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1 Introduction 

The general goal of WP4 is to develop novel, better and more detailed measures for evaluating and 
benchmarking agent-based models. These measures should not only provide concise numerical values, but 
also facilitate useful feedbacks for locating possible problems and their solutions within the model under 
evaluation. An important aspect is to overcome the limitation of single data sources by trying to combine 
heterogeneous data types and with this redundancy of evidence leverage the models’ stability and accuracy. At 
the time of writing the project proposal the goal was set to develop more detailed standards at the level of 
origin-destination (OD) matrices, thus considerably advancing the existent standard of model validation based 
on point-based traffic counts at certain locations as typically exhibited by detector loops on the road. The 
project has in effect achieved this goal, and even surpassed it by developing evaluation schemes on the level 
of pathways that are followed on the routes between origins and destinations.  

The goal of the previous deliverable D4.1 was to lay the foundation for novel, better and more detailed 
standards for the evaluation and benchmarking of agent-based spatio-temporal microsimulation systems. This 
deliverable D4.2 describes how the analytical, evaluation and benchmarking tools developed in DATASIM can 
be integrated into the Simulator and brought to practical use. There are typical outputs of the simulator (routes, 
origins, destinations, etc) on the one hand and raw big data on the other hand, and both worlds are joined and 
integrated to develop novel scientific work, including benchmarking. The project partners have elaborated a set 
of methods and applications exemplifying this view and demonstrating its perspectives. The results of this work 
are summarized and illustrated in this deliverable. 

In order to differentiate the various works we will at this point briefly re-capture the figure and explanation that 
was already introduced in the previous deliverable D4.1. Accordingly, the validation workflow of the 
micosimulation modeling process can be divided into three parts, namely input data validation, internal model 
validation and external model validation (see figure 1). Input data validation makes an assessment of the input 
data quality in terms of its accuracy, representativeness, fitness for the purpose, etc. Internal model validation 
measures how well the model can predict its input data, i.e. how reliable a predictive model will perform on 
(unseen) training data. During external model validation the model output is compared to either independent 
real world data or other model results with known high quality. This step ensures the final quality of the model 
results. If the model outcome meets a given quality standard the process of modeling is finished. Otherwise, 
either the input data or the modeling process is subject to change and to a repeated validation, leading to a 
validation cycle. 

 

 

Figure 1: Quality-cycle in microsimulation systems. 
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In its third year, a series of papers and works originated from this project elaborating how agent-based traffic 
microsimulation systems can be significantly improved and better evaluated by exploiting the information 
inherently enclosed in new mobility related data sources such as mobile phone data, GPS tracks, or 
Bluetooth/WiWfi data. For example, one of the central concepts of an agent-based spatio-temporal 
microsimulation system is the assignment of specific and reasonable routes to its agents. How reasonable the 
chosen routes are cannot be decided for individual agents but must be statistically justified by whatever 
information is available about the characteristics of spatial and temporal parameters of destinations and origins 
of trips, known profiles of traffic frequencies at particular locations, socio-economic data, land-use data etc. 
This is the approach that has been developed in classical model validation. The availability of the new data 
sources provide considerably more detailed, structured and coherent information about people’s driving 
behaviors than the point-based information given by origins, destinations, and location-based frequencies. This 
and several other aspects of validation of agent-based traffic microsimulation systems have been examined 
during the third year of the DATASIM project. 

Chapters 2-4 will provide summaries of papers and works written and done within the third year of DATASIM. 
To make it easier for the reader to link this to the work done during the second year of DATASIM, we provide 
the following figure. It is devided into two parts.  
 
 
 

 
Figure 2: Agent-based microsimulation process. 
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The left side depicts the various steps of an activity-based microsimulation process by introducing further 
details when compared to Figure 1. The first step represents the provision, preparation and integration of the 
input data, referring to land use, transportation network, and the (big) data sources about the mobility of the 
population of a given region. In the next step, different models transform these data into individual activity travel 
sequences of the whole population. Once created those sequences are then aggregated into an origin-
destination (OD) matrix. In this matrix each element represents the number of trips between each pair of 
elements (locations/territories) of the matrix. In the next step the resulting matrix is applied to select and assign 
specific routes to the agents in the transportation network by traffic assignment algorithms. In this way, all trips 
comprised and aggregated in the OD matrix find their individual representation as a pathway through the 
territory.  Running the simulation of these trips finally delivers the output of the model. The quality of each step 
is dependant on the quality of its predecessor. For this reason the modelling process provides feedback loops 
from each step to the steps before to ensure the quality of the overall process.  
The right side of the figure represents all papers and works to be further described in this deliverable, and how 
they are clustered into the chapters represented by the coloured boxes. The sections surrounded by the green 
box (top) deal with the validation of the input data. These are included in chapter 2 of this document. The 
following sections represent the work done on the internal model validation, which is described in chapter 3 and 
4 of this document. The ones surrounded by an orange box (middle) particularly address internal model 
validation reffering to the construction and quality of the OD matrix. The sections surrounded by a red box 
(bottom) deal with internal model validation referring to the route selection process.  
The coloured arrows show how the resulting chapters on the right side are linked with the steps of the agent-
based microsimulation process. Here it must be noted that the methods applied for the validation of the input 
data generally can also be applied for the external validation of the model results. For this reason the green 
arrow is also linked with the last step of the agent-based microsimulation process.  

In the next sections of this introduction we give a short summary of each of the following sections. This is done 
in the order of the sections like shown in the figure above. References to all publications of the third project 
year are listed at the end of this introduction. 

1.1 Data Input Validation 

Section 2.1 addresses the utilization of the radiation model in the FEATHERS microsimulation system, and the 
respective estimation of relevant input data. The work reported here partly applies to extensions of the 
FEATHERS schedule predictor and partly to the input validation of FEATHERS. Therefore, the reporting is 
scattered over work packages WP3 and WP4. The relatively new radiation model describing human mobility 
has so far delivered better results as its predecessors, particularly when compared to the gravitation model. 
One specifically important variable for the traffic relevance of a region is its employment rate. It is stated that 
whatever models predict the employment of a region from a single determinant value can be used in a first 
approximation at a coarse level in FEATHERS (and probably other activity based models). However, in order to 
exhibit their preeminence, activity based models will additionally need predictions at a finer level, too (the 
second stage in FEATHERS).  

A cooperation of IMOB with researchers from China (Feng et al., 2014), described in section 2.2, further 
explored the utilization of the purposes of travels computed on the basis of mobile phone data. As the available 
mobile phone data are not very accurate with regard to their spatial localization, and as they are also 
discontinuous with regard to their temporal resolution, deriving a travel-sequence pattern from these data is a 
non-trivial task. The paper shows how, in spite of this deficiency, a valuable classification of daily travel 
sequence patterns can be derived, including an assignment of relative frequencies to the individual patterns. 
The described methodology is practically exploitable in various ways. While the input data validation is in the 
current focus, the profile of these frequencies could also be directly used to compare it with the travel 
sequences and their frequencies yielded from the simulation models. Major deviations could then be corrected 
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by modifying the route generation algorithm or its parameters. Having the travel sequence profile as a 
benchmark would thus also be a valuable tool for internal model validation. It could not only exhibit a flaw in the 
model, but by showing which types of travel sequences deviate from the “norm” it also could show the direction 
for the repair. Similar efforts for developing novel model validation techniques based on mobile phone data are 
-to the best of our knowledge- not described in the current state-of-the-art. Further exploration of this technique 
in practice can therefore lead to the development of completely novel ways of validation, in cases where typical 
sequential patterns are used as output of a simulator. 

In (Gabrielli et al, 2014), CNR has designed a method, based on call record data, to estimate flows of different 
classes of users of a city, namely residents, commuters and visitors, cf. section 2.3. The authors concentrate 
mainly on the visitor class to understand how visitors sense the city and move within its territory. As the city of 
Pisa is the considered pilot site, visiting persons make up a considerable portion of the traffic and must be 
particularly addressed as part of the input data. The study is thus important for all areas with relevant touristic 
attractivity. Technically, a visitor is characterized mainly by a rescricted period of presence in the territory. In 
this small period it is very likely that the user performs only a few calls. On the other hand, if more calls are 
registered, the data can better characterize the movements. These two dimensions are in contrast with each 
other. CNR has developed a specific method to resolve this dichotomy by combining both dimensions in a 
single model.  

In section 2.4, CNR addresses the issue of creating valid relevant input variables by applying statistical small-
area methods combined with social mining from Big Data sources (Giusti et al., 2014). The particular objective 
is to extract information from the vast amount of data generated by human activities - big data – in order to 
improve the ability to measure, monitor and possibly predict such variables as social performance, well-being, 
deprivation, poverty, exclusion, or inequality at a fine-grained spatial and temporal scale. For example, poverty 
is a relevant input variable for microsimulation as it affects travel behvior. However, available official socio-
economic statistical data do not provide information about poverty. Data that would indicate poverty (average 
income, unemployment, etc.) are “hidden” in aggregated classes at the low end (e.g. of income) or high end 
(e.g. unemployment) so that distinctions between real poverty and low but acceptable standards become 
blurred. Mining of social media may provide relevant data but with typically very heterogenous coverage of 
territories, sometimes down to a few or even empty sample size. Small area estimators have become 
increasingly popular in the field of social statistics to address exactly this type of problems. The authors show 
how combining small area estimators with big data could be very useful for the construction and evaluation of 
more detailed input data for traffic demand models.  

 

1.2 Internal Model Validation Referring to OD-Matrix 

New results addressing the question of how to determine the study area (SA) when results are to be calculated 
for a given target area (TA) are reported in section 3.1. The research question is: what is the minimal size of 
the SA in order to achieve sufficiently accurate predictions for the number of trips entering and leaving the TA 
respectively. Results show that distributions for the radius required achieving 90% accuracy for the car and 
public transportation cases respectively. The resulting distributions can be regarded as sensitivity indicators for 
the dependency of the achievable accuracy form the size of the study area, and thus will be applied for internal 
validation of the travel demand as specified in the OD-Matrix.  

The further work of adapting FEATHERS to the statistical sector level has been continued and is referred to in 
section 3.2. It is shown that the distributions of important variables such as travel duration and travel distances 
are affected when switching from the previous coarser spatial level of subzones to the finer granularity of the 
Building Block level. This has implications for the FEATHERS schedule generator as it relies on those values 
for demand prediction as indicated by the values of the OD-Matrix. This work is also situated in the internal 
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model validation and it evaluates the sensitivity of the simulator to other levels of granularity. Current state-of-
the-art in the domain insufficiently addresses this issue.  

In section 3.3 we describe the extraction of mobility characteristics from Bluetooth data. To get access to this 
data Fraunhofer set up a network of Bluetooth sensors in an area around the center of the City of Bonn, 
Germany. The sensors were physically placed within outdoor billboards to have access to a permanent power 
supply. The sensors collected data for about 4 weeks during July and August 2014. Each sensor captured the 
signals of bypassing Bluetooth devices, like smartphones or head-sets. The data was immediately transferred 
to a server at Fraunhofer via UMTS. Due to tedious, but inevitable legal and organisational negotiations the 
data could only be collected almost at the end of the DATASIM project. Therefore, only the results of some 
preliminary analytics can be presented in this document. Further analysis is work in progress and will be 
published after the project’s end. The sensor network was setup to show how to derive mobility characteristics 
from a local and rather low-cost sensor network. The acquired frequencies at various locations and derived 
trips can be used as constraints for building the OD-Matrix and for its validation. They could also be used for 
external validation. 

 

1.3 Internal Model Validation Referring to Route Selection 

Section 4.1 summarizes results emanating from a collaboration of IMOB and Fraunhofer. It is shown how 
available GPS traces can be utilized for internal model validation and improving the quality of microsimulation 
results by better informed and more constrained selection of routes (Knapen et al., 2014). A given large set of 
GPS traces of a territory can be taken as a representative sample of its overall traffic activity – with a certain 
probability/”plausibility”. The idea is to exploit the inherent information in the set of routes and their distribution 
over the territory for deriving information about their potential purposes, including multiple ones (e.g. “drive 
home from work”, “have an intermediate stop at the shopping mall”). The analysis of the GPS data set has also 
shown that people seemingly choose different routes from A to B according to their own individual preferences. 
In particular, not all people necessarily simply choose the shortest path route or the fastest path route. The 
analysis rather revealed that people seem to build a plan of their route by choosing certain mid-way locations 
for orientation and then travelling in the most efficient way (according to their own values) between these 
intermediate points. In that way, complete routes generated from the GPS tracks exhibit an internal structure 
governed by such intermediate points. The paper shows how this structure of a route into its subcomponents 
can be defined, described and computed in a very efficient way. Finally, it shows how this additional structural 
information can be utilized for further constraining the set of plausible choices for the route selection algorithm 
of the microsimulation system.  

Section 4.2 describes a further extended analysis of GPS tracks from cars in Milan, Italy, which is based on 
previous work from Faunhofer IAIS applying visual analytics tools to these data. With the creation of new 
algorithms and clustering tools, the actual traffic flow can be compared with the OD flow matrices of the 
microsimulation system. This serves as a validation for the traffic assignment and route selection (network 
loading) software. The results have the potential to contribute to the determination of volume delay functions 
(VDF), which is a critical and time consuming task when building the network for a region.  
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2 Data Input Validation 

 

2.1 Radiation Model in FEATHERS  

The work reported here partly applies to extensions of the FEATHERS schedule predictor and partly to 
validation of FEATHERS. Therefore, the reporting is scattered over work packages WP3 and WP4. For an 
introduction to the location choice model used in FEATHERS, please refer to section “Radiation Model in 
FEATHERS” in deliverable DLV3.2. 

The original radiation law described in (Simini et al., 2012) has been integrated in FEATHERS. Three quantities 
have been used as the determinant: (1) the population size (according to the original model), (2) the number of 
households living in the area and (3) the number of employment in the area. 

In FEATHERS, the municipality selection step only was replaced (refer to section Location choice in 
FEATHERS in deliverable DLV3.2). The diagrams in Figures 3, 4 and 5 all compare the number of workers 
assigned to a municipality to the number to the true value.  

 

 

 

Figure 3: Values predicted by the Albatross/Feathers work location predictor versus the true values. 

 

The Figure above shows the horizontal axis contains the true value for the number of employees working in the 
municipality. The vertical axis contains the values estimated by the Albatross/Feathers location choice model 
(municipality step). 
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Figure 4: Values predicted by a radiation model in which the determinant variable is the number of households 
living in the area, versus the true values. 

The Figure above shows the horizontal axis contains the true number for the value of employees working in the 
municipality. The vertical axis contains the values estimated by a radiation model in which the determinant 
variable is the number of households living in the area. 

 

 

Figure 5: Values predicted by a radiation model in which the determinant variable is the number of employees 
working in the area, versus the true values. 
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The Figure above shows the horizontal axis contains the true number for the value of employees working in the 
municipality. The vertical axis contains the values estimated by a radiation model in which the determinant 
variable is the number of employees working in the area. This one shall be used with care and probably works 
well when the areas are sufficiently large so that the number of employment is a good proxy for the 
employment demand hence for the population size. However, this leads to the requirement that the area size 
shall sufficiently large so that the ratio of the population size and number of job opportunities is more or less 
constant (which finally leads back to the original radiation model). This is the reason why we used superZones 
(average area is 41.93[km2], municipalities) instead of subZones (average area is 5.75[km2]). 

As can be seen from figures 3-5 the correlation coefficients are rather high. The original Albatross/FEATHERS 
location model scores relatively high, with R

2
 = 0.865, as this location choice model has been designed taking 

into account the reasoning of individuals while being put in front of a location decision to be made.This explains 
why this location choice model is able to accurately predict locations. As can be seen from figure 3 major cities 
only deviate by a small amount from the linear regression line, meaning that the model is fairly able to perform 
location predictions for cities with varied characteristics. Brussels for example has different socio-demo 
characteristics when compared with Antwerp. The first being a city with a relatively low ratio of inhabitants vs 
workers, while the latter constitutes a city with a higer ratio of inhabitants vs workers.  

Figure 4 shows the application of the radiation model as the location choice model in FEATHERS with the 
number of households in each traffic analysis zone as the determinant for this radiation model. One can clearly 
see that there is a more pronounced deviation of the big cities from the linear regression line (R

2
 = 0.827). The 

reason for this is the fact that the number of households is relatively low in Brussels in comparison with the real 
number of workers.  

The radiation model, as it takes the number of households in each traffic analysis zone as the determinant, will 
underestimate the predicted number of workers going to Brussels since the values of the number of 
households in Brussels is relatively low. This is in line with what could be expected from the analytical form of 
the radiation model. Small regions (here in terms of the number of households) will attract less commuters. For 
another major city, Antwerp, the opposite is true. Here we have a city with a higher ratio of the number of 
household vs the real number of commuters, so according to the radiation law, we should have a higher 
number of predicted commuters going to Antwerp, which clearly is the case as can be seen from figure 4.  

The last figure, figure 5, shows the results of the radiation model with the measured number of employees as 
the determinant. Since the number of employees is strongly correlated with the number of commuters, it is plain 
logic that the radiation model with the number of employees as the determinant scores better with respect to 
the radiation model that takes the number of households as the determinant. As can been seen, the correlation 
coefficient for the employees radiation model (R

2
 = 0.877) is higher than the correlation coefficient of the 

households radiation model (R
2 

= 0.827). However, a city like Brussels still attracts too few commuters. This 
can be explained by the fact that Brussels, being the capital of Belgium, by its nature attracts commuters from 
every corner of Belgium, thus attracting more commuters in reality as opposed to the underestimated number 
of commuters as predicted by the employee’s radiation model. This phenomenon cannot be captured by the 
ordinary radiation model, as it does not take such kind of information into account. Nevertheless, the 
employee’s radiation models still scores statisfactory. When all three location choice models are now compared 
among each other it is clear that all models score rather well.Based on the different location choice models, it 
can be cloncluded that the employee’s radiation model performs best, the second place is taken by the original 
location choice model of Albatross/FEATHERS, and the third place is being taken by the household radiation 
model. However, at this pointan important remark has to be made. Activity based models may also need 
predictions at a finer level (the second stage in FEATHERS). For this stage, location models taking multiple 
determinant variables as input are required.  

This means that at the finer grained level, detailed data are required anyway, meaning that the raditaion model, 
taking employees, households or other determinants, will never score as good as more detailed location choice 
models that take far more attributes into account. While the aggregate levels of the radiation models seem to 
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be satisfactory, the radiation models will score unfavourably when having a look at a more detailed level. At a 
more detailed level FEATHERS’ original location choice model will still outperform the radiation modelThis 
means thataggregations of big data can be used at the coarse levelhowever, the large data requirements that 
are required at the finer grained level cannot be solved.  

 

2.2 Using Profile Hidden Markov Models to characterize activity sequences  

 

Sequences of activities can be extracted from activity-travel diaries as an ordered collection of daily activities. 
Sequence alignment methods can then be applied to classify the sequences into clusters on the basis of the 
composition and ordering of the activities. Commonly, only the typical patterns in each cluster are extracted 
and qualitatively described. Activity sequences have seldom been quantitatively characterized to uncover the 
occurring probabilities of both regular and irregular activities as well as their sequential order. Consequently, 
the sequential information embedded in activity behavior, particularly the travel incurred by irregular activities, 
is not fully understood. In the paper (Liu et al., 2014), the suitability of profile Hidden Markov Models (pHMMs) 
in quantifying the sequential information of the activities is explored. This study consists of 4 steps. Activity 
sequences are first clustered based on a pre-defined scheme. The regular activities along with their sequential 
order are then identified in each cluster, and they are subsequently used as a template to guide the 
construction of a multiple alignment of the cluster of sequences. Finally, a pHMM is employed to convert the 
multiple alignments into a position-specific scoring system, representing the probability of each activity at each 
important position of the alignment as well as the probability of both insertion and deletion of activities. By 
applying the derived pHMMs to a set of activity-travel diaries collected in Belgium as well as a group of mobile 
phone call location data recorded in Switzerland, the effectiveness of the models in representing the distinct 
behavior of each cluster and distinguishing it from other clusters is demonstrated. The proposed profile method 
can be employed to validate sequences generated by activity-based transportation models. Furthermore, it 
offers a wide application in characterizing a group of any related sequences, particularly sequences in various 
lengths, notably including many short ones. 

The approach of profiling activity sequences using pHMMs is both unique and important in that it builds a new 
model which quantitatively characterizes the sequential information embedded in a group of similar sequences. 
The advantage of this method is that it considers both regular and irregular activities as well as their temporal 
sequencing; it also provides a numerical score quantifying the relationship between a new sequence and the 
characterized group of sequences. 

Despite the importance of activity-based modeling systems, the lack of reliable benchmarks and evaluation 
criteria for the model output has hampered further model development and application (e.g. (Cools et al, 2009), 
(Hartgen, 2013), (Janssens et al, 2012)). Typically, for this purpose, one examines the results of the model 
through the comparison of certain aggregated measures, e.g. the average sequence length and travel distance, 
between the predicted sequences and the observed ones drawn from activity-travel diaries, e.g. (Arentze, 
Timmermans, 2004). The sequence alignment method (SAM) is also employed to assess the similarities at 
individual level between each observed sequence and its predicted counterpart (e.g. (Sammour et al., 2012)) 
thus taking a step forward in considering the sequential information into the validation. However, the evaluation 
on each particular pair of sequences with SAM ignores the variation of individuals’ activity behavior across 
different days, thus not truly reflecting the model performance. The adoption of the proposed profile method in 
activity-based model validation can enhance the SAM measures, as the profile approach examines the 
distribution of the whole cluster of sequences, thus accounting for the variance of each individual’s daily activity 
behavior. In this process, the observed and predicted sequences are first clustered, based on the same 
classifiers, such as the work status. In each cluster of the observed sequences, a profile model is built, which 
can then be used to score the corresponding cluster of the predicted sequences. Good score results would 
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suggest a high level of similarities between these two clusters in terms of sequential perspectives. On the 
contrary, if significant differences are found between the sequences, it would suggest inconsistency between 
the predicted results and the observed behavior, thus signaling possible problems and prompting immediate 
examination into the corresponding transportation model. 

2.3 Use of mobile phone data to estimate visitors mobility flows 

The availability of mobile phone data stimulated the research for increasingly sophisticated data mining 
algorithms customized for studying people habits, mobility patterns, for environmental monitoring and to 
identify or predict events. Some examples include the discovery of social relations studied in (Wang et al., 
2011), which has highlighted the existence of correlations between the similarity of individuals’ movements and 
their proximity in the social network; the inference of origin-destination tables for feeding transportation models 
and, based on roaming GSM data (users arriving from other countries), the study of how visitors of a large 
touristic area use the territory, with particular emphasis on visits to attractions. For data mining purposes, GSM 
data proved to be significant in terms of size and representativeness of the sample.  

In CNR proposes and experiments an analysis process built on top of the Sociometer, a data mining tool for 
classifying users by means of their calling habits. The calling activities are used to infer the presence of the user 
and to construct an aggregated and compact call profile. The first prototype of the Sociometer has been 
developed within WP2 and presented in details in Deliverable D2.2. The model has the aim of producing a 
presence indicator of different categories of people in the city of Pisa. 

In the context of WP4, CNR tries to estabilish the relationship between the accuracy of the model classification 
and the confidence in interpreting visitors’ moves in the city. To this purpose, we apply the Sociometer to 
classify the users moving in the city of Pisa. In particular, we concentrate on the urban area of the city and 
focus only on the sub-population of visitors – which complements previous analyses performed, mainly 
focused on residents and commuters, i.e. classes of users visiting the territory on a regular basis. Our objective is 
to produce statistics that are capable of estimating the probability of observing visitors moving across the urban 
area rather than arriving and staying in a limited zone. Indeed, such larger-scale visitors represent the group of 
people that might benefit most from improved information about city attractions, navigation assistance and 
public transportation services. Therefore, it is crucial to better understand what kind of mobility (strictly localized 
vs. over the entire city) visitors tend to follow, and in which measure. 

The advantage of having defined the call profiles is that the analysis is no more based on the original raw (big 
and privacy sensitive) GSM data, but on an aggregated privacy-preserving summary of the original data. This 
allows the Telco operators to disclose only information that satisfy the required level of privacy, respecting the 
laws and preserving their customers. At the same time, the analysts can work with data that are still 
meaningful. To this aim, a method has been developed to measure and handle the privacy risks involved in the 
distribution of individual habits. 

 

2.3.1 Objectives and Experimental Setting 

The purpose of this work is to demonstrate how the massive and constantly updated information carried by 
mobile phone call data records (CDRs) can be exploited to estimate visitors’ movements within an urban 
area and their flows across the observed territory. 

A Call Detail Record (CDR) is a log data documenting each phone communication that the TelCo operator 
stores for billing purposes. The format of the CDR used in this work contains the following information: 

 

< Timestamp, Caller_ id, d, Cell_1, Cell_ 2 > 
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Caller_id is the anonymous identifier of the user that called, Timestamp is the starting time of the call, d is its 
duration, Cell_1 and Cell_2 are the identifiers of the cells where the call started and ended (see Figure 6). Only 
voice communications are included in the dataset. 

The dataset used in this work consists of around 8 million CDRs collected in a month across October and 
November, 2012. The dataset contains calls corresponding to about 230.000 customers of the Italian TelCo 
operator Wind SpA with a mobile phone contract (no roaming users are included). 

It is important to point out that a major limitation of CDRs is the fact that the localization of individuals occurs 
only during phone calls, which can lead to an incomplete view of their mobility. This point is crucial when trying 
to validate the results of the model. We discuss a method to overcome this problem in the following sections. 

 

Figure 6: Example of the cellular network and communication. 

The spatial granularity considered in this work takes into account the spatial resolution of the cells covering the 
area of study. In the urban area of Pisa, the coverage of each cell is relatively large. Therefore it often does not 
allow establishing a precise relationship between a Point of Interest (POI) and the cell itself. Thus a cell may 
contain more than one POI, but also a POI, if it is large, may belong to more than one cell. Therefore, in this 
study we use a higher level of granularity, and we define two types of partitions of the urban area:”cardinal 
points” (Figure 7 top), and”city districts” (Figure 7 bottom). In the former case the city is divided into four areas 
according to the cardinal points; while in the latter case the city is divided according to the major districts. Both 
partitions follow the natural division provided by the Arno River. To better compare the flows measured over the 
two partitions, each area of the first partition is defined as an aggregation of zones of the second partition. 

 

2.3.2 Methodology 

In this work we are interested in the movements of visitors, a class of users characterized by a sporadic 
presence within the territory, usually appearing only for a short time period (a few days). A formal definition of 
visitors is given by The World Tourism Organization that identifies them as”people traveling to and staying in 
places outside their usual environment for not more than one consecutive year for leisure, business and other 
purposes”. In other words, a person is a visitor in an area A if his/her home and work place are outside A and 
the presence inside the area is limited to a certain period of time Tt o allowing him/her to spend some activities in 

A. It is important to point out that this definition includes not only classical tourism as visiting cultural and natural 
attractions, but also possible activities related to work, visiting relatives, health reasons, etc. 
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Figure 7: City partitions adopted for the study: (Top)”Cardinal points” - Four 
zones (North, South, East, West); (Bottom)”City districts” - Nine areas. 

 

We already mentioned that CDR facilitates only partial descriptions of movements, since the localization is 
limited to the cells and only available when a user performs a call. For frequent callers, thus, the 
correspondence between movements and calls may be more or less coherent. For users that seldom use their 
phone, instead, the sensed movements may be signifi-cantly underestimated. When analyzing visitors’ 
movements, it is crucial to take into account these observations.  

On one hand, the classification of a user u as visitor is based on a narrow period τ where he/she is observed 
performing a call. Thus, the narrower is the period τ the larger is our confidence that u is a visitor. Obviously, 
there is still some probability that u may be a local user who uses his/her mobile phone just very seldom, and 
therefore his/her calling footprint may be wrongly classified as that of a visitor. On the other hand, once we 
have identified the sub-population of visitors, we want to make inferences about their movements within the 
city. Making period τ narrower will allow for less calls being included, resulting in an underestimation of users’ 
movements. 
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In summary, a dependable inference on visitor movements is based on the dualism between these two 
dimensions: the period of permanance within the area and the number of calls performed during that period. In 
the next sections we will show how to reason along these two dimensions in order to determine the 
confidence about the predictions. 

In the following we summarize the user classification process, as the basis of the quantitative mobility analysis 
proposed in the full paper. The process, introduced in (Furletti et al., 2013), performs a form of active 
transductive learning, i.e., it selects a sample of data to be labeled by the analyst, and exploits that sample to 
classify the whole dataset. The resulting dataset assigns each user its corresponding class, chosen among the 
four possibilities: resident, commuter, visitor and unknown. For the users labelled as visitors, we select their 
detailed information to reconstruct their movement. 

 

2.3.3 Mobility Indicator 

Our basic objective is to determine whether a user has moved across the city during the period of observation. 
Since we are dealing with movement patterns of visitors, we associate each visitor to his/her landing cell, i.e. 
the cell where the calling activities were initiated. This cell might be the airport when the visitor arrives via plane 
or the bus parking at the north of the city if he/she arrives by bus, etc. 

Given the base cells of a user, we define a 
corresponding Mobility Indicator as the number of 
distinct areas visited by the user. Starting from the 
landing cell, we can also estimate the Origin-
Destination Matrix of visitors, since the consecutive 
visits of two areas implies a movement between 
them – though the incompleteness issue mentioned 
in previous sections might lead to introduce some 
errors, since some intermediate visits to other areas 
might be missed. Figure 8 shows the flows of the 
visitors among the cardinal areas of our partition 
obtained with the dataset which spans over a period 
of one month. 

We can recognize how the incidence of self-loops, 
i.e. people not leaving their region between calls, is 
greater in the southern area, which contains the 
main transportation facilities of the city (airport, train 
and central bus stations) to arrive to the city. From 
East and West we cannot recognize any self loops, 
suggesting that those routes are mainly used to 
cross the city. 

 

 

If we consider the partition in districts (Figure 9), it is easier to observe a transition among two adjacent districts 
(e.g., airport (Aeroporto) and train station (Stazione)). It is however difficult to measure large flows across 
distant districts. 

 

 

Figure 8: (Top)”Cardinal points” - Four zones (North, South, 
East, West); (Bottom)”City districts” - Nine areas. 
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2.3.4 Evaluation 

For validation objectives of WP4, it is relevant to note 
how the resulting patterns are influenced by the 
limitations of the mobile phone data. After the 
classification step, we identified around 90k users 
classified as visitors. Since our objective is to determine 
the percentage of visitors who cross the city to visit 
different areas, we want to establish the percentage of 
users with a positive Mobility Indicator. To determine 
such percentage, however, we have to take into account 
the limitations about the dualism of precision of the 
classification and coverage of movement sensing. Not 
having the support of external evidences to determine a 
dependable threshold for the two dimensions, we derive 
a Mobility Indicator Curve, connecting the percentage of 
mobility to a minimum support threshold for the 
observed number of calls for each user. 

 

 

Figure 9: Visitor flow transitions among districts according to Figure 7. 

 

 

Figure 10: Mobility Indicator Curve: relationship between the numbers of calls performed by each user and the 
probability of visiting more than one zone. 

Figure 10 shows the resulting Mobility Indicator Curve for the cardinal area partition (analogous results may be 
observed for the other partition). If we consider all the visitors with at least one call, the percentage of mobility is 
very low. This is mainly due to the low duration of each call, thus preventing a user to cross too many cells. 
Even choosing a very permissive threshold of at least two calls, we can observe that around one third of the 
population moves across the areas. This percentage increases when selecting a sub-population within a higher 
minimum call threshold. The curve reaches relatively stable values at around 15 calls – i.e., the sensitivity of 
the mobility index with smaller thresholds appears to be too high, suggesting requiring at least 15 calls. At 
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the same time, the red curve shows an exponential decrement of the number of users for each threshold, thus 
adopting a large minimum support threshold would result in selecting just a tiny and statistically poor sample. 
Reasonable trade-offs, aimed at keeping at least some hundreds of users in the sample, should then not 
exceed 30 calls. Within this range of choices – between 15 and 30 calls as minimum threshold – we can see 
that the mobility index ranges between 80% and 90%, thus indicating that the mobility is apparently quite high. 

 

2.3.5 Conclusions 

In this approach, CNR has developed an analytical process to determine the probability of observing a 
population of visitors moving across an urban area. The method is based on a classification step capable of 
determining the class of mobile phone users by analyzing their call habits. The population of users tagged as 
visitors is further analyzed by reconstructing their respective movements. To overcome the limitation of partial 
observation for movements due to individual call habits, we introduce a methodology to relate the observations 
available for each user and the confidence of the prediction of observing a movement. The experimental results 
show that visitors have a high tendency of moving across the city, even when applying coarser spatial 
granularities. 

 

2.4 Small Area Model-Based Estimators Using Big Data Sources 

 

The timely, accurate monitoring of social indicators, such as poverty or inequality, at a fine grained spatial and 
temporal scale is a challenging task for official statistics, albeit a crucial tool for understanding social 
phenomena and policy making. CNR is investigating how an interdisciplinary approach, combining the body of 
statistical research in small area estimates with the body of research in social data mining based on big data, 
can provide novel means to tackle this problem successfully. Big data sensed from the digital breadcrumbs that 
humans leave behind in their daily activities mediated by the ICT’s are in fact providing ever more accurate 
proxies of social life. Social data mining from these data, coupled with advanced model-based techniques for 
fine-grained estimates, have the potential of providing us with a novel microscope for understanding social 
complexity. We suggest three ways to use big data together with small area estimation techniques and we 
show how big data have the potential to mirror aspects of well-being and other socio-economic phenomena. 

There are available sources of data that are proxies of social behaviour along various dimensions 

 Social networks, blogs, web search keywords can trace desires, opinions and sentiments;  

 Emails and phone contacts can trace our relationship and social connections;  

 Transaction records of our purchases proxy for the lifestyle and shopping patterns;  

 Records of our mobile phone calls and GPS tracks can trace our movements.  

Other social-human data include financial, health and institutional data. Sophistication of sensors we interact 
with and carry with us every day, such as smartphones, generate billions of data that create the opportunity to 
disentangling the social complexity we live in. We are just at the beginning of the data revolution era, which will 
impact profoundly all aspects of society: government, business, science and entertainment (World Economic 
Forum 2011). In practice the data revolution is in its infancy, and there is still a gap from the big data to the big 
picture. Within the project we have identified and tackled three main aspects of Big Data opportunities: 
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1. Sensed data are fragmented, low-level and poor; 

2. Analytics is too fragmented, low level and poor also because data mining, models and patterns do not 

speak the language of human activities; 

3. There are many regulatory, business and technological barriers to set the power of big data free for 

social mining, so that all individuals, businesses and institutions can safely access the knowledge 

opportunities.  

To bridge this gap we propose to make the knowledge and semantics hidden in big data available for 
addressing the big question about social complexity. In the project, and in particular in WP2, we propose social 
mining as a set of tools to comprehend society. Social mining is the problem of discovering patterns and 
models of human behaviour from the send data across the various social dimensions: it is aimed at extracting 
multi-dimensional patterns and models from multi-dimensional data. To this aim, social mining needs novel 
concepts of multi-dimensional pattern discovery and machine learning, and of multi-dimensional social network 
analysis. Many of these methods have been presented in Deliverable D2.2. 

Within WP4, it is fundamental to connect social mining methods with statistics in order to assess the validity of 
the mined data with regard to their utilization in the agent-based microsimulation process. In social statistics, 
information is typically collected by means of a survey or Census. Censuses are complex and expensive to 
carry out. In order to make inference on the target population surveys should be drawn in such a way that they 
are representative of the population. In statistics a survey data set is defined to be representative with respect 
to a variable X if the distribution of X in the data set is equal to the distribution of this variable in the population. 
In all these respects, the situation of a survey for social data is the same to the one with a survey for agent-
based microsimulation systems. Both have been so far the only available sources, they are expensive, and 
should be but are rarely representative. Using new big data sources as an extension or substitute for surveys 
seems to be the same remedy in both cases.  

Our specific goal is to focus on the identification and quantification of social exclusion and deprivation at a local 
level (LAU 1 – LAU 2 level). Survey samples are prohibitive in terms of time financial resources and people to 
obtain accurate estimates at a local level.  Available data to measure poverty and living conditions across the 
European Union come mainly from sample surveys, such as the Survey on Income and Living Conditions (EU-
SILC). However, these data can be used to produce direct accurate estimates only at the national or regional 
level (NUTS 1-2 level). For smaller unplanned domains - to which we refer as small areas - such as provinces 
and municipalities (LAU 1-2 levels), data are lacking. One could either seek for solutions to increase the 
sample size, normally going along with an increase of resources, or resort to statistical small area estimation 
methods. These methodologies are able to obtain reliable estimates at a local level. Applying them one can 
ensure the construction of poverty indicators and maps on which to base political decision aimed at reducing 
vulnerabilities and difficult living conditions. These alternative methodologies treat the larger region as a 
planned domain while the smaller area of interest, such as provinces or municipalities, are considered to be 
unplanned domains, with typically small, or even zero, sample size. 

Small area estimation techniques have been becoming very popular in the statistical arena, pushed by an 
increasing demand from policy makers for more detailed information about the geographic distribution of 
poverty, inequality and life condition indicators. Indeed, many national statistical agencies are now developing, 
evaluating and implementing poverty mapping and poverty estimation methodologies. As an example the 
European Commission founded two projects, SAMPLE (Small Area Methods for Poverty and Living Condition 
Estimates) and AMELI (Advanced Methodology for European Laeken Indicators), related to this topic. 

At its heart, poverty mapping is about combining survey data that measures poverty incidence with auxiliary 
information about the population of interest. From one side we have survey data collected ad hoc, such as 
consumption and income, and from the other side we have auxiliary information that are obtained from other 
surveys, from population censuses or from administrative registers. Common variables between survey and 
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auxiliary information are used together to improve the precision of the small area estimates. However, it is 
essential that they refer to the same domains or population units. Auxiliary information can also consist of geo-
referenced data about the spatial distribution of these domains and units, obtained via geographic information 
systems. Attributes derived from spatial information are helpful in the analysis of social-economic data relating 
to small areas since these are often display spatial structure. 

The measurement and storage of huge amounts of spatio-temporal auxiliary data referred to households and 
individuals are made possible by the new communication technologies. We are thinking of the use of point of 
sale data on the amount and location of household transactions, or the spatial tracking of the movement of 
individuals by means of GPS systems linked to their smartphone, cars and other communication devices. As 
stated before we refer to all these data as big data. Their use in poverty measurement is still somewhat limited. 
The lead idea of this approach is to use the large availability of the big data, together with small area estimation 
techniques and surveys to receive a picture of social behaviour that include also deprivation and social 
exclusion. 

Analysts applying poverty mapping methods provide guidance to decision makers about level and variation of 
deprivation across a study population, allowing the efficient allocation and monitoring of funding for poverty 
alleviation. To ensure that the guidance derived from these methods for decision-making is sound there is a 
need to verify that the models are fit for purpose. We therefore recommend giving the nature of the data used 
to measure poverty careful consideration.  

2.4.1 The Use of Big Data in Small Area Estimation  

We devise a framework where Big Data are collected, processed and interpreted from all available sources, 
built on top of privacy-aware social sensing and mining. This system has to be integrated with statistical 
modelling for small area estimation. We think of three possible approaches: 

1. Use big data as covariate in the small area model; 

2. Use survey data to check and remove the self-selection bias from estimates obtained using big data; 

3. Use big data to make comparisons with results obtained from small area estimation methods. 

A first opportunity to use big data in small area estimation is using it as a covariate in the small area model. 
Due to technical challenges and legal restrictions it is unfeasible at this stage to utilize unit level data that can 
be linked with administrative archive or census or survey data. Alternatively, one could use big data directly to 
measure poverty and social exclusion. However, it is realistic to think that big data are not (yet) representative 
of the whole population of interest, particularly with regard to the self-selection problem. Using a quality survey 
we can check differences in the distribution of common variables between big data and survey data. If there 
aren’t common variables we can use known correlated data to check these differences in the distribution. 
Gaining knowledge about the differences we can compute weights that allow the reduction of bias due to self-
selection of the big data. 

Finally, we can use poverty and deprivation measures coming from big data to benchmark similar measures 
obtained from survey data and vice versa. If in a given small domain/area there is accordance on the level of 
deprivation and poverty measured from big data and from survey data then analysts and policy makers may 
rely on strong evidence. Otherwise, discrepancies between results obtained from the two sources, indicate a 
need for further investigation on that domain/area. 
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2.4.2 A first comparison between big data analysis and small area estimates 

The third approach outlined above seems to be the easiest to be carried out to explore the potentialities of the 
integrated use of big data and statistical methods. Mobility data can be used to proxy measures of well-being at 
a very fined-grained level of analysis. With small area estimation techniques, poverty indicators in the same 
areas can be computed. The idea is to use a correlation analysis to verify to what extent mobility indicators can 
be considered as proxies of poverty indicators. 

We used a large dataset of private vehicles equipped with GPS devices in Tuscany. The dataset contains 
around 150,000 vehicles and their respective movements in the period of May 2011. Each car owner had 
installed a GPS device in the vehicle in order to obtain a special fare from an insurance company. The fleet of 
vehicles, thus, was self-selected, and the data were collected by OCTOTelematics S.p.A. Vehicle traces were 
mapped on the road network, and their position during the stops associated with the census sectors. 
Generalizing the approach of we associated to each zone on the territory a measure of the complexity of its 
mobility. The mobility is estimated with a measure of entropy, where the mobility entropy for a region r is 
defined as 

 

E(v) = - pv(r)log pv(r )
r
å

  (5) 

where pv(r) is the probability of observing the vehicle v stopping in region r. The probability pv(r) is given by the 
ratio between the number of visits of v in r and the total number of trips of v. The mobility entropy value tends to 
zero when few vehicles stops in a region r, meaning that r has limited capacity of attracting persons. On the 
other hand, when the entropy increases it means that many different vehicles are choosing that region as a 
destination. For a given zone, the diversity of people behaviour is estimated with the standard deviation of 
mobility entropy 
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where Dr is the subset of vehicles resident in r. 

The estimate for standard deviation of mobility entropy can be computed at different scales.Figure 11 shows 
the resulting standard deviation of mobility entropy at the province level.  
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Figure 11: Standard deviation of the estimated entropy in the provinces of the Tuscany Region. Estimates obtained 
with estimator (6) using GPS data. 

 

 

 

Figure 12: Estimated Head Count Ratio (or At-Risk-of-Poverty-Rate) and root mean squared error (in parenthesis) 
in the Provinces of the Tuscany Region. Estimates obtained with estimator (4) under the M-quantile approach. 
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Figure 12 shows the estimates of the Head Count Ratio (or At-Risk-of-Poverty-Rate) and their root mean 
squared error (in parenthesis) in the provinces of the Tuscany region. These estimates were obtained applying 
the M-quantile estimator (4) to data coming from EU-SILC 2008 and Population Census 2001 (Pratesi et al., 
2010).  

Although the 2008 EU-SILC data were collected six years after the census (The 2008 EU-SILC data refer to 
2007), the 2001–2007 period was one of relatively slow growth and low inflation in Italy. So it is reasonable to 
assume that there was relatively little change. Using small area methods the accuracy of the estimates is 
determined by the estimated root mean squared errors. Note that accuracy measures cannot yet be computed 
using big data, since it is not possible to make inferences from this kind of data.  

Figure 13 reports for each province the standard deviation of the entropy and the estimated HCR. Between 
these data there is a strong negative correlation. The linear correlation coefficient is -0.74 with a p-value of 
0.014. This result suggests that provinces with lower levels of poverty are characterized by higher levels of 
heterogeneity of mobility. In other words the diversification of movements in each province proxies the level of 
poverty. A similar result was obtained by Eagle et al. (2010), where they found that the diversity of individuals’ 
relationships was strongly correlated with the economic development of communities in England. Our 
application, jointly with this example, shows how big data have the potential to mirror aspects of well-being and 
other socio-economic phenomena. 

 

Province sE(r) HCR 

Massa-Carrara 110.4 0.221 

Lucca 114.3 0.174 

Pistoia 112.3 0.143 

Firenze 123.2 0.132 

Livorno 117.8 0.185 

Pisa 122.1 0.133 

Arezzo 115.6 0.146 

Siena 119.2 0.139 

Grosseto 113.5 0.194 

Prato 121.3 0.124 

 

Figure 13: Standard deviation of the entropy and the estimated HCR for the provinces of the Tuscany region. 

 

  



 

 

27 

  

Project funded by the European Community under the Information and 
Communication Technologies Programme - Contract ICT-FP7-270833 

 

2.4.3 Final remarks 

Big Data at a societal scale provide a powerful microscope which can help us understand and forecast many 
complex and hidden socio-economic phenomena, from the diffusion of information, innovation and crises to the 
unequal distribution of resources and opportunities. 

Provided that Statistics and Social Mining will mature the ability of discovering knowledge from these data, we 
envision that scientific research is being revolutionized by this new wave. Also policy making is going to have 
new evidence, because big data and social mining are providing statistical agencies with novel means for 
measuring and monitoring well-being in our societies more precisely, continuously, everywhere. Poverty and 
inequality remain at the top of the global economic agenda, and the methodology of measuring poverty 
continues to be a key area of research. Measures of poverty and inequality are most useful to policy-makers 
and researchers when they are finely disaggregated into small geographic units. Thus, using big data together 
with small area estimation techniques can provide very useful insights on socio-economic phenomena. 

However, while data quality has been widely studied and discussed and many contributions have been 
produced in the field of survey estimates, the quality of big data sources has not been well considered, as it is 
only few years that researchers and statistical agencies focus on it. 

Particularly, when estimates on the population of interest are drawn directly from a big data source the 
problems of “population coverage” of the source and the handling of the potential under/over coverage are very 
important. The matter is related to the specific nature of the sources that do not select the units according to a 
sampling procedure and that, generally, do not cover the whole population. The problem is less relevant when 
the target population is actively using ICT and is involved in economic activities traceable by electronic devices, 
but it is crucial when the objective is to study segments of populations close to social exclusion, like at risk of 
poverty individuals and their families. 

Anyway, whatever the goal of the social mining is, the use of big data could generate a problem of self-
selection of the population units, which could have severe effects as it could lead to biased final estimates. 
From this point of view, the large amount of information coming from a big data source rather than from a 
survey cannot be satisfactory. A large amount of information is very important but not sufficient to produce an 
assessment of the data reliability. There are many similar well-known problems such as census under 
coverage and incomplete frames, nonresponse generating non-random selections as in web surveys. Our 
evidence of correlation between poverty local estimates obtained by surveys and independent estimates from 
big data sources is encouraging, but further methodological and experimental work remain to be done to 
provide a solution to the problem. 

From one hand big data represent an incredible and huge source of data on social complexity and human 
behaviour but they do not ensure the representativeness of the population social phenomena. On the other 
hand survey data are a high quality source of data representative of the population of interest but expensive in 
terms of money and time to be collected properly. Interaction and integration between these two sources of 
data is an important challenge for research in statistics and informatics. It is also extremely important that 
sound and effective statistical methodology be developed to accommodate this abundantly rich class of “Big 
Data” resources (Horrigan, 2013). 

Indeed, big data sources by its nature are candidate to be one pillar of a statistical system that produce data 
using social network measures, as proxy of socio-economic indicators of poverty, well-being and progress. The 
risk is that the level of analysis is dictated by the available – appealing and continuous – information and, in any 
case, we must not give up on providing an accurate assessment of the reliability of the statistics derived from 
that information (Filippucci, 2011). 
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3 Internal Model Validation Referring to OD-Matrix 

 

3.1 Determination of the required study area size.  

Travel demand research divides the region under concern into TAZ (traffic analysis zones). In (Bao, Shen et 
al., 2014) the authors address the question how to determine the study area (SA) when results are to be 
calculated for a given target area (TA). The TA consists of a set of TAZ which together delineate a connected 
area. SA is a set of TAZ in which the TA is embedded. The research question discussed is: what is the minimal 
size of the SA in order to achieve sufficiently accurate predictions for the number of trips entering and leaving 
the TA respectively. 

The FEATHERS activity based model makes use of a hierarchy of zoning systems (buildingBlock, subZone, 
zone, superZone) so that each TAZ at a given level is contained in exactly one TAZ of the next higher level. 
FEATHERS was first run for the complete region of Flanders at subZone level. In a first step, the number of 

incoming Nin
F

(z) and outgoing Nout
F

(z) trips was calculated for each superZone TAZ z by aggregating 

subZones into superZone (municipality). Thereto a set of predicted schedules based on the complete Flanders 
territory (superscript F) was used. In a second step, the study area SA was initially restricted to the target 

superZone area TA and step-wise extended using a superZone TAZ b  SA for which the dist(centroid(b); 
centroid(TA)) is minimal. The metric 

 

 

       
      

          
              

         

         

     
          

      
 

where Nout
F

(TA) is the number of trips leaving TA and determined by considering complete Flanders as the 

study area and Nout
SAb

 (TA) is the number of trips leaving TA and determined by considering study area SAb 

which is TA extended up to and including the addition of b. The in variants are defined in a similar way. The first 
b for which the metric macc exceeds 0.9 terminates the process and delivers the minimal SA. The evolution of 
the accuracy metric macc during the extension process for an arbitrarily chosen TA is shown in Figure 14.  

This process was executed for both car and public transportation travel. The minimal size for the SA to achieve 
sufficiently accurate public transportation trip predictions seems to exceed the one for car travel. Distributions 
for the radius required achieving 90% accuracy for the car and public transportation cases respectively, are 
shown in Figure 15. The radius is the Euclidean distance between centroid of the TA and the centroid of the 
last added TAZ b. The variance seems to be quite large. More research is required to estimate the radius for a 
specific TA from its attributes.  
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Figure 14: Evolution of the accuracy achieved in the first step while extending the study area. 

 

 

Figure 15: Distribution of the minimal radius [km] required to achieve sufficient accuracy in trip number 
predictions for the car and public transportation travel modes. 
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3.2 Analysis of the effect of traffic analysis zone size on travel demand prediction  

The work on adapting FEATHERS to statistical sector level has been continued. This work has been done to 
conduct an internal model validation and to examine how the choice of zone size (which is a decision every 
transportation model has to take) has an effect on the prediction outcome. Also this kind of validation has to the 
best of our knowledge not yet been conducted in the current state-of-the-art.  

The average zone area is 1[km2] as opposed to the 5[km2] area size commonly used. The data requirement 
grows with a factor of almost five. The size of OD flow and travel time matrices grows with the square of the 
number of zones, hence the of research to find out which level of detail is required and makes sense when the 
data requirements and computational efforts are considered. The paper (Bao et al., 2014) reports that the 
average number of activities and trips remains the same (as was expected) and that the average distance per 
person driven daily increases from 44.50 to 46.02[km] (or 3.3%) which is quite large because it is a Flanders 
wide average. 

In another experiment the distributions for the distance for non-local car trips was calculated. The average 
values were 21.24 [km] for subZone based calculation and 19.91[km] for the buildingBlock case. 

Two percent of the non-local car trips were randomly sampled from the resulting datasets (containing over 9 
million episodes) in order to plot estimates for the distributions. Distributions are shown for the travel distance 
(Figures 16 and 17) and travel duration (Figures 18 and 19) for schedules predicted using the subZone based 
model (coarser spatial granularity) and the building block based model (finer granularity) respectively. Note that 
a detailed road network with 800k links is used in the BB (building block) case while the subZone case uses a 
network consisting of about 50k links. The networks are used to determine in advance the travel distance and 
duration for each possible OD pair. Those results are collected in the OD-distance and OD-duration matrices 
respectively. The FEATHERS schedule generator makes use of those OD impedance matrices. The reported 
research is being continued in order to find out which part of the difference in the predictions shall be attributed 
to the impedance matrices and which part is caused by the effect of the TAZ (traffic analysis zone) size and 
hence the population per TAZ. 

 

Figure 16: Distribution for the distance driven in non-local trips calculated for the subZone case. Average value is 
21.24[km]. 
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Figure 17: Distribution for the distance driven in non-local trips calculated for the buildingBlock case. Average 
value is 19.91[km]. 

 

 

Figure 18: Distribution for the duration in non-local trips calculated for the subZone case. 
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Figure 19: Distribution for the duration in non-local trips calculated for the buildingBlock case. 

 

3.3 Mobility Analysis Based on Bluetooth Data 

Comprehensive knowledge about the mobility behavior of the population of a city is important for both industry 
and science research. It is of particular interest for agent based traffic simulations which are often used in the 
outdoor advertising industry for determining performance values of posters. Movement profiles of the 
population would therefore be a valuable data input. Here the knowledge about origin-destination relationships 
is often in the center of interest. 

The data used to evaluate outdoor advertising is usually sourced in studies in which test groups are interviewed 
about their mobility behavior or tracked by special GPS sensors. Those Studies are generally associated with 
very high costs. For this reason most of the studies span only a short period of time and cover only a small 
amount of participants. Alternatively, a large amount of mobility data can be derived from nationwide sensors, 
such as the mobile phone network. This is often problematic because of legal issues and can involve a high 
effort of acquiring the datasets. 

Local sensor networks using Bluetooth or Wi-Fi can be a good compromise. This approach establishes a 
decentralized network of Bluetooth and/or Wi-Fi sensors. The sensors are capable of recording Bluetooth- and 
Wi-Fi signals sent by other devices in a local area. Those devices can be smartphones, headsets or on-board 
computers of passing pedestrians and vehicles.  

As a proof of concept, Fraunhofer IAIS has established a network of Bluetooth sensors in an area of the city of 
Bonn, Germany. Here the sensors were installed within outdoor advertising billboards. The placement was 
preceded by intense talks and negotiations about security and privacy aspects of the project since those 
billboards are located in public spaces. We finally managed to setup up the sensors in July and August 2014, 
near the end of the DATASIM project. For this reason it was not possible to finish and submit a publication 
about this work. We show in the following description the current status of the evaluation and the potential 
which is hidden in this sensor data, especially when it comes to derive mobility criteria like origin-destination 
information. We want the express that the following sections describe work in progress and not yet the final 
results. An in-depth analysis of the mobility characteristics will be finalized soon. 
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3.3.1 Technique 

The objective of our approach is to use a reliable sensor system based on a single-board computer that is able 
to collect Bluetooth data autonomously and send the data to a server via UMTS. Furthermore, the system must 
have a maintenance interface that is secured with a public key infrastructure. This is especially important when 
it comes to sensor placements in public spaces since the data has to be protected from illegal external access. 
Futhermore, different reliability and availability mechanisms are implemented in order to receive continuous 
sensor data. For example, a disconnection of the UMTS stick has to be intercepted, and after a reconnection 
the sensor has to send the incurred data to the server. The whole process has to run autonomously since the 
sensor’s accessibility is limited once setup up within the billboard. 

Bluetooth 

Bluetooth is a short-range technology for data transmission using radio waves. It is used by different electronic 
devices and enables a standardized, wireless data transmission between them. Bluetooth works in the ISM 
band

1
, between 2.4 and 2.485 GHz with 1.600 frequency hops/second. The ISM band is also used by other 

technologies like Wi-Fi and ZigBee. For this reason a frequency hopping algorithm FHSS
2
 reduces disturbance 

caused by signal interferences like reflection or spread of diffusion. Every Bluetooth device is assigned to a 
class. There are three different classes, defining the range of the signal. Class 3 has a range of about 1 meter, 
class 2 has a range of about 20 meters and class 3 reaches about 100 meters. 

The specification of Bluetooth provides three main states, "Standby", "Connection" and "Park". In addition to 
the main state, there are seven substates

3
. Another attribute of the specification is that Bluetooth devices have 

the function of either a master or a slave. The master device initializes the connection while it searches for 
other devices. To discover other devices the master device goes into an “Inquriy Substate”. In this substate the 
master sends “Inquiry Messages“on different frequencies in the ISM band. A nearby slave device in the 
“InquiryScan Substate” will then try to respond to the "Inquiry Messages". The “Inquiry Message" provides 
information about the Bluetooth MAC-address and further parameters like the device class and signal strength. 
Under perfect conditions without disturbance the duration of an “Inquiry Substate“ lasts a minimum of 10.24 
seconds to get the response of all devices in its range. Increasing disturbance leads to an extension of the 
inquiry duration of up to 61.44 seconds.  

In the context of the project two different classes 1 Bluetooth USB- dongles are used. On the one hand a 
LogiLink device and on the other hand a Sena UD100 device, as show in figure 20. The latter has a higher 
sending and receiving capacity but is only equipped on one Sensor, because of the high energy consumption. 
Both dongles where installed into two different sensor surroundings: 

 

 

Figure 20: Used Bluetooth dongles, Sena and LogiLink 
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 Industrial, Scientific and Medical Band 
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 Frequency Hopping Spread Spectrum 

3
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Sensor type 1 

The first sensor type used is a single-board computer named BeagleBoard, which is based on OMAP3530 
System-on-Chip by Texas Instruments. The BeagleBoard provides a serial interface, a USB-interface and a 
SD-card reader. The operating system is Ubuntu for ARM, which is loaded from a preconfigured SD-card. A 3-
Hub USB with Ethernet interface is equipped with a UMTS-Stick for internet connectivity and the LogiLink USB 
Bluetooth dongle.  

 

Figure 21: BeagleBoard, 3-USB Hub, UMTS module and Bluetooth dongle. 

 

Sensor type 2 

The second sensor type used for the measurements is a single-board computer called a Raspberry Pi which is 
based on a Broadcom BCM2835 700 MHz ARM1176JZFS-processor. The Raspberry Pi provides a GPIO 
interface, a JTAG-interface, a USB-Interface and a SD-card reader. In addition, the Raspberry Pi has a 
hardware Watchdog as well as a temperature sensor. Furthermore, the operating system is a Debian derivate, 
which is loaded from a preconfigured SD-card. A 5-Hub USB is equipped with an UMTS-Stick for 
Internetconnectivity, the LogiLink USB Bluetooth dongle and the Sena UD100 Bluetooth dongle. Contrary to 
sensor 1, the power supply of the periphery is taken over by the 5-Hub USB. 

Measuring process 

The Bluetooth USB-dongle of the two sensors receives the Bluetooth data at their „Inquiry State“. The scan 
progress is triggered by a JAVA application. The received signals are formatted to a readable format, recorded 
in a text file and periodically transferred to a server. The complete process is presented in Figure 22. The 
recording progress consists of three parts. The first part is receiving the Bluetooth signal, the second 
formatting, anonymizing, logging and transmitting the data records, and the third part is receiving the formatted 
data records, saving them on an extern server and storing the data until it is transmitted to an internal server. 

 

 

Figure 22: Bluetooth data gathering process. 
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First part (Station). If a vehicle or pedestrian with a Bluetooth device in the “InquiryScan Substate” passes 
within scanning range of a sensor, the Bluetooth device transmits some connection information. This raw 
information provides a MAC-address, DeviceID, and the signal strength in dbm. 

Second part (Box). After receiving the Bluetooth device's information, the Java application running on the 
sensor starts to format the data. Timestamp, dongleID, and the decoded DeviceID are added to the prior 
information. Furthermore, in order to ensure privacy, a SHA-256 anonymization function is applied on the MAC-
address. Beyond this point the original MAC-address is no longer saved and cannot be recomputed. The data 
record now consists of the following attributes: date; time; Bluetooth sensor ID; hashed MAC; deviceID; 
deviceID translated; signal strength; Bluetooth dongleID. This data record is logged in a text file that is saved in 
memory, in order to prevent the data from manipulation in the case of theft.  

Third part (Fraunhofer IAIS). In 15 minutes intervals the sensor transmits the logged data via an SSH 
connection to an external server at Fraunhofer IAIS. The logged data on the sensor is deleted and the logged 
data is transferred to a database within a save network zone.  

 

3.3.2 Measuring set-up 

Placement of the sensors 

A network of Bluetooth sensors has been established in the city of Bonn’s street network. The dependence on 
a permanent power supply restricted the potential positions. Cooperating with a German outdoor advertising 
company a solution was found to place the sensors within their outdoor advertising billboards. These billboards 
are called Megalights and have a permanent power supply as shown in figure 23.  

 

 

Figure 23: Megalight, power supply and location of sensor. 

 

Considering the relevancy of measured vehicle or pedestrian frequencies, the locations of the billboards had to 
meet certain criteria. They had to be located close to the street with no construction sites in the surrounding 
area. Furthermore, a signal attenuation of Bluetooth caused by the material characteristics of the billboards and 
a low reception quality of the mobile network were additional reasons for exclusion. Every sensor was tested on 
its Internet connectivity and the range of the Bluetooth dongle. The complete selection process resulted in the 
qualification of 12 potential positions for setting up the sensors. Figure 24 shows the chosen positions and the 
unique IDs of the Bluetooth sensors on a map.  



 

 

36 

  

Project funded by the European Community under the Information and 
Communication Technologies Programme - Contract ICT-FP7-270833 

 

 

Figure 24: Locations and unique Ids of all Bluetooth sensors in Bonn. 

 

3.3.3 Interpretation 

Data summary 

In the following we describe some basic approaches for analyzing the data that were recorded from 17th of July 
until 18th of August, 2014. During this 4-weeks period about 4.8 million Bluetooth inquire messages, consisting 
of 85.933 unique MAC addresses and 263 different device types, were recorded. The whole period fell within 
the summer holidays in North Rhine-Westphalia where the total amount of traffic is usually reduced. The 
largest numbers of tracked devices were Audio/Video hands-free devices and cellular phones.  

 

Data aggregation 

Every record of a scanned device at a sensor is saved as a separate dataset with its "first seen" and "last seen" 
record, respectively. Like this each dataset represents a certain time span of a Bluetooth device at a sensor. 
The raw data is then aggregated depending on dwelling times. In case of a temporal difference smaller than 
600 seconds of a MAC address at the same sensor, the measured datasets are aggregated. (600 seconds is 
the upper bound, as the distribution of dwelling times with higher durations tends to 0). Additionally, the 
difference is calculated between the first and last record of each dataset which is saved as the duration of the 
specific device in the database. These datasets are numbered consecutively according to their MAC addresses 
and time, thus allowing the construction of a spatiotemporal trajectory. Finally, aggregated datasets are formed 
if the temporal difference of two consecutive datasets ("last seen" of the prior and "first seen" of the latter) is 
less than 600 seconds.  

 

Descriptive analysis 

The sensors produce daily load curves very similar to those generated by induction loop countings (Fitschen, 
Nordmann, 2008). The MAC address count of four exemplary sensors for the period between 17.07.2014 and 
12.08.2014 is displayed in the following charts (see figure 25). Here the numbers of MAC addresses were 
summed up for each sensor. 
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Figure 25: Complete load curves of sensors. 

 

The conspicuous distribution produced by sensor-5 (cf. figure 26) was due to the sensor’s relocation to a less 
frequented place on the 22th of July. The reverse effect can be observed for sensor-14, which was moved to a 
more frequented place near a train station on the 22th of July.   

 

Figure 26: Complete load curves of relocate sensors. 

The data gives us also the chance to interpret daily load curves. The progress on different days is visible in the 
following figure.  
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Figure 27: Daily load curves of sensor 14, weekdays and weekend. 

 

According to the figure above, the number of measured MAC addresses differs between days. During 
weekdays peaks are measured during common work hours between 7am and 8pm, while on weekends the 
peaks start to occur about three hours later. Peaks between 2am and 4am occur only on weekends. This is 
probably due to the location of the sensor close to a train station. 

 

 

Figure 28: Daily load curves of sensor 10, weekdays and weekend. 
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A similar behavior as sensor-14 can be observed for sensor-10, even though this sensor was situated out of 
town on a road that is one of the main arterial roads leading from the east to the center of the city. The 
frequencies of MAC addresses start rising between 6am and 7am and falling after 7pm. Appearances of MAC 
addresses during the night are higher on weekends than on weekdays.  

 

Building trajectories 

The mobility pattern of passersby can roughly be defined in 3 categories: Single measurement, recurring and 
active. 

 Single Measurements account for the main part of the dataset, i.e. 54 % of the overall measurements 

are single measurements, only occurring once during the time period. 

 Recurring ones are those that appear irregularly, but with a higher activity. All devices which appear 

irregularly on different days belong to this group. 37% of the MAC addresses fall into this category.  

 9% of the devices appear regularly during reference period and have a high activity. They pass several 

sensors on different days.Trajectories and origin/destination matrices can beformed from this last 

group.  

In the following we take a closer look at one of the most active individual MAC addresses and analyze its 
behavior during the full measurement period. The referred MAC address was measured in a total of 290 
stopovers at all sensors. It belonged to a wearable Headset device.  

 

Figure 29: Overall trajectory single active MAC address. 

 

In the course of the measurement period this device passed every sensor at least once. Its first appearance 
was on 17th of July at 2:15:30pm, the last on 12th of August at 10:31:26 am. 

The following figures compare two trajectories during an activity period of 24 hours. Both trajectories are 
displayed in a space-time cube to clarify the movement between the sensors. 
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Figure 30: Trajectory and space-time cube from 17.07.2014 2:15:30am - 18.07.2014 2:15:30am. 

 

 

Figure 31: Trajectory and spacetimecube 22.07.2014 00:24:14am - 23.07.2014 00:24:14am. 

 

One interesting finding in the data is the high rate of location changes and the fact that the MAC address can 
be seen at least once within 24 hours. Both are characteristic for the whole group of the active devices. Sensor-
10 and sensor-3 were the most visited by this MAC address, at 79 and 71 times respectively, as can be read 
from table 32. Furthermore, the duration of stay at the sensors shows that the longest visit lasted 31 seconds 
and 80% of the visits lasted only one scan interval, meaning that these locations were most probably not the 
final destination of the user. Our hypothesis is that these patterns belong to taxi drivers or courier services, 
since they usually have irregular movement patterns. 

One next step in the future analysis will be the clustering (e.g k-means) of the extracted trajectories. Doing this 
we will definitely find similarities and regularities which can principally be used for the benchmarking of input 
data and the parameterization of the route selection algorithms of agent based microsimulation systems. 
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Bluetooth sensor Counts visits 

sensor-10 79 

sensor-3 71 

sensor-6 43 

sensor-11 28 

sensor-4 26 

sensor-pi1 15 

sensor-5 10 

sensor-9 8 

sensor-14 6 

sensor-12 3 

sensor-8 2 
Figure 32: Distribution of visits. 

 

O/D-Matrices 

In the following table we show the derived O/D matrices with its relations. Unfortunately, sensor-12 stopped 
working on the 22th of July due to an un-recoverable hardware failure. After this event the matrix elements of 
sensor-12 were all set to zero. We also chose to split the whole period into the two parts before and after this 
event.  

 

Figure 33: Single MAC adresses 17.07.2014 – 22.07.2014. 
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Figure 34: Single MAC adresses 23.07.2014 – 12.08.2014. 

 

 

Figure 35: All MAC adresses 17.07.2014 - 22.07.2014. 
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Figure 36: All MAC adresses 23.07.2014 - 18.08.2014. 

 

A closer look at the O/D matrices shows a quite high number of O/D pairs across all sensors during the time 
period. This makes us confident that the presented technology can support us with valuable data to better 
calibrate traffic simulation systems.  In future analytics this has to be further investigated. Here especially the 
spatial distribution and temporal distribution is of particular interest.  

One point to mention here is the very high number of self-loops. These are defined as a time period of 10 
Minutes between two visits at the same sensor. This means that a hashed MAC address appears within this 
time period again at the same sensor without being detected at one of the other sensors. In future analysis a 
special emphasis should be placed on those self loops since their definition influence the number of O/D pairs 
in the matrix.  

 

3.3.4  Conclusion 

As result from the observation and the first few basic analyses of the collected data we showed that a Bluetooth 
sensor network in an area of a city is suitable to build origin/destination relationships. Trajectories can be 
derived from the data as seen from the previous experiments. The gained daily load curves resemble a 
plausible result and support the data quality like in (Ellersiek et al., 2013). However, the choice of the Bluetooth 
dongle and the sensor positioning are crucial. The results from measurements collected with different dongles 
clarified this. So the Sena dongle recognized about 52.618 devices and the LogiLink dongle about 37.181. 
They were both placed at the same position, in the same sensor hardware and had the same range to the 
street. 

By using a connectivity analysis we gained information about potential additional positions for increasing the 
resolution of the movement profiles. So unfortunately, the locations of the sensors were too far apart with too 
many turnings in between for establishing reliable velocity profiles.  

Nevertheless, the results clearly prove that even with just a few resources a very valuable sensor network can 
be set up. The data collected from this sensor network can make a valuable contribution to validate agent 
bases simulation systems. The data can either be used for input or output validation of the simulator.  
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Our next steps will address the classification of the movement profiles, the differentiation by different device 
groups and the integration of Bluetooth sensor data from other citys. In particular, we will integrate Bluetooth 
sensor data in our analysis that was captured in the city of Cologne. Here we also have the possibility to 
compare the sensor data with counts from induction loops and to derive velocity information since the vehicles 
don’t have deflection points in between the sensors. In addition, we are about to apply more powerful sensors 
(Version 2) thus increasing the amount of scanned MAC addresses. Fundamental analysis with data mining 
techniques shall improve the characterization of the movement profiles and the daily load curves like e.g. in 
(Fitschen, Nordmann, 2008). 

4 Internal Model Validation Referring to Route Selection 

 

4.1 Route Decomposition: Route Selection Behavior from Big Data  

The technique described in section “Route Decomposition: Route Selection Behavior from Big Data” in DLV3.2 
allows using information extracted from big data to validate simulator predictions. 

 

4.1.1 Distribution of number of basic path components  

 

1. Due to limited availability of data, only the datasets described in DLV3.2 have been analyzed. It was 
found that the distributions for the number of basic path components in a route show similar shape but differ 
significantly. The Flemish case consists of person traces whereas the Italian case consists of car traces. It is 
not yet clear which factors cause the difference  
 

a) person traces vs. car trace  
b) the national network characteristics  
c) local behavior  
d) the map matching software and thresholds used  

Car traces shall be extracted from the Flemish set in order to compare the extracted distribution to the Italian 
one. 

2. A dataset containing EV car traces only will become available soon (at the time of writing of this report 
all required NDA's have been signed). Analysis of this set will provide useful information about travel behavior 
after the mode selection is decided. The set applies to Flanders and hence the resulting distribution can be 
compared to the Flemish car traces set.  

 

3. After the factors affecting the differences between the distributions have been found, case specific 
validations can be performed. On the other hand, the distributions seem to be sufficiently similar in order to 
allow for a first validation. Validation is done by comparing the distributions for the number of basic path 
components per trip for both recorded trajectories and trips generated by traffic assignment software. In 
(Knapen et al., 2014) an experiment was done using automatically generated routes in which the driver 
navigates using by selecting at each junction the road whose direction is closest to the direction that points to 
the destination location. This technique clearly results in trips having unrealistic distributions for the number of 
basic path components (although the total distance driven in many cases is not really aberrant).  
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4.1.2 Multivariate distribution for the relative lengths of BPC  

Multivariate distributions for the relative lengths of the basic path components can be calculated (for each set of 
routes having the same number of BPC). It is to be investigated whether or not patterns can be found. It is not 
yet clear whether this technique is feasible taking into account the uncertainty that emerges from large sets of 
splitvertices. 

 

4.2 Travel Time between Regions: Volume Delay functions derived from Big Data 

This work builds on results created by Fraunhofer and reported in (G.+ N. Andrienko, 2013). The following 
description has been adapted from the paper.  

In this project, we utilize GPS tracks of cars in Milan. First, we applied spatio-temporal aggregation of the data 
using the method by [AA11]. The territory of Milan was divided into spatial compartments (cells) and the time 
span of the data (1 week) was divided into 168 hourly intervals. For each ordered pair of neighboring cells and 
each time interval, the aggregation tool computed the number of cars that moved from the first to the second 
cell as well as the average speed of the movement. The resulting time series (TS) are associated with spatial 
objects called `aggregate moves', or ` flows', which were created by the aggregation tool. A flow is a vector in 
space defined by a pair of locations (points or areas), the start location and the end location. In our example, 
there are 2,155 flows. The counts of the moving objects (cars in our case) are often called ` flow magnitudes'. 

For this modeling task, we apply an additional transformation to the data. The visual analytics tool allows the 
user to transform two time-dependent attributes A and B defined for the same time steps into series of values 
of B corresponding to different value intervals of A. We call these sequences dependency series (DS) since 
they are meant to express the dependency between attributes A and B. In this transformation, attribute A is 
treated as the independent variable and B as the dependent variable. In our example, we take the flow 
magnitude as the independent variable and the average speed as the dependent variable. 

We group the dependency series of the attribute \Maximum of average speed" by similarity using one of the 
available clustering tools. The clustering is applied only to the objects that satisfy the current filter. Figure 37 
shows the results of the grouping. As can be seen from Figure 37 (right), not all lines representing the DS have 
the same horizontal extent. This is because there are many flows where high values of the independent 
variable are not reached and, hence, there are no corresponding values of the dependent variable. Therefore, 
to build a dependency model for a group, the analyst needs to select a subsequence of values of the 
independent variable for which there are enough values of the dependent variable. An additional reason for 
limiting the value range for model building is the reliability of the data. Thus, in our example, the first value 
interval of the flow magnitude is from 0 to 2. The corresponding average speeds have been computed from 
movements of at most two cars; hence, the values cannot be sufficiently reliable. It may be reasonable to 
ignore these values in the course of dependency analysis and modeling, i.e., exclude the first value interval of 
the independent variable. 

By observing the display, we see that our attempts do not bring sufficiently good results. We decide to refine 
the model by dividing the group into smaller groups. 

In Figure 38, the dependency models that have been built are represented as curves on a line chart. This 
representation of the models can be obtained at any time after loading the stored description of the model set 
in the visual analytics system. The polynomial approximations of those curves are used in the remainder of this 
section. 
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Figure 37: Flows between cells are represented by directed symbols (half-arrows) with the widths proportional to 
the total counts of objects that moved. For a better display legibility, minor flows (with counts less than 150) have 
been hidden. Left the whole territory; right the northern part enlarged. 

 

 

Figure 38: The dependency models are represented as curves on a line chart. The colors of the curves correspond 
to the clusters presented in Figure 37. 

 

A similar analysis was performed for the region of Firenze-Pisa, Italy. The region is shown in Figure 39. The 
family of VDF functions for 22 clusters is shown in Figure 40 and Figure 41 shows the Voronoi tessels, the links 
between neighbor tessels (one line for each direction) using color codes that indicate cluster membership 
(compare color to Figure 40). A virtual road network was derived from the neighborhood relation in the Voronoi 
tesselation (see Figure 42). Each pair of neighbor tessels corresponds to a link. For each link, a volume delay 
function (VDF) is given; such function is derived from a specific curve in the group by shifting it over S = Mi-M 
where Mi is the median the speed values registered for link i and M is the median found for values 
corresponding to all links in the group.  

The link specific VDF were provided in tabular form (evaluation in a set of discrete points) for reasons specific 
to the software packages used. The tabular functions have been approximated using polynomial of degree 8 
(or lower were insufficient points were available).  
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The resulting link specific polynomials VDF have been implemented in a DLL to be used in the commercial 
TransCAD software package. Link specific polynomial coefficients are stored in the network describing 
database.  

The TransCAD software is used to perform traffic assignment (network loading). This process applies a given 
origin-destination (OD) flow matrix to the network and determines the hourly car flow for each link. In this 
experiment, a deterministic user equilibrium method was used in order to achieve repeatable results. In actual 
design cases, SUE (stochastic user equilibrium) is frequently used; but in this project, since the parameters for 
the stochastics are unknown, we chose the deterministic method for network loading.  

Link flows have been determined using the given OD matrices and the experimental VDF's de-scribed above. 
Figure 43 shows the result of an all-or-nothing (AON) assignment calculated using shortest distance. The AON 
assignment method assigns each traffic participant to the cheapest path ignoring link saturation (i.e. using a 
VDF that is a constant). Figure 44 shows the network load after the first iteration of a user equilibrium 
assignment using shortest travel time: this is equivalent to an AON assignment using travel time as cost 
function. Figure 45 shows the result after the second iteration which turned out to be the final one. After the 
previous iteration, new link travel times were calculated using the VDF determined as described above. This 
result is a new (and final) network loading. 

A final step in this research compares the calculated link flows to the link flows derived directly from the set of 
trajectories, as further described in (N. + G. Andrienko 2013). This work of OD matrix comparison is going on at 
the time of writing this report.  

 

The contribution of this work is twofold:  

 The comparison of the OD flow matrices serves as a validation for the traffic assignment (network 

loading) software which is a part of the tool chain used to predict traffic flows from behavior simulation.  

 If the results turn out to be accurate, the analysis contributes to the determination of VDF. This is a 

critical and time consuming task when building the network for a region. In actual practice, so called 

BPR (Bureau of Public Roads) functions are often used but a large number of alternative functions is 

available. All of them require 2 or more parameters to define the link specific curve. Most of the time, 

rules of thumb are used to derive the parameters from road attributes (lane width, curvature, 

environment, pavement etc). The method described here allows deriving both the virtual network and 

the associated VDF from big data. Even if the recorded network is not detailed so that one virtual link 

corresponds to multiple parallel routes, the method allows predicting the time dependent travel time 

between regions as a function of traffic demand. On the other hand, the Figures 43-45 show that the 

road network can be retrieved from the recorded trajectories to a level of accuracy that allows 

prediction of flows for at least individual arterial roads.  
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Figure 39: The region of Firenze-Pisa, Italy for which trajectories have been analyzed. 

 

 

 

Figure 40: Model curves: VDF functions for each of the 22 clusters. The horizontal axis contains the flow value 
(number of GPS-trajectory-reporting vehicles per hour) and the vertical axis contains the maximum (hourly) 
average speed. 
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Figure 41: Neighbor Voronoi tessels are linked by two lines, one for each possible move direction. The color of the 
line indicates which VDF applies. Compare the colors with those in Figure 40. 

 

 

 

Figure 42: Virtual network derived from the neighborhood relation in the Voronoi tesselation. 
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Figure 43: Result of loading the recorded OD flow matrix to the virtual network using an all-or-nothing assignment 
using link length (distance) as the cost function. 

 

 

 

Figure 44: Result of the first iteration of a user equilibrium traffic assignment of the recorded OD flow matrix to the 
virtual network using travel time as the cost function. 
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Figure 45: Result of the second (and last) iteration of a user equilibrium traffic assignment of the recorded OD flow 
matrix to the virtual network using travel time as the cost function. 

 

  



 

 

52 

  

Project funded by the European Community under the Information and 
Communication Technologies Programme - Contract ICT-FP7-270833 

 

5 References 

Andrienko, G., Andrienko, N., Bak, P., Bremm, S., Keim, D., von Landesberger, T., Poelitz,C. and Schreck,T.: 
A framework for using self-organising maps to analyse spatio-temporal patterns, exemplified by analysis of 
mobile phone usage. Journal of Location Based Services. Vol. 4, nr. 3–4, 2010. 

Andrienko, G. and Andrienko, N.: Spatial generalization and aggregation of massive movement data. IEEE 
Transactions on Visualization and Computer Graphics, 17(2):205–219, 2011. 

Andrienko, G. and Andrienko, N.: A visual analytics framework for spatio-temporal analysis and modelling. Data 
Min Knowl Disc (Springer), (27):55-83, 2013. 

Arentze, T.A. and Timmermans, H.J.P.: A learning-based transportation oriented simulation system. 
Transportation Research Part B: Methodological, 38(7):613 – 633, 2004. 

BeagleBoard.org. BeagleBoard System Reference Manual Rev C4, 2009. 

Bluetooth SIG. Bluetooth Specification, V4.0, 2010. 

Bao, Q., Kochan, B., Janssens, D., Bellemans, T. and Wets, G.: Geographical extension of the activity-based 
modeling framework FEATHERS.  In Procedia Computer Science, Hasselt, June 2014. 

Bao, Q., Shen, Y., Kochan, B., Janssens, D., Bellemans, T. and Wets, G.: Research on restrained study areas 

for effective activity-based travel demand forecasting. In 14th COTA International Conference of Transportation 
Professionals (CICTP2014), Changsha, China, July 2014. 

Cools, M., Moons, E., Janssens, D., Bellemans, T. and Wets, G.: Surveying activity travel behavior in Flanders: 
Assessing the impact of the survey design. In Proceedings of the BIVEC-GIBET Transport Research Day, Part 
II, VUBPress, volume 370, pages 727– 741, Brussels, Belgium, 2009. VUBPress. 

Eagle, N. et al.: Network Diversity and Economic Development. Science 328, 1029, 2010 

Ellersiek, T., Andrienko, G., Andrienko, N., Hecker, D., Stange, H. and Müller, M.: Using Bluetooth to track 
mobility patterns: depicting its potential based on various case studies / Fraunhofer IAIS, Schloss Birlinghoven 
St. Augustin, Germany, 2013. – Forschungsbericht 

Ellersiek, T., Liebig, T., Hecker, D. and Körner, C.: Analyse von raumzeitlichen Bewegungsmustern auf Basis 
von Bluetooth-Sensoren / Fraunhofer IAIS, Schloss Birlinghoven St. Augustin, Germany, 2012. – 
Forschungsbericht 

Filippucci, C.: Statistical sources and statistical system in the information society, Statistica, 2, LXXI, 2011. 

Fitschen, A. and Nordmann, H.: Verkehrsentwicklung auf den Bundesfernstraßen.In: Verkehrsentwicklung auf 
Bundesfernstraßen 2008 Bd. 191. Bundesanstalt für Straßenwesen 

Furletti, B., Gabrielli, L., Renso, C. and Rinzivillo, S.: Analysis of GSM calls data for understanding user mobility 
behavior. In the Proceedings of Big Data 2013. 

Furletti, B., Gabrielli, L., Giannotti, F., Nanni, M., Rinzivillo, S.: Use of Mobile Phone to Estimate Visitors 
Mobility Flows. MokMaSD 2014 

Giusti, C., Marchetti, S., Pappalardo, L., Rinzivillo, S., Pedreschi, D., Giannotti, F., Salvati, N., Maggino, F.: 
Small area model-based estimators using big data sources. Submitted to Journal of Statistics. [Accepted as 
Minor Revision] 

Hartgen, D.T.: Hubris or humility? Accuracy issues for the next 50 years of travel demand modeling. 
Transportation, 40(6):1133–1157, 2013. 

Horrigan, M.W.: Big data: a perspective from the BLS. Amstat news, pp. 25-27, 2013. 



 

 

53 

  

Project funded by the European Community under the Information and 
Communication Technologies Programme - Contract ICT-FP7-270833 

 

Janssens, D., Giannotti, F., Nanni, M., Pedreschi, D. and Rinzivillo, S.: Datascience for simulating the era of 
electric vehicles. KI - Kuenstliche Intelligenz, 26(3):275–278, 2012. 

Janssens, D.: FP7-ICT-2009-c data science for simulating the era of electric vehicles (ICT FET open call) part 
b. STREP Proposal FP7-ICT-2009.8.0 nr 270833, Transportation Re-search Institute (IMOB), Diepenbeek, 
Belgium, March 2011. 

Knapen, L., Bellemans, T., Janssens, D. and Wets, G.: Canonic route splitting. Diepenbeek, Belgium, February 
2014. 

Knapen, L., Schulz, D., Bellemans, T., Janssens, D. and Wets, G.: Determining Structural Route Components 
from GPS Traces. Submitted to Transportation Research Part C, July 2014.  

Kruskal, W. and Mosteller, F.: Representative Sampling, III: The Current Statistical Literature. International 
Statistical Review, 47, pp. 245-265, 1979. 

Liu, F., Janssens, D., Cui, J.X., Wang, Y.P., Wets, G. and Cools, M.: Building a validation measure for activity-
based transportation models based on mobile phone data. Expert Systems with Applications, 41(14):6174–
6189, 2014. 

Nanni, M., Trasarti, R., Furletti, B., Gabrielli, L., Mede, P.V.D., Bruijn, J.D., Romph, E.D. and Bruil, G.: MP4-A 
project: Mobility planning for Africa. In D4D Challenge @ 3rd Conf. on the Analysis of Mobile Phone datasets 
(NetMob 2013). 

Oltenau, A.M., Trasarti, R., Couronne, T., Giannotti, F., Nanni, M., Smoreda, Z. and Ziemlicki, C.: GSM data 
analysis for tourism application. In Proceedings of 7th International Symposium on Spatial Data Quality 
(ISSDQ). 2011. 

Pappalardo, L., Rinzivilo, S., Qu, Z., Pedreschi, D. and Giannotti, F.: Understanding the Patterns of Car Travel, 
The European Physics Journal Special Topics, Volume 215, Issue 1, pp 61-73, 2013. 

Pappalardo, L., Simini, F., Rinzivillo, S., Pedreschi, D. and Giannotti, F.: Comparing General Mobility and 
Mobility by Car, Proceedings of the Complex Systems Symposium (CompSysS) at BRICS-CCI & CBIC 2013 
conference, forthcoming. 

Pappalardo, L., Simini, F., Rinzivillo, S., Pedreschi, D., and Giannotti, F.: The Origin of Human Heterogeneity: 
Analyzing Mobility Behavior through GSM and GPS Data, Poster at ECCS 2013, 2013. 

Raspberry PI. https://www.adafruit.com/datasheets/pi-specs.pdf, viewed at 26.08.2014. 

Sammour, G., Bellemans, T., Vanhoof, K., Janssens, D., Kochan, B. and Wets, G.: The usefulness of the 
sequence alignment methods in validating rule-based activity-based forecasting models. Transportation, 
39(4):773–789, 2012. 

Simini, F., Gonzales, M., Maritan, A. and Barabasi, A.L.: A universal model for mobility and migration patterns. 
Nature, 484(7392):96{100, April 2012. 

Simini, F., Maritan, A. and Néda, Z.: Human Mobility in a Continuum Approach. PLoS ONE 8(3): e60069. 
doi:10.1371/journal.pone.0060069, 2013. 

 

 

 


