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Abstract  

Electric drive systems in new energy vehicles operate under complex and time-varying conditions that accelerate component 

degradation and affect system reliability. Constructing representative operating conditions is therefore essential for reliability 
evaluation. This study proposes a method for constructing baseline operating conditions based on minimum cycle 

identification and category-based sampling. Multiscale load data are segmented using a variable sliding-window method, and 

indicators from time, frequency and damage domains are used to determine the minimum cycle period through a relative 
recurrence index. Operating-condition segments are then clustered according to damage-rate characteristics and sampled 

within categories to maintain statistical consistency with the overall dataset. A case study based on operational data from 30 

vehicles shows that 90% of users have minimum cycle periods shorter than 11,587 km. The difference in damage-rate means 
is below 1%, while the joint probability distribution error is lower than 0.001. 
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Highlights 

• Variable windows segment electric-drive loads. 

• A 95% threshold identifies the minimum cycle. 

• Damage-rate features enable six-category KFCM clustering. 

• Category sampling preserves load and damage patterns. 

• The sampled data support reliability-oriented baseline testing. 

 

1. Introduction 

As the core of new energy vehicle powertrains, electric drive 

systems experience complex, time-varying operating conditions 

and multidimensional loads, which accelerate the degradation 

of critical components and compromise overall system 

reliability [1,2]. Establishing high-fidelity baseline operating 

conditions is essential not only for system-level fatigue damage 

evaluation and accelerated life testing, but also for load-

spectrum optimisation and reliability-oriented product design in 

forward engineering processes [3,4]. However, substantial 

variability in user driving behaviours and randomness in 

operating environments lead to pronounced individual 

differences in users’ baseline condition datasets. Furthermore, 

traditional approaches typically require collecting road-load 

data over the entire service life, resulting in high acquisition 

costs and limited user coverage, thereby constraining the 

reliability assessment of electric drive systems. 

More recently, advanced methods such as Integrated-

Dispersion Manifold Distance (IMD) [5], distribution-based 

health indicators [6,7], and reliability modeling approaches 

under small-sample conditions [8] have been developed to 

improve sensitivity to degradation evolution and state 

discrimination.Over long-term service, user operating 

conditions exhibit measurable repeatability. As the service 

duration increases, the load distribution characteristics of the 

electric drive system gradually converge toward those of the full 
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life cycle [9]. In this context, a key question arises: how long 

should the operational observation window be so that the 

resulting sample can adequately represent the full operating 

population? To address this issue, this paper introduces the 

concept of minimum cycle period, which is defined as the 

shortest observation horizon at which the discrepancy between 

the sample operating distribution and the full population 

operating distribution falls within an acceptable 

representativeness criterion. It should be noted that the full 

population distribution is constructed using all available user 

data over the entire observation period, and the 

representativeness criterion is defined by measuring the 

discrepancy between the sample-based distribution and this 

population-level reference. If the selected cycle is excessively 

long, the deviation becomes negligible but at the expense of 

unnecessarily high test duration and data costs. Conversely, an 

overly short cycle leads to significant discrepancies between 

sample and population distributions, weakening its 

representativeness of full-lifecycle loads. Therefore, analysing 

trend patterns in load characteristics throughout users’ service 

cycles and determining the minimum cycle period are crucial 

for constructing a reliable baseline operating condition database 

for electric drive systems [10]. 

Existing studies both domestic and international, have 

proposed various methods to determine minimum sample sizes 

based on relationships between samples and population [11]. 

When the population mean and variance are known, statistical 

techniques such as Z-tests, t-tests and chi-square tests can be 

used to estimate the minimum sample size under specified 

confidence levels and error limits [12]. Gope [13] derived the 

minimum required sample size based on target survival 

probability and confidence level for fatigue life estimation, 

while Xiong [14] provided a theoretical derivation framework 

for sample-size determination. In the field of vehicle load 

acquisition, researchers [15] used logarithmic pseudo-damage 

density under measured load spectra as a statistical indicator, 

modelling relative errors via the t-distribution. Another study 

[16] examined cumulative power spectral density and damage-

distribution characteristics and developed a Weibull-based 

sampling model for determining minimum load-spectrum 

length. These works provide useful methodological references 

for determining the minimum cycle period in the present study. 

As operational data accumulate, quantifying the trend-based 

relationship between operational samples and the population 

becomes increasingly important. Existing studies have largely 

relied on constructing test statistics combined with Markov 

chain Monte Carlo simulations to analyse trend convergence 

and thus determine minimum cycle duration [17]. In multi-

condition analysis of wheel loader [18], a composite indicator 

incorporating extreme-load mean, standard deviation and 

fatigue-life metrics was developed using a hybrid subjective-

objective weighting method to estimate the minimum sample 

size. For determining road-load spectrum acquisition length in 

vehicles, regression models describing statistical trend 

characteristics were constructed, and spectrum length was 

defined based on relative errors between population parameters 

and regression results [19]. However, for electric drive systems 

featuring multiple failure modes and heterogeneous component 

degradation rates, single-feature-based sample-size 

determination is insufficient. Consequently, constructing trend 

indicators across multiple domains—such as the time domain, 

frequency domain and damage domain—becomes necessary. 

The minimum cycle period defines the temporal scale for 

sample selection. To construct a reliable baseline operating 

condition database, representative operating-condition 

segments must be extracted from the overall dataset. Classical 

sampling methods—such as simple random sampling [20], 

stratified sampling [21] and systematic sampling [22]—are 

effective for low-dimensional datasets but are limited for 

complex multi-feature operating conditions. Latin hypercube 

sampling [23] offers better uniformity across multidimensional 

features, balancing sampling coverage and efficiency. However, 

because this method selects optimal samples solely based on 

load-distribution similarity, without considering component-

level failure physics, the resulting operating-condition sets may 

deviate from true system damage-distribution characteristics. 

To address these challenges, this paper proposes  

a reliability-oriented baseline operating condition library 

construction method based on minimum cycle period 

identification and category-based random sampling. Multiscale 

segmentation of load data is achieved using a variable sliding-

window approach. A multidimensional evaluation metric 

system is developed to analyse trend characteristics in time-

domain, frequency-domain and damage-domain features. The 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 2, 2027 

 

concept of relative recurrence is introduced to quantify users’ 

minimum cycle periods. Classification-based random sampling 

is then applied to extract representative operating-condition 

segments, ensuring consistency between the sampled and 

population-level load distributions and damage-rate 

characteristics. Based on these procedures, a high-fidelity 

baseline operating condition library is constructed for reliability 

assessment of electric drive systems. 

This study therefore develops a systematic methodology for 

constructing baseline operating conditions under massive and 

complex user-load datasets. The proposed framework includes: 

(1) multiscale user data segmentation and multidimensional 

metric construction, 

(2) determination of minimum cycle periods using relative 

recurrence, 

(3) category-based random sampling incorporating damage-

rate similarity, and 

(4) verification of distributional consistency in both load and 

damage characteristics. 

The overall technical workflow is illustrated in Fig. 1. 

 

Figure 1. Process for establishing baseline operating conditions for electric drive system reliability. 

2. Method for determining the minimum cycle period 

2.1. Fragment segmentation based on the variable sliding 

window method 

Here, the minimum cycle period is defined as the shortest 

observation horizon at which the operational characteristics 

extracted from a sample window can adequately represent those 

of the full population. Let 𝑃(𝑥) denote the joint distribution of 

operating variables estimated from the full dataset, and let 

𝑃𝑊(𝑥) denote the corresponding joint distribution estimated 

from an observation window of length 𝑊. The discrepancy 

between these two distributions is quantified by an error 

functional 𝐸(𝑊). Accordingly, the minimum cycle period is 

defined as the smallest 𝑊 satisfying a prescribed 

representativeness criterion. In terms of the error threshold, it 

can be written as: 

 

𝑊min = inf{𝑊: 𝐸(𝑊) ≤ 𝜀}                            (1) 

When expressed in terms of relative recurrence 𝑅(𝑊), the 

criterion becomes: 

𝑊min = inf{𝑊: 𝑅(𝑊) ≥ 𝜂}                            (2) 

where η is a predefined recurrence threshold. 

The variable sliding-window method is a segmentation 

technique designed for multidimensional time-series data. By 

dynamically adjusting the window size and stride, the method 

enables adaptive segmentation of load data across different 

temporal scales. Let   denote the multidimensional time-series 

load data of an electric drive system, where  represents the total 

sequence length and   is the load vector at time point  including 

variables such as rotational speed, torque, current, voltage, and 
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temperature. Given an initial window size and a sliding stride, 

the total number of sample fragments obtained from the original 

load sequence is computed as: 

𝑁 = ⌊
𝑛−𝑤

𝑠
⌋ + 1                                        (3)     

 
where⌊⋅⌋ denotes the floor operator. 

Beginning from the start of the raw data, a sliding window 

of size w moves forward along the timeline in increments of s. 

For the k-th fragment, the corresponding load segment is 

expressed as 𝑿𝑘 = {𝒙(𝑘−1)𝑠+1, 𝒙(𝑘−1)𝑠+2, ⋯ , 𝒙(𝑘−1)𝑠+𝑤} .After 

traversing the entire sequence, the complete set of segmented 

sample fragments is given by: 

𝒀𝑤
𝑠 = 𝛺𝑘=1

𝑁 {𝑿𝑘}                                        (4)                                     
 

By adjusting parameters such as the window size 𝑤 and 

stride 𝑠, sample sets corresponding to different temporal scales 

can be obtained. The segmentation procedure is illustrated in 

Fig. 2. 

 

Figure 2. Schematic diagram of dataset partitioning using the 

variable sliding window method. 

2.2. Construction of a multi-dimensional evaluation 

indicator system 

To overcome the limitations of defining the minimum cycle 

period based solely on a unidimensional characteristic, this 

study develops a multidimensional evaluation metric system 

incorporating time-domain, frequency-domain, damage-

domain and load-distribution perspectives. As the sample scale 

increases, the trend evolution of each metric is analysed. 

However, due to the heterogeneity in feature dimensions, it is 

difficult to characterise trends consistently across scales. To 

address this issue, the coefficient of variation within each 

feature dimension is adopted to evaluate the relative dispersion 

of the sample set at different scales. The multidimensional 

evaluation metrics considered in this section include: 

(1) coefficient of variation of time-domain features, 

(2) coefficient of variation of frequency-domain features, 

(3) coefficient of variation of damage-domain features,  

(4) the error between the joint rotational-speed–torque 

probability distributions of sample and population data.  

For the time-domain dimension, 18 time-domain features 

are computed for all segments corresponding to each window 

size. These features include typical time-series characteristics 

such as speed, acceleration, and torque, as well as statistical 

descriptors including mean, extreme values and variance [24]. 

Suppose that N sample fragments are obtained for a given 

window size 𝑤𝑘 . The mean value of the i-th time-domain 

feature is calculated as: 

𝐹̄𝑖
time =

1

𝑁
∑ 𝐹𝑖𝑗

time𝑁
𝑗=1                                  (5)

 

Where 𝐹𝑖𝑗
time  denotes the i-th feature for the j-th sample 

fragment, 𝑖 = 1,2, ⋯ ,18；𝑗 = 1,2, ⋯ , 𝑁.  

The standard deviation of feature 𝐹𝑖𝑗
time  across N sample 

fragments is given by:  

𝜎𝐹𝑖
time = √

1

𝑁
∑ (𝐹𝑖𝑗

time − 𝐹̄𝑖
time)2𝑁

𝑗=1                        (6) 

The coefficient of variation of feature 𝐹𝑖𝑗
timeis then computed 

as:  

𝐶𝑉𝐹𝑖
time =

𝜎
𝐹𝑖

time

𝐹̄𝑖
time                                        (7) 

The coefficient-of-variation matrix for time-domain features, 

representing the dispersion characteristics across all feature 

dimensions, is expressed as: 

𝐶𝑉𝛺
time = {𝐶𝑉𝐹1

time , 𝐶𝑉𝐹2
time , ⋯ , 𝐶𝑉𝐹18

time}                 (8)              

For a given window size 𝑤𝑘, the mean value 𝜇𝐶𝑉𝛺
time of the 

time-domain feature coefficients reflects the overall level of the 

time-domain evaluation metric at that scale. Conversely, the 

standard deviation 𝜎
𝐶𝑉𝛺

time  of these coefficients represents the 

dispersion of the time-domain evaluation metric for the same 

window size. To compute the coefficients of variation for 

frequency-domain features across different sample segments, 

the frequency-domain characteristics must first be extracted. 

Twelve frequency-domain indicators are considered in this 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 2, 2027 

 

study, including the mean frequency, centre-of-gravity 

frequency, root-mean-square frequency and frequency standard 

deviation for each segment, covering vehicle speed, 

acceleration and torque. Similarly, the mean value 𝜇
𝐶𝑉𝛺

freq of the 

frequency-domain coefficients of variation characterises the 

average level of the frequency-domain evaluation metric,while 

the standard deviation 𝜎
𝐶𝑉𝛺

freq quantifies the dispersion of the 

frequency-domain evaluation metric at that scale. For the 

damage-domain dimension, this study considers seven critical 

failure modes/components of the electric drive system, namely 

shaft torsional fatigue, tooth-surface contact fatigue, tooth-root 

bending fatigue, bearing A fatigue, bearing B fatigue, rotor 

magnetic-bridge fatigue, and stator winding thermal ageing [25-

30]. For each sample segment, the damage corresponding to 

each failure mode/component is calculated using load-counting 

procedures, physics-based fatigue-life models, and linear 

damage accumulation rules. The damage rate of each segment 

is then obtained by dividing the calculated damage by the 

segment mileage, thereby generating seven mileage-normalized 

damage-rate indicators. The coefficients of variation of these 

seven damage-domain indicators are subsequently computed 

across all segments. As with the other dimensions, the mean 

value 𝜇
𝐶𝑉𝛺

damage represents the average level of the damage-

domain evaluation metric , while the standard deviation 𝜎
𝐶𝑉𝛺

damage 

represents its dispersion at the corresponding scale. 

To compute the error in the joint probability distribution, 

let𝑃𝑗(𝑆, 𝑇) denote the joint rotational-speed–torque probability 

distribution of the j-th sample segment for a given window size, 

and let𝑃𝐴𝑙𝑙(𝑆, 𝑇) denote the corresponding distribution for the 

population data. The joint probability distribution error between 

the sample segment and the population is defined as: 

𝐸𝑗 = ∬ [𝑃𝑗(𝑆, 𝑇) − 𝑃𝐴𝑙𝑙(𝑆, 𝑇)]2
𝐷

𝑑𝑆𝑑𝑇                (9) 

The set of joint-distribution errors across all N sample 

segments is then expressed as: 

𝐸𝛺 = {𝐸1, 𝐸2, ⋯ , 𝐸𝑁}          (10) 

Here, the integration domain 𝐷 denotes the effective 

operating region of the electric drive system in the speed–torque 

space: 

𝐷 = [𝑛min
, 𝑛max] × [𝑇min

, 𝑇max]                    (11)                                                                                                           

where 𝑛 and 𝑇 represent rotational speed and torque, 

respectively. In implementation, the continuous integral is 

approximated by summation over discretized bins covering the 

valid operating range of the dataset.  

Given the variability across multiple sample segments, the 

mean 𝑢𝐸𝛺
  and standard deviation 𝜎𝐸𝛺

  of the squared-error set 

are used as key indicators to characterise the average level and 

dispersion of the joint probability-distribution errors between 

the samples and the population. 

2.3. Relative recurrence fitting model 

Based on the four-dimensional evaluation metrics defined in 

Section 2.2, a relative recurrence fitting model is introduced to 

comprehensively assess and quantify the trend behaviour of the 

evaluation metrics. The relative recurrence 𝛿𝑤𝑘
𝑚   of the m-th 

evaluation metric within dimension𝑤𝑘 is defined as: 

𝛿𝑤𝑘
𝑚 = 1 −

𝜇𝑤𝑘
𝑚 / 𝑚𝑎𝑥(𝑼)

∑ (𝜇𝑤𝑘
𝑚 / 𝑚𝑎𝑥(𝑼))

𝑤𝑝
𝑤1

               (12)                 

where 𝑼 = {𝜇𝑤1

𝑚 , 𝜇𝑤2

𝑚 , ⋯ , 𝜇𝑤𝑝

𝑚 } denotes the mean value of the 

m-th evaluation metric, with these values obtained across  

a range of different window sizes. 

Subsequently, polynomial fitting is applied to construct the 

relative recurrence evolution model. Assuming a fitting order of 

i, 𝑖 = 0,1,2, ⋯ , 𝑛, the polynomial function is expressed as: 

𝐹(𝛿𝑤𝑘
𝑚 ) = ∑ 𝑎𝑖

𝑛
𝑖=0 ⋅ (𝛿𝑤𝑘

𝑚 )𝑖               (13) 

where 𝐹(𝛿𝑤𝑘
𝑚 ) denotes the fitted function, 𝑎𝑖 represents the 

polynomial coefficient of order i. These coefficients are 

estimated using the least-squares method: 

𝜕

𝜕𝑎𝑖
∑ [𝐹(𝛿𝑤𝑘

𝑚 ) − 𝛿𝑤𝑘
𝑚 ]

2𝑤𝑝

𝑤1
= 0                           (14) 

As the model order increases, the coefficient of 

determination𝑅2 > 0.95 is used as the fitting accuracy criterion. 

When the fitted recurrence reaches 0.95, the corresponding 

sample scale is regarded as the minimum required scale for the 

m-th evaluation metric, denoted 𝑡0.95
𝑚  .To ensure that all 

evaluation metrics meet the recurrence threshold of 0.95, the 

minimum user cycle period is defined as: 

𝑇𝑀𝑆𝑆 = 𝑚𝑎𝑥{ 𝑡0.95
1 , 𝑡0.95

2 , 𝑡0.95
3 , 𝑡0.95

4 }                   (15) 

In this study, polynomial fitting was adopted to describe the 

recurrence evolution of the multidimensional evaluation metrics 

because the recurrence values vary continuously with the 

window size but may still exhibit local fluctuations caused by 

sample discreteness. Compared with direct pointwise judgment 

based on the raw recurrence sequence, polynomial fitting 

provides a smoother and more analytically tractable 

representation of the recurrence trend, which facilitates stable 
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identification of the window size corresponding to a prescribed 

recurrence level. 

The recurrence threshold was set to 0.95 as a compromise 

between representativeness and efficiency. If the threshold is set 

too low, the resulting cycle period may be insufficient to ensure 

adequate consistency between the sample and the population. In 

contrast, an excessively high threshold would lead to 

unnecessarily long observation windows and increased data-

acquisition cost. Therefore, the 0.95 threshold was adopted to 

ensure that the evaluation metrics had approached a sufficiently 

stable level while maintaining practical compactness of the 

minimum cycle period. 

3. Method for establishing baseline operating conditions 

3.1. Determination of the range of operating condition 

segments 

To address the inconsistency in sample mileage across different 

segments under the minimum cycle period, the sample mileage 

range is defined as follows. Under the variable sliding-window 

method, when the window size equals the minimum cycle 

period 𝑇𝑀𝑆𝑆 , the dataset is divided into 𝑁𝑇 segments with 

corresponding mileage set 𝛺𝑖=1
𝑁𝑇 {𝑀𝑖𝑙𝑒𝑖} . The mileage range 

associated with the minimum cycle period is then given by: 

Mile𝑀𝑆𝑆 ∈ (𝑚𝑖𝑛(Ω𝑖=1
𝑁𝑇 {𝑀𝑖𝑙𝑒𝑖}), 𝑚𝑎𝑥(𝛺𝑖=1

𝑁𝑇 {𝑀𝑖𝑙𝑒𝑖})) 
(16)

 

Assuming that the user has n running segments with 

mileage 𝑚𝑖 , 𝑖 = 1,2, ⋯ , 𝑛 , the number of small-sample 

operating segments required for filtering is calculated as: 

𝑛𝑠𝑎𝑚𝑝𝑙𝑒 ∈
Mile𝑀𝑆𝑆

∑ 𝑚𝑖
𝑛
𝑖=1 /𝑛

       (17) 

3.2. Classification random sampling 

To ensure sampling uniformity, overcome the limitations of 

traditional methods, and maintain consistency in both load-

distribution and damage-distribution characteristics between 

sampled segments and the population, a clustering-based 

random sampling strategy is adopted. First, all operating-

condition fragments are grouped into distinct categories based 

on damage-rate characteristics. Then, random sampling is 

performed independently within each category. A sampling 

objective function is defined, and the number of sampling 

iterations is specified to obtain the optimal sample set. 

The Davies–Bouldin (DB) index is used to determine the 

optimal number of clusters before clustering. This index 

accounts for both intra-cluster cohesion and inter-cluster 

separation.  

𝐷𝐵 =
1

𝑛
∑ 𝑚𝑎𝑥

𝑗≠1
(

𝜎𝑖+𝜎𝑗

𝑑(𝑐𝑖,𝑐𝑗)
)𝑛

𝑖=1                (18)                        

where 𝑐𝑖is the i-th cluster centre, n is the number of cluster 

categories, and 𝜎𝑖 is the average distance from all sample points 

in category 𝑖 to its respective cluster centre. 𝑑(𝑐𝑖 , 𝑐𝑗)  is the 

average distance between the centres of clusters i and j. A lower 

DB index value is indicative of a more satisfactory clustering 

outcome. 

During the clustering process, the damage-rate 

characteristics of each component across all segments are used 

as input features. Specifically, seven damage-rate features were 

constructed for clustering, corresponding to the seven critical 

damage modes/components considered in the damage-domain 

analysis, including shaft torsional fatigue, tooth-surface contact 

fatigue, tooth-root bending fatigue, bearing A fatigue, bearing B 

fatigue, rotor magnetic-bridge fatigue, and stator winding 

thermal ageing. For each operating-condition fragment, the 

damage value of each failure mode was first calculated based 

on the corresponding load-history segment and physics-based 

damage model, and then normalized by the fragment mileage to 

obtain the damage rate. Accordingly, each fragment was 

represented by a seven-dimensional damage-rate feature vector 

for KFCM clustering. 

By introducing these seven damage-rate features, the 

clustering process reflects not only the load similarity among 

fragments, but also the multi-component degradation 

consistency of the electric drive system. This makes the 

obtained operating-condition categories more physically 

relevant for reliability-oriented baseline operating condition 

construction. Kernel Fuzzy C-Means (KFCM) is employed to 

enhance linear separability in high-dimensional feature space by 

reconstructing the fuzzy C-means objective function using  

a Gaussian radial basis kernel. Let feature vector 𝒁 =

{𝑧1, 𝑧2, ⋯ , 𝑧𝑛} ∈ 𝑅𝑠 be mapped into feature space 𝑯 by 

mapping𝛷: 𝒁 → 𝑯: 𝛷(𝑧) = 𝑦. Let the cluster centre matrix be 

𝑉 = [𝑣1, 𝑣2, ⋯ , 𝑣𝑐]𝑠×𝑐 . Let 𝐿𝑘𝑓𝑐𝑚(𝑼, 𝑽)  denote the objective 

function of the KFCM clustering algorithm. 

𝐿𝑘𝑓𝑐𝑚(𝑼, 𝑽) = ∑ ∑ 𝑢𝑗𝑖
𝑘𝑛

𝑖=1
𝑐
𝑗=1 ‖𝛷(𝑧𝑖) − 𝛷(𝑣𝑗)‖

𝑯

2
= ∑ ∑ 𝑢𝑗𝑖

𝑘𝑛
𝑖=1

𝑐
𝑗=1 (2 − 2𝐾(𝑧𝑖, 𝑣𝑗)) (19) 

Where 𝑼 = (𝑢𝑗𝑖)𝑐×𝑛 is the fuzzy membership matrix of n 
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samples to c categories, 𝑘is the fuzzy weighting exponent, and 

𝐾(𝑧𝑖 , 𝑣𝑗)  is the Gaussian radial basis function, which can be 

expressed as: 

𝐾(𝑧𝑖 , 𝑣𝑗) = 𝑒𝑥𝑝(
−‖𝑧𝑖−𝑣𝑗‖

2

2𝜎2 )            (20)                     

The number of segments extracted for each operating 

condition is calculated based on the proportion of mileage for 

each condition relative to the total number 𝑛𝑠𝑎𝑚𝑝𝑙𝑒  . Two 

objective functions are used:the load-distribution objective, 

defined by the joint speed–torque probability error;the damage-

distribution objective, defined by deviations in damage-rate 

parameters between the sample and the population. It is 

assumed that the joint probability-distribution error must be 

below threshold 𝛿1 and the deviation in damage-rate parameters 

must be below threshold𝛿2. The objective functions shall satisfy 

the following requirements: 

∬ [𝑃𝑗(𝑆, 𝑇) − 𝑃𝐴𝑙𝑙(𝑆, 𝑇)]2
𝐷

𝑑𝑆𝑑𝑇 < 𝛿1

|𝐹(𝐷𝑠) − 𝐹(𝐷𝑎𝑙𝑙)| < 𝛿2

  (21) 

Where 𝐹(𝐷𝑠) is the damage rate distribution parameter for 

the sample under consideration, and 𝐹(𝐷𝑎𝑙𝑙) is the damage rate 

distribution parameter for the population sample. 

3.3. Consistency test analysis 

Given the multifaceted nature of the sampled dataset, which 

contains numerous combinations of operating-condition 

segments, sampling validity is evaluated using hypothesis tests, 

including the non-parametric K-S test and the parametric Z- and 

F-tests, which are used to analyse the consistency between the 

sample and the population. 

The two-sample K–S test is used to evaluate the consistency 

between the sample and population distributions based on their 

cumulative distribution functions. The formula for calculating 

the test statistic is as follows: 

𝐷𝐾𝑆 = 𝑚𝑎𝑥( |𝐹𝑧(𝑥) − 𝐹𝑠(𝑥)|)                            (22) 

Where 𝐹𝑧(𝑥) denotes the theoretical distribution function of 

the population, and 𝐹𝑠(𝑥)  denotes the empirical distribution 

function of the sampled data. 

The Z-test is used to examine the difference between the 

sample mean and the population mean. The test statistic for the 

Z-test is as follows: 

𝑍 =
𝑥̄−𝜇

𝜎/√𝑁
                                 (23) 

Where𝑥̄ denotes the sample mean, 𝜇denotes the population 

mean, 𝜎  denotes the population standard deviation, and 

𝑁denotes the sample size. 

The F-test is used to determine whether a significant 

difference exists between the variances of two samples. The test 

statistic for the F-test is: 

𝐹 =
𝑠1

2

𝑠2
2                                     (24) 

where 𝑠1
2 denotes the sample variance, 𝑠2

2 denotes the 

population variance, and the test statistic follows an F-

distribution with (𝑛1 − 1, 𝑛2 − 1) degrees of freedom. 

A significance level 𝛼 = 0.05 is specified for the hypothesis 

tests. If the asymptotic 𝑝  -value is less than t 𝛼 , the null 

hypothesis is rejected. If the 𝑝 -value is greater than or equal to 

𝛼, the null hypothesis is not rejected. 

4. Case implementation and outcome analysis 

4.1. User data analysis 

The user data employed in this study includes operational 

records from 30 vehicles of the same model, reflecting the real-

world driving behaviours and road conditions of different users 

over their recorded operating periods. Key statistical metrics, 

including operating time, accumulated mileage, overall damage 

contribution, and damage occurrence rate, are presented in Fig. 

3. The overall damage contribution is calculated as a weighted 

average by considering the damage levels of different 

components. The damage occurrence rate is defined as the ratio 

of the user’s total damage contribution to the corresponding 

accumulated mileage. 

A goodness-of-fit analysis was carried out using a log-

normal distribution model to characterize the statistical patterns 

of operating time, accumulated mileage, overall damage 

contribution, and damage occurrence rate across users. The 

corresponding probability density functions and cumulative 

distribution functions are shown in Figs. 4 and 5, respectively. 

The results in Figs. 4 and 5 indicate clear inter-user 

differences in damage-rate characteristics. To determine the 

minimum cycle period and construct the baseline operating 

conditions, four representative users were selected according to 

cumulative damage-rate (DR-CDF) levels of 25%, 50%, 75%, 

and 95%. To improve robustness, the representative users were 

identified from the fitted DR-CDF curve rather than by direct 

pointwise extraction from the empirical cumulative distribution.  



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 2, 2027 

 

 

Figure 3. Statistics on different user characteristics. 

 

Fiure 4. Probability distribution of various statistical 

characteristics among users. 

 

Figure 5. Cumulative probability distribution of various 

statistical characteristics for users. 

This treatment reduces the influence of local fluctuations and 

provides a smoother percentile-based mapping between 

cumulative probability level and representative user position. In 

addition, the 95% DR-CDF level was selected as the upper 

representative group instead of using the extreme tail of the 

distribution, because values too close to 100% are more 

sensitive to tail randomness and individual outliers. Therefore, 

the 95% DR-CDF level can better represent high-damage users 

while maintaining statistical robustness. 

4.2. Determination of the minimum cycle period 

To avoid repetitive presentation, only the representative results 

for the lower-damage case (25% DR-CDF) and the higher-

damage case (95% DR-CDF) are shown in detail. The 

quantitative results for all four representative user groups are 

summarized in Table 1. 

 

Figure 6. Trend chart of multi-dimensional evaluation 

indicators under 25% DR-CDF. 

For the representative user corresponding to a cumulative 

damage rate of 25%, the total recorded operating time was 378 

h and the accumulated mileage reached 12,124 km. Window 

sizes ranging from 10 h to 370 h, with increments of 30 h, were 

applied sequentially. For each window size, the dataset was 

segmented into operating-condition fragments using a sliding 

step of 1 h. Multidimensional evaluation metrics were then 

established from the time-domain, frequency-domain, damage-

domain, and joint distribution-error perspectives. The mean 

values, errors, and relative recurrence of these evaluation 

metrics at different time scales are shown in Fig. 6. 

As illustrated in Fig. 6, with increasing operating duration, 

the evaluation metrics in all dimensions gradually decrease and 

stabilize, while their corresponding errors also diminish. To 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 2, 2027 

 

further quantify the minimum cycle period, relative recurrence 

fitting curves were constructed for each dimension, and the 

operating duration corresponding to 95% recurrence was 

identified, as shown in Fig. 7. 

 

Figure 7. Determination of the minimum cycle period under 

25% DR-CDF. 

According to Fig. 7 and Equation (15), the minimum cycle 

period for this user was determined to be 214 h. The mileage 

statistics of all operating-condition fragments at this scale were 

then calculated, yielding an equivalent mileage mean of 6,928 

km according to Equation (16), with a corresponding mileage 

range of 6,810–7,026 km. 

 

Figure 8. Trend Chart of Multi-dimensional Evaluation 

Indicators under 95% DR-CDF. 

By contrast, for the representative user corresponding to  

a cumulative damage rate of 95%, the total recorded operating 

time was 210 h and the accumulated mileage was 9,124 km. 

Window sizes from 10 h to 200 h were applied sequentially, and 

operating-condition fragments were generated using a sliding 

step of 1 h. The mean values, errors, and recurrence levels of 

the multidimensional evaluation metrics at different time scales 

are shown in Fig. 8. 

As shown in Fig. 9, the recurrence-fitting equations for all 

four dimensions achieve coefficients of determination greater 

than 0.99. When all dimensional evaluation metrics exceed the 

95% recurrence threshold, the minimum cycle period for this 

user is identified as 129 h. Statistical analysis of the fragment 

mileage at this time scale yields an equivalent mileage mean of 

5,525 km and a mileage range of 5,344–5,691 km. 

 

Figure 9. Determination of the minimum cycle period under 

95% DR-CDF. 

The minimum cycle period results for all four representative 

DR-CDF groups are summarized in Table 1. Although the 

convergence rates differ among user groups, all cases exhibit  

a consistent tendency toward stabilization as the observation-

window length increases. These results indicate that the 

identified minimum cycle periods provide compact yet 

sufficiently representative observation horizons for subsequent 

sampling and baseline operating-condition construction. 

To further characterize inter-user variability, the minimum 

cycle period was extracted for all users, and a log-normal 

distribution model was established to characterize the overall 

distribution. The corresponding probability density and 

cumulative distribution curves are shown in Fig. 10. 
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Table 1. Summary of minimum cycle period results for the four representative DR-CDF groups. 

DR-CDF 

group 

Total operating time 

(h) 

Accumulated mileage 

(km) 

Minimum cycle period 

(h) 

Equivalent mileage mean 

(km) 

Mileage range 

(km) 

25% 378 12124 214 6928 6810–7026 

50% 185 6980 79 3026 2844–3189 

75% 387 16090 164 6796 6648–6940 

95% 210 9124 129 5525 5344–5691 

 

(a) 

 

(b) 

Figure 10. Distribution model of minimum cycle periods for 

different users. 

As illustrated in Fig. 10, 90% of users exhibit a minimum 

cycle period shorter than 11,587 km. This result provides  

a useful engineering reference for determining the minimum 

cycle period in practical applications and for defining the 

minimum data-acquisition mileage during load collection. 

Overall, the results of the four representative DR-CDF 

groups show a consistent convergence pattern of the 

multidimensional recurrence metrics with increasing 

observation-window length. Although the convergence rates 

differ among user groups, all cases exhibit a clear tendency 

toward stabilization. The identified minimum cycle periods 

therefore provide a compact yet sufficiently representative 

observation horizon for subsequent sampling and baseline 

operating-condition construction. 

4.3. Establishment of baseline operating conditions for 

electric drive systems 

The number of sample segments was determined according to 

Equation (17) to construct the baseline operating conditions for 

the electric drive system. The KFCM clustering algorithm was 

then applied to cluster all operating-condition fragments, using 

as input a feature matrix composed of the damage-rate 

characteristics of each electric-drive component. During 

clustering, the fuzzy weighting exponent was set to 2, and the 

iteration termination threshold was set to 1×10−4. The Davies–

Bouldin (DB) index computed according to Equation (18) is 

shown in Fig. 11, from which the optimal clustering result was 

obtained with six clusters. 

 

Figure 11. Number of clusters evaluation metric. 

The cluster cloud diagram shown in Fig. 12 is used to 

illustrate the distribution of fragments across different 

categories after clustering. Owing to the high-dimensional 

feature mapping of the KFCM method, fragments within the 

same category are tightly concentrated, while clear separations 

are observed between categories. The mileage proportions for 

the six categories are 48.3%, 5.7%, 12.6%, 0.5%, 2.1% and 
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30.9%, respectively. These proportions are recommended as  

a reference for users when selecting category-specific 

operating-condition segments during the construction of 

baseline operating conditions. 

 

Figure 12. Two-dimensional cluster cloud diagram. 

Using the representative users corresponding to cumulative 

damage rates of 25%, 50%, 75%, and 95%, and following the 

constraints defined in Equation (21), the thresholds 𝛿1   0.01 

and 𝛿2   5% were adopted. A total of 10,000 sampling trials 

were carried out, with random sampling conducted 

independently within each user category. Consistency-testing 

methods were then employed to evaluate the selected operating-

condition fragments by assessing the consistency between the 

sampled and population datasets in terms of distribution, mean, 

and variance. 

The explicit consistency-test results are summarized in 

Table 2. For all four representative DR-CDF user groups, the p-

values of the K-S test, Z-test, and F-test are all greater than 0.05. 

Therefore, the null hypotheses are not rejected for any of the 

three tests, indicating that no statistically significant differences 

exist between the sampled datasets and the corresponding 

overall datasets in terms of distribution, mean, or variance. 

Table 2. Explicit consistency-test results for the four representative DR-CDF user groups. 

DR-CDF 

group 

K-S 

statistic 

K-S 

p-value 

Decision Z statistic Z 

p-value 

Decision F statistic F 

p-value 

Decision 

25% 0.0187 0.8929 Not rejected 0.3457 0.7296 Not rejected 1.0296 0.6822 Not rejected 

50% 0.0197 0.9197 Not rejected 0.8723 0.3824 Not rejected 0.9891 0.7534 Not rejected 
75% 0.0368 0.7891 Not rejected 1.2309 0.2185 Not rejected 1.0543 0.6262 Not rejected 

95% 0.0446 0.6993 Not rejected 1.5735 0.1150 Not rejected 0.9671 0.8164 Not rejected 

 

Figure 13. Distribution of overall user sample characteristics at 

50% DR-CDF. 

Because the distribution plots for different DR-CDF groups 

exhibit highly similar visual patterns, only the median case (50% 

DR-CDF) and the high-damage case (95% DR-CDF) are 

presented as representative examples in Figs. 13–16. Figs. 13 

and 14 show the overall and sampled speed–torque joint 

probability distributions, together with the corresponding speed 

and torque probability density distributions, for the 50% DR-

CDF case.  

 

Figure 14. Distribution of user sample characteristics at 50% 

DR-CDF. 

Similarly, Figs. 15 and 16 present the corresponding results 

for the 95% DR-CDF case. In both representative cases, the 
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sampled datasets reproduce the main characteristics of the 

overall operating-condition distributions with good agreement. 

 

Figure 15. Distribution of overall user sample 

characteristics at 95% DR-CDF. 

To provide a more direct comparison, the statistical 

characteristics of the overall datasets and the sampled datasets 

for the four representative DR-CDF groups are summarized in 

Table 3. As shown in Table 3, the sampled datasets closely 

match the overall datasets across all four representative groups. 

The differences in mean damage rate are all within 1%, and the 

damage-rate variances remain highly consistent between the 

overall and sampled datasets. In addition, the joint probability 

distribution errors are all lower than 0.001, indicating that the 

sampled datasets preserve the principal load-distribution 

characteristics of the original data with high fidelity. 

 

 

Figure 16. Distribution of user sample characteristics at 95% 

DR-CDF. 

Table 3. Comparison between the overall dataset and the sampled dataset for the four representative DR-CDF groups. 

DR-CDF 

group 

Number of 

fragments  

(overall / sampled) 

Time (h)  

(overall / 

sampled) 

Mileage (km)  

(overall / sampled) 

Mean damage rate  

(overall / sampled) 

Damage rate variance  

(overall / sampled) 

Joint probability 

distribution error 

25% 11637 / 6649 378 / 216 12124 / 6958 0.0217 / 0.0216 2.63E-04 / 2.82E-04 7.54E-06 
50% 4217 / 1813 185 / 79 6980 / 2999 0.0243 / 0.0242 1.20E-03 / 1.12E-03 4.42E-04 

75% 10334 / 4366 387 / 163 16090 / 6761 0.0192 / 0.0191 7.49E-04 / 7.16E-04 5.96E-05 

95% 6601 / 3900 210 / 126 9124 / 5499 0.0268 / 0.0267 1.71E-03 / 1.72E-03 1.69E-05 

Overall, the results of this section demonstrate that the 

baseline operating conditions constructed from the identified 

minimum cycle periods can preserve the principal statistical 

properties of the original large-scale operational data. The 

clustering analysis and consistency tests confirm that the 

proposed framework can effectively retain representative 

operating characteristics while substantially reducing data 

volume. This provides a feasible basis for reliability-oriented 

operating-condition reconstruction and subsequent engineering 

application of electric drive systems. 

5. Conclusion 

This study proposes a methodology for establishing baseline 

operating conditions of electric drive systems to support 

reliability assessment. The main findings are summarised as 

follows: 

(1) A variable sliding-window method was developed to 

segment multi-scale operating conditions of electric 

drive systems. This method enables the identification of 

trend behaviours in multidimensional evaluation metrics 

across different time scales by analysing variance 

coefficients and joint probability distribution errors in 

the time, frequency and damage domains. The proposed 

relative recurrence index effectively quantifies the 

minimum cycle period for each user. Statistical analysis 

of the cumulative distribution shows that 90% of users 

exhibit minimum cycle periods shorter than 11,587 km. 

(2) Considering the physical characteristics of multi-

component degradation in electric drive systems, the 

KFCM clustering method was applied to group operating 

conditions with similar degradation rates. The Davies–

Bouldin (DB) index identifies six as the optimal number 
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of clusters. After high-dimensional feature mapping, 

operating-condition segments within the same cluster 

become densely concentrated, while clear separations 

between clusters are achieved. 

(3) A methodology was developed to construct baseline 

operating conditions for electric drive systems based on 

minimum cycle period identification and category-based 

random sampling. By minimizing both the joint speed-

torque distribution error and the deviation in damage-

rate characteristics, the proposed method preserves the 

principal statistical characteristics of the original dataset. 

For the representative users considered in this study, the 

differences in damage-rate means between sampled and 

overall datasets remain within 1%, while the joint 

probability distribution errors remain below 0.001. In 

addition, the K-S, Z-test, and F-test results indicate that 

no statistically significant differences are observed 

between the sampled datasets and the corresponding 

overall datasets. 

In summary, the proposed framework provides a practical 

approach for extracting compact, representative, and reliability-

relevant baseline operating conditions from large-scale user 

operational data. However, the effects of threshold selection, 

fitting-model choice, rare-event representation, and cross-

platform generalization still require further study. Future work 

will therefore focus on strengthening the statistical foundation 

and extending the method to broader engineering scenarios.
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