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Introduction
Background
Since the invention of the world’s first automobile, the automobile has unquestionably tremendously facilitated human life and production, sped up the movement of commodities, altered people’s modes of transportation, and significantly aided the growth of the economy and the advancement of social civilization. The drawbacks of the typical diesel locomotive have, however, gradually come to light as a result of their increased popularity and the global rise in auto ownership. These negative repercussions mainly involve quickening the consumption and depletion of oil supplies, leading to the exacerbation of energy crises; In addition, the exhaust gas from diesel locomotives continuously degrades the quality of the air, and much more seriously, it contributes to haze, a serious threat to human life and health.
People are becoming more and more conscious of the value of the environment and natural resources as society advances and develops. Life is more convenient as cars become more widely used. Both the quality of life and the vacation experience have considerably improved. But it also results in resource depletion, damage of the ecosystem, and other issues. Global warming has received a lot of attention among these issues, and one of the main contributors to it is widely accepted to be automotive pollution.
With the expansion of the grid-connected scale of renewable energy sources and the increase of the requirement of grid regulation flexibility, the energy storage demand of the grid gradually increases. At the same time, the market size of pure electric and hybrid electric vehicles is expanding, and the energy storage demand of the electric vehicle industry is also increasing. Electrochemical energy storage, represented by batteries, is the main power source of electric vehicles, and is also one of the most promising technologies to meet the energy storage needs of the grid. Among many battery types, lithium-ion batteries with mature technology and high degree of commercialization are widely favored due to their advantages such as long cycle life, small self-discharge rate, high energy density and no memory effect, and have become the mainstream choice in the field of electric vehicle power batteries and grid battery energy storage demonstration projects.
The life of a lithium-ion battery is susceptible to abuse, and it is expensive. Battery degradation and even safety issues can result from excessive and high-rate charging and discharge. In order to ensure the secure and dependable operation of lithium-ion batteries, correct charge and discharge control is a crucial step. The battery management system (BMS) is typically configured to monitor the battery status in real time, support the safety management of the charging and discharging process, and ensure the safe, dependable, and stable operation of the off-battery energy storage system. This is done to prevent abnormal conditions like overcharge, overdischarge, overvoltage, and overcurrent. State of Charge (SOC) is the most crucial metric for describing a battery’s operational state and the fundamental information needed for lithium-ion battery control, protection, and human-computer interface. Accurate online SOC estimation has evolved into a fundamental BMS task, and it is also essential for battery energy storage systems to adapt to changing operating conditions in the electric power grid and electric vehicle application fields, including changes in ambient temperature and charge/discharge ratio.
In order to limit the emission of exhaust, particularly carbon dioxide and hydrocarbon, numerous nations or regions have banned the sale of traditional fuel cars. The dates when these restrictions took effect are shown in Table 1.
Table 1 Effective time of traditional fuel vehicles sale prohibition
	Country/District
	Policy Effective Time

	Norway
	2025

	Netherlands
	2025

	Germany
	2030

	India
	2030

	Hainan (China)
	2030

	France
	2040


Due to their benefits of high energy density, long cycle life, low self-discharge rate, light weight, and strong adaptability to high and low temperatures, lithium-ion batteries are widely used in electric vehicles, power systems, communication standby power supply systems, and other cascade utilization scenarios. The safety issue with lithium battery power supply systems is getting worse as they are used more frequently, and the main cause is poor lithium battery pack safety management. Among these, the lithium battery’s level of charge is a crucial indicator to determine how much of its useful capacity is still left. To maintain the safe functioning of lithium batteries, increase their service life, and prevent overcharging/overdischarging of battery packs, it is essential to estimate the SOC of lithium batteries accurately.
New energy vehicles, such as pure electric vehicles and hybrid electric vehicles, are cleaner in the use process and have higher energy conversion efficiency. These vehicles meet the demands of various countries and are progressively gaining popularity as the automotive industry continues to develop.
However, SOC is a comprehensive variable characterizing complex electrochemical processes of batteries, which cannot be measured directly. It can only be estimated indirectly through mathematical transformation based on characteristics parameters outside the battery (such as voltage, current, temperature, etc.). Due to the strong nonlinear characteristics of batteries and the complexity of operating conditions, the SOC estimation accuracy will be affected by many factors, such as operating temperature, charge-discharge ratio, cycle life, self-discharge, and actual operating conditions. Accurate online SOC estimation is still a research topic with significant challenges. In addition, the measurement accuracy of sensors such as voltage, current and temperature to monitor battery operating conditions is limited, which further increases the difficulty of accurate SOC estimation. How under the existing sensor precision level, through the battery was fully mathematical laws, characteristics and the operating conditions with the help of a new theory, new method to design high precision, fast response and apply a wide range of SOC estimation algorithm, is suspends in front of the battery management system research Gui developers’ eager question, also has significant theoretical meaning and application value.
Definition of SOC
Battery charged state of (SOC) describes how much of the residual capacity of battery, but its accurate definition has not been completely unified the current commonly used is defined as the American advanced battery association (USABC) in "the electric car battery experiment manual" from the perspective of power given: battery under certain discharge ratio, the ratio of the same rated capacity under the condition of SOC. The expression is as follows:

Where: Q is the amount of electricity released by the battery, which is a function of time and current.  stands for the total capacity of the battery, which is related to the material the battery is made of.
On the basis of the above definition, the influence of temperature, discharge rate, self-discharge, battery life and other factors on the rated capacity of the battery can be further considered, and then the corresponding capacity compensation correction of temperature, cycle life, self-discharge and other factors can be made.
SOC has a range of 0 to 1. SOC = 1 denotes a fully charged battery, while SOC = 0 denotes a fully discharged battery.
The ratio is a hazy representation of SOC because it is influenced by numerous factors. To explain the concept more precisely, further thorough research on the battery characteristics is required.
Influence factors of SOC estimation
The battery SOC cannot be directly measured by sensors, unlike the remaining oil amount in conventional fuel vehicles; instead, it can only be estimated through the physical quantities that can be measured directly, such as terminal voltage, output current, and cell temperature, using specific estimation algorithms. These elements will therefore undoubtedly affect the estimation. The maximum capacity of the battery will also be influenced by additional elements such the charging and discharging ratio and cycle index, which will reduce the accuracy of the estimation.
The influence factors of SOC estimation can be summarized as follows:
1) Maximum available capacity:
The power battery will start to age as its number of charging and discharging cycles rises, which reduces its maximum capacity. Additionally, inappropriate battery use, such as excessive charging and discharging, results in irreversible capacity loss and affects the battery’s maximum practical capacity. As stated in the definition of SOC, it is possible to calculate SOC with accuracy by varying the rated capacity value in accordance with the battery’s condition.
2) Uncertainty of parameter detection:
A. Current Measurement:
The current sensor is generally used to collect the working current, so the accuracy of the current sensor, the appropriate range, the existence of electromagnetic interference will directly affect the current measurement accuracy. On the other hand, whether the sampling algorithm is reasonable will also affect the current acquisition. In the sampling algorithm, if the sampling is uniform along the time axis, because the current in the running of the real vehicle will change with the road conditions accordingly, some time periods will change sharply, some time periods will change gently, so the current value of the sampling point will deviate from the average value of this stage. In order to solve this problem, an appropriate sampling method can be adopted. In the period of large current variation, the sampling frequency can be increased, and in the stage of small current variation, the sampling frequency can be reduced, so that the error between the sampled value and the real value is smaller.
B. Voltage Measurement:
Real-time working terminal voltage measurement and open-circuit voltage measurement are the two categories under which voltage is measured. The resistance value between the real-time current voltage measurement point and the power battery pole ear is greatly influenced by the real-time measurement of the working voltage, or the output voltage of the power battery pack during actual vehicle operation. Not only will the current alter the power battery’s internal resistance value, but it will also have a big impact on how much internal resistance there is. The line will have an excessively high resistance if the line contact is bad or the wire is too lengthy. The findings of the voltage measurement will be impacted by the additional resistance when it is of the same order of magnitude as the power battery’s internal resistance.
When the power battery is not connected to the load, the open circuit voltage is the voltage value at both ends. Some power battery batch products can be achieved by fitting the open circuit voltage and SOC reverse correspondence to determine the size of the SOC, but in the actual operation process, the open circuit voltage is not only the SOC unilateral decision; the experiment showed that the higher the temperature, the higher the SOC value of the power battery in the steady-state value after stabilizing. Because the utilization rate of the electrode active material increases, the activation polarization decreases, the dielectric constant rises, the electrolyte viscosity becomes relatively low, and the migration resistance of lithium ions decreases, the voltage will rise as the power battery’s temperature rises. When the temperature drops, the opposite occurs.
3) Inconsistency of the battery
Due to differences in raw materials and other circumstances, the cycle life, rated capacity, internal resistance, and other parameters of each individual cell for the same type of cells produced in different batches may vary slightly. When the batteries are grouped, these variances may harm the performance of some cells, which would impair the overall performance of the battery pack.
4) Variability of discharge conditions
The power battery’s output power and current are continuously altering in accordance with the road conditions and the driver’s intentions as the vehicle is in a dynamic state of acceleration and deceleration. As the car speeds up, the battery pack generates a sizable quantity of power and current. The battery pack outputs a small power and current during deceleration, and it may even use reverse current to charge. Because the change in SOC is closely related to the charge-discharge capacity and current, the accuracy of SOC estimation declines when sensor errors, sampling frequency, and complex discharge conditions are coupled.
Literature Review
Related Works
The practicality and safety of new energy vehicles are strongly correlated with the performance of the power battery. The performance of batteries is anticipated to improve beyond the state-of-the-art, although issues like a lack of adequate charging infrastructure, prolonged charging times, and unreliable state estimation remain.
The fundamental indicator for new energy cars is the state of charge (SOC) of the on-board power battery. It may be utilized in many different applications, including algorithms for estimating the driving range, managing hybrid energy, and managing the battery.
Researchers have never stopped studying how to estimate the power battery’s state of charge.
Some of the recent researches are summarized as follows:
In order to simulate the physicochemical behaviors of a lithium-ion battery, Jiang H.[1] first proposed an improved gas-liquid dynamics model, from which open-circuit voltage and temperature iterations equations are derived. Jiang H.[1] then elaborated a robust method of online state-of-charge estimation, using which the maximum SOC estimation error is 2.78%.
In order to estimate SOC and capacity simultaneously, Zhang S.[2] suggested a multi-time-scale framework whose parameters are online determined using the forgetting factor recursive least square approach. The SOC estimation’s mean absolute error (MAE) and root mean square error (RMSE) can both be roughly constrained to 1%.
In order to co-estimate the battery characteristics and state of charge, Xiong R.[3] suggested a combination methodology that incorporates a temperature dependent battery model and a set membership method that maintains that the noises are unknown but constrained. The suggested algorithm’s state of charge error is constrained within 5%, as demonstrated in the hard-in-loop test bench when tested across a wide temperature range.
To simultaneously estimate the SOC, capacity, and residency, Zheng L.[4] suggested a trinal proportional-integral (PI) observers with a simplified physics-based equivalent model, including the moving-window ampere-hour counting technique and the iteration-approaching method for better accuracy. The outcomes of the tests demonstrate the algorithm’s accuracy.
Huang D.[5] constructed a lumped parameter battery pack model by linking cell models in series and suggested a normalized open-circuit voltage model, which is used in Thevenin model to characterize the temperature-dependent OCV-SOC feature. The extended Kalman filter is used to estimate the SOC after updating the pack parameters in dual time-scale using an efficient recursive least squares approach.
An adaptive H-infinity filter with bias compensation, validated by static and dynamic conditions at various temperatures, was proposed by Ouyang T.[6] to predict battery SOC. The experiment’s findings show that the algorithm is accurate and effective, and that it uses less time on average than the other three methods.
Khan H. F.[7] suggested an online method in which the sigma point Kalman filter (SPKF) aids in the more accurate calculation of non-linear system dynamics and the Lagrange multiplier technique is employed to reduce the error between the reference and estimated SOC. The algorithm’s highest errors for three separate dynamic driving cycles that are publicly accessible are 0.2%, 0.4%, and 0.9%, respectively.
To estimate the battery SOC, Zhengxin J.[8] presented an Extended Kalman Particle Filter method based on the identification of lithium-ion battery parameters using Immune Genetic Algorithm, which is intended to identify the second-order equivalent circuit model parameters. The results of both the simulation and the experiment show how well the suggested algorithm performs.
A combined state of charge estimation method based on long short-term memory neural network and adaptive H-infinity filter was proposed by Chen Z.[9] in which the H-infinity filter is used to flatten the estimation results and increase the estimation accuracy while the long short-term memory network is used to estimate the SOC with directly measured physical quantities and state of health. The estimation error of SOC is under 2.1% in a wide range of temperature and various aging conditions, as verified on two different battery chemistries during dynamic driving cycles.
By characterizing the relationship between open-circuit voltage and SOC, Ahmed M. S.[10] proposed a scaling strategy for the method that can limit the worst-case modeling error to less than 1% and minimize the error by 9% or more when compared to the conventional open-circuit voltage approaches. On nine different kinds of battery cells at 16 different temperatures, the suggested procedure is demonstrated.
Using Extended State Observers of the Generalized Proportional Integral type, Sandoval-Chileño M. A.[11] proposed a method for estimating the state of charge (SOC) of lithium-ion batteries. In this method, a nonlinear correlation is created between the open-circuit voltage and SOC using interpolating polynomials. The suggested method has a great ability to predict battery SOC, especially at low SOC circumstances from 0 to 0.1, according to an experiment on a 20Ah LiNiMnCoO2.
When investigating the behavior of ultrasonic waves as they move through the layers of the layered battery structure, which vary often throughout charge-discharge cycles, Copley R. J.[12] takes into account the physical characteristics of the battery structures. A model is constructed to characterize the correlation between the areas of signal and state of charge of the battery based on the varied ultrasonic responses of various battery types and SOC settings. This model considerably aids in accurate estimate in a sensor-based battery management system.
Based on a simplified pseudo-two-dimensional (P2D) model and recast into a nonlinear state-space form with guaranteed observability, Liu B.[13] suggested a joint state of charge estimation approach that takes into account real-time average lithium concentration estimation utilizing particle filter. Additionally, the health of the battery is also predicted based on the average lithium concentration forecast, which enhances the accuracy of online SOC estimates for old batteries. For the verification test under dynamic driving cycles, fifteen battery cells with health states ranging from 100% to 70% were used, and the findings reveal that the SOC estimation error is bounded to 2% for battery cells in various aging situations.
The Moving Horizon Estimation, a potent technique for dealing with the estimation of dynamic systems and suitable for application on nonlinear systems like lithium-ion batteries, was employed by Pattel B.[14] to estimate battery SOC. Different beginning circumstances, convergence times, and process and sensor noise fluctuations all lead to increased performance in various usage statuses.
Using the second-order resistor-capacitor equivalent circuit battery model and the Beijing Bus Dynamic Stress Test circumstances, Ren P.[15] suggested a dual particle filter technique with forgetting factor to co-estimate the state of charge and state of health. When compared to two distinct types of Kalman filters and particle filters, the maximum error, mean absolute error, and root square error are, respectively, decreased by 1.1395%, 0.4916%, and 0.5145%.
The forgetting factor recursive least squares (FFRLS) based online OCV identification is used as the state observer using second-order filter to co-estimate the battery capacity and SOC, and the relationship between OCV, SOC, and T is established to reduce the error caused by temperature. Nian P.[16] proposed this improved adaptive extended Kalman filter. The evaluation under the complex Federal Urban Driving Schedule demonstrates that the proposed algorithm’s SOC estimation error is under 1.2% on both sides and can be reduced by making the moving window of the upgrade for process and measurement noise simpler.
The Elman neural network is used to realize the battery capacity, which is then used to improve the accuracy of SOC estimation. Li X.[17] proposed a combined algorithm with the components of equivalent circuit model, recursive least squares (RLS) method, and adaptive extended Kalman filter (AEKF) to identify the battery parameters online and estimate the SOC simultaneously. Under various aging conditions, the global SOC error at room temperature is constrained to within 2%.
In order to predict the SOC and SOE simultaneously, Ma L.[18] developed a data-driven technique based on a long short-term memory (LSTM) deep neural network, which was tested under two dynamic driving cycles, different battery materials, and noise interference at various temperatures. The mean absolute error (MAE) of the SOC estimation is kept within 0.91% under a wide temperature range, 0.63% for various batteries, and 1.32% for noise interference, respectively.
In order to address the long-term dependency loss problem of the recurrent neural network, Wang Q.[19] proposed a co-estimate algorithm to estimate the SOC and capacity. In this algorithm, the capacity is estimated by least squares support vector machine (LSSVM) based on a new health indicator, and the results are used as the input for SOC estimation (RNN). According to the results, the computation time is less than 5 seconds, and the greatest root-mean-square error (RMSE) is 0.85%.
In order to estimate battery SOC using a dual polarization (DP) model with double resistive-capacitive (RC) loop battery parameter identification, Chmielewski A.[20] presented a nonlinear auto regressive exogenous (NARX) recurrent neural network. Under different temperatures and dynamic driving profiles, the findings demonstrate the NARX neural network’s high accuracy and dynamic property.
A Nonlinear Autoregressive with External Input (NARX) artificial neural network was proposed by Jiménez-Bermejo D.[21] to estimate the SOC using actual data gleaned from daily use, such as voltage, current, and battery pack temperature. The neural network was tested under 54 distinct dynamic driving cycles, and it demonstrated high accuracy with maximum mean square error (MSE) bound within 1e-6 in every case.
To understand the gradient explosion and gradient descent, Wei M.[22] suggested a hybrid dynamic nonlinear auto-regressive model with exogenous input neural network (NARX) and long short-term memories (LSTM) embedded, which enables jump-ahead connections in the time-unfolded model. The hybrid algorithm outperformed the normal LSTM by about 60% in terms of accuracy under the urban dynamometer driving schedule (UDDS) and dynamic stress test (DST) driving profiles.
Du J.[23] enhanced a model-based technique by replacing the equivalent circuit model (ECM) with the extreme learning machine (ELM), and evaluated battery SOC using four Kalman filter derivative algorithms. The ELM approach has a lower computational burden and greater estimation accuracy when compared to the radial basis function neural network (RBFNN) model for SOC estimation.
In order to estimate the battery SOC with mistakes purposefully added to the training datasets, Vidal C.[24] suggested a deep feedforward neural network (FNN) method. The error values are chosen to be comparable to the noise and the error collected from the sensors in real systems. The root mean squared error (RMSE) of SOC estimate is kept under 1% and the algorithm is trained using two different types of nickel manganese cobalt oxide (NMC) and nickel cobalt aluminum oxide (NCA) lithium batteries.
In order to learn the relationship between the state of charge and the measured variables, Liu Y.[25] presented a hybrid approach that combines a long short-term memory neural network with a five-typical layer structure and a transfer learning algorithm with a fine-tuning strategy. Through trials at various aging states and time-varying temperature circumstances, the suggested algorithm is demonstrated to be accurate and reliable for the estimate of SOC.
Using the nonlinear autoregressive with exogenous inputs (NARX) architecture of the DDRN, Chaoui H.[26] proposed co-estimation algorithm, forcing on the global feedback theorem (GFT), which reduces computation complexity and, at the same time, enhances robustness while maintaining a reasonable simplicity. Lithium titanate (LTO) and lithium iron phosphate (LiFePO4) batteries, which were both tested under dynamic driving cycles and at varied temperatures, were used to evaluate the algorithm, which was shown to be accurate and reliable.
Song Y.[27] proposed a hybrid algorithm in which the unscented particle filter is used to take the output of the least-square-support-vector-machine (LSSVM) as the temporal measurement for improving the SOC estimation. The LSSVM is implemented to provide direct and nonlinear mapping models for state-of-health and state-of-charge. The SOC estimation within the battery life cycle is less than 2%, according to the battery dynamic stress test.
The co-estimation approach for lithium-ion battery SOC and SOH presented by Chaoui H.[28] uses directly measurable physical quantities such as temperature, current, and voltage. The experiment on a LiFePO4 battery demonstrates the suggested algorithm’s excellent accuracy, simplicity, and robustness.
A hybrid approach employing the electrochemical-thermal-neural-network (ETNN) model, temperature estimation using the lumped thermal model and simplified single particle model, and the unscented Kalman filter to forecast battery SOC was proposed by Feng F.[29]. Experiments over a wide variety of temperatures demonstrate the proposed ETNN-UKF algorithm’s capability to quickly correct any initial faults and deliver extremely accurate estimation.
Using the incremental capacity analysis (ICA) to rectify the incorrect initial SOC and the maximum information efficient (MIC) analysis to achieve the estimation for actual capacity, Zhang S.[30] suggested a data-driven coulomb counting approach to estimate battery SOC. The approach can provide the high accuracy of SOC estimation when evaluated by the data gathered under quick capacity deterioration.
Research Summary
The 30 relevant literatures that were gathered and organized provide for a thorough understanding of the widely utilized lithium-ion battery state of charge techniques in recent years. The approaches that are now worth researching can be summarized as follows:
1) Discharge Experiment Method:
The power battery is operated according to the constant discharge rate (typically 0.1C, 0.3C, or 1C) for constant discharge, until the power battery’s cut-off voltage, the constant current (0.1C, 0.3C, or 1C) value, and the time required for the discharge process are all roughly multiplied to obtain the release of electricity.
All types of power batteries may be utilized in this procedure, which serves as a reference standard for measuring power battery capacity. This approach can only be tested in a laboratory setting due to the severe requirements for its use, which include a steady current and error-free measurements. This method is impractical since the current size in the actual measurement cannot be guaranteed to remain constant and may need to be interrupted due to the actual scenario, which cannot provide a steady test environment like in the laboratory.
2) Coulomb Counting (Ampere-hour Integral):
The fundamental notion of battery capacity, which is the same physical quantity as an electric quantity and can be computed using current times time, is used in coulomb counting. Although the accuracy and sample frequency of the sensors may have a major impact on this method, it is now one of the most used estimating techniques in the field of battery management systems (BMS) and real vehicles due to its simplicity.
Several improvement strategies are put forth to address sensor faults and enhance the coulomb counting method’s robustness.
Focus on the battery’s ambient temperature because some works modify the original algorithm—calculated through extensive testing under various battery aging conditions—by adding a temperature coefficient. Others consider sensor noise and suggest a noise correction factor to lessen the impact.
Some data-driven methods are proposed to increase the coulomb counting method’s accuracy in light of the rapidly developing fields of artificial intelligence and databases. These leading strategies highlight the benefits of massive data gathered from actual usage or targeted experiments. Data mining techniques can be used to identify the main elements for improvement, and the algorithms can achieve high accuracy.
1) 
2) Open Circuit Voltage Method:
According to the open circuit voltage (OCV) of a power battery, the open circuit voltage method indirectly matches the relationship between SOC and OCV. The power battery is fully charged before being constantly discharged at a fixed discharge rate until it reaches the cut-off voltage, at which point it stops discharging. The open-circuit voltage at various SOCs is measured and recorded in accordance with the discharge process, and the corresponding relationship curve between OCV and SOC is obtained by drawing the curve. The relationship between voltage value and SOC in the circuit can be reversed during power battery operation, and the present power battery SOC can be calculated using the OCV-SOC relationship table.
Although all types of power batteries can be used with the open circuit voltage approach, the following factors must be taken into account in order to accurately estimate their state of charge (SOC) when in use: In order to obtain stable power balance within the battery electrolyte reaction after the voltage of the uniform distribution, the target power battery must first be placed in front of the test stand for a sufficient amount of time (at least an hour), and after applying current pulses, the target power battery requires a long rebound period to reach its open circuit voltage. As a result, it will take a long time to wait and repeat the experiment; Second, even if the open circuit voltage is the same and the power battery’s ambient temperature range is wide, using this method for an extended period of time cannot guarantee the accuracy of the test results. The SOC of power batteries in use therefore cannot be estimated using the open circuit voltage approach.
3) Model-Based Estimation Algorithm:
Building a reliable and accurate battery model to replicate the physical and chemical properties is the key to model-based SOC estimation. The model-based SOC estimate techniques can be divided into the following groups depending on the different types of battery models.
A. Electrochemical Model:
By modelling the electrochemical reaction process of the battery during the charging and discharging process, the electrochemical models establish the mapping between battery input and output. This type of model has an excellent performance in battery design and research due to a huge number of tests combined with the derivation of the electrochemical formula. It may also be used to evaluate battery status, including state of charge. However, this model is overqualified for SOC estimate due to the numerous tests and intricate formula development.
B. Equivalent Circuit Model:
The equivalent circuit model simulates battery output voltage variations under current stimulation at various temperatures and aging circumstances based on the electrochemical properties of the battery using fundamental circuit elements such as capacitance, volt source, and resistance. This type of model considerably reduces the computational complexity and is ideal for usage in embedded systems since complex electrochemical reactions are analogous to physical circuits.
C. Machine Learning Based Model:
This type of model is based on machine learning techniques, and it simulates the battery reaction under various temperature and current excitation conditions by sorting and training a large number of experimental or real batteries using data. Machine learning-based models enhance estimation accuracy and resilience by adopting a data-driven approach that does not require assumptions, in contrast to conventional models where simplification and assumptions are given when presented or generated.
The battery model is typically used in conjunction with other filtering techniques due to the sensor noise in practical use. A nonlinear version of the Kalman filter, such as the extended Kalman filter, unscented Kalman filter, particle filter, and its nonlinear counterpart, the H-infinity filter, are the most often employed techniques.
The model-based approaches are currently widely employed in battery SOC estimation, however they still have certain drawbacks. In other words, because these methods rely on models, battery models have a significant impact on estimation accuracy. The foundation for the first two types of models is the calculation and derivation of formulas. Once the model is complete, it is challenging to modify or add new features.
4) Machine Learning Based Estimation (Data-driven Methods):
Machine learning-based battery SOC estimation is essentially a data-driven technique. The relationship between battery input and output is directly developed using a large number of battery test or actual use data. Support vector machines (SVM), radial basis feedforward neural networks (RBFNN), nonlinear autoregressive with exogenous inputs neural networks (NARX NN), extreme learning machines (ELM), and recurrent neural networks are examples of frequently used techniques (RNN).
This type of methodology provides superior accuracy and resilience because it does not call for assumptions or oversimplifications when it is presented or developed. Additionally, because of the characteristics of machine learning techniques, it is relatively simple to integrate new features into the overall system and improve existing algorithms using fresh data, making them more appropriate for the study and practical application of vehicle power batteries in the big data era.
Research Contents
In this study, a nonlinear autoregressive neural network with external input (NARX-NN) is used to estimate battery SOC and is compared with backpropagation neural network (BP-NN) and model-based Extended Kalman Filter (EKF) methods. This is due to the difficulty of estimating SOC of power lithium-ion batteries under complex working conditions.
First, experiments are used to identify the operating states of lithium-ion batteries in various working environments. The experimental data is gathered to provide neural networks with data support.
Second, the Extended Kalman Filter model, BP neural network, and NARX neural network are constructed, trained, and/or identified, respectively.
After comparing and analyzing the outcomes of the three various approaches, a conclusion is then reached.
Working Characteristics of Lithium-ion Batteries
Battery Dynamic Characteristics Test
Recognizing the battery’s dynamic properties is the first stage in the entire process because it provides the foundation for choosing and adjusting the algorithm’s parameters more effectively. Understanding the relationship between excitation current, terminal voltage, temperature, and SOC is necessary for this. The polarization within the battery causes a complex change in terminal voltage with excitation current, and the lithium battery is a highly nonlinear time-varying system.
The American Advanced Battery Consortium proposed the Hybrid Pulse Power Performance Test (HPPC) method and specification for testing battery performance parameters like open-circuit voltage curve, internal resistance, and Power, among others, in the Power Battery Test Manual for Power-assisted Hybrid Electric Vehicles. In order to evaluate battery systems, modules, or monomers internationally, battery companies and electric car companies frequently employ the quick and easy HPPC test method. An excellent reference point for battery performance tests and life tests is the HPPC-proposed technique of battery charge and discharge testing. The 18650 cylindrical graphite/LiNi1/3Co1/3Mn1/3O2 battery utilized in this experiment has a nominal capacity of 2.5 Ah and a nominal voltage of 3.6 V. These are the test processes:
(1) The constant current-constant voltage (CC-CV) method is used to fully charge the battery at room temperature. The battery is then allowed to rest in the thermal chamber for two hours at the tested temperature in order to reach the thermodynamic equilibrium condition.
(2) One hybrid power pulse sequence’s current profile, as depicted in Fig. 1, includes a 30-s constant current discharge, a 40-s resting time, and a 10-s charge.
(3) The battery is discharged with a 1/3-C rate to reach the 5% depth of discharge to the next SOC point and then rested for 1 h.
After step (3), the test steps (1)–(3) are repeated 20 times to cover the SOC range from 100% to 5%.
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Fig.1 Current and voltage curves of one HPPC sequence
As can be seen from the figure, at the moment excitation current is applied and withdrawn, the terminal voltage has a vertical-liked change, with the duration of this change in 1s. After that, the voltage change trend gradually slows down. This process is different with the C-rate of the discharge current and temperature.
The cause of this change is the electrochemical polarization effect inside the battery, the instantaneous change of the excitation current when applied and removed is the effect of the ohmic internal resistance inside the battery, and the subsequent gradually slowing voltage change is due to the effect of the polarization internal resistance inside the battery. The cell response at the instant of excitation current input is called zero-state response, and the response at withdrawal of excitation current is called zero-input response.
In order to prove that the trained neural network has better universality, the same lithium-ion battery is not used in the training and verification process. Therefore, in the selection of training data, the characteristics of the battery should be considered to select the appropriate dataset, so that the neural network can get better ability to simulate the battery performance.
According to the Hybrid Pulse Power Characteristic (HPPC) experiments carried out on NCR18650BD NCM lithium-ion batteries produced by Panasonic of Japan[31] and three different kinds of lithium-ion batteries[32], some conclusions related to battery characteristics can be made:
1) The longer the current excitation time, the higher the discharge rate, the larger the polarization voltage of the battery, and the longer the time required for the battery to return to the equilibrium potential.
2) When the temperature range exceeds 20℃, temperature-induced polarization voltage changes should also be taken into account.
3) In the SOC range of 30%~90%, the battery internal resistance is stable at room temperature and above, and the change of internal resistance can be ignored.
4) At the moment the current withdrawn, the voltage curve is almost vertical. After about 1s, the voltage curve gradually becomes flat and approaches the equilibrium point.
Based on the conclusions above, the training dataset can be selected. In this work, an improved HPPC test is used, which is published by the research group of 
University of Wisconsin-Madison[33].
Validation Test
To fully validate the SOC estimation accuracy under dynamic operating condition, Federal Urban Driving Schedule (FUDS) cycle test is conducted. By recording, analyzing and extracting vehicle operating conditions in local cities in the United States, the FUDS test set up a standard driving cycle condition which can be used to simulate vehicle operating conditions in vehicle performance development or evaluation, adapted by the US Advanced Battery Consortium (USABC).
One typical sequence of FUDS cycle is 1372s. In this work, nine FUDS cycles are used to build up the entire test to cover the wide range of SOCs. The same with the HPPC test, the battery is fully charged by the CC-CD method and then rested at the tested temperature for 2 h before the FUDS test. The current profile of the entire FUDS test is shown in Fig.2. The positive current represents the discharging condition while the negative current the charging condition.
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Fig.2 Current curve of the FUDS test
Under the excitation current of FUDS cycle condition, the terminal voltage of the battery changes at 20℃ is shown in the Fig.3.
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Fig.3 Terminal voltage under FUDS cycle condition
In the process of training the algorithm model, the data of HPPC experiment will be used as the training set to train the neural network. In the process of simulation test, the FUDS condition is used as the verification dataset to evaluate the difference between different algorithms. The excitation current, battery terminal voltage and battery temperature will be used as the input of the neural network, and the SOC of the battery will be used as the output. In the final evaluation of the accuracy between different algorithms, the estimated SOC of the algorithm is compared with the actual SOC tested in the experiment, and the error of the two algorithms is taken as the evaluation indicator.
Algorithm Selection and Introduction
Algorithm Selection
Considering the polarization characteristics, battery modeling can be regarded as a complex nonlinear autoregressive time series modeling problem with external incentive.
With the development of communication and computer technology, the application of Internet of Things, cloud computing, edge computing and other technologies makes it possible to collect and process big data. On the basis of big data, data-driven modeling methods have been applied in more and more nonlinear system modeling. Taking artificial neural networks as an example, this kind of modeling method can complete black box modeling of complex systems without understanding the complex mechanism of control objects, especially suitable for dealing with complex objects with nonlinear, strong coupling, distributed parameters, time-varying and multi-input multi-output. These technical conditions provide feasible ideas for data-driven modeling methods. Based on the literature collection, summary and analysis above, in line with the development trend of the big data era, machine learning based algorithms are the first choice. Among the commonly used methods, neural networks have powerful nonlinear fitting ability and can be adjusted flexibly according to various application scenarios.
Due to the advantages, in this work, the nonlinear autoregressive with exogenous inputs neural network (NARX NN) is selected which is a derived type to improve the nonlinear fitting ability of feedforward neural network (FNN) by adding delay nodes to the input layer which make it a recurrent dynamic neural network. Compared with ordinary feedforward neural network, NARX neural network has better dynamic performance due to the addition of feedback elements which ensure the network fitting the nonlinear dynamic changes of batteries better. Compared with recurrent neural network (RNN), NARX neural network is simple and has fewer parameters, which can save a lot of time cost in the process of parameter adjustment, so it is also conducive to fast iteration in the background of big data. Although this also implies a certain decrease in accuracy, this decrease is well within the acceptable range based on the literature review.
In order to reflect the effectiveness of NARX neural network for SOC estimation of lithium-ion batteries, Backpropagation neural network (BP NN) and Extended Kalman Filter (EKF) algorithm based on battery model were used to compare the estimated value of SOC with the actual value obtained from experiments, and the error between the estimated value and the actual value was used as the indicator to evaluate the accuracy of the algorithm.
Algorithm Building
Extended Kalman Filter
The core of the standard Kalman Filter algorithm is a set of recursive formulas which describe the state space expression of the dynamic process of the estimated object. The filter takes the control input and the observed value of the estimated object as the input to achieve the optimal estimation in the sense of the minimum error variance of the estimated object dynamic process state variables and the observed output.
 The application of extended Kalman filter algorithm (EKF) in the field of battery state estimation was first proposed by G.Bartlett [34][35][36]. The core of EKF is to expand the nonlinear system by Taylor series, truncate the second-order and higher terms, and retain only the first-order terms to obtain an approximate linearized model, and then use the same steps as the linear Kalman filter algorithm to complete the state estimation. The discrete state-space equation of the nonlinear system is as follows:


Where,  represents the state vector at time k and the state equation of Thevenin model is called the state equation of EKF;  is the known system input;  is the measured output (in this case the terminal voltage) and the equation becomes the measurement equation;  is used to simulate the input noise that affects the system state;  is used to simulate the sensor noise that affects the measurement value of the system. Both  and are assumed to be white Gaussian noise uncorrelated with each other, that is, the mean value is 0, and the variance is defined by the following formula:


Where,  and  are the covariance or covariance matrix of  and , respectively, with pre-debugging values;  and  are nonlinear equations. As described above, they need to be linearized by Taylor series expansion. The results are as follows:


Where we define , .
At this point, the nonlinear system can be used to iterate the linear Kalman filter algorithm. The next step is to apply the general EKF algorithm to the battery system.
Before starting the algorithm modeling, the most important thing is to determine the battery model to be used. After considering the accuracy and complexity, the Thevenin equivalent circuit model is selected.
After determining the use of Thevenin equivalent circuit model, Parameter Identification should be carried out for the parameters in the equivalent circuit model. Fig. 4 shows the circuit diagram of Thevenin equivalent circuit model, in which the parameters to be identified include: Open-circuit-voltage (OCV), Ohmic resistance , The polarization internal resistance  and the polarization capacitor . Generally speaking, parameter identification can be divided into offline method and online method. Compared with the online parameter identification method, the offline parameter identification method has the advantages of less computation and low application difficulty, so it occupies the mainstream in engineering applications at present. The most used offline parameter identification method is to calibrate the parameters in the equivalent circuit model according to the HPPC experiment. The one-dimensional Look-up table of ‘parameter -SOC’ or the two-dimensional Look-up table of ‘parameter - temperature -SOC’ is constructed. The interpolation table is stored in the EKF algorithm as the input of parameters, and the online SOC estimation is finally realized.
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Fig. 4 Thevenin equivalent circuit model circuit diagram
Based on Kirchhoff’s law, the mathematical expression of Thevenin battery equivalent circuit model is established as follows:


The expression after discretization is as follows:


The data of the parameter identification process will be collected in the HPPC experiment. The specific experimental steps have been mentioned above. 
Next, the parameters should be identified according to the circuit schematic diagram and experimental data. Specific methods are as follows:
(1) Open circuit voltage:
The open circuit voltage (OCV) can reflect the terminal voltage of the battery at the state of thermodynamic equilibrium, and has a stable monotonic mapping relationship with SOC. In step 3 of the HPPC experiment, the battery will stand for 1 hour, at which time the battery has not reached the state of thermodynamic equilibrium, and the collected terminal voltage theoretically cannot be used as the OCV at this SOC point. In this paper, OCV identification is carried out according to the SOC-OCV experiment method.
(2) Ohmic resistance:
The Ohmic effect inside the cell is characterized by ohmic internal resistance , which includes the synthesis of internal resistance effects from various aspects such as contact resistance and fluid collection resistance. As shown in the external characteristic curve of an HPPC cycle in Fig. 1, when the discharge current is loaded, the terminal voltage drops from point A to point B, and the main reason for the voltage difference in this section is . Similarly, the terminal voltage rises from point C to point D at the moment the charging current is discharged. This phenomenon is called ohmic characteristic of the cell and is characterized by ohmic internal resistance . Therefore, according to the data of HPPC experiment and the characteristics of ohmic characteristics, the calculation formula of ohmic internal resistance  during charge and discharge is as follows:


Where,  represents Ohmic resistance in discharge direction,  represents Ohmic resistance in charge direction, , ,  and  represent voltage values at points A, B, C and D respectively,  represents 1C discharge current, and  represents 0.75C charging current. Combined with the data of HPPC experiment, the Ohmic internal resistance of charging and discharging directions at different SOC points was calculated.
(3) Polarization resistance and polarization capacitance:
The polarization parameters of the battery are mainly identified according to BF and CE segments in the HPPC cycle. According to the electronic characteristics of the RC link, the polarization characteristics of the battery can be considered to have disappeared since the battery is stationary for a long time (1h) before the BF section, so the BF section is called the zero-state response of the RC parallel link. For the CE section, although the battery is in the stationary state at this time, the stationary time is relatively short (40S), the polarization effect of the battery is still not eliminated, and the voltage is in a slowly rising state. Therefore, the CE section is called the zero-input response of the RC parallel link. Firstly, the CE section is analyzed. According to Kirchhoff’s law, the terminal voltage during the CE section can be expressed as follows:

According to the identification results of SOC-OCV, , T and  are all known at this time. The unknown quantity  and the time constant τ can be obtained by using cftool toolbox in MATLAB by one exponential fitting. Then the zero-state response of BF segment is analyzed. At this time, there is a constant discharge current in the circuit, so the voltage value of  at both ends in BF segment can be expressed as . From point F to point E, the planned voltage at both ends of  can be considered to remain constant, so the following formula can be obtained:

At this time, the discharge current  is known, and t is 10s.  and τ have been obtained by exponential fitting, the value of polarization internal resistance  can be calculated according to the above equation. Then we can find  according to the relationship between the time constants τ,  and . The relationship curve between  and  in the whole SOC interval can be obtained by the above data processing on the data of 20 HPPC cycles.
Thus, the parameter identification of the equivalent circuit model is completed. The next step is to combine the battery model with the EKF.
According to the discretization formula of the Thevenin model and the EKF formula in the previous section, the terminal voltage of RC link  and SOC are taken as the state variables of the battery system, and the terminal voltage is taken as the measured value of the system, and the discretization form of ampere hour integration method is combined (the following equation):

The EKF algorithm based on Thevenin model can be obtained:


 
 
 
 
 
Where, Ca represents the maximum available capacity of the battery, η is the Coulomb efficiency, which is 0.98 when charging and 1 when discharging. SOCk and  are the state vectors of the system at time k. Vectors  and  are computed and updated in real time at each step; The iterative process of EKF algorithm is shown in Table 2 below. In addition, to ensure the robustness of the simulation, the noise parameters are set as follows: =[0.089 0; 0 0.001],  and .
Table 2 Iterative steps of the EKF
	Definition:

	
	 

	Step 1: Initialize, for k=0,

	
	, 

	Step 2: Iteration, for k=1,2,3... , the calculation is as follows

	Time update:

	
	                                                                                         
  

	
	

	Kalman gain:

	
	 

	Measurement update:

	
	  

	
	              


EKF modeling:
The iterative process of EKF is built in MATLAB/Simulink environment. The external framework of the whole algorithm is shown in Fig. 5 as below.
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Fig. 5 Block diagram of EKF algorithm model
The overall external input of the algorithm includes the measured temperature Tem, SOC initial value,  initial value, covariance matrix of state vector, mean value (0) and covariance matrix ( and ) of system noise  and measurement noise . Here, according to the settings in the actual experiment, the initial value of SOC is set to 100%, the initial value of  is set to 0, and the settings of other values have been explained in the previous section. In addition, the ‘From file’ module named ‘stan_FUDS_30.mat’ in the algorithm outputs the measured battery current I, SOC and terminal voltage  respectively. The current and terminal voltage are measured by the battery test equipment during the experiment, the SOC reference value is the calibrated rated capacity , and the collected current is calculated according to ampere-hour integration method, which is used to compare the SOC value calculated by the EKF algorithm.
The subsystem module named ‘Battery parameter_tem’ is an online update for parameter identification. Its principle is the same as battery equivalent circuit simulation. It updates battery equivalent circuit model parameters in real time according to current input I and SOC value at current time, including OCV, ohmic internal resistance , etc. The internal structure block diagram of polarization internal resistance  and polarization capacitance  is shown in Fig. 6, both of which are two-dimensional interpolation considering temperature and SOC.
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Fig. 6 Thevenin equivalent circuit model MATLAB/Simulink modeling
The subsystem module named EKF is the specific EKF iteration process, and its inner block diagram is as follows:
[image: ]
Fig. 7 EKF algorithm Simulink modeling
According to the iterative process of EKF, in essence, the state variable  and the covariance matrix  of the state variable are the time update and measurement update processes in each step of EKF iteration. Therefore, the two subsystem modules mainly included in the figure above are the calculation process of the state variable  and the covariance matrix  of the state variables respectively. The subsystem for state variable  is as follows:
[image: ]
Fig. 8 The iteration process of the state variable 
 contains the state variables of time updating and measurement update two step, time to update the  modules, including the calculation of type ; The measurement update by the calculation of type: Including Kalman gain,  , its calculation diagram is as below, Fig. 9(a), the calculating formula for ;  is the measured terminal voltage, and  is the terminal voltage calculated according to the equivalent circuit model, as shown in Fig. 9(b) below.

Fig. 9(a) Update of the state variable   (b) Calculating diagram of 
The subsystem for  of the state variable covariance matrix is shown in Fig. 10, which also includes time update and measurement update, time update is calculated as follows: ; The measurement update is calculated as  is calculated at each time step.
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Fig. 10 The iteration process of the covariance matrix of the state variables
Back to the external framework, the output of the whole model is a state variable  composed of SOC and , in which the calculated SOC is compared with the reference SOC, and some evaluation indexes are calculated using mathematical statistics to evaluate the accuracy of the SOC estimation algorithm.
Backpropagation (BP) neural networks
Artificial Neural Networks can be divided into feedforward neural networks and feedback neural networks according to the connection mode of neurons, and can be divided into supervised learning and unsupervised learning according to the learning mode. BP neural network is a kind of artificial neural network, which was proposed by scientists led by Rumelhart and McClelland in 1986. It is a multi-layer feedforward neural network trained according to the error backward propagation algorithm. It is a kind of unsupervised learning, and is one of the most widely used neural networks at present.
BP neural network is composed of input layer, hidden layer and output layer. According to Kolmogorov’s theorem, a three-layer BP neural network with one hidden layer can approximate any nonlinear continuous function on the closed set with arbitrary accuracy when the number of hidden layer nodes is enough. Therefore, BP neural network with single hidden layer is selected for illustration. The basic structure of three-layer network is shown in Fig. 11:
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Fig. 11 Three-layer BP neural network structure
The number of nodes in the input layer, hidden layer and output layer in the graph is defined as L, M and N respectively. I, j and k represent the I, j and k neurons in the input layer, hidden layer and output layer, respectively. The activation function of the hidden layer adopts sigmoid function, also known as sigmoid function, whose expression is as follows:

The value of x ranges from minus infinity to infinity, and S(x) ranges from (0,1). The function has very good symmetry, and when the input exceeds a certain range, the function value will be insensitive to the input.
Where, the weight from the ith node of the input layer to the jth node of the hidden layer is , and the weight from the jth node of the hidden layer to the kth node of the output layer is . The threshold of the jth node in the hidden layer is , and the threshold of the kth node in the output layer is .  represents the output value of the jth node in the hidden layer. represents the predicted output value of the kth node in the output layer.
The error terms of the hidden layer and output layer are defined as  and , respectively, where  represents the error term of the jth node in the hidden layer, represents the error term of the kth node in the output layer, and  represents the expected output of the kth node in the output layer.
The process of forward propagation can be expressed as follows:


Define the error function as follows:

For multiple input samples, the error function is defined as follows:

Where M1 is the number of training samples, n is the number of nodes in the output layer.  is the expected output of the kth output node of sample s, and  is the predicted output of the kth output node of sample s.
The backpropagation weight and threshold update process can be expressed as follows:

 





The forward propagation and back propagation processes are written in the form of matrices, and the following definitions can be made first:
Input layer to hidden layer has a weight matrix , the threshold matrix is the . The weight matrix from hidden layer to output layer is , threshold matrix is . The input vector is X, forecasts of the output vector is Y, the desired output vector is O, the output value vector of hidden layer is V, hidden layer error vector value is , error value matrix of the output layer is .
The matrix form of forward propagation is:


Where F represents the activation function.
The matrix form of back propagation is:






The above is the matrix form of BP neural network with single sample input.
The standard BP neural network adjusts the weights and thresholds of hidden layers and output layers according to the gradient descent algorithm, and its derivation process has strong reliability and universality. Although BP neural network has strong nonlinear mapping ability, high self-learning ability and self-adaptation ability, it still has some limitations: the number of iterations and the final weight and threshold of different training vary greatly; The training of network depends on randomness, and it is easy to produce local minima. With the increase of the number of iterations, the convergence efficiency becomes slower. The network structure is difficult to determine. The generalization ability is poor.
The process of BP neural network predicting battery SOC is as follows:
1. The collected data is preprocessed to obtain the normalized training set as input, the training set expected as output, the test set input, and the test set expected as output.
2. Determination of hidden layer nodes: the number of input variables is the number of input layer nodes, and the number of output variables is the number of output layer nodes. It is known that there are 3 input variables and 1 output variable, and the number of hidden layer nodes is determined by the following empirical formula:

3. The maximum iteration times, learning rate and target error of BP neural network are set. Initialize the weight  and threshold  between the input layer and the hidden layer, and the weight  and threshold  between the hidden layer and the output layer.
4. Forward propagation process: the input of the training set is brought into the neural network, the output of the network is calculated according to the formula of forward propagation and compared with the expected output of the training set, and the training error E is calculated according to the error function. If the training error is greater than the target error, perform Step 5; otherwise, perform Step 6.
5. Backpropagation process: the weights and thresholds, ,  and  are updated according to the backpropagation formula. After this step is completed, judge whether the maximum number of iterations is reached. If not, go back to Step 4; if yes, go to Step 6.
6. Calculate the error of the test set: input of the test set into the neural network according to the formula, calculate the output of the network, and compare the expected output of the test set after reverse normalization with that before normalization.
7. End of training. Using the trained neural network to estimate battery SOC.
NARX Neural Network
The modeling for the external characteristic of the battery is essentially to model the relationship between the input and output sequences of the system. The inherent typical characteristics of time series are reflected in the dependence between adjacent data monitoring points. Time series analysis is the theory and method of establishing the corresponding mathematical model through parameter estimation or curve fitting according to the time series data obtained from systematic observation. The goal of time series modeling is to finally realize the prediction of the future state of the system.
The traditional Equivalent Circuit Model uses a linear autoregressive Model (ARX) with external input to describe the polarization voltage dynamics of batteries. However, the ARX model has limited ability to approximate the nonlinear characteristics of the polarization characteristics of the battery. Because the traditional BP neural network does not consider the time continuity, it has low ability to get good accuracy under rapid change of excitation current. Therefore, it is considered to use dynamic neural network to improve the accuracy of neural networks for time series.
Dynamic neural network refers to the network with feedback and memory functions, in which the feedback includes local feedback or global feedback. By introducing the structure of feedback and memory, the neural network can retain the data at the previous time of the system and make it participate in the calculation of the network output at the next time. At the same time, because of the powerful nonlinear mapping ability of neural network, dynamic neural network plays an important role in the modeling of nonlinear time series, and has been widely used in the system detection and predictive control of complex nonlinear fields such as chemical industry and meteorology.
NARX neural network is a kind of based on linear regression with external input, taking into account the input/output temporal correlation with the external input nonlinear regression neural network, widely used in time series modeling, by joining in the function of the past time external incentives, considering the external incentive effect on the system output in the past, Its functional form is as follows:

Where,  and  respectively represent the input and output of the system at time i;  represents the estimated value of the system output at time i;  and  denote the delay order of input and output, respectively. It can be seen that the current state output value of NARX neural network model is not only related to the input value at the current time and the historical time, but also related to the output value at the historical time.
NARX neural network has two forms: open-loop and closed-loop. Open-loop neural networks feed back the output results to the input when the output results are known. However, the closed-loop neural network can use its own estimates in the calculation, which can highlight the dynamic characteristics of the system in the multi-step and long sequence calculation. For the output quantity that cannot be measured directly, open-loop neural network can be used to train the model, and the preliminary estimate value can be used to closed-loop neural network, and then the final estimate value can be obtained by closed-loop neural network.
Due to the fact that lithium battery SOC is easily affected by operating conditions in practice, the true value obtained by ampere meter method cannot be used as the model input, so open-loop neural network cannot be used for the SOC estimation modeling of lithium battery. Therefore, in this paper, the true value obtained by ampere meter method is used as the output. Firstly, network parameters are identified based on the open-loop NARX network topology, and the obtained preliminary SOC estimate is used as the output of the closed-loop neural network. On this basis, the SOC estimation model of lithium batteries based on the closed-loop NARX neural network topology is shown in Fig. 12.
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Fig. 12 Structure of NARX neural network
In the figure, U(t), I(t), T(t) and SOC(t) are the corresponding voltage, current, temperature measured values and SOC estimated values at time t, respectively. , , and  are the connection weights of neurons in hidden layer, respectively.  is the output value of the neuron in the nth hidden layer, and its value is:

 
 
Where,  is the activation function corresponding to the nth neuron in the hidden layer;  is the threshold of the nth neuron in the hidden layer. x and y are the time series of input state U, I, T and output state SOC, respectively.
The output value of neurons in the output layer can be expressed as:


Where,  is the activation function corresponding to neurons in the output layer;   is the threshold of neurons in the output layer. h is the output set of the hidden layer.
NARX Neural Network Training:
According to the exciting current and can extract the polarization voltage of NARX neural network training, due to the current and voltage data is more, in the process of network training, excessive amplitude difference of the sample data will result in slow convergence speed when training the network, even lower precision, so I need before the trained neural network will be normalized data samples, Generally, the elements in the sample set are distributed between [0,1] or [-1,1] to remove the dimensions. The huge difference in amplitude between the data can ensure that the network has sufficient input sensitivity and better fitting to the samples. In this work, Min-Max normalization method is adopted to normalize the training sample data.  and  are the minimum and maximum values of the original data respectively, and X is the data to be processed. The normalized expression is as follows:

After the polarization voltage is extracted and the data set for training is obtained through data preprocessing, the original data is usually divided into training set, validation set and test set, and the three data sets do not intersect each other. This classification is mainly in order to prevent the training model of fitting phenomenon, if you don’t use this classification, but directly use all of the original data to direct training model, so the result may be a network only fitting all of the training data, usually so trained network has good generalization ability, For the input samples outside the training set, the expected results are not obtained.
Therefore, the collected training data are randomly divided in this paper, in which the proportion of training set, validation set and test set to the original data is 80%, 10% and 10% respectively. In the process of training NARX network, the data of training set is used to train network parameters, and the validation set is used to adjust network hyperparameters. The role of validation set is mainly to predict multiple models trained through the training set, and record the accuracy of each model, so as to screen out the model parameters with the best performance. After the optimal model is obtained from the training set and validation set, the model is generally predicted from the data of the test set to measure the accuracy and generalization error of the model. For the NARX neural network with N training samples, the evaluation function in the training process is defined as:

Where  is the difference between the predicted NARX network value  and the actual value yi of the training data of group i. The process of network training is to find a set of weights w to minimize E(w).
The Gauss-Newton method, L-M (Levenberg-Marquardt) algorithm, and Scaled Conjugate Gradient (SCG) algorithm are three of the most often utilized learning algorithms in NARX neural networks.
The Gauss-Newton method is a specific instance of solving a nonlinear least squares problem; it is an approximation of the Newton method, simple and easy to use, and has the significant benefit of not requiring the computation of the Hessian matrix of the second derivative, which saves a great deal of time-consuming calculations but has an unstable convergence rate.
Since the Gauss-Newton method and the gradient descent method are combined to create the Levenberg-Marquardt (L-m) algorithm, there is no need to compute the Hessian matrix and greater control over step size than with the Gauss-Newton method. The L-M algorithm is more reliable and less reliant on the initial point than the Gauss-Newton technique. It can still locate the local optimal point if the starting point is far from it, but the L-M algorithm’s convergence rate is comparatively slow. The drawback of L-M is that it requires a lot of storage space and memory because it must compute the Hessian matrix and the inverse matrix throughout the calculation process.
Between Newton’s method and the steepest descent method, the SCG algorithm is an enhanced approach based on conjugate gradient method. It is quicker than the steepest descent approach in convergence since it just requires the first derivative. In addition, unlike Newton’s approach, it does not require calculating the inverse matrix or storing the Hessian matrix. As a result, the SCG algorithm uses less memory and has a comparatively high level of stability when compared to the Gauss-Newton method and the L-M algorithm. However, not all data sets can be used with the SCG method. When the matrix is unfit, SCG performs incredibly poorly and frequently fails to achieve the desired outcome.
In this work, the L-M method is utilized for network training while taking accuracy, stability, and other characteristics into consideration. Iterative weight optimization is used for problems involving nonlinear least squares. At each iteration step, w is changed in the following formula in accordance with the L-M algorithm [37]:

Where µ >0 is a constant, I is an unit matrix, and J(w) is a Jacobian matrix with the value of

It is worth noting that training neural networks requires high CPU performance for general embedded systems due to the large sample size used for training. In this paper, the training process of NARX neural network is carried out in the MATLAB environment of the local computer after collecting the voltage and current data of the battery, and the trained NARX neural network will be embedded in the hybrid equivalent model for the estimation of battery SOC.
In Fig. 13, the mean-square error of the network varies with the number of iterations in the network training process. In the training process, after the number of iterations reaches 1000, the training process can be terminated when the validation set error rises and the gradient of the network almost no longer changes. It is worth noting that after the network training is completed, the network output needs to go through inverse normalization to get the actual predicted output.
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Fig. 13 The MSE variations with epochs
Fig. 14 shows the time domain response of the trained network on the three original data sets. Since the division of the original data sets is random, it can be seen that the data sets represented by the three colors are evenly distributed in the whole time domain. At the same time, it can be observed that the pressure on each data set serves as the input of NARX neural network. The network will give a predicted value at time K, which is basically consistent with the actual response value, indicating that the network has achieved good results after training.
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Fig. 14 The time response and error plot of the NARX neural network on three data set
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Fig. 15 The histogram of error between NARX neural network outputs and targets
Fig. 15 shows the error distribution between the network predicted value and the actual value obtained by training. It can be seen from the figure that most of the training errors are concentrated in the order between [-0.00037, 0.00034], which indicates that the network has achieved high training accuracy.
Algorithm Test and Comparison
After the three algorithms are built or trained, testing and comparison can be started. As mentioned above, FUDS standard cycle condition was used to test and compare the accuracy of the three algorithms at 20℃, and the error was expressed by the absolute error of SOC.
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Fig. 16 Comparison of SOC estimated by EKF and real SOC
First, as shown in Fig. 16, the SOC estimated by EKF is compared with the actual SOC. As can be seen from the figure, the SOC voltage value estimated by EKF can follow the change trend of actual SOC, but there is always a certain error, and the estimation effect will produce a large error in the interval where SOC changes sharply.
Due to the use of different kinds of batteries in modeling and testing, the estimation algorithm has a large error. This indicates that the model-based estimation method is very sensitive to the accuracy of the model itself. If the accuracy of the model is not good or different estimation objects are replaced, the result will have a large error. This characteristic also determines that this kind of method does not have good generality.
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Fig. 17 Comparison of SOC estimated by BP neural network and real SOC
The second result is the comparison between the estimated value of BP neural network and the actual SOC. As shown in Fig. 17, it can be seen from the figure that BP neural network has a better following effect for SOC due to its powerful nonlinear fitting performance, but it can still be roughly seen in the figure.
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Fig. 18 Comparison of SOC estimated by NARX neural network and real SOC
Finally, the estimation results of NARX neural network are compared with the actual SOC. It can be seen from Fig. 18 that NARX neural network has a very good estimation effect on SOC. If the line shape is not changed, the actual value and the estimated value cannot be distinguished from the figure.
Because the data of different kinds of lithium-ion batteries are similar in the working process, the two kinds of data-driven neural networks are not affected too much and can maintain good accuracy. This shows that the data-driven method has good generality.
In order to better reflect the accuracy difference of the three algorithms, their errors are compared, and the results are shown in Fig. 19.
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Fig. 19 Comparison of estimation errors of EKF, BP neural network and NARX neural network
As can be seen from Figure 12, the errors of the three algorithms are very different. The overall error of EKF is the largest. It basically fluctuates within the interval [-2,5] in the whole process of FUDS, which has the most drastic change. The error of BP neural network is relatively small. Changing in [-1,1] interval in the whole process, there is no large jump. NARX neural network has the smallest error, which varies in the interval [-0.1,0.3] throughout the whole process and performs stably in every FUDS cycle.
It can be seen that neural network has a strong fitting effect for nonlinear systems, and the NARX neural network specially designed for time series estimation has better performance than the traditional BP neural network.
For SOC estimation algorithms based on battery model, such as EKF, due to the strong nonlinear characteristics in the high SOC and low SOC stages of the battery, the estimation method using sample points sampling and parameter update by looking up the table will be greatly affected, and the estimation effect is poor in the interval where the current changes sharply. Although this error can also be optimized by increasing the number of sample points or using other more accurate algorithms such as unscented Kalman filter, it will greatly increase the workload in the process of experiment and parameter identification, and the efficiency is low. In addition, under the background of big data era, a huge amount of data is produced every day. If the traditional model-based estimation method is still used, it is difficult to keep up with the speed of data update and finally fall behind. Therefore, it is the trend of The Times to study battery state estimation based on neural networks.
Summary
Aiming at the problem that SOC of power batteries is difficult to estimate, the following work is carried out in this work:
1. Studying the current work of battery researchers, summarizes the commonly used SOC estimation methods, classifies them into electrochemical methods, equivalent circuit model methods and machine learning methods, and analyzes their advantages and disadvantages respectively.
2. The pulse charging and discharging experiments were designed to understand the immediate response and hysteresis response characteristics of lithium batteries, and suitable standard dynamic cycle conditions were selected as verification conditions to evaluate the accuracy of each algorithm.
3. Three different estimation algorithms, EKF, BP neural network and NARX neural network are selected to compare the accuracy between model-based estimation methods and machine learning-based estimation methods, and the influence of whether there is an optimization module for time series on the accuracy of the algorithm.
4. The corresponding algorithms were built respectively, and the experimental data of lithium battery at 20℃ room temperature were used for testing. The test results show that the overall accuracy of EKF is the lowest and the range of change is the largest. The accuracy of BP neural network is relatively high, and the NARX neural network can estimate stably and has the highest accuracy in each cycle.
In this work, in order to verify the universality of different algorithms for different batteries, batteries of different manufacturers and capacities are used in the training and testing. The test method based on battery model produces a large error (over 5%), while the two neural network models based on data drive can maintain good accuracy. This also shows that the data-driven approach can be applied to a wider range of application scenarios than the traditional model approach in the era of big data.
By comparing the three targeted algorithms, it can be seen that the neural network has certain advantages in fitting nonlinear problems compared with the battery model. The optimization of time series can significantly improve the estimation accuracy, and the maximum error is reduced from 1% to 0.3%.
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Appendix
BP Neural Network:
clear
close all
clc

rawdata=readtable("NN_McMaster_18650_3Ah_HPPC.csv");
datatmp=table2array(rawdata);
randIndex = randperm(size(datatmp,1));
datatep = datatmp(randIndex,:);
data=datatmp(:,1:2).';
label=datatmp(:,3).';

offset=floor(size(data,1)*0.8);
data_train = data;%(:,1:offset);
label_train =label;%(1:offset,:);
% data_test = data(:,offset:end);
% label_test =label(:,offset:end);
inputnum=2;
hiddennum=[4 3]; 
outputnum=1;
[inputn,inputps]=mapminmax(data); 
[outputn,outputps]=mapminmax(label);

net=newff(inputn,outputn,hiddennum,{'tansig','purelin'},'trainlm');

W1= net.iw{1, 1}; 
B1 = net.b{1}; 

W2 = net.lw{1,1}; 
B2 = net. b{1}; 

net.trainParam.epochs=1000;
net.trainParam.lr=0.01;
net.trainParam.goal=0.0001; 

net=train(net,inputn,outputn);

load("FUDS.mat");
a3 = I_test.data(1:end)';
a4 = V_test.data(1:end)';
test_data = [a3;a4];
test_label = SOC_test.data(1:end)';
testtest=mapminmax('apply',test_data,inputps);
an_test=sim(net,testtest);
an_test=mapminmax('reverse',an_test,outputps);
error=(an_test-test_label)*100;
figure(2)
plot(an_test)
hold on
plot(test_label)
figure(3)
plot(error)

NARX Neural Network:
clear
clc
close all

% Data manipulate
% addpath("C:\Users\klh\Desktop\matlab")
load("HPPC.mat");
load("FUDS.mat")
a1 = I.data(1:end)';
a2 = V.data(1:end)';
train_data = [a1;a2];
train_label = SOC.data(1:end)';
a3 = I_test.data(1:end)';
a4 = V_test.data(1:end)';
test_data = [a3;a4];
test_label = SOC_test.data(1:end)';

% Define the NARX network
setdemorandstream(pi)
X = tonndata(train_data,true,false);
T = tonndata(train_label,true,false);
trainFcn = 'trainbr';
inputDelays = 1:10;
feedbackDelays = 1:10;
hiddenLayerSize = 10;
net = narxnet(inputDelays,feedbackDelays,hiddenLayerSize,'open',trainFcn);
[x,xi,ai,t] = preparets(net,X,{},T);
[net,tr] = train(net,x,t,xi,ai);
y = net(x,xi,ai);
e = gsubtract(t,y); 
performance = perform(net,t,y);
view(net) 

% Test the network
X_test = tonndata(test_data,true,false);  
T_test = tonndata(test_label,true,false);
[x,xi,ai,t] = preparets(net,X_test,{},T_test);
y_test = net(x,xi,ai);
e = gsubtract(t,y_test);
performance = perform(net,t,y_test);
T2=cell2mat(T_test );
y2=cell2mat(y_test);
t_T2=[1:1:length(T2)];
figure(2)
plot(t_T2,T2,'r')
t_y2=[1:1:length(y2)];
figure(2)
hold on
plot(t_y2,y2,'k')
legend('actual SOC','NARX-NN output');
% Calculate the error
error = y2*100-T2(1:length(y2))*100;
figure(3)
plot(t_y2,error)
legend('error');
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