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Abstract 
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Driving Data 

 
 

Sunghyun Jang 
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Seoul National University 

 

 

 

In this paper, a methodology that effectively classifies and 

analyzes arbitrary vehicle data obtained during driving according to 

the vehicle data characteristics is proposed. An algorithm that 

efficiently extracts related features is proposed by inputting the 

desired target data. In particular, in the case of using such an 

algorithm, it was judged that the purpose of obtaining new insights 

for research is to extract other considerable features, in addition to 

the features that are obviously related to the target data with 

vehicle dynamics knowledge. Therefore, a method to extract non-

obvious features was proposed. 

With the recent development of big data processing technology, 

attempts to analyze various industrial data are increasing. In this 

case, it is very important in terms of efficiency to use a data 
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processing technique tailored to the industrial characteristics of the 

data used. Signals extracted from the vehicle generate data based 

on a number of modules, and mode-type data representing a state 

and data representing a continuous number are measured based on 

various time steps. Depending on which module each data is 

measured in, the time step and the type of data change, and in order 

to use all of these various types of data for analysis, interpolation 

and classification need to be performed according to the 

characteristics of each data. Since data names are not considered in 

the data processing and analysis process, there is the advantage of 

being able to extract key factors and non-obvious factors related to 

target data with arbitrary driving data that is measured through any 

combination of modules.  

In this paper, a methodology to identify features that affect 

target data using vehicle driving data is proposed, and the 

methodology is verified by utilizing real road driving data of sedan 

with a D-segment hybrid drivetrain. The proposed methodology 

includes filtering, classification, analysis, grouping, and feature 

selection processes, and also includes the process of classifying 

non-obvious factors, excluding obvious factors in the correlation 

analysis with target data. In the process, after filtering and 

interpolating various data based on different time steps, features 

are classified into continuous features and discrete features, and 

analysis is conducted based on them. There are two main ways to 

set target data; a method of analyzing based on target data in all 

time steps and a method of analyzing differences by dividing the 

section of driving data based on the number of target data are 

proposed and verified.  
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By utilizing the methodology proposed, it is expected to provide 

an efficient solution for selecting features that predict desired 

target data during vehicle driving data analysis or suggesting 

insights through extracting unexpected features. 
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Chapter 1. Introduction 
 

 

 

 
With the recent development of big data processing technology○1 , 

attempts to analyze various industrial data are increasing○2 . In this 

paper, we propose a methodology to process, classify, and analyze 

arbitrary vehicle driving data. Since only the data itself was used 

without considering the data names in the classification and analysis 

process, arbitrary vehicle data can be used as an input regardless of 

which data is included or based on which time step each data is 

measured. 

 

The proposed methodology includes filtering, classification, 

analysis, and grouping processes and also includes a method to find 

unexpected features, excluding obvious features that are inevitably 

related through vehicle dynamics knowledge in the correlation 

analysis with target data.  

 

Two analysis methods are proposed according to the 

characteristics of the target data. First, in the case of general target 

data, there is a method of extracting important factors based on the 

target data in the entire time step for each of the classified 

continuous data and discrete data. Second, if the target index can be 

scored, there is a method of dividing the section of driving data 

based on the target index value and extracting the features showing 

the greatest difference in the high score section and the low score 

section. 
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In order to verify the methodology proposed in this paper, 

methods were presented at each step by using fuel consumption and 

fuel economy score as target data and use the driving data of the 

actual sedan with D-segment hybrid drivetrain as an input of the 

algorithm to obtain the results○3 . 

 

The significance of this paper is that it is possible to secure a 

methodology for processing raw data of arbitrary vehicle driving, 

select or process desired target data, and perform feature selection 

related to this. Through this, key factors and unexpected factors 

that affect the desired target data can be found, and these can be 

used for related logic design. 
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Chapter 2. Data Processing 
 

 

 

 

2.1 Identifying Data Structure 
 
 

2.1.1 Basic explanation  

 

 

In order to efficiently analyze various data at once, it is 

necessary to process all data so that it can be used at once. Data 

measured in one module is measured based on the same time step. 

However, data measured by different modules or sensors may have 

been measured based on different time step distributions, so it is 

necessary to check how many independent time steps exist. 

 

The difficulty in using arbitrary vehicle driving data is that the 

density or number of time steps may be different for each data, and 

even the time period in which each feature was measured may be 

different. Therefore, it is necessary to check the distribution of 

each time step and how many time steps the data were measured 

based on using digitization and visualization. In general, since 

various signals are measured in one device, it is possible to group 

features based on the measured time step. The reason why features 

are grouped based on time steps in this way is that groups to be 

excluded from analysis can be efficiently extracted through the 

uniformity and density of representative time steps for each group. 
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2.1.2 Verification with Actual Data 

 

 

The driving data of about 100 minutes of sedan with D-

segment hybrid drivetrain used as an example were classified based 

on time steps. 

 

In the case of the driving data used as an example, it was 

composed of 1312 features and could be arranged in a total of 122 

time step groups. 

 

 

 

 

2.2 Filtering Process 
 

 

2.2.1 Filtering Criteria 

 

 

It is necessary to filter out meaningless features among driving 

data and features that can act as disturbances in data analysis. 

When applying the criteria related to the density or uniformity of 

the time step among the criteria for filtering data○4 , the method of 

checking only the representative time steps for each group is used 

utilizing grouping based on the time step mentioned in 2.1.1 above 

to increase the efficiency.  

 

There are three criteria for filtering all data; First, a constant 

value feature that basically has the same value in all sections, 
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second, a feature with a time step that is much less than the time 

step density of the target data, third, a feature that can act as a 

disturbance due to the excessively uneven density of the time step. 

 

First, features that have the same value in all sections are 

removed because they have no meaning only for the driving data. 

The second and third filtering criteria were applied only to the 

representative time step of each group that was previously 

classified based on the time step to determine whether to filter the 

features belonging to each group. If the density of a specific time 

group is too small than the time step density of the target data, the 

data itself may be meaningless even after interpolation. If too much 

data is lost through this process, target data that considers the time 

step density of all data is required, and also the number of filtered 

features is checked, and the density ratio standard with the target 

data of an appropriate level needs to be set. The third criterion was 

to check the representative time steps of each group and filter them 

because if the distribution of the steps is too uneven, it may act as a 

disturbance in data analysis. 

 

 

Figure 2. 1 Example of normal time step with even time sampling 
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Figure 2. 2 Example of abnormal time step with uneven time sampling and too 

few time steps 

 

As mentioned in 2.1.1 above, since a device measures various 

signals based on the same time step, grouping can be performed 

based on time steps. Through this, features with the same time step 

are grouped and represented. If only representative time steps are 

compared, filtering criteria using time steps can be more efficiently 

applied. 

 

 

 

2.2.2 Verification with Actual Data  

 

 

Prior to applying the standards, real-time fuel injection amount 

data related to fuel economy information was designated as target 

data. 'CR_Ems_FueCon_uL', a fuel consumption feature used as a 

target index, is the data measured in uL units every time fuel is 

injected from the engine. Therefore, in this verification, the number 

of time steps of the group in which the'CR_Ems_FueCon_uL' data 

belongs to whether the values of the features in real time are 

related to the number of fuel injection is 617350 for a driving time 
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of approximately 6000 seconds, on average, once every 0.01 

seconds. This is the measured data, and the number of these 

617350 data is the highest among the time steps of the total 122 

groups. For an easy interpolation process, it is efficient to use 

target data with such a high-density time step. If the time step 

density of the desired target data is too low compared to the time 

step density of other data, it is possible to extract the key factor 

based on this, but it is possible to select the target data measured in 

detail as much as possible, or to select another dense time It is 

recommended to combine target data with features with steps. 

 

 

Figure 2. 3 Fuel injection quantity data utilized as target data 

 

Among the driving data of sedan with D-segment hybrid 

drivetrain used as an example, target data was designated as real-

time fuel injection data, and the three filtering criteria mentioned 

above were applied. First of all, 654 out of 1312 features were 

filtered by applying constant feature filtering, the first of the 

filtering criteria, leaving 658 features. In the process of applying 
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the second criterion, the threshold density ratio was set to 0.05, 

that is, 5%, based on the time step of the fuel consumption data, 

which is the target data mentioned above, and the features having a 

number of 5% or less of this number were filtered. In order to apply 

the third criterion, time steps of features were visualized as shown 

in figure 2.1 and figure 2.2 expressed as examples in 2.2.1 above, 

and the time group to be filtered was determined. 

 

The time step of the time step group to which the target 

data belongs is composed of 617350. As a result of filtering the 

features with the number of 5% or less and the time step group with 

non-uniform time steps as shown in the figure below, 252 features 

were filtered to extract a total of 406 significant features. Table 2.1 

expresses the total process. 

 

Total data # 
After ‘Constant Value’  

filtering 

After ‘time step # & time 

sampling uniformity’  
filtering 

1312 654 406 

Table 2. 1 Result after applying filtering process to actual data 
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2.3. Classification Process 
 

 

 

2.3.1 Basic Explanation 

 

 

The features of driving data can be classified into a continuous 

feature and a discrete feature. Continuous features are features 

such as driving speed and acceleration, and the data values 

themselves are features that have meaning. Therefore, even if it is 

an integer type factor, such as a feature in which the SOC is 

expressed as a percentage, it is classified as a continuous feature. 

Discrete feature is defined as mode-type data that has no meaning 

in the number itself. Examples of discrete features are 0x0:ES 

(Engine stop) / 0x1:ST (Start) / 0x2:IS (Idle speed) / 0x3:PL (Part 

Load) / 0x4:PU (Pull) / 0x5:PUC (Fuel There is'CF_Ems_EngStat', 

a feature that expresses the engine operating state, which is 

composed of the same number as cut-off). In other words, 

continuous features are features whose numerical values change 

according to time steps have meaning, discrete features are data 

expressing the status of features, and features that have no 

meaning in numerical values themselves. 

 

The reason why the entire data is classified into continuous 

features and discrete features is that continuous features and 

discrete features must be processed differently during interpolation 

and target data processing. As will be explained later in Chapter 3 

Data Analysis, when analyzing the continuous feature and the 
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discrete feature, different methods should be used according to the 

characteristics of each data. Also in the interpolation process, the 

continuous feature with significant data values requires 

interpolation according to the desired time step. You can proceed, 

but in the case of discrete features, the numerical value of the data 

itself has no meaning, so each feature value must be used as a 

different factor. In addition, in the case of a discrete feature, in 

order to extract the core factor through data and use it as an input 

value of the learning model to verify it, it is necessary to transform 

the target data into a discrete form accordingly. 

 

As a criterion for classifying continuous features and discrete 

features, first, the distribution of the number of unique values of 

features should be examined. If the number of unique values can be 

clearly divided into two groups, it is efficient to classify them based 

on the number of unique values that can distinguish the two groups. 

 

 

Figure 2. 4 Number  of unique values in each data arranged in ascending 

order 

 

Figure above, it can be seen that the number of unique values of 

all features is not clearly divided based on a certain level. If the 

number of unique values is not clearly divided into two groups, as in 

the example of figure 2.4 above, it can be classified into a 

continuous feature and a discrete feature through a criterion for 



 

 １１

determining whether data values are integer types. Also, in the case 

of general mode-type data, 0 represents the basic status, so 

whether or not 0 can be considered as a classification criterion. It is 

not difficult to implement these standards in code, so it is necessary 

to analyze the entire data while changing the standards. As defined 

above, whether the numerical value itself is meaningful depends on 

whether the data is classified as a continuous feature or a discrete 

feature, so if there is an error, the incorrectly classified data may 

not be properly analyzed. Therefore, it is necessary to examine the 

distribution of the number of unique values of the data and the case 

of ambiguous data. If only the first preprocessing process goes 

through the process of checking more specifically, the analysis 

process afterward is automatically processed, so some effort is 

required in the previous part. 

 

 

 

2.3.2 Verification with Actual Data 

 

 

In the case of the driving data used as an example, when the 

distribution of the number of unique values of each feature was 

checked, it was not clearly divided into two groups, so the 

remaining two classification criteria mentioned above were used. As 

a result, it was possible to classify 406 features out of 1312 

features into 202 continuous features and 204 discrete features. 

 

Total feature number 
Continuous feature 

number 

Discrete feature 

number 

406 202 204 

Table 2. 2 number of total features, continuous features, and discrete 
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features 

In addition, the details will be explained later in Chapter 3. 

Data analysis, but since continuous data and discrete data have 

different meanings in the data values themselves, different analysis 

methods should be used depending on the type of data. In this case, 

when the target data is continuous data, the target data must be 

discretely transformed in the process of extracting a core feature 

among discrete features. The conversion method is to set the 

number of steps and divide the distribution of target data into steps 

as many as the set number. 

 

Figure 2. 5 Transformation of continuous target data to discrete data 

 

Figure 2.5 above, it can be seen that the fuel injection 

amount data, which is the target data used as an example with a 

continuous value between 0 and 40, was converted into discrete 

data with 11 values from 0 to 10. The converted target data will be 

used when selecting a core feature among discrete features, and a 

specific methodology will be introduced in Chapter 3 Data analysis. 
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2.4. Interpolation Process 
 

  

 

After classifying all features into continuous features and 

discrete features, it is necessary to interpolate all features 

according to the time step of the target data. 

  

At this time, in the case of continuous features, since the 

numerical value itself has meaning, even if the density of the time 

step is different from the time step density of the target data, the 

target data can be easily converted according to the measured time 

through the linear interpolation process.  

 

In the case of the discrete feature, the numerical value itself 

has no meaning, and the value corrected through linear interpolation 

may be a value that can never come out from the actual data. 

Therefore, the interpolation process must be performed through the 

following two criteria. If the density of the time step of the discrete 

data is higher than the density of the time step of the target data as 

a whole, and there is a lot of data between the time when the target 

data is measured, the most frequent value in between is put into the 

measurement time of the target data. If the overall density of the 

time step of the discrete data is lower than the density of the time 

step of the target data, the most recent value is inserted at each 

measured time of the target data. When the time step density of the 

discrete data is lower than the time step density of the target data, 

it is important to note that the fact that the discrete data was 

measured at some point indicates that there was a fluctuation in the 

data during that time. It means that the most recent discrete data 
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should be substituted, not the value of the discrete data closest to 

the measurement time.○5  
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Chapter 3. Data Analysis 
 

 

 

3.1 Two Data Analysis Methods depending on the type of 
Target Data 
 
 

3.1.1 Brief Introduction  

 

 

Before introducing data analysis, I would like to introduce the 

types of target data. Two analysis methods are proposed according 

to the type of target data; An analysis method that can be applied to 

general target data and an analysis method that can be applied when 

target data is scorable. 

 

In Chapter 2 Data preprocessing, the fuel consumption feature 

used in verification through actual data can be said to be a general 

case. When target data is set to be scorable, a desired target can be 

set more specifically. Therefore, we will select each case of target 

data and explain each method based on the actual driving data used 

as an example below. 

 

 

3.1.2 General Type of Target Data 

 

 

First, it is a method that can be applied to a general target index. 

As an example of the target index, there is the fuel consumption 

feature 'CR_Ems_FueCon_uL' used above, and the graph is as 
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follows. 

 

 

Figure 3. 1 Fuel consumption feature target data (general case, continuous 

type) 

 

In this case, the entire time step of each feature data goes into 

the input. As will be explained later in 3.2 and 3.3, the continuous 

feature and the discrete feature are classified and analyzed 

according to the method suitable for the characteristics of each data. 

When conducting analysis, this basic format of target data can be 

used to extract core features with appropriate numbers, if possible, 

use them. However, if the core feature extraction is not smooth 

when the target data of the basic format is used, the target data can 

be set to be scorable and used. In 3.1.3 below, we will introduce a 

method of setting scorable target data using the fuel consumption 

feature. 
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3.1.3 Scorable Type of Target Data 

 

 

In the general format of target data introduced in 3.1.2 above, a 

method of setting scorable target data that can be used when core 

feature extraction is less than a satisfactory value is introduced. 

Scorable target data gives a clear meaning to the high and low 

target data values. When target data is set in this way, the time step 

section is divided based on the high score section and the low score 

section of the target data, and features showing the greatest 

difference between the high score section and the low score section 

are extracted. Simply put, target data is discrete, and features that 

change the most when the section is different are extracted. In this 

case, since the basic unit of analysis is not a specific value of target 

data, but a wider range of target data score sections, key features 

can be found more efficiently. However, when the selected features 

are input as input, the specific numerical prediction accuracy of 

target data may not be relatively high. 

 

 

Figure 3. 2 Scorable target data example considering fuel consumption rate 

and delta SOC 
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The target data used as an example in figure 3.2 above is data 

that simultaneously considers the fuel consumption feature and the 

value converted from SOC change into fuel amount and is a number 

related to fuel economy in a hybrid system. The higher the number, 

the lower the fuel economy score. After setting the desired 

scorable target data in this way, divide the score section 

distribution by the number of desired steps, and then proceed with 

the data analysis described in 3.2 and 3.3. First of all, it is 

recommended to proceed with the analysis considering the entire 

set score stage first and then use only the highest and lowest score 

segments if the core features with a satisfactory value cannot be 

extracted. 

 

Alternatively, scorable target data having high fuel efficiency 

and low SOC variation as a high-score section can be set by 

combining existing features and using a new index. To take a simple 

example, if there is a feature representing the existing fuel 

efficiency and a feature representing the real-time delta SOC, 

combine the two to create a feature such as , and 

appropriately designate the k1 and k2 constant values as target data. 

There is a way to use it. 
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Figure 3. 3 Another example of scorable target data 

 

Visualizing the example described above is shown in figure 3.3. 

 

 

 

 

 

3.2 Continuous Data Analysis and Limitations 
 

 

In the case of a continuous feature, since the numerical value of 

the data is significant, the influence of the feature is basically 

analyzed through correlation analysis. ○6  Here, the correlation 

coefficient is basically used, and the correlation coefficient between 

any two data is a value of how much the two data increase or 

decrease the number. The correlation coefficient has a value 

between -1 and +1; the closer to +1, the same tendency of 

increasing or decreasing the value, and the closer to -1, the 

opposite the tendency of increasing or decreasing the value. 

Therefore, the closer the correlation coefficient value is to +1 or -

1, that is, the greater the absolute value of the correlation 
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coefficient, the greater the correlation between the two data. 

Correlation coefficient of target data and each continuous feature 

Using the 202 continuous features classified in Chapter 2.3, the 

correlation with the target index can be summarized through 

correlation analysis. 

 

 

Figure 3. 4 Positive correlation coefficient values of continuous features 

 

 

Figure 3. 5 Negative correlation coefficient values of continuous features 
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Figure 3.4 is a graph of positive correlation coefficient 

values between target data and continuous features, and Figure 

3.56 is a graph of negative correlation coefficient values. As 

mentioned above, the larger the absolute value of the correlation 

coefficient value, that is, closer to +1 or -1, the deeper the 

relevant feature is with the target data. At this time, a problem 

arises in selecting a core feature from among the features belonging 

to this actual data. 

 

Figure 3. 6 High values of positive correlation coefficient  

 

In this case, it can be seen that a number of features have a 

high correlation value of 0.9 or more. Here, two main problems can 

be pointed out. 

 

First, if there is no information about the target data at all, 

and there is no information at all about which features the target 

data is related to, the graph above can be a very positive situation. 

However, the fuel consumption data set as target data now clearly 
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knows its meaning, and what features are actually related to the 

viewed target data is known through vehicle dynamics knowledge. 

In this case, looking at factors with a correlation value of more than 

0.9, these are obvious features that are naturally correlated with 

the fuel consumption data. When trying to gain new insights using 

big data, there are many cases where you want to find unexpected 

and unexpected features instead of checking obvious features you 

already know. The situation in which unexpected features cannot be 

found due to the high impact of these obvious features with target 

data can be a problem. 

 

Second, in the case of creating a learning model by selecting 

core features and using the selected factors as input data, the fact 

that features with similar tendencies are simultaneously used as 

input data may hinder the accuracy and efficiency of the learning 

model.○7  In this respect, obvious features are, of course, necessary 

for model accuracy, but it is better to avoid using many of the 

obvious features of similar tendencies as input. In fact, the 

correlation coefficient distribution chart between the top 9 factors 

and target data, total 10 features specified in figure 3.6 above. 
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Figure 3. 7 Correlation coefficient distribution chart of top 9 positive 

correlation coefficient features and target data 

 

Figure 3.7 is a correlation coefficient distribution chart between 

the top 9 features of figure 3.6 and target data. If you check the 

chart, you can see a very high correlation between the upper 

features. 
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Figure 3. 8 Correlation coefficient distribution chart of top 9 negative 

correlation coefficient features and target data 

 

Figure 3.8 is a correlation coefficient distribution chart 

between the top 9 features of figure 3.5 and target data. When 

checking, it can be seen that the correlation between the features is 

low when compared with the upper features of the positive 

correlation coefficient. In this case, it can be seen as a positive 

situation compared to the features in figure 3.7 because it is put as 

an input of the learning model. 

 

The following is a summary of the problems found through 

continuous data analysis. First of all, the situation in which 

unexpected features cannot be found due to the high influence of 
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obvious features with target data is not suitable for big data 

analysis. Second, if features are extracted and used as input data of 

a learning model that predicts target data, the selected features 

should be prevented from showing similar trends. 

 

We will propose a solution to solve the above two limitations 

in Chapter 4 Solution. 

 

 

 

3.3 Discrete Data Analysis 
 

 

As mentioned in Chapter 2, if the driving data is classified as 

a discrete feature, it is data in mode format that has no meaning in 

the numerical value itself. In this case, an analysis using correlation 

that follows the trend of increasing or decreasing the number 

cannot be applied. We introduce two methods that can extract key 

factors from these discrete features, and try to verify them using 

actual data. 

 

In the case of discrete feature analysis, since fuel 

consumption data, which is the target data used for verification, is 

continuous, it is necessary to discrete the target data for efficient 

feature selection. The target data values were divided into 11 

sections from 0 to 10, and discrete was performed. The minimum 

value of the existing continuous target data is 0, and the maximum 

value is about 36. Data with a value of 0 are placed at 0, and the 

remaining values are divided into 10 groups by unifying the number 

of data belonging to each section. In turn, it was expressed by 
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dividing into values from 1 to 10. In this case, although the target 

data was converted to discrete, the converted target data has 

meaning in the numerical value itself. This transformation is 

illustrated in figure 3.9 below. 

 

 

Figure 3. 9 Transformation of continuous target data to discrete data 

 

The interpolation process of discrete data must be handled 

differently from continuous data. Since each time step has a 

different time interval and each interval is not constant, in the case 

of discrete data, unlike the case of continuous data in which general 

interpolation is performed, interpolation should be performed by 

selecting the most frequent value. 

 

 

3.3.1 Mutual Information Method 

 

 

Since the discrete feature has no meaning in the number itself, 

it was determined that feature selection should be performed using 

each value as an independent factor. For a simple example, taking 

the discrete feature, which is engine state data, as an example, 

engine stop mode, which equals to 0 value, is not related to target 

data, but engine idle mode, which equals to 2 value, may be related 
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to target data. Therefore, each value constituting the data of the 

discrete feature must be considered as an independent factor. 

 

To express this, one-hot encoding was used. We used a 

method in which all the values constituting the data of the discrete 

feature are columnized, and only the number of values expressed by 

time is expressed as 0 and 1. I will briefly introduce this logic 

through an example below. 

 

 
Figure 3. 1 Example of processing discrete data 

 

In Figure 3.9, the method of configuring each numerical value as 

an independent factor with random discrete features of A and B was 

described. Looking at the first table in Figure 3.9, you can see that 

feature A is composed of 0, 1, and 2, and feature B is composed of 

0, 1. At this time, each value of feature A and feature B was 

composed of a total of 5 independent features, A_0, A_1, A_2, B_0, 

B_1, and assigned to each column to express whether each value 

appeared as 0 or 1. 

 

Through this method, a total of 801 columns were created from 

the existing 204 discrete features, and features were extracted 

using this dataset. 
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The method to be used in 3.3.1 is a mutual information method. 

Mutual information refers to the amount of information provided by 

the change of the value of the input data to the change of the target 

data. In other words, the mutual information value between two data 

is a measure of how much the change in the values of the two data 

affects each other. The greater the amount of information two data 

provides for changes in each other's values, the greater the mutual 

information value. Therefore, a feature that has a larger mutual 

information value with target data can be considered a core feature. 

The formula expressing the mutual information value is as follows.○8  

 

 
Equation 3. 1 Mutual information value equation 

 

As a result of calculating mutual information values, the 

following results were obtained using the target data converted to 

discrete and the dataset expressing each value of the discrete 

feature as an independent feature.  
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Figure 3. 2 Mutual information values 

 

In Figure 3.11, the mutual information value between 801 new 

independent features and target data subjected to discrete 

transformation is expressed. At this time, looking at the distribution 

of mutual information values of features, there are exceptionally 

high values, and this inequality shows that analysis through mutual 

information is significant. 

 

 

Statistics of Mutaul information values of 801 

features 

average 0.0302 

median 0.00423 

Table 3. 1 Average and median of mutual information values of 801 features 
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Data 명 M.I. 값 

CF_Ems_CAMAct_Cmp_0 0.541 

CF_Ems_CAMAct_Cmp_1 0.538 

CF_Ems_EngStat_x_3 0.514 

CF_Hcu_SolClnEna_1.0 0.509 

CF_Ems_EngStat_y_3 0.517 

CF_Hcu_CltCtrPhase_0 0.525 

CF_Hcu_CltCtrPhase_4.0 0.523 

CF_Hcu_EngCltStat_0.0 0.525 

CF_Hcu_EngCltStat_2.0 0.521 

CF_Hcu_InjEnbpHCU1_0.0 0.544 

CF_Hcu_InjEnbpHCU1_1.0 0.543 

CF_Hcu_EngTqGenDcs_0.0 0.544 

CF_Hcu_EngTqGenDcs_1.0 0.547 

Table 3. 2 13 Features with mutual information value > 0.5 

 

Table 3.1 shows that the average value of mutual information 

values of 801 features is 0.0302, and the median value is 0.00423. 

Table 3.2 introduces 13 features with mutual information values of 

0.5 or more. When looking at the mutual information value, looking 

at the difference between the values of the upper features and the 

values of the general features, it can be seen that it is effective to 

use the concept of mutual information to analyze discrete features. 

In this way, a fully connected neural network consisting of two 

layers with 64 identical nodes is trained to extract core features 

using the concept of mutual information and verify whether the 

features are the optimal core features that actually derive target 

data. We constructed a model and used the features as input data to 

proceed with training. For comparison, 30 features with mutual 
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information value near the median and top 30 features with mutual 

information value were used as input data in the same learning 

model, and training was conducted and the results were compared. 

 

 

 
Figure 3. 3 Comparison between target data and prediction with top 30 

features 

 

 
Figure 3. 4 Comparison between target data and prediction with 30 features 

near median 

 

Figure 3.12 is a comparison graph using the top 30 features of 

mutual information value with target data as input data. Figure 3.13 

is a comparison graph using 30 features whose mutual information 
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value with target data is near the median value as input data. The 

learning model with two features is the same fully connected neural 

network consisting of two layers with 64 nodes. In Figure 3.12, 

since 30 input data formats are binary data with only 0 and 1, it is 

difficult to predict numerical values accurately, but it can be seen 

that the trend of changes in target data is almost accurately 

followed. However, Figure 3.13 shows that the result of learning 

through 30 common features on the concept of mutual information 

near the median, that is, the mutual information value can hardly 

predict the target data. 

 

 
Figure 3. 5 Learning curve for top 30 features 
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Figure 3. 6 Learning curve for 30 features near median  

 

Figure 3.14 and figure 3.15 are the learning curve of the 

learning model using the top 30 features of mutual information value 

with target data and the learning curve of the learning model using 

30 features with mutual information value near the median, 

respectively. If you compare these two graphs, you can see that 

there is a vast difference. The target data ranges from 0 to 10, 

showing a range of 10 sizes. Figure 3.14 has an MSE of 1.5 level, 

and figure 3.15 has an MSE of 8.1. Through this result, it was 

verified through actual data that the feature extraction based on 

mutual information is meaningful. 
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3.3.2 Cramer’s V Method 

 

 

Cramer's V method, like the mutual information method, is an 

index that measures the correlation between two data. It has a 

value between 0 and 1, and the closer it is to 1, the more 

pronounced the association is. Cramer's V index is a factor related 

to chi-squared value, comparing the frequency of appearance of 

discrete data observed between two data.○9  When using this method, 

the target data was converted to discrete in the same way as the 

mutual information method. At this time, by extracting the Cramer's 

V value between target data and 204 discrete features, setting 0.4 

as the threshold value, and extracting 23 factors as shown in the 

table below. 

 

CF_Ems_CAMA

ct_Cmp 
CF_Eng_TqCtrStat 

CF_Ems_EngStat_

x 

CR_Ems_InCAM

adv_deg 

CF_Ems_Eng1s

tFire 
CF_Hcu_SolClnEna 

CF_Gcu_HsgPwm

On 

CF_Tcu_ECSolC

lnAct 

CF_Fatc_WPmp

OnReq 

CR_Fatc_AewpReq

_Rpm 

CF_Ems_EngS

tat_y 

CF_Ems_FrtCm

bCmp 

PID_03h 
CF_Hcu_EngCltSta

t 

CF_Hcu_CltCtrPha

se 

CF_Hcu_InjEnbp

HCU1 

CF_Hcu_EngTq

GenDcs 

CF_Hcu_PTOperM

odforECU 
CF_Hcu_Ovrride 

CF_HCU_EngEc

oInh 

CR_Hcu_HevM

od 

CF_Gcu_HsgOvSpd

LmtFlag 

CF_Mcu_MotOvSp

dLmtFlag 
 

Table 3. 3 23 Discrete features with an Cramer’s V value >  0.4 

 

A heatmap was constructed based on the 23 factors specified in 

Table 3.3 above. In later chapter 4, we will explain how to filter out 

obvious features and an automated methodology to filter out 

features with similar trends. The significance of this heatmap 
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introduced here is an example so that features with similar trends 

can be visually identified. It is in introducing. Although this is not an 

automated methodology, you can visually see the correlation 

between the selected features. 

 

 

 
Figure 3. 7 Heatmap representing association between selected features  

 

Figure 3.16 is a heatmap that expresses the degree of 

correlation between the selected 23 features in color. The color in 

this heatmap means that the darker the color, the more closely 

related features are. The criterion for judging was the Cramer's V 

value between the selected features. By utilizing this type of 

heatmap, it is possible to visually check the selected feature 

combinations with similar trends. 
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Target data was predicted by inputting 23 features selected 

based on Cramer's V value. The learning model used is a fully 

connected neural network composed of two layers with 64 nodes, 

which is the same model as the learning model that verified the 

mutual information method in 3.3.1. The learning curve of the 

predicted result is as the figure below. 

 

 
Figure 3. 8 Learning curve of model using 23 features selected based on 

Cramer’s V value as input 

 

At Figure 3.17, the calculated MSE value is very small, so it can 

be seen that learning is very good. To explain the exact number, 

the training loss was 0.1619, and the validation loss was 0.1578. 
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3.3.3 Comparison between Mutual Information Method and 

Cramer’s V method 

 

 

The mutual information method was introduced in 3.3.1 above, 

and the Cramer's V method was introduced in 3.3.2. In order to find 

out the suitability of the features extracted through the two 

methods with the target data, the accuracy of target data prediction 

was investigated by using two feature groups as inputs of the same 

learning model. The comparison of the learning curve in the two 

cases is shown in the figure below. 

 

 
Figure 3. 9 Learning curve comparison between models with mutual 

information method based feature group and Cramer’s V method based 

feature group 

 

In the case of the driving data used as an example, as a result 

of training the neural network model for predicting target index 

based on factors extracted using the Mutual information method and 

Cramer's V method, Cramer's V method showed better performance 

as shown in Figure 10. The learning rate was remarkably fast, and 

the MSE values for the same target data also showed a big 

difference of about 1.5 for the mutual information method and 0.15 

for the Cramer's V method. Accordingly, it is concluded that 



 

 ３８

Cramer's V method would be better suited to discrete features of 

various modes of driving data in general. 
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Chapter 4. Solution  
 

 

 

 

 

 

As mentioned in Chapter 3, two problems are expected in the 

continuous feature analysis, and solutions for this will be introduced 

in this chapter. These solutions can be applied not only to the 

continuous feature but also to discrete data. 

 

During continuous feature analysis, two limitations were 

discovered. First, obvious features that can be known by existing 

vehicle dynamics knowledge are extracted. This does not fit the 

significance of big data analysis to find unexpected features when 

the information about the target data and the dynamic meaning are 

known. Second, there is a need for a method to extract by 

preventing excessively high correlation between the extracted 

features. If the extracted features are to be used as inputs of the 

target data prediction learning model, the extraction of a large 

number of these features may adversely affect the learning 

efficiency. In this chapter, two solutions are proposed to 

compensate for this problem. 
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4.1 Solution with New Index 
 

 

In selecting the features that will be input to the artificial neural 

network-based target index prediction model, the following index, 

shown in Figure 11, was developed to prevent simultaneous feature 

selection of factors with similar trends.  

 

 
Equation 4. 1 New index for selecting nonobvious features 

 

In the case of the new index, not only the correlation value with 

the target data was checked, but the maximum value among the 

correlation values between the previously selected features and the 

new feature was substituted in the denominator to prevent 

simultaneous selection of features with similar trends. However, it 

is difficult to use this index as a standard for feature selection. In 

this case, the degree of association with target data may be too low, 

as shown in the example below.  

 

 

 Corr (x,y) Max Corr (x, xi ) 

CR_Ems_IndTq_WOintvHP_Pc 0.972 - 

PID_06h 0.016 0.004 

CR_Hcu_MotTqLmtGCmd_Pc 0.256 0.186 

CR_Tcu_TqRedReq_Pc 0.0929 0.0742 

CR_Hcu_HsgTqCmd_Pc 0.0982 0.0930 

Table 4. 1 Example of utilizing unmodified index 
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Therefore, in the case of using this index, constant values that 

can be corrected must be added to each of the denominator and 

numerator. In order to find the optimal constant value, the optimal 

constant value automatically instead of examining the feature list 

after extracting the actual feature. I couldn't find a way to find it. To 

complement this, we propose a grouping method in 4.2. 

 

 

 

4.2 Solution with Grouping Method 
 

 

The primary purpose of the grouping method is to develop an 

algorithm that automatically groups factors with similar trends 

among features. This method was developed for three purposes; 

First, it is possible to find a group of obvious features that 

inevitably have a large correlation with the target index, and second, 

it is possible to analyze mainly the remaining factors excluding the 

obvious factors among the factors selected as features, and third, 

the significant number of factors within a specific group If it is 

selected as a feature, it can be selected as an important group and 

analyzed for the remaining factors. 

 

In the case of this method, it is necessary to approach each of 

the continuous and discrete features in different ways. In the case 

of continuous features, features that have a specific threshold or 

higher are arranged in the same group, and in the case of discrete 

features, K-means clustering is used after constructing a space 

using Cramer's V value as a column. The key to this grouping 

method is how to automatically find the optimal threshold value for 
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the continuous feature and how to automatically find the optimal K 

value for the discrete feature. 

 

 

4.2.1 Grouping Method for Continuous Features 

 

 

First, in the case of the continuous feature, the absolute values 

of the correlation coefficients between data were compared, and 

when the values were higher than a certain threshold, they were 

arranged in the same group. For each group, grouping was started 

by creating two dictionaries containing the feature names included 

in the group and the data values representing them. If the 

correlation value with each item is greater than or equal to the 

specified threshold value, a factor is assigned to the group. If the 

maximum value among the correlation values with all items is less 

than the threshold value, it is assigned as the first feature of the 

new group. The optimal grouping selection criterion is when the 

number of duplicate factors is the smallest compared to the number 

of groups. 

 

Figure 12 is an example of searching for an optimal threshold 

value for grouping continuous features using actual data. 
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Table 4. 2 Example of searching optimal threshold values for grouping 

continuous features 

 

In the case of the continuous feature used in Table 4.2, the 

optimal threshold value is 0.7 when 19 groups are created with 202 

features. 

 

 

4.2.2 Grouping Method for Discrete Features 

 

 

For discrete data, K-means clustering was used based on the 

Cramer's V value between each factor. Cramer's V matrix between 

the factors was vectorized and assigned to each column, and K-

means clustering was applied using this. The squared Euclidean 

distance was substituted for the distance between vectors. To find 

the optimal number of clusters, we searched for the point with the 

greatest slope change as the K value changed based on the within-

cluster sum of squares (WCSS) value. By using the discrete 
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features of actual data in the figure below, the within-cluster sum 

of squares value according to k value was visualized as a graph. 

 

 

 
Figure 4. 1 Example of searching optimal k-value for grouping discrete 

features 

 

If you check the graph in figure 4.1 above, you can see that the 

optimal grouping proceeds when the k value, that is, the number of 

groups, is 21. 

 

 

4.2.3 Brief Introduction of Utilizing Grouping Method 

 

 

Here is a summary of how the grouping method proposed in 4.2 

is used. 

 

First, upon receiving raw data of vehicle driving, after 

preprocessing such as filtering and interpolation, all features are 
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classified into continuous features and discrete features. After that, 

grouping is applied to continuous features and discrete features 

according to an automated algorithm. Afterward, obvious features 

showing a very high correlation with target data are selected, and 

distributions containing obvious features in all groups are checked. 

 

After that, the groups that contain more than a certain 

percentage of obvious features in the entire group are specified as 

obvious feature groups. By setting the group to 'group of interest', 

you can examine the remaining features of the group. A simple 

example is shown below. 

 

 
Figure 4. 2 Example figure for brief introduction of utilizing grouping method 

 

The features marked with squares in figure 4.2 above are the 

upper factors, and features marked with X marks are obvious 

features. Therefore, in the case of the simple example feature list 

as above, it can be assumed that Var_1_2 and Var_1_4 are obvious 

features like other features in the same group. In addition, Var_4_3 

and Var_4_4 are not selected as higher features, but are features 

that belong to the same group as Var_4_1 and Var_4_2, which are 

nonobvious features, so it can be assumed that they are sufficiently 
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considered features. 

 

 

4.3 Predicting Target Data with Features 
 

 

Based on the algorithm introduced so far, key features were 

selected and used as input data of a neural network composed of 

two layers with 64 nodes to perform target data prediction. By 

constructing various feature combinations, various results were 

obtained as well. At this time, in the case of the grouping method, 

among features that are not obvious features, features that have an 

unexpected correlation with the target data and considerable 

features that can be a key factor through this, and in the case of a 

method using a new index, The goal is to make the features that will 

be used as inputs of the target data prediction learning model 

consist of various features that do not have similar trends. Through 

the figures below, 12 features are extracted from actual data by 

adding appropriate constant values to the new index, and the results 

of learning using them will be introduced. 
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Figure 4. 3 Comparison between target data and prediction 

 

 
Figure 4. 4 Learning curve comparison 

From Figure 4.3 and Figure 4.4, it is confirmed that the 

target data with a standard deviation value of 7.5 were predicted 

well with an MSE of 0.5. 
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Chapter 5. Conclusion 
  

 

 
In this paper, a methodology was proposed to automatically 

extract core features related to the desired target data by using 

arbitrary driving data of hybrid vehicles. In the process, vehicle 

data was classified into continuous features and discrete features, 

and an effective feature selection method was proposed according 

to the characteristics of the data, and the method was verified to be 

effective through real road driving data of sedan with D-segment 

hybrid drivetrain. In addition, a new index and grouping method 

have been proposed to extract non-obvious features that can be 

considered, excluding obvious features that can only be related to 

target data in vehicle dynamics. As a result of extracting features 

for target data prediction and using them as inputs of the learning 

model, it was confirmed that target data with an existing standard 

deviation value of about 7.5 were predicted well with a number of 

MSE of about 0.5. 

By utilizing the proposed methodology, it is expected that 

unexpected features that are worth considering related to the set 

target data can be extracted, or core features related to target data 

whose mechanical meaning is difficult to know can be extracted and 

utilized for research. 
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Abstract in Korean 

 

 
본 논문에서는 차량 데이터의 특성에 맞추어, 주행 시 얻어지는 임

의의 차량 데이터을 효과적으로 분류 및 분석하는 방법론을 제안한다. 

원하는 target data를 입력해주면 효율적으로 관련 feature들을 추출하

는 알고리즘이 제안된다. 특별히, 이러한 알고리즘을 사용하는 경우는, 

target data와 차량 동역학적으로 obvious하게 연관이 있는 feature들 

말고도 연구에 새로운 insight를 얻고자 하는 목적, 즉 다른 고려할만한 

feature들을 추출하고자 하는 목적이 있다고 판단했고, 따라서 뻔하지 

않은 feature들을 추출하는 방안을 제시하였다.  

 

최근 빅데이터 처리 기술이 발전함에 따라 다양한 산업 데이터들을 

분석하려는 시도가 증가하고 있다. 이 때, 사용하는 데이터의 산업적 특

성에 맞춘 데이터 처리 기법을 활용하는 것은 효율성 측면에서 매우 중

요하다. 차량에서 추출된 신호들은 다수의 모듈을 기준으로 데이터들이 

발생하며, 상태를 표현하는 mode형 데이터와 continuous한 수치를 나

타내는 데이터들이 다양한 time step을 기준으로 측정된다. 각각의 데이

터가 어떠한 모듈에서 측정되는지에 따라 time step이나 데이터의 종류

가 달라지게 되고, 이러한 다양한 종류의 데이터들을 분석에 모두 활용

하기 위해, 각 데이터의 특성에 맞추어 interpolation 및 분류를 진행할 

필요가 있다. 데이터 처리 및 분석 과정에 있어서 데이터명들을 고려하

지 않았기 때문에, 어떠한 모듈 조합을 통해 주행 데이터가 측정되더라

도, 임의의 주행 데이터를 받아서 목표하는 target data와 연관된 핵심 

인자 및 뻔하지 않은 인자들을 추출할 수 있다는 장점이 있다.  

 

본 논문에서는, 차량 주행 데이터를 활용하여 target data에 영향을 

주는 feature를 파악하는 방법론을 제안하고 sedan with D-segment 
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hybrid drivetrain의 실제 주행 데이터를 활용하여 연비 관련 feature를 

target data로 설정하여 그 방법론을 검증한다. 제안된 방법론에는 크게 

필터링, 분류, 분석, grouping, feature selection 과정이 포함되고, 

target data와의 연관도 분석에서 obvious한 인자들을 제외한 뻔하지 

않은 인자들을 구분하는 과정도 포함된다. 그 과정에서 서로 다른 time 

step을 기준으로 한 다양한 데이터들을 필터링 및 interpolation 한 뒤, 

feature들을 continuous feature와 discrete feature로 분류하고, 이를 

바탕으로 분석을 진행한다. target data를 설정하는 방법도 크게 두 가지

로 나눌 수 있다; 전 time step에서 target data를 기준으로 분석하는 

방법과, target data의 수치를 기준으로 주행데이터의 구간을 나누어 다

른 점을 분석하는 방법을 제안하고 검증한다. 

 

본 논문에서 제안한 방법론을 활용하면, 차량 주행 데이터를 활용한 

분석에 있어서, 설정한 target data을 예측하는 인자 조합이 필요하거나 

혹은 target data와 관련이 있는 예상하지 못한 인자들 추출을 통해 

insight가 필요할 때 효율적으로 솔루션을 낼 수 있을 것으로 예상된다.  

 

 

키워드 : 하이브리드 차량, 주행 데이터, 데이터 분석, 인자 추출 
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