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Abstract

:

The digitalization of the automotive industry presents significant potential for technical advantages, such as the online collection of customer driving data. These data can be used for customer-oriented development to improve the durability of components or systems. However, due to current limitations in data transfer, the sampling frequency is typically lower than that of classic dataloggers. This paper examines the importance of low-frequency data in the development of drivetrain durability and investigates the extent to which these data can be utilized for a drivetrain durability analysis. Real driving data were utilized as a database to demonstrate the impact of downsampling on data significance, with the deviation in damage serving as the criteria. The findings suggest that low-frequency data, when available in sufficient quantities, can provide valuable information for predicting durability in rollover and time at level classification. The deviation in the damage prediction is less than 2% for distances exceeding 5000 km. However, low-frequency data are not suitable for rainflow analysis. Finally, the database size was adjusted to assess the statistical stability of the durability prediction. A larger dataset typically reduces variance. The paper presents evidence for the quality and usability of cloud data in drivetrain durability design. Cloud data from a significant number of customer vehicles can be used for certain analyses of representative customer load collectives, which can reduce development time and costs.
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1. Introduction


Battery electric vehicles (BEVs) are becoming increasingly popular worldwide, especially in Europe, the USA, and China. The majority of mainstream BEVs on the market use a drivetrain with one electric machine (EM) and a single-speed gearbox, which is suitable for most applications. Recent BEV development has focused on battery and energy management strategies [1,2]. The development of drivetrain durability faces new challenges due to the increased number of electrical components and complexity in the powertrain. Studies have been conducted on the durability of traction batteries [3,4], EM [5], and the electric system [6]. The mechanical components also face more challenging working conditions due to the properties of the EM, such as high-frequency current, as discussed in [7], a wider speed range, and recuperation. During the design process, it is important to take into account that the recuperation with negative torque can result in an additional load on torque transfer components, such as gears.



Insufficient customer data can limit knowledge of actual BEV usage and the loads that customers place on drivetrain systems and components. Durability measurement campaigns are typically conducted with a limited number of customer vehicles due to high costs, which can restrict the representativeness of the results. Dataloggers are commonly used to collect customer data for a durability analysis, as demonstrated in references [8,9,10]. However, the number of vehicles is limited by the chosen sample. To optimize requirements for chassis and body durability with large samples, ref. [11] suggests using service data for a statistical stress analysis. Similar research on onboard classification is presented in [12,13,14]. A more comprehensive study [15] obtained customer load collectives through onboard classification in customer vehicles to optimize durability testing. This method has great potential for collecting data from a large number of customer vehicles. However, the information depth is limited due to the classification process, resulting in a loss of time series data. Nowadays, customer-oriented design and data-driven development can benefit from digitalization and the increasing number of connected vehicles. The collection of customer data through wireless means, in compliance with the General Data Protection Regulation (GDPR), enables the economical design of electrical and mechanical components in the drivetrain by acquiring knowledge of powertrain loads from driving operations. A study by [16] analyzed the potential of using customer vehicle data as input in automotive development through various use cases. The decision on which data quality to transfer depends primarily on the problem to be solved. The analysis of drivetrain durability using measured data on the cloud has not been thoroughly investigated, especially with regards to data quality and size.



The data must possess the necessary qualities to meet specific requirements. This paper examines the use of driving data from four BEV vehicles in different scenarios to determine the conditions under which low-frequency data can still provide significant conclusions in drivetrain durability development. Each participant collected over 50,000 km of driving data using a datalogger at its original frequency. The database used for this analysis is based on high-quality real driving data. Section 3.1 discusses the signal and classification properties, which explain the unique characteristics of the durability analysis. This section also demonstrates the impact of information loss and the potential use of low-frequency data. The signals or calculated signals (EM torque, EM speed, and EM power at 100 Hz, as well as pulse inverter temperature at 2 Hz) used in durability investigations were chosen for typical classifications, including rollover classification (Section 3.2), time at level classification (Section 3.3), and rainflow classification (Section 3.4). Additionally, damages, a crucial aspect of durability analysis, are calculated using the corresponding Wöhler line. The data were processed and analyzed for the same cases after downsampling. A criterion was defined as the deviation between the damage with original data and damage with downsampled data. An error tolerance of 2% deviation in damage is considered an acceptable bound. This approach highlights the significance of low-frequency data in a durability analysis. In the last section, we modified the database size to investigate the statistical stability of durability predictions with additional data from measurements and the data cloud. The results of this study clearly indicate the usability of low-frequency data of different types on the cloud for a drivetrain durability analysis. They also indicate the required quantity of data for stability.




2. Durability Theory and Statistical Assumption


To guarantee the accurate dimensioning and efficient testing of drivetrain components, it is essential to have a comprehensive comprehension of customer requirements. This involves highlighting customer stress on these components, such as load collectives. This section introduces durability theory, providing an overview of fundamental information for this investigation, including the damage calculation and the most commonly used classification methods for load collectives. The section below presents online data acquisition technology, which serves as the basis for data collection and problem description regarding the usability of data for the durability analysis. Due to the limited data transferred from each customer vehicle to a central backend, the sampling frequency is typically lower than that of classical dataloggers. Therefore, the basic statistical assumption is introduced as the theoretical basis of the investigation in this paper.



2.1. Drivetrain Durability Development


In drivetrain durability development, the theory is based on the research of Wöhler [17], Haibach [18], and Miner [19] regarding structural durability. Durability represents the ability of a structure or component to withstand various mechanical loads, such as cyclic or sudden loads, to ensure the intended lifetime. To estimate the lifetime, the Wöhler line and the number of load cycles, usually in the form of load collectives, are used.



Figure 1 displays a logarithmic Wöhler line and a load collective as an example. The figure illustrates torque as the load, with the x-axis representing the load number and the y-axis representing the load. In practical applications, torque is divided into fixed levels or classes, and intermediate values are classified accordingly. For instance, torques ranging from 10–20 Nm are classified as the 15 Nm class. The classification may vary depending on guidelines or requirements. The load class and count of the load or load cycles on the Wöhler line of fatigue strength are represented by    L D    and    N D   , respectively.    L i    denotes the load of one load class, while    N i    and    n i    represent the corresponding load counts that occurred on the Wöhler line and in operation. The exponent  k  determines the inclination of the Wöhler line, which can be described by the following equation:


   N i  =  N D  ·        L i     L D        − k    



(1)







The cumulative damage  D  can be calculated with the following equation according to linear damage accumulation [19,20]:


  D =  ∑ i     n i     N i    =  ∑ i     n i     N D    ·        L D     L i        − k    



(2)







The system is considered to have failed when  D  reaches a value of 1. Thermal loads are a common cause of damage to electric components. To estimate the aging process caused by thermal loads, Arrhenius’ equation is used due to its representation of temperature dependence [21]. The calculation is similar to that of the Wöhler line and linear damage accumulation. The mechanical, electrical, and thermal loads resulting from the vehicle’s operation are essential for designing and sizing the drivetrain and its components. Commonly used classification methods include rollover, time at level, and rainflow classifications.



The rollover classification requires a load signal, such as torque (originally in Nm), in certain classes, and, additionally, a revolution signal, such as rotational speed. It is utilized for analyzing damage to rotating components, such as gears, shafts, and bearings. The classification describes the number of rotations a component undergoes due to torque within a defined time interval   Δ t  . The rollover number for a certain torque class  i  can be calculated using the following equation for all speeds to this load class:


   n i  = ∑   S p e e  d i    60   · Δ t  



(3)







Figure 2 provides a schematic example of this classification. To determine the number of rotations per measured speed, divide the speed by the corresponding class’s sampling time. It is recommended that the sampling time be equal to or less than the speed frequency. Note that the accuracy of the count decreases as the interval size increases [22].



The duration of time at a defined load class is counted using the load signal (time series), as shown in Figure 3. The time at level classification method uses the sum of the occurred sample time of the respective class with digital signals [22]. This is a count of how often a load class occurs over a specific period of time. For example, in this figure, the total number of loads for load class 6 is   2 Δ t   and for load class 4 it is   5 Δ t  . This method can be applied to different loads, including power, current, speed, and temperature.



The rainflow classification was first introduced by [23]. An introduction by the research association for drive technology is shown in [24]. This non-sequential classification focuses on the change in load from a starting class to a target class. Only the load extremes in the load time series are used to count the closed hysteresis, as shown in Figure 4. The x-axis displays the inflection points of the load, labeled with letters from A to L. The hysteresis loop with examples B-C, D-E, and H-I can be used to quantify the amount of energy absorbed by the component during operation, providing an insight into the damage process. Hysteresis loops that do not close, such as A-B in Figure 4, with two consecutive extrema, are deposited as a residual. The number of hysteresis loops with start and end classes are entered into a matrix or triangular matrix. To estimate the lifetime, the rainflow matrix is often transformed into a range pair collective. A range pair is comprised of a positive and a negative load change with the same amplitude and mean load [24]. This paper does not discuss the influence of the mean load on the damage. The rainflow classification can be used for torque and temperature load changes.




2.2. Statistical Assumption


Figure 5 depicts the online data collection process in the vehicle. The central control unit communicates with multiple Electronic Control Units (ECUs) and receives signals through the Controller Area Network (CAN-Bus) or other Bus-systems. The configuration enables the definition of vehicles, signals, signal types, and frequencies. The raw signals or signals after simple preprocessing can be uploaded to a data lake via telemetry. The signals can be collected as time series with a timestamp for each sample. The background management can modify the configuration and evaluate data using the anonymized data in the data lake.



Table 1 presents a comparison between online and classic data collection methods using dataloggers, based on the introduction and investigations in [10,15]. Dataloggers can be installed in development or test vehicles to record continuous signals with high frequency. Online data collection offers several advantages, including larger sample sizes, greater online configurability, easier online processing, and reduced effort. Online data collection and transfer are possible for mass-produced customer cars, providing a large sample size. However, due to the technical and economic limitations of modern telematics services, the transferred data frequency is usually lower than the original frequency. For example, the EM torque with a frequency of 100 Hz on CAN-Bus can only be collected with a reduced frequency of 1 Hz.



Low-frequency data can be used for various purposes. For example, [25] demonstrates the potential use of power battery data with frequencies of 0.03 Hz and 1 Hz from large-scale electric vehicles for a comprehensive data-driven battery assessment scheme. In addition, [26] proposes an intelligent framework for estimating the state of health based on the low-frequency data of BEVs collected by the big data platform. The authors of [27,28] conducted an analysis and prediction of energy consumption in electric vehicles based on real-world driving data. Studies in [29,30] demonstrate the potential use of low-frequency data to create a driving cycle for estimating emissions and energy consumption. The investigation in [31] also provides a method for pattern analysis using drive data for typical representative customer driving cycles. A method that utilizes driving patterns and cluster algorithms was introduced in [32]. These studies aim to derive driving cycles for further investigation. To improve data quality, investigations such as [33] have focused on imputing missing values using the inverse distance weighted interpolation method. Furthermore, applying machine learning techniques to the dataset can provide better accuracy than that of the incomplete dataset. The methods used to determine and improve data quality depend on the research field. For instance, research on data quality improvement or time series repair is presented in [34,35,36]. An overview of possible interpolations in time series and criteria for estimating the efficiency of different methods is provided in [37]. The process of data mining for extracting customer needs and consumer-relevant information using recorded customer data in the form of internal vehicle Bus signals is discussed in [38]. The authors discuss the use of virtual sensors to improve data quality, as mentioned in [39]. However, they have not yet investigated the significance of low-frequency data for a special durability analysis.



When data are collected at a low frequency or downsampled, information may be lost, including special events or details such as high torque that are more frequently captured in the original high-frequency time series. This loss of information can reduce rationality, particularly in small data sizes with a high randomness of special events or details. However, if the data size is large enough and the special events or details are highly repeatable, the impact of information loss on certain analyses can be mitigated. The low-frequency data can provide important information through statistical inference that is nearly equivalent to the original data. It is crucial to confirm the impact of downsampling or reducing data frequency on the information content and find a balance between data quality and size, which depends on specific analysis characteristics. This paper analyzes the significance of low-frequency data for a durability analysis based on statistical assumptions.





3. Data Significance in a Durability Analysis


This section presents the analysis results, starting with an examination of the signal and classification properties. These properties, in combination with statistical assumptions, allow for the use of low-frequency data. Next, the comparison between the damage with original data and downsampled data is shown using 50,000 km of data from four vehicles to demonstrate the significance of the three classifications separately. These vehicles are all of the same BEV type, but they are used in different scenarios. The first vehicle is a company car, while the others are taxis. These four vehicles were selected for analysis because they are more widely used, which results in lower repeatability compared to ordinary family cars. Therefore, the quality of data has a greater impact. Each vehicle has collected over 50,000 km of driving data, which were measured with a datalogger at the original frequency. These high-quality real driving data were chosen as the database.



3.1. Signal and Classification Properties


The ECUs collect raw signals on the CAN-Bus, including direct measurement values from sensors such as a temperature sensor with a PTC thermistor or speed sensor with a Hall element, as well as values calculated by the ECU. These signals are collected after ignition by a datalogger or central control unit. Preliminary signal processing is necessary to clean the data due to initial values or fluctuations often present in the signals. This investigation analyzes the converted signals of four vehicles when the ignition is on. Before discussing the significance of low-frequency data, it is important to examine the effects of reducing the signal frequency on signal properties and potential improvements. Signals can be classified as either dynamic (e.g., torque, speed, current, voltage, acceleration, etc.) or non-dynamic (e.g., temperature) based on their original frequency and volatility. Dynamic signals describe quasi-transient situations and are typically sampled at a frequency of 50 Hz or higher. Non-dynamic signals, on the other hand, describe quasi-static states and cannot change rapidly. As a result, they are sampled at a lower frequency, such as temperature at 2 Hz. For the purposes of this paper, the frequency of dynamic signals—torque, speed, and power—has been downsampled to 10 Hz and 1 Hz to investigate their impacts on classification results. The frequency of the temperature has been reduced to 1 Hz. Data snippets have been selected for this declaration.



In Figure 6a, the torque from the selected data for 3 s is shown with the original sampling rate of 100 Hz and the reduced frequency as an example. The red 10 Hz line still matches well with the original line, and the fluctuations are smoothed by the line between two data points. However, during the 0.1 s between two data points, the reduction misses nine samples with information. One possible assumption is that the information from the first point within the original 0.01 s represents the entire 0.1 s period, which is used for further investigation. Future data collection will also allow for online signal preprocessing. The signals can be processed using an algorithm to obtain random, mean, or median values within a 0.1 s duration, providing effective information for the entire 0.1 s period. When analyzing low-frequency data, it is common to use interpolation to reduce information loss and improve significance. However, reducing the frequency to 1 Hz results in a significant loss of data points and information. Another reason to exclude interpolation is the priority of classification. In classification, the raw signal is initially ordered by classes, such as the torque class with a 10 Nm step shown in Figure 6b. This approach adjusts minor changes within 10 Nm, similar to applying a filter function. Consequently, the classification is less impacted by the decrease in frequency.



A durability analysis involves the interpolation of EM speed, which is limited by the vehicle’s acceleration and deceleration ability. There is a discussion regarding the correlation between EM speed and the vehicle speed signal. The driven distance, calculated by either EM speed or the vehicle speed signal, is used for extrapolation to the defined lifetime mileage and examination of plausibility. It is important to note that the speed signal may not always be available. The speed calculated using electromagnetic (EM) speed may differ slightly from the vehicle speed signal due to factors such as tire slip and slope. However, in this investigation, the deviation was always less than 0.1% for 10,000 km, which is negligible. As the data size increases, the deviation can be further reduced. To calculate the number of rollovers for the rollover classification, use the EM speed and sample time, as shown in Figure 7. When reducing the sampling rate, the first speed value represents the signal value for the entire time interval. This means that during acceleration and deceleration, the speed is lower and reversed, respectively, compared to the rest of the time. When the speed is constant, there is no significant difference. The rate of rollovers at 10 Hz has a deviation of 0.006% from the original when using the 50,000 km data, while at 1 Hz the deviation is 0.03%.




3.2. Significance of Low-Frequency Data for the Rollover Classification


This section investigates the significance of low-frequency data for the rollover classification. To estimate the damage, the collectives are extrapolated to 300,000 km as the standard. During vehicle use, driving behavior and environments often exhibit repeatability. For example, a driver may frequently operate the vehicle in the same basic usage scenario over a long period of time. As a result, similar drivetrain operation situations can be repeated in large datasets. The impact of high torque segments on the signal decreases as the data size increases.



Load collectives for different frequencies with data of 10,000 km and 50,000 km are displayed in Figure 8. Increasing the data size and reducing the contingency can improve the significance. The 10 Hz lines consistently match the 100 Hz lines. The deviation in damage decreases from 0.13% in Figure 8a to 0.02% in Figure 8b with more data. The normalized mean squared error (NMSE) decreases from 34.16 to 5.67. The occurrence of 1 Hz lines also increases with more data. The deviation in damage decreases from 0.23% in Figure 8a to 0.20% in Figure 8b, while the NMSE is reduced from 1202.80 to 160.56. Furthermore, with an increase in data size, there is a change in the collectives, which will be discussed in Section 4.



The deviation in damage between the downsampled data and the original damage at 100 Hz is used as a comparison criterion. Figure 9a shows the deviation results with the 10 Hz data from the analyzed vehicles, depending on the mileage. The driving data used to derive the collectives were selected based on the original frequency of different driven mileages ranging from 1000 km to 50,000 km. An extrapolation was then made to 300,000 km. The damages were calculated using the corresponding Wöhler parameters. The data were then downsampled to a lower frequency. Subsequently, the damage caused by the data was calculated and compared to the damage caused by the original frequency to determine the deviation. Reducing the torque and speed frequency to 10 Hz does not significantly affect damage prediction. The deviation is consistently less than 0.5%, even in different driving scenarios, with more than 5000 km of driving data. After 30,000 km, the deviation in damage remains constant and can be disregarded. Reducing the torque and speed frequency to 1 Hz results in a higher deviation in the damage prediction, as shown in Figure 9b. As the data size increases to 15,000 km, the deviation decreases. However, for vehicle 2, the deviation can fluctuate between −1% and +1%. Therefore, a potential 1% deviation should be taken into account when investigating typical customer loads. In comparison to Figure 9a, the fluctuation is more pronounced.



In the future, data collection will allow for online signal preprocessing. The signals can be processed through an algorithm to obtain random, mean, or median values within the selected sample time. Figure 10 shows the deviation in damage using preprocessed data for each of the four vehicles. The deviations are calculated for the 10 Hz data. The dashed, dotted, and dash-dotted lines represent the deviation with mean, median, and random values, respectively. The colors of the lines differentiate the four vehicles. The analysis suggests that signal preprocessing does not enhance the level of significance. During vehicle acceleration or deceleration, the median or mean value is either above or below the initial value, which increases the variance from the original signal. The use of random values enables damage prediction with less information loss, but this process lacks certainty.



Figure 11 demonstrates the impact of the Wöhler line on deviation, which depends on material characteristics and component geometry. The inclination of the line also plays a significant role, as shown by the lower inclination of component B compared to component A in the figure. It is not immediately apparent how changing the fatigue strength limit or calculation rules would affect the lines, as they are nearly in the same position on the chart and are therefore not shown in the figure. In general, frequency conversion is the more crucial factor.



This section examines the usability of low-frequency data for the rollover classification. The findings suggest that both 10 Hz and 1 Hz data can provide a reliable assessment of component damage, especially when the dataset is large. The deviation in damage is less than 2%. Although simple preprocessing of the low-frequency data was introduced, it did not enhance the significance level of the low-frequency data. When analyzing durability using low-frequency data, it is important to consider the component-specific Wöhler parameter.




3.3. Significance of Low-Frequency Data for the Time at Level Classification


The investigation of the significance of low-frequency data for the time at level classification involves scaling the collectives to a duration of 8000 h. In this section, we evaluate the electromagnetic power with the original frequency of 100 Hz and the pulse inverter temperature originally at 2 Hz to obtain the collectives. The damage is calculated using fictitious Wöhler parameters. Figure 12 displays the damage deviations of the time at level classification. The data can be used for this analysis with a reduced frequency. The damage deviation curve follows a similar trend to the rollover classification. The deviations of the 10 Hz data are presented with solid lines and remain consistently smaller than 0.2% after 100 operating hours in Figure 12a. Figure 12b represents the deviations in damage of 1 Hz data, which are higher but still at an acceptable level, smaller than 1%.



Referring to Figure 12, the level of significance is higher for this non-dynamic signal, as demonstrated in Figure 13. The low-frequency data can support the same conclusion as the original data. In general, low-frequency data can be used directly in the analysis with the time at level classification, contributing to efficient design.




3.4. Significance of Low-Frequency Data for the Rainflow Classification


The rainflow classification is highly sensitive to information loss caused by downsampling, especially with the loss of load extremes. Figure 14 shows the collective from 10,000 km data, where the damage with 10 Hz is already approximately 5% lower than with 100 Hz. It is important to note that signal preprocessing can also miss the extremes.



Figure 15 displays the results for damage deviation with torque as the load in low frequency. The loss of the load hysteresis leads to significant damage deviations even with more data, particularly when the vehicle is driven by different people and in different driving environments with less repeatability. Therefore, reducing the frequency can result in a higher loss of information and deviation. The statement is no longer accurate. The torque data with low frequency cannot be used directly for rainflow classification.



Mildly reducing the frequency can result in smaller deviations. For example, in Figure 16, the damage caused by the rainflow classification for temperature at 1 Hz is approximately 2% lower than the damage caused by the original frequency of 2 Hz. However, deviations of over 6% can also occur, even when the data size is not small. The temperature readings are also influenced by the season and location, which impact the driving conditions. Driving in different regions leads to greater deviations due to varying environmental temperatures. Therefore, the use of low-frequency non-dynamic data in the rainflow analysis is restricted. The rainflow classification can be conducted using the online classification function in a vehicle, as explained in [15,40]. However, this method does not offer time series data to replicate the driving situation.





4. Statistical Stability of Data for Representative Damage


Another topic for discussion is the necessary data size for making statistically stable statements about component damage when important information, such as the number of drivers operating the vehicle in different driving environments, is unavailable. Generally, a larger amount of driving data, which provides more information about actual usage, leads to a more precise estimate of the component’s lifetime damage. Figure 17 shows the variability of relative component damage in relation to the damage incurred after 50,000 km of data with different data sizes. The data were divided into segments ranging from 1000 km to 25,000 km, and the damage was calculated for each segment to determine the dispersion. The box chart displays the interquartile range, which represents the middle 50% of the data. Vehicle 1 was driven by multiple drivers, resulting in a wider range of driving behaviors and environments, leading to more outliers. Each single result of vehicle 1 is shown with one square. However, with more data, the variance is reduced, which in turn reduces the influences of the driver and driving environment. Vehicles 2, 3, and 4 were driven by fewer drivers and in a more constrained environment, resulting in less variance compared to vehicle 1.



Figure 18 shows the normalized damages of seventeen vehicles, including one company car, three taxi cars, ten ridepooling cars, one private car, and two test cars. With the exception of ridepooling cars, all other vehicles are of the same type. This analysis focuses on these vehicles due to the variations in driver behavior and driven areas, which have significant impacts on the resulting damage. The influence of these factors can be observed by the position of the damage lines of the same type in Figure 17. Company cars are used by a diverse group of drivers in various areas, while taxi cars are driven by multiple drivers in different areas, but with a tendency towards sporty driving. The test cars are exclusively used on the testing ground by various drivers with different sporty driving styles. The 10 ridepooling cars are very similar to normal customer cars used for private family use, as they are driven by several drivers with limitations on driving style and areas. The private car was measured with a datalogger in the customer vehicle. This figure also illustrates the relationship between the data size and damage trend by displaying the calculated damages with different data sizes. The 10 ridepooling cars were evaluated directly with 10 Hz data on the cloud, while the other cars were driven by drivers with varying driving behaviors. As the data volume increases, the component’s variation exhibits a lower rate of change, indicating reduced volatility. Typically, a valid damage prediction can be achieved with 20,000 km of driving data for ridepooling cars, due to varying driver behaviors and driving environments, reaching a stable level. In contrast, taxi cars and the company car require more data to achieve a reasonable lifetime estimation. The dataset for the private passenger car displays the most significant regression. Data for vehicles with a driven distance of less than 5000 km may contain more contingencies due to drivers getting accustomed to the vehicle. However, other factors, such as the season and driver changes, can still influence the damage caused by usage. Therefore, data stability is also dependent on the scenarios. Durability research typically considers the stability of damage statements as a supplementary precondition.



The results of the paper indicate that low-frequency data can still provide reasonable statements when combined with signal classification to describe a certain repeatable component state, particularly when the data size is large enough. However, due to information loss, low-frequency data are generally unsuitable for describing state changes. The required data size to achieve a relatively stable level is significantly affected by the amount of repetition, which is influenced by the diver style and drive situations. Table 2 shows the general results of the significance analyses of the low-frequency data and the minimum number of data required to achieve acceptable significance in the present study, as analyzed in Section 3 and Section 4.




5. Conclusions


This paper examines the importance of low-frequency data in the development of durability. The study uses a database from four vehicles, each with over 50,000 km of real driving measurement data. Load collectives with different signal classifications were derived for the damage calculation, along with the corresponding Wöhler lines. To determine the significance of the deviation between the original high-frequency data and the downsampled data, a comparison was conducted. To be considered significant, the deviation must be less than 2%. The study also took into account the influence of preprocessing and the Wöhler line. The results suggest that reducing the data frequency to 1 Hz is sufficient for the rollover classification in the durability analysis. Preprocessing does not seem to have a significant impact on the results. The inclination of the Wöhler line has a notable effect on the significance. The statements for the time at level classification are similar. When using the rainflow classification, reducing the frequency results in a decrease in the level of significance. Therefore, it cannot provide a plausible conclusion for the durability analysis. To record the load extremes, an online classification function is required for rainflow classification, such as the onboard classification [15] or Porsche driving reflection module [40]. The statistical stability of representative damage prediction was analyzed using rollover results as an example. The size of the data has a direct impact on the accuracy of the damage prediction. The amount of data required is dependent on the usage of the vehicle.



Additional investigations are required for further development in durability regarding data significance and customer load collectives. For example, the database can be extended with more customer cars in different markets. To obtain clearer statements regarding the representative driver, it is recommended to increase the sample size. Additionally, low-frequency cloud data can be used to derive the typical testing circle directly. To enhance the depth of information, artificial intelligence methods such as deep learning can be considered, which are increasingly utilized in powertrain development [41]. Additionally, data quality can be improved through data fusion. By combining driving data with aided simulation, the driving situation can be reconstructed, resulting in higher quality data.
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Figure 1. Wöhler line for the lifetime calculation with torque as the load. 
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Figure 2. Rollover classification with defined torque classes from 1 to 6 and the time interval   Δ t  . 
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Figure 3. Time at level classification with defined load classes from 1 to 6 and the time interval   Δ t  . 
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Figure 4. Rainflow classification with defined torque classes from 1 to 7 and load extremes from A to L. 
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Figure 5. Online data collection in a vehicle. 
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Figure 6. EM torque for 3 s from the selected data. (a) The original torque and the torque after downsampling; (b) classified EM torques at different frequencies with 10 Nm as the class width. 
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Figure 7. EM speed for 3 s from the selected data. 
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Figure 8. Exemplary results of the rollover classification. (a) Rollover classification for the data of 10,000 km; (b) rollover classification for the data of 50,000 km. 
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Figure 9. Damage deviation of the rollover classification. (a) Damage deviation of the rollover classification with 10 Hz data; (b) damage deviation of the rollover classification with 1 Hz data. 
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Figure 10. Damage deviation of the rollover classification after signal preprocessing. (a) Vehicle 1; (b) vehicle 2; (c) vehicle 3; (d) vehicle 4. 
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Figure 11. Impact of the Wöhler line on the damage deviation of the rollover classification. 
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Figure 12. Damage deviation of the time at level classification for EM power. (a) Damage deviation of the time at level classification for EM power with 10 Hz data; (b) damage deviation of the time at level classification for EM power with 1 Hz data. 
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Figure 13. Damage deviation of the time at level classification data significance for pulse inverter temperature. 
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Figure 14. Rainflow classification for torque with 10,000 km data in the range pair format. 
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Figure 15. Damage deviation of the EM torque rainflow classification. (a) Damage deviation of the EM torque rainflow classification with 10 Hz data; (b) damage deviation of the EM torque rainflow classification with 1 Hz data. 
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Figure 16. Damage deviation of the temperature rainflow classification. 






Figure 16. Damage deviation of the temperature rainflow classification.



[image: Wevj 15 00088 g016]







[image: Wevj 15 00088 g017] 





Figure 17. Damage variability of the data with different data sizes. 
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Figure 18. Component damages in relation to the data size. 
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Table 1. Comparison between datalogger and cloud data collection.
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	Property
	Datalogger
	Online Data Collection





	Sample size
	−
	+



	Data frequency
	+
	−



	Online—Configurable
	−
	+



	Online—Preprocessing
	(−)
	+



	Effort
	−
	+










 





Table 2. The analysis results of the significance of low-frequency data and the minimum amount of data required for acceptable significance.
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	Classification
	Signal
	10 Hz
	1 Hz





	Rollover
	EM Torque and Speed
	5000 km
	5000 km



	Time at level
	EM Power
	100 h
	100 h



	Time at level
	Pulse Inverter Temperature
	-
	100 h



	Rainflow
	EM Torque
	Not possible
	Not possible



	Rainflow
	Pulse Inverter Temperature
	-
	Limited
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