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Abstract 

It is important to detect faults in bus details at an early stage. Because the driving style 

affects the breakdown of different details in the bus, identification of the driving style is 

important to minimize the number of failures in buses. 

The identification of the driving style of the driver was based on the input data which 

contained examples of the driving runs of each class. K-nearest neighbor and neural networks 

algorithms were used. Different models were tested. 

It was shown that the results depend on the selected driving runs. A hypothesis was 

suggested that the examples from different driving runs have different parameters which affect 

the results of the classification. 

The best results were achieved by using a subset of variables chosen with help of the forward 

feature selection procedure. The percent of correct classifications is about 89-90 % for the k-

nearest neighbor algorithm and 88-93 % for the neural networks.  

Feature selection allowed a significant improvement in the results of the k-nearest neighbor 

algorithm and in the results of the neural networks algorithm received for the case when the 

training and testing data sets were selected from the different driving runs. On the other hand, 

feature selection did not affect the results received with the neural networks for the case when 

the training and testing data sets were selected from the same driving runs. 

Another way to improve the results is to use smoothing. Computing the average class among 

a number of consequent examples allowed achieving a decrease in the error. 
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1. Introduction 

Automobile transportation is widespread in the world today. A popular type of public 

transportation is the bus. Buses are widely used for different purposes, like the carriage of 

passengers inside the city, and between cities and for tourist trips. A bus operator company is 

interested in maintaining the buses in good condition. Failure to meet the schedule of a certain 

bus line can result in fines. 

It is important for this reason to detect failures in the buses at an early stage. In order to 

achieve this, a monitoring system can be used. The system can be constructed out of sensors, 

which provide input data, and algorithms to analyze this data. Sensors are installed in buses and 

collect information from different components and systems. On the basis of this data, 

conclusions are made about those bus details that are close to breakdown. Detecting such 

components at an early stage will help to prevent serious failures of the bus and, consequently, 

save time and money needed for repair. 

Analyzing factors which can affect the breaking of the bus components can help to reduce 

failures. One of these factors is the driving style of the driver. It was proposed that there is a 

relation between wear, or failures of different parts of buses, and the driving styles. For example, 

one driver may be more careful with the bus and does not use it too close to its maximum 

capabilities; therefore, less wear is caused to the bus over time. Another driver may drive hard 

using, for instance, rapid acceleration and braking. This causes more deterioration of the bus 

components and consequently more failures. A hard driving style may also lead to higher fuel 

consumption and emissions. For these reasons, it is important to determine the driving style of 

the driver. Detecting the driving style will allow the avoidance of situations when the bus is 

exploited in a way that increases the possibility of failures. To achieve this task, the same data 

from the onboard sensors that was used to detect faults can be analyzed.  

The algorithm of detecting the driving style can be employed in two ways – directly on the 

bus, during the trip, and after one or several trips, in order to make a review. The first way is 

suitable for real-time feedback of the driver’s style. It may allow sending notifications and 

warnings to the driver if his style deviates from the appropriate one. The second way is more 

suitable for analyzing the driving styles in the context of other parameters and for obtaining 

general statistics. 

1.1. Project goal 

The goal of this project is to identify the driving style of the bus driver using the information 

received from the onboard sensors installed in a bus.  
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Three driver styles were distinguished: normal, hard, and soft. These classes were proposed 

by an engineer at an OEM enterprise who performed the measurement experiments with 5 

different drivers. 

The OEM enterprise proposed an algorithm based on a recurrent neural network to detect 

different driver styles. The percent of correct classifications was about 80-85. The recurrent 

neural models are complicated; it may take several days to train such a network. Because of that 

two research questions were framed: 

1. Is it necessary to use a dynamic model (in this case a recurrent neural network) for high 

accuracy? 

2. What is the minimal model, which allows receiving the same level of performance?  

The two following algorithms were tested: 

 K-nearest neighbor algorithm; 

 Neural networks algorithm. 

1.2. Limitations 

The limitations of this project are mainly connected with the input data. Examples of several 

hour long driving runs of each of the three driving styles were provided. In each example a 

number of signals were measured. At the request of the OEM, the labels of the signals had been 

removed, so no physical knowledge could be used in e.g. variable selection. Moreover, the driver 

of each run is also unknown. 

Also, the given examples were classified as normal, hard or soft category by an expert. Since 

the categories are subjectively defined by an engineer, and a driving run can include more than 

one category, there is a possibility of initial misclassification.  
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2. Earlier research in driving style classification 

The task of detecting the driving style of the driver can appear when solving different 

problems. Some works connected with this task were studied. 

In [Arpaia et al. 2006] and [Arpaia et al. 2007] the problem of vehicle pollution was studied. 

It was shown in on-road tests that there is a relation between emissions and the driving behavior. 

Because of that, it is important to classify the driving style in order to make a further evaluation 

of it and to estimate the level of emissions. 

In order to associate the level of emissions with the driving behavior, the driving cycle was 

divided into sequences. After that, segmentation and feature selection were applied to the 

sequences. The examples of features are speed, acceleration, time spent in acceleration and so 

on. Then, classification into different driving styles was performed. The classification is based 

on a heuristic procedure built on quantum-inspired algorithms – the quantum-inspired classifier.  

The percent of correct classifications for the quantum-inspired classifier was 81.36. 

Another work [Kargupta et al. 2003] is devoted to a Vehicle Data Stream mining system 

(VEDAS system) which has the goal of monitoring and analyzing vehicle data in real-time. The 

system is intended for large fleets of vehicles. To manage such fleets and maintain the vehicles 

in good condition, it is necessary to collect and study large amounts of data, which is usually 

done manually. Consequently, it is impossible to do this work in real time. The VEDAS system 

is aimed at helping to solve these problems. 

The system is implemented as a set of PDA-based devices which are installed in the vehicle. 

These devices are connected with a wireless network with other remote modules. Such 

configuration will help to automate the data collection and make it easier to analyze the gathered 

information. Also, it can help in solving other problems, such as drunk driver detection in the 

real time. 

Among the problems solved in this work, analyzing driving characteristics and detecting the 

unusual driver behavior is considered. This should be done in real time. For example it is 

important to detect drowsy driving because it is dangerous and can cause accidents. Also, 

managers of vehicle fleets would be interested in detecting drunk driving.  

VEDAS combines parametric and non-parametric techniques for analyzing data streams. 

Parametric methods imply that the generated data stream has some underlying model that can be 

formalized. The parametric methods used in this system include auto-regressive and other 

statistical models. Non-parametric methods are based on extracting patterns such as mean, 

variance, and frequencies from normal series and then finding interesting patterns from new 
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series. Hypothesis testing and Fourier spectral analysis were used to find abnormal patterns from 

the data. 

The article [Imamura et al.] is about reducing the number of car accidents. It was discovered 

through analysis that more than 70% of accidents happen due to cognitive and judgment errors of 

the driver. Two types of systems for preventing accidents are discussed in the paper. The first 

one is building a system which will receive some information about the car and its surroundings, 

like distances to other cars or the friction between the road and the car tire. Then, the system 

analyzes the road situation and proposes some actions to achieve safety. These could take the 

form of warnings and notifications or by directly controlling the vehicle. The disadvantage of 

these types of systems is that their adaption to the driver may be low. In turn, this may cause 

accidents. Another type of systems is oriented on the driver’s condition. They observe the driver 

with help of different kinds of sensors, and analyze his state. 

The method introduced in this work belongs to the second type. The driver’s behavior is 

classified into two groups: normal and abnormal. Normal behavior means the most prevalent 

behavior of the driver, which is considered quasi-safe. Abnormal behavior is regarded as deviant 

behavior, under the influence of factors inside the driver (mental or physical).  

In the research, the driver’s grabbing style of the steering wheel was proposed as a feature 

that characterizes the type of driver’s behavior. Surveys that were made showed that the majority 

of drivers are not aware of their grabbing style. That means that this feature is part of the 

unconscious behavior and it may help to estimate the driver’s internal condition. 

The case that is considered in this article is turning left at an intersection. The data was 

analyzed with help of the simple correlation between the steering wheel operation and vehicle 

velocity. The case with low correlation coefficient was proposed to represent the abnormal 

behavior. Then the results were validated by considering the trajectory of the vehicle in this case 

and proving that it was deviant from the shape of the corner. 



 13 

3. Methodology 

The methods used in this work include the k-nearest neighbor algorithm, feature selection and 

neural networks.  

3.1. K-nearest neighbor algorithm 

The k-nearest neighbor algorithm belongs to a group of methods called nonparametric 

learning methods. This method is an instance-based method which means that the hypotheses are 

constructed directly from the training instances [Russel et al. 2003]. 

This method is used to classify objects. Objects are represented by a number of parameters. 

So, if the number of parameters is n, an object can be expressed as a point in n-dimensional 

space. The algorithm is based on the idea that the properties of objects reflected by points located 

nearby must be similar. 

For this algorithm a number of training examples is needed. Let  mXXXX ,...,, 21  be the 

set of training examples. Each example can be specified by a vector  ni pppX ,...,, 21  where 

ip  is the value of the i
th

 parameter. A set of classes  lZZZZ ,...,, 21  must be defined. For the 

training examples it should be known to which class they belong. Let the function )(iC  return 

the class of the example iX . 

The task is to classify an object to one of the classes, that is to find such a function 

 ZYF : ,  (3.1) 

that will map an example to its class.  

In the prediction phase, the k nearest examples to the object are considered. This subset of 

the training examples can be defined in the following way: 

  )(),(:)( min i

k

ijji

k YDYXdXYX  ,  (3.2) 

where the function ),( ij YXd  is the distance between the training and testing examples and 

)(min i

k YD  is the k
th

 minimal distance between the testing example and the training set. 

The cardinality of this subset equals k. 

 kYX i

k )(   (3.3) 

Then the k nearest examples can be grouped with respect to their class. A subset of examples 

of each class )( qZB is received. 

  qi

k

jjq ZjCYXXXZB  )(  )(:)( ,  (3.4) 

for lq ..1 , that is for every possible class. 
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The class of the test point will be the most frequent class of the k training examples. So the 

selected class is  

 )(maxarg)( q
Z

i ZBYF
q

 ,  (3.5) 

for lq ..1 . 

Figure 3.1 illustrates the decision about the class of the central object (square) for k=3 (the 

class of blue triangles is selected) and for k=6 (the class of red stars is selected). 

 

Figure 3.1. The graphical representation of the k-nearest neighbor algorithm for two values of k: k=3 (inner 

circle and k=6 (outer circle).  

Since the k nearest neighbor algorithm requires determination of the nearest examples, a 

distance metric must be introduced. It can be the Euclidean distance, but that is not always 

suitable. For example, if different dimensions represent different parameters, scaling in one 

domain can cause the change of the nearest examples. Then it is more appropriate to use the 

Mahalanobis distance, which is defined in the following way 

 )()(),( 1   

j

T

ji YSYYXd   (3.6) 

where ),...,,( 21 n  is the mean value and S is the covariance matrix. 

For discrete values, the Hamming distance can be used. 

When applying the k-nearest neighbor algorithm, the selection of the k value is also not 

obvious. If the value of k is small, the results can be strongly affected by noise. Large values of k 

reduce the effect of noise, but make the borders between the classes less pronounced. 

One of the advantages of this method is its simplicity. The disadvantage is that a lot of 

computations may be needed to be performed in the prediction phase. It obviously depends upon 

the number of observations in the database for representing each class. 
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3.2. Neural networks 

Artificial neural networks are software or hardware models built by the example of the 

human nervous system, the structure and behavior of biological neurons. [Kecman 2001] 

The basic elements of a neural network are nodes and links between the nodes. A node or a 

neuron is a structure that has a set of inputs and a set of outputs. Each input has a weight. At 

first, the neuron calculates the weighted sum of all inputs. The zero input is set to -1, so its 

impact in the sum will be -w0. After that, a transfer function is applied to this sum. The output of 

the node equals 

 )(
0





n

i

ii xwgy   (3.7) 

The transfer function g allows the neuron to activate when the inputs are desirable and 

deactivate when they are not. [Russel et al. 2003] 

Figure 3.2 shows the graphical representation of a neuron. 

 

Figure 3.2. The graphical representation of a neuron.  

About 50 types of neural networks are used today. They can be grouped according to 

 the types of neurons, 

 the types of network architecture, 

 the purpose of the network. [Fine et al. 1999] 

A network can be defined as a weighted directed graph. Then the network architecture is the 

class of networks with the same graph and node functions, but with possibly different weights. 

According to the architecture the networks can be separated into two main classes: feedforward 

networks with acyclic graph and recurrent networks with cyclic graph. [Russel et al. 2003][Fine 

et al. 1999] 

The graph of the feedforward neural network is shown in Figure 3.3. 
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Figure 3.3. Feedforward neural network with one hidden layer.  

The nodes of the directed acyclic graph can be divided into layers. The input nodes form the 

initial layer. The first layer contains nodes that have nodes from the initial layer as inputs. The 

second layer contains nodes that have nodes from the first layer as inputs and so on. Finally, the 

last layer is the output nodes. The layers between inputs and outputs are called hidden layers. 

3.3. Feature selection 

Feature selection is a technique which allows the selection of a subset of variables relevant to 

the current task. If an object is described by a number of parameters, some of these parameters 

can be more valuable for classification than the others. The aim of the feature selection is to 

determine the most valuable parameters. 

There are several algorithms of feature selection, one of them is forward selecting. This 

algorithm starts with classifying objects on the basis of one variable. For each case the 

classification error is computed. After that, the variable which gives the least error is selected. 

Then, the classification is made on the basis of every possible pair of variables, where the first 

variable is the one selected on the first step, and the other one is every other variable. Again, the 

pair that gives the least error is selected. The procedure is continued while the error is 

decreasing. At the last step the desired subset of variables is selected. 
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4. Description of the data 

4.1. General data description 

The input data for the algorithms was provided by the OEM. Data is presented by three 

matrices, one for each driving style: normal, hard and soft. Each matrix consists of data received 

from several driving runs. One driving run corresponds to 1-3 hours of driving by one driver. 

Altogether, about 5 drivers were involved into data collection. The data was received from the 

onboard sensors installed in the bus. The measurements were taken one time per second. 

The matrices for the normal and hard driving styles contain data received from 12 driving 

runs. The matrix for the soft driving style contains data received from 6 driving runs. 

Every measurement contains the values of 12 parameters. So every example can be presented 

as a vector  ni pppX ,...,, 21  where the coordinates are the values of the parameters. 

 

Figure 4.1. The representation of the three matrices for each driving style. 

All the data was normalized by subtracting the mean and dividing by the standard deviation 

before applying the algorithm. If we make a vector with all the values of every parameter 

 12..1  where,
...

2

1























 i

p

p

p

P

N

i

i

i

i ,  (4.1) 

then the normalized vector 


iP  can be written in the following way 

 




 i

i

P
P ,  (4.2) 

where   is the mean and  is the standard deviation of iP . 
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4.2. Preparing data for the classification algorithms 

The number of examples of the three classes is different, and this factor may affect the results 

of classification. It was decided to use only the first 6 driving runs of all the matrices in the k-

nearest neighbor algorithm, so there were approximately equal numbers of examples of each 

class. For the neural network algorithm all the driving runs were used. 

In order to check if the results of the algorithm depend on the selection of the input data, two 

data sets were prepared, and the algorithm was tested on each of them.  

The training data for the first data set consisted of rows taken at a certain interval from the 6 

driving runs of the normal, hard and soft matrices. The testing data was made out of the training 

data by taking some of the rows and removing them from the training data so that training and 

testing sets did not have any intersection. Figure 4.2 illustrates the selection of the data into the 

training set (blue) and testing set (red) made for one of the matrices. 

 

Figure 4.2. The training (blue) and the testing (red) data for the first data set 

The training data for the second data set was made out of rows taken at a certain interval from 

the first five measurements of the normal, hard and soft matrices. The testing data was made by 

taking some of the examples of the sixth driving run of the three matrices. Thus, the training and 

the testing data were taken from different observations.  

 

Figure 4.3. The training (blue) and the testing (red) data for the second data set 
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Table 4.1 shows the sizes for training and testing matrices for both data sets for the k-nearest 

neighbor algorithm. 

 First data set Second data set 

Size of the training matrix 12818 9425 

Size of the testing matrix 674 679 

Table 4.1. The sizes of the training and testing data for the k-nearest neighbor algorithm. 

Table 4.2 shows the sizes for training, validation and testing matrices for both data sets for the 

neural networks algorithm. 

 First data set Second data set 

Size of the training matrix 5698 5712 

Size of the validation matrix 3560 2856 

Size of the testing matrix 1424 1306 

Table 4.2. The sizes of the training and testing data for the neural networks algorithm. 
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5. Results and discussions 

5.1. K-nearest neighbor algorithm 

The k-nearest neighbor algorithm was used to separate data into three classes – normal, hard 

and soft driving styles. The Euclidean distance was used as a distance metric in this algorithm. 

The computations were made for both data sets. 

5.1.1. Applying k-nearest neighbor algorithm to the first data set 

At first, the algorithm was tested on the first data set, described above. It is important to select 

the optimal value of k. At first, a rough selection of k value was made. The algorithm was tested 

for values from 1 to 33 with step 3. The percent of classification error was computed for every k 

and is shown in Figure 5.1. 

 

Figure 5.1. The percent of classification error for the first data set for values of k from 3 to 30 with step 3. 

The performance is better for the k values below 10. 

The results show that the least errors are achieved for values of k from 1 to 10. A more 

accurate investigation was made for this range. Figure 5.2 shows the percent of classification 

error for values from 1 to 10. 
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Figure 5.2. The percent of classification error for the first data set for values of k from 1 to 10. The best 

values of k are from 3 to 5. 

The least error is received for values of k from 3 to 5. 

5.1.2. Applying k-nearest neighbor algorithm to the second data set 

On the next step, the algorithm was tested on the second data set. Again, the optimal selection 

of k was made in the similar manner as with the first data set. Figure 5.3 shows the classification 

error for the values of k from 3 to 33 with step 3. 
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Figure 5.3. The percent of classification error for the second data set for values of k from 3 to 30 with step 3. 

The performance is approximately the same, around 25 %. 

It was noticed that the errors are approximately the same, oscillating around 25 %. For better 

comparison with the first data set, the algorithm was tested for k values from 1 to 10. Figure 5.4 

shows the classification errors for these values. 

 

Figure 5.4. The percent of classification error for the second data set for values of k from 1 to 10. The 

performance is approximately the same. There is no obvious value of k which gives the best result. 
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5.1.3. Comparing the results for the two different data sets 

For each of the two data sets confusion matrices and the percent of classification error were 

computed. The results are presented in Table 5.1 for k values from one to ten. 

k 
Confusion matrix % of errors 

1
st
 data set 2

nd
 data set 1

st
 data set 2

nd
 data set 

1     77   10    8 

     8    82    3 

    15    8    88 

    78    10     8 

      5    86    30 

    17     4     62 

17 27 

2     87    18   14 

     6     78     5 

     7      5     81 

    86    12    10 

     4    85     37 

    10     3     54 

18 28 

3     83   13     9 

     4    80     1 

    13     7    89 

    78     9    10 

     4    87    27 

    19    4     63 

15 26 

4     83    13    11 

     5     82     3 

    12      5    86 

    81   11    10 

     3    87    29 

    16    2     61 

16 26 

5     82    10    10 

      5    83     2 

    13     7     88 

    78     9     11 

      2    87    25 

    20     4     64 

15 26 

6     83   12    12 

     4    81     3 

    13    7     86 

    81.1   12    11 

      0.4   86    27 

    18.5     2    62 

17 26 

7     78    11    9 

     6    82     3 

    16    7    88 

    78    11    11 

      2    86    24 

    20      3    65 

17 26 

8     81    13    11 

      5    81    3 

    14     7    86 

    78    11    11 

      2    86    25 

    20     3     64 

17 26 

9     78    12    9 

     5    80     2 

    16    8    89 

    78    11    12 

      1    85    22 

    21     4     66 

17 25 

10     78    12    11 

      6    79     3 

    16     9     86 

    76    11    12 

      1    85    22 

    23     4     66 

18 26 

Table 5.1. Comparison of the confusion matrices and classification error for the two second data sets for 

values of k from 1 to 10. The results for the first data set are better than those for the second data set. 
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The number of classification errors of the algorithm depends on the selection of the training 

and testing examples. When both training and testing examples were selected from the same 

driving run, the results are better. When the testing examples were selected from different 

driving run than the training examples, the results are worse. 

Therefore we can notice that the input data is not uniform, that is, the examples from different 

driving runs differ from each other.  

5.2. Forward feature selection 

To check whether the results would be better if not all variables were used for classification 

the forward selection algorithm was used. 

At the first step the classification was based on each of the variables separately. The 

percentage of wrong classified objects was used as a measure of the error. Next, all these errors 

were compared and the variable which gave the least error was chosen. Then, the procedure was 

continued with two variables – the chosen one at the first step and every other one. Again the 

classification error was computed and the best pair of variables was selected. 

The algorithm was tested for value of k = 3 for both data sets. 

The procedure is presented in Figure 5.5. 

  

Figure 5.5. The sequence of variables chosen in the forward selecting algorithm for the first data set (left) and 

the second data set (right). The selection of variables is affected by the data set and, consequently, by the 

chosen driving runs.  

The variables which are selected on each step are different for both data sets. That means that 

the classification importance of some variables depends on the chosen driving runs. 
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Figure 5.6 shows the classification error for each of the steps. 

 

 

Figure 5.6. The classification error for the steps of the forward selecting algorithm for the first data set 

(above) and the second data set (below). Best performance is achieved for 6 variables for the first data set and 

for 4 variables for the second data set. 
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Usually, the forward selecting procedure stops when the error starts to increase. In this case, 

however, the all steps are shown, in order to compare the values of errors on each of them.  

There is a significant improvement in the results when a subset of important variables is used 

for classification. 

The least error value for the first data set is 0.1009 for 6 variables. These are variables 1, 9, 5, 

12, 11 and 3. It can be noticed that the error decreases by about 33 % when 6 variables instead of 

12 are used. 

The least error value for the second data set is 0.1163 for 4 variables: 11, 10, 2 and 3. The 

error decreases more than in two times when only 4 variables instead of 12 are used. 

5.3. Neural networks 

The next method used for classification was the neural networks algorithm. A feed-forward 

network was used. There are different ways to code the output signals of the network. In this 

work orthogonal coding was used. As there are three classes of driving styles, the output of the 

neural network is a three-dimensional vector. Below are shown the vectors representing each 

class. 

Normal class: 
















0

0

1

, hard class: 
















0

1

0

, soft class: 
















1

0

0

. 

Different cases were considered depending on the driving runs from which the training, 

validation and testing data were selected. 

5.3.1. Making classification using data from all driving runs 

At first, all the driving runs from the normal, soft and hard matrices were used to form the 

training, validation and testing data sets. A few different models with different number and size 

of hidden layers were tested. Table 5.2. shows the parameters of each model. 

Number 

of the 

model 

Number 

of hidden 

layers 

Transfer function 

of the hidden 

layer 

Transfer 

function of the 

output layer 

Number of 

neurons 

1 1 Tan-sigmoid Linear 10 

2 1 Tan-sigmoid Linear 20 

3 2 Tan-sigmoid Linear First – 10, 

Second – 10. 

4 2 Tan-sigmoid Linear First – 20, 

Second – 10. 

Table 5.2. The parameters of neural network models. 

The confidence intervals of the percent of correct classifications for each model are shown in 

Figure 5.7. The confidence intervals were received by training the network and counting the 
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performance on the testing data several times and after that, calculating the mean value and the 

standard deviation for the series of experiments. 

 

Figure 5.7. The confidence intervals of the percent of correct classifications for each model. There is no 

significant change in performance for different models. 

As the confidence intervals have intersections, the performance achieved with all the models 

is approximately the same. 

Next, attention was given to models with one hidden layer but with different number of 

neurons in it. The transfer function of the hidden layer was tan-sigmoid, of the output layer – 

linear. The number of neurons in the hidden layer varied from 10 to 70. In Figure 5.8 the 

confidence intervals of the percent of correct classifications for each number of neurons are 

presented.  
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Figure 5.8. The confidence intervals of the percent of correct classifications for each size of the hidden layer. 

The performance does not depend much on the size of the hidden layer. 

It is noticeable that, the performance does not improve significantly with the change of the 

number of neurons in the hidden layer. 

As it is important to make the model as simple as possible, performance of the network with 

smaller size of the hidden layer was studied in more detail. The confidence intervals of the 

percent of correct classifications for numbers of neurons from 2 to 20 with step 2 are shown in 

Figure 5.9. 

 

Figure 5.9. The confidence intervals of the percent of correct classifications for number of neurons in the 

hidden layer from 2 to 20. Performance increases until the size of 10 neurons is reached. After, it is the same. 
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At first, the performance increases with the increase of the size of the hidden layer, but after 

the size reaches 10 neurons, the performance is approximately the same. 

To show the results of the classification 1400 examples were taken as a test data set and 

classified with a neural network which had 20 neurons in the hidden layer. Figure 5.10 shows the 

output of the network in the graphical form. Each example is presented by a dot. Almost solid 

lines show the examples classified correctly. The dots that are placed in the wrong line show the 

examples that were misclassified. The correct classification (the initial attribution of the 

examples) is presented in Figure 5.11. 

 

Figure 5.10. The results of the classification of 1400 examples. The majority of the examples are classified 

correctly (solid lines), but some of them are misclassified (the dots that are placed in wrong lines). 

 

Figure 5.11. The initial attribution of the examples from the Figure 5.10. By comparing this figure with the 

figure above the misclassified examples are easily located. 
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Next, we compute an average class for each 20 consequent examples by taking the most 

frequent class among all of their classes. Figure 5.12 shows the most frequent class with a black 

star.  

 

Figure 5.12. The most frequent classes of every 20 consequent examples from the Figure 5.10. By smoothing 

the number of errors is significantly decreased. 

It can be seen that only a few black stars representing the most frequent class are attributed to 

the wrong driving style. The explanation of this is that inside one driving run which is attributed 

e.g. as normal may be moments when the driving style is closer to hard or soft. But because these 

moments are short in time, after averaging almost all examples are attributed to the correct class. 

5.3.2. Making classification using data from one driving run 

The results in the previous section received by the neural networks are worse than in the k 

nearest neighbor algorithm. It was proposed that the reason is in the input data. Probably, the 

examples of the same class differ from each other. To check this supposition it was decided to 

try to vary the number of driving runs from which the examples for training, validation and 

testing data sets were taken. 

The neural network was tested on each of the driving runs from the three matrices separately. 

As there are 12 driving runs in normal and hard matrices and 6 in the soft matrix, every driving 

run of the soft matrix was used twice. Initially, the first driving runs from every matrix were 

taken and used to form training, validation and testing data sets. Then, the network was tested on 

the second driving run from each matrix and so on. Finally, 12 results were received. Figure 5.13 
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shows the confidence intervals of the percent of correct classifications received for each driving 

run. It is noticeable that, the performance is relatively high when only one driving run is used. 

 

Figure 5.13. The confidence intervals of the percent of correct classifications for each driving run. The 

percent of correct classification is high when training and testing data is taken from one driving run. 

Below are shown the mean values of the percent of correct classifications for each 

observation: 

(0.9891  0.9821  0.9502  0.9680  0.9886  0.9985  0.9931  0.9997  0.9300  0.9745  0.9593  0.9859) 

It can be seen that the performance is relatively high, much better than for data taken from all 

driving runs. This can be an argument for the hypothesis that every driving run contains slightly 

different examples, perhaps because of the different driver, or other conditions on the road like 

the weather or the time of the drive. Because of this, the network gives good results when tested 

on only one driving run, but when the data from all driving runs is all mixed together, the results 

become worse. 

5.3.3. Classification by using data from several driving runs: adding one driving run 

on each step 

Next, how the number of selected driving runs affects the output of the network was checked. 

On the first step, the classification was made on the basis of one driving run, like in the previous 

case. The percent of the correct classifications was counted for each driving run. The driving run 

with the highest percent of correct classifications was chosen. Then, classification was made on 

the basis of two driving runs: the one chosen on the first step and the one with the second largest 
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percent of correct classifications. The process was continued so that, on each step one driving 

run with the best percent of correct classifications from the left ones was added to the data set 

used for classification. Figure 5.14 shows the sequence of steps. Each square represents one 

driving run. 

 

Figure 5.14. The sequence of driving runs used for classification. 

Figure 5.15 shows the percent of correct classifications on each step. 

 

Figure 5.15. The percent of correct classifications for each step. As more driving runs are used, the data is 

more diverse and the performance is less. 
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It is noticeable that, in general, as more observations are taken into account, the result of the 

classification becomes worse. This again confirms the hypothesis about the dissimilarity of data 

from the different driving runs. 

5.3.4. Forward feature selection 

The forward selecting technique was used to reduce the number of parameters of the 

examples. Neural networks algorithm was used. The classification was made in steps and on 

each step the parameter that gives better performance was added. The procedure was tested on 

two data sets, and only the first 6 driving runs were taken into account. The training, validation 

and testing data for the first data set are selected from the same driving runs. For the second data 

set the testing data was selected from different driving runs than the training and validation data. 

Such selection of data makes the results comparable with the forward selecting procedure based 

on the k-nearest neighbor algorithm. 

The sequence of steps for the forward selecting procedure is presented in Figure 5.16.  

    

Figure 5.16. The sequence of steps for the forward selecting procedure for the first data set (left) and the 

second data set (right). The importance of variables depends on the chosen driving runs. 

Again, as in the case of the k-nearest neighbor algorithm, the variables selected at each step 

depend on the chosen driving runs. 
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Figure 5.17 shows the classification error for each step. 

 

 

Figure 5.17. The classification error for the steps of the forward selecting algorithm for the first data set 

(above) and the second data set (below). Forward selection din not give almost any advantages for the first 

data set, but improved the results of the second one more than in three times. 
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It is noticeable that, the forward selecting procedure doesn’t improve the performance on the 

first data set significantly. The least error value is 0.1224 for 11 variables, which is less by about 

23 % when 12 variables are used. 

The least error value for the second data set is received when 5 variables are used and equals 

0.0676. The error decreases more than in three times when only 5 variables instead of 12 are 

used. 

Comparing the results of the forward selecting procedure based on both k-nearest neighbor 

algorithm and neural networks it can be concluded that the results received on the second data 

set improve more significantly when a subset of variables is selected. That means that it may be 

possible to select such a subset of input parameters that they will not depend much upon the 

chosen driving runs. Analyzing the subsets of important variables for the second data set it is 

noticeable that variables 2, 9 and 11 are presented in the both subsets and are more likely to be 

independent of the driving run. 
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6. Conclusions 

The identification of the driving style was made with help of two algorithms: the k-nearest 

neighbor algorithm and the neural networks. Different models for both algorithms were used. 

The percent of correct classifications for all of the models is presented in Table 6.1. 

Method Selection of the training and 

testing data 

Forward 

selection 

Percent of correct 

classifications 

K-nearest neighbor 

algorithm 

Sampled from the same 

driving runs 

No 84 % 

Sampled from different 

driving runs 

No 76 % 

Sampled from the same 

driving runs 

Yes 90 % 

Sampled from different 

driving runs 

Yes 89 % 

Neural networks Sampled from the same 

driving runs 

No 72 % 

Sampled from only one 

driving run 

No 97 % 

Sampled from the same 

driving runs 

Yes 88 % 

Sampled from different 

driving runs 

Yes 93 % 

Table 6.1. The percent of correct classifications for different models. 

Both k-nearest neighbor algorithm and the neural networks algorithm show good results when 

training and testing data were selected from the same driving run. 

The classification with both algorithms is better for the situation when training and testing 

data is selected from the same driving runs than for the situation when training and testing data is 

selected from different driving runs. A hypothesis was suggested that different driving runs 

belonging to the same class have a wide range of varying external factors. Possible explanations 

for this suggestion may be the difference in the drivers and driving conditions, like weather and 

route for different driving runs. 



 38 

The subsets of important signals for the case when training and testing data was selected from 

different driving runs have signals 2, 9 and 11 in common. These signals may be independent of 

the chosen driving runs. 

The main conclusions: 

 It is not necessary to use a dynamic model to achieve high level of performance; 

 Data from different driving runs is slightly different; 

 Smoothing the results may help to receive a better performance; 

 Using variables which are independent of the driving run can improve the performance. 

One of the proposals for further research is to prove the hypothesis of the difference between 

the driving runs or to find other possible explanations for the difference in results.  

Another proposal is to use other classification algorithms, e.g. support vector machines, with 

the following comparison of the results with those received previously. 

As forward selecting enables an improvement in the results, other feature selection techniques 

can be tested and applied to both k-nearest neighbor and neural networks algorithms 

There is a difference in the sets of the important signals depending on the selected driving 

runs. So it may be interesting to determine which signals are sensitive to the variations between 

the driving runs and which are not. 
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