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Abstract

Constructing the driving cycle of pure electric passenger vehicles (PEPVs) can provide a
comprehensive understanding of the operational characteristics, thereby offering funda-
mental support for the continuous improvement of their performance. This study utilized
the actual operational data of PEPVs to fully analyze and construct reliable drive cycles,
aiming to mitigate deviations between standard cycles and real-world conditions and
provide support for vehicle energy management and range assessment. First, the data
were preprocessed, divided into short operational segments, and characterized by selecting
typical feature values that sufficiently represent these segments. Second, principal com-
ponent analysis (PCA) was employed to reduce the dimensionality of the features of each
short segment, followed by clustering analysis using the k-means++ algorithm. Finally,
the driving cycles were constructed based on the information from the short, clustered
segments. Compared with the original data, the average relative error of the constructed
driving cycles is 3.35%, indicating that the constructed driving cycles can effectively reflect
the current operational characteristics of the PEPVs.

Keywords: electric vehicle; driving cycle; real-world operational data; principal component
analysis; K-means++ clustering

1. Introduction
Globally, accurately assessing vehicle energy consumption and emissions under real-

world road conditions has become a critical challenge in the low-carbon transformation
of the automotive industry. Although major markets worldwide have established stan-
dardized chassis dynamometer test cycles—such as the U.S. Federal Test Procedure (FTP),
the European Worldwide Harmonized Light Vehicle Test Procedure (WLTP), and China’s
China Light-Duty Vehicle Test Cycle for Passenger Cars (CLTC-P)—a substantial body of
research indicates significant discrepancies between laboratory certification results and
actual on-road driving data. This deviation is particularly pronounced for battery electric
vehicles (BEVs) as regenerative braking efficiency and auxiliary system energy consump-
tion are highly dependent on instantaneous speed–acceleration variations, which further
exacerbates drivers’ “range anxiety” [1]. Moreover, road conditions, traffic density, and
driving behaviors vary considerably across regions, making it difficult for a single standard
cycle to cover all real-world usage scenarios. Consequently, constructing representative
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driving cycles based on large-scale real-world driving data has become a research hotspot
in the international automotive engineering community.

A driving cycle is a standardized speed-time profile that describes a vehicle’s op-
erating state under different driving conditions, influenced by factors such as vehicle
speed, acceleration, road environment, traffic conditions, and driving behavior. It plays a
crucial role in studying fuel economy, emission characteristics, power performance, and
vehicle range [2]. Common driving cycles include urban, highway, and composite cycles;
additionally, transient cycles (frequent acceleration and deceleration in congested traffic),
steady-state cycles (constant-speed highway cruising), and special cycles (mountainous
driving, cold starts) are recognized [3].

To address the aforementioned challenges, scholars have conducted extensive
research along different technical paths, which can be categorized into two major
methodological streams:

(1) Micro-trip-based statistical clustering methods. This approach is widely adopted
due to its intuitiveness and efficiency, with the core lying in extracting typical speed
segments from massive datasets through feature extraction and unsupervised learning
algorithms. Among these, K-means and its variants are the most commonly used
clustering tools. For typical Chinese cities, Huang constructed differentiated urban
driving cycles for Chongqing based on BEV data, combining K-means++ clustering
with driving style recognition [4]. Wang et al. developed a high-precision TFG driving
cycle for Tianjin by integrating t-SNE with fuzzy C-means clustering [5]. However,
the conventional K-means algorithm is sensitive to initial cluster center selection
and prone to local optima. To overcome this limitation, Liang et al. proposed an
improved gray wolf optimized K-means (IGWO-K-means) algorithm, which was
applied to BEV operational data in Qingdao, achieving an average relative error of
only 2.31% [6]. Furthermore, Zhao et al. proposed a construction and optimization
method for representative actual driving cycles based on an improved autoencoder,
which automatically extracts high-dimensional features through deep neural networks
and significantly enhances the generalization capability of the constructed cycles [7].
Shi et al. combined unsupervised clustering with reinforcement learning to construct
a driving cycle for fuel cell light-duty trucks, achieving a joint speed–acceleration
distribution similarity of 0.99 with real-world data [8].

(2) Markov chain or dynamic programming-based stochastic process simulation methods.
This category emphasizes the temporal transition characteristics of speed sequences.
Cao et al. constructed a driving cycle with sound statistical properties using a big-data-
driven Markov chain approach [9]. For international contexts, Mafi et al. developed
a local driving cycle for Tehran, Iran, for precise vehicle CO2 emission monitoring,
revealing significant deviations between standard cycles and actual local driving
patterns [10]. Lee et al. proposed a driving characteristic analysis method based on
real-world driving data, effectively identifying speed–acceleration transition patterns
across different driving modes [11]. For rapid customized generation, Zhou et al. in-
troduced the DC-MPAM method, which extracts six categories of speed characteristic
parameters, adaptive classification parameters, and mutation parameters to rapidly
generate customized driving cycles, achieving prediction accuracy improvements of
2.24% to 8.93% over standard cycles [12].

Despite the considerable progress made by the aforementioned studies in construction
accuracy, one core deficiency remains commonly unaddressed: the lack of environmental
semantics—existing methods treat micro-trips as purely numerical sequences, failing to
establish an interpretable mapping between micro-trip characteristic parameters (e.g., idle
time proportion and speed standard deviation) and real-world road types. As a result, the
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constructed “typical cycles” can hardly be reversely interpreted to identify the traffic flow
state in which the vehicle actually operated.

It should be noted that most existing driving-cycle construction studies rely on addi-
tional auxiliary datasets including geographic information, road gradient, weather records
and driver profiles to obtain explicit road-environment labels. However, such multi-source
auxiliary data are not always accessible in practical telematics projects. Against this back-
ground, this work attempts to infer implicit operating-environment semantics merely from
onboard vehicle dynamic data, without introducing external ground-truth labels of road
type, traffic congestion, weather or driver characteristics. This brings practical value for
scenarios where multi-source geographic auxiliary information is missing.

China, as the world’s largest new energy vehicle market, is characterized by high
traffic density, diverse driving behaviors, and substantial topographic variation across its
cities. Although the national CLTC-P standard cycle has been implemented, evidence has
demonstrated considerable deviations when applied to specific cities such as Qingdao
Tianjin, and Chongqing [4–6]. The Tehran study further indicates that regional deviations
of standard cycles are a common global issue [10]. Xu revealed the important relationship
between driving cycles and vehicle energy consumption [13].

Therefore, exploring a cycle construction method that simultaneously maintains high
statistical accuracy and clearly delineates distinct operating environments within the con-
text of typical Chinese cities holds significant reference value for adaptive research across
diverse global traffic scenarios.

To address the aforementioned gaps, this study is grounded in real-world operational
data of battery electric passenger vehicles from a specific Chinese city and pursues the
following three objectives: (1) to systematically preprocess the operational data and extract
valid micro-trip segments; (2) to classify distinct real-world driving environments based on
the characteristic parameters of micro-trips and identify typical operating patterns; (3) to
construct a region-specific driving cycle and verify its accuracy, thereby providing reliable
support for energy management optimization and range assessment of electric vehicles.

2. Data Preprocessing
The data selected for this study was collected from a certain brand of PEPV. All four

test vehicles are household pure-electric four-door passenger sedans operated for private
daily commuting instead of commercial usage. These vehicles were mainly driven in
plain areas from November 2017 to August 2019 and were all household vehicles. The
investigated plain-land region features low-elevation terrain with negligible road gradient,
and its road network covers urban congested roads, urban arterial roads, suburban roads
and highways. The data sampling frequency was 1 Hz, with a total of 4 vehicles.

This study focuses on general driving-pattern characteristics rather than vehicle-
hardware-related performance. As previous studies have demonstrated the long-term
stability of driving behaviors and travel patterns, traffic patterns and user driving behaviors
within the investigated plain regions have not undergone fundamental changes, so the
dataset remains representative [14–16].

The field records during vehicle driving include data collection time, vehicle status
monitoring fields, core dynamic driving parameter sets, and battery cell-level data, etc. The
main information is presented in Table 1 below.

During data collection, influenced by factors such as the external environment, insuffi-
cient sensor accuracy, and signal interference, the collected raw data may contain noise,
missing data, or outliers. Therefore, to ensure the focus of the analysis and the accuracy of
the data, the data were cleaned and analyzed [17].
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Table 1. Main signal fields.

Signal Description Unit

Time T-Box system timestamp s
Speed Vehicle speed km/h

vehOdo Total mileage km
BMSChargeStatus BMS charging state —

BMSBatteryVoltage Total pack voltage V
BMSBatteryCurrent Pack current A
vehBMSPackSOC Pack state of charge %

insulationResistance Insulation resistance Ω

2.1. Data Preparation

(1) The data were sorted chronologically, and duplicate data with identical time, voltage,
and current labels were removed.

(2) According to the logical relationship between fields and vehicle status, during charg-
ing, the SOC value should gradually increase, and the current shows negative changes;
when the vehicle is parked, there is prolonged vehicle speed (exceeding 180 s), being
0, and the accumulated mileage remains unchanged. These two types of data are not
relevant to vehicle operating environment analysis and driving cycle construction.
Therefore, these two types of data were deleted.

(3) The data were divided into various driving segments based on battery SOC change
characteristics and time jump values. The vehicle charging times and the start times
of driving segments were determined based on SOC change patterns. Addition-
ally, for segments with large time jumps (time jump interval greater than 140 s),
the vehicle entering the next driving segment from the jump time was considered,
using both methods to determine driving segments. Based on the separation of
charging and discharging data, the vehicle discharge situation was segmented as
shown in Figure 1 [18].

 

Figure 1. Discharge segment division.

2.2. Outlier Detection and Interpolation Processing

When the onboard data terminal dynamically acquires vehicle operating parameters,
systematic deviations and hidden abnormal data can easily occur due to sensor failure,
signal interference, data transmission errors, etc. The presence of these abnormal data may
significantly impact the accuracy of vehicle cycle and energy consumption analysis, such
as causing overestimation or underestimation of energy consumption, or deviations in
extracting cycle characteristics. This study used the boxplot method to identify and process
these abnormal data [19].
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The definitions of the boxplot upper edge XU and lower edge XL are shown in formu-
las (1) and (2), where QU is the upper quartile, and QL is the lower quartile:

XU = QU + 1.5I (1)

XL = QL − 1.5I (2)

After screening the operational data of electric vehicles for outliers, the outliers are
replaced with None. Since data during vehicle driving is crucial for cycle and energy
consumption analysis, abnormal data cannot simply be deleted; instead, the abnormal data
is filled. For abnormal data filling, this study used linear interpolation.

2.3. Data Smoothing Processing

To mitigate random fluctuations in vehicle speed data caused by high-frequency
measurement noise from sensors, a smoothing filtering method based on local weighted
kernel regression was applied to the raw speed sequences. Specifically, the Epanech-
nikov parabolic kernel function was adopted as the weight assignment criterion, which is
defined as

K(u) = 0.75
(︂

1 − u2
)︂
|u| < 1 (3)

The half-window width was set to h = 4, meaning that the sliding window encom-
passed the target point along with its four preceding and four succeeding consecutive
sampling points, totaling nine points. For each neighboring point within the window, the
kernel weight was first computed based on its normalized distance to the target point; all
kernel weights within the window were then normalized to ensure they summed to unity,
and the final filtered output for the target point was obtained as the weighted average of
the measured speeds in the window. The filtering effect is shown in Figure 2.

Figure 2. Filtering effect comparison chart.

3. Vehicle Operating Data Analysis
3.1. Micro-Trip Division

Vehicle motion can be seen as a long-term motion composed of numerous short motion
segments. Each short segment includes four states: acceleration, deceleration, idle, and
constant speed. The definitions of each state are shown in Table 2.

In this paper, a vehicle operation micro-trip is defined as starting from an idle state
with a vehicle speed of 0, undergoing a series of speed changes, and entering a state with a
vehicle speed of 0 again. A schematic diagram of a vehicle operation micro-trip is shown
in Figure 3.
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Table 2. State definition table.

State Speed (m/s) Acceleration (m/s2)

Acceleration — ≥0.15
Deceleration — ≤0.15

Idle <0.5 >−0.15 and <0.15
Constant Speed ≥0.5 >−0.15 and <0.15

Figure 3. Schematic diagram of a driving micro-trip.

Acceleration was calculated from the vehicle speed using the time-difference method.
The speed and the derived acceleration data were then used to identify and divide different
driving states of the vehicle. Micro-trips containing idle states exceeding 180 s and micro-
trips with excessively short duration were regarded as erroneous micro-trips and removed.
A total of 6371 micro-trips were extracted.

3.2. Feature Parameter Construction

To comprehensively characterize the actual driving environment of electric vehicles,
16 feature parameters were selected for comprehensive evaluation in this study. These
parameters were determined by referring to mature feature-selection strategies in existing
driving cycle studies and combining the practical driving characteristics of household pure-
electric vehicles in plain areas. All these features were calculated from vehicle speed, time,
acceleration and vehicle operating-state data. Although several speed-related indicators,
including average speed, running speed, maximum speed, and speed standard deviation,
present statistical correlation, all features are retained completely. This strategy preserves
all valid driving-characteristic information contained in the original data and avoids the
loss of potential key features caused by manual screening. The selected indicators are
shown in Table 3.

Table 3. Feature parameters of micro-trip segments.

Symbol Definition Unit

L Travel Distance m
s Travel Time s

Va Average Speed m/s
Vstd Standard Deviation of Speed m/s
Vmax Maximum Speed m/s
amax Maximum Acceleration m/s2

amin Minimum Acceleration m/s2

Vc Average Running Speed m/s
Vc-std Standard Deviation of Running Speed m/s
ahstd Standard Deviation of Acceleration m/s2
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Table 3. Cont.

Symbol Definition Unit

ahave Average Acceleration m/s2

adave Average Deceleration m/s2

Pa Percentage of Acceleration Time %
Ps Percentage of Deceleration Time %
Pc Percentage of Constant Speed Time %
Pi Percentage of Idling Time %

3.3. Principal Component Analysis
3.3.1. Principle of Principal Component Analysis

Principal component analysis is a commonly used data dimensionality reduction
technique [20]. Its mathematical essence lies in constructing orthogonal linear mapping
functions, mapping high-dimensional data to a low-dimensional space through linear
transformation while preserving the main features of the data as much as possible. The
principle is as follows: suppose the original observation dataset contains p-dimensional
feature vectors and has a total of n driving segments, then an n × p dimensional driving
cycle feature matrix can be formed, as shown in formula (4):

X =

⎡⎢⎢⎢⎢⎣
x11 x12 · · · x1p

x21 x22 · · · x2p
...

...
. . .

...
xn1 xn2 · · · xnp

⎤⎥⎥⎥⎥⎦ =
(︁
x1, x2, · · · xp

)︁
(4)

Principal component analysis reduces the p dimensional data to m-dimensional data
Z:{z1, z2, . . ., zm}. The new variables fully reflect the main information of the original data
according to the principle of retaining the main information content. In this way, the data
dimension can be reduced while maximizing the retention of data variance.

The steps of principal component analysis are as follows:

(1) Calculate the mean and standard deviation of the original data, and standardize the
original data to reduce the influence of variable units:

˜︁Xik =
Xik−Xk

Sk
(i = 1, 2, . . . , n; k = 1, 2, . . . p)

Sk =
1

n−1 ∑
(︁
Xik − Xk

)︁2 (5)

In the formula, Xk is the mean of the k-th feature value, and Sk is the standard deviation
of the k-th feature.

(2) Calculate the correlation matrix R of the standardized data:

R =

⎡⎢⎢⎢⎢⎣
r11 r12 · · · r1p

r21 r22 · · · r2p
...

...
. . .

...
rp1 rp2 · · · rpp

⎤⎥⎥⎥⎥⎦ (6)

In the formula, rij is the correlation coefficient between the i-th feature and the j-th
feature, calculated as

rij =
1

n − 1

n

∑
k=1

XkiXkj (7)
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(3) Calculate the eigenvalues and eigenvectors of the correlation matrix R: Arrange the
obtained eigenvalues in descending order λ1 ≥ λ2 ≥ . . . ≥ λp ≥ 0. Each eigenvector is
a unit vector: ⎧⎪⎨⎪⎩

y1 = l11˜︁x1 + l12˜︁x2 + · · ·+ l1p˜︁xp

y2 = l21˜︁x1 + l22˜︁x2 + · · ·+ l2p˜︁xp

ym = lm1˜︁x1 + lm2˜︁x2 + · · ·+ lmp˜︁xp

(8)

(4) Calculate the contribution rate bi of each principal component and the cumulative
contribution rate αp:

bi =
λi

p
∑

k=1
λk

(i = 1, 2, . . . , p)

αp =

i
∑

k=1
λi

p
∑

k=1
λk

(i = 1, 2, . . . , p)

(9)

(5) Select principal components: During the dimensionality reduction process, it is usually
necessary to balance the need for information retention and dimension compression.
The number of retained principal components depends on the proportion of the cumu-
lative variance they represent to the total variance. Generally, principal components
with a cumulative variance contribution rate of over 80% are selected.

3.3.2. Principal Component Analysis Results

The method of principal component analysis was used to conduct an in-depth analysis
of the 16 indicators extracted from the vehicle driving data. First, the data was standardized,
and then the variance contribution rate and cumulative variance contribution rate of each
principal component were calculated. The specific calculation results are shown in Table 4,
and the principal component variance contribution rate and scree plot are shown in Figure 4.

Table 4. Micro-trip principal component information.

Principal Component (PC) Variance Variance Contribution Rate Cumulative Variance Contribution Rate

1 8.52 53.25 53.25
2 3.46 21.63 74.88
3 1.02 6.36 81.25
4 0.86 5.37 86.62
5 0.70 4.39 91.00
6 0.66 4.10 95.11
7 0.23 1.46 96.57
8 0.20 1.23 97.80
9 0.14 0.87 98.67

10 0.07 0.43 99.09
11 0.05 0.33 99.43
12 0.04 0.24 99.67
13 0.03 0.19 99.86
14 0.02 0.11 99.97
15 0.00 0.03 100.00
16 0.00 0.00 100.00

From Table 4, it can be seen that the variances of the first three principal components are
all greater than 1, and the cumulative variance contribution rate reaches 81.25%, containing
the vast majority of information from the 16 feature values. Therefore, the first three
principal components were extracted to represent the original feature parameters. Table 4
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shows the load correlation distribution between the three selected principal components
and the feature parameters.

Figure 4. Principal component variance contribution rate and scree plot.

From Table 5, it can be seen that the features with greater influence in the first princi-
pal component are maximum speed, speed standard deviation, running speed standard
deviation, running speed, and average speed; the most influential in the second principal
component are idle time proportion, travel time, and travel distance; the most influential in
the third principal component is constant speed time proportion.

Table 5. Feature parameter factor loading matrix table.

Characteristic Parameter PC1 PC2 PC3

Travel Distance (m) 0.383 0.774 0.046
Travel Time (s) 0.309 0.803 0.049

Average Speed (m/s) 0.833 0.446 −0.049
Standard Deviation of Speed (m/s) 0.894 −0.004 0.255

Maximum Speed (m/s) 0.928 0.262 0.129
Maximum Acceleration (m/s2) 0.805 −0.144 0.040
Minimum Acceleration (m/s2) −0.817 0.031 −0.234
Average Running Speed (m/s) 0.875 0.336 0.115

Standard Deviation of Running Speed (m/s) 0.895 0.004 0.205
Standard Deviation of Acceleration (m/s2) 0.815 −0.519 −0.057

Average Acceleration (m/s2) 0.661 −0.442 −0.009
Average Deceleration (m/s2) −0.737 0.339 −0.220

Percentage of Acceleration Time (%) 0.720 −0.453 −0.308
Percentage of Deceleration Time (%) 0.645 −0.472 −0.479

Percentage of Idling Time (%) −0.678 −0.344 0.605
Percentage of Constant Speed Time (%) 0.063 0.830 −0.276

3.4. Cluster Analysis

In data analysis, clustering is a common unsupervised learning method used to group
similar objects into the same category. It can automatically partition data objects into
multiple categories or clusters by mining the internal structure and patterns of the data
without prior knowledge or label information. Objects within a cluster have high similarity,
while objects between clusters show significant differences. The clustering method used in
the study is k-means++ clustering.

3.4.1. Clustering Principle and Process

K-means clustering is an iterative optimization algorithm aimed at partitioning n
objects in a dataset into k clusters, minimizing the sum of distances from each object to
its belonging cluster center, using Euclidean distance as the measure [21]. The K-means
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clustering algorithm continuously adjusts the cluster centers to make objects within the
same cluster tighter and objects between different clusters more dispersed. K-means++ is an
improved version that optimizes the selection of initial cluster centers, improves clustering
quality, reduces the impact of randomness, speeds up convergence, and reduces the risk of
falling into local optima [22]. The execution of the K-means++ algorithm typically includes
the following steps:

(1) Initialization

A. Initial center selection: First, a sample point is randomly selected from the
dataset as the first cluster center.

B. Determination of subsequent cluster centers: For each sample not yet selected,
its minimum distance to all currently selected cluster centers is calculated. Let
the minimum distance from data point Xi to the selected cluster centers be D(xi).
The next center point is selected according to a probability distribution where
the probability of each point being selected is proportional to the square of its
minimum distance, as shown in Formula (10):

P(xi) =
D(xi)

2

∑j D(xi)
2 (10)

In the formula, D(xi) is the distance from the data point to the selected cluster
centers, and P(xi) is the probability. The larger P(xi), the greater the probability
that the point is selected as a cluster center.

C. Step 2 is repeated until k cluster centers are selected.

(2) Assignment

Each data point is assigned to the nearest cluster center based on the selected cluster
centers. Euclidean distance is used as the distance measure between each data point and the
cluster centers, and the data point is assigned to the nearest cluster center. The Euclidean
distance calculation formula is shown in (11):

dist(x, ci) =

⌜⃓⃓⎷ d

∑
j=1

(︁
xj − cij

)︁2

(11)

In the formula, x is the data point, ci is the i-th cluster center, d is the data dimension,
and xj and cij are the values of x and ci on the j-th dimension, respectively.

(3) Update

The center of each cluster is updated and recalculated. The new cluster center is the
mean of all data in that cluster, calculated as follows:

ci =
1
|Si| ∑

x∈Si

x (12)

In the formula, Si is the set of data points for the i-th cluster, and |Si| is the number of
data points in that set.

(4) Iteration

The assignment is repeated and steps updated until the termination condition is met.
The termination condition is that the cluster centers no longer change significantly.
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3.4.2. Cluster Result Analysis

The number of clusters is an important factor affecting the clustering results. To ensure
the rationality of the number of clusters, the study used the elbow method and the Davies–
Bouldin (DB) Index method to jointly determine it. The elbow method can intuitively and
qualitatively show the optimal number of clusters, while the DB index can be applied
to clusters of different shapes, has high clustering quality, strong adaptability, and can
quantitatively show the optimal number of clusters [23,24]. The details are as follows:

(1) Elbow method: As the number of clusters k increases, the sample division becomes
more refined, and the sum of squared errors (SSE) within each category gradually
decreases. However, the decrease in SSE is not linear. After k increases to a certain
extent, the rate of decrease in SSE gradually becomes smaller and tends to stabilize.
This “bend” or “inflection point” is the elbow point. The elbow point indicates the
number of clusters. The elbow method analysis is shown in Figure 5 [25].

SSEi =
k

∑
i=1

ci

∑
j=1

⃓⃓
cij − ci

⃓⃓2 (13)

In the formula, cij is the j-th sample of the i-th class, and the latter is the mean of the
samples of the i-th class.

(2) DB method: The DB method is a standardized method used to evaluate clustering
quality, based on an internal evaluation index of within-cluster distance and between-
cluster distance. A smaller value indicates better clustering effect. The DB method
can handle clusters of different sizes and densities well and has strong robustness to
noise and outliers [26]. It is suitable for evaluating clustering results with different
numbers of clusters. The DB method analysis is shown in Figure 6.

DB =
avg(si)− avg

(︁
sj
)︁

d(C, D)
(14)

In the formula, Si and Sj are the distances from the data samples in class C and class D
to their respective cluster centers. d(C, D) is the distance between the center points of
class C and class D. The maximum value of all DB analyses was taken to obtain the
final value.

Figure 5. Elbow method analysis for number of clusters.

From the elbow method analysis, it can be seen that when k < 4, the SSE decreases
rapidly, and after k > 4, the rate of decrease in SSE tends to flatten, with the inflection
point at 4, so 4 classes should be selected. Meanwhile, the analysis from the DB coefficient
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in Figure 6 shows that when the number of clusters is 4, the DB coefficient reaches the
minimum value, so 4 classes should be selected. Considering both, k = 4 was finally selected
as the optimal number of clusters.

Figure 6. DB method analysis for number of clusters.

The results of the 4 clusters were plotted and are shown in Figure 7.

Figure 7. Micro-trip cluster chart.

In Figure 7, different colors represent different cycles. Analysis of the figure shows that
the micro-trips are well classified, with significant differences between clusters, indicating
a good clustering effect [27]. To more specifically show the characteristics of each cluster,
the 16 features for each cluster are displayed in Table 6, which shows the mean values of
the feature values for each type of cycle after clustering.

Table 6. Mean feature parameters for each cluster.

Characteristic Parameters Category 1 Category 2 Category 3 Category 4

Travel Distance (m) 103.37 869.53 2332.09 7540.92
Travel Time (s) 119.58 195.01 268.66 786.35

Average Speed (m/s) 0.78 4.04 8.12 9.31
Standard Deviation of Speed (m/s) 0.75 3.20 5.16 4.21

Maximum Speed (m/s) 2.46 9.75 15.97 15.89
Maximum Acceleration (m/s2) 0.18 0.53 0.72 0.58
Minimum Acceleration (m/s2) −0.18 −0.59 −0.92 −0.75
Average Running Speed (m/s) 1.17 5.19 9.41 9.86

Standard Deviation of Running Speed (m/s) 0.72 2.84 4.49 3.73
Standard Deviation of Acceleration (m/s2) 0.08 0.24 0.35 0.21

Average Acceleration (m/s2) 0.13 0.34 0.38 0.29
Average Deceleration (m/s2) −0.13 −0.37 −0.47 −0.34
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Table 6. Cont.

Characteristic Parameters Category 1 Category 2 Category 3 Category 4

Percentage of Acceleration Time (%) 5.78 21.93 30.46 17.52
Percentage of Deceleration Time (%) 5.31 20.67 25.49 15.50

Percentage of Idling Time (%) 56.58 26.29 15.35 6.52
Percentage of Constant Speed Time (%) 32.32 31.11 28.70 60.46

3.5. Operating Environment Analysis

From Table 6, it can be seen that under Category 1 cycle conditions, denoted as
the congested-urban condition, the travel mileage is low, the running time is short, the
vehicle’s average speed is the lowest, and the idle time proportion is the highest, while the
acceleration and deceleration time proportions are very small. This indicates that the vehicle
may be on urban roads or in congested conditions. Under Category 2 cycle conditions,
denoted as the urban-arterial condition, the speed, mileage, and velocity increase, and both
the acceleration and deceleration time proportions significantly improve, while the idle
state time greatly decreases, with little stagnation, indicating relatively smooth operation.
This suggests that this cycle represents medium-speed driving, possibly corresponding to
suburban roads, ring roads, or relatively unimpeded urban arterial roads.

Category 3 represents a medium-high speed driving mode, denoted as the suburban
condition, where speed and mileage are both higher than in Category 2, and the idle state
further decreases. Category 4 represents high-speed driving conditions, denoted as the
high-speed condition. In this category, the idle proportion is the smallest, the constant
speed proportion is the largest, and both speed and mileage are the highest, indicating
that this cycle likely involves driving on highways or roads with sparse traffic. The speed
curves of the four types of cycles are shown in Figure 8.

  
(a) Category 1 Operating Environment (b) Category 2 Operating Environment 

  
(c) Category 3 Operating Environment (d) Category 4 Operating Environment 

Figure 8. Different categories of operating environments.
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4. Driving Cycle Construction
4.1. Cycle Construction

From the clustering algorithm used in the study, it is known that the closer each
micro-trip segment is to its cluster center, the more it can represent the characteristics
of that type of cycle. Referring to domestic and international cycle construction tests,
cycle construction is generally around 1800 s. The study aims for this duration for cycle
construction. Therefore, the following steps were used to screen micro-trip segments and
complete the cycle construction:

(1) The various short segments for the 4 cycle categories were sorted based on their
distance to the corresponding cluster center.

(2) The total duration of each of the 4 cycle categories was calculated to determine
their respective proportions, thereby obtaining the time for each cycle type in the
typical cycle.

(3) Based on the ideal time for each cycle, the micro-trip segments were screened within
their respective types that met the duration requirement.

(4) The cycle segments were spliced.

According to the above-mentioned conditions, to construct an ideal driving cycle of
1800 s, the target total durations allocated to the four types of driving cycles under ideal
conditions are as follows: low-speed cycle 80 s (4.44%), medium-speed cycle 339 s (18.83%),
medium-high-speed cycle 463 s (25.72%), and high-speed cycle 917 s (50.94%).

However, limited candidate micro-trips are close to each cluster center, and their actual
durations cannot fully match the target durations. Therefore, for the selection of micro-trips
for each cluster, the micro-trip duration was constrained so as to not exceed the ideal target
duration on the premise of selecting segments according to their distances to the cluster center.

The finally selected micro-trips are shown in Table 7.
For the medium-high-speed category, the top-6 candidate micro-trips ranked by dis-

tance exceeded the ideal target duration; thus, the 7th-ranked segment satisfying the
duration constraint was selected. Finally, a driving cycle for pure-electric passenger ve-
hicles was constructed, with a total duration of 1986 s, a maximum speed of 64.80 km/h
and a travel distance of 16.67 km. The schematic diagram of the spliced driving cycle is
presented in Figure 9.

 
(a) Speed (b) Acceleration 

Figure 9. The constructed driving cycle.

Table 7. Micro-trip segment information.

Cycle Type Segment Category Segment
ID

Distance to
Cluster Center

Distance-
Based Rank

Segment
Duration (s)

Low-speed cycle congested-urban condition 3268 0.22 1 101
Medium-speed cycle urban-arterial condition 3477 0.20 1 211
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Table 7. Cont.

Cycle Type Segment Category Segment
ID

Distance to
Cluster Center

Distance-
Based Rank

Segment
Duration (s)

Medium-speed cycle urban-arterial condition 3407 0.25 2 191
Medium-high-speed cycle suburban condition 2548 0.26 7 381

High-speed cycle high-speed condition 1661 0.15 1 641
High-speed cycle high-speed condition 398 0.19 2 461

4.2. Cycle Comparison

The accuracy of the constructed driving cycle needs to be compared with the state of
the original data to ensure its representativeness.

The study selected 10 commonly used indicators to compare the typical cycle with the
original data, thereby ensuring the completeness and representativeness of the typical cycle
in various aspects. The relative error was adopted to quantify the discrepancy between the
two, and its formula is presented as follows:

RE =
xi − yi

yi
× 100% (15)

In the formula, xi denotes each state-related indicator of the constructed driving cycle,
and yi represents each corresponding indicator of the reference driving-cycle dataset.

The comparison information is shown in Table 8 below.

Table 8. Comparison of cycle characteristic parameters.

Characteristic Parameters Driving Cycle Raw Data Relative Error

Average Speed (m/s) 8.39 7.99 5.00%
Standard Deviation of Speed (m/s) 5.37 5.39 −0.44%

Average Running Speed (m/s) 9.50 8.99 5.78%
Standard Deviation of Acceleration (m/s2) 0.24 0.25 −3.32%

Average Acceleration (m/s2) 0.30 0.32 −6.44%
Average Deceleration (m/s2) −0.38 −0.37 1.83%

Percentage of Acceleration Time (%) 21.06 20.48 2.81%
Percentage of Deceleration Time (%) 17.28 17.94 −3.71%

Percentage of Idling Time (%) 13.15 13.57 −3.11%
Percentage of Constant Speed Time (%) 48.51 48.00 1.07%

Analysis of Table 8 shows that the relative errors between the constructed driving cycle
and the original vehicle driving data for the 10 commonly used indicators are all small,
mostly below 5.00%. Among them, acceleration proportion, deceleration proportion, idle
proportion, and constant speed proportion are important parameters showing the vehicle
operating state. The relative errors of these four items are all within 4.00%, indicating the
reasonableness of the operating state of the constructed cycle.

To more comprehensively measure the difference between the driving cycle and the
real cycle, the average value of the absolute values of the relative errors of the 10 indicators
was calculated to be 3.35%, which is a small error, indicating that the constructed cycle can
accurately reflect the driving cycle of pure electric passenger vehicles.

5. Discussion
This study implements a typical driving-cycle construction workflow combining

real-world operational data, PCA dimensionality reduction and K-means++ clustering.
Although PCA and K-means++ are well-established algorithms, the added value of this
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work lies not in the invention of new clustering tools. Instead, this study further inter-
prets each clustered micro-trip group against real-world traffic conditions, distinguishing
congested urban, arterial-road, suburban and highway driving scenarios. Different from
most existing studies that only output speed-time sequences, this work links micro-trip
statistical features with practical road-traffic environments, which provides clearer physical
interpretation for the obtained driving-cycle segments.

Comparisons between the constructed cycle and international typical certification driv-
ing cycles are summarized in Table 9. Noticeable parameter gaps exist between standard
certification cycles and the regional cycle proposed herein. As generalized nationwide or
global type-approval tools, CLTC-P, NEDC, and WLTC are designed to cover broad traffic
scenarios and cannot fully capture local usage patterns of household PEPVs in plain-area
regions of China. In contrast, the present cycle reflects statistical characteristics derived
from local real-world vehicle telematics data, exhibiting distinct proportions of idle, acceler-
ation, deceleration, and constant-speed phases. These discrepancies underline the necessity
of building region-specific driving cycles for local-targeted energy-consumption simulation
and driving-range evaluation.

Table 9. Comparison with international typical certification driving cycles.

Characteristic Indicators
Constructed

Driving
Cycle

CLTC-
P

Relative
Error vs.
CLTC-P

NEDC
Relative
Error vs.
NEDC

WLTC
Relative
Error vs.
WLTC

Average speed (km/h) 30.20 28.96 4.30% 33.6 −10.11% 46.4 −34.91%
Running speed (km/h) 34.2 37.18 −8.02% 43.5 −21.38% 53.2 −35.71%

Mean acceleration (m/s2) 0.3 0.45 −33.33% 0.53 −43.40% 0.53 −43.40%
Mean deceleration (m/s2) −0.38 −0.49 −22.45% −0.75 −49.33% −0.58 −34.48%

Acceleration time proportion (%) 21.06 28.61 −26.39% 23.2 −9.22% 30.9 −31.84%
Deceleration time proportion (%) 17.28 26.44 −34.64% 16.6 4.10% 28.6 −39.58%

Idle time proportion (%) 13.15 22.11 −40.52% 22.6 −41.81% 12.7 3.54%
Constant-speed time proportion (%) 48.51 22.83 112.48% 37.5 29.36% 27.8 74.50%

Driving-cycle characteristics exert direct impacts on electric-vehicle energy-consumption
assessment. Higher idle fractions and frequent acceleration-deceleration events tend to raise
simulated energy consumption, whereas prolonged constant-speed segments reduce transient
power demands. Mismatch between driving-cycle parameters and real-world statistical
distributions introduces bias in energy-consumption and driving-range estimation. Therefore,
the representative regional driving cycle constructed in this work can mitigate such bias for
vehicle simulation and energy-management strategy evaluation.

Further cross-comparison against previously published regional driving cycles for
Chinese cities is provided in Table 10.

Table 10. Comparison with typical driving cycles of Chinese cities.

Characteristic Indicators Constructed
Driving Cycle Chongqing Tianjin Qingdao

Average speed (km/h) 30.20 16.22 23.57 20.51
Running speed (km/h) 34.2 22.55 31.03 29.8

Mean acceleration (m/s2) 0.3 0.62 0.86 0.66
Mean deceleration (m/s2) −0.38 −0.66 −0.89 −0.65

Acceleration time proportion (%) 21.06 27.78 30.72 23.88
Deceleration time proportion (%) 17.28 27.08 30.00 24.12

Idle time proportion (%) 13.15 28.54 22.89 31.17
Constant-speed time

proportion (%) 48.51 16.62 16.39 20.84
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Marked inter-study differences can be observed across these city-specific cycles. The
mountain-city cycle for Chongqing shows low average speed and substantially elevated
idle-time fraction, reflecting frequent stop-and-go traffic induced by complex terrain. Cy-
cles from Tianjin and Qingdao exhibit moderate average speed and high idle proportions
under coastal-urban traffic conditions. By comparison, our plain-area dataset yields dis-
tinctly higher constant-speed fractions and lower idle ratios. These divergences further
demonstrate that geography and local traffic patterns strongly shape driving-cycle statistics,
reinforcing the necessity of developing region-adapted driving cycles for PEPV research.

This work targets vehicle-level simulation and energy-management strategy develop-
ment for automotive engineering applications, rather than providing analytical tools for
public-policy formulation. Several limitations should also be acknowledged. The dataset
only covers household electric vehicles operating in plain regions. Direct ground-truth
information, including road type, traffic-congestion level, weather conditions, driver char-
acteristics and precise city-level geographic coordinates, is unavailable from the telematics
dataset. Accordingly, the operating-environment categories in this study were statisti-
cally inferred from micro-trip features instead of real-world GIS labels. Road-gradient
information is also not involved in feature extraction. Future research can incorporate road-
slope parameters, multi-source geographic and meteorological data, and expand datasets
covering diversified geographic conditions to further generalize the proposed method.

6. Conclusions
To improve the performance evaluation of electric vehicles, such as in the fields of

range prediction, fatigue simulation, and software/hardware parameter tuning, this paper,
targeting data from ordinary household PEPV driving in plain areas, studied four typical
vehicle operating environments combined with the micro-trip method and constructed a
driving cycle. The main conclusions are as follows:

The operating modes of PEPVs are mainly divided into four categories: In the first
type of cycle mode, the vehicle speed is low, and the idle proportion is large, representing
congested road conditions. In the second type of cycle mode, the vehicle speed increases
slightly, the idle proportion decreases, and the acceleration/deceleration proportions in-
crease, mostly representing urban arterial road conditions. In the third mode, the vehicle
speed further increases, and traffic is relatively smooth, representing typical suburban
conditions. In the fourth type of cycle mode, the vehicle speed is the highest, with little
low-speed stagnation, and the constant speed state occupies the majority, representing
typical highway conditions.

By comparing the driving cycle with the original data, the comprehensive average
error is 3.35%, indicating that the typical cycle can largely reproduce the actual driving
characteristics of pure electric passenger vehicles, accurately reflect the vehicle’s operating
state in daily complex traffic environments, and ensure its application accuracy in vehicle
performance evaluation and other aspects.

The constructed driving cycle not only reflects the four operating modes of the vehicle
but also has high construction accuracy, which can provide an effective reference for
improving the economy of electric vehicles.
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