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Abstract. With the increasing trend of battery electric vehicles, it is no longer appropriate to use the traditional fuel vehicle’ s
driving cycle for battery electric vehicle driving cycle research. In order to obtain the driving cycle of the battery electric vehicle
and compare it with the traditional driving cycle from a data perspective, the driving data of the battery electric vehicle in the
Chongqing area was analyzed. The proprietary big data platform provided whole vehicle and battery data, and the short-stroke
method was used to identify the kinematic fragments. Then, the kinematic fragments’ feature is constructed using the correlation
method of feature engineering. The dimension of high-dimensional feature data is reduced through principal component analysis
and the feature weight is calculated to eliminate the influence of feature correlation. Next, the K-means++ clustering method is
used to partition the structure of the driving speed and battery current curves, and thus to construct four types of working condi-
tions: low speed, medium speed, medium-high speed, and high speed. Moreover, the most suitable short-time working condi-
tions are selected by sorting the distance of each working condition from the cluster center as the origin. The weight of the data
set is determined by the ratio of the total duration of the data set to the total duration of the data set. Through error analysis, the
characteristic deviation error of the smallest curve is selected as a representative of the working condition to determine the repre-
sentative of the vehicle and battery working conditions. Finally, the reliability of the battery electric vehicle operating curve in a
mountainous environment is demonstrated by comparing international and domestic typical operating conditions. The results indi-
cate that in mountainous environments, pure electric vehicles exhibit shorter constant speed driving times, longer idling times,
greater deceleration, and a smaller proportion of deceleration time compared to non-mountainous environments. Additionally,
battery discharge efficiency is higher, and the vehicle speed is maintained at a moderate level.
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. driving cycle in China is also becoming more and more
0 Introduction ] )
obvious. In response to this problem, a large number of

Vehicle driving cycle is the description of the veloc- scholars have carried out a lot of research in combination

ity-time relationship in the process of vehicle driving''’.
The study of vehicle driving cycle in different regions can
reflect the impact of different landforms, environments
and cities on vehicle driving.

In the early research of China’s driving cycle, New
European Driving Cycle (NEDC) was introduced to ana-

lyze and certify China’ s automobiles'?'.

As the number
of cars in China continues to increase, the impact of Chi-
na’ s diverse geographical environment and vehicle mod-
els on vehicle driving is becoming more and more obvi-

ous, and the deviation of NEDC from the description of

with different geographical environments and vehicle
models, and introduced new driving cycles.

CAI E et al. constructed the vehicle driving cycle in
Xi’ an based on the vehicle data in Xi”an"* ; XU Ting et
al. collected the test vehicle data of the G318 Sichuan-
Tibet Highway, and used the Markov chain method to
construct the driving cycle of passenger vehicles in plat-
eau mountainous areas '’ ; Sun Jun et al. used the public
transport data in Hefei to cluster and constructed electric
bus driving cycle”’; LIU Yu et al. collected passenger

vehicle data in 41 cities, and used weighted combination
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to construct the China passenger vehicle driving cycle'®
as an important part of the “ China working condi-
tion”"”); TONG added vehicle power characteristics
when developing the Hong Kong electric bus driving cy-
cle'™; HU Zheng-yun used segment division and Monte
Carlo simulation optimization methods to construct. The
high-precision passenger car driving cycle in Xi’an'’’;
WANG Wen-qi used the sliding window method to idling
the motion segments, divided into three optimal segment
types, and constructed the driving cycle!' ; HU Zhi-
yuan et al. used 10 vehicles Based on the driving data of
12 consecutive months, the driving cycle based on a
large sample of passenger car in Shanghai is construc-
ted"".

According to data from the China Automobile Asso-
ciation, the national production and sales of new energy
vehicles in China in 2019 and 2020 are both above 1 mil-
lion, and it is expected to reach 2. 8 million in 2026' "'
With the development of new energy vehicles, the signifi-
cance of developing new energy vehicle driving cycles is
becoming increasingly important. YU Man et al. used a
semi-supervised learning method combining mean cluste-
ring and SVM to construct the Xi’ an electric vehicle
driving cycle'™ ; QUE Hai-xia et al. used a variety of
methods to develop driving cycle of electric vehicles in

. (14
Xi’an'™

; LI Yao-hua et al. classified Xi’ an electric

city buses, and analyzed three typical driving cycles' ™’ ;
XU Xiao-jun found that there are obvious differences in
the cycles by comparing the driving cycles of electric ve-
hicles and traditional vehicles respectively''®; PAN
Deng constructed the driving cycles of plug-in hybrid
electric vehicles based on kinematic and statistical char-

[17]

acteristics Up to now, the research on the driving

cycles of new energy vehicles, especially pure electric
vehicles(PEV) , is relatively shallow, mainly limited to
the small amount of data, and the data characteristics
still consider the characteristics of traditional vehicles.
In this paper, after optimizing the idle segment and
parking interval, the motion segment is extracted, and
based on the vehicle velocity feature, the battery feature
is added to build a feature library, and the PCA dimen-
sion reduction, K-means++ clustering, weighted combi-
nation and other methods are used to construct the driv-
ing cycle including velocity and current. The driving cy-
cles of PEV are compared and analyzed to reflect the real
driving cycles of PEV in the mountainous environment of

Chongqing.
1 Construction of driving cycle

Using the self-built new energy vehicle national mo-
nitoring and management platform Southwest Branch Cen-
ter Big Data Analysis Platform (hereinafter referred to as
the Southwest Branch Center Big Data Platform) , collec-
ting pure electric vehicle driving data per second, the
development process of pure electric vehicle driving cycle
is shown in Figure 1. First, data preprocessing is per-
formed on the collected data, and then the cleaned data
is divided into kinematic segments, and the kinematic
segments are used as statistical units to extract features,
and the constructed features are processed into principal
component analysis to achieve the purpose of feature re-
duction, and then perform the cluster analysis on kine-
matic segments, synthesize candidate driving cycles ac-
cording to the clustering results, and finally verify the er-
ror of the candidate driving cycles, and screen out the fi-

nal driving cycle curve output with the smallest error.

< Input >—> Data preprocessing —>»|Kinematic segments —>

Feature extraction

v

Principal component

—>| K-means++
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v

Synthesis of o Error
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( Output )

Fig.1 Driving cycle development process
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1.1 Data collection and data preprocessing

Chongqing is a typical mountain city, with more
than 75% of the mountainous area and 20% of the land
with a slope of more than 25 degrees. Through the big
data platform of the Southwest Branch Center, the driving
data of the test pure electric vehicle in Chongqing area
from August 16, 2020 to February 7, 2021, as well as
the driving data of the same model in Beijing area during
the same period, were collected. The time interval for
data collection is 1 second, including parameters such as
time, mileage, velocity, latitude, longitude, and cur-
rent.

Due to the influence of factors such as environmen-
tal changes and equipment errors, there are some abnor-
mal values in the collected data, which need to be pre-
processed before they can be used. The velocity screen-
ing steps are as follows;

(1) Delete the data items that are obviously abnor-
mal. Such as time repetition, abnormal longitude and
latitude,, abnormal velocity, abnormal acceleration and
other problems.

(2) Linear interpolation fills in missing data.
Considering that the larger the time interval is, the
more complicated the driving situation of the car is,
only the data missing 1 second is filled with linear in-
terpolation.

(3)Idle abnormal processing. For a long-term driv-
ing situation where the vehicle velocity is less than
10 km/h and not all 0, it is treated as an idling abnor-
mality, and only the driving data of the first 180 are re-
tained.

(4) Handling of parking exceptions. For the long-
term driving situation where the vehicle velocity is 0, it
is treated as a parking abnormality, and only the data of
the first 5 s and the last 5 s are retained as the starting
and parking stages for subsequent analysis.

The amount of data before and after data processing
is compared in Table 1. The first 2 000 s of data after
data preprocessing are taken, and the velocity-time curve
is drawn as shown in Figure 2.

1.2 Feature construction of kinematic segments
1.2.1 Division of kinematic segments

A kinematic segment refers to a segment of driving

data that includes the four motion states of the car: uni-

form velocity, acceleration, deceleration, and idle veloc-
ity[m
starting point is the start of the idle state, and the end

. The best way to divide kinematic segments is that

point is the moment before the next idle state starts. The
schematic diagram of the kinematic segment is shown in
Figure 3.

Table 1 Quantity comparison before and after data

preprocessing

Handle abnormal
Number of data Number of data
Begins idling and post-stop

after removing after filling
data volume
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Fig.3 Schematic diagram of kinematics fragments

According to the definition of kinematic segments,
the pre-processed data is divided into multiple candidate
segments. In order to improve the representativeness of
the kinematic segments to the actual driving situation,
the candidate kinematic segments need to be screened,
and only the segments with a duration greater than 20 s
and kinematic segments with an intra-segment time miss-
ing rate of less than 10% and an intra-segment time miss-
ing no more than 10 s. The comparison of the number of

kinematic fragments before and after screening is shown

in Table 2.
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Table 2 Comparison of the number of kinematic fragments before and after screening

Number of clips after the deletion time is

Number of candidate
less than 20 s

Number of clips after the deletion time is ~ Number of clips after the deletion time

greater than 10% exceeds 10 s

1422 1398

1233 1161

1.2.2 Kinematic segment features

Treating kinematic segments as statistical units, ki-

nematic segment features are extracted from three as-

pects: kinematic features, battery operating features,
and statistical features. A total of 30 features are extrac-

ted as shown in Table 3.

Table 3 Feature of kinematics fragments

Param Explanation Unit Calculation method
T Total time s Count the total time
Average velocity of adjacent data within a segment is multiplied by the
S Total distance m
time interval and added up
T Idle time proportion — Idle duration/T
T, Acceleration time proportion — Acceleration duration/T
T, Deceleration time proportion — Deceleration duration/T
T, Uniform time proportion — Uniform duration/T'
Vax Maximum velocity km/h max{v,, vy, v3, |, vy, vy, v3, - is velocity
Vi Average velocity km/h mean( v, , vy, v, ***)
Vi Average running velocity km/h Accumulation of vehicle velocity/number of data in the running section
V, Standard deviation of velocity km/h std(vy, vy, v3, =*+)
A Maximum acceleration m/s? max{a,, a,, ay, -}, a;, a,, az, - is acceleration
A, Average acceleration m/s? mean(a,;, ay, a3, **)
A, Standard deviation of acceleration m/s? std(a,, a,, az, )
D, Maximum deceleration m/s> maxi{d,, d,, dy, ---|, d,, dy, dy, -+ is deceleration
D, Average deceleration m/s? mean(d,, d,, ds, -+)
D, Standard deviation of deceleration m/s’ std(d,, dy, dy, =)
Ty Discharge time proportion — Duration of forward current/T
T, Energy recovery time proportion — Duration of backward current/T
L Maximum discharge current A max|{iy, iy, i3, ***| , i1, la, i3, *** is discharge current
Iy, Average discharge current A mean(i, iy, iz, =*)
I, Standard deviation of discharge current A std(iy, iy, 3, ***)
Ib,.. Maximum energy recovery current A max {ib,, ib,, iby, *--|, iby, ib,, iby, - is energy recovery current
% Average energy recovery current A mean(ib, , iby, ibs, --+)
Ib, Standard deviation of energy recovery current A mtd(iby, iy, iby, --+)
max|{ia,, ia,, iay, **+|, ia,, ia,, iay, ==+ is acceleration of dis-
la,,, Maximum acceleration of discharge current A/s ' ’
charge current
la,, Average acceleration of discharge current A/s mean(ia, , la,, iay, =)
Ila, Standard deviation of discharge current acceleration A/s std(iay, ia,, iaz, =)
maxiid, , id,, idy, -}, id,, id,, idy, - is deceleration of energy
I, Maximum deceleration of energy recovery current A/s
recovery current
Id,, Average deceleration of energy recovery current A/s mean(id, , id,, idy, )
Standard deviation of energy recovery current decel- . . .
Id, A/s std(id, , id,, idy, =)

eration
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The above features are calculated for each kine-

matic segment, and the calculation results of the first
Table 4 Part of calculate

15 features of some motion segments are shown in

Table 4.

results of kinematics fragments

No. T S T, T T, T v

e max

Vv

m

V, V, A A A D D

mr s max m s max m

1 140 801.93  0.05 0.31 0.4 0.24 33.2
2 113 1538.64 0.01 0. 44 0. 44 0.11 71.9
3 184 1144.19 0.41 0.24 0.31 0. 04 58

4 255 3887 0.26 0.23 0.30 0.21 111.7

20.55 21.14 6.97 1.33 0.43 0.28 1.52 0.32

48.69 49.04 19.75 2.75 0.83 0. 65 2.08 0.81

22.30 37.40 20.76 2.80 0.69 0.61 2.5 0.52

54.70  73.64 39.17 2.16 0.72 0.48 1. 69 0.54

1.3 Feature dimension reduction and K-means++
clustering
1.3.1 PCA feature dimension reduction

This paper selects 12 feature indicators and 4 statis-
tical indicators related to the vehicle motion, and 12 fea-
ture indicators and 2 statistical indicators related to bat-

tery operation. There are 30 indicators in total. The fea-

1 b
1 fimax

fm

] |
N L8 D, 0% @ @ g %
CRTRERTR BLF BN B EAE
;a NUOET EQR

ture dimension is high, and the correlation coefficient
matrix between features is shown in Figure 4, which indi-
cates that some features have a certain correlation, so it
is considered to reduce the feature dimension. In this pa-
per, the PCA principal component analysis method is
used to reduce the dimension of the features, and the

specific steps are shown in Figure 5.

- 0.8

-0.8

Fig.4 Correlation coefficient matrix of kinematics segment features

The variance contribution rate of the top 6 principal
components is calculated to reach 87%, and the variance
contribution rate of each principal component is shown in
Table 5. Therefore, the top 6 principal components are
taken in this paper, and each kinematic segment is com-
posed of a new 6-dimensional vector represented, as
shown in Table 6.

1.3.2 K-means++ clustering

The K-means algorithm is the most commonly used
unsupervised clustering algorithm. It is necessary to de-
termine the hyperparameter K value of the cluster and
randomly initialize the centroid, and continuously update
the centroid according to the distance calculation formula

until convergence. The initial centroid selection of the K-
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Fig.5 Principal component analysis steps

Table 5 Variance contribution rate of each principal

component

Principal component P1 P2 P3 P4 P5 P6

Variance contribution

rate( % )

51.62 12.65 9.89 5.69 4.86 2.93

Cumulative contribution

51.62 64.27 74.16 79.85 84.71 87.64
rate( %)

Table 6 Principal component eigenvalues of partial

kinematics segments

Kinematic
P1 P2 P3 P4 pP5 P6

segment
1 —3.58 —1.828 —0.18 —0.33 —0.45 1.25
2 4.92 —0.07 —1.25 0.28 0.35 0.16
3 1.35 2.22 0.26 —1.47 1.35 0.81
1161 3.05 —1.43 —0.15 —0.20 0.81 —1.05

means algorithm is random, which has a great impact on
the final clustering results and the running time of the
clustering algorithm. The K-means++ clustering method
improves the initial value selection method of the K-means
algorithm. The steps of the K-means++ algorithm are as
follows

(1) Determine the K value of the cluster number of
clusters

(2) Randomly select a data point as the first cen-
troid ;

(3) For each remaining data point, calculate the

minimum FEuclidean distance from the determined cen-
troid :

d(x;) =min || 2, —p, || 5’ s=1,2, K puea (1)

(4) Weight the remaining data points according to
d(x,) to determine a new centroid;

(5)Steps (3) and (4) are repeated until £ cen-
troids are determined ;

(6) K-means clustering is performed using the &
centroids as initialized centroids.

For the determination of the hyperparameter k val-
ue, this paper uses the silhouette coefficient and the SSE
(intra-group sum of squares error) elbow method to se-
lect. The silhouette coefficient figure and SSE distribu-
tion figure are shown in Figure 6. The abscissas of the
left and right subgraphs represent the number of clusters,
the ordinate of the left represents the average value of the
sample Silhouette score, and the ordinate of the right re-
presents the sum of squares of errors within the sample
group. The selection principle is that the larger the sil-
houette coefficient, the smaller the SSE value, and the
moderate number of clusters. Combined with the silhou-
ette coefficient and SSE results, 5 clusters are preferen-
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tially selected to cluster the sample data. However, in
the actual calculation, among the 5 types of kinematic
segment, one type of segment does not meet the time re-
quirement, and thus degenerates into 4 clusters. Take
K=4 for K-means ++ clustering. Considering that the
features of the maximum type are not suitable for mean
value processing, only 21 eigenvalues are taken, and the

cluster centers are shown in Table 7.

Table 7 K-means++ cluster center

Clusterl Cluster2 Cluster3 Cluster4
T, 0.55 0.13 0.15 0.07
T, 0.20 0.36 0.37 0. 40
T, 0.17 0.34 0.34 0.37
T, 0. 08 0.17 0.14 0.16
Vi 12.13 22.89 35.08 53.68
Ve 24. 60 25.73 40. 88 57.44
V, 13.51 12.12 20. 51 25.30
A, 0.54 0.45 0.55 0.57
A, 0. 38 0. 31 0.41 0. 47
D, 0.53 0.44 0.58 0. 62
D, 0.42 0.34 0.47 0.51
T, 0.85 0.67 0. 69 0. 69
T, 0.13 0.31 0.30 0.30
Iy, 11.12 18.93 32.99 52.73
I, 16. 14 18.61 31.49 46. 17
I, —9.75 —9.46 —20.28 —30.34
I, 10. 13 9.19 16. 16 23.38
A, 6.25 8.18 15.03 25.26
IA, 9.45 10. 59 19.23 30. 74
D, —5.60 —10.42 —18.16 —28.98
ID, 11.28 13. 68 24. 08 36.42

Analyzing the features in different clusters in Table
7, it can be found that; The idle time proportion of kine-
matic segments and the discharge time proportion of the
first category is much higher than that of the other three
categories, but the average velocity, average running ve-
locity, and energy recovery time proportion and the aver-

age discharge current are smaller than the other three

types. Combining these indicators, the motion features of
PEV described in the first type of kinematics segment
can be obtained; the vehicle runs at a low velocity and is
in a waiting state for a long time. The first type of motion
segment describes the low-velocity driving cycle of the
car in the case of traffic jams.

The kinematic segments of the second category are
basically consistent with the third category, and also are
similar to the fourth category in the 6 indicators of idle
time proportion, acceleration time proportion, decelera-
tion time proportion, uniform time proportion, discharge
time proportion, energy recovery time proportion. But
the average velocity, average running velocity, velocity
standard deviation, average acceleration, acceleration
standard deviation, average deceleration, deceleration
standard deviation, and battery-related indicators are all
smaller than the third and fourth categories. Combining
these indicators, the motion features of PEV described by
the second type of kinematic segment can be obtained :
the vehicle travels at a low velocity, but does not en-
counter a lot of congestion. The second type of kinematic
segment describes the safe, medium and low velocity driv-
ing cycle of the car on a smooth road, but the velocity is
lower, which is more related to the user’ s driving habits
and pays more attention to safety.

The idle time proportion of the third type of kine-
matic segment is twice that of the fourth type, and the
rest of the indicators are smaller than the fourth type.
Combining these indicators, the motion characteristics of
the pure electric vehicle described by the third type of ki-
nematic segment can be obtained; the velocity is moder-
ate and traffic is smoother. The third type of kinematic
segment is similar to the second type of motion segment,
which describes the medium and high-velocity driving con-
ditions of the car in the urban area with smooth roads.

The idle time proportion of the fourth type of kine-
matic segment is the smallest among the four types of ki-
nematic segments, which is only 0. 07, and the other in-
dicators are the maximum values among the four types of
kinematic segments. Combining these indicators, the
motion features of PEV described in the fourth category
of kinematic segments can be obtained: the vehicle trav-
els at a high speed and rarely encounters congestion. The

fourth type of kinematic segment describes the high-speed
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driving cycle of the car in the suburbs or highways, and

the vehicle is in a high-speed driving state for a long

time.

1.4 Synthesis and verification of candidate working

conditions

1.4.1 Extraction and splicing of motion segments
Referring to NEDC, WLTC and China’ s CATC,

and considering the integrity of kinematic segments, the

driving cycle duration of PEV is limited to 1 500 -

2300 s. The time range of various cluster fragments is

calculated as shown in formula (2) .

2t

Tk = Ti()lal x L <2>

K m ’
> Dt

b=l iz
where, T, is the duration of the k-th kinematic segment
in the candidate cycle; T, is the total duration of the fi-
nal cycle; and ¢, , is the i-th segment duration of the k-th
type of kinematic segment.

Substituting 7', equal to 1 500 s and 2 300 s into
formula (2) can calculate the duration range of various
segments that meet the duration requirements, among
which the duration of low-speed segments is from 173 s to
266 s, the duration of medium-low-speed segments is from
267 s to 410 s, and the duration of medium-high-speed seg-
ments is from 575 s to 880 s, the high-speed segment dura-
tion is from 485 s to 744 s, and the distance between each
type of cluster and this type of centroid is calculated. The

distance formula is calculated by formula (3).

di,k = | Xiw T My l, (3)

where, d, , is the distance from the i-th segment of the k-
th type of kinematic segment to the centroid; x,, is the
feature vector expression of the i-th segment of the k-th
type of kinematic segment; and u, is the feature vector
expression of the i-th segment of the k-th type of kinemat-
ic segment.

In order to avoid selecting of kinematic segments
with ambiguous categories, when splicing kinematic seg-
ments of each category, segments that meet the duration
requirements and are closer to the centroid is selected.
There is a total of 12 candidate driving cycles.

1.4.2 Error analysis and verification of driving cycles

After the set of candidate driving cycles is construc-
ted, the error analysis is also required. On the one
hand, it is to select the driving cycle with the smallest
error from the candidate driving cycles as the final driv-
ing cycle, on the other hand, it is to verify the accuracy
of the final driving cycle. The method of error analysis is
to calculate the 21 significant indicators of each synthetic
driving cycle, and compare the calculated indicators with
the corresponding values of the overall data, and calcu-
late the average error rate between the candidate driving
cycles and the overall data. The results are shown in the
table 8. There is no large deviation between the index
values of the 12 candidate driving cycles and the overall
data, and the average error is between 5% and 7%. It
shows that the constructed driving cycles have a high de-
gree of fit with the actual driving cycle. A driving cycle
with the smallest error rate was selected as the represent-
ative driving cycle, and its average error rate was

5.53%.

Table 8 Error analysis of candidate operating conditions

Param 1 2 3 4 5 6 7 8 9 10 11 12 Total data
T 0.22 0.18 0.20 0.17 0.20 0.16 0.21 0.17 0.19 0.16 0.19 0.15 0.17
T, 0.35 0.37 0.37 0.38 0.36 0.38 0.36 0.38 0.38 0.39 0.37 0.39 0.36
T, 0.31 0.32 0.31 0.32 0.32 0.33 0.31 0.32 0.32 0.33 0.32 0.33 0.33
T, 0.12 0.13 0.12 0.13 0.12 0.13 0.12 0.13 0.11 0.12 0.12 0.13 0. 14
Vi 34.3 36.9 34.2 36.7 34.8 37.0 33.7 36.4 33.8 36.2 34.3 36.5 36.2
Vi 43.0 44.3 42.2 43.5 42.6 43.7 41.9 43.3 41.2 42.6 41.7 42.9 43.0
V, 22.7 21.6 22.0 21.1 21.8 20.9 22.3 21.4 21.7 21.0 21.6 20.8 24.7
A, 0.53 0.51 0.53 0.52 0.53 0.52 0.53 0.51 0.53 0.51 0.53 0.51 0. 54
A, 0.42 0.43 0.42 0.43 0.42 0.43 0.42 0.42 0.41 0.42 0.42 0.42 0.42
D, 0.59 0.58 0.61 0. 60 0.58 0.58 0.58 0.58 0. 60 0.59 0.57 0.57 0.57
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Table 8 ( Continued)

Param 1 2 3 4 5 6 7 8 9 10 11 12 Total data
D, 0.45 0. 45 0. 46 0.45 0.45 0.45 0. 46 0.45 0. 46 0. 46 0.45 0.45 0.47
T; 0.73 0.74 0.74 0.74 0.74 0.73 0.73 0.73 0.74 0.74 0.73 0.73 0.71
T, 0.26 0.25 0.25 0.25 0.26 0.26 0.26 0.26 0.25 0.25 0.26 0.26 0.28
I, 31.6 33.9 33.8 35.5 34.2 35.7 31.0 33.3 33.2 34.9 33.6 35.1 33.7
I, 34.6 34.3 35.2 34.8 34.7 34.4 34.0 33.9 34.7 34.4 34.2 34.0 36.9
b, 21.8 22.5 21.8 22.5 21.3 22.0 21.5 22.2 21.5 22.2 21.1 21.7 21.0
Ib, 18.1 17.8 18.1 17.8 17.3 17.2 17.8 17.6 17.8 17.6 17.1 17.0 19.5

IA,, 19.0 19.7 19.1 19.7 18.6 19.3 18.3 19.1 18.5 19.2 18.0 18.8 16.2
IA, 23.5 23.3 23.1 23.0 22.7 22.7 22.9 22.9 22.7 22.7 22.2 22.3 23.0
D, 21.2 22.7 21.6 23.0 21.1 22.6 20. 8 22.4 21.3 22.7 20.9 22.2 18.7
ID, 27.9 27.3 27.7 27.0 27.0 26.5 27.5 26.9 27.3 26.8 26.6 26.2 27.6
Error rate (%) 6.19 6.51 6. 44 7.0 5.53 6. 54 6. 47 6.34 6.91 6.95 5.99 6. 44 —

1.5 Driving cycle output

The representative driving cycle is screened out
through the error analysis, and the duration of the repre-
sentative driving cycle was 1 589 s, where the time of
low velocity, medium and low velocity, medium and high
velocity, and high velocity are 189, 257, 853 s and
290 s respectively. According to the vehicle velocity and
battery current of the driving cycle, the vehicle driving
cycle curve and the battery driving cycle curve are re-
spectively drawn.
1.5.1 Vehicle driving cycle curve

The vehicle driving cycle of Chongqging pure electric
vehicle in the mountain environment is shown in Figure

7.
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1.5.2 Battery driving cycle curve

The battery driving cycle curve of Chongqing pure e-
lectric vehicle in mountainous environment is shown in
Figure 8.
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2 Comparative analysis

Using the above method of constructing driving cy-
cle, the vehicle driving cycle and battery driving cycle of
Beijing PEV are constructed for the same model in Bei-
jing. Firstly, the vehicle driving cycle of Chongging and
Beijing are compared with NEDC, WLTC, CLTC-P, the
main indicators are shown in Table 9. Then battery driv-
ing cycle of PEV in Chongqing and Beijing are com-

pared, and the main indicators are shown in Table 10.
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Table 9 Comparison of velocity-time curve of

Chongqing with others

Vehicle driving Vehicle driving

Param cycle of cydle of  NEDC ~ WLTC ~ CLTC-P
Chonggqing Beijing
T(s) 1589 2035 1180 1800 1800
S(m) 15.36 19. 67 11,00 23.20  14.48
V, (km/h) 34.80 34.80 33.60 46.40  28.96
V,.(km/h) 42.60 40. 10 43.50 53.20  37.18
Ay (m/s?) 0.53 0. 54 0.53  0.53 0.45
D, (m/s%) —0.58 -0.52  —0.75 —0.58 —0.49
T,(%) 36. 00 36. 50 23.30  30.90  28.61
Ty(%) 32.00 36. 00 16.60 28.60  26.44
T.(%) 12. 00 13. 50 37.50 27.80  22.83
Ty(%) 20. 00 14. 00 22.60  12.70  22.12

Table 10 Comparison of current-time curve of

Chongqing with others

I, Db I D T, T,

m m m

(A)  (A) (Ass) (A/s) (%) (%)

)

Param T(s)

Battery driving
1589 34.20 21.30 18.60 21.10 74 26
cycle of Chongqing

Battery  driving
2035 29.60 17.90 15.90 18.80 71 29
cycle of Beijing

The comparative analysis shows that: the values of
average vehicle velocity, average running velocity and
average acceleration in vehicle driving cycle are similar
to that in NEDC, but the difference is obvious in other
features; the values of features in vehicle driving cycle
are obviously different to that in WLTC except for the av-
erage acceleration and average deceleration; compared
with CLTC-P, there are significant differences in each
indicators. From the comparison of the driving cycle of
PEV in Chongqing and Beijing, it can be seen that the
average deceleration in Chongqing is 11. 5% larger than
that in Beijing, and the proportion of deceleration time is
smaller than that of Beijing, and the proportion of idle
time is larger than that of Beijing. From the perspective
of battery driving cycle, it is found that the values of fea-
tures in Chongqing are larger than that in Beijing except
the value of energy recovery proportion, and there are

obvious differences caused by the geographical environ-

ment.
3 Conclusion

In this paper, the improved short-stroke method is
used to decompose the kinematic segments, and the bat-
tery characteristic indicators are added. Principal compo-
nent analysis and K-means++ cluster analysis are used to
construct the vehicle driving cycles and battery driving
cycles of the pure electric vehicle in the mountain envi-
ronment by weighted combination.

The average error between the driving cycle and the
actual driving data is 5.53%. This indicates that the
driving cycle accurately reflects the actual driving pat-
terns of PEV. Through comparative analysis, it is veri-
fied that there are significant differences between the
pure electric vehicle driving cycles constructed in this
paper and the classic ones. By constructing the pure e-
lectric vehicle driving cycle in Beijing for comparison, it
is verified that the mountain environment has an influ-
ence on the driving cycle, and the validity of the driving
cycle constructed in this paper is proved.

The driving cycle of PEV in the mountain environ-
ment have the characteristics of less uniform time, high
idling time, greater deceleration than non-mountain envi-
ronments. The driving cycle of pev in mountainous envi-
ronments exhibits several distinct characteristics. Com-
pared to non-mountainous environments, they have less
uniform time distribution, higher idling time, greater de-
celeration intensity but shorter deceleration duration,
lower battery discharge process efficiency, and moderate
velocity. By constructing driving cycles for pure electric
vehicles in diverse geographical environments, we can
not only analyze their specific characteristics but also ver-
ify the distinet differences between mountainous and non-

mountainous environments.
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