


1. Purpose and Significance of Research Topic
The intelligent upgrade of the power grid is a necessary path to achieve the national "dual carbon" strategic goals, and energy storage systems can promote the development and application of new energy sources through energy storage devices, establish microgrids to provide power support for areas with inconvenient transmission, and adjust peak and frequency to improve the stability of power system operation, which has significant strategic significance for the intelligent upgrade of the power grid. Battery energy storage systems (BESS) are currently a hot topic in energy storage development due to the portability of chemical energy storage and environmental independence. The monitoring and dispatch management of the energy storage battery unit is an essential part of the battery energy storage system. The main purpose of implementing the monitoring and dispatch management of the energy storage battery unit is to measure, estimate and manage the electric and thermal related data of the battery unit by means of measurement, estimation, and management methods, to achieve energy storage and release of energy in the energy storage battery pack, while meeting certain requirements within a certain cost and safety range.。
The energy storage battery unit connected in series or parallel is monitored and managed by the battery management system (BMS). The BMS is responsible for real-time measurement of the electric and thermal related data of the battery, including the single battery voltage, battery module voltage, series current, insulation resistance and other parameters. Based on the measured parameters, it estimates the battery's state of charge (SOC), state of energy (SOE), charging and discharging energy values (Wh), maximum charging current, maximum discharging current, and other status parameters. It also has a power-off retention function and the ability to upload to the monitoring system; failure diagnosis function, charging and discharging protection and management functions.
In the BMS functional management, the reliable knowledge analysis of the battery SOC (state of charge), SOE (state of energy), SOH (state of health), SOP (state of power), SOT (state of temperature), and SOS (state of safety) is a prerequisite for managing the efficiency of battery charging and discharging, safety management, thermal management, and health. The battery's state of charge (SOC) is currently the commonly used state parameter to represent the remaining capacity of the battery, and it can only describe the change of the current, but not the voltage. The battery's energy change is closely related to not only the current change but also the voltage change.
The battery's state of energy (SOE) characterizes the ratio of the actual (remaining) watt-hour capacity that the battery can release to the rated watt-hour capacity, which can directly reflect the battery's available energy and working capacity, provide a basis for power scheduling, and facilitate the estimation of the cruising range and energy optimization management. SOE is a parameter that cannot be directly measured in the energy storage battery pack. Therefore, improving the accuracy and stability of the battery SOE estimation can provide a reliable basis for energy optimization management and ensure the safety of the energy storage battery during operation.
Commercial lithium-ion batteries have sufficient power density and cycle life, supporting the industrialization of energy storage systems. However, the cruising range and service life of cluster battery packs consisting of hundreds of individual batteries limit the large-scale development of battery energy storage. An important reason is that inconsistent batteries have appeared from the beginning of the cell packaging. Inconsistent batteries are mainly caused by manufacturing consistency and faults, and they increase with time under operating conditions, leading to a short life of battery modules and an increase in the cost of battery energy storage. During the charging or discharging process of the serial battery module, any battery may experience undervoltage/overvoltage, resulting in random inconsistency, endangering the health and safety of the battery. Generally, this inconsistency will gradually lead to abnormal degradation of battery capacity and shortened life, ultimately resulting in significant performance differences and even serious thermal runaway. A good battery balancing scheme can effectively compensate for the problem of battery consistency leading to reduced battery pack service life. Therefore, the balancing management of individual batteries in the energy storage battery pack not only can achieve strong durability and long service life, but also has important significance for developing the next generation of battery energy storage systems and intelligent power grids.

The research objective is to optimize the design of the balancing management unit of the energy storage battery management system, including the balancing evaluation index, balancing topology, and balancing strategy, in order to achieve lower energy loss and shorter balancing time in the battery energy storage system. The research will focus on the following aspects:
(1) Establish a battery energy storage system model, analyze the working principle of the battery management system and the energy storage battery pack, and propose the balancing evaluation index, balancing topology, and balancing strategy for the battery management system.
(2) Design the hardware and software of the balancing management unit, and develop the control algorithm for battery balancing.
(3) Develop a simulation platform for the battery energy storage system, and verify the performance of the balancing management unit through simulation experiments.
(4) Conduct experimental research on the battery energy storage system, and verify the effectiveness of the optimized balancing management unit.






2. Analysis of Current Research Status Related to this Topic, Including Development Level and Existing Problems
2.1 Research Status of Balanced Methods:
F. Baronti et al. [37] analyzed five topologies for balancing series-connected lithium-ion batteries, including passive balancing and active balancing. They established a topology model to evaluate the balance time and energy loss, and conducted statistical simulations by randomly generating charge imbalances, demonstrating that active balancing is the most effective method.

Akash Samanta et al. [27] proposed a coupled inductor-based flyback converter topology for battery balancing during charging and a single inductor-based buck converter for battery balancing during discharging. They developed control logic based on battery voltage and state of charge (SOC) for the proposed battery balancing scheme and found that control algorithms based on battery SOC are more effective in terms of balancing speed.
Srinivas Singirikonda et al. [25] used a symmetrical switch capacitor balancing topology to provide fast battery voltage balancing by having the maximum number of current paths from any battery to any other battery. The proposed scheme can fully balance battery voltage, regardless of the position and SOC level of the battery in the battery pack. The proposed scheme provides an acceptable level of performance in battery voltage balancing with high efficiency and reliability.
Olaoluwa Joseph et al. [44] proposed a health-conscious enhanced charging (HCEC) strategy based on battery models and SOC, and combined it with a bidirectional flyback active balancing method to ensure rapid balancing of all modules and maximize the available capacity of the battery pack. Compared with passive balancing, using active balancers increased the available capacity of the battery pack by 5.3% from an initial SOC deviation range of 10%.
Menaa Nawaz et al. [43] implemented an active battery balancing technique using a dynamic battery model-based energy-saving DC/DC converter. The system results of the implemented technique verified safety, tracked battery lifetime, and improved battery pack performance compared to a commercial BMS with passive balancing technology. Based on the experimental results, they evaluated the advantages and disadvantages of active and passive balancing schemes for different power applications and battery quantities, considering available energy, battery state, and component costs of the battery pack.



2.2 SOE estimation
K. Mamadou[4] et al. proposed the concept of State of Energy (SOE) as a new energy reserve indicator that takes into account the real-time performance and lifespan of electrochemical energy storage systems under various operating conditions such as charging/discharging rates and environmental temperature. The SOE is proposed as a direct input parameter for modern Battery Management Systems (BMS) to manage battery reserves in an easy-to-implement and reliable manner. After a complete description of the SOE and experimental characterization procedures, the text discusses online prediction issues of SOE in advanced applications such as storage technology comparison, smoothing of solar or wind energy production, and intelligent grid or electric vehicles.
P. Chatterjee[47] et al. validated the relationship between State of Charge (SOC) and SOE estimation for lithium-ion batteries under many working conditions. They proposed a strategy that successfully evaluates SOC and SOE with high accuracy under various operating conditions, which can reduce the computational complexity of the processor used in BMS and is therefore suitable for implementation in electric vehicle applications.
Kaiyuan Li[42] et al. established a multidimensional lookup table for maximum and residual available energy and used current SOC, State of Health (SOH), temperature, and current to interpolate the current maximum and residual available energy. They then calculated SOE as SOE=residual available energy/maximum available energy. However, constructing a multidimensional lookup table requires a large amount of experimental data, and this method relies on accurate estimation of battery SOC and SOH.
Ma, L[15] et al. proposed a method based on Backpropagation Neural Network (BPNN) for SOE estimation, treating the battery as a black box system with discharge current and temperature as BPNN training inputs and SOE as the training output. However, this method also requires a large amount of historical experimental data and its applicability under highly dynamic operating conditions, such as those found in electric vehicles, has not been explored in the literature.
Xiaoyu Li[35] constructed a lithium-ion electrochemical model and represented SOE as a function of SOC, which is directly related to negative electrode charge concentration. This approach transforms SOE estimation into estimation of negative electrode charge concentration, which is then estimated using an adaptive fractional-order extended Kalman filter to obtain SOE. However, obtaining electrochemical parameters such as the solid-state diffusion coefficient and electrode capacity for both positive and negative electrodes is a challenge for this method. The electrochemical model structure is complex, usually with many unidentified parameters, consisting of many coupled nonlinear partial differential equations, and is computationally intensive, making it difficult to identify and decouple and apply to practical environments.
Guangzhong Dong[41] et al. used a first-order equivalent circuit model to establish an EKF-PF dual-filtering method, where the EKF is used for parameter identification and the PF is used for SOE estimation. They also constructed an empirical expression for total available energy. However, the applicability of this method under highly dynamic operating conditions, such as those found in electric vehicles, has not been explored in the literature, and the empirical expression for total available energy relies on a large amount of experimental data.
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3.1 Battery Energy Storage System
The increasing environmental problems and depletion of fossil fuel reserves have led to an increase in the penetration rate of renewable energy sources. According to the World Energy Statistical Yearbook 2021, primary energy consumption decreased by 4.5% in 2020, and wind, solar, and hydroelectric power increased, with solar power growing at a record rate of 1.3 exajoules (20%), with China being the country with the largest increase in renewable energy (1.0 exajoules). The increase in distributed generation of renewable energy, such as solar and wind power, has increased the difficulty of grid integration and energy optimization, posing new challenges to existing grid technologies. Microgrids are seen as a solution for large-scale integration of distributed generation in distributed systems and provide a foundation for the intelligent upgrading of the grid [1]. Microgrids mainly consist of a distribution network composed of power loads, distributed generation, and energy storage systems that can operate independently or be connected to the grid [2]. The operation of microgrids is controlled by an energy management system (EMS), which ensures reliable, safe, and economical operation in grid-connected or independent mode.
Energy storage systems are an important component of intelligent microgrids, used to compensate for intermittent renewable energy generation and ensure continuous power supply. Electrochemical energy storage systems are currently the hotspots in the development of energy storage systems due to their portability and environmental independence. To meet the voltage and capacity requirements, a large number of battery cells are often connected in series or parallel to form a battery energy storage system. As the energy carrier of electrochemical energy storage systems, the development of electrochemical energy storage systems is limited by the storage batteries. Energy storage systems hope that the storage batteries have characteristics such as long service life, large energy storage capacity, and high safety, effective management of the storage batteries can not only play the original performance of the batteries but also extend the battery life and improve the safety of use. Therefore, to optimize the energy management of microgrids, achieve various stable optimization control strategies, and reduce the abandonment of renewable energy, the battery management system needs to monitor real-time battery parameters such as state of charge (SOC), state of energy (SOE), voltage, current, temperature, etc. [3]. The design of the entire management system is centered on the estimation of the battery state, estimating the battery state by measuring the electric and thermal-related data of the battery, and formulating corresponding control and protection strategies to ensure the efficient and safe operation of the battery group.
3. 2 Battery SOE Estimation
The battery state of the energy storage system can be described from the perspective of capacity, indicating the percentage of remaining capacity to rated capacity, called the State of Charge (SOC); or from the perspective of energy, indicating the ratio of actual (remaining) watt-hour capacity to rated watt-hour capacity, called the State of Energy (SOE) [4]. Estimating the battery SOC can obtain the remaining capacity of the battery, but not the remaining energy of the battery group, which makes it difficult to accurately judge the discharge capacity of the battery, and brings difficulties to the formulation of balance, charge and discharge control strategies. Accurate SOE estimation has the following significance:
1. SOE is an important parameter for energy optimization management and distribution in battery management systems. Based on the energy state, control strategies can be formulated to achieve the goal of rational energy distribution, which can improve economic efficiency while meeting the needs of peak shaving and valley filling [3].
2. SOE is an important parameter for battery group protection. Traditional charge and discharge protection strategies are based on the battery terminal voltage, but the battery terminal voltage has a complex nonlinear relationship with energy state. Using the battery terminal voltage as a condition may result in insufficient battery utilization or overprotection. Therefore, using SOE as a condition can protect the battery while improving battery utilization rate [5].
3. SOE is an important indicator for achieving battery group balance. One of the goals of battery management systems is to achieve battery group balance. Compared with the balance judgment indicators of terminal voltage or SOC, using SOE as the balance threshold can ensure that each cell in the battery group has the same discharge capacity [6].
3.2.1 Definition of SOE 
The value of SOE can be calculated using parameters such as battery voltage and current. It is generally considered that the SOE is 1 when the battery is charged to the cut-off voltage, and the SOE is 0 when the battery is discharged to the cut-off voltage. SOE can be defined based on the rated energy of the battery and the remaining energy that can be discharged [4]:：
                                     (1)
Where  is the rated energy of the battery, expressed as the product of the rated voltage and rated capacity;  is the remaining energy that can be discharged. Considering that the battery generates heat and loses it during the discharge process, the formula (1) can be modified as follows [5]:

SOE(t) represents the real-time value of SOE,  represents the electrical energy that can be released, and  represents the thermal energy released during the charge and discharge process of the battery.
3.2.2 Factors Affecting SOE Calculation
In the SOE expression,  represents the total energy inside the battery, which represents the maximum storage capacity of the battery under the current state. The accuracy of  has a significant impact on the calculation accuracy of SOE. By analyzing the working characteristics of the battery, it can be known that environmental temperature, discharge rate, cycle life, and self-discharge have an impact on the total energy  inside the battery [7]. To make the calculation results of SOE more accurate, it is necessary to determine the relationship between the influencing factors and  and consider them when establishing the battery model. The self-discharge rate of lithium batteries is relatively low (<10%), and there are many factors that affect self-discharge. Therefore, the impact of self-discharge on estimation accuracy is usually ignored in SOE calculation. The main analysis focuses on the impact of environmental temperature, charge and discharge current, and battery health on the total energy inside the battery, and the calculation of SOE is corrected accordingly.
3.2.3 SOE Estimation Method
The energy change of a battery is not only closely related to current changes but also to voltage changes. Compared with the estimation of SOC, which only considers current changes, the estimation of SOE introduces more sources of error. Currently, mainstream SOE estimation methods are similar to SOC estimation methods and can be roughly divided into direct calculation methods, model-based calculation methods, and data-driven methods. The specific estimation methods are described as follows:
(1) Direct Calculation Method
The power integration method is defined as follows:
                
where  is the initial value of SOE,  is the charging and discharging efficiency, I/V are the load current and battery terminal voltage, t is the operating time, and  is the rated energy of the battery. The power integration method is simple to calculate and easy to implement. However, due to its open-loop characteristics, it is susceptible to noise, limited sensor resolution, and measurement inaccuracies. At the same time, this calculation method inevitably accumulates errors and does not consider the heat generated during battery discharge, leading to significant errors in SOE estimation [8].
(2) Model-Based Methods
The open-circuit voltage (OCV) method requires the battery to be left idle for a long time until the battery state reaches equilibrium. The open-circuit voltage and SOE relationship can then be obtained, and the OCV-SOE curve can be established to determine the SOE of the current state of the battery pack [13]. However, energy storage batteries experience significant changes in working current during the process of storing and releasing energy, and the open-circuit voltage is difficult to stabilize in a short time. The stabilization time is closely related to factors such as current size and temperature. Therefore, this method has a high degree of uncertainty in estimating SOE and is not suitable for online SOE estimation in distributed power generation, where long idle time is not possible. The OCV method is more suitable for laboratory battery research and maintenance [9] and can be combined with the watt-hour integration method to obtain the initial value of SOE.
As an improvement over the power integration method, the feature mapping method mainly establishes a mapping between SOE, remaining energy, and discharge power by building a mapping chart to directly estimate the SOE. K. Mamadou has designed and implemented this method to achieve more accurate SOE estimation [4]. Although the feature mapping-based method shows performance improvement over the power integration method, it requires expensive and time-consuming calibration and characterization testing.
Direct calculation methods are subject to too much interference in estimating SOE. To address this issue and achieve more accurate SOE estimation, many researchers have proposed model-based methods. Wang Y et al. used an adaptive unscented Kalman filter (AUKF) and extended Kalman filter (EKF) algorithm to handle nonlinear systems and established an effective SOE estimator [10]. However, if the system nonlinearity is significant, this linearization method may not be suitable. Based on predictive control theory, Liu G predicted the battery's remaining energy by coupling predictions of future battery state changes, battery model parameter changes, and voltage responses [11]. Yu jie W et al. considered the time accumulation errors caused by the two variable factors of current and voltage in estimating SOE and used a data-driven model to describe the relationship between OCV and SOE, proposing an adaptive SOE estimator [12]. Li X et al. conducted in-depth research on fractional-order electrochemical modeling and designed an adaptive fractional-order EKF algorithm to obtain accurate SOE estimation [13]. Lin C et al. overcame load uncertainty and temperature fluctuations by using multiple models to pre-estimate multiple SOE values and then determined the final SOE value using polynomial fusion technology [14].
（3）Data-Driven Methods
Ma L et al. proposed a joint estimation algorithm for SOC and SOE based on long short-term memory neural networks, analyzing different temperatures, battery materials, and noise interference. The mean absolute errors (MAE) of SOC and SOE estimation reached 0.91% and 1.09%, respectively, under fixed temperature conditions, 0.63% and 0.64%, respectively, under different batteries, and 1.32% and 1.19%, respectively, under noise interference, achieving a data-driven multi-state estimation algorithm for batteries [15]. Its characteristics are flexibility and strong nonlinear adaptability, but its drawbacks are that the data training method is sensitive, and there may be potential overfitting or underfitting problems.
Considering cost factors, the main processor of the energy storage battery management system generally uses an embedded MCU, which limits the calculation resources of the BMS. The working frequency is generally less than 100 MHz. In order to smoothly run complex real-time estimation algorithms and functional control logic on the embedded MCU, it is necessary to simplify the computational complexity within a reasonable limit while having real-time estimation, high accuracy, high robustness, and strong anti-interference ability.




3.3 Battery Balancing Strategy
A good control strategy can fully exploit the balancing effect of a balanced topology scheme, and different balancing methods based on different balancing evaluation indicators also need to coordinate with the balancing control strategy to achieve the maximum balancing effect in practical projects. Common control strategy algorithms include fuzzy control, genetic control, and adaptive control. Cui Xiangyu proposed an active balancing control algorithm based on fuzzy control algorithm for automotive energy storage lithium batteries, which can significantly reduce the balancing time compared with the average method [21]. Wang et al. applied the active balancing topology method to propose an adaptive Kalman filtering algorithm to estimate the SOC of individual cells in a battery pack, using SOC as the balancing evaluation index, and applied MPC control strategy to dynamically adjust the balancing current of the charge balancing sub-circuit [36]. To evaluate the performance differences of balancing methods, Baron et al. compared five different topologies for balancing series-connected lithium-ion batteries through statistical simulations, including calculating the time and energy loss required for balancing during the balancing process [37]. Che et al. provided a framework for evaluating the balancing speed and efficiency of a small community based on graph theory as a basis for optimizing the balancing topology [33]. However, the analysis and comparison of balancing topology were only conducted under static conditions, without considering the balancing current limit. Xie Guoliang proposed a battery voltage balancing reinforcement learning algorithm based on Proximal Policy Optimization (PPO). The article first established a three-dimensional model based on ANSYS and simulated the discharge of batteries at different rates in Fluent. Since the reinforcement learning environment requires continuous iterative calculation, the three-dimensional smooth and uniform surface of (voltage, rate, time) was reconstructed. Using battery voltage as input state, rate as action output, and the reconstructed surface as an environment to simulate the battery discharge process, the PPO algorithm adjusted the parameters of the Actor-Critic network to update the selected rate autonomously, and the experiment verified that the reinforcement learning algorithm was superior to passive balancing, which saved resources and adjusted the output rate according to the reward function [38]. Cheng Ximing et al. proposed bottom balancing and top balancing strategies for different operating conditions to achieve energy flow between single cells and battery packs [39]: when the battery pack is discharging or at rest, the balancing system detects low-voltage cells and transfers the energy of the battery pack to the cell through the balancer to prevent over-discharge; when the battery pack is charging or at rest, the system detects high-voltage cells and transfers the energy of the cell to the battery pack through the balancer to prevent overcharge, and the balancer works in discontinuous conduction mode (DCM), which can achieve efficient energy transfer by controlling the duty ratio of the switch tube reasonably. Qin Jiaqi et al. used a fuzzy control strategy combined with a parallel peak shaving and filling balancing circuit to achieve a voltage range of the battery pack reduced from 535.2 mV to 9 mV within 30 minutes, which verified that the method has high accuracy and fast balancing speed [40].






4.1 Research Target
The research target is to optimize the design of the balancing management unit in the energy storage battery management system, including the balancing evaluation indicators, balancing topology, and balancing strategy, in order to achieve lower energy loss and shorter balancing time under the premise of safety, reliability, and limited MCU processing resources.
4.2 Research Content
1. Literature review: extensively read relevant domestic and foreign literature on energy storage battery management systems, battery balancing, and battery energy state estimation, analyze and compare existing balancing and state estimation methods, and analyze the challenges and shortcomings of current energy storage battery balancing, and establish the research objectives and content of this paper.
2. Establish a battery system state estimation model, analyze the factors affecting state estimation, propose an estimation optimization plan, and improve the accuracy of state estimation.
3. Establish battery balancing models under different operating conditions, use balancing evaluation indicators to propose balancing topology and balancing strategy optimization plans under the constraints of balancing time and energy loss.
4. Establish an experimental validation platform, and test and verify the main results of the paper through optimization of state estimation and balancing methods under different operating conditions.



5 Research Methods and technical roadmap
5.1 Research Methods
This paper plans to initially determine more effective balancing evaluation criteria through literature review, use Matlab/Simulink to design and simulate experiments to preliminarily verify the effectiveness of the evaluation criteria, and finally design and implement an energy storage battery management system to verify the conclusions.
5.2 Technical Roadmap
The SOC or SOE of the battery can only be estimated based on the measured voltage, current, and temperature information by the battery management system. Considering the limited computing resources of embedded MCUs, based on the advantages of high accuracy and fast convergence of the lithium-ion battery electrochemical estimation algorithm, this paper selects the SOE and SOC estimation algorithms based on the lithium-ion battery electrochemical model to obtain accurate state estimation values.
Based on accurate state estimation values, four active balancing topologies will be compared and verified through practical battery charging and discharging experiments or Matlab simulations to obtain the optimal balancing topology, and the error sources affecting balancing time or energy loss will be examined and analyzed to improve the balancing circuit and achieve the physical upper limit of the balancing topology.
Based on accurate state estimation, the optimal balancing topology, and the design of the optimal balancing strategy, this paper plans to use monitoring and controlling balancing current as the control target of the balancing control strategy.
Design and implement an energy storage battery management system based on the optimal balancing topology, and verify the designed state estimation algorithm and balancing strategy on the final design product.
The implementation plan is expected to be as follows:
1. Use Matlab/Simulink to model the battery pack and the active balancing BMS based on DC/DC conversion.
2. Design a state observer to implement a fusion algorithm that adaptively filters the SOE of the battery in real-time using the power integration method.
3. Develop an SOC estimation algorithm based on a fusion algorithm that adaptively filters the battery SOE using the power integration method.
4. Develop an MPC balancing control strategy based on accurate SOE estimation and the established model.
5. Analyze and optimize the deficiencies of the balancing control strategy algorithm through model simulation and analysis.
6. Design a physical platform for the energy storage lithium-ion battery management system and experimentally verify the SOE estimation algorithm and active balancing method.
7. Analyze whether the experimental verification achieves the expected results, and based on the experimental results, consider and implement optimization directions.


6. Expected research outcomes:
1. Build an electrochemical model of lithium-ion batteries and design a state estimation algorithm that can be implemented on embedded MCUs with limited computational resources.
2. Based on different balance indicators, construct different types of balance topologies, find the most suitable balance topology for the research work in this paper, and design appropriate battery balance units to compensate for energy storage battery consistency optimization.
Innovative points:
1. A more efficient active balance control strategy.
2. An accurate battery energy state estimation algorithm that is suitable for embedded MCUs.









7. Research schedule arrangement
April 2023 - May 2023:
Simulate and verify the classic balance topology and balance strategy. Identify the shortcomings of the current mainstream balance topology and balance control strategy, and find ways to improve them.
May 2023 - June 2023:
Simulate and verify the optimized scheme, and validate the proposed algorithm's effectiveness and feasibility in actual operating conditions by testing on battery charging and discharging. Compare the proposed algorithm with representative algorithms.
June 2023 - August 2023:
Based on the experimental results, write the graduation thesis.
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