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Abstract 

The thesis evaluates mobility based on mobile phone positions. The aim is to develop and assess 
different methods for travel demand estimation based on CDR data. Besides this estimation 
location data in cellular data is explained in more detail and a previous work based on mobile 
phone data and travel demand estimation is reviewed. The different methods of travel time 
estimation include both static and dynamic estimation. The static travel demand estimation 
evaluates movements in the city based on predefined time periods, whereas the dynamic 
estimations are based on different definitions of a trip. A trip can be defined as movements 
between important places, or just simply count a trip between each position, or a filtering of 
active states to create more accurate origin-destination matrices. The second part of the thesis 
includes evaluation of travel time based on CDR data before the final conclusions are drawn. The 
main finding of the thesis is that it is possible to assess mobility in a city based on CDR data, 
even if there are no validation data available. 
 
Keywords: Cellular, Call Detail Records, Travel demand, Travel time 
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1. Introduction 

1.1.  Background 

 
One of the biggest problems in today’s society are traffic congestion and traffic problems. In our 
globalized world the movement of people becomes more and more important and the road 
infrastructure cannot keep up with the pace of increasing demand. Therefore the importance of 
Intelligent Transport Systems is increasing, as the physical road infrastructure starts to reach its 
limits. With ITS the problems can be tackled with Information Technology (IT) and 
telecommunication combined with conventional traffic planning methods. 

In this thesis an alternative for conventional Origin-Destination (O/D) estimation is 
introduced. Conventional O/D estimation is based on surveys, traffic counts or gravity models 
(Caceres, Wideberg & Benitez 2007), however in this thesis the O/D estimation is based on 
mobile phone positions from Call Detail Records (CDR). O/D matrices are used in traffic 
planning as one of the most essential input data, but conventional O/D methods are very costly, 
take a lot of time to process and produce only a snapshot of the travel demand (Calabrese et al. 
2011b). Household surveys and census give only a snapshot during very short period of time 
compared to the years they are used for. The matrices can be detailed on a different level. From a 
trip based matrix, where all the movements are defined as origin or destination to a broader type 
where only certain locations with longer stay are considered origin and destination. The time span 
of the matrix can also vary, for example the travel demand estimation can explore the movements 
on a weekday for 24 hours, or only the peak hour mobility. Every O/D matrix has a spatial 
definition, i.e. the area is divided into zones, where the mobility and movements are explored. 
The zone definition can be done with an algorithm, or the existing administrative zones can be 
used. The area in question can also vary from a country level through regional level to city level. 
Different applications have different requirements, therefore the quality and accuracy varies from 
method to method. The goal is that every application should create a matrix which can be further 
used for traffic planning purposes; however the accuracy in some cases is not satisfactory. 
Matrices with lower accuracy can give a picture about general mobility in the city, but not used 
directly for infrastructure planning. 

Authorities, transportation analytics use O/D matrices as their input data for transportation 
network management and future infrastructure planning. On the other hand the increasing 
penetration rate of mobile phones gives a new possibility for O/D estimation. For example in 
Ivory Coast the penetration rate of mobile phone in 2012 was 91.23%, however in Europe every 
country but four had a penetration rate higher than 100 % in 2012 (ITU). This penetration rate is 
only possible if there are people who have several subscriptions. It is also interesting to see the 
mobile broadband subscriptions per inhabitants, as these types of subscriptions contribute to a 
much more accurate estimation of O/D matrices. Six of the OECD countries had a higher 
penetration rate than 100 % (Australia, Finland, Sweden, Japan, Korea and Denmark) in 2013 
(OECD). The advantage of the high penetration rate makes this type of data the most ideal for 
O/D estimation compared to GPS, Wi-Fi, Bluetooth and other wireless methods. Even though the 
accuracy of mobile positions is not as close as GPS, Wi-Fi and Bluetooth, O/D estimation does 
not demand such high accuracy. 

On the other side privacy issues are still problems for retrieving data from service providers. 
One part of the problem are the service providers who consider the information as sensitive and a 
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trade secret, where the positions of the cell towers and call traffic have to be provided for 
researchers. The other part of the problem are the subscribers who do not want their privacy 
rights to be violated, therefore the service providers are not allowed to give out information about 
the subscriber’s position. The latter problem can be solved by anonymizing the users, so that the 
positions cannot be tracked back to a person, and a non-disclosure agreement can be signed by 
the researchers not to give out any information about the antenna positions, or call traffic. This 
was the case during this thesis project as well. Moreover the results of the O/D matrices are 
aggregated numbers, where no user can be tracked, no position of the antennas and no call traffic 
information are published. 
 

1.2. Aim and problem formulation 
 
The aim of the thesis is to estimate O/D matrices from mobile phone data. Four different methods 
of estimation are evaluated and compared. Besides travel demand a different side of mobility, 
travel behavior was also evaluated. Travel times on different road sections were assessed. 

The main contribution of thesis is to show that it is possible to explore mobility patterns in a 
city with no other background data, but phone call and text message positions on an antenna 
level. The different methods give different type of results for the travel demand in a city 
regarding resolution and dynamics. The first method, which is a static travel demand, shows 
mobility patterns between zones and predefined time periods. The matrix includes one trip per 
individual between a home location and a work location. The second type of matrix, travel 
demand based on important places, uses the fact that there are 14 days of consecutive data for 
every individual. The important places are found based on the locations during the 2 weeks 
period, and after knowing the important places of every individual, a dynamic matrix is created 
where the time span can be changed if so wanted. The important places during the time span are 
listed, which gives a trip based matrix, however not every location change counts as a trip. The 
third matrix, trip based travel demand, has the highest resolution regarding trips, due to the fact 
that every location change is registered as a trip. The time span can be dynamically changed in 
this case as well. The fourth method, trip based travel demand with active cases, is a variation of 
the third matrix type. To create a more accurate matrix, those positions are excluded from the 
matrix, where the individual was in an active state, i.e. the user was travelling through. The 
matrix is still dynamic, only the number of trips is less compared to the previous method. 
 

1.3. Scope 

 
The available data for research was Call Detail Records from Ivory Coast during a five month 
period for 50,000 individual users for each two week period. Based on the characteristics of the 
data four different type of O/D matrices were created and compared with each other. By 
evaluating multiple methods for travel demand estimation in form of O/D matrices conclusions 
can be derived to explore the most fitting estimation method based on this type of mobile phone 
data. 
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The data was taken between December 2011 and April 2012. Therefore it is not possible to 
use for real-time transportation problems, for example real-time traffic demand estimation, real-
time traffic flow estimation, etc.  

The data shows positions of individuals where they were connected to antennas in a voice call 
or text message. Therefore the penetration rate among the overall population is not very high. 
Therefore it is difficult to make estimations for the whole population, if there is no rate provided 
which shows the average call rates for some time period. Due to only calls recorded, it is not 
possible to follow individuals on a certain link, as there is a too small chance that a call is on that 
link, therefore traffic flow cannot be estimated from this data either. 
 

1.4. Outline 

 
The thesis is built up in 8 chapters, where the first is the introduction and the last is the 
conclusion. The other chapters are describing the following: 

Chapter two gives a short introduction into cellular systems, focusing on positioning data 
available in the system. The type of data which this thesis is based on is also described in more 
detail. 

Chapter three includes a detailed literature review. The review narrows down from papers 
about mobile phone data in general to literature dealing with transportation and mobility with 
slightly different input data to literature based on similar dataset to travel demand and O/D 
estimation. Finally literature based on the same dataset with travel demand and O/D estimation 
related topics are reviewed. 

The next chapter defines the spatial parameter of the O/D estimations, i.e. the zones. K-mean 
clustering is evaluated with different input parameters. 

Chapter 5 describes the methodology of the different O/D estimations in this thesis. There are 
four different methods. After each method the results are presented. 

Chapter 6 introduces travel time estimation based on CDR data, where peak hour and off-peak 
hour travel times are assessed, as well as road infrastructure condition based on travel times. 

Finally chapter 7 discusses the results provided by this thesis by comparing the different O/D 
estimation methods with each other. 
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2. Location data in cellular networks 
 
Cellular networks are designed for the purpose to make every mobile terminal reachable at any 
time if it is turned on. For this reachability, it is vital to know the current position of the terminal. 
Due to this, signaling information in the cellular network can be used for transportation purposes. 
The upcoming section lists these types of location information based on the work of Gundlegård 
and Karlsson (2009a). 
 

2.1. Mobile networks 
 
A cellular network consists of cells, which are the smallest areas in the network. A configurable 
number of cells define a Location Area (LA) or in case of data traffic Routing Area (RA) and 
UMTS data traffic UTRAN Routing Area (URA). Figure 1 depicts a schematic map of a cellular 
network with the previously mentioned areas. The possibility of using cellular networks is that 
existing signaling data could provide a lot of information related to traffic in a cost efficient way 
without building a new sensor infrastructure. Moreover, the density of the cells in the network 
corresponds to the density of population, hence the areas with more call traffic. The basic 
architecture is shown on Figure 2, with both the GSM and UMTS structure. 
 

 
Figure 1 Schematic map of cellular network units (Gundlegård & Karlsson 2009a) 
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Figure 2 Basic architecture of a cellular network. Upper part depicts the GSM, the lower part the UMTS network. 

(Gundlegård & Karlsson 2009a) 

 
In GSM the Base Transceiver Stations (BTS) connects the service provider and the mobile 
terminal. Base stations are connected to the Base Station Controller (BSC), which is responsible 
for the handover decision between the base stations. The BSC is connected to the Mobile 
Switching Centre (MSC), which is the connection between the wireless and wired network. The 
UMTS system is very similar, only the names differ. Instead of BTS, there is Node B, and instead 
of the BSC, the Radio Network Controller (RNC) is responsible for the nodes. The interfaces 
have also different names, between the BTS and BSC there is the Abis, between Node B and RNC 
Iub. Between BSC and MSC the interface is called A, between RNC and the core network it is Iu. 
 
If it comes to positioning, there are three different types of systems: 

Network-based positioning: The calculations are made by the nodes in the system, such as 
BTS, BSC or MSC. For this classification type the mobile terminal has to be in active mode. All 
the processing is done in the network, which means that mobile terminals do not have to be 
updated. The mobile terminal sends all the information collected from multiple nodes to the 
network. 

Handset-based positioning: The position is calculated by the mobile terminal from 
measurements collected by the terminal. To achieve this the mobile terminals have to be updated. 

Handset-assisted positioning: In this case the mobile terminal sends measurements to the 
network, where the position is calculated. 

The dataset used by this thesis is not using any kind of positioning listed above, as only the 
positions of the connected antennas are given. More accurate positioning is not available. 

There are different methods to calculate a position. The methods relevant in cellular networks: 
Proximity sensing: If a terminal is registered to a base station, the area is known where the 

mobile terminal can be. 
Lateration: The position is based on range or range difference from two or more 

measurements. In case of range from a known position, three measurements are needed in two 
dimensions to determine a position. In this case the synchronization between the mobile terminal 
and the network is needed. This type is called Time of Arrival (TOA). If range differences are 
calculated at least two measurements are needed, and only synchronization within the network is 
necessary. It is called Time Difference of Arrival (TDOA) method. 
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Pattern matching: Mostly used by third parties, for which the location of the BTSs are not 
known. A database is needed with signal characteristics for each position. The current signal 
characteristics of the mobile terminal are matched against the database. 

The dataset of this thesis includes positions by proximity sensing. 
There are a few standardized methods for positioning in cellular networks:  CGI-TA (Cell Global Identity – Timing Advance) includes information about the cell 

the terminal is connected to and the distance from this cell. A similar method in 
UMTS is Cell ID-RTT (Round Trip Time).  E-OTD (Enhances Observed Time Difference) calculates the position with help of 
TDOA, while the network has to be synchronized and the terminals updated. The 
UMTS method is called OTDOA (Observed Time Difference of Arrival). 

While evaluating the different methods, the following performance metric categories have to 
be considered:  Overhead: The extra information which has to be sent over the network. It can be 

signaling or computational overhead.  Coverage: The type of environment the positioning is done.  Power consumption: How much power the position needs, which is an important factor 
for mobile terminals  Latency: How much time it takes to calculate the position  Cost: Cost of the system installation and operation 

There are many different signaling data which are used in GSM and UMTS and can be helpful 
in positioning. Measurement data is only available when the mobile terminal is in active state, 
which means it is engaged in a call, text message or data traffic. High accuracy positions can be 
only derived in this state. In case of idle state the position is known only at LA or RA level. 
When the terminal detects that it is in a new LA or RA, it sends a LA update, while it switches to 
active state. In UMTS in case of low bit rate data transfer, the position is updated at every URA. 
Radio Resource Management (RRM) algorithms initiate handover, therefore more accurate 
positions could be estimated from the following signaling data in GSM:  RXLEV: Received signal strength  RXQUAL: Received signal quality. Both of these measurements are 6 bits long. The 

downlink values are measured at the terminal and sent every 480 ms on the Slow 
Associated Control Channel (SACCH) containing measurements from maximum 6 
base stations. The uplink values are measured at the base station and sent to the BSC, 
which decides the handover action.  TA: Timing Advance. The terminal has to send the measurements earlier than the base 
station to avoid interference on adjacent timeslots. This time is calculated by the base 
station based on the distance between the mobile terminal and the base station. TA can 
be used to estimate the speed of the terminal and plays an important role at the BSC 
during handover decision. 

In case the mobile terminal is in data mode, i.e. attached to GPRS network, it does not send 
measurement reports to the network, but performs mobile evaluated handover. 

In UMTS there are different service classes depending on the quality of service provided for 
the mobile terminals. UMTS is a Code Division Multiple Access (CDMA) based system instead 
of Time Division Multiple Access (TDMA) in GSM, which means that a few measurements are 
different in UMTS as in GSM. 
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 In GSM measurements are sent every 480ms, in UMTS this value is configurable 
between 0.25 and 64 seconds  Instead of 6 neighboring base stations, 32 surrounding base stations are monitored by 
the mobile terminal  Instead of TA, Round Trip Time (RTT) and time difference between base stations are 
calculated  A mobile terminal can be connected to several base stations at a time, which is due to 
the option of soft handover.  The mobile terminal’s power level control is adjustable up to 1500 times per second 
compared to 2.1 in GSM, which measures the power level between the base station and 
the mobile terminal.  The size of the cells is in general significantly smaller in UMTS as in GSM which 
improves the accuracy of the positions. 

Location estimation for traffic purposes is both effected by the type of measurements and the 
positioning methods. These location estimations made it possible for commercial traffic analysis, 
such as AirSage, Applied Generics, CellInt, IntelliOne, ITIS Holdings or Trafficcast. Due to their 
commercial nature, no information is available what type of cellular data they use. However Data 
for Development (D4D) by Orange contains 5 months data from Ivory Coast for research 
purposes. The type of data is called Call Detail Records (CDR), which is collected by the service 
provider for billing purposes. It includes all the information about calls or text messages or data 
traffic, i.e. active state. Each connection to an antenna during active state is recorded with a 
timestamp. The duration of the phone-call is also included. Due to this information is already 
collected by the service provider, it does not affect the radio sources of the network and no extra 
calculations are needed. However the position is only known on an antenna level, i.e. proximity 
sensing is used, which is much less accurate as the position techniques described above. It cannot 
even be stated that the user connects to the closest antenna; because it can happen that the mobile 
terminal is directed to a neighboring antenna due to the capacity is reached at the closest antenna. 
The biggest advantage of this data is the availability and limited calculations needed. On the 
other hand the disadvantages compared to other signaling interfaces are the scarce sampling rate 
and inaccurate positions. The next section describes the provided datasets, as an example on 
location data from cellular network, and the base for the thesis. 

2.2. Data for Development (D4D) 
 
The dataset available for the D4D challenge consists of 150 days of cell phone data from a 
mobile service provider from Ivory Coast. The description is based on the official document of 
the challenge (Blondel et al. 2012). 

The data was collected during a 150 days (3600 hours) period between 1st of December, 2011 
until 28th of April, 2012. Out of the 3600 hours of data there are 100 hours missing due to 
technical failure. This period covers 2.5 billion calls and SMS exchanges. During the recording of 
the calls technical failure occurred on some occasion, which is described with an antenna 
identifier -1. This is the case in about one out of four calls. The data includes timestamps, caller 
id-s, call durations, antenna codes, which will be explained in the upcoming paragraphs. The id-s 
were anonymized by the mobile service provider, so that the individuals cannot be connected to 
real persons. Moreover all the subscribers who joined or left the service provider during this time 
period were removed to receive a homogeneous data sample. Incoming calls were paired to 
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outgoing calls, so that double data could be eliminated. The positions are identified according to 
the connected antenna, and the antenna positions are described with the GPS coordinates, which 
are slightly blurred because they are sensitive information for the mobile service provider. The 
antennas over the whole country are depicted in Figure 3 with help of the dataset, where all the 
antenna ID-s are connected to x and y coordinates (longitude, latitude).  
Example data is: 
 
1 -4.143452 5.342044 
2 -3.913602 5.341612 
 

 
Figure 3 Antenna positions in Ivory Coast 

 
There are four datasets, which are originally available in Tabulation Separated Values (TSV), 
which is then later on uploaded to a postgreSQL database with the DDL codes described for each 
dataset. 

Antenna-to-antenna (SET1) includes the number of calls, the duration of the calls between 
any pairs of antennas for an hour period. If a call starts in one hour period, and ends in another, it 
is included in the timeslot it started in. Only communication between subscribers of the mobile 
service provider is included. The DDL code for this data is: 
 
CREATE TABLE H_A_FLOWS ( 
date_hour TIMESTAMP, 
or iginating_ant INTEGER, 
terminating_ant INTEGER, 
nb_voice_calls INTEGER, 
duration_voice_calls INTEGER 
); 
 

The first column is the date and hour in a timestamp format, the second column is the ID of 
the originating antenna, the third is the terminating antenna’s ID, the forth column includes the 
number of calls between two antennas, the fifth and final column explains the duration of the 
calls in seconds. An example on the created table is: 
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2012-04-28 23:00:00 1236 786 2 96 
2012-04-28 23:00:00 1236 804 1 539 
 

The importance of this type of data is not connected directly to transportation. This type of 
data does not include any movements; hence the direct use for transportation related answers is 
negligible. On the other hand this type of data is used in the thesis for clustering where the 
information on antenna usage is needed. 

 
Individual Trajectories: High Spatial Resolution Data (SET2) is an individual trajectory 

dataset, where the positions of the connected antennas are described for 50,000 users during two 
week periods. There are ten two week periods altogether. These two week periods are 
consecutive for the whole period, however from period to period, the anonymous ID-s change, 
therefore a single user cannot be tracked for a period longer than two weeks. However all the data 
is aggregated, it can be viewed as 500,000 individuals during one two week period. Time stamps 
are rounded to the minute. The DDL code for the data is: 
 
CREATE TABLE POS_SAMPLE_0( 
user_id INTEGER, 
connection_datetime TIMESTAMP, 
antenna_id INTEGER 
); 
 

The first column has the ID of the user, the second the time of the call in a timestamp format, 
and the third column the antenna ID, where the user was connected to the call. Example data is: 
 
437690 2011-12-10 10:51:00 980 
316462 2011-12-10 16:12:00 607 
 

This gives a resolution on a base station level. From all four datasets, this might be the most 
useful for transportation related issues; therefore during the project this dataset was explored and 
used. 

Very basic mobility related examples are shown in the following paragraphs. First users with 
high mobility are detected, then a picture of overall mobility is assessed. To detect the most 
mobile users, two queries were performed on the database. The first query resulted in a table 
showing how many times each antenna was connected per user. The second query then showed 
how many different antennas a user was connected during the two week period. 

The resulting table identifies the users (Table 1): 
 
Table 1 No of connected antennas per user during two weeks 

User ID 26064 20313 2931 39755 11134 38104 8640 42148 27909 26808 
No. Antenna 148 107 107 102 97 97 95 93 91 90 
User ID 14228 32266 22498 42289 22418 20149 5745 18147 5148  
No. Antenna 87 86 84 83 83 82 82 81 80  
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It is also possible to visualize the movements of the users which have more than 100 different 
antennas (Figure 4). 
 

 
Figure 4 Individual trajectories for users with more than 100 different antennas registered during two weeks 

 
A further visualization initiative is when the movement of one selected user is depicted with a 
zoomed in version (Figure 5) 
 

 
Figure 5 The user with the most connected antennas 

 
To have a picture of the overall mobility in the dataset, it was assessed how big part of the users 
were connected to certain number of antennas. These numbers can be found in Table 3. The 
numbers were selected as following: At least two antennas are needed for a movement. In the 
ideal structure of a cellular network there are six neighbors. Because of the nature of the cellular 
network, a user can perform a cell change to its neighboring cell without moving. In the last case 
the number was set with the criterion to exclude 97% of the users. 
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Table 2 Number of Users for Different Antenna Numbers 

Minimum number of different antennas Number of users % to all users 
2 31343 62,69 
6 13614 27,23 
30 1164 2,33 
 
The two last datasets were not used in the thesis; therefore they are not described in detail. One of 
them included movements on a sub-prefecture level, the other showing first and second 
communication neighbors of individuals. 
 

All these information could be on different levels useful for transportation purposes, as it is a 
huge amount of data. On the other hand the size of the data might be also a risk, because it is hard 
to decide what has to be shown from the project. 
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3. Previous work 
 
The structure of the literature review will be as following: First a review on mobile phone data 
based efforts are described in a broader aspect not only focusing on mobility and transportation. 
The next section reviews literature related to transportation, however, with slightly different input 
data compared to what is in this thesis. The next section reviews papers with a similar dataset as 
the one used for this thesis, in topics which are not directly related to travel demand and O/D 
estimation. The next section surveys papers related directly to travel demand and O/D estimation. 
Finally this chapter is concluded with a section describing literature using the same dataset as this 
thesis, i.e. D4D dataset with a topic related to travel demand and O/D estimation. With this 
structure the goal was to narrow the literature more and more to the exact data and topic of this 
thesis. 

The evaluation of mobile phone data related to traffic and mobility is a rather new research 
area within Intelligent Transport Systems (ITS). One of the first projects carried out with an aim 
to investigate the use of cellular data in transportation was the Cellular Applied to ITS tracking 
And Location (CAPITAL) project, which started 1994 and ran for almost 2.5 years (University of 
Maryland 1997). However this project failed (Virginia Transportation Research Council 2005). 

One of the first projects with big scale mobile phone data was performed in 2006 (Ratti et al. 
2006). This was one of the first projects where real data was used for mobility evaluation. 
However in this case study the individual trajectories from mobile phone data were not available, 
only the call intensities of every antenna for every hour. This led to the evaluation of different 
type of land-use patterns, depending on the intensity of the antennae in different periods of time. 
Later on one of the first travel demand related project on mobile phone data was performed by 
Caceres, Wideberg & Benitez (2007), even though the origin-destination (O/D) estimation was 
based on data from a GSM simulator. 

One of the first big scale data evaluation of mobile phone data, more specifically Call Detail 
Records (CDR) related to mobility was published in 2008 by Gonzalez, Hidalgo & Barabási 
(2008), where the mobility patterns of individuals were examined and finally a truncated power-
law equation was derived for the distribution of placement. In this paper 100,000 individuals 
were taken under the loop selected from an amount of 6 million users from a European country. 
In addition for evaluation 206 individuals were followed with location update every 2 hours. The 
popularity of this paper - as to date, 897 articles have cited it (Scopus, 2013-11-17) – is an 
indication of the expansion of mobile phone data evaluation. 

From 2010 more and more research papers were based on big scale real world data with a big 
variety of aims. From the spreading of epidemics (Wesolowski et al. 2012, Le Menach et al. 
2011, Bajardi et al. 2011, Balcan et al. 2009, Rocha, Holme & Liljeros 2011), human movements 
after disasters and outbreaks (McNamara, Capra & Mascolo 2008, Burbey 2011, Bagrow, Wang, 
D & Barabási 2011), exploring social networks (Aiello, Chung & Lu 2000, Onnela et al. 2007), 
geographical analysis and statistics (Lambiotte et al. 2008, Krings et al. 2009, Blondel, Krings & 
Thomas 2010), all the way to the transportation and mobility aspects. As the theme of this thesis 
is related to transportation and mobility, these studies are assessed in more detail. 
 



21 

3.1. Possibilit ies in transportation research with mobile phone data 

 
An overview of commercial projects with mobile phone data can be found in Steeenbruggen et al. 
(2013) up to 2008. The authors name 17 projects all over the world, mainly in the USA and 
Europe. Gundlegård and Karlsson (2006) review the research papers with mobile phone data up 
to 2006, in which they differentiate between active and passive monitoring. The former meaning 
that the devices are located periodically, whereas in the latter approach the mobile phones are not 
explicitly located. The authors mention various papers; here only a few are mentioned. Some 
focusing on active monitoring (Yim 2003), or both active and passive monitoring (Rose 2004), 
papers with simulation data (Ygnace & Drane 2001), or literature with cellular network 
configurations providing better transportation related data (Schneider & Mrakotsky 2005). 
Although the differences between GSM and UMTS networks go far beyond the scope of this 
thesis, the work of Gundlegård and Karlsson (2009b) is worth to mention to have a basic 
understanding between the differences in accuracy between these two systems. In this paper 
travel time and travel speed is estimated in both systems for the same links in the network. 

Fiadino et al. (2012) states that the use of only Call Detail Records is biased, as in their case 
from Austrian data if only CDR data is considered, 90 % of the individuals have 10 or less cells 
during the studying period, on the other hand if all signaling messages are examined, 70 % have 
the same amount of the cells. This shows that if only CDR data is considered, the loss of 
accuracy is significant. On the other hand, in case of monitoring all signaling messages new 
systems have to be installed to monitor and record data at the core network, which is not 
necessary in case of CDR data, due to the fact that all CDR data is already stored by the service 
provider for billing purposes, which means no extra costs at all. 

Travel demand estimation with CDR data has worked quite well, although perfect solution can 
be provided only in case real cell coverage areas are provided and real individual data is present 
for validation. (Zhang et al. 2010). Due to this reason the papers using idle devices usually define 
other aims than O/D estimation. These are travel time and congestion estimation (Janecek et al. 
2012), where the authors estimate congestion at Location Area (LA) and Routing Area (RA) level 
based on travel times. If congestion is detected it is possible to further evaluate the situation on 
cell level, where only active terminals are detected. For travel time estimation the work of Bar-
Gera (2007) is also an example, who measures traffic speed and travel time on a 14 km long 
highway segment using information from cell handover. 

Other aims are traffic state estimation with mobile phone probes (Alger et al. 2004, Fiadino et 
al. 2012, Rose 2006, Calabrese et al. 2011a), real-time urban monitoring (Calabrese et al. 2011a), 
or route detection (Fiadino et al. 2012). In the route detection case similarity between routes in 
the road network and user trajectories are calculated, and the actual route is decided depending on 
the similarity threshold. An earlier paper from 2008 investigates O/D estimation from idle 
devices (Sohn & Kim 2008). However in this case an additional system is installed at the Base 
Stations (BS) and every cell change is recorded for the individuals. The estimated O/D values are 
compared to existing O/D values based on the survey based method. Kalman filter and 
generalized least square (GLS) methods were examined with different penetration rates, cell sizes 
and cell boundary standard deviations. The paper shows that with a penetration rate higher than 
5% and cell radius under 500m the results were satisfactory, and the Kalman filter method 
performs better than the GLS. 
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3.2. Mobility evaluation from mobile phone data 

 
The mobility of individuals based on CDR data is explained in Song et al. (2010), which showed 
that the location of humans are highly predictable. They evaluated 3 months of data, where 
50,000 individuals are chosen out of 10 million. Only those individuals are considered which 
have more than two locations and a call frequency higher than 0.5/hour. The authors create a 
mobility network with nodes which indicate the time spent at a cell and the links, which are the 
movements between the nodes. The degree of predictability is expressed by entropy. To calculate 
entropy, continuous records are needed, and tests on users with continuous records indicate that 
in case of incompleteness smaller than 0.8 (80 % of the time the position is unknown) the 
measures perform well. The entropy distribution calculated on the 50,000 individuals peak at 0.8, 
which means that the uncertainty of the user’s whereabout is 20.8 = 1.74, that is fewer than two 
locations. The research shows as well that travels within 10 km are more predictable than those 
larger than 10 km, but after 10 km the predictability is constant. In average the user is 70 % of the 
time at its most visited location, the peak is during the evening hours at 90 % and the minima 
between 12 pm – 1pm and 6 pm-7 pm, 55%. The individuals travelling longer distances have 
more relative regularity, that is more regular travel patterns. 

Before reviewing literature of O/D estimation based on CDR data, two research areas have to 
be mentioned due to their significant relation to the topic. Ratti et al. (2006) examine data from 
Milan between 19 April and 4 May 2004 which makes it one of the first big scale projects based 
on mobile phone data. Call intensities were evaluated per cell, which showed cells with work or 
home pattern. For home cells call intensity was evaluated between 8 pm and 8 am, for the work 
cells time periods between 9 am – 1 pm and 2 pm- 6 pm.  A similar study was conducted by 
Vieira et al. (2010) where the location of dense areas where detected in different time periods 
based on the location data of 1 million devices. 

The other interesting application based on CDR data was showed by Wang, H. et al (2010), 
where the authors predicted mode choice only from pure CDR data. They evaluate 1 million 
devices during one month in Middlesex, Massachusetts, USA. Their goal was to decide on mode 
choice based on CDR data given an origin, destination and travel time for each individual. Only 
individuals with a high call frequency were considered. The call frequency threshold was set to 
1/hour, which left 56715 devices out of the 1 million. First the O/D matrix was created by 
grouping all consecutive measurements per user if they were within 1 km. The positioning error 
of the dataset it assumed to be 350 m, which caused the decision that only trips with longer than 3 
km are considered for mode choice evaluation. The area was divided into 500x500m squares, and 
the O/D pairs were calculated. The most travelled pairs were chosen, where the group size was 
larger than 100. Between the two chosen 500x500 m areas travel time for car, public transport 
and walking was gathered from Google Maps. All the records with longer travel time than 
walking were cut off, and a k-mean clustering was performed on the remaining travel times with 
k=2. The average travel times of the two groups resulted in 13.2 minutes and 42.4 minutes. 
According to Google the travel time by car was 9 minutes, public transport 47 minutes. As the 
theoretical and real average travel times are so close to each other, the number of individuals in 
each cluster can show the mode choice between vehicle and public transport. The paper shows as 
well that the error of travel time estimation decreases if the sample group is bigger. For this case 
study a group size of 25 induced an average error 1000 seconds, a group size of 100 induced 400 
seconds. 
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3.3. Travel demand evaluation from mobile phone data 

 
A good example on an O/D estimation over the whole population is the work of Zhang et al. 
(2010), although the simulation is done using probe phones with registering all the Location 
Areas and not only CDR data. The authors verify the estimated daily O/D against real data from 
census by expanding the probe phone data with the probability of cell-phone ownership. Papers, 
which subject is closely related to O/D estimation but without calculation of exact travel demand 
data can be divided into two different groups:  Daily range and commuting distance estimation 

 Important places analysis 

For the daily range estimation the two most extensive studies are done by the same research 
group. In 2010 Isaacman et al. (2010) explored CDR data from Los Angeles and New York, USA 
for 62 days from 15 March to 15 May 2009, involving 5% of the mobile phone users, including 
all voice calls, text messages and connections to antennae due to data traffic. The maximum 
distances of individuals is studied, called as daily ranges. The study showed that median daily 
ranges are double for Los Angeles than for New York, on the other hand the long-distance trips 
of the people in New York are six times longer than those from Los Angeles. If the daily range is 
calculated for each day, a pattern is shown which indicates that Friday is more similar to 
weekends than to weekdays. Also the comparison of the daily ranges with European data showed 
that in the US 50 % travel more than 27 miles, compared to the 6 miles in Europe. With similar 
data Becker et al. (2011) investigated 475,000 devices during 60 days (29 November 2009 – 27 
January 2010) in Morristown, New Jersey, USA. In this study the home postal code was known 
to the authors, therefore two questions were answered: Where do people work and where do 
people party. The first question was answered with a laborshed assessment. In this study the 
positions visited between 9 am and 4 pm are considered as work, but only those places where 
there were at least 4 calls/week on at least 2 days. The results showed big similarities to census 
data. The location of the working places showed a matching pattern to the census data, where the 
CDR count equaled 0.387 of the census count with a correlation coefficient of 0.81. The 
partyshed counts were assessed similarly to the laborshed, only that the time period is between 10 
pm and 3 am. 

For important places analysis a much broader literature is available, two studies are reviewed 
here, one from the US, one from Europe. Isaacman et al (2011) identified important places in Los 
Angeles and New York based on CDR data over 60 days. In addition to the CDR data they have 
closely investigated 37 volunteers, half of the volunteer’s data used for training set, the other half 
for validation and verification. First the cells were clustered per user. The cells were sorted by 
„call-days”, which is the number of days a cell was contacted by a user, and after sorting, 
Hartigan’s leader algorithm was run on the cells for each user. The algorithm checks for each 
point if it is in the radius of an existing cluster (here the radii is 1 mile), if yes then the point 
becomes part of the cluster, and the new centroid is calculated by weighting the point with the 
number of „ call-days”, if the point is not in the radius of an existing cluster, a new cluster is 
created. To decide whether a cluster is important or not, five factors were observed:  Days: Number of days any antenna in the cluster was connected by the user (maximum is 

the number of days in the investigation period) 
 Tower days: Sum of the number of ”call-days” of each antenna in the cluster 
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 Duration: Number of days between the first and last call 

 Work hour events: Number of calls between 1 pm and 5 pm 

 Home hour events: Number of calls between 7 pm and 7 am 

A cluster was decided to be important if the „Days” was larger than 5% of the maximum, the 
duration was bigger than 14 (maximum is 60), and the result of the logistic regression analysis 
was at least 0.2. The logistic regression was calculated from three factors: The percentage of 
„tower days” (number of „tower days” for the cluster divided by the total number of „tower days” 
of all clusters), the duration and the rank of the „days” factor. Comparing the results to the 
validation set, the important places were within a 3 miles radius for 88% of the users. The results 
show that 75% of the people have 3-6 important places. To detect the home location, the logistic 
regression was calculated with help of the largest number of events during 7 pm and 7 am, and 
the same for work location with a time period of 1 pm to 5 pm. The median error compared to the 
census data resulted in 0.9 miles for home locations and 0.83 miles for work locations. The 
average commuting distances calculated from the CDR showed 21 miles for Los Angeles and 20 
miles for New York, whereas the census indicated 21 and 19 miles, respectively. 

The European example for important places was published by Csáji et al. (2012), and the data 
was collected from Portugal during 15 months. Their approach of processing the raw location 
data was to smooth all the positions, due to the fact that not always the closest antenna serves the 
user. Each position was weighted by the time elapsed from the previous position. Only frequent 
users were considered which they define as 1 call/day and 2 calls within 24 hours in 80% of the 
time. The authors divided a one week period into hours and created a 168 dimensional vector for 
each location, called the “call vector”, containing the calling frequency for each hour. This call 
vector was clustered with k-mean clustering into 3 clusters, which resulted in 3 different usage 
patterns: one showing high correlation to working hours, the second to home hours and the third 
to both. The aggregated results show that 85% of the users have at most one home and/or one 
office location. 

For O/D estimation from CDR data one of the first papers dates back to 2011, where 
Calabrese et al. (2011b) calculated travel demand from 1 million users in Boston, Massachusetts, 
USA and validated the results against census survey data. The data showed an average inter-event 
time (time between two event such as call, text message or data traffic) of 260 minutes and an 
average median of 84 minutes. I.e., it is possible to discover 1.5 hour stops. The data was 
resampled every 10 minutes, and if the user moved within a kilometer, it was considered as the 
same position. Each such point was an origin or destination, and trips were created by defining its 
origin, destination and starting time. The regions were defined according to 1171 census tracts, 
and the home location was chosen to be the location with the highest „call-days” between 6 pm 
and 8 am for each user. When validating the derived O/D with the survey data, R2 equaled 0.36, 
whereas the gravity model based on population resulted in R2 = 0.1, that is the O/D derived from 
the CDR is much more accurate. Later on in 2013 the same research group complemented the 
paper with odometer information on Vehicle Kilometer Travelled (VKT) from every personal 
vehicle in Boston (Calabrese et al. 2013). The patterns of individual trip lengths show matching 
results.  

Wang, P et al. (2012) calculated O/D trips also from data from the US, where they studied 
360,000 individuals in the San Francisco area and 680,000 from Boston during 3 weeks. They 
created O/D matrices for the periods of 6 am – 10 am, 10 am – 4 pm, 4 pm – 8 pm, and 8 pm – 6 
am. The home location is known to the research team, and if the individuals were in two different 
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zones during one hour, it was considered as a trip. Finally all the trips were cumulated to generate 
the O/D matrix. 

A literature providing operational O/D matrix is written by Ma et al. (2013). Their approach 
included not only the mobile phone data but also surveys, and traffic counts. Paths are derived 
from mobile phone data and surveys which are put on a model network, and finally corrected by 
the traffic counts. The data was recorded in Sacramento, California, USA in October 2010 with 
involving 128,000 individuals. The data was modified for O/D estimation. All the users faster 
than 100 miles/hour were removed, stops were detected (where the events are temporally or 
spatially close), and trips between stops were generated. The results were verified against a 
sample dataset with 14 individuals with known location over the whole time period. With the 
algorithm 280 out of 327 trips were detected for the volunteers, which showed very good results. 
The different paths were grouped together, where the trips with intermediate points were 
considered and the most likely path was selected from the path choice set created with VISUM. 
The peak hour O/D estimation was calculated from events between 6 am – 10 am and 3 pm – 7 
pm. The patterns of the so derived O/D matched the survey based O/D, but there was a big 
difference in the number of attraction and production. 
 

3.4. D4D papers related to transportation 

 
At this point we arrived to the starting date of this thesis, which was originally aimed for a new 
big scale mobile phone data exploration: The D4D (Data for Development) challenge. During 
this challenge new research documents were published which are very closely related to the topic 
of the thesis. The popularity of the researches based on use of real world mobile phone data is 
evident from the number of the selected contribution to the D4D challenge, which consists of 74 
different articles (Blondel et al. 2013). The works are grouped into four main research areas; 
social and economic development, data mining, mobility/transport and health/epidemics.  

The most interesting section to the theme of this thesis is mobility/transport. As explained in 
section 2.2, there were different datasets available. In this thesis the high spatial resolution data is 
used, therefore the reviewed articles are based also on this dataset. The aim of the articles varies; 
the most interesting ones to the subject of this thesis are assessing general mobility, travel time 
estimation, route choice, important places and different approaches to create O/D matrices. 

Amini et al. (2013) compared mobility patterns between Portugal and Ivory Coast. The article 
generated truncated power law equations for mobility patterns for different regions, and finally 
concluded that the radius of gyration is similar between the two countries; on the other hand the 
probability of displacement is much higher in Portugal, as well as the county-wide mean 
migration distances. 

Dixon et al. (2013) detected the users travelling along the rail-road and based on this number 
route choice is evaluated. A much higher number of articles deal with important place detection. 

Yadav et al. (2013) compared data from the USA with Ivory Coast based on the work of 
Isaacman et al. (2010). The maximum daily ranges in Ivory Coast are up to the 25th percentile 0, 
the 50th percentile 4.48 mile and at the 75th percentile 27.43 mile. The median daily range at the 
50th percentile is higher than 2 miles in the US case, in Ivory Coast it is 0. The article explained 
this by the sparse cell tower density and the high number of housewives in the dataset who do not 
travel much. The important places are detected with similar methods as in Isaacman, et al. (2011), 
only that the distance threshold for clustering is not 1 mile but 1.5 mile. In the Ivory Coast case 



26 

20% of the mobile users have only one important place and 67% at most three. On the contrary in 
the US case 75% of the mobile phone users had 3-6 important places. The article introduced a 
support value, which shows how many number of days a place was visited by a user compared to 
the total number of days the user had a registered event. Only 30% of the places are visited at 
least half of the time. 81% of the users have only one such place, where the support value is 0.5, 
13% have two such places. 

Liu et al. (2013) created work related mobility patterns, where they classified home locations, 
work locations named as mandatory location and non-mandatory locations. Home location was 
defined as the most visited location between 6pm and 9am on weekdays and the whole day on 
weekends. Work locations were those non-home locations which were visited between 9 am and 
6pm on at least 2 days a week. To create paths, stop locations are detected, which are consecutive 
calls at the same location. As cell change without moving can occur in GSM systems, stops are 
considered on two conditions: If the time spent at cell is longer than 30 minutes, or the time 
between the last call time at previous location and first call at next location is longer than 60 
minutes. The probability of location visit from different parameters was estimated; with this the 
coarseness of data can be eliminated. For example 9% of the trajectories have only one (home) 
location, but after estimation with probability only 4.4% are with one location, as a second 
location is added according to the probability estimation 

Berlingerio et al. (2013) detected also stops, but the final aim was to use this demand data at 
public transport planning. In this paper a stop is considered a stop if it is within a certain spatial 
(1 km) and temporal (1 hour) threshold. The O/D demand was calculated for every 24 hour 
period, and there was a trip if there were 2 stops during the given 24 hour time window. Frequent 
sequential patterns were created involving home, work, and other locations. Home location was 
estimated from calls between 6 pm and 7 am with considering the number of nights the mobile 
user made a call at that location. With help of these location stops and routes for the public 
transport were created. With this paper we arrived to the researches directly related to O/D 
estimation. 

Nanni et al. (2013) first extracted the significant locations from users with at least one call per 
day taking adjacent cells into account. After the locations the systematic movements were 
collected where the numbers of movements between pairs were taken into account and 
normalized to the overall number of calls. The regions of O/D matrix are simply the cells. For 
choosing the time window, 3 criteria were set: It had to be in the peak hour, the time had to be 
less than 6 hours and the in and output had to be balanced. Finally an O/D matrix for the AM 
peak, the PM peak and the whole 24 hour day was created and put on the roadmap. 

In the work of Naboulsi, Fiore & Stanica (2013) an interesting visualization of the O/D matrix 
is presented. The time step of the matrix is set to 1 h. If a movement spanned over multiple hours, 
it was added to the matrix as follows: If the timespan of the movement was smaller than 1 hour 
but covered two different O/D time periods, it was weighted with 0.5 and added to both of the 
O/D tables. If the timespan of the movement was larger than 1 hour then it was weighted with 1/n 
where n was the number of periods it covered. After creating the O/D matrix, a vector was 
created for each O/D pair with the start as the origin base station, pointing towards the destination 
cell and with a length equal of the value. For every origin the vectors were summed according to 
vector addition, which resulted in a map showing the directions of the mobility over an area. 

Wu et al. (2013) proposed an O/D estimation between the 7 biggest cities of Ivory Coast. They 
introduced an automatic clustering for in-city antennas, with the hypothesis that people in cities 
make more calls and the antennae are located denser in cities. Antennae are detected which 
voronoi shapes overlap with highway sections. If a mobile user’s intermediate points were 
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associated with these antennae, the user was considered using the highway, and the trip was 
added to the O/D matrix. The trip duration maximum was 12 hours and only mobile users with at 
least 2 intermediate points were taken into account. The O/D matrix between cities showed that 
the travels during week 14 were extremely high. Moreover the O/D matrix travel times on 
highway sections were estimated. Only the median values of the travel times were considered and 
mobile users with at least 5 intermediate points. The results show that segments close to cities 
have slower traffic. 

 

3.5. Summarizing the different approaches for O/ D estimation 

 
A very important part of a paper in this area is the dataset which it is based on. Various datasets 
are used with varying number of individuals, duration and location. These parameters of the 
datasets are shown in Table 4 describing the above mentioned papers. 
 
Table 3 Summary of the papers based on different parameters 

Paper No. of 
individuals 

Duration of 
observation 

Location Aim of paper 

Ratti 2006 N.A. 2 weeks Italy Defining home and 
work cells 

Gonzalez 2008 100k from 6M 6 month Europe Equation for the 
distribution of 
displacements 

Bayir 2010 100 9 month N.A. Mobility graph with 
end-locations and 
paths between them 

Isacman 2010 5% of subscribers 62 days USA, Los Angeles 
and New York 

Daily range 
estimation 

Song 2010 50K from 10M 3 month Europe Important places 
predictability 

Vierira 2010 Over 1M 4 month N.A. Dense areas 
Wang H 2010 56k from 1M 1 month USA, Massachusetts Mode choice 
Becker 2011 475k 60 days USA, New Jersey Where do people 

work and party 
Calabrese 2011b 1M N.A. USA, Massachusetts O/D 
Isaacman 2011 170k 78 days USA, Los Angeles 

and New York 
Important places 
detection 

Csáji 2012 100k 15 month Portugal Important places 
Fiadino 2012 N.A. 1 day Austria Route detection 
Wang P 2012 1M 3 weeks USA, San Francisco 

and Boston 
O/D 

Ma 2013 128k 1 month USA, California O/D 
D4D 500k or 50k 2 weeks or 5 

month 
Côte d'Ivoire various 
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A category more related to the O/D estimation is the choice of timespan for the matrix. Two 
main categories can be defined. A home-work related O/D matrix or a matrix defined by a certain 
time interval. 

The papers working with home-work type matrices define the time of those locations 
differently. Ratti et al. (2006) defines home hours between 8 pm and 8 am, work as 9 am – 1 pm 
and 2 pm – 6 pm. Isaacman, et al. (2011) defines home between 7 pm and 7 am, work between 1 
pm and 5 pm. Becker et al. (2011) knows the home location from census data, and the work 
location is calculated from positions between 9 am and 4 pm. In the paper of Calabrese et al. 
(2011b) home location is between 6 pm and 8 am. Liu et al. (2013) divide the day into home 
hours between 6 pm and 9 am and work between 9 am and 6 pm. Berlingerio et al. (2013) defines 
the home location between 6 pm and 7 am. 

Every location is considered as a stop in the work of Wang, H et al .(2010), Csáji et al. (2012), 
Calabrese et al. (2011b), Ma et al. (2013), Wang, P et al. (2012), Berlingerio et al. (2013), Nanni 
et al. (2013), Wu et al. (2013) and Naboulsi, Fiore & Stanica (2013). 

A timespan of the O/D matrix is defined in the following papers: 1 hour in the work of Csáji et 
al. (2012) and Naboulsi, Fiore & Stanica (2013). Peak hour matrices are created by Ma et al. 
(2013) and Nanni et al. (2013). Four periods are considered by Wang, P et al. (2012). 

The zones of the O/D matrices can be also divided into two bigger groups: One is political, 
geographical division the other one is purely mathematical. 

Calabrese et al. (2011b) considers the census tracts as zones. Nanni et al. (2013) and Nabouli 
et al. (2013) use the cells as the zones. Wu et al. (2013) calculates O/D matrix between cities. 

Wang, H et al. (2010) defines the zones with 500x500m squares. 
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4. Zone division 
 
For every O/D matrix an area has to be defined, where the travel demand is estimated. In this 
case travel demand in a city was considered. The resolution of positions is much higher in a city, 
as the base stations are much closer to each other. There are 1231 antenna positions in Ivory 
Coast, from which 381 antennas are concentrated in the largest city, Abidjan. Therefore the 
transportation analysis was conducted on Abidjan, the economical capital of Ivory Coast. The 
official capital is Yamoussoukro. When creating an O/D matrix different zones have to be 
defined within the study area. For this various clustering options can be considered. During the 
evaluation, clustering with mathematical methods, and clustering based on a 
political/geographical method is presented. While deciding how the final zone division will look 
like, trade-offs have to be considered. One of the trade-offs is the automatic division and the 
predefined regions. If the zones are created with an automatic algorithm, different criteria can be 
considered and included in the algorithm. In this specific case the call intensity is considered as a 
criterion, which results in more equally distributed zones. Also if there is no knowledge of 
predefined regions, the automatic zone generation is the only possible solution. On the other hand 
a predefined zone is describing a city both politically and geographically. These zones are 
defined on purpose, and they are the official division, which might be interesting for the results. 
Another trade-off is between the resolution and the statistical significance. If there are many 
zones the resolution is much better, the movements can be analyzed on a deeper level, however 
the number of the trips between the zones are decreasing which result in statistical insignificance. 
While creating the zones a balance between these tradeoff criteria has to be taken into account. 

4.1. Clustering with k-mean algorithm 

 
The clustering has been done according to the Matlab k-mean clustering algorithm. The matrix of 
points are clustered into k clusters, so that the sum, over all clusters, of the point to cluster-
centroid distance is minimized (Mathworks n.d.). 

In the case of Abidjan, there are 381 antenna points. The evaluation has been done with a 
cluster number of 7 and 13. As there are 10 smaller districts within Abidjan, the reason of these 
specific numbers were to evaluate clusters with a little lower and a little higher number of 
clusters. These clusters are depicted in Figure 7, where the antenna positions are simply clustered 
with the k-mean algorithm built in in Matlab. 
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Figure 6 Clustering of the antennas in Abidjan based on k-mean clustering algorithm where k=7 and k=13 

 
When 13 clusters are created, the resolution is much better, and more information could be 
achieved about travel behavior. On the other hand the more clusters, the more data has to be 
provided, otherwise the analysis is statistically insignificant, which could lead to 
misinterpretation. However in the case of the project, 5 months data is available, which should 
give enough data to the highest cluster resolution possible. 

Besides the positions, dataset 1 includes information about the number of calls from each 
antenna. In this case a new clustering method can be analyzed. With knowing all the information 
of each antenna, a weighted clustering can be performed. The weights are put into the algorithm 
so that the antenna to be weighted is multiplied with a certain integer number, which gives it a 
higher weight in the algorithm, as the algorithm calculates the minimum distances between the 
points and the centroid. And if there are more points at the same position, the weight of this 
position becomes higher, related to the number of points created at that certain position. That is 
the centroid moves closer to the positions with high weights. 

If an assumption is made that the higher number of calls for an antenna refer to a busier area, 
the busiest areas get separated by a higher chance, which could lead to more accurate demand 
modeling between clusters. Four different weighting methods are analyzed. The first one is a 
constant proportional weighting, which means that the number of calls is divided by a fixed 
constant, and the resulting number is then rounded to the integer number the antennas have to be 
multiplied with. The other approaches are logarithmical weighting approaches, where the effect 
of the very high number of calls is reduced. A binary (log2x) and common (log10x) logarithm is 
evaluated. The reason behind the logarithmic weighting is to reduce the effect of extremely busy 
antennas in the clustering algorithm. As the last method, the log10x values are factors, which 2 is 
raised to (2鎮墜直迭轍掴). This weighting method compensates back to the busy antennas, however the 
antennas are formed into categories (each category is log10x), and the categories are then differed 
from each other by raising them on 2. Each of these are compared to the non-weighted clustering 
(Figure 8-11): 
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Figure 7 K-mean clustering with constant proportional weighting (on the right) compared to the clustering without 

weighting (on the left) 

 
Figure 8 K-mean clustering with log2 weighting (on the right) compared to the clustering without weighting (on the 

left) 

 
Figure 9 K-mean clustering with log10 weighting (on the right) compared to the clustering without weighting (on 

the left) 
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Figure 10 K-mean clustering with 2^log10 weighting (on the right) compared to the clustering without weighting 

(on the left) 

 
From the figures it is clear that the common logarithm does not change very much the position of 
the clusters and centroids. The binary logarithm gives one more cluster to the center of Abidjan; 
however on the south-east the cluster becomes very big, even if the geographical situation would 
not give a reason for that. We get the most reasonable clustering from the constant proportional 
weighting and the 2log10x weighting. An additional cluster is created in the center of the city with 
these two methods, and less clusters in the west (Figure 12). 
 

 
Figure 11 Comparing the results of two different weighting methods: Constant proportional weighting on the left, 

2^log10 weighting on the right 

 
The above clustering has been made with phone data from a weekday between 9am and 4pm. It 
could be also interesting to see how the clustering changes between the different periods of a day. 
So before selecting the final clustering method, four different time periods are evaluated. During 
the night between 10pm and 6am, during the morning rush between 6am and 9am, during the day 
between 9am and 4pm, and in the late afternoon and evening between 4pm and 10pm. (Figure 
13-16) 
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Figure 12 2^log10 weighting between 10pm-6am 

 
Figure 13 2^log10 weighting between 6am-9am 

 
Figure 14 2^log10 weighting between 9am-4pm 

 
Figure 15 2^log10 weighting between 4pm-10pm 

  
From these 4 figures we can see that the clusters from the night and day differ very much from 
the morning and evening. The main difference between day and night is that during the day there 
are more clusters in the north, during the night more in the west and south. The morning and 
evening clusters are probably biased because of the shorter time period and smaller sample, but it 
is obvious, that both in the morning and the evening the southern part of the city is not very much 
engaged in calls. During the morning hours the most calls are done in the north, during the 
evening the calls are more frequent in the middle region (Figure 17-20). 
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Figure 16 Constant proportional weighting between 

10pm-6am 

 
Figure 17 Constant proportional weighting between 

6am-9am 

 
Figure 18 Constant proportional weighting between 

9am-4pm 

 
Figure 19 Constant proportional weighting between 

4pm-10pm 

 
The constant proportion figures do not differ very much, only that during the day the number of 
clusters in the western part of the city is less than during the other periods. Also in the morning 
the southern part has less clusters, however the northern and center parts are more alike. As this 
clustering method seems more stable in comparison with the previously discussed one, the final 
clustering method to be chosen is the constant proportional weighted clustering with 13 clusters. 
 

4.2. Clustering based on political regions: communes 
 
Ivory Coast is divided into 19 regions (Statoids) which are further divided into departments. The 
final and smallest unit are the communes. Within Abidjan there are 10 communes (Figure 21). 
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Figure 20 Communes in Abidjan (Naboulsi, Fiore & Stanica 2013) 

 
To cluster the antennas according to the communes in Abidjan, the antenna positions over the 
whole country were uploaded to ArcMap. A new shapefile was created in ArcMap, where 
polygons were drawn based on the commune borders in Google Maps. After the polygons for 
each commune were available, a selection based on location was performed in ArcMap. All the 
antenna positions within each commune was exported to a database file. This database file was 
opened with Matlab and a table was created with the antenna ID, cluster number and position 
with x,y coordinates. Finally the antenna positions were placed on an image over Abidjan, 
retrieved from Google Maps (Figure 22). 
 

 
Figure 21 Antennas in different communes in Abidjan 

 
For comparison a clustering with the k-mean algorithm was done. (Figure 23) shows the clusters 
based on k-mean method. 
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Figure 22 K-mean clustering in Abidjan where k=10 

 
It is obvious that the clustering with the communes has a geographical advantage, as antennas do 
not belong to the same cluster if there is sea in between them. On the other hand if the hypothesis 
set in the beginning of this chapter is followed, then it is better for transportation analysis that the 
busy antennas, i.e. busy areas get separated from each other. In case of weighted k-mean 
clustering, the busiest antennas have a higher weight, i.e. the centroids move towards the busy 
antennas, i.e. the busy antennas get separated. The evaluation of this hypothesis is described in 
the next section 
 

4.3. Evaluation of the clusters based on number of calls/ zone 

 
The aim of the weighted clustering was to separate possibly busy areas in the city. If busy areas 
are separated into different zones, the transportation analysis aiming to show traffic between 
zones can be more accurate. As the definition of the k-mean algorithm states that the objective 
function is to minimize the sum between centroid and points within a cluster, if the centroid is 
moved towards busy antennas, the clusters change as well. The weighting moves the centroid of 
the clusters towards busy antennas by putting weight relative to the outgoing calls from the 
antenna. 

The metric to see whether the weighted clustering separates busy antennas from each other or 
not, is done by calculating the number of calls / zone and checking the standard deviation from 
the average. 

The zones without and with weighting are shown in Figure 24. 
 



37 

 
Figure 23 Clustering into 10 zones with weighted k-mean clustering (on the left) and political communes (on the 

right) 

 
The average and standard deviation for both cases are shown in Figure 25-26. 
 

 
Figure 24 Number of calls in each zone in case of 13 zones and normal k-mean clustering with average and standard 

deviation 

 
Figure 25 Number of calls in each zone in case of 13 zones and weighted k-mean clustering with average and 

standard deviation 
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The differences between the two types of clustering are visible from the diagrams. In the version 
without weighting there is even a cluster without calls, which would mean a zone without 
movements. 

The same type of analysis is done for the clustering according to communes versus k-mean 
algorithm (Figure 27-28). 

 

 
Figure 26 Number of calls per zone in case of clustering based on communes with average and standard deviation 

 
Figure 27 Number of calls per zone in case of clustering based on weighted k-mean clustering with average and 

standard deviation 

 
From the diagrams it is clear that if the zones of communes are used, most of the call traffic is 
concentrated into two zones: Number 4 (Cocody) and Number 10 (Yopougon). Travels within 
these zones could not be detected if they were not separated into multiple zones. 
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The final zone division which was used during calculating the O/D matrix is depicted in 
Figure 29. There are 13 zones, where the black star is the geometrical midpoint of the zone, the 
other colored stars are the antennas in the zone. 

 

 
Figure 28 Zones in Abidjan with zone number 
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5. Travel demand estimation 
 
The main goal of the thesis is to derive O/D matrices from CDR data from the D4D challenge. 
There are numerous ways to estimate O/D matrices. E.g. Calabrese et al. (2011b), Wang, P et al. 
(2012), Liu et al. (2013), Berlingerio et al. (2013), Nanni et al. (2013), Wu et al. (2013) have all 
different O/D estimation methods, mainly differing in thresholds and timespan. In this thesis four 
methods are presented, all of them showing a different type of estimation. The dataset is divided 
into 24 hour intervals, and in every case we look at one such interval when creating the matrix. 
After the general algorithm each method’s specifications are presented with the results. The 
algorithms were run on two different user groups in two different periods. The first period was 
between the 5th of December and 18th of December, the second period between 19th of December 
2011 and 1st of January 2012. These are respectively two two-week periods. Due to lack of data 
in the first two days of the first period the measurements were not taken into consideration. The 
first day of the second period was deleted as well, as the time span of the O/D estimation begins 
at 10 pm the day before, which means that for the first day of the period the data is incomplete. 

For each period and method an average of the results was calculated. The goal of the O/D 
matrix is a “to work” type of matrix, which means that weekends are not considered while 
calculating the average. Moreover based on the national holidays (Paraskevopoulos et al. 2013) 
of Ivory Coast 26th of December is a public holiday, so that day was also excluded from the 
average. In both periods the average was calculated from eight days. In the first period: 
Wednesday – Friday in the first week and Monday – Friday the second. In the second period both 
weeks include the days between Tuesday and Friday. 
 

5.1. General algorithm 

 
The first O/D matrix (STD) includes movements between two specified time periods, one at night 
and one during day. The following methods are all dynamic matrices, where the timespan can be 
chosen freely. The second type of O/D matrix (TDIP) defines movements between important 
places. For each user frequently visited places are found and the O/D matrix is aggregated based 
on these places. The third approach is a trip-based O/D matrix (TDTD), where every connection 
to an antenna is considered as a stop location. With help of these stop locations; O/D matrices 
with different time-steps can be created. The fourth and last O/D matrix (TDTDA) is similar to 
the third approach, with a difference that the stop locations are refined by excluding antenna 
connections where a possible movement is detected. For an O/D matrix the most important 
parameter is to set the temporal and spatial resolution of the matrix. The spatial resolution is 
already decided on in the previous chapter, but the temporal resolution is different for each case, 
which is explained in detail under each section. 

The general algorithm of each method is described in Figure 30. The input data and the input 
parameters differ slightly from case to case, but the biggest difference is in the trip generation 
part, which is explained in more detail in every section. 
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Figure 29 General algorithm of travel demand estimation 

 
Three different input datasets are used. One of them is the SET2 from the D4D dataset. This is 

the high resolution individual trajectory data, describing the position and time of each user on an 
accuracy of antenna level. The other dataset is the antenna position table from the D4D dataset, 
which is extended with the zone the antenna belongs to and narrowed to antennas in Abidjan. The 
third dataset is the neighbor list, where each neighbor of each antenna is listed. This is done by 
approximating the area of an antenna by Voronoi tessellation (Voronoi 1908) and the adjacent 
polygons are detected for each antenna area. 

5.2. Static travel demand (STD) 
 
Like all the other methods, the first version of the travel demand estimation is based on a 24 hour 
period chosen from the 1 day intervals created in the data. There are two time periods defined 
within these 24 hours, which are called ”home hours” and ”work hours”. The home hours last 
from 10 pm to 7 am, whereas the work hours from 9 am to 4 pm. These time periods are similar 
to the work of Liu et al. (2013), Berlingierio et al. (2013), Calabrese et al. (2011b) and Ratti et al. 
(2006). The aim of this O/D matrix was to find one position for each user in each time period, 
which means a trip was made between those two points. These positions are the most connected 
antennas for the specific user during the time periods. The main assumption was to define a 
”home” location during the ”home hours” and a ”work” location during the ”work hours”. With 
this a ”to work” matrix can be derived. With the same methodology a ”to home” matrix could be 
created if the time periods would be exchanged, i.e. the ”home hours” would be after the ”work 
hours”. It can be stated that the user has been at both of the locations between 10 pm and 4 pm 
the next days. I.e. a trip is made between those two locations. However, it cannot be affirmed that 
the trip was made during the time in between the two time periods. It is only hypothesized that 
probably most people going to work travel during peak hours, i.e. between 7 and 9 am, which is 
the time between the two time periods. Based on the algorithm of this method the trip can be even 
made during the night, during the day, or even multiple times during the time interval. 

A similar study is carried out by Liu et al. (2013) where the travel behavior of workers is 
examined. This specific criterion of workers activity evaluation means that home location and 
work locations are determined. However besides these two locations also other important 
locations are listed, which is not the case of the O/D estimation in this section. Isaacman et al. 
(2011) list only the home and work places for each user, however not the travel demand is 
estimated but the commuting distances. 

Aggregate trips into O/D matrix 

Trip generation 

Filtering entries only in Abidjan 

Input parameters Input data 
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5.2.1. Algorithm 

 
Input data:  SET2   Antenna positions in Abidjan. 
Input parameters:  ”Home period”  ”Work period” 
 
The input data is the same like in all of the algorithms. The high resolution trajectories are used 
combined with the antenna positions in Abidjan. If these two dataset are merged, the individual 
trajectories can be retrieved from the database. The input parameters are explained in the 
previous section. A home period is defined to find the home location and a work period for the 
work location. 

The algorithm itself is explained in Figure 30. First some entries are filtered out from the 
database. Only those positions are taken into account which are within the predefined time 
periods, and after that only those individuals are considered which have a position in each time 
period. After the filtering the number of connections to each zone is calculated for each 
individual, and based on the zone with the most connection, the home location and work location 
is defined. The trip is finally defined between these two locations. 

 

 
Figure 30 The static travel demand algorithm 
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5.2.2. Results 

 
This method shows somewhat similar patterns in both periods (Figure 31-32). Due to the nature 
of this method, the matrix is not symmetric, because only one trip per user is considered, which is 
most probably the trip to work. Therefore the most trips are made in both periods to zone 5 and 1. 
In numbers it means that in the first period 32 % of all trips end in these two zones, in the second 
period it is 38 % of all trips. These are the most central zones, which means that people are 
mainly working here. In the first period the number of trips is 14 % more than in the second 
period. The biggest difference is in zone 10, where six times as many trips terminating in the first 
period as in the second. Even though the number of trips is higher in the first period as in the 
second, there are still some zones which have more ending trips in period two. These are: Zone 1, 
4 and 5.  

 

 
Figure 31STD in the first period 

 
Figure 32 Differences between period one and two 

 
In both periods most of the trips originate from zone 4 and 12. In the first period 30 % of the 

trips originate from these two zones, as well as in the second period. These are most likely 
residential zones. Again there is a notable difference regarding zone 10 between the two periods. 
There are 5.4 times more trips originating from the zone in period one as in period two. Even 
though the number of overall trips is larger in period one, there are a few zones where there are 
more trips originating in period two. These are: Zone 1, 5, 6, 7, 11 and 13. These variances show 
that the patterns between the two periods are more similar regarding ending zones as originating 
ones. 

The most common O/D pairs are shown in Table 5-6. The pairs with more than 2.5 % of all 
the trips are selected and ranked. Table 5 shows the pairs in period one, Table 6 shows the pairs 
in period two. Highlighted are those pairs which are listed in both periods. 
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Table 4 Most travelled pairs in the first period 

Origin Destination Share 
Zone 12 Zone 8 3.6 % 
Zone 4 Zone 5 3.1 % 
Zone 11 Zone 6 3.1 % 
Zone 4 Zone 6 2.9 % 
Zone 4 Zone 1 2.9 % 
Zone 13 Zone 4 2.7 % 
Zone 12 Zone 10 2.7 % 
Sum of pairs 21 % 
 
 

Table 5 Most travelled pairs in the second period 

Origin Destination Share 
Zone 4 Zone 5 4.1 % 
Zone 12 Zone 8 3.6 % 
Zone 4 Zone 1 3.4 % 
Zone 13 Zone 4 3.3 % 
Zone 11 Zone 6 3.1 % 
Zone 9 Zone 8 3.1 % 
Zone 4 Zone 6 2.9 % 
Zone 13 Zone 5 2.7 % 
Sum of pairs: 26 % 
 

 

5.3. Travel demand based on important places (TDIP) 
 
In the previous O/D matrix, data from only one day at a time was used. As we have 14 days of 
consecutive positions for one subscriber, it is straight forward to think of another algorithm which 
uses more data to potentially improve the estimation. The idea behind this type of estimation is to 
list all the different positions for every user within 14 days, and count how many times they 
occur. Based on the count important places are defined. An important place is defined as an 
antenna which was connected at least two times and at least 5% of the overall connections. After 
each user’s important places are listed, an O/D matrix with the same timespan like the previous 
case is created for comparison reasons. I.e. the start time is 10 pm and the end time 4 pm the next 
day. Based on the previously carried out important places analysis the positions are selected 
which are listed in the user’s important places table. The motivation behind this method is as 
following: As an important place is a location which occurs more often, the hypothesis is that the 
user probably ends or starts a trip from this location, i.e. it is an origin or destination. Compared 
to the previous method not only one trip per user is detected, but all the trips happening between 
important places are counted and added to the matrix. I.e. the important places based trajectory is 
derived for each user and later on added to the O/D matrix. A home location is defined for each 
user, literature shows that the home location can be determined with very high precision. The 
research of Isaacman et al. (2011) show that based on volunteer validation data the median error 
of the estimated home locations is 0.9 mile and even the 95th percentile of the estimation is not 
further than 3.86 miles. The home location is the most used antenna during weekends and 
between 10 pm and 7 am during weekdays. The home location is set, and after that all the 
important locations are listed after each other. A trip is registered between each important 
location, and aggregated into the O/D matrix. In contrast to the previous method multiple trips are 
detected and the accuracy of the matrix is potentially improved. Moreover the timespan of the 
matrix might be also dynamically changed. 

Various studies do important places analysis based on CDR data, however most of them do 
not include these locations in an O/D matrix. One example of O/D matrix estimation based on 
important places is the work of Nanni et al. (2013) who create a matrix based on routine trips. I.e. 
only systematic movements between important places are considered. Different methods for 
important places evaluation is used in different papers. Isaacman et al. (2011) define different 
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factors (e.g. number of days the antenna was connected, duration between first and last call to the 
antenna, number of connections to the antenna in specific hours). The same factors were used by 
Yadav et al. (2013) on a different dataset. Berlingerio et al. (2013) define important locations by 
the number of different days a connection was made to the antenna compared to the overall study 
period. Liu et al. (2013) detect only work and home locations by evaluating the number of 
connections to the antenna during the study period. A very different approach for detecting 
important places is introduced by Csáji et al. (2012). The calling frequency of every hour for an 
antenna is derived for every user, and later on these are clustered with a k-mean algorithm (k=3). 
The different clusters define a very good daily pattern regarding calling frequency and antenna 
location. One cluster corresponds to work hour patterns, the second to home hour patterns, and 
the third to a mix between these two. 
 

5.3.1. Algorithm 

 
Input data:   SET2 

 Antenna positions in Abidjan 

 List of neighboring antennas 

Input parameters:  Overall time period 

 Home period 
 Important place criteria 

As input data the high resolution trajectories are used, which combined with the antenna position 
coordinates provide the individual trajectories with positions. The list of neighboring antennas is 
used for grouping antennas due to the possibility of handover event without changing position. 
Therefore when an important location is decided, the location is an area of the chosen antenna 
and all of its neighbors. The input parameters are all explained in the section above. The overall 
time period is decided on to have the possibility to compare the different methods. The home 
period and the important place criteria are based on literature. 

The algorithm is shown in Figure 33. The algorithm starts with important place detection 
where the algorithm loops through all of the individuals. The number of connections to the 
different antennas for a specific individual is calculated, before the neighboring antennas are 
grouped together. After having information of number of connection and number of days 
connected, the home location and important places for every individual is listed. With help of this 
list the algorithm loops again through the all of the individuals, but now only for the predefined 
time period. The important places travelled during that time period are listed and finally a trip 
between each found important place is recorded.  
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Figure 33 The Travel Demand based on Important Places algorithm 

 

5.3.2. Results 

 
The two periods in this method show very similar patterns (Figure 33-35). The biggest difference 
is observable on the colorbar in the diagram, as the scale of trips is not the same. The overall 
number of trips are also more similar as in the previous case, although in this method there are 
more trips in the second periods as in the first. Still there are only 2.4 % more trips in the second 
period. This matrix is still not symmetric, but the symmetry is more observable as in the first 
method. The number of trips to zone 5 and 1 are the highest. These trips sum up to 26.23 % of all 
trips in the first period and 28.85 % in the second period. The trips to different zones vary 
between the two period, the highest difference is again in the zone 10, where there are 3.5 times 
more trips ending in this zone in the first period as in the second. On the other hand there are 20 
% more ending trips in the second period for zone 4.  
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Figure 34 TDIP in the first period 

 
Figure 35 TDIP in the second period 

 
Figure 36 Differences between period one and two 

 
For originating trips the zones with the most trips is zone 4 and 5. These two zones include 24 % 
of all originating trips for the first period and 26.5 % for the second period. There is a 2.5 % 
difference in both the originating and terminating trips between the two periods (26.23 % 
compared to 28.85 % and 24 % compared to 26.5 %). This means that the trips in the first period 
are more equally distributed as in the second period. For example if the share of the four zones 
with the most originating trips are calculated, in the first period it is 44.6 % of all trips, in the 
second 45.4 %. The difference is almost negligible. The difference between the two periods 
regarding zone 10 is significant. There are 3.3 times more trips originating in that zone in period 
one as in period two. On the other hand the biggest difference where there are more trips in 
period two is in zone 9, where there are 19 % more trips in period two as in period one. 

The most travelled O/D pairs are shown in Table 7-8. The pairs of period one in Table 7 and 
the pairs of period two in Table 8. An interesting fact is that the most common terminating zone 
is 5 and 1, however these two zones appear only in one of the pairs as destination in period one. 
Most of the differences between the two tables can be explained with the zone 10 problem. 
Because there are much more trips from and to zone 10 in period one, many O/D pairs to and 
from zone 10 are listed in Table 7. None of these are in Table 8, instead there are different pairs. 
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The ranking of the pairs which occur in both tables differ somewhat; the biggest contrast is with 
the pair 12-8 and 4-13, as they have a much higher share in period two as in period one.  
 
Table 6 Most travelled pairs in the first period 

Origin Destination Share 
Zone 13 Zone 4 3.6 % 
Zone 4 Zone 5 3.4 % 
Zone 12 Zone 10 3.2 % 
Zone 5 Zone 4 2.9 % 
Zone 11 Zone 6 2.9 % 
Zone 12 Zone 8 2.8 % 
Zone 10 Zone 8 2.8 % 
Zone 8 Zone 10 2.7 % 
Zone 10 Zone 12 2.6 % 
Zone 4 Zone 6 2.6 % 
Zone 4 Zone 13 2.5 % 
Sum of pairs: 32 % 
 

Table 7 Most travelled pairs in the second period 

Origin Destination Share 
Zone 13 Zone 4 4.2 % 
Zone 12 Zone 8 3.6 % 
Zone 4 Zone 5 3.6 % 
Zone 5 Zne 4 3.3 % 
Zone 4 Zone 13 3.3 % 
Zone 5 Zone 1 3 % 
Zone 9 Zone 8 3 % 
Zone 8 Zone 12 2.9 % 
Zone 4 Zone 6 2.8 % 
Zone 11 Zone 6 2.7 % 
Zone 1 Zone 5 2.6 % 
Sum of pairs: 35 % 
 

 

5.4. Trip-based dynamic travel demand (TDTD) 
 
A very common way of estimating O/D matrices is the trip-based method. In this case stops are 
detected, and between each stop a trip is considered and later on aggregated into an O/D matrix 
with a predefined timespan. Many papers (e.g. Ma et al. 2013, Wang, P et al. 2012) define each 
antenna position as a static place, and a trip as a movement between these places. Others have 
certain criteria for stops (e.g. Calabrese et al. 2011b, Berlingerio et al. 2013), which are mostly 
temporal and/or spatial thresholds. With this method a dynamic O/D matrix can be created, by 
summing up the trips within a predefined timespan. The timespan is the same as the previous 
cases, i.e. from 10 pm to 4 pm. 
 

5.4.1. Algorithm 

 
Input data:   SET2 

 Antenna positions in Abidjan 
 List of neighboring antennas 

Input parameters:  Overall time period 

 
The same input data is used as in the previous method (TDIP). The high resolution dataset 
combined with the antenna positions within Abidjan define the individual trajectories with 
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positions. The list of neighboring antennas is used to exclude antenna changes between 
neighboring areas. The only input parameter is the time period set for the matrix. For comparison 
reason the same time period is used in all methods. 

The algorithm is described in Figure 37. The algorithm loops through all users and lists all 
antenna changes in the predefined time period. Each antenna change is registered as a trip. 

 

 
Figure 37 The Trip-based Dynamic Travel Demand algorithm 

 

5.4.2. Results 

The two periods with this method show again high similarity (Figure 36-37). The pattern is 
similar, the differences are in the absolute values. This matrix is quite symmetric, although the 
first period is more symmetric as the second one. There are more trips in the second period with 
6.4 % as in the first one. The zones with the most terminating trips are zone 5 and 1. These two 
zones attract 28.7 % of all the trips in the first period and 31.7 % of the second. There is a huge 
difference in zone 10, where there are 3.6 times more trips terminating in period one as in period 
two. Besides zone 10 only zone 8 and zone 12 have more terminating trips in period one as in 
period two. Zone 1, 4, 11 and 13 have all around 20 % more trips terminating in period two as in 
period one. 
 

 
Figure 38 TDTD in the first period 

 
Figure 39 Differences between period one and two 

The zones with the most originating trips are in both period zone 5 and zone 4. In the first period 
these two zones have 24.6 % of all trips, in the second period 27.6 %. This variation means that 
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the trips in period one are more equally distributed between the zones both for origin and 
destination. Again zone 10 is showing the most notable difference between the two periods. 
There are 3.7 times more trips originating in zone 10 in the first period as in the second period. 
Besides zone 10, zone 2, 8 and 12 has more trips in period one as in period two. Zones 1, 4, 5, 11 
and 13 have around 20 % more trips in period two as in period one. 

The most travelled O/D pairs are listed in Table 9-10. The pairs travelled most in period one in 
Table 9, the ones in period two in Table 10. The share of the different pairs is higher in the 
second period for the “top pairs”. 43 % of all trips belong to the first 13 pairs (there are 156 pairs 
altogether), whereas in the first period the share is 35 %. This proves again that the trips are more 
equally distributed in the first period. Moreover the ranking of the different pairs in the two 
different periods are similar, the biggest contrast is for the pair of 5-1 and 1-5, where the share is 
much higher in the second period. On the other hand the trips between zone 5 and zone 4 are 
higher ranked in the first period. 

 
Table 8 Most travelled pairs in the first period 

Origin Destination Share 
Zone 1 Zone 7 3.4 % 
Zone 4 Zone 5 3.4 % 
Zone 7 Zone 1 3.2 % 
Zone 5 Zone 1 3 % 
Zone 5 Zone 4 3 % 
Zone 13 Zone 4 2.9 % 
Zone 12 Zone 8 2.8 % 
Zone 1 Zone 5 2.8 % 
Zone 10 Zone 8 2.8 % 
Zone 12 Zone 10 2.7 % 
Zone 11 Zone 6 2.7 % 
Zone 8 Zone 10 2.6 % 
Sum of pairs 35 % 
 
 

Table 9 Most travelled pairs in the second period 

Origin Destination Share 
Zone 1 Zone 7 4.1 % 
Zone 5 Zone 1 4 % 
Zone 4 Zone 5 3.7 % 
Zone 7 Zone 1 3.6 % 
Zone 1 Zone 5 3.5 % 
Zone 13 Zone 4 3.5 % 
Zone 12 Zone 8 3.3 % 
Zone 5 Zone 4 3.3 % 
Zone 4 Zone 6 2.9 % 
Zone 4 Zone 13 2.8 % 
Zone 8 Zone 12 2.8 % 
Zone 9 Zone 8 2.6 % 
Zone 11 Zone 6 2.6 % 
Sum of pairs 43 % 
 

 
 

5.5. Trip-based dynamic travel demand with active states (TDTDA) 
 
An enhanced version of the previous method is the method where active states of users is 
detected. As explained in the previous chapter, some O/D estimation methods use temporal and 
spatial threshold when defining stops. In this approach the aim is similar; to count more accurate 
trips. However, the method differs, so not the stops are detected directly, but stops are filtered out 
from the previous approach by detecting active states. I.e. trips are removed if the connection to 
the antenna is considered to be ”in movement”. The reason behind this type of refining of trips is 
the sparse sampling in the data. Due to the sparse sampling it is more difficult to detect stops, 
therefore every connection to an antenna is considered a stop, except if a connection is decided to 
be made in an ”active state”. The active state is defined by having a connection to another 
antenna more than 500 m away within 1 hour. 
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Ma et al 2013 mention that during the stop scanning they consider temporally and spatially 
close sightings, however they do not mention the exact criteria. Calabrese et al. (2011b) use only 
a spatial threshold; if the user moves within 1 km then it is considered as the same location. 
Berlingerio et al. (2013) use 1 km and 1 hour as thresholds. Liu et al. (2013) consider a stop if the 
same location is in consecutive calls, or if the user has no connection to other antenna for longer 
than 30 minutes, or if the duration between last call at previous location and first call at next 
location is no longer than 60 minutes. 
 

5.5.1. Algorithm 

 
Input data:   SET2 

 Antenna positions in Abidjan 
 List of neighboring antennas 

Input parameters:  Overall time period 

 Active state definition: Temporal and spatial threshold 

The input data and the input parameters are the same as in the previous method (TDTD), with an 
extra parameter. The extra parameter defines the active state, when a trip is excluded. 

The algorithm explained in Figure 40 is also similar to the previous section. The additional 
part in the algorithm is the active state detection. When an antenna change is detected, it is 
assessed whether the change happened in movement or not. If the antenna change was decided to 
be in a movement, the position is left out from the list. 

 

 
Figure 40 The Trip-based Dynamic Travel Demand with Active states algorithm 

 

5.5.2. Results 
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This method generates trips as subset of TDTD, i.e. the patterns are very similar to the previous 
method (Figure 38-39). The only difference is in that the ”drive through” zones are occurring less 
in this method. However the overall patterns like symmetry are very similar to the previous case. 
On the other hand the overall number of trips is higher in the first period by 4.6 %, which means 
that there were much more trips filtered out in the second period. The zones with the highest 
attraction are still zone 5 and 1. In the first period these two periods sum up 28.9 % of all trips, 
whereas in the second period 32.1 %. This rather big difference shows that the trips in period one 
are more equally distributed between the zones. The variation between the zones in the two 
different periods are in an interval of ±8.5 %, except of 3 zones. Zone 10 has 4.5 times as many 
trips in period one, as in period two. Moreover zone 3 has 14 % more and zone 12 22 % more in 
period one as in period two. 
 

 
Figure 41 TDTDA in the first period 

 
Figure 42 Differences between period one and two 

 
Most trips are originating from zone 5 and 4. These two zones include 24.4 % of all trips for 
period one and 27 % of period two. Interesting is that except of five zones there are always more 
trips originating in period two. However these five zones exceed the number of trips in the 
second period compared to the first significantly. In zone 10 there are 4.7 times as many trips. 
Zone 2, 3, 8 and 12 have more originating trips in period one as in period two with a percentage 
of 12 – 21 %. Interesting is as well as there are two zones where the proportion between period 
two and one changes sign between origin and destination. In zone 2 there were more terminating 
trips in period two as in period one, whereas there are less originating trips. Zone 5 shows an 
opposite pattern. There were more terminating trips in period one as in period two, however there 
are more originating trips in period two as in period one in the same zone. 

Table 11-12 list the most common O/D pairs in the matrix. Table 11 includes the pairs from 
the first period, Table 12 from the second period. The differences in the “top pairs” are quite 
significant in this method. There are almost twice as many pairs in the second period which are 
above the 2.5 % share limit, and the sum of share is also significantly higher. Even if only the 
first six pairs are considered, the share is 20 % compared to the 17 % in the first period. The 
ranking shows also variation. The top 1 pair (11-6) in the first period is not even listed in the 
second period. Pair of 13-4 and 1-7 change place in the ranking of the second period, as well as 
pair 5-4 and 7-1.  
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Table 10 Most travelled pairs in the first period 

Origin Destination Share 
Zone 11 Zone 6 3.1 % 
Zone 13 Zone 4 3 % 
Zone 1 Zone 7 2.9 % 
Zone 12 Zone 8 2.7 % 
Zone 5 Zone 4 2.6 % 
Zone 7 Zone 1 2.6 % 
Sum of pairs 17 % 
 
 
 
 
 
 

Table 11 Most travelled pairs in the second period 

Origin Destination Share 
Zone 1 Zone 7 3.6 % 
Zone 4 Zone 5 3.4 % 
Zone 13 Zone 4 3.4 % 
Zone 5 Zone 1 3.3 % 
Zone 12 Zone 8 3.1 % 
Zone 7 Zone 1 3 % 
Zone 1 Zone 5 2.9 % 
Zone 5 Zone 4 2.9 % 
Zone 4 Zone 13 2.7 % 
Zone 8 Zone 12 2.6 % 
Zone 9 Zone 8 2.6 % 
Sum of pairs 34 % 
 

 
 



54 

6. Travel time estimation 
 
Many different aspects of travel behavior can be or have been evaluated based on cellular data. 
Wang, H et al. (2010) has drawn some conclusion on modal split, however interesting 
conclusions can be drawn with respect to travel time or route choice. Route choice estimation is 
not included in this thesis, it can be a topic for a future research project. An introduction to travel 
time assessment is described in the following part. Compared to the work of Wu et al. (2013), 
this thesis investigates travel times between certain zones by looking at the shortest travel time 
and not the median for detecting congested periods. Due to the fact that we can only obtain 
location in terms of antenna positions and that samples are limited to when the user is active, the 
measurements contain large errors in both space and time domain. The space domain errors limits 
us to measure travel times for travels that are of a minimum length, and the length requirement is 
dependent on which relative travel time (average speed) error that can be accepted. The error in 
time due to sparse sampling limits us to draw conclusions of the minimum travel time instead of 
the full travel time distribution. However, the minimum experienced travel time is also very 
useful and a good indicator of travel quality.  

Both road quality and peak hour travel time is evaluated in this chapter. For road quality 
evaluation longer distances are investigated, for peak hour the most travelled pairs. In both cases 
first an assumption was made and assessed, which was followed by the results of the algorithm 
created for travel time evaluation. The algorithm resulted in a list with all the antenna pairs, 
distance between the antennas, the number of travels between them followed by the different 
travel times. Two additional rows were created for the same pair of antennas for peak hours (7 - 9 
am and 4 - 6 pm) and off-peak hour (9 am - 4 pm and 6 pm - 7 am). A travel was added to the 
peak hour period if any part of the travel was within the peak hour. 
 

6.1. Road condition quality evaluation 

 
Figure 40 shows an example of travel times measured between Abidjan, the biggest city of Ivory 
coast, and Yamoussoukro, the capital, where the heavy tail is due to sparse sampling in time. It 
can be seen that the shortest travel time is in the bin of 2.5-3 hours. The distance from border to 
border is 228 km (maps.google.com), which means that the average speed is between 76 and 91 
km/h. This indicates that the infrastructure is in normal condition, as Google Maps suggest an 
average speed of 80 km/h.  
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Figure 43 Histogram with travel time measurements between Abidjan and Yamoussoukro grouped in intervals of 30 
minutes. Travel time measurements larger than 24 hours are not shown 

 
The above assumption was based on the hypothesis that there are many travels between the 
capital and the biggest city. However with the algorithm created to detect trips between antennas, 
we can see exactly which pairs of antennas were travelled most where the distance was bigger 
than 100 km. One of the antennas is in Yamoussoukro, the other is in Bouaké. The distance 
between these two antennas is 100.18 km and there were 86 travels. Figure 41 depicts all the 
travel times which are lower than 24 hour. The lowest travel time is 90 minutes, which means an 
average speed of 72 km/h if the shortest route between these two antennas is 108 km 
(maps.google.com). 
 

 
Figure 44 Histogram with travel times between Yamoussoukro and Bouaké with interval groups of 30 minutes 
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6.2. Peak hour travel time 
 
By dividing the travel time into two parts, one caused by distance and type of transport 
infrastructure and one caused by queuing delay we are able to identify parts of the network that 
are congested. We can do this for example by separating the measurements into peak hour 
measurements and off-peak hour measurements. By comparing the cumulative distribution 
function of travel time measurements for the two time periods, where unreasonably high travel 
times are filtered out, it is possible to identify a travel delay metric. 

The travel time distribution between Abidjan city and Abidjan airport has been estimated 
during off-peak hours (Figure 42) and during peak hours (Figure 43) for a time period of six 
weeks. From the CDFs we see that the minimum travel time is 10 minutes longer for peak hours, 
indicating that the minimum travel time increases approximately 10 minutes due to congestion in 
the road network. By combining the two CDFs with travel flow estimates, it is also possible to 
express aggregated delay metrics like total queuing delay per route and time period. 

 
Figure 45 Off-peak hour travel time measurement CDF between Abidjan city and Abidjan airport grouped in 

intervals of 5 minutes. Travel time measurements larger than 75 minutes are not included 

 
Figure 46 Peak hour travel time measurement CDF between Abidjan city and Abidjan airport grouped in intervals of 

5 minutes. Travel time measurements larger than 75 minutes are not included 
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The above example is based on the assumption, that there are many people travelling from the 
center to the airport. However as the diagrams show, the sample is not very large, therefore an 
algorithm was created to show exactly which pair of antennas had the most travels. 

The antenna pair which was travelled most is depicted in Figure 44. It is easy to see that these 
two antennas are not in a city, so the chance for congestion is small. 

 

 
Figure 47 Antennas 1015 and 1016 

 
The results of the algorithm prove this, as the minimum travel time for both peak hour and off-
peak hour periods is the same (Figure 45-46). The minimum travel time is 11 minutes in both 
cases. 

 

 
Figure 48 travel times during off-peak hour with an enlarged picture on the right with the shortest travel time 
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Figure 49 Travel times during peak hour with an enlarged picture on the right with the shortest travel time 

 
Unfortunately the number of travels between single antennas in a city was not enough to draw 
conclusions and prove congestion patterns. The most travelled pairs of antennas (Figure 47) 
during two weeks had 66 travels altogether, and out of these 66 there were 24 in peak hour and 
42 off-peak hour. Out of these there were 5 travels in peak hour which were faster than 5 km/h 
and 6 travels in off-peak hour faster than 5 km/h. A possible solution could be that a number of 
antennas could be grouped together and travel times between group of antennas could be 
evaluated. 
 

 
 
 

 
 
 
 

 
Figure 50 Antennas 908 and 95
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7. Discussion 
 
In this chapter the results are discussed in more detail, where different days and methods are 
compared to each other. 

7.1. Daily differences from the mean 
 

For each period a mean is calculated for every O/D pair, which is later on analyzed. However it is 
important to see how trustable this mean is by assessing the daily variance. The measurement to 
evaluate the daily variance is that for every day and pair the difference is calculated between the 
actual day and the mean O/D matrix. Later on these differences are summed up and divided by 
the number of pairs, i.e. the mean of each difference matrix gives the result. These values are in 
Table 13. 

 
Table 12 Deviation from the mean O/D for each day 

Period 
one 

Wed 7/12 Thu 8/12 Fri   9/12 Mon 
12/12 

Tue 
13/12 

Wed 
14/12 

Thu 
15/12 

Fri 16/12 

O/D 1 2.063 1.406 1.382 -2.943 -0.061 0.027 -0.079 -1.8 
O/D 2 4.68 3.982 4.414 -1.723 5.834 5.254 4.455 -1.876 
O/D 3 7.155 6.83 6.203 -4.531 6.9 7.41 5.374 -1.91 
O/D 4 2.112 1.94 1.905 -6.74 1.567 2.668 0.561 -4.013 
Period 
two 

Tue 
20/12 

Wed 
21/12 

Thu 
22/12 

Fri 23/12 Tue 
27/12 

Wed 
28/12 

Thu 
29/12 

Fri 30/12 

O/D 1 -0.209 -0.334 -0.15 0.666 -0.547 -0.328 0.459 0.442 
O/D 2 1.166 0.705 1.332 1.841 -3.597 -2.141 0.959 -0.266 
O/D 3 -0.133 1.944 1.358 3.234 -5.352 -2.678 1.257 0.37 
O/D 4 -0.102 0.987 1.555 2.217 -4.025 -2.031 1.2 0.2 

 
The most obvious observation is that the variation in period one is much larger as in period two. 
Moreover the variation in TDTD is the biggest of the four methods. Especially in period one, 
where the values of each day except of two (12/12 and 16/12 compared to TDTDA) is larger than 
any other difference. In period two the difference is largest in TDTD except three days. However 
where the difference exceeds the TDTD is always in a different method. On 20/12 it is the TDIP, 
on 22/12 the TDTDA and on 30/12 the STD. This variance is a straightforward result from the 
method. The TDTD method counts every movement as a trip, whereas the other methods have all 
a criteria for a trip registration. The first method includes only one trip per user, which results in a 
very low variance compared to the other methods. 

There are some interesting facts which can be observed from the table. The days Tuesday to 
Thursday on the second week in the first period are very similar to the mean for STD. On the 
other hand the same days have the highest variance for TDIP. During the second period the 
highest value for the three latter O/D methods are on the same day: 27/12. The explanation can be 
as easy as this is the first working day after a three day holiday after Christmas, so the mobility 
behavior can differ somewhat from the regular patterns. The same reason can be behind the fact 
that the second highest variance is on 23/12 just one day before Christmas Eve. Although on 
27/12 there are less trips as the average and on 23/12 more. It is also a clear tendency that the 
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days after Christmas (27/12 and 28/12) have negative values due to less travels in all four 
methods. In the first period the beginning and ending of the second week (12/12 and 16/12) have 
also negative tendencies in all four method, which can be explained by the “after weekend” and 
“before weekend” behavior. Moreover there were elections in Ivory Coast on the 11th of 
December which can affect the mobility behavior on the day after. 

 

7.2. Compar ison of methods within one period 

 
While evaluating the different O/D results, different measures have been introduced. It can be 
interesting to see these measures compared to each other from method to method. The most 
important difference in each method between the two periods was in zone 10. For some reason 
the number of trips to and from zone 10 was much higher in period one as in period two. STD 
showed 5.4 – 6 times higher values for period one as for period two, TDIP 3.3 – 3.5, TDTD 3.6 – 
3.7 and in TDTDA the number of trips was 4.5 – 4.7 times higher. There is no reasonable 
explanation for this, only that there was a technical failure during the second period in this zone. 
(One out of four occasions the position of the user was not recorded due to technical failure 
according to the dataset description.) 
 

7.2.1. Stability 

 
The number of trips varies from period one to period two for each method. Only the rate is 
different, the number with which period two has more or less trips than period one. The biggest 
relative difference is for STD, where there are 14 % more trips in period one as in period two. 
The other three methods are more stable, for example for TDIP the relative difference is only 2.4 
% in favor of the second period. TDTD has 6.4 % more trips in the second period, whereas there 
are 4.6 % more trips in period one for TDTDA. The differences between TDTDA and TDTD will 
be evaluated in detail later on, as the idea behind these two methods is very similar, and the 
differences can point out interesting facts. 
 

7.2.2. Terminating zones 

 
The two zones with the most terminating trips are similar in each method: Zone 5 and 1. This is 
no surprise as these two zones are the most central in Abidjan and therefore most probably the 
location of working places. However there is a difference in the amount of trips terminating in 
these two zones. It can be stated that the relative amount of trips to these zones is always higher 
in the second period. Moreover approximately one third of the trips end in one of these two 
zones. The highest relative number of trips is with STD in the second period, 38 % of all trips end 
in zone 5 or 1. This can be explained with the algorithm, as in this method only one trip per 
person is considered, therefore the most common terminating zone becomes even more 
significant. The second highest share is with TDTDA, however it does not differ significantly 
from TDTD. TDIP has the lowest proportion of trips to zone 5 and 1. 
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7.2.3. Originating zones 

 
The zones with the most starting trips are not the same for all methods. STD resulted in trips from 
zone 4 and 12 to be the most common, on the other hand the other three methods all had the most 
trips starting in zone 4 and 5. This is due to the algorithm, as in STD there is only one trip per 
user, therefore the „home” zone becomes more important as a starting zone. Zone 12 is more 
outside the center, whereas zone 5 is in the centrum. In the last three methods not only one trip is 
calculated per person but intermediate stops are possible depending on the algorithm. As the most 
frequent terminating zones are 5 and 1, it can be seen that zone 5 is in both the top terminating 
and originating zones, i.e. this zone has the highest transit traffic. In the first method nearly one 
out of three trips originate from zone 4 and 12, whereas in the other three methods one out of four 
from zone 4 and 5.  
 

7.2.4. O/ D pairs with the most trips 

 
Probably the most interesting aspect in the comparison is the most travelled O/D pairs in the 
different methods. Table 14 collects the first three pairs from each method and period. 
 
Table 13 Three most travelled pairs in each zone and period 

 STD TDIP TDTD TDTDA 
Pair Share Pair Share Pair Share Pair Share 

Period one 
12-8 3.6 % 13-4 3.6 % 1-7 3.4 % 11-6 3.1 % 
4-5 3.1 % 4-5 3.4 % 4-5 3.4 % 13-4 3 % 
11-6 3.1 % 12-10 3.2 % 7-1 3.2 % 1-7 2.9 % 

Period two 
4-5 4.1 % 13-4 4.2 % 1-7 4.1 % 1-7 3.6 % 
12-8 3.6 % 12-8 3.6 % 5-1 4 % 4-5 3.4 % 
4-1 3.4 % 4-5 3.6 % 4-5 3.7 % 13-4 3.4 % 

 
An interesting pair is the one with the trips from zone 4 to zone 5. Every method includes this 
pair among the first three most travelled pairs. The only exception is in TDTDA period one, 
where it is not in the list. Travels from the zones in the west of Abidjan (zone 8, 9, 10, 12) are 
only in STD and TDIP. Trips from the east and north are more represented in TDTD and 
TDTDA. This grouping of STD with TDIP and TDTD with TDTDA is a straightforward result 
from the algorithm. In the latter two methods every change of location is a trip in the matrix, on 
the other hand the first two methods have a stricter criteria when it comes to trip definition. Calls 
from zone 10 had technical problems during the second period therefore it is hard to draw any 
conclusions which involves this zone, however it is interesting to see that in STD the highest 
number of trips from the west side of Abidjan direction center are from zone 12 to 8, in TDIP 
from zone 12 to 10. As in STD only one trip per person in counted, it is most likely that people 
live in zone 12 and work in zone 8, but in method 2 the important places are also taken into 
account, which makes it possible that people starting from zone 12 might drive through zone 10 
before entering zone 8. 

Trip between zone 1 and 7 are only present in the last two methods. These methods are trip 
based, i.e. every registered position indicates a trip, therefore it can be seen that there are many 
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trips between zone 1 and 7, but probably the person does not stay stationary in zone 7. This can 
be proven as well that in TDTD, period one the third most travelled pair is between zone 7 and 1, 
i.e. most of the journeys going to zone 7 are returned to zone 1. 

The highest shares for each method are in period two. Method 1 to 3 have all a share above 4 
%, and all the pairs differ. However all these pairs are between neighboring zones. The only “top 
3 pair” between non-neighboring zones is the pair of 4-1. 

Interesting is also to mention that the southern zones of Abidjan (3 and 2) are not among any 
of the pairs with the highest shares. 

7.2.5. Comparison of TDTD and TDTDA 

 
The only difference in the O/D algorithm of TDTD and TDTDA is that in TDTDA not every 
position change is a trip, but there is a criterion to exclude trips where „active state” is detected. 
I.e. the latter method refines the O/D matrix. Therefore every change in the number of trips is an 
indicator of zones with more transit traffic. 

It is interesting to see that while in the TDTD there are more trips in the second period by 6.4 
%, the proportion changes at the fourth method, where the first period has 4.6 % trips more than 
the second. This means that there are much more trips filtered out in the second period as in the 
first. In numbers this means that 18.4 % of the trips are filtered out in the first period and 26.7 % 
of the trips in the second period. This means that the “active state” search is very effective, as one 
out of four trips is deleted. 

The most attractive zones and zone with the most originating trips is the same in both cases, as 
well as the share among all trips. However the most travelled pairs show some difference, which 
gives an indication of transit zones. Table 15 lists the six most travelled pairs for each method 
and period. 
 
Table 14 Six most travelled pairs in method 3 and 4 in both periods 

Period one Period two 
TDTD TDTDA TDTD TDTDA 
Pair Share Pair Share Pair Share Pair Share 
1-7 3.4 % 11-6 3.1 % 1-7 4.1 % 1-7 3.6 % 
4-5 3.4 % 13-4 3 % 5-1 4 % 4-5 3.4 % 
7-1 3.2 % 1-7 2.9 % 4-5 3.7 % 13-4 3.4 % 
5-1 3 % 12-8 2.7 % 7-1 3.6 % 5-1 3.3 % 
5-4 3 % 5-4 2.6 % 1-5 3.5 % 12-8 3.1 % 
13-4 2.9 % 7-1 2.6 % 13-4 3.5 % 7-1 3 % 
 
It is very interesting that in all cases the travels to and from zone 1 drop by 0.5 %. These travels 
originate or terminate in zone 5 or 7, which are the neighboring zones to zone 1. That means that 
most probably most of the trips do not originate in zone 5 and 7, but they are only transit zones. It 
is also interesting to see that the ranking of the pair 13-4 is much higher in TDTDA as in TDTD. 
In period one the share even increases slightly. It is also worth to mention that pair 5-4 in period 
one and 4-5 in period two have similar ranking positions even if the share drops in TDTDA. 
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7.3. Future work 
 
It would be interesting to see the results if the different O/D estimation methods could be 
combined with each other. For example if the TDIP and TDTDA method would be combined, the 
important places could be included in the trip based method. In the TDTDA method the antennas 
are filtered out, where the user is in movement. From the other side stops could be detected with 
help of important places, which could further improve the results. 

Travel behavior is an area which could be analyzed in more detail. In this thesis only travel 
time is presented, however there are other interesting areas within travel behavior. Just to 
mention one of the most important, route choice. At the end of the travel time assessment a list of 
antenna pairs is available. It would be interesting to evaluate the antennas which are traversed by 
the users between these antenna pairs. Maybe several routes could be detected and later on the 
number of travels on each route aggregated. The size of the zones could be also increased 
(several antennas grouped together) to have a bigger sample. 

The minimum travel time between each antenna is given for a two week period, which gives a 
good estimate for the shortest possible travel time. If the shortest travel time for each pair is 
known, it is possible to compare the current situation of travel time with the “historical data”. 
Problems, incidents could be detected with this method. 
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8. Conclusion 
 
The aim of the thesis, to estimate O/D matrices has been successfully carried out. Four methods 
have been tested based on the dataset, and the results are promising for future use of CDR for 
O/D estimation. The different methods were investigated in two periods with different set of 
users. The pattern of the two periods is very similar to each other, which shows that even if the 
users change, the methods are stable and give accurate results for a bigger amount of population. 

The zone division of the O/D matrix was done with help of a k-mean clustering algorithm. The 
number of zones was decided to be 13, where the resolution was high enough without having too 
few trips, i.e. keeping the statistical significance. 

The first method, static travel demand (STD) estimation gave the fewest trips, because only 
one location in the night period and one location during the day period were considered. The trip 
between these two locations was added to the O/D matrix. The main property of this matrix is 
that it is not as symmetric as the matrices produced with the following methods. This is due to the 
nature of the algorithm, as a user has a maximum of one trip. The second method, travel demand 
based on important places (TDIP) is a very promising method. Many literature classify important 
places for users, however none of those papers include these places in an O/D matrix. However a 
location which is often included in a person’s daily routine means most probably a place where 
the person stops, and the definition of an O/D matrices is exactly trips between stops. The third 
method, trip-based dynamic travel demand (TDTD) is the most commonly used method in other 
papers. Every registered location for a user is a stop, so there is a trip between each pair of 
different consecutive locations. Due to this definition the most trips are registered in this method. 
The fourth method, trip-based dynamic travel demand with active states (TDTDA), is a subset of 
the TDTD method. In the user’s trajectory those antennas are filtered out where the user is 
possibly in movement. 

The biggest difference between the two periods is that there is a zone where there are much 
less travels in the second period as in the first one. This is probably due to a technical failure, 
there is no other explanation for having 3 to 6 times more travels from and to that particular zone. 
Also the trips are more equally distributed in the first period, i.e. the most travelled pairs have a 
higher share in the second period among all the pairs as in the first period. Otherwise the results 
are very similar for both periods. 

The differences for the different methods show that the STD method is an outsider compared 
to the other three methods, if number of trips, symmetry and most travelled pairs are considered. 
Also the most travelled pair of zones is different for the STD method as for the other three. 
Interesting is to see that for the most travelled pairs of zones the TDIP and TDTDA method have 
more matching patterns as TDTD and TDTDA, even if TDTDA is only a subset of TDTD. 

Resolution, dynamics and time span are evaluated with the different methods. The resolution 
of the methods gives an insight how different algorithms affect the result. The balance between 
the number of trips is very important, as in the STD method the number of trips were less 
compared to the others, therefore the accuracy of this method is questionable. On the other hand 
the number of trips in TDTD was the highest; however this does not mean that this method was 
the most accurate one. In the STD method some trips might be missed, in the TDTD method 
some trips might be over represented, as in travel demand estimation the goal is to find origins 
and destinations of individuals. Therefore the TDIP and TDTDA might give the most accurate 
results regarding resolution, as those algorithms follow the definition of O/D matrix the most. 
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The spatial definition of the matrices is the same for comparison reason. The area of the 
investigation is on a city level, as there are much more movements within cities. The zone 
division within the city was implemented with an automatic zone division, so that the mobility 
patterns are more visible compared to the zone division based on administrative regions. The 
dynamics of the different methods vary from static to dynamic travel demand. The first method, 
STD, is the only matrix with static demand, i.e. the time parameter cannot be changed. On the 
other hand the other three methods have a dynamic time parameter, i.e. the time span of these 
travel demand estimations can be dynamically changed. However the same time span is used for 
all four methods for comparison reasons. 

The main achievement of these different methods is that it is possible to conduct a travel 
demand assessment for those places where there are no sensors in the infrastructure or there are 
no accurate census data or surveys which could be the underlying data for travel demand 
estimation. Movements within cities can be studied if there is enough data provided. The goal of 
the published data was exactly this, to use the data for development.  
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