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Abstract	
Constructing	driving	conditions	in	line	with	the	actual	urban	roads	can	not	only	provide	
reference	 for	 the	 technical	 development,	 evaluation,	 traffic	 risk	 measurement	 and	
control	 of	 local	 automobiles,	 but	 also	 have	 important	 significance	 for	 controlling	
automobile	 emission	 pollution	 and	 formulating	 relevant	 policies.	 Based	 on	 the	
quantitative	analysis	of	the	driving	data	of	three	light	vehicles,	the	data	is	complemented	
by	the	adjacent	 interpolation	method;	the	abnormal	data	 is	detected	according	to	the	
principle	 of	 the	 data	 is	 cleaned	 by	 the	 high‐frequency	 filter;	 principal	 component	
analysis	is	used	to	reduce	the	dimensions	of	kinematic	features;	K‐Means	clustering	is	
used	to	classify	kinematics	sequence	into	three	types	of	working	condition	blocks,	and	
finally	select	the	most	representative	working	block	to	synthesize	the	driving	cycle	curve	
(DCC),	 and	 construct	 a	 corresponding	 evaluation	 system	 based	 on	 the	 extracted	
kinematics.	 Explain	 the	 rationality	 of	 synthetic	 conditions	 by	 evaluating	 the	 overall	
sample	and	DCC	working	conditions.	
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1. Introduction	

Vehicle driving conditions (also called driving cycle) refers to the speed curve of the car, which 
can truly reflect the characteristics of the car, mainly divided into acceleration, deceleration, 
uniform speed, parking and so on. The driving cycle is a common core technology of the 
automotive industry, which can be used for automotive emissions-energy-environment- 
related issues, as well as the development and evaluation of new technology. 
At present, there are many standards for the driving cycle in the world, such as the European 
ECE15+NEDC cycle condition, the US FTP-15 cycle condition, and the Japanese J10-15 cycle 
condition. China has long optimized the NEDC working conditions to calibrate cars. However, 
with the rapid growth of car ownership, China's road traffic has undergone great changes, and 
it is not appropriate to adopt the European NEDC driving cycle. On the other hand, China's vast 
territory, the degree of development, climatic conditions and traffic conditions of different 
cities, the specific working conditions of automobiles are also very different. Constructing the 
driving cycle in line with the actual urban roads will provide reference for technology 
development, evaluation and traffic risk measurement and control of new vehicles, and is of 
great significance for controlling automobile emission pollution and formulating relevant 
policies. 
Building a driving cycle generally involves four steps: data acquisition, data processing, data 
analysis, and determination of working conditions. In this paper, the raw data collected by the 
actual road driving of three light-duty vehicles is pre-processed, and the kinematics fragments 
are extracted according to the vehicle's idle condition. Principal component analysis and cluster 
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analysis are widely used in the synthesis of vehicle driving conditions. Principal component 
analysis is a data dimension reduction method, which can transform a set of possible related 
variables into a set of linearly uncorrelated variables by orthogonal transformation. In general, 
the linear uncorrelated variables have dimensions that are lower than the ones that have 
correlations and can substantially maintain the validity of the data. Clustering is an 
unsupervised machine learning method that divides each data point into a specific group. In 
theory, groups with the same category have similar attributes and characteristics. Clustering 
methods include distance-based clustering, hierarchical clustering methods, density-based 
clustering, grid-based clustering and so on. In this paper, the principal component analysis 
method and the k-means clustering method are combined and applied to the construction of 
vehicle driving conditions. The results show that these two methods are reasonable and feasible 
in the construction of the vehicle driving conditions curve. 

2. Basic	theory	

2.1. Data	preprocessing	
2.1.1. Missing	value	
In real-time driving of the car, the data time may be discontinuous due to various reasons. For 
the time discontinuity, that is, the processing method of missing segment data generally 
includes deleting features with missing segments, directly using features with missing values, 
and deleting missing values. In the background of this paper, deleting features with missing 
values will result in a large loss of valid data, which is not desirable; and directly using features 
with missing values will lead to large errors in data analysis. 
Common missing value completion methods mainly include mean interpolation, modeling 
prediction, nearest-neighbor interpolation, cubic spline interpolation and so on. If the distance 
of the sample attribute is measurable, and the data distribution is symmetrically distributed, 
the mean interpolation method can be used, and the vehicle working condition data often 
belongs to the irregular data, and the distribution cannot be judged. Modeling predicts the 
missing attributes as prediction targets and divides the data sets into two categories according 
to whether they contain missing values of specific attributes. Using the existing machine-
learning algorithm to predict the missing values of the predicted data set, this method has 
better accuracy, but if other attributes are not related to the actual attributes, the predicted 
result is meaningless, and if the predicted result is very accurate, then it is not necessary to 
include the missing data in the data set. The method of modeling prediction fills in the missing 
value, and the algorithm flow is more complicated. 
In this paper, cubic spline interpolation and nearest-neighbor interpolation are used to 
complete the missing data, and the statistical characteristics of the interpolation are compared. 
Cubic Spline Interpolation is a process of obtaining a set of curve functions by solving a set of 
three-moment equations through a series of smooth curves of shape points. Spline 𝑆 𝑥  is a 
formula defined by a segment. Given 𝑛 1 data points, there are 𝑛 intervals, and the cubic 
spline equation satisfies: (i) In each segmentation interval,  1,i ix x  𝑖 0,1, . . . , 𝑛 1 ,𝑆 𝑥

𝑆 𝑥  is a cubic polynomial. (ii) Satisfied 𝑆 𝑥 𝑦 𝑖 0,1, . . . , 𝑛  . (iii) 𝑆 𝑥 , 𝑆′ 𝑥 , 𝑆′′ 𝑥  are 
continuous, that is, smooth. 
So n cubic polynomials can be written:  

𝑆 𝑥 𝑎 𝑏 𝑥 𝑥 𝑐 𝑥 𝑥 𝑑 𝑥 𝑥 𝑖 0,1, . . . , 𝑛 1                      (1)  
The differential of the spline curve can be obtained according to the continuity and continuous 
conductivity of the function: 

𝑆 𝑥 𝑎 𝑏 𝑥 𝑥 𝑐 𝑥 𝑥 𝑑 𝑥 𝑥                                     2  
𝑆 ′ 𝑥 𝑏 𝑥 𝑥 2𝑐 𝑥 𝑥 3𝑑 𝑥 𝑥                                           (3) 
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𝑆 ′′ 𝑥 2𝑐 6𝑑 𝑥 𝑥
                                                           (4) 

The K-Nearest Neighbor algorithm is generally used for class decision making. It is determined 
that the classification decision is based on only the nearest one or several sample categories to 
determine the category to which the sample to be divided belongs. The algorithm can be used 
not only for classification. It can also be used for regression interpolation. By identifying the k 
nearest neighbors of a sample and assigning the average of the properties of those neighbors 
to the sample, the properties of the sample can be obtained. The main algorithm flow is divided 
into: 1) setting parameters, such as 𝑘. 2) Maintain a priority queue of size 𝑘 from large to small 
for storing the nearest neighbor training tuple. The k  tuples are randomly selected from the 
training tuples as the initial nearest neighbor tuples, and the distances of the test tuples to the 
k tuples are respectively calculated, and the training tuple labels and distances are stored in the 
priority queue. 3) Traverse the training tuple set, calculate the distance between the current 
training tuple and the test tuple, and obtain the distance L from the maximum distance in the 
priority queue. 4) Compare. If 𝐿 𝐿  , then discard the tuple and traverse the next tuple. If 
𝐿 𝐿  , the tuple of the largest distance in the priority queue is deleted, and the current 
training tuple is stored in the priority queue. 5) After the traversal is completed, calculate the 
majority of the k tuples in the priority queue and use them as the category of the test tuple. 6) 
Calculate the error rate after the test tuple set is completed, continue to set different k values 
and re-train, and finally take the k value with the smallest error rate. 
2.1.2. Noise	data	
First, outlier detection is performed on all data. The measured value of a set of measured values 
that deviates from the average value by more than three standard deviations (3𝜎) is abnormal. 
The noise in the data is usually eliminated by filtering. The most commonly used noise filters 
are linear filters and nonlinear filters. Linear filtering is a smooth weighted summation or 
convolution operation of raw data using a window function. Common linear filtering has 
smooth curve filtering. The logical relationship between the original data and the filtering result 
is used to perform logical operations on the original data. The common nonlinear filtering has 
median filtering and bilateral filtering. The use of linear filters such as smooth curve filters to 
process noise-contaminated data is particularly effective. In this paper, we will use the impulse 
noise filter to remove the singularity of the driving condition curve reflecting the motion 
characteristics of the car, and then smooth the driving condition curve through the smooth 
curve filter. 
The impulse noise filter is defined as follows: 

𝑣
0, 𝑣 𝑣 0
0, 𝑣 𝑣 0

𝑣 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                           (5)

 Among them, 𝑣  is the speed of the vehicle at 𝑡. 
The smooth curve filter is defined as follows: 

𝑣 ℎ ∑ 𝑃 ⋅ 𝑣 𝑡 𝑠                                       (6)
 

Among them, the time window  in the operation of this paper takes 7s;  is the penalty 

factor of the vehicle speed before and after .The penalty factor is the weight of the trade-off 
loss and classification interval, which is defined as follows: 

                                                   (7) 
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2.2. Kinematics	
The kinematics segment contains two features: from the idle state to the beginning of the next 
idle state; a complete kinematic segment should contain features such as acceleration and 
deceleration (Figure 1). According to the provisions of GB 18285-2005, the idle condition refers 
to the engine no-load operation state, that is, the clutch is in the combined position, the 
transmission is in the neutral position, and then the idle speed, the vehicle speed is 0𝑘𝑚/ℎ. In 
general, the segments of the same situation are the same in the same road condition. It is 
reasonable and feasible to link the basic characteristics of the segment with the traffic situation, 
analyze the changes of the vehicle conditions under different road conditions, and establish the 
vehicle motion condition curve. 

 
Figure 1. Kinematic fragment definition 

 
In a complete kinematics segment, it mainly includes the idle speed phase, the acceleration 
phase, the deceleration phase, and the uniform velocity phase, which also includes the case of 
the highest speed. Next, the vehicle conditions at each stage will be described accordingly. 
Idle phase:  

Acceleration phase:  

Uniform stage:  

Deceleration phase:  

2.3. Principal	component	analysis	
In the process of using the characteristic parameters to describe the kinematics segment, the 
kinematics segment may have some feature information distortion, and the information 
reflected by the feature parameters may overlap or repeat. Therefore, in this paper, the 
principal component analysis is used to map feature parameter matrices from 
multidimensional to low-dimensional, ie, dimensionality reduction. 
The kinematics segment can reflect the motion characteristics of the car, and mainly contains 
14 characteristic parameters. Due to the problem that the 14 characteristic parameters are not 
uniform, the variables cannot be compared intuitively. In the subsequent dimension reduction 
analysis and cluster analysis process, the characteristic variables with large variance will be 
given priority, which will affect the stability of the processing results. Therefore, the key step 
before dimension reduction processing of feature parameters is to standardize the feature 
parameters, which not only improves the comparability between different data indicators but 
also reduces the calculation error and improves the convergence speed. 

20 , 0 s ,600 min 1100 minv km h a m r n r   
2 20 , 4 s 0.1 sv km h m a m  
20 , 0.1 sv km h a m 
2 20 , 8 s 0.1 sv km h m a m    
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Firstly, the feature parameter matrix  of the extracted kinematic segments is constructed, 

and then the feature parameter matrix is normalized to obtain a normalized matrix . The 
feature parameter matrix  and the normalization matrix  are as follows: 

                                                      (8) 

Where  is the 𝑗 𝑡ℎ  parameter of the 𝑖 𝑡ℎ kinematic fragment. 

                                                       (9) 

Where  represents the normalization of each element in the matrix.
 

represents the mean value of the column vector, and represents the variance. 

The correlation coefficient can reflect the degree of closeness between each characteristic 
parameter. Therefore, it is necessary to judge the substitution between each characteristic 
parameter according to the value of the correlation coefficient. In the statistics, we regard the 
correlation coefficient above 0.8 as a strong correlation, and the correlation between the 
correlation coefficients between 0.6 and 0.8 as a strong correlation, and the two characteristic 
parameters with a correlation coefficient between 0.4 and 0.6. For medium- intensity 
correlations, two characteristic parameters with correlation coefficients between 0.2 and 0.4 
are considered weakly correlated. Finally, correlation coefficients below 0.2 are considered 
irrelevant. Here, it is considered that the characteristic parameters whose correlation 
coefficient is 0.8 or more can be substituted for each other. The correlation coefficient  is 

defined as follows: 

                                             (10) 

Where  and  are the average of the two sample data, respectively. 

According to the correlation coefficient , the correlation matrix  can be obtained: 

                                                          (11) 

According to the normalized matrix , the covariance matrix  can be calculated: 

                                           (12) 
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Use  to represent the characteristic parameters of the correlation matrix ,
, From this, the orthogonalized motion feature parameter vector can be 

calculated: 

                                         (13) 

The greater the contribution rate, the more information the sample can reflect. According to 
Fan Jincheng et al., the number of principal components is determined according to the 
cumulative contribution rate of the characteristic parameters. Generally, the cumulative 
contribution rate is greater than 80%, and the information loss will be less while saving the 
calculation amount, and the final result can be reflected, where the sum of the contribution 

rates can be expressed as:
 .

 

2.4. K‐means	clustering	analysis	
In general, cluster analysis is divided into hierarchical clustering and non-hierarchical 
clustering. K-Means clustering is a kind of non-hierarchical clustering, which is clustered by 
measuring the distance between the center point and each value. In general, the smaller the 
distance, the better the clustering effect and the greater the similarity. The goal of K-Means 
clustering is to form several clusters with similar characteristics and to make the error small. 
There are many ways to calculate the cluster distance indicator. Here, we use the square of the 
Euclidean distance to indicate the degree of correspondence or the degree of closeness. 

                                                    (14) 

Where  represents the 𝑘 𝑡ℎ variable of the 𝑖 𝑡ℎ segment, each segment defines  variables, 
and  represents the distance between the two segments. 

The specific process of using K-Means clustering in this paper is as follows: 
(1) Select samples for all sample data according to certain principles as the initial clustering 
center . In this paper, the vehicle speed is divided into three categories: low speed, 

medium speed, and high speed. Therefore, three samples are selected for subsequent 
processing according to this classification principle. 
(2) Calculate the Euclidean distance of  to 3 cluster centers per sample point, and assign each 
sample point  to the cluster closest to it; 

(3) After forming a new cluster by step (2), the average value of the sample points is calculated 
again, and the average value is taken as a new cluster center; 
(4) Calculate the Euclidean distance between each cluster center again, and set a termination 
condition until the termination condition is met, otherwise repeat steps (2) to (4). 
In general, the termination condition can be considered from the following aspects: the object 
is no longer reassigned to different clusters; the cluster center no longer changes; the sum of 
squared errors is minimal. In this paper, we use the squared error sum and the local minimum 
as the termination condition. 
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3. Construction	of	road	driving	cycle	

3.1. Data	sources	and	pre‐processing	
The data comes from the “Huawei Cup” 16th China Graduate Mathematical Modeling Contest. 
The data set mainly includes the vehicle's instantaneous vehicle speed (𝑘𝑚/ℎ), GPS positioning 
data (longitude, latitude) and so on. Judging from the latitude and longitude data, the 
experimental data collection location is in Putian District, Fuzhou City. 
 

 
Figure 2. Experimental car driving track 

 
In this paper, the data set spans about 6 days, and the data is collected at intervals of 1 second. 
If there is no data loss, the file-total data should have nearly 518,000 records. So we first 
complete all the time, and the rest of the data is interpolated using interpolation. Finally, you 
can get the complete data for 6 days. 
By comparing the statistical results of the parameters of the adjacent interpolation method, the 
data is interpolated by the adjacent interpolation method, and the data of all time points is 
completed, and other types of data processing are performed on this basis. The box line diagram 
is compared with Figure 3. 
 

 
Figure 3. Cubic spline interpolation method, nearest-neighbor interpolation method, original 

data distribution feature box line diagram 
 
It can be found that the data set of the nearest neighboring interpolation is the same as the 
statistical distribution of the original dataset, and the original structure of the data is not 
changed. 
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For some noise abnormal data, this paper uses the filter method for denoising. 

                                                        (15) 

�̄� is the average speed of the first  seconds to the current time, and the time window  is 10 
seconds, which is regarded as the variable acceleration motion. Tables 1 and 2 show the 
statistical characteristics of the data before and after the correction. 
 

Table 1. Descriptive statistical analysis table of raw data 
Statistics Speed Longitude Latitude 

Mean 13.09 119.09 25.65 
Variance 19.07 0.27 0.38 

Min 0 118.71 25.18
25% 0 118.84 25.31 
50% 2.8 119.04 25.45 
75% 21 119.29 26.05 

 
Table 2. Descriptive statistical analysis table after data modified 

Statistics Speed Longitude Latitude 
Mean 14.16 119.09 25.65 

Variance 20.48 0.27 0.38 
Min 0 118.71 25.18 
25% 0 118.84 25.31 
50% 3.03 119.04 25.45 
75% 22.59 119.29 26.05 

 
After statistical analysis, the spatial distribution of the overall sample is basically unchanged 
after the correction, and the two can be considered to be the same distribution. 
Long-term parking, but the equipment is still running, causing the car to travel at a speed of 
0km/h for a long time. We can regard it as a long idle time, at least over 180s, and will continue 
to run at low speed, that is, the long-term maximum speed is less than 10km/ h is seen as at idle 
speed. Here we set 0km/h as the search value and search for two non-zero values between 
0km/h. If the non-zero value of this period is less than 10km/h, we will zero all the data during 
this period and regard it as the idling situation. The specific operation is shown in Figure 4. 

 
Figure 4. Long-term idle data processing 
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3.2. Principal	component	analysis	results	
There are more than 370,000 data sets. Based on the data preprocessing, it is divided into 527 
kinematic segments. There are some features in the kinematics of each segment. This paper 
intends to select the available feature parameters to reflect the motion characteristics of each 
kinematic segment. The available parameters are: average speed ( ), average travel speed 
( ), average acceleration ( ), average deceleration ( ), idle time ratio, acceleration 
time ratio, deceleration time ratio, uniform speed time ratio, speed standard deviation, 
acceleration standard deviation, maximum speed ( ), distance ( ), maximum 
acceleration ( ), maximum deceleration ( ), segment duration ( ), a total of 14 
characteristic parameters . 
The average speed, the average acceleration, the average deceleration, the idle time ratio, the 
acceleration time ratio, the deceleration time ratio, the uniform speed time ratio, the speed 
standard deviation, the acceleration standard deviation, the maximum speed, the maximum 
acceleration, the maximum deceleration, and the segment duration all can be calculated from 
the vehicle speed at each time point, and the average traveling speed is the average speed at 
the time point after removing the vehicle idle state. Regarding the calculation of the distance, 
we use the latitude and longitude measured by GPS to calculate the earth as a sphere. The 
specific calculation formula is as follows: 

                       (16) 

Where  represents the distance between  and , and  represent the longitude of  
and  respectively, and  and  represent the latitude of  and  respectively. 

The eigenvalue, contribution rate, and cumulative contribution rate of each principal 
component 𝑀 𝑖 1 ∼ 14  are obtained by analyzing the passenger car data, as shown in Table 
3. 
 

Table 3:Characteristic parameter contribution rate and cumulative contribution rate 
Ingredient Eigenvalues Contribution rate(%) Cumulative contribution rate(%) 

1 1.80E-01 63.07 63.07 
2 8.62E-02 30.28 93.35 
3 1.17E-02 4.12 97.47 
4 2.87E-03 1.01 98.48 
5 1.83E-03 0.64 99.12 
6 1.24E-03 0.44 99.56 
7 1.03E-03 0.36 99.92 
8 1.67E-04 0.06 99.98 
9 3.61E-05 0.01 99.99 

10 1.99E-05 0.01 100.00 
… … … … 
14 0 0.00 100.00 

 
As can be seen from Table 3, the contribution rate of the first principal component reached 
63.07%, but it did not meet our requirements. The cumulative contribution rate of the first 10 
principal components has almost reached 100%, indicating that these principal components 
can explain the information of the kinematic fragments. However, if the number of principal 
components selected at this time is too large, the amount of calculation in the later period will 
be too large. Therefore, we finally select the first three principal components, which can reflect 
most of the information of all the characteristic parameters. 
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Table 4. Principal component load matrix 
Varible M1 M2 M3 

Average speed 0.961 0.430 0.851 
Average travel speed 0.233 0.140 0.261 
Average acceleration 0.021 0.008 0.017 
Average deceleration 0.004 0.004 0.007 

Idle time ratio 0.034 0.008 0.016 
Deceleration time ratio 0.031 0.010 0.022 
Acceleration time ratio 0.0002 5.28E-05 0.000 

Speed standard deviation 5.39788E-07 2.36E-07 3.29E-07 
Acceleration standard deviation 0.026856289 0.010683 0.021812 

Maximum speed 0.005 0.005 0.008 
Distance 2.23014E-05 1.68E-05 2.78E-05 

Maximum acceleration 3.59423E-05 2.07E-05 3.79E-05 
Maximum deceleration 0.003 0.002 0.003 

Driving time 0.001 0.002 0.002 

 
We have selected a total of 14 characteristic parameters, but these characteristic parameters 
are not necessarily highly correlated with the three principal components we selected, and the 
principal component score table can truly reflect the correlation between each parameter and 
the principal component. The following table is the principal component load matrix. From this 
we can see that the first principal component M1 mainly reflects the average velocity, idle time 
ratio, deceleration time ratio, acceleration time ratio, speed standard deviation, and 
acceleration standard deviation; the second principal component M2 mainly reflects the 
highest speed; The component M3 mainly reflects the average traveling speed, the average 
acceleration, the average deceleration, the maximum speed, the running distance, the 
maximum acceleration, the minimum deceleration, and the running time. Next, cluster analysis 
is performed based on the three principal components selected. 

3.3. K‐means	clustering	results	and	analysis	
By cluster analysis, we can mark each kinematic segment and mark it in four different colors. 
Based on marking, to further analyze the kinematics of each category. In this paper, we can 
learn from the correlation analysis that the cruising time ratio, average speed and driving 
distance are three characteristics. There is no significant correlation between the parameters, 
which can reflect the real working conditions. Therefore, this paper re-arranges the marked 
data, and draws the standard cruise time ratio, average speed and driving speed as the 
coordinate axes. The reconstruction results are shown in Figure 5. 

 
Figure 5. Reconstruction condition classification diagram 
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As can be seen from the above figure, each kinematic segment can be clearly divided into three 
categories. The first category is: medium speed, short running time and medium running 
distance. The second category is that the average speed is medium to high, the running time is 
long, and the moving distance is medium and long. The third category is low speed, short 
running time and short running distance. 
According to the actual situation, road conditions can be divided into three categories: 
congested road sections, urban ordinary road sections, and suburban road sections. 
Corresponding kinematic segments can be corresponding: 1) Congested road sections: the 
speed is slow, the time is short, and the running distance is short. 2) Ordinary road sections of 
the city: medium speed, short running time, medium running distance. 3) Suburban section: 
higher average speed, longer running time and medium and long movement distance. 

3.4. Driving	condition	synthesis	
Referring to the standard of driving cycle of automobiles at home and abroad, the duration of 
taking the driving cycle of the car is 1200s to 1300s. Using the proportion of the total duration 
of the total duration in the entire recorded data, the time spent in the final fitting condition can 
be determined for each type of condition block: 

                                               (17) 

Where  is the duration of class  in the fitted condition;  is the duration of the final 

representative case;  is the total duration of all case data;  is the time of the working 

condition in class ;  is the total number of all working blocks in class . 

According to the time of the various working condition blocks in the final fitting condition, the 
time proportion and time length of the four different driving cycles in the driving condition of 
the vehicle can be obtained, as shown in Table 5. 
 

Table 5. Time ratio and length of time for different driving cycle 
Driving condition Time ratio Length of time /s 
Low speed driving 9% 117 

Medium speed driving 47% 616 
High speed driving 44% 565 

Car driving cycle 100% 1298 

 
Figure 6. Low-speed travel speed-time curve 
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The representative condition blocks are selected from the three classes to represent each class. 
According to the principle of the K-Means clustering algorithm, the principle of selection is to 
use the nearest condition block of the distance clustering center as the representative of each 
class. The working condition block is shown in Figure 6-8. The final urban cycle conditions are 
fitted by the various driving cycle and working conditions of the cycle conditions, as shown in 
Figure 9. 

 
Figure 7. Medium-speed travel speed-time curve 

 
Figure 8. High-speed travel speed-time curve 

 
Combined with three different driving speed curves, the overall vehicle driving mining curve 
can be synthesized as shown Figure 9. 

 
Figure 9. Composite drawing of vehicle driving conditions 
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4. Condition	curve	evaluation	and	analysis	

Firstly, verify whether the fitted cycle conditions meet the requirements. Through all the 
working condition data collected by the basic experiment and the fitted vehicle driving 
condition (DCC) and the experimental results of DCC, it is verified whether the cyclic condition 
of a city can reflect the characteristics of the whole working condition data. Then, all the 
working conditions collected by the basic experiment are compared with the characteristic 
parameters of the DCC working condition. The characteristic parameters are 14 characteristic 
variables such as average vehicle speed, average acceleration, average deceleration and 
average driving speed, as mentioned in Table 6.  
 

Table 6. Comparison table of characteristic parameters of automobile working conditions 
Varible Scheme 1 Scheme 2 Scheme 3 

Ave. speed 20.01 17.47 0.126936532 
Ave. travel speed 3.9 2.87 0.264102564 
Ave. acceleration 0.22 0.2 0.090909091 
Ave. deceleration -0.24 -0.16 0.333333333 

Idle time ratio 0.17 0.18 0.058823529 
Deceleration time ratio 0.07 0.05 0.285714286 
Acceleration time ratio -0.07 -0.05 0.285714286 

Speed standard deviation 14.73 11.48 0.220638153 
Acceleration standard deviation 0.26 0.2 0.230769231 

Max speed 45.8 33.42 0.270305677 
Travel distance 2433.49 2156.83 0.113688571 

Max acceleration 0.94 1.15 0.223404255 
Max deceleration -1.16 -0.78 0.327586207 

Fragment duration 622.6 443 0.288467716 

 
Average is abbreviated as Ave. for the sake of beauty. It can be seen from the above table that 
the error of all characteristic parameters is within the controllable range, and the overall error 
is about 22.82%, which indicates that the fitted driving condition can better reflect the moving 
condition of the automobile. 

5. Conclusion	and	prospect	

At present, due to China has a vast territory and a large population base, the vehicle driving 
conditions are seriously inconsistent with foreign standards. This paper studies the driving 
conditions of local vehicles with the actual driving conditions of Fuzhou. During data cleaning, 
considering the numerous factors that produce bad data, the bad data is divided into two 
categories: missing data and abnormal data. For the missing data, two methods of missing 
segment deletion and missing segment interpolation are proposed. The results of the two 
methods are compared. It is found that interpolation can reduce the error. For the abnormal 
data, the data is subjected to impulse noise processing and high-frequency noise reduction 
processing in sequence. 
According to the extracted kinematics segments, the vehicle driving condition curve and the 
vehicle motion feature evaluation system are established. Principal component analysis 
method is used to extract the principal components of the feature variables, and K-Means 
clustering is performed on each kinematic segment by using the obtained principal components. 
It is found that the kinematic segments can be well divided into three categories, which can be 
performed by car motion state. Said. Through the evaluation of the vehicle motion condition 
curve constructed by the vehicle motion feature evaluation system, it is found that the 
constructed vehicle motion condition curve performs well and can comprehensively reflect the 
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real driving dynamics of the vehicle. Subsequent research can also be considered from the 
perspective of the vehicle mechanism, combined with actual data such as vehicle torque. 
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