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Transportation systems data
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The Transport Data Revolution 
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4 How are transport-related datasets 
created and shared? 

4.1 The way transport-related data are created and shared is evolving.  A growing network of web-
connected sensors and opportunities to crowd-source data, in particular from user-based 
applications and personal communications devices, are resulting in large and constantly updated 
datasets that relate to transport and personal mobility.   

4.2 These datasets exist alongside conventional data collection techniques, such as surveys and offline 
sensors.  The data often sit in organisational silos and generate operational data to power discrete 
critical transport systems like Urban Traffic Management Control and railway network signalling, 
or deliver insight for strategic planning.  This chapter summarises our understanding of the 
evolution of transport data collection and distribution. 

Mechanisms for data collection 

4.3 Figure 4-1 illustrates the key mechanisms through which transport data are collected. 

Figure 4-1: Mechanisms for transport data collection 
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based on the rate at which the transport data specialists engaged through this review anticipate 
that transport data will be collected, and the technologies will emerge to aggregate and process 
multiple real-time feeds: 

Figure 4-2: Indicative pathway for real-time data collection and sharing 

 

4.24 It suggests industry expectations are that within the next 2-3 years we will be in a position to use 
archived real-time data as the basis for network-level predictive transport pattern analysis.  Using 
real-time data for autonomous service optimisation and delivery is expected to be at least 5 years 
away. 

The role of standardised data formats 

4.25 Formats used to encode transport data at a global level are highly variable and often reflect years 
of organic evolution in different geographic locations.  In the UK they typically reflect de-facto 
standards whose development has been supported by the Department for Transport (DfT), other 
government agencies (Highways Agency) or transport industry bodies (Association of Train 
Operating Companies). 

4.26 The transport-specific data standards currently used in the UK emerged because these different 
stakeholder groups identified a need for data to be collected and maintained in common formats 
to allow for interoperability.  Much of the open transport data that is currently being published by 
the public sector, and the private sector on its behalf, would not be possible without these 
standards. 

4.27 The main national transport data standards currently in use in the UK are documented in Table 
4-3, overleaf, which is a summary of datasets contained in Appendix B.  Of these standards, only 
DATEX II represents an international (EU) standard that allows for interoperable application of 
traffic data collected in real-time.  Its development has been driven by public sector ITS industries 
of different European countries wanting to collect, maintain and publish data feeds in common file 
formats and web-service conventions to simplify both: 

Data available as regularly 
updated ‘static’ datasets

Regularly updated data 
available as live feeds

Data collected in real-time are stored 
and served-up for historic analyses and 
prediction-based service optimisation

Data collected in real-time 
are used for automated 

service optimisation

2004 2014 2024

Data collected in real-time 
made available as a live 

feed
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But what is Big Data? (The 3Vs)

!5

Volume: 
Increasingly massive datasets hard to manage 

Large Hadron Collider experiment, 150 million 
sensors delivering data 40 million times per 
second. 

Variety: 
Data complexity is growing 

More types of data captured than ever before, 
quantification of self etc.
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But what is Big Data? (The 3Vs - cont’d)

!6

Velocity: 

Some data is arriving so rapidly it must be either 
processed instantly or lost 

Whole subfield of ‘streaming data’ 

Veracity 

Value: this is very important, this is really the 
output
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Historical modeling approach
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Building a model

!9
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Building a model

!10

“All models are wrong,  
and we can increasingly succeed without them”  

C. Anderson (misquoting P. Norvig) 
http://norvig.com/fact-check.html

http://norvig.com/fact-check.html
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First-generation big-data approach

!11
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Second-generation big-data approach
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New skill-set is needed

!13

(Look for the intersection in this Venn 
diagram!)
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Data

CalibrationSimulation 
model

Sunday, July 4, 2010
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Chaniotakis, Antoniou, Pereira. "Mapping Social Media for Transportation Studies." IEEE Intelligent Systems 31.6 (2016): 64-70.
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Case Study: Social Media vs. Surveys 
Study Area 
Thessaloniki, Greece 
2nd largest city in Greece 
Moderate Social Media use 

Datasets 
Social Media 
• Facebook  
• Twitter 
• Foursquare 
Recent travel diary survey 

!16

City Centre

Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data 
augment travel demand survey data?." 

Intelligent Transportation Systems (ITSC), 2016 IEEE 19th 
International Conference on. IEEE, 2016.
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Activity capturing
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Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data augment travel demand survey data?." 
Intelligent Transportation Systems (ITSC), 2016 IEEE 19th International Conference on. IEEE, 2016.
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Temporal analysis
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Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data augment travel demand survey data?." 
Intelligent Transportation Systems (ITSC), 2016 IEEE 19th International Conference on. IEEE, 2016.
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Case study: Inferring activity types
Dataset 
2 years’ data collected from London (Twitter API) 
482,883 unique users  
Collected timeline (for a random sample of 90,000 users) 
11,060,814 tweets in total 

!19

Chaniotakis, E., C. Antoniou, G. Aifadopoulou and L. Dimitriou (2017). Inferring 
activities from Social Media data. Transportation Research Record: Journal of the 
Transportation Research Board

In London Twitter Dataset
482,883 Users

8,141,996 geotagged tweets
3,764,230  URLs

220,118 Foursquare URLs

{subset}
{nTweet > 22 & mean dist >1}

Examined Dataset
50,344  Users

5,080,362  geotagged tweets 
2,127,071 URLs

145,192 Foursquare URLs
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Supervised training
Manually aggregated in 14 categories 
Tendency towards leisure activities  
Education and work higher represented during week days 

!20

Chaniotakis, E., C. Antoniou, G. Aifadopoulou and L. Dimitriou (2017). Inferring activities from Social Media data. Transportation Research Record: Journal of the Transportation Research Board



Lehrstuhl für Vernetzte Verkehrssysteme 
Fakultät für Bau, Geo und Umwelt 
Technische Universität München

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018 !21
Max Entropy
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Data

CalibrationSimulation 
model

Sunday, July 4, 2010
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Flexible traffic simulation models

!23

Flexible functional form 
Ability to incorporate additional data
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algorithm was used. Therefore, for the static calibration Equation 1 is simplified through the removal of subscript t,145

while of course the forecasting Equations 4 and so on are not relevant (since the parameter values are constant).

4.1. Description of Gipps’ model

The car–following model, used in Aimsun, is a safety distance model based on the model developed by Gipps (Gipps,

1981; Olstam & Tapani, 2004; Barceló et al., 2005). The model suggests that the speed of a vehicle (n) is subject to

three constraints (Eq. 9). First, the vehicle speed does not exceed the driver’s desired speed (Vn). Second, the vehicle150

accelerates rapidly until it approaches the desired speed and then the acceleration is reduced almost to zero. If two

vehicles are far apart, they behave as in the free flow condition. These two conditions are summarized in the first part

of Equation 9. The third condition is taken into account, when the vehicle is constrained by the vehicle in front. It

is taken for granted that the following vehicle will adjust its velocity so as to keep a safe distance from the preceding

vehicle. This condition is described by the second part of Equation 9. Overall, according to the above restrictions, the155

speed of vehicle n at time (t+ ⌧) could be calculated by the following formula:

vn[t+ ⌧ ]=min

8
><

>:

vn[t] + 2.5 · an · ⌧ · (1� vn[t]
Vn

·
q

(0.025 + vn[t]
Vn

)

bn ·⌧+
q
(bn ·⌧)2� bn ·[2·(xn�1[t]�sn�1� xn[t])�vn[t]· ⌧�

v2
n�1[t]

b̂
]

(9)

where:

an : the maximum acceleration that the driver of vehicle n wishes to acquire (m/s2).

bn : the maximum braking that the driver of vehicle n wishes to apply in order to avoid a crash, bn<0 (m/s2).160

b̂ : the estimated maximum braking that the driver of the preceding vehicle (n-1) wishes to apply (m/s2).

sn�1 = Ln�1 + Safety, namely the size of the preceding vehicle (n-1) including its length and the safety distance at

which vehicle n is unwilling to compromise even when at rest (m).

Vn : the speed at which the driver of vehicle n wishes to travel (m/s).

xn[t], xn�1[t] : the location of the front side of the respective vehicle (n or n-1) at time t (m)165

vn�1[t] : the speed of the preceding vehicle (n-1) at time t (m/s)

vn[t] : the speed of the following vehicle (n) at time t (m/s)

⌧ : the apparent reaction time (a constant for all vehicles) (s)

4.2. Data170

A series of data–collection experiments were carried out on roads surrounding the city of Naples, in Italy (Punzo

et al., 2005). All data were collected under real tra�c conditions in October 2002. All data were collected from the

same platoon, namely the same four drivers by the same vehicles (vehicles 1, 2, 3, 4) moving in the same sequence (first

vehicle 1 as the leader, followed by vehicle 2, which was in turn followed by vehicle 3, while the last vehicle was vehicle

4), but from di↵erent driving sessions, outlined in Table 1. The driving routes and tra�c conditions were di↵erentiated175

among the datasets. Datasets with index A and C correspond to one–lane urban road, while datasets with index B to a

two–lane extraurban highway. However, all selected roads have one lane per direction in order to avoid e↵ects on driving

behavior by lane changing. GPS receivers located on the vehicles were recording the coordinates X, Y, Z of each vehicle

per 0.1s (i.e. in 10Hz). Thus, the speed of each vehicle (v1(t), v2(t), v3(t), v4(t)) and the travelled distances for each

vehicle could be calculated at each moment (x1(t), x2(t), x3(t), x4(t)). In this research, data used are readily available180

6

u =
uf if k < kmin

uf 1− k − kmin( ) kjam( )
β"

#$
%
&'
α

otherwise

(

)
*

+
*

Speed-density relationship

Car-following model
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Data-driven models
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C. Ayalon, IL – 8 clusters E. Ayalon, IL – 3 clusters 
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Speed−density relationship
Loess − no clusters
Loess/knn/vlmc − 8 clusters
Loess/knn/vlmc − 5 clusters
Loess/knn/vlmc − 3 clusters
Loess/nnet − 8 clusters
Loess/nnet − 5 clusters
Loess/nnet − 3 clusters
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Microscopic case studies
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Naples data (Punzo et al., 2005) NGSIM data
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Results - Naples, IT, data

!29

Locally weighted regression (Loess) 
Multivariate Adaptive Regression Splines (MARS) 
Kernel Support Vector Machines (KSVM) 
Gaussian Processes (GP) 
Bayesian Regularized Neural  
Networks (BRNN) 
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Mixed traffic conditions
Weak lane discipline 
Multiple vehicle types 

Video data were collected on February 13, 2014, on a 
six-lane separated urban arterial road at the Maraimalai 
Adigalar Bridge in Saidapet, Chennai, India (Kanagaraj 
et al., 2015). The trajectory data are shared publicly at 
the address: http://toledo.net.technion.ac.il/downloads/.  

•Data for model calibration: data245 (data collected in 
the period 2:45-3:00 PM) 
•Data for model validation: data300 (data collected in 
the period 3:00-3:15 PM) 

!30
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Mixed traffic conditions - Modeling

!31

Estimation of lateral bounds 
of each vehicle

Identification of leader-follower pair 
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Mixed traffic conditions - Modeling (cont’d)

!32

W=max(xt0, xt1, …, xtn) - min(xt0, xt1, …, xtn) + wv 
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Data

CalibrationSimulation 
model

Sunday, July 4, 2010
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Off-line 

calibration

A priori parameter 

values

Surveillance

 data (archived)
"Static" data 

(network etc.)

Off-line calibrated 

parameters

On-line 

calibration

Surveillance

 data (latest)

On-line calibrated 

parameters

"Static" data 

(network etc.)
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Dealing with really large-scale problems — W-SPSA

Lu, L., Y. Xu, C. Antoniou and M. Ben-Akiva (2015), W-SPSA: An Enhanced SPSA Algorithm for the Calibration of Dynamic Traffic Assignment Models, Transportation 
Research: Part C, 51, pp. 149-166 

Antoniou, C., C. L. Azevedo, L. Lu, F. Pereira and M. Ben-Akiva (2015). W-SPSA in practice: Approximation of weight matrices and calibration of traffic simulation models. 
Transportation Research Part C, Vol. 59, pp. 129-146. 

!35
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W-SPSA results

!36

Synthetic experiment Singapore Expressway Network

Lu, L., Y. Xu, C. Antoniou and M. Ben-Akiva (2015), W-SPSA: An Enhanced SPSA Algorithm for the Calibration of Dynamic Traffic Assignment Models, Transportation 
Research: Part C, 51, pp. 149-166
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Dimensionality reduction 
Principal Component (PC) Analysis 

Has led to many algorithms, such as  
PC-GLS (Prakash et al., 2017) 
PC-EKF (Prakash et al., 2018) 
PC-SPSA (Qurashi et al., 2018)

!37

Vitoria network: 80 PCs capture >95% of variance



Lehrstuhl für Vernetzte Verkehrssysteme 
Fakultät für Bau, Geo und Umwelt 
Technische Universität München

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018

PC-SPSA Case Study — Vitoria, ES
57 zones => 57x56=3192 OD pairs per 15 min interval 

!38
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Pitfalls

!40

Source: dilbert.com

http://dilbert.com
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Source: Dan Work (UIUC), Donovan et al. (2016)
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Visualisation

!42

Traditionally it was “easy” to look at the 
model inputs and outputs  

Interpretation and analysis  

To understand Big data we need a lot of 
work and the development of new strategies
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Simple visualisations

!43
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Virtual / Augmented Reality

!44

CAVE (no need for glasses) 
LRZ Virtual Reality and Visualisation Centre 
(V2C) 
LRZ Holobench 

More accessible technologies 
Oculus Rift, etc. 
Upcoming versions will not require powerful 
computer
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Privacy: lost opportunities?

!45

McKinsey, 2011

(White House, May 2014)

White House Big Data Survey 
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Value (and paradox) of privacy

!46

Pokemon Go / Facebook use vs. Privacy concerns

Antoniou and Polydoropoulou (2015)
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Privacy: lost opportunities?

!47

92

include road and mass-transit construction, the mitigation of traffic congestion, and 
planning for high-density development. Urban transit and development planners 
will increasingly have access to a large amount of information about peak and off-
peak traffic hotspots, volumes and patterns of transit use, and shopping trends, 
for instance—and in the process potentially cut congestion and the emission of 
pollutants. By drilling down into this wealth of data, urban planners will be more 
informed when they make decisions on anything from the placing and sequencing of 
traffic lights to the likely need for parking spaces. Singapore’s public transportation 
department is already using ten-year demand forecasts partly based on personal 
location data to plan transit needs. Traffic agencies in the Netherlands are predicting 
traffic and pedestrian congestion using personal location data from mobile phones.

2.  Retail business intelligence. Retailers can use personal location data to understand 
shopping patterns, aggregating information on foot-traffic density and speed to 
generate detailed insights about where shoppers slow down and speed up in response 
to promotions and advertising, and then linking these patterns with data on product 
purchases, customer demographics, and historical buying patterns. Such granular 
intelligence can help to improve a range of business decisions from in-store layout to 
merchandising (see Box 12, “How does tracking shoppers’ movements work?”).

Box 12. How does tracking shoppers’ movements work?

Since GPS signals often do not penetrate indoors, retailers can use other electronic 
technologies to track shoppers as they move about within stores or shopping 
centers (Exhibit 30). These technologies include RFID tags on shopping carts, 
dedicated devices carried by customers, video cameras, and several innovative 
technologies leveraging mobile phones. Each of these techniques provides a 
different level of detail about location. RFID tags are cheap and accurate but often 
don’t reflect shoppers detailed movements. For example, a tag can be attached 
to a cart that is left in an aisle while the consumer moves about. Video recognition 
can be excellent for the management of traffic flow but difficult to use for following 
an individual’s behavior. Several technologies, including Shopkick and Path 
Intelligence (that we have already noted) are already on the market.

Exhibit 30
How does location tracking work?

+ Mobile phones

Input Output

SOURCE: Press and literature search

Shopper distribution Traffic flow

RFID Tag

Video

Personal 
tracking

McKinsey, 2011

RFID

UWB
Antoniou et al. 2017

Indoor positioning
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Data analysts - the bad news
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6F INDINGS

we got about the future of the data science, 

the most salient takeaway was how excited our 

respondents were about the evolution of the 

field. They cited things in their own practice, how 

they saw their jobs getting more interesting and 

less repetitive, all while expressing a real and 

broad enthusiasm about the value of the work in 

their organization. 

As data science becomes more commonplace and 

simultaneously a bit demystified, we expect this

trend to continue as well. After all, last year’s 

respondents were just as excited about their 

work (about 79% were “satisfied” or better).

How a Data Scientist Spends Their Day

Here’s where the popular view of data scientists diverges pretty significantly from reality. Generally, 

we think of data scientists building algorithms, exploring data, and doing predictive analysis. That’s 

actually not what they spend most of their time doing, however.

     

As you can see from the chart above, 3 out of every 5 data scientists we surveyed actually spend the 

most time cleaning and organizing data. You may have heard this referred to as “data wrangling” or 

compared to digital janitor work. Everything from list verification to removing commas to debugging 

databases–that time adds up and it adds up immensely. Messy data is by far the more time- consuming 

aspect of the typical data scientist’s work flow. And nearly 60% said they simply spent too much

time doing it.

Data scientist job satisfaction

60%

19%

9%

4%
5%3%

       Building training sets: 3%

       Cleaning and organizing data: 60%

       Collecting data sets; 19%

       Mining data for patterns: 9%

       Refining algorithms: 4%

       Other: 5%

What data scientists spend the most time doing

4.0
5

4

3

2

1

35%

47%

12%

6%

1%

7F INDINGS

Why That’s a Problem

Simply put, data wrangling isn’t fun. It takes forever. In fact, a few years back, the New York Times

estimated that up to 80% of a data scientist’s time is spent doing this sort of work.

Here, it’s necessary to point out that data cleaning is incredibly important. You can’t do the sort of 

work data scientists truly enjoy doing with messy data. It needs to be cleaned, labeled, and enriched 

before you can trust the output.

The problem here is two fold. One: data scientists simply don’t like doing this kind of work, and,

as mentioned, this kind of work takes up most of their time. We asked our respondents what

was the least enjoyable part of their job.

They had this to say:

Note how those last two charts mirror each other. The things data scientists do most are the

things they enjoy least. Last year, we found that respondents far prefer doing the more creative,

interesting parts of their job, things like predictive analysis and mining data for patterns. That’s

where the real value comes. But again, you simply can’t do that work unless the data is properly

labeled. And nobody likes labeling data.

Do Data Scientists Have What They Need?

With a shortage of data scientists out there in the world, we wanted to find out if they thought

they were properly supported in their job. After all, when you need more data scientists, you’ll

often find a single person doing the work of several.

       Building training sets: 10%

       Cleaning and organizing data: 57%

       Collecting data sets: 21%

       Mining data for patterns: 3%

       Refining algorithms: 4%

       Other: 5%

57%

21%

10%

5%
4%3% What’s the least enjoyable part of data science?
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Data analysts - the “good” news
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6F INDINGS

we got about the future of the data science, 

the most salient takeaway was how excited our 

respondents were about the evolution of the 

field. They cited things in their own practice, how 

they saw their jobs getting more interesting and 

less repetitive, all while expressing a real and 

broad enthusiasm about the value of the work in 

their organization. 

As data science becomes more commonplace and 

simultaneously a bit demystified, we expect this

trend to continue as well. After all, last year’s 

respondents were just as excited about their 

work (about 79% were “satisfied” or better).

How a Data Scientist Spends Their Day

Here’s where the popular view of data scientists diverges pretty significantly from reality. Generally, 

we think of data scientists building algorithms, exploring data, and doing predictive analysis. That’s 

actually not what they spend most of their time doing, however.

     

As you can see from the chart above, 3 out of every 5 data scientists we surveyed actually spend the 

most time cleaning and organizing data. You may have heard this referred to as “data wrangling” or 

compared to digital janitor work. Everything from list verification to removing commas to debugging 

databases–that time adds up and it adds up immensely. Messy data is by far the more time- consuming 

aspect of the typical data scientist’s work flow. And nearly 60% said they simply spent too much

time doing it.

Data scientist job satisfaction
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       Building training sets: 3%

       Cleaning and organizing data: 60%

       Collecting data sets; 19%

       Mining data for patterns: 9%

       Refining algorithms: 4%
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Need for institutional support
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“Big data will take 2 years+ to have effect.  
So, it will be dead in the water,  
unless you get top level management involved”.  

 Professor Bjarne Kjaer Ersbøll, DTU Compute 
(Copenhagen, 12.10.2016)
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