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Abstract 

In recent years, various researches are under progress to enhance the quality of the travel survey. 

These researches were mainly performed with the aid of GPS technology. Initially the researches 

were mainly focused on the vehicle travel mode due to the availability of GPS technology in 

vehicle. But, nowadays due to the accessible of GPS devices for personal uses, researchers have 

diverted their focus on personal mobility in all travel modes.  

This master’s thesis aimed at developing a mechanism to extract one type of travel survey 

information particularly travel mode from collected GPS dataset. The available GPS dataset is 

collected for travel modes of walk, bike, car, and public transport travel modes such as bus, train 

and subway.  

The developed procedure consists of two stages where the first is the dividing the track trips into 

trips and further the trips into segments by means of a segmentation process. The segmentation 

process is based on an assumption that a traveler switches from one transportation mode to the 

other. Thus, the trips are divided into walking and non walking segments. 

The second phase comprises a procedure to develop a classification model to infer the separated 

segments with travel modes of walk, bike, bus, car, train and subway. In order to develop the 

classification model, a supervised classification method has been used where decision tree 

algorithm is adopted.  

The highest obtained prediction accuracy of the classification system is walk travel mode with 

75.86%. In addition, the travel modes of bike and bus have shown the lowest prediction accuracy. 

Moreover, the developed system has showed remarkable results that could be used as baseline for 

further similar researches.    

Keywords: Travel demand model, Supervised classification model, Decision tree, Data mining, 
Artificial intelligence, Inferring travel modes , GPS in travel survey. 
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CHAPTER 1 

I NTRODUCTION  

1.1 Background 

The increase of vehicles on the road is rising over the past few decades and it seems to continue 

which causes to increase the travel demand as well as to deteriorate the traffic management. 

Subsequently, to analyze and to provide solutions to the transportation system, transportation 

planners and engineers widely use travel demand models. The travel model has the capacity in 

providing informed decisions regarding on existing operational adjustments, design changes and 

prediction of the future transportation systems. 

Travel demand models are constructed based on the concept to replicate the current traffic 

condition or travel demand of the study area. The travel model evaluates the current 

transportation systems performance as well as any amendment that alters the transportation 

system on the study area; furthermore it provides the mechanism to predict the impact of various 

policy and programs which are subjected on the transportation system.  

There are several different methodologies to perform travel demand modeling. However, the 

prevalent one is the traditional four step model approach, which comprises trip generation, trip 

distribution, mode choice and trip assignment.  The four step approach in the travel demand 

model usually depends on the type of projects; for instance it might be expensive and time 

consuming to develop all the four models for a small project (Virginia Department of 

Transportation, 2009).  

In order to use the models, the model requires input data. The input data includes land use, 

transportation network data and travel survey.  The land use contains information of the study 

area in the form of zoning structure describing in detail and classifying the area as residential, 

commercial or industrial places. This data is usually obtained from census data. The 

transportation network data are roadway files containing data for each road way within the 

network. The travel survey has a various types of surveys that could be designed for the project 

type (Jovicic, 2001). However, house hold survey is the basic surveys in the travel demand model. 

The survey contains collection of household demographic data and travel data. The demographic 

data basically contains information such as household type and members, age, gender, education, 



2 
 

occupation, income and car ownership. In addition the travel data survey contains travel time, trip 

purpose and travel mode.  

Up to recent decades, a house hold survey with the aid of Computer-aided Telephone Interview 

(CATI) has been the prevalent practice to collect data.  However, this method has been expensive 

and time consuming to collect the travel survey data. Since the number of non response rate was 

high from the participants that created deficiency (will be discussed briefly in the literature 

review) in the quality of data collected (Jean Wolf, 2003). A recent report published by the 

Swedish Transport Analysis, after the 2011 national travel survey, has suggested that it is 

necessary to identify other alternative methods for the upcoming travel survey due to a low 

response rate.  

Therefore, to enhance the quality of the travel survey, (in mid 1990’s),Global Positioning System 

(GPS) technology have been proposed to support the traditional way of data collecting method 

(Stopher, 2007).  Since then various researches and studies have been conducted on the use of 

GPS technology to the survey in which to bring a considerable enhancement to the quality of 

travel survey.   

Previously, the GPS technology was widely used for navigation purpose; and studies were mainly 

focused on the motorized travel mode, however, nowadays this technology has become easy 

accessible in personal gadgets. As the result, this has driven researches to study on other travel 

modes.  

The GPS technology provides information of location with time to the user by receiving signals 

from satellites around the orbit. This technology is operated by dedicated satellites and, the 

service of the technology can be obtained for anyone who possesses the receiver device. This 

technology uses a mathematical concept of trilateration to compute the position at the receiver 

(Zahradnik, 2012). The GPS technology was invented by the United States military in 1970’s and 

was mainly operated for military operation before it is released to the civilian’s purpose during 

the late 1990’s. 

This GPS technology provides information about the movement of the traveler by recording 

location, time and speed of the traveler. The GPS device captures the traveler’s information 

within a short interval of time, usual 2-5 seconds, thus providing a track of information of the 

traveler. However, the data captured from GPS device does not directly provide the travel data 

survey; instead the data obtained from the GPS device are used to infer the travel data 

information.  
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As indicated earlier on, the travel survey information includes travel time, trip purpose and travel 

mode. It can be possible to infer the travel survey information from GPS track point. There are 

various researches at progress in developing a method in extracting the travel survey information; 

however, the success rate may differ.  

This thesis deals in extracting the travel survey information from GPS dataset that is collected by 

personal device; and it aims to extract only one of the travel survey information that is the travel 

mode. It is obvious that for vehicle based GPS survey, the information of the travel mode is 

already known and the required information to be extracted are the trip purpose and travel time. 

But for GPS dataset that is collected by GPS handset device, the travel survey information 

required to extract includes travel time, trip purpose and travel mode. 

In general, this paper deals in formulating a procedure to detect switching points and to 

automatically infer the travel modes from GPS dataset. 

1.2 Project Aim and Goal 

The aim of the thesis work is to detect switching points and to develop a procedure that infers 

travel mode from GPS dataset. The switching points are GPS points where travelers switch from 

one transport mode to the other. In order to detect the switching points a procedure is to be 

constructed, followed by developing a classification model to infer the travel modes. This 

classification model is intended to adopt a selected data mining algorithm. 

The goal of the project is, first, to develop a procedure for detecting the travel modes. This 

procedure makes the concatenated segments of different travel modes to separate from each other. 

Then, it follows by implementing one data mining algorithm to infer the travel modes with the 

separated travel mode segments. Finally the result of the accuracy prediction is analyzed based on 

the provided labeled of GPS data points. 

The dataset used for this thesis project is used from Geo project by the Microsoft Research Asia 

(Wei-Ying Ma, 2008). This dataset is collection of GPS data that is collected by selected travelers, 

and it is collected by means of different GPS loggers and mobile phones. To implement the 

mentioned procedures and algorithms that are specified in the goal, Matlab software is used.  

1.3 Methods 

The methods used to extract travel mode information from the GPS dataset are listed below; 

• Literature review on different previous performed similar works. 
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• Investigate the data structure of the GPS points and select a procedure to perform the 

extraction of travel mode from the GPS points.  

• Detect the changing point and divide the travel mode segments by selecting a more 

preferable mechanism. 

• Classify the segments into their respective travel modes by designing a classification 

model. 

• Analysis the test result. 

1.4 Structure of the Thesis 

The thesis report contains eight chapters. Chapter 2 provides the necessary background of the 

thesis work, and in addition it includes previous works which relates to the thesis work. Chapter 3 

presents the general overview of the classification algorithms and discuss in details some selected 

classification algorithms. Chapter 4 presents the study data structure of the GPS data points in 

detail. Chapter 5 describes the tasks and the methodology used to perform the experiment. 

Chapter 6 discusses the parameter selection procedure and classification rule in brief, and the 

results of the experiment. Chapter 7 presents evaluation of the methods used in the thesis project. 

Finally, summary of the thesis work and suggests future work in chapter 8. 
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CHAPTER 2  

L ITERATURE REVIEW  

This chapter gives a broader insight of the project background which comprises the usage of GPS 

in the travel survey and followed by a brief discussion about previous works relevant with the 

subject matter.   

2.1.  Use of GPS In Household Travel Survey 

The earliest method of collecting travel survey was face to face interviews. Just prior to the 

interview, the travel survey organization selects participates randomly to represent the study area.  

Subsequently, the interviewer’s collects the demographic information of the household from 

participates and provides a blank diary format to the participates in order to keep record of their 

traveling information where later on to be collected by the interviewers (Chandra R.Baht, 2005).   

In the mid -1990s due to wide availability of telephone to the society, the travel survey has been 

supported with this technology where interviewers ask participates via telephone and mail the 

diary format to participates and vice versa. As the result, the introduction of this technology to 

the travel survey enhanced the effectiveness of the household travel survey.  

Not long after the addition of telephone technology to the travel survey, computer technology has 

been introduced to support the travel survey.  The computer enables to collect data in an 

electronic format which makes it easier to manage the data as well as to reduce the interviewer’s 

error and to administrate the survey process in efficient quality.  The most prevalent method used 

to collect electronic data in the travel survey is computer –assisted telephone interviews (CATI) 

(Wolf J. , 2004).  

The introduction of these two technologies has enhanced the quality of the household travel 

survey by decreasing the time burden on the respondents which have direct impact on the quality 

of the data. Still respondents take at least considerable of time to fill the diary; the greater the 

time takes to fill the diary the more vulnerable to affect the survey. The main problems in the 

travel survey are trip underreporting and incomplete, and missing or inconsistent trip details 

(Chandra R.Baht, 2005).  Even thought the introduction of both technologies has improved the 

quality of the survey, it still lacks the required quality of data. 

To overcome the deficiency of the quality that is imposed by the tradition way of data collecting, 

a GPS technology has been seen as an alternative way.  GPS records the geo position points with 
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relative of altitude, latitude, time stamp and further more has the ability to capture the 

instantaneous speed and heading of a point. A travel data collected by the GPS devices do not 

directly yield the travel information that is needed for the survey rather it requires a mechanism 

to extract the information; this mechanism are discussed briefly on the chapter 6. 

GPS studies have been introduced in the mid-1990’s to overcome the deficiency. At first, it was 

introduced to support the traditional way of travel survey by validating the collected data, but 

recently researchers are studying on how the GPS can be independently used for travel survey.  

The first major study of the use of GPS in the travel survey has been carried out in the 1997 in 

United States, Austin (Wolf J. , 2004) .The study has been carried out with 356 GPS fixed 

vehicles. Besides collecting data by GPS, the traveler’s have been made to report their travelling 

information through CATI. The report has shown that the level of underreporting in the 

conventional travel survey was high and also provides signs it is feasible to overcome the 

deficiency of underreporting with the aid of GPS.  

Following the first major study, numerous studies using vehicle GPS devices have been 

conducted on different occasions that depict similar results on the level of accuracy of the 

traditional travel survey.  These studies were mainly performed with the vehicle mounted GPS 

devices that focusing on the motorized travel mode.  

Nowadays the easily accessible of GPS devices for personal uses in various forms such as in 

smart phones has made traveler behavior researchers to develop interest on personal mobility 

which enables to study for all travel modes. However, the main tackle is that the travel 

information that is needed for the survey is complicated to extract as that of vehicle based GPS 

data, it requires systematical processing to infer the travel information needed for the travel 

survey. 

Thus, researchers are developing various forms of algorithms to automatically extract the travel 

information’s which includes travel mode and trip purpose. The success rate in determining travel 

mode and trip purpose varies; however it is still far from being to attain the desirable accuracy in 

predicting the travel information that is needed for travel survey.   
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2.2. Previous Related Works 

The existing travel mode inference procedure shares the following general principle. At first, the 

classification models developed based on historical data of mobility patterns upon either 

supervised or unsupervised learning method. These methods are from machine learning methods 

that use algorithms to classify the dataset accordingly. Supervised learning method creates a 

general hypothesis from known dataset which then used to predict the unknown dataset. On the 

contrary, unsupervised learning uses the input dataset to develop particular patterns or models by 

using statistical mechanisms, this learning method builds models from dataset without predefined 

classes, a more detail description is found in the next chapter. The classification model developed 

by the supervised and unsupervised learning method will predict the transportation mode by 

feeding the intended mobility data.   

In Kautz (2007) a hierarchical inference model to infer a user’s destination and mode of transport 

through traveler’s daily activities is developed. The research has demonstrated an efficient way to 

infer traveler’s activities based on unsupervised learning algorithms. The model developed in the 

form of hierarchical predicative approach. This model uses GPS raw data and map information 

like road networks and bus stops. The hierarchical activity model is classified into three levels. 

The upper level represents the novelty detection, and the second level represents the user’s goal 

and trip segments. And the last level estimates the mode of transport, the user’s current location 

and speed. The hierarchical model is developed by using Rao-Blackwellized particle filters, this 

method is discussed in detail in the paper.  Rao-Blackwellized particle filters is used at the 

different level of the model hierarchy. The model is developed to predict the goal of the traveler, 

trip segment, traveler’s destination and mode of transport based on previous histories. The model 

has been tested with a GPS dataset that is collected from one person mobility pattern for total of 

60 days.  The dataset is divided into two equal parts where the first half data is used for learning 

and the rest is used for testing.  The result has shown that 98 percent of accuracy in predicting the 

traveler’s activity and furthermore, the model efficiently detects change of mode.  

In the paper by Xu, Ji, Chen, & Zhang (2010), a fuzzy pattern recognition is used to predicate the 

travel mode from raw GPS data. It uses a fuzzy mathematics in order to develop the classification.  

The method has been performed on a selected travel mode which includes walk, bike, bus, rail 

and rest.  The model uses features to identify travel mode for each trip segment. The features 

were four speed derivations which include median speed, average speed, standard deviation of 

speed and minimum acceleration. Based on the features, a fuzzy membership function has been 
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developed for each travel mode. Fuzzy membership functions is a classification model that is 

derived from labeled sample data and it is defined based on the statistics values of the features. 

The developed model has been tested with GPS dataset that is collected from 32 persons for a 

total of 142 days. The result shows that 93.8% accuracy prediction for overall travel mode, 

however, variation has shown in accuracy along the travel modes. For instance, prediction 

accuracy has huge gaps between walking and rail travel mode where 99.6 and 69.6 percents 

respectively. The author’s has recommended that in order to improve for lower attained 

prediction accuracy, additional features should be considered in the classification rule.  

Microsoft’s Geo project presented another methodology to infer a travel model from the raw GPS 

data based on supervised learning methods.  The developed model is based only on the GPS raw 

data without historical data, additional sensor data and map information like road networks and 

bus stops. The dataset is large pool of raw GPS data that is collected over a period of 10 

consecutive months with 64 users (Wei-Ying Ma, 2008). The project is divided into three 

sections:- segmentation method, inference method and post processing model. Segmentation is 

the process of dividing the trips into separate segments of different travel modes and followed by 

the process of extracting classification features from the segments. The Inference method used 

common data mining algorithms to infer the travel modes. At the last section, post processing is 

implemented to improve the predicted  travel modes. In the first section, three methods have been 

implemented to divide the trips into segments which include change point based segmentation, 

uniform distance –based and uniform duration- based segmentation. The change point based 

segmentation method outperformed both the methods. The main concept of the change point 

based segmentation is that it detects changes when a traveler switches from one travel mode to 

the other. To detect the switching points, the authors has used practical assumptions that a 

traveler changes from one mode of transportation to other through a transition of walking and 

with approximately of zero velocity.  Beside the basic classification features which include 

distance and velocity, advanced classification features such as heading change rate, stop rate and 

velocity change rate have been used. These classification features are assigned in the inference 

model to predict the travel modes. Four inference algorithms of data mining algorithms have used 

to infer the travel mode. The algorithms includes Decision tree, Supported Vector Machine, 

Bayesian Net and Conditional Random Field. These algorithms have been implemented in the 

WEKA machine learning tool set. A combination of change point based segmentation method 

with the decision tree outperformed the rest of the algorithms. The prediction accuracy in 

inferring the travel mode is around 72.8 percent. Furthermore, the analysis of the test has shown 
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that the addition of advanced features independently has resulted than increase of the accuracy 

for predicting the travel mode. And at last, the paper has incorporated a post processing algorithm 

to further improve the predicted travel modes.  The post processing algorithms that are used in 

this section are namely normal and graph based post processing, which both use statically 

probability. When comparing graph post processing to normal post processing, the results 

indicate that the graph post processing improves the inferred travel mode around 4 percent 

exceeding that of the normal post processing by 2 percent with an overall accuracy of 76 percent. 

However, recently published research papers shows that the rate of success is high when the GPS 

in collaboration with other technology such as transport network information and other sensor 

devices. In Leon Stenneth (2011) paper used GPS sensor report from mobile phone to infer the 

travel modes. The methodology is based on supervised learning mechanisms. The developed 

model uses transport network information which includes a real time bus locations and 

geographical information such as bus stop and rail line. The project is divided into two steps, the 

first step is the learning procedure and the other one is the inference of the travel mode. The first 

step is to automatically label the GPS data; it is performed when the GPS device sends sensor 

report to the server, and then the server merge the incoming report to the transportation network 

data. Thus, the incoming report is automatically labeled with the corresponding travel mode. 

Furthermore, classification features are derived from the labeled data to be used as a training data.  

This training data is used as input data for the algorithms to form classification systems based on 

the features. In the second step, the features are extracted similar to that of the first step. Then, 

the classification system predicts the travel mode based on the features. The algorithms that used 

to establish the classification system includes Bayesian Net, Decision Tree, Random Forest, 

Naïve Bayesian and Multilayer Perception.  WEKA machine learning tool set is used to evaluate 

the classification system. The advanced features that are used in the model are mainly related to 

transport network information such as average bus location closeness to the bus stop, candidate 

bus location closeness, average rail line track closeness and bus stop closeness rate. Finally, a 

comparison has been made between classification with or without transport network information. 

And the average predicted accuracy for without transport network information is much lower 

than that of transport network information, 76 percent and 94 percent respectively.  However, the 

predicted accuracy for walk and stationary is high which shows similar result in the comparison.  

This demonstrates that walk and stationary does not need any advanced features as well as 

transport network information to predicate accurately.   
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Other, similar studies using other sensor devices shows high accuracy prediction, one example 

should be mentioned is the Reddy (2010) study. In this study, the methodology developed neither 

needs historical data nor transport network information; it used sensors devices information from 

GPS and accelerometer from mobile phone. This model is based on unsupervised learning 

mechanisms that to infer the travel modes. Beside the location and time of characteristic features, 

speed is derived from GPS component. The classification features obtained from accelerometer is 

high level acceleration information which provides variance and frequency from the 

accelerometer signals. For the model, different classifiers have been implemented and tested 

using WEKA machine learning tool set; which includes C 4.5 Decision Trees, K-Means 

Clustering (KMC), Naïve Bayes, Nearest Neighbor, Support Vector Machines, continuous 

Hidden Markov model. The classification systems have been tested with data collected for 

approximately 120 hrs from sixteen persons. Decision tree model predicts an accuracy of 91.3 

percent. However, it has been found out that prediction accuracy increased to 93.7 percent when 

Decision Tree combined with Discrete Hidden Markov algorithm. This classification system 

predicts the travel modes in between walking, stationary, running, biking or motorized transport. 

The study has shown that it lacks the ability to predicate the motorized transport into separate 

travel modes. At last, the study recommends that, to improve the accuracy prediction additional 

sensor devices should be proposed for the future work.  
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CHAPTER 3 

CLASSIFICATION ALGORITHMS TO INFER TRAVEL MODES  

This chapter discusses the general view of the classification system and overview different types 

of data mining algorithms.  

Data mining is the process of extracting unknown information from dataset by developing a 

model. The main aim of this model is to find functional patterns that classify or predict situations 

from given amount of facts from the dataset. This process uses classification algorithms. There 

are two common data mining approaches, supervised and unsupervised learning. These learning 

approaches are derived from the machine learning, which is the sub field of artificial intelligence. 

Artificial Intelligence (Al) is the area of science and engineering that used to create artificial 

machines, which would be considered by humans to be an intelligent. This field was first 

emerged by Alan Turing in 1950 by his publication of paper under the title “Computing 

Machinery and Intelligence” since then the field is highly developed and created numerous 

applications, to mention few,  machines that mimic human thoughts and defeat best chess player.  

One branch of Al is Machine learning, which deals in creating algorithms and techniques that 

enables to learn from input data and create patterns or prediction functions to be used to predict 

the unknown dataset. Data mining uses this machine learning concept.  

As mentioned earlier on, the two most prevalent types of data mining procedures are supervised 

and unsupervised learning which are illustrated below; 

Supervised learning is type of method that classifies the unknown dataset based on from 

previously known data. These known and unknown data’s are referred as training and testing 

dataset respectively. Supervised learning has two stages; learning and classification approaches. 

The learning approaches analysis the learning dataset and creates a pattern or prediction function 

which is used as an underlying system to predict the intended data. Then, the classification 

approach is followed to predict the similar new objects based on the prediction function. The 

supervised learning uses different types of classification algorithms. Most of the supervised 

learning algorithms are used for predictive models. The common ones are Decision Trees (DT), 

Naive Bayes (NB) and Support Vector Machine (SVM).  

To implement supervised learning algorithms, it requires two different dataset. One is the 

learning dataset, and the other one is the testing dataset. These two dataset should have the same 
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format and the quantity of the learning dataset should be larger than the testing dataset. These 

datasets contains objects with the respective to their features. To exemplify the input dataset in 

this thesis work, the segment of travel mode is considered as an object, and the features of the 

object are speed, distance traveled and acceleration.  

 

Figure 1: A procedure diagram to predict supervised learning stages 

Unsupervised learning is the method that develops particular patterns or functions from the input 

dataset by using statistical mechanisms. Unlike the supervised learning method, this method do 

not use learning dataset to form the prediction functions, instead it forms the prediction from only 

one dataset. In most cases, this method is used for descriptive purposes. Some of the techniques 

that are used in developing the unsupervised learning method include clustering and blind signal 

separation. Similar to the supervised learning, this method uses different types of classification 

algorithms. To mention some of the unsupervised learning algorithms are, artificial neural 

network and k-means.  

Due to the availability of labeled data for this thesis work, supervised learning algorithm has been 

selected for this project. Short overview for some of the supervised learning algorithms is 

illustrated below;  

Decision Tree:  is a classification algorithm that uses like flowchart structure to produces an 

easily interpreted classification model.  The commonly known decision tree algorithm is C4.5 

which is introduced by J.Ross Quinlan (Quinlan, 1993) The qualities of decision tree are to 

produce understandable rules and require less computation to perform classification.  

Decision tress uses a tree like graph to develop classification model where it consists of root node, 

decision and leaf nodes. The decision node represents the chose between the alternatives and the 

leaf represents the decision of the classifier. A decision tree where the root and decision nodes 
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branches out into two nodes then it is called a binary tree. The structure of binary tree is a rooted 

tree in which each root and decision nodes has two nodes, designated as right and left node.  

Figure 2 depicts a typical and simple structure of binary decision tree; 

 

Figure 2: Typical example of decision tree (Gamberger, 2001) 

The decision tree starts at the top root node and moves downward by splitting the learning dataset 

into branches as shown in figure 2. The splitting is made by answering a question at each 

decision node in relation to the features associated with the objects (Carl Kingsford, 2008). Each 

branch nodes terminates at the leaf node and an object is assigned at the leaf node when it reaches. 

Thus, once the classification model is developed as it is mentioned, the model can be used to 

predict unknown objects which contain similar features to that of the learning dataset.   

In general there are three basic steps (Statsoft, 2008) that are considered during developing of the 

classification rules. These are  

• select the methods for splitting ; 

• choice when to stop splitting and; 

• determine the depth or size of the tree. 
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Select the methods for splitting: the second step in building classification tree is to select the 

methods used in splitting the nodes. At each decision node, splitting criteria is set in order to split 

the decision nodes. This rule is set to divide the object based on the feature’s values. For every 

decision node, one feature is used to split the decision nodes, thus splitting the nodes in to two or 

more branches and further it reaches to one of the leaf nodes. There are three common ways to 

formulate the splitting criteria which are Gini, Twong and Entropy (Oracle, 2008). These 

methods mainly differ from each other in their ability to create highly efficient algorithm based 

on the splitting decisions at the nodes. 

Choice when to stop splitting: the third step is to determine when to stop the splitting process 

while developing the decision tree. To construct a perfect classification tree it would have been 

better for a decision tree to split the nodes for the whole of the dataset. However, this makes the 

tree structure unrealistic, long and complex as the original dataset file, which is most probably 

not very useful or accurate for predicting new dataset. Thus, the primary method to control 

splitting is to continue splitting until all leaf nodes are pure or holds no more than a specified 

minimum number of objects. 

Determine the depth or size of the tree: the last step in constructing a classification tree is to 

determine the right sized tree. As the size of the decision tree increases, the more difficult will be 

to interpret the results while predicting. It is obvious that when the size of the decision tree 

increases, it might not be necessary true that all the information in the structure could be used to 

predict in accuracy, thus a “right-sized” tree is needed. Thus, the basic concept is to ignore or 

omit the information that would not be used or important to predict the newly dataset. To perform 

this, there are two strategies, the first one is create a right sized tree, it can be formed by the user 

based on the previous knowledge which is acquired from similar researches or by user’s intention. 

The other strategy is to follow a procedure developed by Breiman et al. (1984), this procedure is 

a set of well document that able to select the “right sized” tree.  

Thus, based on the above a decision tree will be constructed by the supervised learning method 

from the training dataset. And then, this decision tree can be used to predict a newly similar 

dataset.  

As the prediction rule is established as shown above in the figure, then a newly input dataset can 

be classified based on the constructed prediction rules. Let’s illustrate the process of the 
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classification model by assuming that a newly input dataset is inserted at top of the figure 1. The 

classification stage commences as input data is processed at the top root node. As shown in the 

figure, the top root node splits into two branches in which the nodes assigns to either to the left or 

right hand side of the decision node. The initial splitting occurs by asking question whether the 

object is red or blue. If the object is red then it will be assigned to left hand side otherwise to the 

right hand side of decision node. Proceeding to the left hand side of the decision node of the 

second row, another question is raised to split the decision node. This question is based on the 

parameters of B feature. The rule is that if the object has the value of less than 4.5, then it will be 

assigned to the left hand side of the decision node. If the value is greater than or equal to 4.5 then 

it will be assigned to the right hand side of the decision node. At this stage, the process reaches to 

the leaf node where the feature is classified either to X or Y. A similar procedure is proceeded at 

the right hand side to reach the leaf node. 

Support vector machine (SVM): One of the most powerful classification algorithm and it is 

developed based on statistical learning theory. Statistical learning theory is a system that is 

derived from statistical and function analysis, used to create a predicative function based on input 

(training) data. The current form of SVM was initially introduced by Boser, I.M.Guyon and 

V.N.Vapnik with a paper at the conference workshop on Computational Learning Theory in 1992 

(Vladimir N. Vapnik, 1992). 

The SVM model is based on two fundamental concepts that are hyperplane classifiers for linearly 

separable patterns and kernel function for non- linearly separable patterns (Noble, 2006). As 

indicated earlier, the SVM is based on mathematical function; however, the idea can be expressed 

without any mathematical equation, and is illustrated below. 

The first major concept of SVM is the Hyperplane classifier, where it is the process of drawing a 

separation line in between different objects in order to distinguish by their features. These 

separation lines are decision planes to delineate decision boundaries between the objects. A 

descriptive example using a Figure 3, contains two different classes where one is red and the 

other is green dot points. These dot points are separated by a line according to their classes, 

where the red spots are located on the left hand side and the green spots are located on the right 

hand side. Thus, the separating line defines a boundary between the two different classes. This 

example is a typical example for linear classifier, where a line separates objects into different 

classes.  
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To illustrate the mechanism of Naïve Bayes, let’s use similar data sample that has been used in 

the Support Vector Machine (Statsoft I. , 2007). These data points are used as learning dataset. 

The training dataset contains 40 green points and 20 red points. These data points are shown in 

the Figure 6.  

 

 
Figure 6: Training data for naïve bayes demonstration (Statsoft I. , 2007) 

 

One of the first steps of the Bayes rule is using the information available from the training dataset. 

The information extracted is that the number of green points is twice as the number of the red 

points in training dataset. Thus, the Bayes rule would probably assume that the incoming point is 

to be twice green than to be red. Thus, this assumption is known as prior probability by Bayes 

analysis. 

Prior probability for each of the objects is calculated as the number of the object divided by the 

total number of the objects in the dataset. 

 Prior probability for green 噺 number of green objects Total number of objects  (3.1)

 

 Prior probability for red 噺 number of red objects Total number of objects (3.2)

 
  After determining the prior probability, then it is possible to classify a new data point Y. The 

newly data point is projected at the training dataset as shown in the figure 7. Since the training 

dataset is well clustered, then the value of Y is likely to be assumed in the vicinity of greater 

number either to green or red training points. This likelihood value of Y is calculated as shown in 

equation (3) and (4); and the new data (uncolored point) is inscribed in a circle with the nearest 

data points as shown in the Figure 7.  
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Figure 7: Newly data point plus the training dataset (Statsoft I. , 2007) 
 

 Likelihood of Y of green obj. 噺 number of the green in the circle Total number of green  (3.3)

 

 Likelihood of Y of red obj. 噺 number of the red in the circle Total number of red  (3.4)

 
Finally, in the Naïve Bayesian analysis, the newly object Y is classified by combining the two 

information, i.e., the prior and the likelihood. This combination forms a posterior probability 

called Bayes' rule. 

 

 
 Posterior probability of Y to be green 噺 equ. 岫ぬ.な岻X equ. 岫ぬ.ぬ岻 (3.5)

 
 Posterior probability of Y to be red 噺 equ. 岫ぬ.に岻X equ. 岫ぬ.ね岻 (3.6) 
 
Thus, the greater value of posterior probability is classified as the characteristic of the object.  
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CHAPTER 4  

STUDY DATA STRUCTURE  

4.1 Study Data Structure  

To conduct an experiment for this thesis work, a dataset has been used from Geo project by the 

Microsoft Research Asia (Wei-Ying Ma, 2008). This dataset is large pool of raw GPS data that is 

collected for total distance of over 139,953 kilometers. The dataset is collected by 65 individuals 

over a period of 10 months. Most of the dataset is collected from Beijing China, but few of the 

data is from the neighborhood countries such as South Korea. It covers 18 cities and about 95 % 

of the data is collected from populated area.   

The dataset has two parts: the GPS points and the labeled transport mode. The GPS points are 

collected by means of different GPS loggers and mobile phones.  This data contains coordinates 

information for each GPS points in the form of latitude, longitude and altitude where the 

coordinates are in the form of decimal degrees. Information of time and date is also available for 

each point in the data set. The GPS points are recorded for every 2-5 seconds or every 5-10 

meters per point. 

The other part is the labeled information of the transport mode for the corresponding GPS point 

information. This data is labeled by travelers at the exact ground location. The GPS points are 

labeled with transportation mode as walking, travelling by bus, taxi and train, driving car, riding 

motor and bike. The information content of the dataset is summarized in the Table 1;  

Table 1: Summarized table of the GPS data content 

Description   Information content   
Dataset 1   Co-ordinates  for each points  

Latitude, longitude and altitude- Decimal degrees  
Date and Time Stamp for each points  

Dataset 2   Labeled with transportation mode  
Walk, bus, taxi, train, car, motor and bike 
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The total dataset obtained from the Geo project is presented below in the Table 2. The Table 

provides information for the dataset in the form of distance and duration covered for each travel 

mode. 

Table 2: The total dataset in the form of distance and duration covered 

Transportation  Mode  Distance (km) Duration (hr) 
Walk  10,092 5,436 
Bike  6,244 2,352 
Bus  20,230 1,492 

Car & taxi 32,848 2,343 
Train 36,253 745 

Airplane  24,789 40 
Other  9,493 404 
Total  139,953 12,856 

 

For this thesis project, the GPS data for airplane and other is omitted since our focus of the 

project is to improve the accuracy of travel survey for inroad transportation system. During the 

collection of the data, there are some GPS points which are left void in labeling; therefore these 

GPS points are omitted for this project. Beside that, the accuracy of the labeling is not provided 

by the organization, however, the organization has granted that the dataset can be used for any 

mobility studies.  In addition, the GPS dataset has been projected in ArcMap to inspect visually 

and it has been found that few GPS dataset are labeled incorrectly; these dataset are not used in 

this project. For this thesis project a partial amount of the dataset is used.  

Before proceeding to the methodology section, some terminology is defined below. Examples for 

the definition are presented based on Figure 8 in which some selected GPS points are projected in 

ArcMap. 
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velocity and acceleration between the consecutive points, matching the two dataset which is 

labeling each GPS points with the transportation mode, projecting the data on map for 

preliminary assessment as well as for analysis; some selected GPS data projected on Arc map is 

shown in figure 8-11 above;  

After data pre-processing, then it followed designing the procedure that infer travel mode from 

the GPS data. The procedure is divided into two phases. The first phase comprises of determining 

trips, dividing the trips accordingly to segments and extracting the features from the segments. 

The second phase is to infer the likely travel mode by using the chosen classification model based 

on supervised learning method. To implement the mentioned procedures Matlab code has been 

used. The phases are explained briefly in Chapter 5. 
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CHAPTER 5 

DETECTING SWITCHING POINTS AND THE CLASSIFICATION MODEL  

 

This chapter presents in detail the methodology to divide the GPS track into trips, and then 

partition the trips into segments by segmentation procedure. The proceeding step is to infer the 

travel modes by classification model is also described.   

5.1 Phase-I 

The initial task is to estimate the origin and destination of the trip from a GPS track.  

GPS track may consist of more than one trip. Every trip contains an origin and a destination 

location.  Hence, to divide the segments to the trips, the origin and destination location should be 

identified from the GPS track. For this experiment, the GPS track is divided into trips based on 

time and distance specified threshold; thus the procedure of dividing the tracks into trips is based 

on two scenarios.  

The first scenario is that if two GPS points are consecutive points and the points differ with 30 

minutes interval, and in addition the consecutive points have approximately zero velocity and 

acceleration values. Then, the first point implicates the end of the previous trip ending point 

whereas the next point is the start point of the next trip.  

The other scenario is that if two GPS points are non consecutive points and the points differ with 

30 minutes interval and the distance between the points is less than 50 meters, and in addition the 

intermediate GPS points between the non consecutive points as well as the two non consecutive 

points have approximately zero velocity and acceleration values. Then, it is designated that the 

first point as the trip ending point and the other non consecutive point as the trip starting point for 

the next trip. This can be a good example when the point the traveler reaches to his office is taken 

as trip ending point, and the intermediate GPS points are the points when the traveler spends in 

his office covering a minimum movement around the office. And the start point for the next trip 

can be the point when the traveler starts traveling away from his office.  

The steps used to extract trips from GPS track is briefly presented in Figure 12 below; 
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Figure 12: Flow chart for determination of trip from GPS track 
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The second stage of phase I is dividing the trips into segments for different travel modes.   

The initial stage for this phase is to classify the dataset into two, training data and experimental 

data. During the procedure both the classified dataset are made similar except that the training 

data is labeled with corresponding travel mode. The segmentation process is performed with 

experimental dataset. 

As mentioned earlier a trip may consist of various segments with different transportation mode. 

For instance in the morning a traveler may use three transportation modes to go to his office, first 

the traveler walks from home to parking lot then drives a car to train station to catch a train then 

after travelling by train walks to his office.  These travel modes of the traveler, in short, are as 

Walk  Car  Walk  Train  Walk.    

The selected approach in dividing the trip into segments is the change point-based segmentation 

method of Yu Zheng, (2008). The change point is a transition of a traveler from one traveling 

mode to the other.  Then, detecting this changing point determines the start point of one segment 

and end point of the pervious segment.  

Yu Zheng, (2008) derived two practical assumptions to detect change points.  The first one is 

when a traveler switches from one transportation mode to the other it should be likely via 

walking. The other one is change points should have the properties of approximately zero 

velocities because traveler should instantaneously pause movement during change of travel mode.  

Subsequently, the changing points were detected, and followed by differentiating walking 

segments from non-walking segments (bus, taxi, train, car, motor and bike) based on the above 

assumptions. Beside the practical assumptions, the features property of walking segment is used 

to validate the differentiating procedure where walking speed ranges mainly from 0.5 to 2 m/s 

and acceleration ranges between of 0.2 to 1.5 m/s2 (Reddy, 2010). 

Before proceeding to the procedures of dividing the trips into segments, two challenges have 

been noticed during the preliminary assessment. The first challenge is false changing points. 

False changing points have similar features property to that of changing points but are not actual 

changing points.  For instance, a traveler while traveling by vehicle may encounter a congestion 

that may cause the traveler to pause for a few seconds or to decrease the speed of the vehicle; this 

cause may seem to be a changing point.  
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Therefore, to overcome the false changing point effect, two approaches have been introduced. 

The first one, if two consecutive segments have similar predicted travel mode, then merge the 

segments. The other one is, if the algorithm detects non-walking segment in between two walking 

segment as shown in figure 13, and the non walking segment distance is below the threshold 

value then change one or both adjoining segments to non-walking segment and merge the 

segments. In this case, the threshold distance value is taken as 150 meters. This approach is taken 

because the majority of the traveler do not use bus, vehicle or any other motorized travel mode 

for a distance less than 150 meters.  

The second challenge that is noticed during the preliminary assessment is some points have 

deviated from actual track path. Since the GPS device provides information with some margin of 

error, sometimes the error could be magnified. As the result the deviated GPS point may portrait 

invalid instantaneous velocity and acceleration value. Therefore, these invalid values have been 

filtered out during the commencement of the segmentation procedure.  

 

 

Figure 13: Demonstration of changing & false changing points 
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The steps used to divide trips into segments are briefly presented below; 

 

 

Figure 14: Flow chart for segmentation process 
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After segmentation procedure, the next step is to extract features from the segments; some of the 

basic features that are used includes; distance of the segment, direction, velocity and acceleration. 

The method used to compute the features from the GPS data is illustrated below; 

Distance 

In this project, Haversine formula is used to estimate the distance between two points on the earth 

surface.  This formula estimates the distance between two points with relatively high accuracy.  

Let 岶x怠, x態, x戴…x樽岼and 岶y怠, y態, y戴…y樽岼 be longitude and latitude from a GPS data points of 岶p怠, p態, p戴…p樽岼 respectively.  

Thus, the distance is computed as follows; 

 a 噺 sin態 磐∆yに 卑 髪 cos 岫y辿岻 茅 cos 岫y辿袋怠岻 茅 sin態 磐∆xに 卑 5.1.  

 c  噺 に 茅 arctan岫√a /紐岫な 伐 a 岻岻 5.2.  

 d岫p辿,p辿袋怠岻 噺 R 茅 c 5.3.  

where; ∆y 噺 y辿袋怠 伐 y辿; 
            ∆x 噺 x辿袋怠 伐 x辿; 
             R=earth’s radius (mean radius=6,317 km); 

   d岫p辿,p辿袋怠岻 噺 distance traveled between point i to i+1. 

 

Velocity  

The available GPS data do not contain velocity information, so the instantaneous velocity for 

consecutive GPS data is computed as follows;  

Let岶p怠, p態, p戴…p樽岼  be the consecutive GPS points with a time interval of 岶t怠, t態, t戴… t樽岼 . The 

instantaneous velocity for consecutive GPS data is calculated as: 

 V岫p辿,p辿袋怠岻 噺 d岫p辿 , p辿袋怠 岻t岫p辿,p辿袋怠 岻  5.4.  

where; d岫p辿,p辿袋怠岻 噺 distance traveled between point i to i+1; 

             V岫p辿,p辿袋怠岻 噺 the velocity between i to i+1; 

             t岫p辿 p辿袋怠 岻 噺the time from point i to i+1. 
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Acceleration  

The velocity that computed above is used to determine the acceleration. Let’s岶v怠, v態, v戴…v樽岼  be 

the velocity obtained for the consecutive points with a time interval of  岶t怠, t態, t戴… t樽岼. 
Thus, the instantaneous acceleration is computed as; 

 a岫p辿,p辿袋態岻 噺 V岫p辿袋怠 伐 p辿 岻t岫p辿袋態 伐 p辿岻  5.5.  

where; V岫p辿,喧辿袋怠岻 噺 velocity between point i to i+1; 

             欠岫p辿,喧辿袋怠岻 噺 the acceleration between i to i+1; 

             t岫p辿 p辿袋態 岻 噺the time from point i to i+2. 
 

The classification model extracts the travel mode from segment rather than from a point; 

therefore the instantaneous values are underlying to calculate the features for the segments. The 

above presented computation of instantaneous values enable to determine the maximum and 

average parameters of segment for the speed and acceleration features. As a result, the maximum 

speed and acceleration; and the average speed and acceleration are calculated for each segment. 

In addition, the total distance covered by the segment is computed and included in the 

classification model. The features used for this experiment is summarized below in Table 3. 

Table 3: Summarization of features used in the model 

Features Description 

Max speed (MaxSd) The maximum speed of a segment 

Max acceleration(MaxAcce) The maximum acceleration of a segment 

Average speed (AvgSd) The average speed of a segment 

Average acceleration (AvgAcce) The average acceleration of a segment 

Distance (Dist) Distance of a segment 

 

5.2 Phase - II 

The second phase is to infer the most likely travel mode for each segment from the extracted 

features. From the preliminary analysis of the data, the travel modes to be inferred are walking, 

travelling by bus, taxi and train, riding car, motor and bike. For this project, one classification 

algorithm has been selected to build the classification model in order to infer the travel modes. 
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The classification algorithm that adapted is from standard data mining algorithm which is the 

decision tree algorithm.  

The main reasons for the decision tree algorithm selection are stated below. 

• Decision tree is one of nonparametric method in the classification model, which considers 

no assumption of the space distribution as well as the classifier structure. This means that 

the structure of the model is not fixed. Consequently, this model has the potential to grow 

in size to hold more complex data.  

• Decision tree could be considered as one of the best classifier models for discrete–value.  

• Decision trees have the best capability to formulate a prediction function for a wide 

margin of values. It can also have the capacity to handle errors that are found in the 

datasets.  

• This algorithm provides clear information about which features are the most significant in 

the prediction process. It can also be used to avoid any features that make no difference in 

the prediction model.    

The procedure of this phase is divided into two steps: learning approach and inference. The first 

step is by using the labeled training examples as input for the model, the classification model will 

learn based from the training examples. Then, the decision tree algorithm creates a prediction rule 

or prediction functions, based on the training examples. This is the first step of a supervised 

learning method.  

Then, the next step is based on the learned behavior; the model predicts the transportation modes 

for the similar new segments.   
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CHAPTER 6  

PARAMETER SELECTION AND CLASSIFICATION TREE  

This chapter discusses the parameter selection procedure for differentiating the walk segments 

from the non walk segments, followed by the output of the classification rule of the classification 

model. 

6.1 Parameter Selection 

The first stage is to determine the parameters which optimally divide the trip segments. As stated 

earlier, segmentation is a process of detecting the changing points and partitions the trip segment 

into walk and non walk segments. In order to differentiate between walk and non walk segments, 

two features have been used namely; velocity and acceleration. These features are selected due to 

easily computed values and also have sufficient ability to draw line between the walk and non 

walk segments. The parameter values for the features have been selected based on dividing the 

walk and non walk segments optimally. The parameters are evaluated based on recall accuracy; 

the definition of precision accuracy and recall are defined below. 

Precision 

Precision is defined as the proportion of correctly classified of the specific travel mode in the set 

to that of all similar travel mode returned by the classification model. Thus, to determine the 

precision prediction for travel mode A as shown in the table, the precision is the proportion of 

true positive to that of the total number of true and false positive prediction for travel mode A.  It 

is computed as shown in equation 6.1; 

 PrA = 
担丹澱脱丹澱甜担丹澱 6.1.  

Table 4: Exemplifier to compute recall and precision accuracy 

  Predicted Class 

Unknown Class 
Travel Mode  A B 

A tp Fn 
B fp tn 

 

 

 

where; tpA- true positive prediction for class A; 
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            fnA- false negative prediction for class A; 

            fpA- false positive prediction for class A; 

            tnA- true negative prediction for class A. 

 

Recall 

Recall is defined as the ability of a prediction model to predict instances of a certain travel mode 

correctly. Thus, to determine the recall prediction for travel mode A as shown in the Table 4, the 

recall is the proportion of true positive to that of the total number of true positive and false 

negative prediction for travel mode A. It is computed as shown in equation 6.2; 

 

RcA=
担丹澱脱樽澱袋担丹澱 

 
6.2.  

The threshold values for acceleration and velocity is selected by performing the segmentation 

procedure and evaluating the results. The segmentation procedure is carried out on selected 

values of acceleration and velocity as shown in Figure 15. Lower-upper bound values have been 

used to differential the walk segments from the non walk segments. The lower upper bound is 

selected within the range of (0.5, 2) m/s and (0.2, 1.5) m/s2 values for velocity and acceleration 

respectively.  

After performing the test, the set of v= 1.5 m/s and a=1m/s2 values have shown relatively higher 

recall accuracy for walk segment. These values provide relatively higher recall accuracy.  

 

 

 

 

 



35 
 

 

Figure 15: Features parameter vs recall accuracy 

6.2 Classification tree or rule 

The learning dataset is used as input data to construct the classification tree. This input data is 

arranged into two separate data sheet where ‘Y’ contains the travel modes and ‘X’ contains the 

corresponding features of the travel mode. The dataset ‘X’ contains the values of maximum speed 

and acceleration, average speed and acceleration, and distance of the segment; and the values are 

arranged within 5 columns whereas ‘Y’ contains the corresponding travel mode and is arranged 

within 1 column.    

As mentioned earlier on, decision tree has been selected to develop the classification model. The 

implementation of this classification model has been carried out with Matlab software. This 

software uses a binary decision tree for classification where the binary tree splits each branching 

node into two nodes based on the values of X. 

Below is the Matlab command script to construct the classification tree or rule; 

tree = ClassificationTree.fit(X,Y) 

The constructed decision tree is shown below and the decision tree in the form of text is 

appended in the appendix. 
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Figure 16: Classification tree 

The designated letters on the figure are illustrated in the Appendix B. 
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CHAPTER 7  

RESULTS AND  ANALYSIS  

This chapter presents the results and the analysis of the experiment performed in detecting the 

changing points as well as inferring the travel modes in the classification model.  

7.1 Evaluation of detecting changing points  

In order to evaluate the performance of segmentation, one of the procedures is determining how 

many of the walk segments are predicted accurately. 

The performance for the segmentation is evaluated by using prediction accuracy by segment 

(Pas). It is defined as the number of the segments correctly predicted (m) by the total number of 

its corresponding segments (N). The computation value for prediction accuracy by segment is 

similar to that of recall accuracy which is defined earlier at the previous chapter. 

 Pas=
鱈N 7.1.  

Table 5: Prediction accuracy for segmentation part 

 Predicted travel mode Total   Pas 
Walk Non Walk 

Walk  38 10 48 79.2% 
Non-walk  24 78 102 76.5%  

Total 62 88   
 

The result of the segmentation part is depicted in confusion matrix table shown above in Table 5. 

The accuracy in predicting walk segments is 79.2 % as shown in the above Table 5, where out of 

48 walk travel modes 38 have been predicted correctly while the remaining 10 segments are 

predicted incorrectly to non-walk segments.  

However, this evaluation method does not include the evaluation of accuracy of the detection of 

changing points in which how the changing is detected accurately. The evaluation of  accuracy of 

the segmentation is behind the scope of this project. It is assumed that this procedure is attained 

100% accuracy.  
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7.2 Evaluation for classification model 

After the segmentation procedure has been done the travel mode is inferred by classification 

model. The predicted segments to walk travel mode in the segmentation process is removed for 

the classification model since walk segments have already been predicted by the segmentation 

method. i.e the 24 segments predicted to walk segments incorrectly have been removed. In other 

words, the segments which are predicted to non walk segments are transferred to the next 

procedure for further classification process. Thus, a total of 88 segments are transferred to the 

classification model in order to be inferred to the travel modes. This classification mode infers to 

travel modes of walk, bike, car, bus and subway.  

In order to portrait the result of the phase II, a confusion matrix has been used as shown in table 6. 

The highest predicted travel mode is bus (76.5%), which is out of 17 segments of the bus mode, 

13 segments are predicted accurately whereas the remaining 4 segments are predicted as walk 

travel mode.  The lowest predicted accuracies are bike and car travel modes which are both 

46.4%. The total segments used for bike are 28, where as 13 of the segments are predicted 

correctly and the remaining 12, 2, and 1 are predicted as walk, car and subway travel modes 

respectively. Almost 42.86% of the bike travel mode is classified as walk travel mode incorrectly. 

This may indicate that the property of the features of the bike travel mode is much similar to that 

of the walk travel mode. This shows that the features assigned to this model may not be enough 

to draw the difference between bike and walk travel modes. The other lowest predicted accuracy 

is car travel mode where the segments used in this classification mode are 28, in which 13 

segments are predicted accurately, and the remaining 13 segments and 1 segment are predicted as 

bike and walk travel modes respectively. 

Even though, it has been tried to balance the segments for the travel mode at the commencement 

of the segmentation process, the subway travel mode has been assigned with the smallest number 

of segments due to the limited number of travel modes in the dataset. This subway segment has 

been predicted with 60 % accuracy which is similar to the walk segments that are classified in 

this phase. A total of 5 subway segments are used in the experiment, and out of which 3 are 

predicted with accurately and the remaining 2 segments are predicted as walk segments. It is 

possible that due to small size of the subway segments, the prediction for this travel mode could 

be affected.  
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Table 6: Confusion matrix  

 Walk Bike  Bus  Car Subway Total Pas 
Walk 6 0 4 0 0 10 0.600 
Bike 12 13 0 2 1 28 0.464 
Bus 4 0 13 0 0 17 0.765 
Car 2 13 0 13 0 28 0.464 

Subway 2 0 0 0 3 5 0.600 
Total 26 26 17 15 4 88  

  

The total accuracy for walk segments is 75.86 % as depicted as shown in Table 7. As mentioned 

earlier, the correctly predicted walk segments are 38 and 6 from phase I and phase II respectively. 

Thus, the total of walk segments that are predicted correctly reached to 44 segments whereas the 

incorrectly predicted walk segments are14 segments.   

Table 7: Total accuracy prediction for walk segments 

 Phase I  Phase II  Total segments  
Correctly predicted 
Walk segments  

38 6 44 

Incorrectly predicted 
Walk segments  

10 4 14 

Total Walk segments  58 
Total accuracy prediction for Walk mode 75.86% 

 

The overall result for all the travel modes classification is depicted in the figure below.  

Figure 17: Overall classification result for the travel modes 
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The prediction accuracy for the classification model is 54.54% as stated in Table 8. As mentioned 

earlier, the model is being tested with 88 segments and 48 of the segments have been predicted 

correctly.  

Table 8: Prediction accuracy for the classification model 

Total correctly classified 
segments  

Total number of 
segments  

Prediction 
Accuracy 

48 88 54.54% 
 

The overall prediction for the system is 38.67% as shown below in Table 9. This prediction is 

computed as the total predicted segments obtained from the two phases divided by the total 

number of segments processed in the system. The accuracy prediction has decreased from phase 

II due to the effect that the incorrect prediction of non walk segments as walk segments is 

considerable high in the segmentation process. i.e 24 non walk segments have been predicted to 

walk segments. In order to improve the accuracy of the prediction, additional procedure should 

be implemented in differentiating the walk segments to non walks segments. 

Table 9: Prediction accuracy for the classification system 

Total correctly classified 
segments  

Total number of 
segments  

Prediction 
Accuracy 

58 150 38.67% 
 

The Figure 18 can be good example how the classification model fails to predict 100% accurately. 

All the data that is projected in the figure should have been predicted as bike however, as it is 

shown in the figure, all the projected data is not predicted correctly. The data that is predicted 

correctly are situated at the top right hand side of the graph, which has average speed greater than 

2m/s and average acceleration greater than 1m/s2; and for data that is lower than 1 m/s average 

speed and acceleration are predicted as walk segment which is incorrect. Thus, for any segments 

which have less than 1m/s for both average speed and acceleration may predict as walk segment. 

As the result the classification model may predict incorrectly when the value of the features 

deviates from the majority values as shown in this example.     
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Figure 18: Sample data projected on axis of Avg speed and acceleration 

 

Another method to measure the effectiveness and performance of the classification model is by 

using the precision and recall accuracy.   

Table 10 depicts the recall and precision accuracy of the travel modes for phase II.  

Apparently, this evaluation also depicts that the prediction of bus is relatively higher in which the 

bus achieves 82.6% and 76.5% precision and recall accuracy respectively. The lowest precision 

accuracy is walk travel mode which comprises 18.2%, that shows many travel modes have been 

predicted to walk travel mode incorrectly. The highest precision accuracy is car travel mode that 

results 90.5%.  

Table 10: Precision and recall accuracy for the travel modes 

 Precision 
Accuracy 

Recall 
Accuracy 

Walk 0.182 0.600 
Bike 0.552 0.464 
Bus 0.826 0.765 
Car 0.905 0.464 

Subway 0.500 0.600 
 

To show the significance of each classification features in the model, the model has been carried 

out with alone and combination features. Table 11 shows the results of the prediction for single 

alone feature and selected combination features.  
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The highest effective single classification feature is the average speed (AvgSd) which predictes 

44.37% of the travel mode and the lowest is the distance parameter (29.87%). The highest 

effective feature combination is the average speed and acceleration (AvgSd + AvgAcce) (50.78%) 

which is lower than from the prediction of all features by 3.76 %. Consequently, the combination 

of AvgSd + AvgAcce is more effective than any other feature combinations. 

On the other hand, the single alone feature of AvgSd is more effective than the combination of 

maximum speed and acceleration (MaxSd + MaxAcce).  

Table 11: Prediction for each feature and selected feature combinations 

Features Prediction 
MaxSd 0.3612 

MaxAcce 0.4121 
AvgSd 0.4437 

AvgAcce 0.4242 
Dist 0.2987 

MaxSd + MaxAcce 0.4335 
AvgSd + AvgAcce 0.5078 

All features 0.5454 
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CHAPTER 8 

CONCLUSION AND FUTURE WORK 

8.1. Discussion and Conclusion 

From recent years, various researches are under way to enhance the quality of the travel survey 

with the aid of GPS technology. At the first, the research was mainly constrained for vehicle 

mobility. However, recently the availability of various handset GPS technologies have made 

travel behavior researcher’s to study for all travel modes. 

This thesis work has focused in extracting the travel survey information from the GPS dataset 

that was collected by GPS handset devices. Generally, the travel survey information includes 

travel time, trip purpose and travel mode. However, this project has dealt with one of the travel 

survey component the travel mode.  

The project has been divided into two stages where the first stage is the threshold for the second 

stage of the project.  The dataset has been divided into two parts; namely learning and testing 

dataset. 

The first stages dealt in dividing the trip tracks into various trips where the minimum requirement 

of trip is bounded with time frame as well as distance length. This procedure has been performed 

for both the dataset. After the trips are determined, then it is proceeded to partition the trips by 

using the testing datasets. The trips have been divided into two different types of modes; walking 

and non walking segments.  

In the second stage the separated segments have been forwarded to the classification model in 

order to be inferred to the travel modes. To infer the travel modes, supervised classification 

model is used; and decision tree has been adopted in the classification model. The supervised 

classification has two stages, learning and inferring the travel modes. In the learning stage, the 

testing dataset has been used to construct prediction function which latter on used to infer the 

travel modes.   

In the segmentation procedure, the highest predicted travel mode is walk (79.2%). However, this 

method has poorly classified 24 non walk segments to walk. Thus, it has been proposed that to 

enhance the prediction accuracy, additional procedure should be implemented to differentiate the 

walk segments from non walk segments.  
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For the classification model, two evaluation methods have been used. The first one is using the 

matrix confusion. Accordingly, the highest prediction accuracy is bus with 76.5% and the travel 

modes for car and bike have shown the lowest prediction accuracy.  The other evaluation method 

which has been used in the classification stage is the precision and recall accuracy. As the result, 

the highest precision accuracy obtained is bus with 82.6% and the lowest is walk with 18.2%. In 

addition, the overall prediction accuracy of the classification model has shown to be 54.54%.  

Finally, evaluation performance has been performed for the overall system; the overall system is 

combination of the two stages. Thus, the overall prediction accuracy of the classification system 

has shown to be 38.67%, where the highest accuracy is walk travel mode (75.86%). This 

classification system provides reasonable prediction accuracy for walk, car and subway travel 

modes; however, for bike and bus travel modes it shows unsatisfactory prediction accuracy.  

Therefore, additional procedure is needed to improve the prediction for bike and bus travel modes.   

This thesis work can be benchmark for other similar studies which extracts travel modes from 

GPS dataset.  

8.2. Future work  

In order to improve the prediction accuracy of the classification model additional advanced 

features should be considered for further improvement. These features may include heading rate 

for motorized travel mode, rate of bus stop for the bus travel mode, etc. 

Another method to improve the accuracy prediction is to implement additional procedure in the 

phase I section, because the incorrect prediction of non walk segments as walk segments is 

considerable high in the segmentation process. If that is improved then the overall result has the 

probability to improve as well. 

This thesis only focus on one of the travel survey information which is travel mode, other travel 

data such as trip purpose should be included for further study.  

This classification system provides reasonable prediction accuracy for walk, car and subway 

travel modes; however, for bike and bus travel modes it shows unsatisfactory prediction accuracy.  

Therefore, additional procedure is needed to improve the prediction for bike and bus travel modes. 
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APPENDICES 

 

Appendix A -Decision tree for classification 

 
 1  if x1<1.9592 then node 2 else node 3 
 2  if x5<38.3106 then node 4 else node 5 
 3  if x1<3.31475 then node 6 else node 7 
 4  class = subway 
 5  if x2<0.88072 then node 8 else node 9 
 6  if x2<0.81828 then node 10 else node 11 
 7  if x1<6.91275 then node 12 else node 13 
 8  if x1<1.4351 then node 14 else node 15 
 9  class = bike 
10  if x3<31.9738 then node 16 else node 17 
11  if x5<2084.28 then node 18 else node 19 
 
12  if x5<288.854 then node 20 else node 21 
13  if x5<4226.16 then node 22 else node 23 
14  if x4<20.9293 then node 24 else node 25 
15  if x4<4.1189 then node 26 else node 27 
16  if x4<1.8478 then node 28 else node 29 
17  class = walk 
18  class = bike 
19  if x4<12.5779 then node 30 else node 31 
20  class = subway 
21  if x5<1072.33 then node 32 else node 33 
22  class = taxi 
23  class = bus 
24  if x5<116.825 then node 34 else node 35 
25  class = walk 
26  if x5<457.489 then node 36 else node 37 
27  class = walk 
28  class = walk 
29  if x5<114.684 then node 38 else node 39 
30  class = bus 
31  class = bike 
32  if x3<26.6454 then node 40 else node 41 
33  class = bus 
34  class = walk 
35  if x5<1062.49 then node 42 else node 43 
36  class = walk 
37  class = bus 
38  class = subway 
39  if x3<13.8961 then node 44 else node 45 
40  if x2<1.14605 then node 46 else node 47 
41  class = walk 
42  class = walk 
43  if x5<1074.69 then node 48 else node 49 
44  if x3<13.7783 then node 50 else node 51 
45  class = bus 
46  if x3<19.1991 then node 52 else node 53 
47  class = bus 
48  class = bus 
49  class = walk 
50  class = bus 
51  class = walk 
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52  if x1<4.2413 then node 54 else node 55 
53  class = bus 
54  if x1<4.05815 then node 56 else node 57 
55  class = bus 
56  class = bus 
57  class = taxi 
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Appendix B – Description on the classification tree  

X1=Average speed 

X2= Average acceleration 

X3= Max speed  

X4= Max acceleration 

X5= Distance  

 


