

  algorithms-15-00467




algorithms-15-00467







Algorithms 2022, 15(12), 467; doi:10.3390/a15120467




Article



Cell Fault Identification and Localization Procedure for Lithium-Ion Battery System of Electric Vehicles Based on Real Measurement Data



Szabolcs Kocsis Szürke, Gergő Sütheö, Antal Apagyi, István Lakatos[image: Orcid] and Szabolcs Fischer *[image: Orcid]





Central Campus Győr, Széchenyi István University, H-9026 Győr, Hungary









*



Correspondence: fischersz@sze.hu; Tel.: +36-(96)-613-544







Academic Editor: Frank Werner



Received: 16 November 2022 / Accepted: 7 December 2022 / Published: 8 December 2022



Abstract

:

Vehicle safety risk can be decreased by diagnosing the lithium-ion battery system of electric road vehicles. Real-time cell diagnostics can avoid unexpected occurrences. However, lithium-ion batteries in electric vehicles can significantly differ in design, capacity, and chemical composition. In addition, the battery monitoring systems of the various vehicles are also diverse, so communication across the board is not available or can only be achieved with significant difficulty. Hence, unique type-dependent data queries and filtering are necessary in most cases. In this paper, a Volkswagen e-Golf electric vehicle is investigated; communication with the vehicle was implemented via an onboard diagnostic port (so-called OBD), and the data stream was recorded. The goal of the research is principally to filter out, identify, and localize defective/weak battery cells. Numerous test cycles (constant and dynamic measurements) were carried out to identify cell abnormalities (so-called deviations). A query and data filtering process was designed to detect defective battery cells. The fault detection procedure is based on several cell voltage interruptions at various loading levels. The methodology demonstrated in this article uses a fault diagnosis technique based on voltage abnormalities. In addition, it employs a hybrid algorithm that executes calculations on measurement and recorded data. In the evaluation, a status line comprising three different categories was obtained by parametrizing and prioritizing (weighting) the individual measured values. It allows the cells to be divided into the categories green (adequate region), yellow (to be monitored), and red (possible error). In addition, several querying strategies were developed accordingly to clarify and validate the measurement results. The several strategies were examined individually and analyzed for their strengths and weaknesses. Based on the results, a data collection, processing, and evaluation strategy for an electric vehicle battery system have been developed. The advantage of the developed algorithm is that the method can be adapted to any electric or hybrid vehicle battery.
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1. Introduction


Today, road vehicles operating with lithium-ion batteries, either partially (hybrid) or fully (rechargeable), have become more and more common [1,2,3]. The “spread” of electric passenger cars has also been propelled by the increase in battery capacity, which has changed significantly since 2010 [4,5,6]. Increasingly stringent emission standards will further accelerate this “spread” process [7]. In addition, efficient use has recently become a vital issue as energy prices rise [8]. It is not possible to operate electric vehicles in the optimal range and monitor and control the condition of the battery system [9]. Due to the growing demand, condition assessment and diagnostics is currently a priority research area [10,11,12]. The expansion of electric vehicles will also bring with it the electrification of public transport [13,14,15].



During their use, battery cells continuously lose their storage capacity and age, as well as change specific parameters [16]. In most cases, it can be observed if a battery cell reaches the minimum or maximum threshold voltage sooner; for example, it is submerged faster during intense acceleration and charged more quickly during charging. Using cells without supervision (BMS—Battery Management System) is accident-prone and, in the worst case, can even cause a fire during charging [17]. The BMS monitors the state of the cells, determines the maximum power that can be drawn from the battery, the maximum charging current, aggregates the voltage values, the state of charge (SOC), and also estimates the state of health (SOH) of the cells [18,19,20,21,22]. These data are transmitted to the engine controller or the battery charging station. If a faulty cell is found in the battery pack, for safety reasons, the vehicle can no longer be used. However, this fault will or may disappear after the car has been rested or restarted once the cell voltages have equalized. However, the fault phenomenon may recur later, depending on use, and the risk of an accident may be increased. Depending on this, the vehicle can be made operational again without replacing the whole pack, simply by replacing the modules [23]. The cost of this is much lower than replacing the entire pack. It is recommended to carry out preliminary tests and more targeted vehicle diagnostics to ensure that a possible cell failure does not further deteriorate the other cells’ condition and, thus, the system’s total performance [24]. Early and accurate detection of voltage faults based on real-time battery parameters is of great importance for improving the safety of electric vehicles [25]. To increase the reliability and safety of lithium-ion batteries, researchers are proposing different methods for diagnosing failures, which can be divided into three groups: (i) experience-based, (ii) model-based, and (iii) data-driven methods [26,27]. During the charging and discharging process, cells interact with each other, which means that individual cells are not entirely independent of each other, which can affect diagnostics. Locating the faulty cell or cells can be conducted with or without disassembling the battery pack. Disassembling tests usually give more accurate results for the battery SOH [22,28,29,30], but they come with a loss of guarantee.



In the case of non-disassembling tests, the vehicle’s BMS or ECU (Electronic Control Unit) needs to communicate, which is not always easy. A further difficulty of battery diagnostics is that, in most cases, the classic (OBD—On-board diagnostics) readout only allows voltage monitoring at a system level; the cell-by-cell analysis is not possible and is usually disabled. Factory diagnostic tools may already be suitable for cell-level monitoring, but these tools are expensive and limited in availability. The aim is to create a test method that can be carried out relatively quickly, in an easy-to-implement way, without expensive equipment or a test station. A further difficulty is a need for a large amount of measurement data, in which each element has to be tested individually, which is both time and resource-consuming. Accurate prediction also requires diagnostics of systems in different states. Fault detection is currently a popular area of research, with several methods available in the literature [31,32,33,34,35,36].



Determining an accurate range in good condition is difficult for vehicle manufacturers, as many factors can influence it. These include temperature, driving style, terrain, heat exchange systems, and other consumers. There are various standards [37,38,39] and tests NEDC (New European Driving Cycle), WLTP (World Harmonized Light Vehicle Test Procedure), and EPA (U.S. Environmental Protection Agency) to determine the range of vehicles. Still, these values are mostly applicable to new vehicles [40]. In addition, the various dealerships review the condition of the cells annually; however, troubleshooting is limited to a quick test, and the whole system or module is replaced in case of a fault. Thus, many cells still in good condition end up as waste. At present, fault finding only very rarely covers cell-level fault finding. However, there are several types of analysis in the search for the causes of failure, such as the 23-month study presented by Barré et al. The test on a test bench, on a test track, and under storage conditions found that the latter was one of the most critical factors [41]. In addition, statistical [42], big data analysis methods [43], and voltage fault detection methods [31] are applied to detect faulty cases.



Current research also aims to develop a general data extraction and processing strategy that is as universal as possible. The data retrieval is unique for each vehicle since each cell has a unique CAN ID, but the retrieval process is already generalizable. In this article, the authors will focus on a data retrieval strategy where no factory readout unit is available; all data are accessed individually. The retrieval process is conducted through the CAN network in a request and response structure. In this paper publication, the authors have also analyzed the speed and errors of the responses received. The authors also further investigate the cellular voltage deviations and possible errors of the e-Golf [44]. Several conventional algorithms are used in battery condition assessment and estimation, summarized in the following publication [45]. The approach is based on a computational hybrid algorithm detecting and locating the faulty cell. In the method the authors implemented, a fault diagnosis based on voltage deviation was performed a posteriori with the data already collected.



The measurement methods and the tests carried out are presented in the second section, along with the data extraction and storage methodology and its limitations. In the third section, the evaluation of the measurement results and the search for errors are presented in detail. A specific weighting factor is used to determine the results, the effectiveness of which is validated. In the fourth section, the different outcomes are compared. Finally, in the fifth section, the authors briefly summarize the results and draw conclusions.




2. Materials and Methods


When developing the measurement method, the authors ensured the procedure was unique but easily reproducible and applicable. The main objective in developing the process is to detect and locate defective/weak cells based on the following algorithm (Figure 1).



The steps shown in the flowchart (Figure 1) were applied to develop the fault cell search. The process is composed of four main steps. The first two steps are the test and data processes (DCTS—Data Cleaning Transformation and Shorting) in this section. The other two steps are described in detail in Section 3.



2.1. Test Process


The tests were executed on the dynamic platform of the ZalaZONE Automotive Test Track in Hungary [46,47]. Fault diagnosis requires many measurements from each cell, a time and resource-consuming process. In addition, the test results can be affected by several factors, such as external temperature, driving style, terrain conditions, heat exchange systems, and the operation of other onboard consumers. Therefore, test cycles were performed under the authors’ defined test conditions. The structure of the test measures is defined according to different criteria and factors. First, to test the stability of the high voltage battery system’s specific data extraction and storage process. Three different cases were considered in the measurement methodology:




	
constant speed: 30 km/h, 40 km/h, and 50 km/h;



	
stepped constant: 30–40–50 km/h;



	
dynamically variable speed.








It is important to note that each test was carried out separately, first with three steady constant progress tests, followed by two stepped constants, and finally, three dynamic tests. Furthermore, the vehicle was placed on the test track in a fully charged condition. The tests were uniformly 900 s in duration, and the diagnostic data to be observed and logged from the CAN network were as follows:




	
system voltage [V];



	
current [A];



	
88 cell voltages [V];



	
four separated battery temperature values [°C];



	
vehicle speed [km/h];



	
GPS (Global Positioning System) speed [km/h].








The system-level voltage represents the voltage of the entire system, with all modules connected in series and parallel. The 2020 Volkswagen e-Golf lithium-ion battery used for the measurements has a nominal capacity of 35.8 kWh, of which 32 kWh can be used. The battery pack has a 3p88s structure, so it contains 264 cells (type: NCM333), of which three are connected in parallel and 88 in series. The 400 V architecture has a nominal voltage of 325 V. During data collection, information can be extracted from 88 cells, i.e., elements connected in a row. In order to monitor and record the data coming over the CAN (controller area network) during the measurements, it is necessary to decrypt the car’s communication system and use a CAN BUS (controller area network bus) decoder file. When mapping the vehicle communication system, the CAN communication of the vehicle’s Central Gateway control unit was first observed as contactless, but little battery cell-specific data were accessed. In the second procedure, without a galvanic connection, the communication between the VAG-COM VCDS interface and the Central Gateway was investigated, through which it was possible to retrieve cell information; the schematic of the method is shown in Figure 2. As soon as the cell voltages were requested via the VAG-COM software, messages were displayed on the CAN bus.



Network access, serial communication conversion from CAN communication, message reading, and information exchange with external sensors are all provided by this telemetry system based on the CAN protocol. The following elements and devices were applied in the measurement system: Kvaser (Mölndal, Sweden) Memorator R-SemiPro CAN USB Interface; AEM (Hawtrone, CA, USA) 30-2206 GPS Sensor; ELM (London, ON, Canada) 327 OBD-II Interface; VW e-Golf MK7 Vehicle Central Gateway; Murcal Terminating Resistor 120 Ω (Palmdale, CA, USA); 12 V Power Supply; CAN Hub (Velké Poříčí, Czech Republic). Experience has shown that it is not enough to monitor the CAN BUS network but to send a CAN message to the central gateway to retrieve the data. Then the parameters of the data retrieval were analyzed, where it was found that the voltage of each cell has to be retrieved from the BMS individually, i.e., a requesting CAN message is needed, which is answered by a CAN message with the voltage value of the desired battery cell. The simultaneous query cannot obtain the desired data; therefore, the query messages must be sent one by one in rotation. It is probably necessary to avoid overloading the bus, and the method cannot be changed. The query is conducted over a CAN network in a request and response structure. Based on this knowledge, the *.dbc database file for decoding the messages and the Simulink program, which is responsible for sending, receiving, and logging CAN bus messages, were prepared. One by one, the program queries the desired parameters and waits for the answer. During testing, it was found that the vehicle can process one request code at a time; otherwise, data are lost, and the response speed was volatile, with a maximum query rate of 100 Hz without data loss.




2.2. Data Process


In one cycle, approximately one-hundred parameters are queried. Therefore, it was necessary to clean the logged data to extract relevant information from the raw data set. Data from the diagnostic port were logged using a computer and Matlab software. Data cleaning aims to extract relevant information from the raw data set. ETL (Extract, transform, load) tools essentially allow data to be loaded from multiple data sources, combined, and converted into a format that can be loaded into a database for further query. Communication and data recording with the e-Golf BMS system is performed with Simulink, and the resulting log file with the *.txt format is processed. The KNIME software was applied for data analysis, a free and open-source data analysis, reporting, and integration platform. The data processing structure using the KNIME is shown in Figure 3.



First, unnecessary data are removed from the raw data file. Then the resulting format is sorted according to a defined system (e.g., cell values with the same ID are put into a single column). At the end of the process, the extracted data are saved in an Excel file format. The next step in processing data is to check the time of data saving.



It is important to note that during the readout, all cell values, continuously mounted, along with current and temperature information, were approximately one-hundred data per readout cycle. Figure 4 shows the average readout time for a cell with a given ID.



Figure 4 shows the readout time and ID of all 88 cells. The results show that the readout value per cell was approximately the same. Thus, the same amount of data was received from all battery cells, the only difference being the readout speed. Cell information was obtained in an average of 1.5 s for constant measurements and 1.2 s for dynamic measurements. Fewer data would be sufficient for the constant load cases, but a more significant amount is needed for the dynamic tests to analyze the transient values better. Therefore, the information retrieval was set to 1.2 s, as this does not involve data dropout. From a cell diagnostic point of view, the measurement response time was also set to a sufficient speed.



In Section 3, the cleaned data are analyzed in detail, and the battery cells considered to be the worst are selected based on the results.





3. Results


During the evaluation, the goal is to analyze the changes in voltage values that occur under different loads and observe the differences between the system’s cells. While examining the deviations of the cells, the elements of the vehicle’s battery system with the worse condition were identified and localized. In addition, deviations from the average voltage were analyzed, and seemingly faulty cases were highlighted. As the first step of the analysis, the current and voltage values of the various tests are presented. Figure 5 shows the results of a constant load (40 km/h), a stepped constant (30 km/h–40 km/h–50 km/h), and a dynamic measurement.



Based on Figure 5, it can be concluded that there is no significant difference in the voltage change during the constant load and the stepped constant load. The intense voltage variation during dynamic loading is more beneficial for diagnostic purposes (critical cells are easier to detect). Figure 6 shows current profiles for voltage values.



In Figure 6, the current profile of the different loads can be observed; it can be seen that the dynamic case includes several regenerative braking. The dynamic loads marked in grey show the highest displacements. It is a characteristic of the dynamic driving style of continuous acceleration and braking. Positive values on the y-axis in the figure are due to energy recoveries from regenerative braking, and negative values are due to vehicle acceleration.



3.1. Data Analysis—Evaluation Process


The next step in the analysis was to fit the data in the row and look for possible errors. No significant variation in cell voltages was observed for constant vehicle speeds, so the dynamic case was highlighted. Figure 7 shows the voltage values from the dynamic test.



Figure 7 shows the voltage values of all 88 cells as a function of time with different color lines. In the figure (Figure 7), one section of the whole measurement is highlighted to observe the data shift better. It can be stated that the cell voltages are very similar, but they show a time shift. The reason for the shift is due to the continuous request-response messages. While voltage values of each cell are queried, in turn, a load arrives in the meantime (vehicle accelerates), and thus, the voltage of intermediate cells differs. For example, if a cell with ID 1…33 is sampled at a constant load of 10 A, but at the moment of acceleration, a load of 100 A occurs, cells with ID 34…88 are sampled at a lower voltage. A problem can arise when these values are assigned to the same time value. However, the unit time is unavoidable as it is the best way to determine the cell voltage difference. Figure 8 shows the exact measurement as before, presented over an even smaller time range.



In Figure 8, a relatively small 14 s section has been analyzed, in which case the cell voltage values for the time point can be plotted. It can be seen that the voltage value associated with a time instant has a relatively large scatter. It is important to note that the recorded time point was always the last timestamp of the last data read or the maximum time read during a sampling round. However, significant deviations can occur if the cell voltage deviations are examined simultaneously, and many good battery cells can be misclassified. (A solution could be to increase the query speed, but in the question/answer procedure, this is set to maximum, see Section 2). Figure 9 shows the differences in the measurements.



Figure 9 shows all measurements, dynamic and constant cases. It indicates that there are significant deviations, in some cases up to 0.3 V, most likely due to the data mentioned above the readout slip. One solution to “smoothing” out the differences is to average the individual cell data. In this approach, the voltage values for a given cell (ID) are averaged over three or five data points, and the window continuously shifts in time. Figure 10 summarizes the results of the various averaging.



The upper left corner of the figure (Figure 10) shows the raw measurement data; the other sub-figures show the 240 s…280 s region at magnification. It is the region where the most significant load has been applied and is, therefore, the most likely to have the most significant variations in cell voltages. The upper right part shows the raw data values; the lower left sub-figure shows the values from averaging the three data (that is, the average of the previous and next values is used to determine the voltage value). Moreover, in the bottom right plot, the value under the test is substituted as the average of the two values preceding and following (averaging the five data). However, it is essential to note that this type of aggregation also involves data loss and those individual cell discrepancies are less likely to be detected.




3.2. Faulty Cell Localization


The dynamic tests found the most significant differences in positive and negative directions. The constant case indicates a good condition for all battery cells. Thus, the more significant outliers occurred in the dynamic case but may not necessarily represent a faulty cell. Next, the deviation of different cells from the average voltage was investigated to determine the defective cases. For the first case, the number of times the cells deviated from the average voltage during different measurements was analyzed, see Figure 11.



Figure 11 indicates the number of discrepancies on the vertical axis and the cell ID on the horizontal axis. A relatively large number of cells deviate from the mean, and some deviate in 90% of the measurements. However, in this analysis, deviations of smaller orders of magnitude of mV (‘millivolt’) are also counted. Therefore, in the following, the authors have examined the difference between the average voltage of 12 mV (1% of the measurement range), 60 mV (5% of the measurement range), and 120 mV (10% of the measurement range), i.e., how many times the cells deviate during the different tests; see Figure 12.



The deviation from 12 mV in part (a), from 60 mV in part (b), and from 120 mV in part (c) have been analyzed (see Figure 12). It can be seen that as the deviation limit is increased, the number of deviations from the average voltage is continuously reduced. When analyzing 60 mV, it can be seen that there is almost no deviation at constant loads. The best range for analyzing very critical/large deviations is 120 mV (measurement range 10%), which may also indicate a possible battery cell error. Even then, there is a probability that a large transient load will cause a significant cell voltage drop, which is strongly influenced by the reading timing. However, the readout sequence always started with cell No. 1 and ended with cell ID No. 88, and an additional twelve data (temperature, current, voltage, etc.) have been read. They would increase the possibility of a significant mismatch region forming in the first or last part of the stack. Therefore, the different measurements were weighted and averaged to select the faulty battery cells and compensate for possible erroneous cases. For weighting and averaging, the results from the 0 mV measurement were aggregated first; see Equation (1).


   V  d i f  f  _ 0    (   X  1 ,    X 2  , … ,  X n   )      =  1 3   (     V  d i f  f  0 C 30    X n    +  V  d i f  f  0 C 30    X n    +  V  d i f  f  0 C 30    X n    +  V  d i f  f  0 S C    X n     4   )  +  2 3   (     V  d i f  f  0 D 1    X n    +  V  d i f  f  0 D 2    X n    +  V  d i f  f  0 D 3    X n     3   )   



(1)







In Equation (1), X1…X2…Xn, represents cells with different IDs. In    V  d i f  f  _ 0        0 means the deviation from the average voltage, C-constant is the load, and the number after it is the speed. SC indicates a stepped constant, and D means a dynamic test. Based on Equation (1), all cells with the same index were summed, but the constant and dynamic cases were weighted separately. Constant cases were weighted 1/3 and dynamic cases 2/3. The procedure was quite similar for 12 mV, 60 mV, and 120 mV cases; see Equations (2)–(4).


   V  d i f  f  _ 12    (   X  1 ,    X 2  , … ,  X n   )      =  1 3   (     V  d i f  f  12 C 30    X n    +  V  d i f  f  12 C 40    X n    +  V  d i f  f  12 C 50    X n    +  V  d i f  f  12 S C    X n     4   )  +  2 3   (     V  d i f  f  12 D 1    X n    +  V  d i f  f  12 D 2    X n    +  V  d i f  f  12 D 3    X n     3   )   



(2)






   V  d i f  f  _ 60    (   X  1 ,    X 2  , … ,  X n   )      =  1 3   (     V  d i f  f  60 C 30    X n    +  V  d i f  f  60 C 40    X n    +  V  d i f  f  60 C 50    X n    +  V  d i f  f  60 S C    X n     4   )  +  2 3   (     V  d i f  f  60 D 1    X n    +  V  d i f  f  60 D 2    X n    +  V  d i f  f  60 D 3    X n     3   )   



(3)






   V  d i f  f  _ 120    (   X  1 ,    X 2  , … ,  X n   )      =  1 3   (     V  d i f  f  120 C 30    X n    +  V  d i f  f  120 C 40    X n    +  V  d i f  f  120 C 50    X n    +  V  d i f  f  120 S C    X n     4   )  +  2 3   (     V  d i f  f  120 D 1    X n    +  V  d i f  f  120 D 2    X n    +  V  d i f  f  120 D 3    X n     3   )   



(4)







From the formulae, it can be observed that the below-average tests were recalculated in all three cases. It is based on 12—the 12 mV deviation, 60—the 60 mV deviation, and 120—the 120 mV deviation. So, in all cases, the dynamic loads were given more weight and the constant cases less. The next step was aggregating the results; see Equation (5).


   V  d i f  f  C R T  (   X  1 ,    X 2  , … ,  X n   )    =   0.05 ×  (   V  d i f  f 0   X n     )  + 0.15 ×  (   V  d i f  f  12    X n     )  + 0.3 ×  (   V  d i f  f  60    X n     )  + 0.5 ×  (   V  d i f  f  120    X n     )   



(5)







In the aggregation, care was taken to ensure that cases tested for higher voltage deviation were given a higher weighting factor. Thus, a deviation of 120 mV is more critical than a deviation of 0 mV. Although the approach provides lower weight, it also considers cases where the cell voltage is consistently below the given limit. So, if a cell continuously deviates from the 60 mV limit, it will already receive a ‘solid’ error signal. Figure 13 summarizes the error factor obtained from the calculation.



Figure 13 depicts the results without averaging in blue and those with averaging in yellow. The data were averaged as shown in Figure 10 (see data avr 3). Error factor cut-offs were determined by 5% and 3% of the data set. The cell IDs which were detected with an average voltage greater than 5% based on the aggregate measurement results were included in the possible error category (results above the red line). The cells flagged for further monitoring were more than 3% but less than 5% below the average voltage in the overall results (the values between the red and yellow lines). In the adequate region, less than 3% were below average voltage (values below the yellow line). In all cases, the avr data yielded a smaller error value, which could be due to averaging. (The impact of this will be further analyzed later.)



In the next section (Section 3.3), fewer cells are sampled over several measurements at higher frequencies during validation. Finally, the discussion section (Section 4) presents a comparison of the results.




3.3. Validation Process


A modified procedure for validation has been defined. The 88 battery cells, the pack voltage, and the load current were found to be sufficient. The resulting query block was divided into eight smaller units; see Table 1.



In Table 1, the numbers in columns indicate the order of the cycle, which data were retrieved during the tests. The numbers are the cell IDs, and the total voltage with load current is retrieved in each cycle. Considering the acceleration capability of the car, the following series is defined for one lap: after the measurement is started, the vehicle remains stationary for 2 s, then accelerates to 50 km/h at the maximum acceleration value available when starting, from there it performs intensive, regenerative braking, followed by a 2-s stop. The time available to complete each measurement is 14 s, with a 30-s rest period between measurements to allow the cells to regenerate. The short measurement cycles are critical to avoid significant changes in the pack voltage, which can lead to the misidentification of a cell. The superimposition of voltage profile results is shown in Figure 14.



Figure 14 illustrates that the peak load occurred around 4–5 s because—at this point—a steeply decreasing phase in the voltage values can be observed. During the test 14 s, ninety data were sampled from each cell. The evaluation process was similar to previous ones. Figure 15 shows the definition of the critical line.



In Figure 15, the error factor cut-offs are set at 10% and 5% of the data set. The possible error category was assigned to the cell IDs, which were detected with an average voltage higher than 10% based on the aggregate measurement results (results above the red line). Cells flagged for further monitoring were more than 5% but less than 10% below the average voltage based on the summary results (the values between the red and yellow lines). In the adequate region, they were below the mean voltage by less than 5% of the time (values below the yellow line). Based on the outcomes, it can be stated that five different cells caused real outliers. The evaluation of the results and comparison with the previous ones will be presented in the discussion section (Section 4).





4. Discussion


The tests were performed in three different scenarios: constant, stepped constant, and dynamic. During the initial constant tests, the car was accelerated to 30 km/h, 40 km/h, and 50 km/h, respectively, and kept this speed for 900 s to collect data. A pretty bad cell condition would have been detected already in this case. Still, during these tests, the aim was to set up data collection and saving. As expected, slight variations were observed between battery cells. The step was held at 30 km/h, 40 km/h, and 50 km/h during constant load, with each case sampled for 300 s.



Thus, there were some transient conditions already during the measurements. During the evaluation, it was found that 1.5 s data saving was insufficient and more efficient to use 1.2 s data saving. The last step was the dynamic load measurements, which lasted 900 s, but included several accelerations and braking (also regenerative). From a battery diagnostic point of view, these are the most helpful measurement and related analyses because the more significant load peaks caused several transients that can be investigated. Based on the results, it was discovered that serial data readout could return several errors to the system. The major problem was that voltage values sorted under the same time stamp showed a significant deviation from each other. This is due to the high probability of a load arriving during each cell’s serial readout during a cycle in the dynamic case. Thus, the cell values read out before they give a higher voltage value than those sampled after the load. A solution to this problem could be the windowing (clustering) method, whereby the three adjacent values of the incoming are filtered through the entire measurement data set. The advantage of this method is that the number of hits is significantly reduced; the disadvantage is that the number of possible false/faulty cases is reduced due to the specificity of the method. The other method is to vary the data readout, whereby fewer cell voltage values are tested but sampled more than once. In this way, cells that are considered to be faulty are targeted. The disadvantage of this method is that new measurements have to be taken. Both methodologies can be used to solve the problem, but the most effective way to solve the problem will likely be to unify the two.



Both methods were applied in the tests. The results from three constants, one stepped constant, and three dynamic measurements were applied as a baseline test. Averaging was performed on these tests; the multiple-cycle measurements were presented as a validation test. Table 2 summarizes the critical values defined during each measurement.



Table 2 shows the results of the three different evaluations. The first column shows the cell ID, the second column shows the results without averaging, and the third column shows the AVR values (for the differences between the two solutions, see Figure 10) according to Figure 13. The fourth column shows the results of the validation measurements. It is important to note that only critical cases (ID) have been included in Table 2. Red highlighting indicates cells with failures in that aspect of the assessment, and yellow indicates those that require further monitoring. From the comparison, it can be seen that several failures in the AVR results were also moved to the adequate category. It could be due to data loss, but it could also be due to a possible incorrect classified case. Based on the validation test, both cases could be present, e.g., the cell with the IDs 7, 32, and 71 did not appear to be faulty after averaging, but based on the validation, it clearly seems to be faulty. The cells with IDs 5, 40, and 63 appear to be defective based on the first measurement, but the validation test and averaging suggested only monitoring.



The solution could be applying a combination of the three methods, weighting and artificial intelligence, to select the cells with errors. The proposed method is based on these three dynamic tests and averaging, followed by a short validation measurement. Finally, a combination of the three solutions is used to evaluate the results.



The current post-processing will be transferred to a microcontroller in future work, where, after a longer dynamic measurement, the device will autonomously select the cells (IDs) to be sampled at higher frequencies. Initially, critical and monitoring cells are also included in the range of cells tested at higher frequencies, and further narrowed down as selected above.




5. Conclusions


A data collection, processing, and evaluation strategy for an electric vehicle battery system was developed. The advantage of the developed algorithm is that the method can be adapted to any electric or hybrid vehicle battery. Based on the results, it is possible to assess whether any of the cells in the battery system are faulty or weaker. Furthermore, its place becomes localizable. Several tests were executed with constant, stepped constant and dynamic measurements to check and evaluate the method. On this basis, it was concluded that for battery diagnostic purposes, dynamic loads could be applied; the higher load peaks create many transients that can be tested. According to the results, it can be observed that serial data readout can introduce errors in the system.



The major problem is that voltage values sorted under the same timestamp showed high deviation from each other. It is due to the high probability of a load arriving during the serial readout of each cell during a cycle in the dynamic case. Thus, in turn, the cell values read out first give a higher voltage value than those sampled after the load. The solution to this problem is to vary the data readout, whereby fewer cell voltage values are sampled but sampled more. It allows targeted testing of cells that are taken into consideration to be faulty. The disadvantage of this method is that more measurements have to be performed. The authors have applied both the raw measurement data and solutions in this article. The results of the different approaches were evaluated in aggregate. The results showed that all three solutions marked the same cells as weaker. However, several good cells were placed in the possible error category without averaging.



In contrast, with the averaging (AVR) method, several cells that appeared to be faulty were put into the adequate category. For multi-cycle analysis, however, the short measurement range is the bottleneck. Therefore, using all three methods together is recommended for proper defective cell detection.
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	BMS
	Battery Management System



	CAN
	Controller Area Network



	CAN BUS
	Controller Area Network BUS



	DCTS
	Data Cleaning Transformation and Shorting



	ECU
	Electronic Control Unit



	EPA
	US Environmental Protection Agency



	ETL
	Extract, Transform, Load



	GPS
	Global Positioning System



	ID
	Identification number



	NEDC
	New European Driving Cycle



	OBD
	On-Board Diagnostics port
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	State of Charge
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Figure 1. Faulty cell detection and localization algorithm. 
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Figure 2. Data query schematic. 






Figure 2. Data query schematic.
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Figure 3. The structure of data processing. 
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Figure 4. Average readout time per cell. 
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Figure 5. The voltage of the e-golf system under different loads. 
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Figure 6. The current of the e-Golf system under different loads. 
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Figure 7. Data slippage analysis in Dynamic test 2 (the different color lines indicate the 88 battery cells). 
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Figure 8. Data slip analysis in a short time range in Dynamic test 2 (the different color lines indicate the 88 battery cells). 
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Figure 9. Deviation from the average voltage under different loads. 
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Figure 10. Different ways of averaging the voltage values of the measurements (the different color lines indicate the 88 battery cells). 
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Figure 11. Number of deviations from the average voltage. 
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Figure 12. Number of deviations from the average voltage of 12 mV/60 mV/120 mV. 
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Figure 13. Aggregate error factor assigned to the cell ID. 
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Figure 14. The voltage of the e-Golf system during the test cycles (the different color lines indicate the 88 battery cells). 
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Figure 15. Aggregated error factor assigned to the cell identifier in the cyclical measurement. 
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Table 1. Query order divided into cycles (the values mean the IDs of the battery packs).
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	Cycle #1
	Cycle #2
	Cycle #3
	Cycle #4
	Cycle #5
	Cycle #6
	Cycle #7
	Cycle #8





	voltage
	voltage
	voltage
	voltage
	voltage
	voltage
	voltage
	voltage



	current
	current
	current
	current
	current
	current
	current
	current



	1
	2
	3
	4
	5
	6
	7
	8



	9
	10
	11
	12
	13
	14
	15
	16



	17
	18
	19
	20
	21
	22
	23
	24



	25
	26
	27
	28
	29
	30
	31
	32



	33
	34
	35
	36
	37
	38
	39
	40



	41
	42
	43
	44
	45
	46
	47
	48



	49
	50
	51
	52
	53
	54
	55
	56



	57
	58
	59
	60
	61
	62
	63
	64



	65
	66
	67
	68
	69
	70
	71
	72



	73
	74
	75
	76
	77
	78
	79
	80



	81
	82
	83
	84
	85
	86
	87
	88
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Table 2. Critical cells by ID in the different tests (based on Figure 13).
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	Cell_ID
	Measurement
	Measurement_AVR
	Validation Test





	4
	27.60
	12.45
	4.90



	5
	48.79
	3.54
	6.00



	7
	60.07
	12.72
	10.45



	11
	62.37
	44.90
	10.45



	21
	62.43
	57.66
	10.65



	23
	56.73
	6.72
	9.20



	29
	62.34
	7.44
	8.40



	32
	59.84
	11.27
	11.25



	37
	48.87
	17.59
	5.90



	40
	31.70
	18.54
	4.70



	47
	36.95
	36.41
	5.35



	63
	47.65
	19.88
	5.60



	71
	74.57
	11.20
	12.00



	75
	47.30
	27.31
	6.50



	83
	46.92
	59.33
	5.60



	87
	64.20
	40.85
	9.45
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
o

w0

£

a0

w0

Time [5)





media/file4.png
OBD-II

ECU

r 3

CL-CAN Sensor

-
-

VCDS Hardware & |

Software

v

Laptop

]

Data Logging
Software

-

Telemetry System






media/file30.png
12.00 12.00
1100 1125 H
§ 10459 10.45 10.65 Status: Possible error region
10.00 » o
2.00 ” ” l 9.20 1
8.

8.00
2 Status: Monitored region
= 10
- 6.50 6.50
T s 6.00 5.90
e 1 N gl e -
o v
= . [N

3,00 u

2.00

L.00
Status: Adequate region

0.00
0 2 4 6 & 10 12 14 16 158 20 21 24 26 28 30 32 34 36 3B 40 4 44 46 45 S0 52 54 56 5B 60 62 64 66 68 O T2 T4 Te TH B0 BI B4 B6 BB

Battery cell ID





media/file18.png
0.40

0.35

0.30

0.25

Diff Voltage [V]
= = = =
o7 = o7 =

=
.'='

] alt
4[1 l'h:_JJ-m AL&JA!AI\ LJ'LMI-. -hn‘*fi-um MI,JJ' u il ‘I’.ﬂ

) e

100.00 300.00 400.00 S00.00 600.00 700.00 800.00 900.00
Time [s]
——— Diff MAX_ 30km/h [V] —— Diff MAX 40km/h [V] ——— Diff MAX_50km/h [V] ———Diff MAX 30 40 50km/h [V]

—— Diff MAX Dynamic 1 [V] —— Diff MAX Dynamic 2[V] —— Diff MAX Dynamic 3 [V]





media/file21.jpg





media/file26.png
Critical line definition

1 7457
Status: Possible error region
¥
60.07 62.37 62.43 62.34 50.84
56.73
48.70 4947 - 48.87 leo.h
| I il ' § 47.65 A 47.30

U Status: hlu itored region

Status: Adequate region

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 45 50 52 54 56 58 o0 62 64 660 68 70 72 74 76 7§ 850 82 854 856 38
Battery cell ID
—=—Error factor —=— Error factor with AVR





media/file27.jpg
000 100 200 300 400 S0 60 M S0 90 1000 1 1200 1500 1400
Time (]





media/file3.jpg
0BD-Il

VCDS Hardware &
t
Software Laptop
T
Data Logging
CL-CAN Sensor Software

ECU

Telemetry System






media/file22.png





media/file19.jpg
Battery voltaga data no avr Battery voltaga data no avr

i P

Tl et

el





media/file7.jpg
Max time (5]
5k

]

‘Batery number (D]
— Smphag Numer 30k —— Svmplag Numer 40hmh Sumplag Nusber 0
 Sumplag N 30,0 S0kmh — Sumplag Number Dymmic | — Sumplig Numbe Dysmic 3
—— Samplag Number Dyaamic 3





media/file28.png
Voltage [V]

3.80

3.35
0.00

1.00

2.00

3.00

6.00

7.00
Time [s]

8.00

9.00

10.00

11.00

12.00

13.00 14.00





media/file10.png
Voltage [V]

360
335
350
345
340
335
330
325
320
315
310
305

100 200

— Voltage 40km/h [V]

300 400 500
Time [s]

— Voltage 30 40 50km/h [V]

600 700 800

——Voltage Dynamic 1 [V]

900





media/file14.png
385

365

[A] 28ejj0

A5

345

34

Iy
L]
Lo

i3

450

430

420

410

400

390

380

Time [s]





media/file11.jpg
Current [A]

b.2888

—— Current_itkams [A]

Time [
—— Curreat_30_40_sokmn [3]

—— Current_ Dynamic_1 (]





media/file6.png
/| Cell voltages |

~| System voltage |
~| Current |

Data
Raw data H H Da.ta
cleaning sorting

~

| Temperatures |






media/file15.jpg





nav.xhtml


  algorithms-15-00467


  
    		
      algorithms-15-00467
    


  




  





media/file16.png
3585
38
375

a7

3.65 /)

Voltage [V]
L
i
th

s
in

345
34
335

3

-
o

426

—

428

430

432

Time [s]

LN

434

= _’_’;;’_':' 5'{: ¢

e - A W/

/T

7]
/

440





media/file2.png
k 3

TEST PROCESS Measurement |
process |
! l !
| Constant Step constant | Dynamic |'-
+ i ¥
Data Requast Data Requast Data Requast

COMPLETED?

COMPLETED?

DATA PROCESS

EVALUATION PROCESS
Fault detection
|
] : ¥
| Constant | | Step constant | Dynamic |
[ [ |
|
| Weighting |
:
VALIDATIONS PROCESS Multi-round
data query
Data Requast |—
COMPLETED?
Measurement
cycle
COMPLETED?






media/file20.png
Battery voltaga data no avr Battery voltaga data no avr

375

Voltage [V]

306
355
35
0 50 100 150 200 250 300 350 400
Time [s] Time [s]
Battery voltaga data avr 3

280 245 250 255 260 265 270 275 280






media/file23.jpg





media/file5.jpg
/ Cell voltages

Dan | [ System voltage

Raw data

sorting | ™==—) " Current

~

Temperatures






media/file24.png
(A) E-Golf battery voltage deviation from average voltage by 12 mV

300
250
200
g
g 150
100
50
02 46 81012141618202224 262830 3234363840 42 44 46 48 50 52 54 56 58 60 62 64 66 68 70 72 74 76 78 80 82 84 86 88
Cella ID
——Under AVR_30 km'h ——Under_AVR_40 km'h ——Under AVR_50 km/h ~——Under AVR_30_40_50 km'h
——Under AVR_Dynamic 1 ——Under AVR Dynamic 2 ——Under AVR_Dynamic 3

(B) E-Golf battery voltage deviation from average voltage by 60 mV

.
=

Diff count
[#7
—]

}
APl

02 4 6 810121416182022242628 303234363840 42 44 46 48 50 52 54 56 58 60 62 64 66 68 70 72 74 76 78 S0 82 84 86 88
Cella ID

U

D .-_.—-—'._.,_ —

——TUnder AVR 30 km'h ——Under AVR_40 km'h ——TUnder AVR 50 km'h ——Under AVR_30_40 50 km'h

——TUnder_AVR_Dynamic_1 ——Under AVR_Dynamic 2 = ——Under AVR Dynamic_3

(C) E-golf battery voltage deviation from average voltage by 120 mV

[
=

[oe]
tn

Diff count

0 . !
02 46 810121416182022242628303234363840 42 44 46 48 50 52 54 56 58 60 62 64 66 68 70 72 74 76 78 80 82 84 86 88
Cella ID

——Under AVR 30 km/h ——Under AVR 40 km/h ——Under AVR_50 km/h ——Under AVR 30 _40_50 kmh

——Under AVR_Dynamic 1 ——Under AVR_Dynamic 2 ——DUnder AVR_Dynamic 3





media/file29.jpg





media/file1.jpg





media/file25.jpg
Weighted o

GHHHHH






media/file12.png
200
150

—— Current_40km/h [A]

Time [s]

—— Current_30_40_50km/h [A]

—— Current Dynamic 1 [A]






media/file9.jpg
Voltage [V]

a5

s

»s

2s
320
a5
0
s

r

W

100

Voltage_dokm [V]

WW“W

Time 5]

——Voltage 30_40_sokm [V]

—Voltage Dymamic_ 1 [V]





media/file0.png





media/file8.png
1.80

1.70

1.60

(==
th
=

Max time [s]
ot
£
=

(==
o
=

1.10

1.00
0 2 4 6 8§ 1012141618 2022242628 3032343638 4042 44 46 48 5052 54 56 58 60 62 64 66 68 70 72 74 76 78 80 82 84 86 88
Battery number [ID]

Sampling Number 30 km/h Sampling Number 40 km/h Sampling Number 50 km/h

Sampling Number 30 40 50 km/h

Sampling Number Dynamic 1

Sampling Number Dynamic_2

Sampling Number Dynamic 3





media/file17.jpg





