145615739]		(4-8)



The residual  is defined as the difference between the actual observation  and the a posteriori estimate of , i.e:

[bookmark: _Hlk145615914]		(4-9)


From equation (4-8), it can be seen that the new interest matrix  contains the new observations and the information of the model, assuming that  has the experiential nature of each state, the real-time estimated variance of the new interest matrix can be calculated according to the open-window estimation method[43], due to the fact that the calculation of the real-time estimated variance of the new interest matrix needs to be based on the historical measurements, but if the amount of historical data is too much, it will lead to the estimation error increase, which will affect the accuracy of estimating the SOC, and by the open-window estimation method, the range of historical data can be limited to make the estimation of the SOC a more stable and reliable process, and the calculation formulas are as follows:

[bookmark: _Hlk134474131][bookmark: _Hlk145616003]		(4-10)
Where W is the length of the sliding data window, W directly affects the accuracy and response speed of the estimation results, the smaller W is, the higher the sensitivity of the filter, which can track the short-term changes faster, but too small is prone to bias and dispersion; the larger W is, the more accurate the estimation results are, but too large will reduce the tracking ability of short-term changes. Therefore, choosing the appropriate window size requires a compromise between sensitivity and accuracy.
[bookmark: _Toc145678116]4.2.2 SOC estimation based on FOAEKF
Based on the above analysis of the optimisation process of SOC estimation, the optimisation process of the SOC estimation method proposed in this chapter is summarised as follows:
Based on the fractional order model, the state estimation of SOC is carried out, EKF is a commonly used filtering method to solve the nonlinear problem, but in the previous algorithmic process are assumed that the system noise and the observation noise are Gaussian white noise with zero mean, the assumption does not meet the actual situation of battery operation, so the noise is adapted to real-time update of the measurement noise and the process noise covariance to improve the estimation accuracy of the algorithm, and the algorithm is named as Adaptive Extended Kalman Filter (AEKF). And the algorithm is named Adaptive Extended Kalman Filter Based on Fractional Order Model (FOAEKF).
  Steps 1 to 5 are the FOAEKF estimation SOC process, and the estimation flowchart is shown in Figure 4-2.




Step 1:  , initialise state variable ，，:


[bookmark: _Hlk145617318][bookmark: _Hlk145617304]		(4-11)


		(4-12)


		(4-13)


		(4-14)

Step 2: , T is the length of the time step, state variables and error covariance prediction:

		(4-15)

		(4-16)
Step 3: Kalman gain matrix:

		(4-17)

Step 4: The system state variables and error covariance are updated.  is the true terminal voltage value at moment k+1:

		(4-18)

		(4-19)
Step 5: Adaptive noise covariance update:

		(4-20)

		(4-21)


Figure 4-2 Flowchart of SOC estimation based on FOAEKF
[bookmark: _Toc145678117]4.2.3 SOC estimation experiment results and analysis
In this chapter, the battery SOC is estimated using the adaptive extended Kalman filter algorithm based on the fractional order model. The experimental simulation is carried out under pulse discharge experimental conditions, the simulation tool is Matlab, the main initial parameter values are shown in Table 4-1.

Table 4-1 Main initial parameter values of SOC estimation algorithm
	Form
	x0
	P0
	Q0
	R0
	W
	T

	Numerical
	(0 0 0.8)/(0 0 1)
	diag(1,1,1)
	diag(1,1,1)
	0.001
	18
	240000


Figure 4-3 shows the results of SOC estimation, with the initial values of SOC for FOAEKF set to 1 and 0.8, respectively, and the true initial value of 1.

[image: ]
(a) SOC estimation results for an initial value of 1
[image: ]
(b) SOC estimation error for an initial value of 1
[image: ]
(c) SOC estimation results for an initial value of 0.8
[image: ]
 (d) SOC estimation error for an initial value of 0.8
Figure 4-3 SOC Estimation Result Chart

From Figure 4-3 (a) and (c), it can be seen that the FOAEFK algorithm can track the real SOC regardless of whether the initial value set is the same as the real initial value, and can reach the convergence stage faster, and it can be seen from Figure 4-3 (b) that when the initial value is set to 1, the maximum error of estimation is 4.76%. As can be seen from Figure 4-3(d), when the initial value is set to 0.8, even though the estimation error is large in the initial stage due to the large difference between the initial value and the real value, it has a strong self-recovery ability, and the maximum error is 5.25%, which reflects the advantage of the FOAEKF algorithm in SOC estimation.
Figure 4-4(a) and Figure 4-4(b) show the comparison of SOC estimation and SOC error of three different methods when the initial value of SOC setting is 0.8, and the comparison of the error of different SOC estimation methods is shown in Table 4-2. From Figure 4-4 and Table 4-2, it can be seen that the adaptive noise in the EKF process can effectively improve the estimation accuracy of SOC, and when the initial value is 0.8, the average absolute errors of AEKF, FOEKF and FOAEKF are 3.21%, 2.45% and 1.89%, and the FOAEKF algorithm is more effective in estimating SOC. After several experimental analyses, it was concluded that one of the reasons for the large deviation of the estimation error in the initial discharge state is the instability of the battery terminal voltage.
[image: ]
(a) SOC estimation results of different methods [image: ]
(b) SOC estimation errors of different methods
Figure 4-4 Comparison of SOC estimation by different methods

Table 4-2 Comparison of SOC estimation errors of different methods
	SOC estimation method
	average absolute error
	Maximum absolute error
	rms error
	The initial value is

	AEKF[44]
	3.21%
	5.58%
	3.53%
	0.8

	FOEKF[45]
	2.45%
	5.47%
	2.67%
	0.8

	FOAEKF
	2.03%
	5.25%
	2.42%
	0.8

	
	1.89%
	4.76%
	2.21%
	1



[bookmark: _Toc145678118]4.3 Study of joint SOC and SOH estimation method based on FODAEKF
[bookmark: _Toc145678119]4.3.1 Joint SOC and SOH estimation strategy for multiple time scales
SOH is a parameter that measures the state of health of a battery and is initially defined as 100% for a new battery. As the battery is used, the SOH decreases and the external characteristics of the battery, such as capacity characteristics and internal resistance characteristics, change, including a larger ohmic internal resistance and a lower maximum usable capacity. Battery parameters such as ohmic internal resistance, polarisation internal resistance and maximum usable capacity remain essentially unchanged for shorter charging and discharging cycles, but small changes in these parameters accumulate as the number of charging and discharging cycles increases. If these variations are ignored, they may lead to inaccurate estimation of the state of charge of old batteries or even more serious consequences. Therefore, ohmic internal resistance and maximum available capacity can be used to describe the health state of a battery.
Since the capacity, internal resistance and other parameter values of lithium-ion batteries have slow time-varying characteristics, the parameter values will change with the use of the battery, but the rate of this change is relatively slow and takes a long time to be observed; the state of charge of the battery has a fast time-varying characteristic, which is usually changed in a short period of time. If estimated at a uniform time scale, the process of estimating SOC and SOH will increase the amount of computation, and with the continuous updating of parameters, it may cause large fluctuations in the parameters, reducing the accuracy of the estimation. Therefore, the SOC of the battery can be estimated in the micro time scale, and the current available capacity, internal resistance and other battery parameters can be estimated in the macro time scale, and then the SOH of the battery can be estimated.The schematic diagram of the joint estimation of SOC and SOH in multiple time scales is shown in Figure 4-5.


Figure 4-5 Joint estimation of SOC and SOH on multiple time scales

As can be seen from Figures 4-5, after the estimation of SOC is completed, the state prediction value will be substituted into the estimation algorithm for the SOH of the battery, and the internal resistance and capacity of the battery will be calculated, and if the estimated value of the capacity of the battery meets the operating conditions of the battery, it will continue to operate, otherwise the battery will stop working. The accuracy of SOC estimation is improved by iterative looping of the algorithm, while the health status of the battery is analysed and judged based on the battery parameters such as the estimated capacity value and internal resistance value. In this section, the adaptive extended Kalman filter (FOAEKF) algorithm is applied to the joint estimation of SOH and SOC by setting up two extended Kalman filters, the adaptive extended Kalman filter is used for SOC estimation, and the extended Kalman filter is used for predicting the battery model parameters, i.e., SOH estimation.




[bookmark: _Toc145678120]4.3.2 Joint estimation of SOC and SOH on multiple time scales based on FOADEKF
The joint estimation method proposed in this chapter is named Dual Adaptive Extended Kalman Filter Based on Fractional Order Model (FODAEKF) for joint estimation of SOC and SOH at multiple time scales The equations of state and observation are as follows:

		(4-22)

(4-23)	

		(4-24)












 is a state variable at the micro time scale,  and  are indicators at the macro time and micro time scales respectively.  is the observed value of the state variable; process noise , observation noise  .  is the battery model parameter variable,  ,  is the maximum available capacity,  is the ohmic internal resistance of the battery,  is the process noise, and L denotes the time separation scale, which is set to be estimated every 60 SOCs for SOH in this algorithm[46].
Steps 1 to 5 are the FODAEKF estimation SOC process, and the algorithm flowchart is shown in Figure 4-6.











Step 1:  , initialisation parameters. State variables  , process noise  , observation noise  , error covariance , model parameter variables  , model parameter process noise  , model parameter observation noise  , model parameter error covariance  , microscopic time scale  , time separation scale .

Step 2: , T is the length of the computed time step, and the macroscopic time scale model parameters are updated in time.

		(4-25)

		(4-26)
Step 3: Temporal updating of state variables on micro time scales.


		(4-27)

		(4-28)
Step 4: Update of state measurements on micro time scales.

		(4-29)

Update process and observation noise covariance,  is the true observed value, i.e., the true end voltage value.

		(4-30)

		(4-31)

Step 5: When the time separation scale, i.e., , is reached, the model parameter measurements at the macro time scale are updated.


		(4-32)


		(4-33)

		(4-34)


Figure 4-6 Flowchart of the FODAEKF algorithm

The joint estimation method proposed in this chapter is based on the Extended Kalman Filter, and the complexity of the EKF is relatively low compared to other nonlinear filtering methods, so it is suitable to be integrated to the edge side, which can meet the real-time requirements of the edge side.
[bookmark: _Toc145678121]4.3.3 Experimental results and analyses for joint SOC and SOH estimation
To verify the advantages of the multi-timescale extended Kalman filtering algorithm, simulation experiments are conducted under pulse discharge conditions. The joint estimation algorithm of SOC and SOH based on adaptive extended Kalman filtering with multiple time scales, and the main initial parameter values of the SOC estimation algorithm are shown in Table 4-3.

Table 4-3 Main initial parameter values of SOC estimation algorithm
	[bookmark: _Hlk134124069]form
	numerical value

	

	(0 0 0.8)/(0 0 1)

	

	diag(0.01,0.01,1)

	Qx 0,l
	diag(0.01,0.01,0.01)

	

	0.001

	

	18

	

	


	

	diag(1,1)

	

	0.001

	

	diag(0.001,1)

	L
	60


Figures 4-7 show the R0 estimation results, SOH estimation results and, SOH estimation errors and their local magnification in using the FODAEKF algorithm. The initial ohmic internal resistance value and the initial capacity value are set to be different from the reference value, which are 0.7 times and 3100mAh of the ohmic internal resistance identification result, respectively.

[image: ] [image: ]
（a）R0 estimation results               （b）SOH estimation results

[image: ][image: ]
（c）SOH estimation error   （d）Partial enlarged image of SOH estimation error
Figure 4-7 Estimation Results of R0 and SOH
From Figure 4-7(a), it can be seen that the internal resistance of the battery has large fluctuations during the initial stage of discharge and the end stage of discharge, and it can converge well to the vicinity of the reference value of the internal resistance during the discharge process, which indicates that the algorithm can estimate R0 better; from Figure 4-7(b) and (c), it can be seen that the estimation results of the SOH are gradually close to the reference value over time, and the error gradually decreases, with the maximum absolute error being 5.80%, the average absolute error is 3.29%, and the root mean square error is 3.54%, which verifies the prediction performance of the algorithm; as can be seen from Figure 4-7(d), the SOH is estimated once for a fixed period, and when no estimation is performed, it is still the SOH estimation result of the previous moment.
Figure 4-8(a) and Figure 4-8(b) show the comparison graphs of the extended Kalman filter algorithm and the adaptive extended Kalman filter algorithm for estimating SOC and the SOC error of the two methods respectively when the initial value of SOC setting are both 0.8, and the comparison of the error of different SOC estimation methods is shown in Table 4-4.
Table 4-4 Comparison of the errors of different methods of SOC estimation methods
	SOC Estimation method
	Mean absolute error
	Maximum absolute error
	Root mean square error
	initial value

	FOAEKF
	2.03%
	5.25%
	2.42%
	0.8

	FODAEKF
	1.56%
	3.21%
	1.65%
	0.8


From Figure 4-8 and Table 4-4, it can be seen that the adaptive to noise in the extended Kalman filtering process can effectively improve the estimation accuracy of SOC, and the average error of FOAEKF is 2.03% when the initial value is 0.8, and the accuracy of the joint estimation method for estimating the SOC is better than the accuracy of the SOC when it is estimated individually.
[image: ] 
（a）SOC estimation results using different methods
[image: ]
（b）SOC estimation error of different methods
Figure 4-8 Comparison of SOC estimation using different methods
[bookmark: _Toc145678122]4.4 Summary of the chapter
In this chapter, the joint estimation method of SOC and SOH at the edge end is investigated based on the fractional order model. Firstly, based on the fractional order model, the extended Kalman filter is optimised to update the noise in the filtering process in real time, and the SOC estimation of the cell is carried out by FOAEKF. Upon comparison with other filtering algorithms, it can be seen that the FOAEKF algorithm proposed in this chapter is better than the FOEKF algorithm in terms of accuracy; then the FODAEKF method is proposed to jointly estimate the SOC and SOH, and iterative updating is carried out at different time scales to estimate the SOC and SOH.

5 [bookmark: _Toc145678123]Research on Cloud-based Joint Estimation Method for SOC and SOH
In the previous chapter, the joint estimation method of SOC and SOH at the edge was investigated on the basis of the fractional order model, and in this chapter, we will optimise on the basis of traceless particle filtering to solve the problem of the uneven distribution of the Sigma sampling points generated by the traceless particle filtering, and combine with the strategy of the joint estimation of the SOC and SOH in multi-timescale, to put forward the joint estimation method of multi-timescale based on the FOASOUPF-UKF, and the joint algorithm will be integrated into the cloud for the computation.
[bookmark: _Toc145678124]5.1 Principles of Traceless Particle Filtering Algorithm
[bookmark: _Toc145678125]5.1.1 Traceless Kalman Filter Algorithm
The Unscented Kalman Filter algorithm is one of the derivatives of the Kalman Filter algorithm, which achieves the approximation of the state distribution by the Unscented Transformation (UT), which eliminates the need for a linear approximation of the nonlinear system in comparison to the EKF, and allows the algorithm to estimate with higher accuracy. 
In contrast to EKF, the UKF algorithm does not need to deal with nonlinear functions through Taylor series expansion, but rather approximates the distribution of the state variable by a suitable sampling method based on the UT transform, which is used to transform a Gaussian distribution of states to the output distribution of a nonlinear function.The main purpose of the UT transform is to estimate a nonlinear The mean and covariance matrix of a Gaussian distribution are selected by symmetrically sampling 2n+1 Sigma points around the mean to cover most of the distribution information; then the Sigma points are mapped into another space by the nonlinear transformation so that they can fit better into the nonlinear distribution; finally, the transformed mean and covariance matrices of the Sigma points are used to update the Kalman filter of the state estimates and covariance matrix.
Steps 1 to 3 are the basic steps of the UT transform.
Step 1: Select 2n+1 Sigma points using symmetric sampling.

		(5-1)

		(5-2)



Step 2: Nonlinear transfer of Sigma points. Each point in the constructed point set  is transformed according to the nonlinear equation , resulting in the Sigma point set .

[bookmark: _Hlk145629485]		(5-3)



Step 3: Calculate the mean  and covariance  of  .

		(5-4)
[bookmark: _Toc145678126]5.1.2 Traceless particle filtering algorithm
The particle filtering algorithm[47] is based on the probability density function of Monte Carlo simulation, and the main idea is that the state of the particles is updated by passing a set of random particles to the next time step and using the dynamic equations of the system. The weights of each particle will be updated based on the observations, resulting in a new set of particles. These new particles will represent the new hypothetical state and an estimate of the state of the system can be obtained by weighted averaging.
The particle filtering algorithm can extract some of the discrete random particles and achieve the estimation of the sample mean through the probability density function, the algorithm breaks the limitation that the random variables must obey the Gaussian distribution when solving the problem of nonlinear systems, and it is suitable for nonlinear non-Gaussian systems. However, the particles extracted by the particle filtering algorithm have a great impact on the accuracy of the calculation, and the main effects are: due to the different weights of the particles, resulting in unbalanced calculation results; when the number of particles with smaller weights is large, it will cost a lot of computational time for the calculation of the particles with smaller weights, which greatly reduces the computational efficiency and accuracy, i.e., particle degradation phenomenon.
Although resampling can reduce the particle degradation phenomenon, too much resampling will lead to a large number of particles being eliminated, resulting in a sharp decrease in the number of particles, and even the particle library will be depleted.
The diagram of the resampling process is shown in Figure 5-1, firstly, the probability of each particle being sampled is calculated according to the weights, and N uniformly distributed random numbers are generated in the interval [0,1], N is the number of particles sampled, which are used as the sampling positions respectively; then, according to the probability of each particle being sampled, the interval [0,1] is divided into N sub-intervals, and the particles corresponding to each sub-interval are determined. The number of sampled particles is 10, and the original particle set is {1,2,3,4,5,6,7,8,9,10}, after resampling by the above process, the weights of particle 1 and particle 8 are not collected into the new particle set because of their small weights, and the resampled particles are , and the resampled particles are reordered according to their serial numbers.


Figure 5-1 Schematic diagram of particle filter resampling process

To further address the particle degradation problem, a suitable suggested density function can be chosen to keep the number of particles constant or reduced and match the likelihood function with the prior distribution. In this chapter, the algorithm is further optimised by using the untraceable Kalman filter as the suggested density function.Compared with the extended Kalman filter, the UKF can calculate the posterior variance up to the third order, while the Kalman filter follows a first-order Taylor expansion, so the UKF is used as the suggested density function for the particle filtering algorithm, and the computational procedure of the untraceable particle filtering algorithm[48] is as follows:
It is assumed that the system equations and state equations are shown in equations (5-5) and (5-6):

		(5-5)

		(5-6)

(1)Initialisation: N particles are generated on the basis of the initial probability distribution, and the particle weights at the initial moment .

(2) For each particle , update the particle using the UKF algorithm.
(3) Calculate the particle weights and normalise them.

		(5-7)

		(5-8)
(4) Resampling.
Update the state variables and covariance matrix:

		(5-9)

		(5-10)

(5) Return to (2) for loop iteration.

[bookmark: _Toc145678127]5.2 Research on SOC estimation method based on FOASOUPF
[bookmark: _Toc145678128]5.2.1 Sampling point selection based on Schmidt orthogonal transformation




Schmidt orthogonalisation is a method for finding orthogonal bases in Euclidean space[49]. The basic idea is to start from any linearly independent vector group  in the Euclidean space, find the orthogonal vector group , so that  is equivalent to the vector group , and then unitise each vector in the orthogonal vector group to obtain a standard orthogonal vector group. As can be seen from the previous subsection, UPF adopts UT transformation to generate Sigma points compared with particle filtering, and the original symmetric sampling is obtained by calculating the mean and variance of the state variables, which does not take into account the correlation between the state variables, and does not fully reflect the actual situation of the state distribution. When the state distribution has an asymmetry or a high peak degree, the Sigma points cannot accurately describe the shape of the distribution, resulting in an uneven distribution of sampling points.
The Schmidt orthogonal transformation converts the UPF algorithm generating the Sigma point set into a set of orthogonal basis vectors, and selects a part of the basis vectors as the final sampling points according to the need, and the number of sampling points is n+1. For an n-dimensional distribution state space, at least n+1 sampling points are needed to determine, and it can be transformed the state distribution into a set of orthogonal point sets, in which the first point is the centre of gravity of the state distribution, and the remaining points are obtained by orthogonal expansion of the state distribution. Due to the nature of the orthogonal set of points, it can ensure that the sigma points are at the centre of gravity of the state distribution and are evenly distributed in the state space, avoiding the situation that the sigma points are too dense or too sparse during the state estimation process, so as to improve the estimation accuracy and stability. The sampling point selection process is as follows:
(1) Determine the weights of the Sigma point set.

		(5-11)

(2) For input dimension .

		(5-12)
(3) Generate n+1 Sigma points. Each column of the calculated row matrix is a Sigma point.

		(5-13)
[bookmark: _Toc145678129]5.2.2 FOASOUPF-based SOC estimation
The optimisation process of the adaptive traceless particle filtering algorithm based on Schmidt orthogonal transform is as follows:
(1) In the traceless particle filtering algorithm, the Schmidt orthogonal transform sampling method is used to generate Sigma points, and the particle sampling process is optimised, which reduces the number of Sigma sampling points to a greater extent and improves the accuracy of the algorithm.
(2) From the analysis in Chapter 3, it can be concluded that the process of adaptive noise can improve the accuracy of SOC estimation, so the process noise and observation noise are adaptively updated while the sampling point selection process is optimised.
Naming the optimised algorithm as Schmidt Orthogonal Transform Sampli-ng and Adaptive Unscented Particle Filter Based on Fractional Order Model. FOASOUPF), and the SOC estimation flowchart is shown in Figure 5-2.


Figure 5-2 SOC Estimation Flowchart



[bookmark: _Toc145678130]5.2.3 SOC Estimation Experimental Results and Analysis
In this section, the FOASOUPF method is used to estimate the battery SOC, and the circuit model used is a fractional order model. The data for the experiments in this chapter are derived from pulse discharge experiments and the main initial parameter values are shown in Table 5-1.
[bookmark: _Hlk133927998]Table 5-1 Main initial parameter values of SOC estimation algorithm
	form
	x0
	P0
	Q0
	R0
	N
	W
	T
	n

	value
	(0 0 0.8)/(0 0 1)
	diag(1,1,1)
	diag(1,1,1)
	0.001
	200
	18
	240000
	3



In order to test the self-recovery ability of the proposed algorithm in this chapter, the initial value of SOC is set to 0.8 and the initial true value is 1. The result plots of the two initial values are shown in Figure 5-3.
[image: ]
（a）SOC estimation results for an initial value of 0.8        
[image: ]
(b) SOC estimation error for an initial value of 0.8
[image: ]
(c) SOC estimation results with an initial value of 1
[image: ]
(d) SOC estimation error with an initial value of 1
Figure 5-3 SOC Estimation Result Chart
From Figure 5-3(a), it can be seen that when the set SOC initial value is different from the true value, the algorithm proposed in this chapter can quickly converge the estimation value to the vicinity of the true value, and the maximum error value of its estimation compared with the true value is maintained within 2%, which is 1.88%, and the comparison of the error value is shown in Figure 5-3(b); when the set SOC initial value is the same as the true value, the results of its SOC estimation and the SOC estimation error are shown in Fig. 5-3(c) and Fig. 5-3(d), which can also converge to the vicinity of the true value faster, and the maximum error of the estimated error value is 1.82%. It can be seen that when the initial value set by the SOC is different from the true value, the FOASOUPF algorithm has a better self-recovery ability and stability, and can adapt to different initial conditions.
Figure 5-4(a) and Figure 5-4(b) show the comparison graphs of three different SOC algorithms and SOC error comparison graphs when the initial values of SOC settings are all 0.8, and the comparison of the results of different SOC estimation methods are shown in Table 5-2. From Fig. 5-4 and Table 5-2, it can be seen that in the initial stage of discharge, both the algorithms proposed in this chapter and the comparison algorithms have a large error with the real value, but after convergence, the error gradually decreases, and the SOC estimation error of the FOASOUPF algorithm is the smallest, and its algorithmic accuracy is obviously better than the other algorithms.
[image: ]
(a) Comparison of SOC estimation results from different methods
[image: ]
[bookmark: _Hlk127735561](b) Comparison of SOC estimation errors of different methods
Figure 5-4 Comparison of the results of different methods to estimate SOC




Table 5-2 Comparison of errors of different SOC estimation methods
	[bookmark: _Hlk127735568]SOC estimation method
	average absolute error
	Maximum absolute error
	rms error
	initial value

	UPF[50]
	1.26%
	3.58%
	4.58%
	0.8

	FOUPF[51]
	0.89%
	2.32%
	2.07%
	0.8

	FOASOUPF
	0.71%
	1.88%
	1.25%
	0.8

	
	0.68%
	1.82%
	1.21%
	1



[bookmark: _Toc145678131]5.3 Study of joint SOC and SOH estimation method based on FOASOUPF-UKF
[bookmark: _Toc145678132]5.3.1 Joint estimation of SOC and SOH on multiple time scales based on FOASOUPF-UKF
From the test results in the previous subsection, it can be seen that the joint estimation of SOC and SOH based on FODAEKF has a strong advantage for simultaneous estimation of SOC and SOH, therefore, based on this, we propose a joint estimation method of SOC and SOH based on the cloud, which uses the FOASOUPF algorithm for SOC estimation in micro time scale and UKF for SOH estimation, and the FOASOUPF -UKF algorithm for joint estimation of SOC and SOH.
The algorithmic idea is the same as that of FODAEKF: two filters are used for simultaneous estimation, which is divided into macro time scale and micro time scale. the FOASOUPF algorithm estimates SOC, which belongs to the micro time scale, and UKF estimates SOH, which belongs to the macro time scale, and SOH is estimated once for every 60 times of SOC, and the outputs are SOC value, ohmic internal resistance value, current maximum available capacity, the estimated internal resistance value can update the state space equation for SOC estimation, and the estimated current maximum available capacity can further calculate the SOH.
The state vector and model parameter vector settings of this algorithm are the same as those of FODAEKF. The flowchart of the algorithm is shown in Figure 5-5.


Figure 5-5 Flowchart of the FOASOUPF-UKF algorithm
The complexity of the algorithm of EKF mainly depends on the number of state dimensions, in EKF, calculating the predicted state and covariance matrix at each moment requires operations such as matrix multiplication and matrix inversion; the complexity of the algorithm of UPF mainly depends on the number of particles and the number of state dimensions, in UPF, a group of particles need to be generated at each moment, and then the state will be estimated and updated according to the weight of the particles, and each particle needs to be updated according to the state transfer equations and the observation equations.
Both the algorithms in this chapter and the previous chapter have been studied for SOC and SOH with the same dimensions of the state variables, while the joint estimation method proposed in this chapter can be used for the joint estimation of SOC and SOH using the computational power in the cloud due to the fact that N particles have been extracted from each time step and Sigma point sampling and UT transformation have been performed on each of the particles even though Schmidt's orthogonal transformation sampling is used to reduce the computational volume when estimating the SOC, which is of high complexity compared to the other filtering algorithms.
[bookmark: _Toc145678133]5.3.2 Experimental results and analyses for joint SOC and SOH estimation
In this section, a joint cloud-based SOC and SOH estimation method is investigated. On the basis of the FOASOUPF-based SOC estimation algorithm, combined with the joint estimation strategy of multiple time scales, the trace-free Kalman filter algorithm is used to estimate the SOH, and finally the joint estimation method based on FOASOUPF-UKF is obtained, and the values of the main initial parameters of the SOC estimation algorithm are shown in Table 5-3.

Table 5-3 Values of key initial parameters for joint SOC and SOH estimation
	form
	Value

	

	(0 0 0.8)/(0 0 1)

	

	diag(0.01,0.01,1)

	Qx 0,l
	diag(0.01,0.01,0.01)

	

	0.001

	

	18

	

	


	

	diag(1,1)

	

	0.001

	

	diag(0.001,1)

	L
	60

	N
	200

	T
	240000

	n
	3



As can be seen from Table 5-3, the initial values set for the micro time scale are the same as those of the FOASOUPF-based SOC estimation experiments, and L is the time separation scale, which is the temporal critical value of the micro time scale and the macro time scale.
Figure 5-6(a) and Figure 5-6(b) show the comparison of 2 different SOC algorithms and SOC error comparison when the initial value of SOC setting is 0.8. The average error of SOC estimation by the algorithms in this section is 0.38%, the maximum error is 1.12%, and the root-mean-square error is 0.62%. Since the joint estimation method can update the maximum available battery capacity and ohmic internal resistance in real time, it can reduce the impact of the changes in battery capacity and ohmic internal resistance on SOC, which is better than the FOASOUPF algorithm, as can be seen from Fig. 5-6: the SOC estimation error of the algorithm proposed in this chapter is smaller than that of the FODAEKF joint estimation method.
[image: ]
(a) Comparison of SOC estimates from different methods
[image: ]
   (b) Comparison of SOC estimation errors of different methods
Figure 5-6 Comparison of different algorithms for SOC estimation
Figure 5-7 shows the SOH comparison results, Figure 5-7(a) shows the comparison of this chapter's algorithm with the FODAEKF algorithm and the reference value, and the comparison of SOH estimation error is shown in Figure 5-7(b), and the error is shown in Table 5-4. From the SOH estimation results, it is learnt that the estimation effect of the algorithm in this chapter has been better during the iteration process in the case of a large difference between the set initial value and the reference value, and the estimation accuracy has been significantly improved compared with the FODAEKF algorithm.
[image: ]
(a) Comparison of SOH estimation results from different methods
[image: ]
  (b) Comparison of SOH estimation errors of different methods
Figure 5-7 SOH Estimation Result Chart
Table 5-4 Comparison of errors of different SOH estimation methods
	SOH estimation method
	average absolute error
	Maximum absolute error
	rms error

	FODAEKF
	3.29%
	5.80%
	3.54%

	FOASOUPF-UKF
	0.52%
	1.22%
	0.61%


[bookmark: _Toc145678134]5.4 Summary of the chapter
stigated based on the fractional order model. Firstly, the optimisation is carried out on the basis of traceless particle filtering, the Sigma points are generated by using Schmidt orthogonal transform sampling during the sampling process, and the noise during the filtering process is estimated online adaptively, and the SOC estimation of the battery is carried out by the FOASOUPF algorithm. After comparing the other 2 different filtering algorithms, it can be seen that the FOASOUPF algorithm proposed in this chapter is better than the UPF and FOUPF algorithms in terms of accuracy, and has a better practical value; combined with the multi-timescale joint estimation model proposed in the previous chapter to propose a joint estimation method for SOC and SOH based on the FOASOUPF-UKF, the experimental comparisons can be seen, the estimation results of the FOASOUPF-UKF algorithm can be seen, the estimation results of the FOASOUPF-UKF algorithm can be seen. UKF algorithm is more accurate than the FODAEKF algorithm.



[bookmark: _Toc145678135]6 Summary and outlook
In this paper, we study the estimation method of SOC and SOH based on side-end and cloud-end for lithium-ion batteries in the process of using, the estimation accuracy of battery condition monitoring related parameters is not high, the parameters of the battery system can not be queried in real time, and the storage of the historical data of the whole life cycle of the battery system is inconvenient, etc. In this paper, we put forward the lithium-ion battery side- and cloud-end collaborative condition monitoring platform to achieve the precision of SOC and SOH. optimisation, and deployed the proposed SOC and SOH estimation models in the constructed platform. The main research work of this paper is as follows:
(1) Based on the fractional-order circuit model, to address the problem that the extended Kalman filter noise variance assumption does not conform to the actual situation and may lead to excessive estimation error, the noise in the filtering process is adapted, and the SOC estimation method based on the FOAEKF is proposed; to address the problem that the ohmic internal resistance of the batteries and the maximum usable capacity will have an impact on the estimation of SOC, the multitemporal scale of the SOC and SOH estimation strategy, the joint estimation method of adaptive extended Kalman filter algorithm in multi-time scale is proposed. Taking the pulse discharge experimental data as the data source, FOEKF, FOAEKF and FODAEKF are compared, and the experiments show that the average absolute error of the SOC estimation method based on FOAEKF proposed in this paper is 2.03%, which is lower than that of the other two estimation methods, and that the average absolute error of the SOC estimation method based on the combined SOC and SOH estimation method based on FODAEKF is 1.56%, which is lower than that of the separate SOC estimation method. The average absolute error of SOC estimation of the joint estimation method based on FODAEKF and SOH is 1.56%, which is lower than that of the method of SOC estimation alone, and the average absolute error of SOH estimation is 3.29%, which proves the effectiveness of the proposed method.
(2) Aiming at the problem of particle degradation and the assumption of noise variance that does not match the actual situation when particle filtering is used to estimate SOC, we adopt the traceless Kalman filter as the proposed density function to reduce the effect of particle degradation, use the Schmidt orthogonal transform to sample and generate Sigma points, and adaptively adjust to the noise in the filtering process, so as to put forward the SOC estimation method based on the FOASOUPF; combined with the multitemporal scales of the SOC and SOH estimation strategy in multiple time scales, and propose a joint SOC and SOH estimation method based on FOASOUPF-UKF. Using the pulse discharge experimental data as the data source, UPF, FOUPF, and FOASOUPF-UKF are compared, and the experiments show that the root-mean-square error of the SOC estimation method based on FOASOUPF proposed in this paper is 0.71%, which is lower than that of the other two methods, and the average absolute error of the SOC estimation based on the combined SOC and SOH estimation method of FOASOUPF-UKF is 0.38%, which is lower than that of the other two methods alone. is 0.38%, which is lower than the method of estimating SOC alone, and the average absolute error of SOH estimation is 0.52%, which proves the effectiveness of the proposed method. Finally, the computational efficiency of the proposed algorithms is investigated, and the results show that the time complexity and space complexity of the FODAEKF method is smaller than that of the FOASOUPF-UKF method, which can be deployed at the edge, and the FOASOUPF-UKF method is suitable to be deployed in the cloud for computation, and the average absolute error of the SOC estimation method for the cloud has been reduced by 46.4% compared to that of the edge, and the average absolute error of the SOH estimation method for the cloud has been reduced by 0.38%. The average absolute error of the SOH estimation method in the cloud is reduced by 84.2% compared to the edge, which justifies its deployment.
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