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Abstract. A data-driven battery health status evaluation method based on electrochemical 

models, big data, and mathematical statistics is proposed in this paper to address the issues of 

long cycle, low efficiency, and high cost in current battery health status detection. This detection 

method in this study first calculates the Soc-power parameters of the vehicle series based on the 

log data of valid orders in the history of the vehicle series. Then, combined with the data of each 

order, the initial evaluation capacity of the order is calculated. Next, an anomaly detection 

algorithm is used to exclude abnormal orders from the vehicle within the past 60 days. The 

average of the initial evaluation capacity of the order is used to obtain the final evaluation 

capacity of the order. Finally, a sliding average is used to obtain the evaluation capacity of the 

battery, divide the evaluated capacity by the nominal capacity to obtain the battery health status. 

Based on this technology, the current health status of the battery can be quickly and accurately 

obtained, while reducing the detection cost and cycle, allowing for real-time detection of the 

battery's health status. 

Keywords: Health Status, Electrochemical Models, Big Data, Mathematical Statistics, Anomaly 

Detection. 

1.  Introduction 

According to the latest report released by Bloomberg New Energy Finance (BNEF), the penetration rate 

of new energy vehicles will rapidly increase in the coming years. By 2026, the global number of new 

energy passenger vehicles will exceed 100 million; By 2040, it will exceed 700 million vehicles [1]. 

With the widespread use of new energy vehicles, the health status of batteries is receiving increasing 

attention from the public. 

The health status of batteries is influenced by various factors such as temperature, current ratio, 

discharge depth, cycle interval, and charge-discharge cut-off voltage [2], and is a long-term gradual 

process. Based on current relevant battery health status detection standards [3], the detection time is not 

less than 10 hours, with low efficiency, long cycle, and high cost. Therefore, it is difficult to accurately 

and efficiently calculate the health status of batteries. There are three main types of assessment models 

for battery health status: electrochemical model, equivalent circuit models, and empirical models [4]. 

The electrochemical model analyzes the changes in battery health status from the perspective of the 

electrochemical reaction mechanism of the battery. Due to the need to analyze the relationship between 

the internal temperature, electrolyte concentration, and internal resistance of the battery and the health 
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status, accurate monitoring is very difficult [5]. The equivalent circuit model is a basic circuit model 

that, from the perspective of battery electronics, equates the battery to a basic circuit model. Combining 

a large amount of state data analysis, the circuit model is used to evaluate the health status of the battery. 

However, a large number of facts have proven that the equivalent circuit and the dynamic response 

process inside the battery cannot be considered as a completely absolute correspondence. Although the 

impedance frequency response of some equivalent components can match the impedance spectrum of 

the electrode system, its physical significance is not clear and there is controversy [6]. The empirical 

model is the process of obtaining changes in battery performance status through analysis, fitting, trial 

and error, empirical formulas, and statistical processing of a large amount of experimental data, and 

summarizing the changes in battery health status. This method relies on a large amount of accurate data 

and suitable algorithms [7], and is the easiest method to implement among the three types of models[8]. 

In response to the problems encountered by the three models, this article proposes a data-driven 

battery health status evaluation method that deeply combines electrochemical models, big data, and 

mathematical statistics. This method fully considers the characteristics of the incremental capacity (IC) 

curve of the battery, namely the phenomenon of the same pressure difference but different charging 

amounts [9]. By analyzing a large amount of charging log data, the changes in battery health status are 

summarized, and the feasibility of calculating battery capacity through soc-power parameters is verified. 

Through example verification, a method for accurately and efficiently evaluating battery health status 

based on soc-power parameters has been proposed. 

2.  Definition of battery health status 

The current battery health status (SOH) is an indicator that represents the state of the battery from the 

beginning of its lifespan to the end of its lifespan in percentage form. The model in this article mainly 

calculates SOH through battery capacity [10], and the calculation formula is:  

𝑆𝑂𝐻 =
𝐶 𝑛𝑜𝑤

𝐶 𝑛𝑒𝑤
× 100% (1) 

𝐶𝑛𝑜𝑤 is the current battery capacity, 𝐶𝑛𝑒𝑤 is new car battery capacity. 

The battery capacity of the new car is replaced by the nominal capacity of the car series, and the 

current battery capacity can be calculated using a big data model to complete the calculation of battery 

health status assessment. 

3.  Calculation process of battery health status 

3.1.  Boxplot anomaly detection 

Outliers generally refer to data that is far away from most observations, and there are various ways to 

detect outliers, such as using variable space distance measurement to label observations that are too far 

away as outliers. There are also detection methods based on data distribution, and boxplot anomaly 

detection is a distribution based anomaly detection method [11]. This detection method first assumes 

the expected distribution of the data and marks values that deviate from this distribution as outliers. 

Firstly, calculate the quartile data Q1 and Q3 of the dataset, and use formula (2) to calculate the quartile 

distance: 

IQR = 𝑄3 − 𝑄1 (2) 

Calculate the thresholds on both sides based on the calculation results of formula (2): 

Maximum threshold: 𝑄3  + 1.5 × 𝐼𝑄𝑅 

Minimum threshold: 𝑄1  − 1.5 × 𝐼𝑄𝑅 (3) 

Data outside the threshold can be determined as outliers. 
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3.2.  Feasibility verification of calculating battery health status using soc-power parameters 

According to the calculation method for the soc-power parameters of a certain car series under a certain 

brand, the soc-power parameters of the same batch of cars with the same nominal capacity, battery type, 

and factory year are calculated based on the effective orders in 2019 and 2020, as shown in the following 

figures: 

 

Figure 1. Changes in soc-power curves of a certain car series in 2019 and 2020. 

 

Figure 2. Changes in soc-rate curves of a certain car series in 2019 and 2020. 

From Figure 1, it can be seen that as the age of the vehicle increases, the battery decays, and the State 

of Charge (SOC) power parameter of the vehicle system moves down as a whole for every 0.01 SOC 

except for SOC=1. From Figure 2, it can be seen that within the range of [0.11, 0.96], the proportion of 

charging per 0.01 SOC remains almost unchanged throughout the entire process. Therefore, it is 

determined that using the SOC power parameter and effective segments to calculate the battery 

attenuation is feasible. 

(1) Using the calculation method of vehicle series soc-power parameters in the following text, the 

soc-power parameters of 7 different vehicle series were calculated, as shown in Figure 3: 

 

Figure 3. Comparison of soc-power parameters among 7 car series. 

From Figure 3, it can be seen that there are significant differences in the shape of the SOC power 

curves among different car series, so a set of parameters cannot be used to represent the parameters of 
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all vehicles. 

Calculate the soc-power parameters of two sets of vehicle series with different nominal capacities 

(50kWh, 54kWh) for the same brand and the same vehicle series (see Figure 4): 

 

Figure 4. Comparison of soc-power parameters for different energyratyed of the same car series. 

From Figure 4, it can be seen that there are significant differences in the shape of the SOC power 

curves for different nominal capacities of the same car series, so a set of parameters cannot be used for 

different nominal capacities of the same car series. 

(3) Calculate the soc-power parameters of two different battery types (ternary lithium material battery, 

lithium iron phosphate battery) for a certain brand of the same car series, as shown in Figure 5: 

 

Figure 5. Comparison of soc-power parameters for different battery types in the same car series. 

From Figure 5, it can be seen that there are significant differences in the shape of the SOC power 

curve for different battery types in the same car series, so different battery types in the same car series 

cannot use a set of parameters. 

(4) Calculate the soc-power parameters for a certain brand and the same car series in different factory 

years (2020-2023), as shown in Figure 6: 

 

Figure 6. Comparison of Soc-power parameters for the same car series and different made years. 
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From Figure 6, it can be seen that there are significant differences in the shape of the SOC power 

curve for the same car series with different factory years, and a set of parameters cannot be used for the 

same car series with different factory years. Therefore, when calculating the SOC power parameters of 

the vehicle series, it is necessary to group and calculate them separately based on the vehicle series, 

battery type, nominal capacity, and year of production. 

3.3.  Steps for calculating battery health status based on big data 

 

Figure 7. SOH calculation process. 

(1) Historical data collection, filtering, and pre-processing: Group vehicles based on vehicle series, 

nominal capacity, factory year, and battery type to obtain all vehicles under each group. Filter the orders 

of the grouped vehicles within 6 months after the registration date and meet the valid order conditions 

to determine whether the number of orders is greater than 5000. If the conditions are met, proceed to 

step 2. If not, filter the orders of the grouped vehicles within 12 months after the registration date and 

meet the valid order conditions. Determine if the number of orders is greater than 5000. If the conditions 

are met, proceed to step 2. If the conditions are not met, calculate the next analysis (Figure 7). 

(2) Calculation and conversion of vehicle series SOC power parameters: Based on the valid orders 

selected in step 1, combined with the sliding average algorithm, calculate the average charging amount 

corresponding to every 0.01 SOC of the vehicle series 

(3) Recent order data collection, filtering, and pre-processing: Obtain the latest orders for grouped 

vehicles and filter out valid orders based on valid order criteria. 

(4) Order Capacity Evaluation: Obtain the starting and ending SOC of valid orders, and obtain the 

proportion of charging capacity of the vehicle series in this SOC interval by looking up the table. 

According to the formula: 

Coriginal =
Pbill

Rrate

(4) 

Coriginal  is order initial evaluation capacity, 𝑃𝑏𝑖𝑙𝑙 is order charging capacity, 𝑅𝑟𝑎𝑡𝑒  Proportion of 

charging volume within the order SOC range. 

Calculate the initial evaluation capacity of the order, obtain the effective charging orders and initial 

evaluation capacity of the vehicle within the past 60 days, and then use the Boxplot anomaly detection 

algorithm to screen out orders with abnormal initial evaluation capacity. Calculate the average of the 
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initial evaluation capacity of normal orders as the final output value of the order evaluation capacity 

𝐶𝑏𝑖𝑙𝑙. 

(1) Current battery capacity evaluation: Obtain the order evaluation capacity of the vehicle in the 

past 60 days, use the Boxplot anomaly detection algorithm to detect outliers, eliminate outliers, and 

calculate the average order evaluation capacity as the output value of the current battery evaluation 

capacity 𝐶𝑛𝑜𝑤. 

(2) Battery health status output: Obtain the nominal capacity of the vehicle model and use formula 

(1) to calculate the current battery health status. 

3.4.  Calculation example 

The test vehicle is a rental passenger vehicle of a certain brand, made year is 2019, with a nominal 

capacity of 51.2kWh and a battery type of ternary lithium material. Based on the historical data of this 

car series, the soc-power parameters of the car series can be calculated as: 

 

Figure 8. Car series soc-power parameter curve. 

From the Figure 8, it can be seen that the charging amount per 0.01 SOC is not a constant, and the 

charging amount required for different SOC intervals is also inconsistent. 

The vehicle received an order on August 23, 2023, with a charging time of 38 minutes, starting SOC 

of 0.59, ending SOC of 1, and a charging capacity of 13.265kWh. The charging curve is shown in Figure 

9: 

 

Figure 9. Order power curve. 

Calculate the initial evaluation of 30.9944 kWh for the order, and use sliding average to calculate the 

soc-power parameters for this order as shown in Figure 10: 
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Figure 10. Comparison of order soc-power curve and car series soc-power curve. 

From the above Figure 10, it can be seen that the battery capacity has significantly decreased. 

Calculate the initial evaluation capacity of the vehicle's orders in the past 60 days, then use Boxplot 

anomaly detection to exclude abnormal orders, and then calculate the average value of the remaining 

orders to obtain the evaluation capacity of 32.2338 kWh. Finally, calculate the average value of the 

evaluation capacity of orders in the past 60 days to obtain the evaluation capacity of 32.4496 kWh. The 

nominal capacity of the vehicle series is 51.2 kWh, and the SOH=63.38% can be calculated, The 

historical SOH changes of this car are shown in the Figure 11: 

 

Figure 11. Trend of changes in battery history SOH. 

4.  Conclusion  

The battery health status assessment technology based on big data in this article is data-driven, using a 

deep combination of electrochemical models, big data, and mathematical statistics to solve the problem 

of inaccurate and untimely battery health status calculation. This method first constructs vehicle series 

parameters based on new car order data, and then calculates each order of the vehicle. In the middle, 

abnormal orders are excluded through Boxplot outlier processing, and the evaluation capacity of the 

battery is obtained through sliding average. Finally, the battery health status evaluation is output. The 

technology described in this article is relatively easy to implement, simple in process, and has high 

accuracy in calculation results. The average absolute error percentage of the model tested on new cars 

within three months of registration date is 7.80%. Based on charging big data and AI algorithms, using 

charging fragment data can achieve accurate and efficient estimation of battery health status, greatly 

improving the efficiency of battery health detection. Future research in battery health assessment should 

address the limitations of the current paper by conducting validation studies, comparative analysis, and 

exploring new avenues such as machine learning integration. Additionally, efforts should be made to 

improve data quality, consider cost and practicality implications, and investigate long-term performance 

prediction, environmental impact assessment, and standardization. By addressing these areas, the field 
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of battery health assessment can advance and contribute to the development of more efficient and 

sustainable energy storage systems. 
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