
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 2020 

research and innovation programme under grant agreement number 723314.  

The content of this report reflects only the authors’ view. The Innovation and Networks Executive 

Agency (INEA) is not responsible for any use that may be made of the information it contains. 

  



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 2 of 226 

 

Due date of deliverable: 30/11/2019 

Actual submission date: 10/04/2020 

 

 

Dissemination Level 

PU Public  X 

CO Confidential, restricted under conditions set out in Model Grant Agreement  

CI Classified, information as referred to in Commission Decision 2001/844/EC  

 

 

Start date of project: 01/06/2017  Duration: 30 months 

  



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 3 of 226 

 

Deliverable number: D3.6 

Deliverable responsible: Mosaic Factor SL 

Work package: WP3 

Main editor: Lídia Sala 

 

Editor name Organisation 

Lídia Sala Mosaic Factor SL 

Emilio Flores Mosaic Factor SL 

Burcu Kolbay Mosaic Factor SL 

Josep Freixanet Mosaic Factor SL 

Jose Fernandez Mosaic Factor SL 

Stefano Persi Mosaic Factor SL 

Alvaro Garcia  Mosaic Factor SL 

Hans Arby UBIGO Innovation AB 

Vassilis Psaltopoulos Institute of Communication and Computer Systems 

 

Document Revision History 

Modifications Introduced 

Version Date Reason Editor 

1.0 30/11/2019 
Table of contents and first draft of 

results 
Lídia Sala 

1.1 16/12/2019 Final draft v01 Lídia Sala, Alvaro Garcia 

1.2 17/12/2019 Peer review 
Lídia Sala, Hans Arby, Vassilis 

Psaltopoulos 

2.0 20/12/2019 Version for submission Lídia Sala 

3.0 10/04/2020 Deliverable revision Lídia Sala, Burcu Kolbay 

The information in this document is provided “as is”, and no guarantee or warranty is given that the information 

is fit for any particular purpose. The above referenced consortium members shall have no liability to third 

parties for damages of any kind including without limitation direct, special, indirect, or consequential damages 

that may result from the use of these materials subject to any liability which is mandatory due to applicable 

law. © 2017 by IMOVE Consortium.  



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 4 of 226 

 

The present document is an exhaustive report of the activities performed in the IMOVE Data Analytics task 

during the IMOVE project period. It contains the results of the key ad-hoc analysis for each Living Lab including 

Turin, Greater Manchester, Berlin, Göteborg and Madrid. This task aims to (i) provide useful operational 

insights to each LL and identify opportunities to be taken into account in future scenarios, (ii) identify multiple 

generalisable lessons for different EU MaaS contexts at different levels of MaaS integration, and (iii) 

emphasize the potential of doing data analytics to improve future MaaS schemes en Europe. 

 

Deliverable D3.6 - MaaS Analytics and User Profiling, includes: 

Chapter 1 describes the Task 3.4 planning and methodology following a top-down & bottom-up iterative 

approach.  

Chapters  2, 3, 4, 5 and 6 describe the story of each particular LL’s Data Analytics task, starting from the data 

available in each of them, the Living Lab interests and then, the analysis carried out both at context level and 

at pilot level.  

Chapter 7 describes the conclusions extracted from the 5 LLs analyses, highlighting gaps and opportunities 

as well as defining success and failure’s lessons learned that would have particular interests for other cities 

with similar contexts to improve their future viable MaaS ecosystems. 

 

 

  



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 5 of 226 

 

API Application Program Interface 

ETA Estimated Time of Arrival 

LL Living Lab 

PRM Persons with Reduced Mobility 

PT Public Transport 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 6 of 226 

 

Introduction ...................................................................................................................................................... 18 

1 Methodology ............................................................................................................................................. 19 

1.1 MaaS topology and Data Analytics ................................................................................................... 19 

1.2 Data culture ....................................................................................................................................... 21 

1.3 Planning ............................................................................................................................................ 23 

2 TURIN LIVING LAB .................................................................................................................................. 24 

2.1 Turin - Data Available ........................................................................................................................ 24 

2.2 Turin - Context analysis .................................................................................................................... 24 

2.2.1 Public transportation validations ................................................................................................ 25 

2.2.2 Vehicle sharing data analysis .................................................................................................... 46 

2.3 Turin - Pilot analysis .......................................................................................................................... 61 

2.3.1 Mobility services usage analysis ................................................................................................ 61 

2.3.2 Turin survey analysis ................................................................................................................. 65 

2.4 Turin - Living Lab Conclusions .......................................................................................................... 79 

3 GREATER MANCHESTER LIVING LAB ................................................................................................. 82 

3.1 Manchester - Data Available ............................................................................................................. 82 

3.2 Manchester - Context analysis .......................................................................................................... 83 

3.2.1 Bike sharing analysis - Mobike .................................................................................................. 83 

3.2.2 Traffic analysis in Greater Manchester ...................................................................................... 87 

3.2.3 Public Transport Analysis – Metrolink ........................................................................................ 95 

3.3 Manchester – Pilot analysis ............................................................................................................ 101 

3.3.1 Survey Data PRE-TRIAL ......................................................................................................... 101 

3.3.2 Survey Data Screening data .................................................................................................... 106 

3.3.3 Pilot App Purchases analysis................................................................................................... 109 

3.4 Manchester - Living Lab Conclusions ............................................................................................. 112 

4 BERLIN LIVING LAB .............................................................................................................................. 114 

4.1 Berlin – Data Available .................................................................................................................... 114 

4.1.1 Bike sharing ............................................................................................................................. 115 

4.1.2 Car sharing............................................................................................................................... 116 

4.1.3 Scooter sharing ........................................................................................................................ 118 

4.2 Berlin - Context analysis ................................................................................................................. 120 

4.2.1 Operational area and district relations ..................................................................................... 120 

4.2.2 Berlin district population and coverage analysis ...................................................................... 130 

4.2.3 Origin-destination flows ............................................................................................................ 131 

4.2.4 Origin flows analysis ................................................................................................................ 147 

4.3 Berlin - Pilot analysis ....................................................................................................................... 148 

4.4 Berlin – Living Lab Conclusions ...................................................................................................... 150 

5 GÖTEBORG LIVING LAB ...................................................................................................................... 153 

5.1 Göteborg - Data Available ............................................................................................................... 153 

5.1.1 Attributes analysis .................................................................................................................... 154 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 7 of 226 

 

5.1.2 Attributes Knowledge extraction .............................................................................................. 156 

5.2 Göteborg - Pilot Analysis ................................................................................................................. 158 

5.2.1 General information ................................................................................................................. 158 

5.2.2 Distribution statistics ................................................................................................................ 158 

5.2.3 Park&ride popularity ................................................................................................................. 160 

5.2.4 Park&ride with another pt ticket purchase ............................................................................... 162 

5.2.5 Parking spaces and pt stations connectivity ............................................................................ 164 

5.3 Göteborg - Living Lab Conclusions ................................................................................................. 168 

6 MADRID LIVING LAB ............................................................................................................................. 170 

6.1 Madrid – Data Available .................................................................................................................. 170 

6.2 Madrid - Context analysis ................................................................................................................ 171 

6.2.1 BiciMAD service ....................................................................................................................... 171 

6.2.2 EMT Bus service ...................................................................................................................... 185 

6.2.3 MaaS Madrid App users .......................................................................................................... 199 

6.3 Madrid - Pilot Analysis ..................................................................................................................... 206 

6.3.1 Routes consulted ..................................................................................................................... 207 

6.3.2 IMove Madrid Pre-test survey analysis .................................................................................... 210 

6.3.3 IMove Madrid Post-test survey ................................................................................................ 216 

6.4 Madrid – Living Lab Conclusions .................................................................................................... 218 

7 General conclusions ............................................................................................................................... 220 

References .................................................................................................................................................... 226 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 8 of 226 

 

 

Figure 1.1: Methodology .................................................................................................................................. 19 
Figure 1.2: MaaS topology [4] ......................................................................................................................... 19 
Figure 1.3: Datasets required for Data Analytics packages ............................................................................ 21 
Figure 1.4: Rational of the data analysis ......................................................................................................... 22 
Figure 1.5: Context and Pilot analyses ............................................................................................................ 22 
Figure 1.6: Task plan ....................................................................................................................................... 23 
Figure 2.1: District borders of Turin ................................................................................................................. 26 
Figure 2.2: Daily ticket distribution of PT tickets validations ............................................................................ 27 
Figure 2.3: Multicity ticket usage example....................................................................................................... 30 
Figure 2.4: PT station locations ....................................................................................................................... 32 
Figure 2.5: Zones and their distance range ..................................................................................................... 32 
Figure 2.6: Heatmap of OD flows between districts ........................................................................................ 34 
Figure 2.7: Hour distribution of ticket validations ............................................................................................. 34 
Figure 2.8: Departures and Arrivals per district (Bin 1) ................................................................................... 35 
Figure 2.9: Mobility flows between districts (Bin 1) ......................................................................................... 36 
Figure 2.10: Departures and Arrivals per district (Bin 2) ................................................................................. 36 
Figure 2.11: Mobility flows between districts (Bin 2) ....................................................................................... 37 
Figure 2.12: Departures and Arrivals per district (Bin 3) ................................................................................. 37 
Figure 2.13: Mobility flows between districts (Bin 3) ....................................................................................... 37 
Figure 2.14: Departures and Arrivals per district (Bin 4) ................................................................................. 38 
Figure 2.15: Mobility flows between districts (Bin 4) ....................................................................................... 38 
Figure 2.16: Departures and Arrivals per district (Bin 5) ................................................................................. 39 
Figure 2.17: Mobility flows between districts (Bin 5) ....................................................................................... 39 
Figure 2.18: Departures and Arrivals per district (Bin 6) ................................................................................. 40 
Figure 2.19: Mobility flows between districts (Bin 6) ....................................................................................... 40 
Figure 2.20: In-district analysis - total numbers ............................................................................................... 42 
Figure 2.21: Highlighted stations for mode change in Bin 1 ............................................................................ 43 
Figure 2.22: Highlighted stations for mode change in Bin 2 ............................................................................ 43 
Figure 2.23: Highlighted stations for mode change in Bin 3 ............................................................................ 44 
Figure 2.24: Highlighted stations for mode change in Bin 4 ............................................................................ 45 
Figure 2.25: Highlighted stations for mode change in Bin 5 ............................................................................ 45 
Figure 2.26: Highlighted stations for mode change in Bin 6 ............................................................................ 46 
Figure 2.27: Distribution of vehicle usages...................................................................................................... 47 
Figure 2.28: Vehicle usage frequencies by hour ............................................................................................. 47 
Figure 2.29: Intersection of Car2go operational area and Turin’s Districts ..................................................... 48 
Figure 2.30: Intersection of Enjoy operational area and Torino’s Districts ...................................................... 49 
Figure 2.31: Intersection of Mimoto operational area and Turin’s Districts ..................................................... 49 
Figure 2.32: Intersection of all companies and districts .................................................................................. 50 
Figure 2.33: Density of population in each Turin 's district .............................................................................. 51 
Figure 2.34: Heatmap of OD flows between districts ...................................................................................... 53 
Figure 2.35: Departures and Arrivals per district (Bin 1) ................................................................................. 54 
Figure 2.36: Mobility flows between districts (Bin 1) ....................................................................................... 54 
Figure 2.37: Departures and Arrivals per district (Bin 2) ................................................................................. 55 
Figure 2.38: Mobility flows between districts (Bin 2) ....................................................................................... 55 
Figure 2.39: Departures and Arrivals per district (Bin 3) ................................................................................. 56 
Figure 2.40: Mobility flows between districts (Bin 3) ....................................................................................... 56 
Figure 2.41: Departures and Arrivals per district (Bin 4) ................................................................................. 57 
Figure 2.42: Mobility flows between districts (Bin 4) ....................................................................................... 57 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 9 of 226 

 

Figure 2.43: Departures and Arrivals per district (Bin 5) ................................................................................. 58 
Figure 2.44: Mobility flows between districts (Bin 5) ....................................................................................... 58 
Figure 2.45: Departures and Arrivals per district (Bin 6) ................................................................................. 58 
Figure 2.46: Mobility flows between districts (Bin 6) ....................................................................................... 59 
Figure 2.47: Distribution of groups based on duration time............................................................................. 60 
Figure 2.48: Usage distribution of different service providers ......................................................................... 61 
Figure 2.49: Distribution of different service usages from users ..................................................................... 61 
Figure 2.50: Hour distribution of the records ................................................................................................... 62 
Figure 2.51: OD Flows from 7 am to 9 am ...................................................................................................... 62 
Figure 2.52: OD Flows from 9 am to 11 am .................................................................................................... 63 
Figure 2.53: OD Flows from 11 am to 5 pm .................................................................................................... 63 
Figure 2.54: OD Flows from 5 pm to 8 pm ...................................................................................................... 64 
Figure 2.55: OD Flows from 8 pm to 12 am .................................................................................................... 64 
Figure 2.56: OD Flows from 12 am to 7 am .................................................................................................... 64 
Figure 2.57: Usage distribution of different service providers ......................................................................... 65 
Figure 2.58: Gender and Level of Education vs Age Range ........................................................................... 65 
Figure 2.59: Level of education vs Role at the company; Annual salary vs Age range .................................. 66 
Figure 2.60: Annual Salary vs Monthly Transportation Cost ........................................................................... 66 
Figure 2.61: Places participants live ................................................................................................................ 67 
Figure 2.62: Family members information ....................................................................................................... 67 
Figure 2.63: Car ownership in families and carsharing service usages .......................................................... 68 
Figure 2.64: Car sharing usage ....................................................................................................................... 68 
Figure 2.65: Bike cycle ownership in families and car sharing service usage ................................................ 68 
Figure 2.66: Bicycle usage .............................................................................................................................. 69 
Figure 2.67: PT subscription type .................................................................................................................... 69 
Figure 2.68: Carrying other activities on their route ........................................................................................ 70 
Figure 2.69: Chosen transport mode for home-work trips by different age groups (spring/summer) ............. 71 
Figure 2.70: Chosen transport mode for home-work trips by different age groups (autumn/winter)............... 71 
Figure 2.71: Chosen transport mode for home-work trips by different age groups (comparison between 

spring/summer vs autumn/winter) ................................................................................................................... 72 
Figure 2.72: Satisfaction level for home-work trips ......................................................................................... 73 
Figure 2.73: The reason to use private car/motorcycle to go to work ............................................................. 73 
Figure 2.74: Satisfaction level on different subjects if private car/motorcycle is chosen for home-work trips 73 
Figure 2.75: If PT is not chosen, under which condition it would be chosen ................................................... 74 
Figure 2.76: If bike is not chosen, under which conditions it would be chosen ............................................... 75 
Figure 2.77: The chosen transport modes for work-work trips by different age groups (spring/summer)....... 75 
Figure 2.78: The chosen transport modes for work-work trips by different age groups (autumn/winter) ........ 76 
Figure 2.79: Chosen transport mode for work-work trips by different age groups (comparison between 

spring/summer vs autumn/winter) ................................................................................................................... 76 
Figure 2.80: Satisfaction level for work-work trips ........................................................................................... 77 
Figure 2.81: The chosen transport mode for leisure activities by different age group (spring/summer) ......... 77 
Figure 2.82: The chosen transport mode for leisure activities by different age group (autumn/winter) .......... 78 
Figure 2.83: The reasons for mode choice ...................................................................................................... 78 
Figure 2.84: Personal characteristics and satisfaction levels .......................................................................... 79 
Figure 3.1: Area coverage of Mobike in Greater Manchester (31st August 2018) .......................................... 83 
Figure 3.2: Mobike trips and active bikes per day ........................................................................................... 84 
Figure 3.3: Mobike distribution of trip distance (left) and time of trip (right) .................................................... 84 
Figure 3.4: Mobike idle time by 200x200 meters area (left) and idle time histogram for all bikes (right) ........ 84 
Figure 3.5: Mobike flows by 1 km2 divisions, for the average daily picture (top-left image) and the total trips 

during 146 days by hour range ........................................................................................................................ 85 
Figure 3.6: Mobike daily flows by ward divisions ............................................................................................. 86 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 10 of 226 

 

Figure 3.7: Mobike average daily flows per hour range .................................................................................. 86 
Figure 3.8: Trips by origin on Rail and Metrolink networks ............................................................................. 87 
Figure 3.9: Average arriving (left) and departing (right) Mobike trips, separated by a distance threshold of 

250 meters to a Metrolink station .................................................................................................................... 87 
Figure 3.10: Drakewell beacons distribution in Greater Manchester .............................................................. 88 
Figure 3.11: Records by Bluetooth beacons (7th October 2019) ..................................................................... 88 
Figure 3.12: All beacon records distribution by hours ..................................................................................... 89 
Figure 3.13: Estimated trips distribution by hours ........................................................................................... 89 
Figure 3.14: Trips classification by distance (left) and number of days that a vehicle ID appears during the 

week (right) ...................................................................................................................................................... 89 
Figure 3.15: Weekly estimated trips flows in Greater Manchester .................................................................. 90 
Figure 3.16: Daily estimated trips up to 10 km among constituencies. Colour of arrow denotes flow direction.

 ......................................................................................................................................................................... 91 
Figure 3.17: Daily estimated trips up to 10 km among constituencies by hour range for the most relevant 

hour ranges. Colour of arrow denotes flow direction ....................................................................................... 91 
Figure 3.18: Daily estimated trips from 10 to 25 km among constituencies. Colour of arrow denotes flow 

direction ........................................................................................................................................................... 91 
Figure 3.19: Daily estimated trips from 10 to 25 km among constituencies by hour range for the most relevant 

hour ranges. Colour of arrow denotes flow direction ....................................................................................... 92 
Figure 3.20: Daily estimated trips longer than 25 km among constituencies. Colour of arrow denotes flow 

direction. .......................................................................................................................................................... 92 
Figure 3.21: Daily estimated trips longer than 25 km among constituencies by hour range for the most 

relevant hour ranges. Colour of arrow denotes flow direction ......................................................................... 92 
Figure 3.22: OD Matrix by constituencies ........................................................................................................ 93 
Figure 3.23: Arrivals and departures per each constituency by hour .............................................................. 93 
Figure 3.24: Constituency statistics for different parameters related with population and jobs ...................... 94 
Figure 3.25: Metrolink network and stations .................................................................................................... 96 
Figure 3.26: Histogram of the estimated daily Metrolink users by distance travelled ..................................... 96 
Figure 3.27: Metrolink users' flow at parliamentary constituency level ........................................................... 97 
Figure 3.28: OD matrix for the Metrolink at parliamentary constituency level ................................................. 97 
Figure 3.29: Annual departures share and total per each constituency in terms of distance range ............... 97 
Figure 3.30: Annual arrivals share and total per each constituency in terms of distance range ..................... 98 
Figure 3.31: Difference of arrivals and departures per constituency in terms of distance range .................... 98 
Figure 3.32: Metrolink flows per year .............................................................................................................. 99 
Figure 3.33: Metrolink flows per stations classified by distance range ........................................................... 99 
Figure 3.34: Arrivals and departures difference by station in absolute value (left) and in relative value (right)

 ....................................................................................................................................................................... 100 
Figure 3.35: Metrolink stations with more than 60% of departures (left) and with more than 60% of arrivals 

(right).............................................................................................................................................................. 100 
Figure 3.36: Gender, Cars by household and working hours flexibility ......................................................... 101 
Figure 3.37: Commuting travel mode and time travel ................................................................................... 102 
Figure 3.38: Mode for the longest distance part of the trip ............................................................................ 102 
Figure 3.39: Feeling about commute ............................................................................................................. 102 
Figure 3.40: Multimodal travels ..................................................................................................................... 103 
Figure 3.41: Importance of attributes of modes of transport ......................................................................... 103 
Figure 3.42: Relevant factors when commuting ............................................................................................ 103 
Figure 3.43: Web/App usages ....................................................................................................................... 104 
Figure 3.44: Travelling description and satisfaction ...................................................................................... 104 
Figure 3.45: PT description and satisfaction ................................................................................................. 104 
Figure 3.46: First thing users would change about PT .................................................................................. 105 
Figure 3.47: Modes to switch to complete journey ........................................................................................ 105 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 11 of 226 

 

Figure 3.48: Awareness of PT options .......................................................................................................... 105 
Figure 3.49: Expectations when using PT ..................................................................................................... 106 
Figure 3.50: Factors that prevent to change transport mode ........................................................................ 106 
Figure 3.51: Participants’ age and annual income ........................................................................................ 106 
Figure 3.52: Number of users by age and its composition by income range ................................................ 107 
Figure 3.53: User's origin (red tip) and destination (blue tip) ........................................................................ 107 
Figure 3.54: Age and income composition by distance distribution of users ................................................ 107 
Figure 3.55: Mode of transport for commuters to the airport ......................................................................... 108 
Figure 3.56: Mode of transport by age and income ....................................................................................... 108 
Figure 3.57: Work schedules for each salary group ...................................................................................... 108 
Figure 3.58: Work schedules for each age group ......................................................................................... 109 
Figure 3.59: Work schedules for each distance group .................................................................................. 109 
Figure 3.60: Booking trips for each user (left) and histogram of user per booking trips (right) ..................... 109 
Figure 3.61: Booking trips' origin (red tip) and destination (blue tip) ............................................................. 110 
Figure 3.62: Service areas for the Local Link service ................................................................................... 110 
Figure 3.63: Booking activity by day .............................................................................................................. 111 
Figure 3.64: Average trips by hour of the day ............................................................................................... 111 
Figure 3.65: Frequency for main O-D trips .................................................................................................... 111 
Figure 3.66: Number of uses for each transport mode by users ................................................................... 112 
Figure 3.67: Use share for each transport mode ........................................................................................... 112 
Figure 4.1: Start hour distribution - Callabike ................................................................................................ 115 
Figure 4.2: Start hour distribution - Nextbike ................................................................................................. 115 
Figure 4.3: Overlapped time intervals of bike sharing services ..................................................................... 116 
Figure 4.4: Start hour distribution - Car2go ................................................................................................... 117 
Figure 4.5: Start hour distribution - Driveby ................................................................................................... 117 
Figure 4.6: Start hour distribution - Drivenow ................................................................................................ 118 
Figure 4.7: Overlapped time intervals of car sharing services ...................................................................... 118 
Figure 4.8: Start hour distribution - Emio ....................................................................................................... 119 
Figure 4.9: Start hour distribution - Coup ...................................................................................................... 119 
Figure 4.10: Overlapped time intervals of scooter sharing services ............................................................. 120 
Figure 4.11: Intersection of operation area of Callabike and districts ........................................................... 121 
Figure 4.12: Intersection of operation area of Nextbike and districts ............................................................ 122 
Figure 4.13: Operational area of Bike sharing companies and districts ........................................................ 123 
Figure 4.14: Intersection of operation area of Car2go and districts .............................................................. 124 
Figure 4.15: Intersection of operation area of Driveby and districts .............................................................. 125 
Figure 4.16: Intersection of operation area of Drivenow and districts ........................................................... 126 
Figure 4.17: Operational area of car sharing companies and districts .......................................................... 127 
Figure 4.18: Intersection of operation area of Emio and districts .................................................................. 128 
Figure 4.19: Intersection of operation area of Coup and districts ................................................................. 129 
Figure 4.20: Operational area of scooter sharing companies and districts ................................................... 130 
Figure 4.21: Intersection data from Car2go and Nextbike ............................................................................. 132 
Figure 4.22: Heatmap of OD flows between districts .................................................................................... 132 
Figure 4.23: Departures and Arrivals per district (Bin 1) ............................................................................... 133 
Figure 4.24: Mobility flows between districts (Bin 1) ..................................................................................... 134 
Figure 4.25: Departures and arrivals per district (Bin 2) ................................................................................ 134 
Figure 4.26: Mobility flows between districts (Bin 2) ..................................................................................... 135 
Figure 4.27: Departures and arrivals per district (Bin 3) ................................................................................ 135 
Figure 4.28: Mobility flows between districts (Bin 3) ..................................................................................... 136 
Figure 4.29: Departures and arrivals per district (Bin 4) ................................................................................ 136 
Figure 4.30: Mobility flows between districts (Bin 4) ..................................................................................... 137 
Figure 4.31:Departures and arrivals per district (Bin 5) ................................................................................. 137 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 12 of 226 

 

Figure 4.32: Mobility flows between districts (Bin 5) ..................................................................................... 138 
Figure 4.33: Departures and arrivals per district (Bin 6) ................................................................................ 138 
Figure 4.34: Mobility flows between districts (Bin 6) ..................................................................................... 139 
Figure 4.35: Hour distribution of Airport trips ................................................................................................. 139 
Figure 4.36: Hour distribution of airport carsharing related trips ................................................................... 141 
Figure 4.37: Price for peak hour usages ....................................................................................................... 141 
Figure 4.38: Duration (min) analysis for the airport related trips ................................................................... 142 
Figure 4.39: District 2 - Airport ....................................................................................................................... 142 
Figure 4.40: District 4 - Airport ....................................................................................................................... 143 
Figure 4.41: District 5 – Airport ...................................................................................................................... 143 
Figure 4.42: District 6 - Airport ....................................................................................................................... 144 
Figure 4.43: District 10 - Airport ..................................................................................................................... 144 
Figure 4.44: District 11 - Airport ..................................................................................................................... 145 
Figure 4.45: District 12 - Airport ..................................................................................................................... 145 
Figure 4.46: The distribution of groups based on duration time .................................................................... 146 
Figure 4.47: Districts’ Origin Flows per each bin ........................................................................................... 148 
Figure 4.48: Highlighted locations of data points in Berlin LL ....................................................................... 149 
Figure 4.49: Average trip duration ................................................................................................................. 149 
Figure 4.50: Berlin LL parking locations ........................................................................................................ 150 
Figure 4.51: Intersection of all companies and districts ................................................................................ 151 
Figure 5.1: Boxplot - Usages from users ....................................................................................................... 154 
Figure 5.2: Hour Distribution of PT ticket purchases ..................................................................................... 154 
Figure 5.3: Data distribution PT tickets purchases ........................................................................................ 155 
Figure 5.4: ProductTitle distribution ............................................................................................................... 155 
Figure 5.5: Ticket zones (from Hallandstrafiken website) and interpreted zones ......................................... 156 
Figure 5.6: Tickets prices calculation ............................................................................................................ 157 
Figure 5.7: ValidityPeriods and paid prices in SEK for only PT ticket purchases ......................................... 159 
Figure 5.8: Hour and day distribution for only PT ticket purchases ............................................................... 159 
Figure 5.9: ValidityPeriods and paid prices in SEK for park&ride ticket purchases ...................................... 160 
Figure 5.10: Hour and day distribution for park&ride activities ...................................................................... 160 
Figure 5.11: Park&ride activity by parking spaces and records .................................................................... 161 
Figure 5.12: Hour distribution of park&ride activities ..................................................................................... 161 
Figure 5.13: Bin distribution of park&rides facilities ....................................................................................... 161 
Figure 5.14: Park&ride activities' densities in hour bins ................................................................................ 162 
Figure 5.15: Park and ride activities' densities in hour bins .......................................................................... 162 
Figure 5.16: PT ticket purchases without any park and ride activity from users ........................................... 163 
Figure 5.17:  Extra PT ticket purchases after park and ride activity (in a day) from users ............................ 164 
Figure 5.18: Parking spaces locations ........................................................................................................... 164 
Figure 5.19: PT stations' locations and routes .............................................................................................. 164 
Figure 5.20: Radius calculation ..................................................................................................................... 165 
Figure 5.21: Circle creation using calculated radius ...................................................................................... 165 
Figure 5.22: Parking spaces with no PT connectivity within a 200-meter radius circle ................................. 166 
Figure 5.23: Parking spaces with low PT connectivity within a 200-meter radius circle ............................... 166 
Figure 5.24: Parking spaces with medium PT connectivity within a 200-meter radius circle ........................ 167 
Figure 5.25: Parking spaces with high PT connectivity within a 200-meter radius circle .............................. 167 
Figure 5.26: Hot PT stations .......................................................................................................................... 167 
Figure 5.27: Interpretation of Saltholmen Marina related parking spaces and their PT connectivity ............ 168 
Figure 6.1: BiciMAD stations in Madrid ......................................................................................................... 172 
Figure 6.2: Daily trips per user typology ........................................................................................................ 173 
Figure 6.3: Average activity of the users per type of day .............................................................................. 173 
Figure 6.4: Trips histograms for the distance and time travelled, travel velocity and age range .................. 174 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 13 of 226 

 

Figure 6.5: User behaviour characteristics - routes ....................................................................................... 175 
Figure 6.6: Clusters activity between workweek and non-workweek days (left) and cluster composition by 

age range (right) ............................................................................................................................................ 176 
Figure 6.7: Monthly clusters activity by average daily users ......................................................................... 176 
Figure 6.8: Volume of activity per time ranges .............................................................................................. 177 
Figure 6.9: Clusters activity for workweek and non-workweek days (left) and Cluster composition by age 

range (right) ................................................................................................................................................... 177 
Figure 6.10: Monthly temporal clusters activity ............................................................................................. 178 
Figure 6.11: Composition of temporal cluster in function of usage cluster (left) and vice versa (right) ........ 178 
Figure 6.12: BiciMAD activity - stations at 0-3 and 6-9 time ranges.............................................................. 180 
Figure 6.13: BiciMAD activity from 15 to 21 hours ........................................................................................ 181 
Figure 6.14: BiciMAD activity - main flows .................................................................................................... 182 
Figure 6.15: Area clustering based on buildings’ typology weighting ............................................................ 183 
Figure 6.16: Interactions between areas ....................................................................................................... 184 
Figure 6.17: Mobility flows’ clustering composition – WORKWEEK DAYS ................................................... 185 
Figure 6.18: Mobility flows’ clustering composition – NON-WORKWEEK DAYS ......................................... 185 
Figure 6.19: Madrid EMT Bus stops .............................................................................................................. 186 
Figure 6.20: Historic amount of daily EMT bus service ticket validations ..................................................... 187 
Figure 6.21: Historic amount of daily EMT bus service ticket validations per ticket type .............................. 187 
Figure 6.22: Composition of main bus tickets ............................................................................................... 187 
Figure 6.23: Main bus trips flows for all ticket types ...................................................................................... 188 
Figure 6.24: Most relevant flows for Regular Adult and Regular Senior tickets ............................................ 188 
Figure 6.25: Most relevant flows for Regular Young and PRM ..................................................................... 189 
Figure 6.26: Most relevant flows for Tourist and Children ............................................................................. 189 
Figure 6.27: Clusters of Bus users depending on validation times ............................................................... 190 
Figure 6.28: Cluster composition of different ticket types in terms of time user profiles ............................... 191 
Figure 6.29: Cluster composition for ticket type in terms of users' temporal clustering ................................ 191 
Figure 6.30: Characteristics of Madrid Cluster areas .................................................................................... 192 
Figure 6.31: Madrid Cluster Areas in 1 km2 cells .......................................................................................... 193 
Figure 6.32: OD flows among the different areas .......................................................................................... 193 
Figure 6.33: Absolute value OD matrix composition for workweek days between Area Clusters in Madrid by 

ticket type ....................................................................................................................................................... 194 
Figure 6.34: Relative value for the OD matrix composition for workweek days between Area Clusters in 

Madrid by ticket type ...................................................................................................................................... 195 
Figure 6.35: Absolute value OD matrix composition for non-workweek days between Area Clusters in Madrid 

by ticket type .................................................................................................................................................. 196 
Figure 6.36: Relative value for the OD matrix composition for non-workweek days between Area Clusters in 

Madrid by ticket type ...................................................................................................................................... 196 
Figure 6.37: Cluster composition for time ranges for the outward trips from all the areas (workweek days) 197 
Figure 6.38: Cluster composition for time ranges for the outward trips from all the areas (non-workweek 

days) .............................................................................................................................................................. 198 
Figure 6.39: Density composition of ticket type and temporal cluster for bus departures in all the area types.

 ....................................................................................................................................................................... 199 
Figure 6.40: Cumulative percentage of GPS data points for all MaaS Madrid App users ............................ 200 
Figure 6.41: Cumulative percentage of GPS data points for all MaaS Madrid users with more than 100 and 

1000 GPS points, left and right respectively.................................................................................................. 200 
Figure 6.42: Histograms for average time lapse per estimated track (right), average time between two GPS 

points belonging to the same track (middle) and average GPS points per track (right) for the selected users

 ....................................................................................................................................................................... 200 
Figure 6.43: Recurrent places found for an anonymised user ...................................................................... 202 
Figure 6.44: Trip probability density by hours and separated into workweek and non-workweek days ....... 202 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 14 of 226 

 

Figure 6.45: Public Transport map of Madrid, including train, metro and bus ............................................... 203 
Figure 6.46: Mode trip probability distribution for non-workweek days (left) and workweek days (right) ...... 203 
Figure 6.47: Mode trip composition for PT (bus, metro and train) ................................................................. 203 
Figure 6.48: Distribution density of velocities for each transport mode ......................................................... 204 
Figure 6.49: Transport modes share ............................................................................................................. 204 
Figure 6.50: Multimodal trips share ............................................................................................................... 205 
Figure 6.51: Average distance and time for each mode of transport ............................................................ 206 
Figure 6.52: Queries/Calls to MaaS App ....................................................................................................... 206 
Figure 6.53: Estimated planner API calls ...................................................................................................... 207 
Figure 6.54: Origin and destination searched by the users through the App ................................................ 207 
Figure 6.55: Histogram for route length, time and velocity suggested by the route planner to the users ..... 208 
Figure 6.56: Average time and average distance per route, left and right respectively, proposed by the route 

planner ........................................................................................................................................................... 208 
Figure 6.57: Average time and distance share, considering all recommended routes, for each transport mode

 ....................................................................................................................................................................... 209 
Figure 6.58: Area coverage in Madrid for carsharing (car2go), taxi, scoot (Flash) and bike-scoot (Acciona, 

Cooltra, Ioscoot and Movo) ........................................................................................................................... 210 
Figure 6.59: Age and education of the participants ....................................................................................... 210 
Figure 6.60: Household context of the participants ....................................................................................... 211 
Figure 6.61: Income and expenditure in transport of the participants ........................................................... 211 
Figure 6.62: Private cars and bikes per household ....................................................................................... 211 
Figure 6.63: Transport passes and Carsharing information about the participants ...................................... 212 
Figure 6.64: Commute of the participants (distance and time) ...................................................................... 212 
Figure 6.65: Usage of different transport modes for spring-summer and winter-autumn periods ................. 213 
Figure 6.66: Trip purpose by transport mode ................................................................................................ 213 
Figure 6.67: Current transport state of satisfaction ....................................................................................... 214 
Figure 6.68: Car users' satisfaction from different features (for commute) ................................................... 214 
Figure 6.69: Participants’ perception of all the transport modes ................................................................... 215 
Figure 6.70: Participant's reason for choosing the mode of transport ........................................................... 215 
Figure 6.71: MaaS Madrid App expectations of the participants ................................................................... 216 
Figure 6.72: Participants' reasons to become a MaaS Madrid App user ...................................................... 216 
Figure 6.73: Accessibility and intuitiveness of the MaaS Madrid App ........................................................... 217 
Figure 6.74: Interest about the MaaS Madrid App features .......................................................................... 217 
Figure 6.75: MaaS Madrid App navigation experience ................................................................................. 217 
 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 15 of 226 

 

 

Table 1.1: IMOVE LLs level of MaaS integration 20 
Table 2.1: Data available - Turin LL 24 
Table 2.2: District IDs and names 25 
Table 2.3: Ticket types and their descriptions 26 
Table 2.4: Net ticket types and their net datasets 27 
Table 2.5: Ticket prices by type 31 
Table 2.6: Calculation of average ticket usage by type - Ratio ticket usage 31 
Table 2.7: Summary statistics of zones and usage of tickets in zones 32 
Table 2.8: Ticket usage distribution by number and percentage 33 
Table 2.9: OD flows of districts for binned time intervals 35 
Table 2.10: Unique tickets IDs analysis 40 
Table 2.11: In-district analysis 41 
Table 2.12: Stations with multimodality (Bin 1) 43 
Table 2.13: Stations with multimodality (Bin 2) 43 
Table 2.14: Stations with multimodality (Bin 3) 44 
Table 2.15: Stations with multimodality (Bin 4) 45 
Table 2.16: Stations with multimodality (Bin 5) 45 
Table 2.17:Station with multimodality (Bin 6) 46 
Table 2.18: Intersection degree between operating area and district 47 
Table 2.19: Records distribution by weekdays 47 
Table 2.20: Operational level of Car2go in districts 48 
Table 2.21: Operational level of Enjoy in districts 49 
Table 2.22: The operational level of Mimoto in districts 50 
Table 2.23: Operational level of the combination of all companies in districts 50 
Table 2.24: Population of each Turin 's district 51 
Table 2.25: The district population and operational area coverage 51 
Table 2.26: District population and operational area coverage in highly dense districts 52 
Table 2.27: District population and operational area coverage in mid-level dense districts 52 
Table 2.28: District population and operational area coverage in young-level dense districts 52 
Table 2.29: OD flows of districts for binned time intervals 53 
Table 2.30: frequencies of diagonal positioned cells 59 
Table 2.31: Summary of group 1 durations 60 
Table 2.32: Summary of group 2 durations 60 
Table 2.33: Summary of group 3 durations 60 
Table 2.34: Number of bikes in family 68 
Table 2.35: Participants trips' characteristics 69 
Table 2.36: Participants’ speed 70 
Table 2.37: General distribution – Public Transportation Turin 80 
Table 2.38: General distribution – Vehicle sharing Turin 80 
Table 3.1: Summary of data sets from Manchester Pilot 82 
Table 3.2: List of ward divisions related to Mobike service in Manchester 85 
Table 3.3: List of parliamentary constituencies in Greater Manchester 90 
Table 3.4: Main flows by origin/destination and the highlight job properties for such constituencies 95 
Table 3.5: List of parliamentary constituencies in Greater Manchester 96 
Table 3.6: Main flows detected by origin/destination and the highlight jobs properties for such constituencies

 100 
Table 3.7: Average time, distance and costs for each transport mode 110 
Table 4.1: Datasets service providers – context data 114 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 16 of 226 

 

Table 4.2: Coverage degrees 120 
Table 4.3: Level of Callabike operation coverage per district 121 
Table 4.4: Level of Nextbike operation coverage per district 122 
Table 4.5: Operation level of bike sharing providers 123 
Table 4.6: Level of Car2go operation area 124 
Table 4.7: Level of Driveby operation area 125 
Table 4.8: Level of Drivenow operation area 126 
Table 4.9: Operation level of car sharing providers 127 
Table 4.10: Level of Emio operation area 128 
Table 4.11: Level of Coup operation area 129 
Table 4.12: Operation level of scooter sharing providers 130 
Table 4.13: The district population and operation area coverage in highly dense districts 131 
Table 4.14: The district population and operational area coverage in secondary highly dense districts 131 
Table 4.15: The district population and operational area coverage in medium level dense districts 131 
Table 4.16: OD flows of districts for binned time intervals 133 
Table 4.17: Weekdays schedules form/to Schönefeld airport 140 
Table 4.18: Diagonal analysis 145 
Table 4.19: The summary of Group 1 durations 146 
Table 4.20: The summary of Group 2 durations 146 
Table 4.21: The summary of Group 3 durations 146 
Table 4.22: Number of observations used for the Origin-data analysis 147 
Table 4.23: Origin flows of districts for binned time intervals 147 
Table 4.24: Datasets service providers - pilot data 148 
Table 4.25: Cost information available in Berlin LL 149 
Table 4.26: Emio cost analysis 150 
Table 4.27: District Related Information 152 
Table 5.1: Dataset description - Göteborg LL 154 
Table 5.2: Summary of usages from users 154 
Table 5.3: Vat Amounts and number of observations 155 
Table 5.4: Product Titles and number of observations 155 
Table 5.5: ProductCategoryDescriptions and number of observations 156 
Table 5.6: ValidityPeriod and number of observations 156 
Table 5.7: Price calculation using VatAmount and VatPercent 157 
Table 5.8: VatAmount Prices and ProductTitles of ProductCategoryDescription 157 
Table 5.9: ProductCategoryDescription, VatAmounts, Prices, Validity Periods and ProductTitles 158 
Table 5.10: Customers' typology 158 
Table 5.11: Daily peak hours for PT purchases 159 
Table 5.12: Daily peak hours for park&ride purchases 160 
Table 5.13: Multiple parking spaces visited in the same day without any PT ticket purchases 163 
Table 5.14: Distance matrix representation 165 
Table 6.1: Data availability - Madrid LL 170 
Table 6.2: Station docks 171 
Table 6.3: BiciMAD – Madrid LL data attributes 172 
Table 6.4: Cluster main features 175 
Table 6.5: Workweek and non-workweek days (WD and NWD) percentage of users by the different 

combinations by the use and temporal clusters 178 
Table 6.6: Difference of percentage for combination of cluster share between non-workweek days over 

workweek days (Δ =(NWD/WD-1)*100). 179 
Table 6.7: Average of socioeconomic factors per type of area cell 183 
Table 6.8: Average of locals/stores typology by type of area cell 183 
Table 6.9: Bus service – Madrid LL data attributes 186 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 17 of 226 

 

Table 6.10: Bus service Ticket types – Madrid LL 186 
Table 6.11: Average of socioeconomic factors per type of area cluster 192 
Table 6.12: Average of locals/stores typology by type of area cluster 192 
Table 6.13: Mean and median values for the time lapse per track, time between two GPS points within the 

same track and GPS points per track 201 
Table 6.14: Average, median and commercial velocity for the different transport modes considered 204 
Table 6.15: Average distance travelled depending on the mode of transport or combination, and the ratio 

over the total trip 205 
Table 6.16: Average time travelled depending on the mode of transport or combination, and the ratio over 

the total trip 205 
Table 6.17: Total call of the API for the different services offered by the App 207 
Table 6.18: Mean and median of length, time and velocity of the proposed routes 208 
Table 6.19: Average values for time and distance by transport mode 209 
Table 7.1: MaaS schemes characteristics 220 
 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 18 of 226 

 

INTRODUCTION 
The purpose of this document is to describe the data analytics results from the IMOVE Living Labs’ analyses 

in Turin, Greater Manchester, Berlin Göteborg and Madrid. The objective of Task 3.4 is to understand the 

expectations, behaviours and needs of active users in different MaaS schemes by: 

 

- Analysing users’ activity registered on the MaaS platforms; 

- Identifying potential new user groups, offers or MaaS packages; 

- Analysing service quality by discovering any lack of service or any potential excesses.  

 

Deep data analyses have carried out aiming at adding value to IMOVE cities by helping them to better 

understand their users’ behaviour in the mobility system context as well as giving them insights on how to build 

better MaaS ecosystems.  

 

This deliverable will present the potential of including data analytics to improve the impact of future MaaS 

schemes implementation. In this case, Task 3.4 has been tested at the above-mentioned five LLs, all strongly 

engaged in different degrees of MaaS integration and setting specific actions on existing or new MaaS 

schemes. The outcome of this deliverable will contribute to maximising IMOVE project impact by identifying 

gaps and opportunities as well as defining success and failure’s lessons learned that would have particular 

interests for other cities with similar contexts to improve their future viable MaaS ecosystems. 

 

To let the reader have an effective journey while navigating through this document, this section aims to clarify 

the content of the whole document giving some key information of each chapter: 

 

Chapter 1 describes the Task 3.4 planning and methodology following a top-down & bottom-up iterative 

approach.  

 

Chapters  2, 3, 4, 5 and 6 describe the story of each particular LL’s Data Analytics task. Each Living Lab has 

followed the same overall structure: 

- Introduction with the Living Lab interests with an easy navigation panel through the analysis of each 

Living Lab. 

- Data availability in each living lab in a table differentiating the data used for the context analysis and 

the pilot analysis.  

- Context Level analysis with independent sub-sections in each Living Lab. 

- Pilot Level analysis with a/the concrete analysis of the anonymized users that have participated in the 

execution phase of each pilot. 

- Conclusions of each living lab  

 

Chapter 7 describes the conclusions extracted from the 5 LLs analyses, highlighting gaps and opportunities 

as well as defining success and failure’s lessons learned that would have particular interests for other cities 

with similar contexts to improve their future viable MaaS ecosystems. 
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1 METHODOLOGY 
 

This chapter describes the overall methodology for Task T3.4 data collection process. This task followed a 

top-down & bottom-up iterative approach starting from a general strategy based on the overall objectives of 

Task T3.4 and evolving towards ad-hoc strategies for data analytics processes taking into account the LLs’ 

requirements and data availability to be able to identify opportunities and define lessons learned for future 

viable MaaS schemes in Europe (Figure 1.1).  

 

 

Figure 1.1: Methodology 

 

1.1 MAAS TOPOLOGY AND DATA ANALYTICS 

IMOVE Living Labs analyses in Turin, Greater Manchester, Berlin, Göteborg and Madrid have focused on 

providing useful information to help IMOVE Living Labs progressing in their level of MaaS integration (Figure 

1.2). 

 

 

Figure 1.2: MaaS topology [4] 

 

All of the LLs presented different levels of MaaS integration when the project was kicked-off and all of them 

have progressed in their maturity in different ways. As shown above, some LLs started from level 0, where 
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there is no integration at all, other ones from level 1, where different transport modes are integrated into the 

same platform at an information level (Table 1.1).  

 

Table 1.1: IMOVE LLs level of MaaS integration 

 Turin LL 
Greater 

Manchester LL 
Berlin LL Gothenburg LL Madrid LL 

IMOVE Kick-off - 

Level of 

integration 

Level 1 Level 0 Level 1 Level 0 Level 1 

End IMOVE - 

Expected level of 

integration 

Level 2-4 Level 2-3 Level 3 Level 2-3/4 Level 2 

 

- Turin LL had an initial level of integration 1, as Urbi application initially integrated different transport 

modes and provides pricing info. 

- Greater Manchester LL had an initial level of integration 0, as there were not any existing services in 

GM integrated into a single solution. 

- Berlin LL had an initial level of integration 1, as Urbi application initially integrated different transport 

modes and provides pricing info. 

- In Gothenburg LL, in some cases, IMOVE third-parties were able to sell some non-digital tickets valid 

as Västtraffik tickets. 

- Madrid LL was able to aggregate information from several transport providers. 

 

The objective of Task T3.4 was to define a data analytics strategy for each LL according to their levels of MaaS 

integration. To do that, three potential data analytics packages were defined as potential analyses to be done 

within the IMOVE context:  

- User Profiling: Users clustering based on the first layer of users’ variables (e.g. user type, transport 

type, area covered, frequency, sustainability, etc.). 

- Behavioural Influence: Statistical and quantitative analyses of the weighting parameters that are 

influencing users’ behavioural change (e.g. incentives, context, tickets, reservations, vehicles, etc.). 

- MaaS Packages Suggestion: Different MaaS packages design based on different user groups (e.g. 

subscriptions, payments, quotes, plans, etc) by considering the defined clusters within User Profiling 

package. 

 

The three above packages are crucial to contribute to designing future mobility for all in society, offering more 

efficient and reliable services for users, reducing delays and congestion levels and also offering more tailored 

services for different groups of travellers.  

- The User Profiling package was focused on having more insights about the MaaS users to be able 

to cluster them and to provide more insights about them to each LLs.  

- The Behavioural Influence was focused on identifying the key parameters that could influence users’ 

behavioural change (e.g. to change their transport mode, to change their usual timings, to change their 

subscription package, etc.); this package could guide the LLs on how to adapt effective actions and 

re-define the business models according to specific profiles insights in different environments.  

- Using the output of Users Profiling and Behavioural Influence, the MaaS Packages Suggestion was 

focused on guiding the LLs to offer more tailored MaaS packages for specific user groups in different 

contexts.  

 

To be able to develop these three packages of data analytics, the specific data that were required to be 

collected from the LLs activity were identified (Figure 1.3).  
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Figure 1.3: Datasets required for Data Analytics packages 

 

Initially, the data analytics strategy shared with each LL was defined taking into account the potential 

complementarity between WP1 and WP3 and the different LLs. WP1-WP3 conference calls where carried out 

to find common ideas between the two workpackages. WP1 input was linked on better understand what the 

Living Labs were doing in terms of implementing incentives and gamification to entice users to the scheme, 

and how Living Labs were measuring the effects of these on uptake of the scheme, and on resulting behaviour.  

Success and failure’s lessons learned at the end of this task would have particular interests for other cities 

with similar contexts to improve their MaaS ecosystems (see section 7 with 25 generalisable lessons learned 

for future MaaS schemes in Europe). 

1.2 DATA CULTURE 

After sharing the initial approach with each LL (explained in section 1.1), the next phase was to define the 

availability of data in each LL and, based on that, to design ad-hoc data analytics strategies for IMOVE LL. To 

do that, the followed rationale was based on: 

 

I. Classification of the datasets nature and typology. 

II. Data-merged approach to identify useful components based on user behaviour, journey motivations 

and mobility flows analyses applied in different environments. 

III. The identification of mobility patterns that are essential for future MaaS ecosystems based on better 

tailored services/solutions, as the core ambition of this task. 

 

As mentioned above, the rationale of this analysis is based on the classification of the nature and/or typology 

of each dataset. Three users data nature have been identified: USERS data, TRIPS data and CITY data (I). 

The data-merged approach is defined based on the dataset’s nature and the opportunities of merging each 

dataset with a complementary one. In this phase, in order to have better insights for each LL, three potential 

data analyses have been identified: user behaviour analysis, journey motivation analysis and mobility flows 

analysis (II). Finally, the conclusions of each analysis will be crucial to identify and better understand the 

mobility patterns (III) of each of the MaaS ecosystem. 
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Figure 1.4: Rational of the data analysis 

 

It is crucial to have a diverse source of high-quality datasets. Within Task T3.4, different datasets have been 

analysed including the ones from the pilot execution but also, datasets of the city context to better understand 

each LL ecosystem. To do this, two levels of analyses have been carried out (Figure 1.5). 

 

 

Figure 1.5: Context and Pilot analyses 

 

In each chapter of this document the differentiation between Context Analyses and Pilot Analyses due to the 

nature of each dataset is done:  

 

- Context Analyses (sections 2.2, 3.2, 4.2 and 6.2): Datasets of users and trips’ activity from different 

mobility services in the city, at both public and private level. These complex datasets are from different 

sources and different operators (some of them not complete), therefore, a huge task of data pre-

processing and data exploration was required.  

 

- Pilot Analyses (sections 2.3, 3.3, 4.3, 5.2 and 6.3): Small datasets focused on the users’ activity that 

have been participated in the LL execution. 
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Different complementary datasets have also been taken into account, generally coming from the cities’ open 

data platforms. The selected ones have been very relevant in adding value to these analyses.  

Both typologies of datasets, context datasets and pilot datasets, have complemented each other in order to 

have a deep understanding of each LL ecosystem. To set up the context of this task, the key inputs has been 

taken from all the previous pilot-related deliverables  [1] [2] [3] [5] [6] [7]. 

1.3 PLANNING 

This task has beens focused and personalised based on the interest of each LL following the T3.4 planning in  

Figure 1.6. Individual meetings were settled up with each LL to see and better interpret which data were 

available and what were the needs and ambitions for future MaaS ecosystems in each of them (M19-M22).  

After defining the data availability, three iterations of data analysis have been carried out. Two of them to 

analyse the city context data; the first one following a high-level approach to identify opportunities and discard 

the datasets that were not accurate or relevant, and the second one, to extract insights that are relevant for 

cities. A third iteration has been performed focused on the data from the pilots’ execution phase.  

It has been a pilot-driven approach in which all of the phases have been validated with each LL aiming at 

getting feedback from them and continue providing them essential information to better understand future 

MaaS ecosystems. 

 

 

Figure 1.6: Task plan 
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2 TURIN LIVING LAB 
Turin as one of the great cities in Italy has been chosen as one of the LLs aiming to acquire a comprehensive 

set of information, insights and feedbacks in order to stimulate the transport service providers’ interest in MaaS 

schemes, to foster new operators in entering the market and promote the development of further initiatives 

with the involvement of a larger user base.  

To contribute to this aim, a context analysis has been carried out based on the LL data availability (section 

2.2). Public transport validations have been taken into account (section 2.2.1), and OD flows generated by 

users have been analysed in a general perspective between different districts and zones of the city (section 

2.2.1.4.1), considering also in-district flows (section 2.2.1.4.1). Data from vehicle sharing services has been 

also analysed (section 2.2.2), and the analysis focused on comparing the operational area of each mobility 

service with the district population to analyse the service coverage in each Turin district (section 2.2.2.3). The 

OD flows have been also analysed both, between districts (section 2.2.2.4.1) and in-district ones (section 

2.2.2.4.2).  

 

Also, as part of the pilot, a first testing phase was with General Motors, aiming to test the MaaS with their 

employees and obtain data through the Urbi app regarding the transport choices made by users in their daily 

home-to-work commuting and their work-to-work trips.  The second phase of this pilot aimed to test the MaaS 

solution for home-to-work/work-to-work mobility in the Living Lab. This phase has been open to general public 

and the data coming from there has been also analysed.  

Based on this LL measures, the mobility service usages were analysed identifying the users’ mobility flows 

(section 2.3.1.1) and the service usage distribution (section 2.3.1.2) have been analysed. The last point of this 

pilot’s analysis was related to one survey aiming at identifying mobility service usage of the pilot’s participants 

(section 2.3.2). 

2.1 TURIN - DATA AVAILABLE  

 

Table 2.1 shows the datasets available from the Turin Living Lab. 

Table 2.1: Data available - Turin LL 

 
 Dataset Content Historic Observations 

C
O

N
T

E
X

T
 

Public 

Transport 

Bus, metro and trams 

validations 

Sept-Nov 

2018 
8.466.368 

Vehicle 

sharing  

 Records from carsharing 

(Car2go and Enjoy) and 

scooter sharing (Mimoto)  

Jan 2018 72.455 

P
IL

O
T

 

Mobility 

services usage 

information 

13 users tracked 

4 different service 

providers (Gtt, Mimoto, 

Wetaxi, Bcincitta) 

Apr-Nov 2019 
13 users with 180 

observations 

Pilot survey 
Mobility service usage 

insights 
- 11 participants 

2.2 TURIN - CONTEXT ANALYSIS 

This Turin context analysis has been carried out based on the LL data availability (section 2.2).  
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It has been taken into account public transport validations (section 2.2.1) where it has been analysed the OD 

flows generated by the users in a general perspective between different districts and zones of the city (section 

2.2.1.4.1), but also taking into account in-district flows (section 2.2.1.4.1). Data from vehicle sharing services 

has been also analysed (section 2.2.2). In this analysis, the focus has been on comparing the operational area 

of each mobility service with the district population to analyse the service coverage in each Turin district 

(section 2.2.2.3). The OD flows have been also analysed both, between districts (section 2.2.2.4.1) and in-

district ones (section 2.2.2.4.2). 

2.2.1 PUBLIC TRANSPORTATION VALIDATIONS 

The first study of this section is a general descriptive analysis about the Turin’s Districts (section 2.2.1.1), the 

PT ticket types that are available for this study (section 2.2.1.2) and the demographic study identifying Turin’s 

Districts and creating the new zones in the surroundings of the city to better analyse the mobility patterns 

between areas (section 2.2.1.3).  

 

Once the preparation study has been done, section 2.2.1.4 analyses the OD flows between different Districts 

and zones of Turin; and section 2.2.1.4.3 focused on the in-district trips.  

 

The last point of this section is the analysis of the OD flows taking into account the Multimodality aspect (section 

2.2.1.5) 

2.2.1.1 GENERAL DESCRIPTION 

The Public transport dataset includes bus, metro and trams information. In total, there are 9,540,839 

observations in the PT ticket validation dataset from Turin. After the cleansing process, 1,074,471 observations 

have been lost, which is 11.26 % of the data.  

 

The population of Turin is taken from the Open Data of Turin to be used in our analysis to see the correlation 

between the PT usages, the area characteristics and the population densities in each district.  

 

Table 2.2 and Figure 2.1 show the eight Turin districts’ names and their reference: 

Table 2.2: District IDs and names 

District ID District Name 

1 Centro - Crocetta 

2 Santa Rita - Mirafiori 

3 San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna 

4 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 

5 Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - Rebaudengo - Villaretto 

6 Aurora, Vanchiglia - Sassi - Madonna del Pilone 

7 San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto - Filadelfia 

8 San Donato - Campidoglio - Parella 
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Figure 2.1: District borders of Turin 

2.2.1.2 VALIDATIONS GAP AND DISTRIBUTION OF TICKET TYPES 

Table 2.3 shows the existing types of tickets that are in use in Turin: 

Table 2.3: Ticket types and their descriptions 

Ticket Type Price Duration Description 

City Ticket 1.7 € 100 mins Urban + Suburban 

In the first belt 

Single journey on metro  

Daily Ticket 4.0 € 1 day Urban + suburban + underground 

Unlimited number of journeys 

Until the end of service on that day 

48h Special Ticket 7.5 € 48 hours Urban + suburban + underground 

Valid for entire network of GTT 

Until the 48 hours end 

72h Special Ticket 10.0 € 72 hours Urban + suburban + underground 

Valid for entire network of GTT 

Until the 72 hours end 

Multicity 10.0 € 100 minutes 6 passes 

Same characteristics with “City Ticket” 

In the first belt 

 

The ticket type (Table 2.3) is not an attribute in the dataset, and the only information available to distinguish 

tickets from each other is the ticket ID.  

 

There are two months of PT ticket validation data starting on 01/09/2018 and ending on 01/11/2018. However, 

as can be seen in Figure 2.2, there is a time period with NO observations in the second half of September, 

2018. This issue in the dataset causes many problems and creates many obstacles for the analysis of the 

ticket types. 
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Figure 2.2: Daily ticket distribution of PT tickets validations 

 

Since there are only PT ticket validation records, upon entering the PT vehicle without any check out 

information, some important assumptions have been made to reach the origin and destination points for the 

tickets: 

• If a ticket is used at some stations with much higher frequencies than the other stations, we believe 

that these stations are the ones that are in the “habit” trips.  

• These stations will be analysed, and then, another assumption will be made: these stations are the 

ones used for common daily habits such as to go to work and come back home, or go to the school 

and return home, etc. 

 

By considering also this gap and taking into account some information from Table 2.3 about ticket conditions 

(allowance time, number of pass, etc.), three tickets types have been created using functions that hold all 

conditions for each ticket type: 

• Single Time used tickets 

• Abonnement tickets 

• Others 

Table 2.4: Net ticket types and their net datasets 
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NT1 (Single)         NT1 = T1 

NT2 (City)         NT2 = T2  

NT3 (Daily)         NT3 = T3 – (T1 + T2)  

NT4 (48 Hour)         NT4 = T4 

NT5 (72 Hour)         NT5 = T5 

NT6 (Multicity)         NT6 = T6 – (T3 + T4 + T5) 

NT7 

(Abonnement) 

        NT7 = T7 – (T3 + T4 + T5 + T6) 

NT8 (Others)         NT8 = T8 – (T1 + T2 + T3 + T4 + T5 

+ T6 + T7) 
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Table 2.4 shows the logic behind the ticket types identification process. In daily unique ticket list, there can be 

some tickets from the “Single Time Used” and “City” ticket lists. For this reason, after the conditional function 

is run and the Ticket IDs are obtained for the “Daily” tickets, we filter out the “Single Time Used” and “City” 

unique Ticket IDs. The same logic is applied also for “Multicity”, “Abonnement” and “Others” ticket types. 

 

Single time used tickets 
The single used tickets are not a specific type of ticket. Seeing that, some considerations have been taken into 

account:  

- A “City Ticket” has 100 minutes to change from a mode to another. Thus, it is possible to have more 

than one ticket validation record in the dataset using a “City Ticket”. “One single ticket can have more 

than one record within the allowed timeframe of 100 minutes.” In case that a “City Ticket” is used only 

one single time within 100 minutes allowed timeframe without changing a mode, then it will be placed 

in “Single Time Used Tickets – Group 1”. 

- A “City Ticket” has 100 minutes to change from a mode to another. Thus, it is possible to have more 

than one ticket validation record in the dataset using a “City Ticket”. “One single ticket can have more 

than one record within the allowed timeframe of 100 minutes.” In case that a “City Ticket” is used only 

one single time within 100 minutes allowed timeframe without changing a mode, then it will be placed 

in “Single Time Used Tickets – Group 1”. 

- In Figure 2.2, it is shown that there is a time interval that is for more than a week without any 

observation. The reason may be a system failure during those specific dates or wrong data sampling. 

This issue is one of the main reasons for these “Single Time Used Tickets” occurrences. This gap in 

data breaks the ticket usage chains from our perspective. For example, if a user has a “Multicity Ticket” 

which provides 6 passes (with the same characteristics of City Ticket) and use it for the first time one 

day before the gap starts, then it is not possible to know the usage of this ticket during the gap period. 

Then, this one single record will appear in the dataset without its consecutive records. In this scenario, 

we lose the “Multicity” ticket type, and put the corresponding record in “Single Time Used Tickets – 

Group 1”. 

- If the ticket usage chain starts on the last days in the data, then the chain is broken. Thus, it is not 

possible to know the tickets’ type. 

- If the ticket usage chain ends on the first days in the data, then the chain is broken from our 

perspective. Thus, it is not possible to know the ticket’s type. 

- The “Single Time Used Ticket” records occur in the dataset almost every day (54 out of 56 days – 

without the gap). Thus, it is not feasible to interpret this ticket usage group, and the items in the 

previous section will be the ones taken into account.  

- The number of tickets with only one single usage in total is 35.795. 

- This type of tickets usage occurred at 2803 out of 5407 bus & metro stations (51.84%). 

- The subsetting criteria: The main dataset is subsetted to obtain the tickets that are used only one 

single time: “Single Time Used” dataset.  

- It is important to keep in mind that the ticket usage chain is broken due to the gap in the dataset.  

 

City tickets 
- This ticket type is valid for 100 minutes. A user can change a mode within this 100 allowed time. 

- Some of the “City Tickets” might be lost since there is a gap in the dataset without any observation. 

- The difference between “City Ticket” and “Single Time Used Ticket” is important. The “Single Time 

Used Ticket”, it is not being exaclty considered a ticket type, but a group. The ticket IDs considered 

into this group for the interpretation of the ticket type cannot be made in case that ticket is used only 

one single time. Using a “City Ticket”, it is possible that a traveller will not change a mode during 

his/her journey. However, these tickets have been considered into “Single Time Used Ticket” type 

(group).  
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- The subsetting criteria: The ticket dataset is subsetted in such a way that the ticket IDs appear in only 

one date, but with more than one-time usage. Then, the time differences between the observations 

are calculated. If the time difference is less than or equal to 100 minutes, the ticket is labelled as “City 

Ticket”. 

 

Daily tickets 
- This ticket type is valid for a whole day for services provision. A ticket ID of this type can occur multiple 

times in data since it is valid for a day.  

- Some of the “Daily Tickets” might be lost since there is a gap in the dataset without any observation. 

- The difference between “Daily Ticket”, “City Ticket”, and “Single Time Used Ticket” is important. The 

ticket IDs occur in “Daily Ticket” dataset can also occur in “City Ticket” and “Single Time Used Ticket” 

since the condition is that the related ticket IDs would have one unique date in the dataset. To 

distinguish them from each other, the ticket IDs that also belong to “City Ticket” or “Single Time Used 

Ticket” datasets have been filtered out. 

- The subsetting criteria: The ticket dataset is subsetted in such a way that the ticket IDs appear in only 

one date, and this data set is named as “Daily Ticket” dataset. The “Single Used Ticket” data is 

removed from the “Daily Ticket” dataset.  

 

48-hour tickets 
- This ticket type is valid for 48 hours starting from the first validation. 

- Some of the “48 Hour Ticket” information might be lost during the gap in the data without any 

observation. It is also possible that because of this gap, some of the “48 Hour Ticket” IDs are labelled 

as “Daily Ticket”. For example, let’s assume that a traveller used his/her ticket for the first time on the 

last day of the gap. Then, in the second day, it will occur as if it is the first day of the second part of 

our dataset.  

- The subsetting criteria: The ticket dataset is subsetted in such a way that the ticket ID occurred on the 

exact 3 consecutive dates. 

 

72-hour tickets 
- This ticket type is valid for 72 hours starts from the first validation. 

- Some of the “72 Hour Ticket” information might be lost during the gap in the data without any 

observation. It is also possible that because of this gap, some of the “72 Hour Ticket” IDs are labelled 

as “Daily Ticket”, “48 Hour Ticket” or even “Single Time Used Ticket”. For example, let’s assume that 

a traveller used his/her ticket for the first time in the last 2 days of the gap. Then, the third day will 

occur as if it is the first day of the second part of our dataset.  

- The subsetting criteria: The ticket dataset is subsetted in such a way that the ticket ID occurred on the 

exact 4 consecutive dates. 

 

Multicity tickets 
- This ticket type has 6 passes where each pass provides the travellers 100 minutes to change a 

mode without using any extra pass. Thus, the total usage from a single “Multicity Ticket” can be 

greater than 6. See Figure 2.3 as an example: 
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Figure 2.3: Multicity ticket usage example 

 

- The ticket in the example above is used several times. Figure 2.3 shows the first 4 usages as an 

instance. Even though the ticket is validated 4 times, the net usage that spent passes is 3. 

- Some “Multicity Ticket” information might be lost due to the gap with no observation in the dataset. 

- The difference between “Multicity Ticket”, “Daily Ticket”, “48 Hour Ticket”, and “72 Hour Ticket” is 

important. The ticket IDs occur in “Multicity Ticket” dataset can also occur in “Daily Ticket”, “48 

Hour Ticket”, and “72 Hour Ticket” since the condition is that the related ticket IDs would have 6 

passes with 100 minutes allowance (it can cause more than 6 records in the dataset). 

- The subsetting criteria: First of all, the ticket dataset is subsetted with a condition that is a ticket 

must be validated at least 6 times. The observations coming from each ticket ID have been 

grouped into a different frame. In each frame, the time differences between the usages coming 

from the same ticket id have been calculated. If the difference is less than or equal to 100 minutes, 

then it is not counted it as a unique usage. After this process, the net number of passes have been 

counted that are used. If the net number for total passes coming from the same ticket ID is exactly 

6, then the ticket ID is labelled as “Multicity Ticket”. 

- Since 6 passes can occur using the daily, 48 Hour and 72 Hour ticket types, the ticket IDs coming 

from these types have been filtered out. 

 

Abonnement tickets 
- This ticket type is for the ticket IDs that have more than 6 passes. 

- Some “Abonnement Ticket” information might be lost due the gap with no observation in the dataset.  

- The difference between “Abonnement Ticket”, “Daily Ticket”, “48 Ticket”, “72h Ticket”, and “Multicity 

Ticket” is important. The ticket IDs occur in “Abonnement Ticket” dataset can also occur in “Daily 

Ticket”, “48 Ticket”, “72h Ticket”, and “Multicity Ticket” since the condition is that the related ticket IDs 

would have more than 6 passes in the dataset. To distinguish them from each other, the ticket IDs that 

also belong to “Daily Ticket”, “48 Ticket”, “72h Ticket”, and “Multicity Ticket” datasets have been filtered 

out.  

- The subsetting criteria: The “Abonnement Ticket” is more a group than being a type. All other ticket 

IDs that cannot be labelled as “Single Time Used”, “City”, “Daily”, “48 Hour”, “72 Hour” and “Multicity” 

type have been grouped.  

 

Other tickets 
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- This ticket type is created for the ticket IDs that could not find a place in other types. 

- One of the main reasons to have this type is the gap with no observation in the dataset.  

- The Subsetting Criteria: In order to create this type, all the other types’ ticket IDs and related 

observations from the main dataset have been filtered out. 

 

 

In order to have a cross-check for the ticket types creation, a price-comparison analysis has been done. Table 

shows the prices for “City”, “Daily”, “48 Hour”, “72 Hour” and “Multicity” ticket types. 

 

Table 2.5: Ticket prices by type 

Ticket Type Price Duration Description 

Single Ticket NA NA NA 

City Ticket 1.7 € 100 minutes Allowance to change mode 

Daily Ticket 4.0 € 1 day Until the service ends 

48 Hour Ticket 7.5 € 48 Hours It starts with the first validation 

72 Hour Ticket 10 € 72 Hours It starts with the first validation 

Multicity Ticket 10 € 100 minutes It includes 6 passes with the City ticket characteristics 

Abonnement Ticket NA NA NA 

Others NA NA NA 

 

Table 2.6 describes the price-comparison analysis where the “Ticket Percentages” column shows that we 

could not identify 19.71 % of the tickets, which is 3.26% of the total number of observations. Most of the 

observations (94.05%) come from the abonnement type. The “Ratio – Ticket Usage” column represent the 

average number of usages from our different ticket types (Number of Observations / Number of Tickets). 

 

All of the possible price computations are considered and the final price calculation is similar to the price of 

each ticket. All the following analysis have been done based on this ticket types definition. 

 

Table 2.6: Calculation of average ticket usage by type - Ratio ticket usage 

Ticket Type Number 

of 

Tickets 

Ticket 

Percentages 

Number of 

Observations 

Ratio 

Ticket 

Usage 

Price 

calculation 

Interpretation 

Single Ticket 33528 9.05 % 33528 1 NA NA 

City Ticket 7234 1.95 % 15439 2.13 NA NA 

Daily Ticket 15019 4.05 % 37839 2.52 2.52 x 1.7 = 

4.284 € 

Good 

48 Hour 

Ticket 

964 0.26 % 5235 5.43 5.43 x 1.7 = 

9.231 € 

Good 

72 Hour 

Ticket 

565 0.15 % 4549 8.05 4 x 2 = 8 €  Good 

Multicity 

Ticket 

7927 2.14 % 58872 7.43 8.05 x 1.7 = 

13.685 € 

Good 

Abonnement 

Ticket 

232318 62.69 % 8062624 34.71 4 x 3 = 12 € Good 

Others 73040 19.71 % 279859 3.83 7.5 + 4 = 11 €  
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2.2.1.3 ZONE ANALYSIS FOR PT VALIDATIONS 

Figure 2.4 shows that there are a lot of stations that are located out of Turin. 972,232 out of 8,466,368 records 

(11.48%) come from outside of Turin district border. This is a significant amount of records that cannot be 

ignored or removed from the dataset. 

 

 

Figure 2.4: PT station locations 

 

In order to take into account these data, different zones around Turin have been created. See Figure 2.5. 

 

 

Figure 2.5: Zones and their distance range 

 

The centre point location of Turin is taken in order to use it to determine the distance ranges. Table 2.7 

summarises the statistics of each zone and the usage of tickets in each zone 

Table 2.7: Summary statistics of zones and usage of tickets in zones 

Zone 

Name 

# 

Observations 

Observation 

Percentage 

# Unique 

tickets 

Ticket 

Percentage 
Usage Ratio 

Zone 1 801,910 82.48% 101,948 86.38% 7.87 

Zone 2 111,395 11.46% 11,129 9.43% 10.01 

Zone 3 54,778 5.63% 4,620 3.91% 11.86 

Zone 4 4,149 0.43% 319 0.27% 13.01 
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The number of ticket usages from unique tickets increases as the outer zone in Turin. This is quite expected 

since it will cost more trips to reach the centre, or to go to the other zones, or move in the same zone.  

Table 2.8 shows the ticket usage distribution by number of percentages of the different districts and outer 

zones.  

 

Table 2.8: Ticket usage distribution by number and percentage 

District ID # Usage Percentage 

1 2,645,389 31.25 % 

2 584,472 6.9 % 

3 439,970 5.2 % 

4 391,696 4.63 % 

5 307,462 3.63 % 

6 474,980 5.61 % 

7 1,296,610 15.31 % 

8 1,353,557 15.99 % 

Zone 1 801,910 9.47% 

Zone 2 111,395 1.32% 

Zone 3 54,778 0.65% 

Zone 4 4,149 0.05% 

 

2.2.1.4 ORIGIN-DESTINATION FLOWS WITHOUT MULTIMODALITY 

In the ticket validation dataset, the users validate their ticket to start their journey. When the journey is finished 

(e.g. getting off the bus/metro/tram), the users do not validate their tickets again. Since Turin city does not use 

smart transportation card, there isn’t any attribute about user ids. The only information we can track is the 

ticket ids in the dataset.  

 

Each ticket ID and the validations made using the same ID have been tracked in order to see if there is a 

routine on the trips. For instance, if one specific ticket ID is used 50 times at one station in the morning, and 

46 times at another station in the evening, then, we marked these locational points as origin and destination 

points for that specific ticket ID. As one can imagine, single time used, and city tickets are not included in OD 

analysis. The only tickets used for OD analysis are the abonnement tickets.  

 

In the OD without multimodality analysis, the arrival-departure tables and plots, activity level changes and trip 

flows, including the ticket type information (to represent the demand of each district in specific time ranges), 

are analysed.  

 

Figure 2.6 represents a heatmap of OD flows between districts and zones, “OUT” represents the places out of 

Turin district borders. Based on this heatmap, the following analyses have been provided: 

- General Flow Analysis 

- Zone Analysis 

- In-district Analysis 
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Figure 2.6: Heatmap of OD flows between districts 

 

For the following analysis, a set of bins have been created to better understand the hour distribution of ticket 

validations (Figure 2.7). 

- Bin 1: From 7 am to 9 am → [7, 9) 

- Bin 2: From 9 am to 12 pm → [9, 12) 

- Bin 3: From 12 pm to 4 pm → [12, 16) 

- Bin 4: From 4 pm to 7 pm → [16, 19) 

- Bin 5: From 7 pm to 9 pm → [19, 21) 

- Bin 6: From 9 pm to 7 am → [21, 7) 

 

 

Figure 2.7: Hour distribution of ticket validations 

 

2.2.1.4.1 HEATMAP GENERAL ANALYSIS 

In this section, the cells that are not located on the red diagonal line have been analysed by each bin.  

Table 2.9 identifies the departures and arrivals of trips in each district per each bin.   
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Table 2.9: OD flows of districts for binned time intervals 

[7, 9) 

Bin 1 

Departure (O) 25396 10145 6631 6962 5539 5662 15578 24460 20908 

Arrival (D) 45531 7697 5167 4520 3867 6241 20273 14620 13365 

[9, 12) 

Bin 2 

Departure (O) 33552 13240 8031 8203 6349 7649 20339 27113 15362 

Arrival (D) 51361 9855 6582 6166 4989 7726 22059 18445 11047 

[12,16) 

Bin 3 

Departure (O) 47644 12760 9995 7892 6170 8119 25905 30357 18950 

Arrival (D) 59899 11547 7917 6650 5403 8092 25048 23547 17980 

[16, 19) 

Bin 4 

Departure (O) 41448 9187 5964 5448 3998 5979 20924 24919 11834 

Arrival (D) 47616 8714 6248 4901 3810 5903 19512 19966 13235 

[19, 21) 

Bin 5 

Departure (O) 18382 2460 2124 1180 839 1758 8488 11748 4101 

Arrival (D) 20631 2657 2181 1293 950 1794 8624 8723 4579 

[21, 7) 

Bin 6 

Departure (O) 9898 2540 1662 1984 1285 1350 6134 9198 7681 

Arrival (D) 16066 2357 1554 1218 1046 1696 6770 5550 5475 

 

• Bin 1 (from 7 to 9) 

 

Figure 2.8: Departures and Arrivals per district (Bin 1) 

 

 

The District 1 and 7 are the only ones that have more arrivals than their departures in the from 7 to 9. However, 

the District 1 has more significant results by having a huge difference between the number of departures and 

arrivals, and the frequencies. The District 1’s significance can be related to the working areas, schools etc.  

The District 2, 3, 4, 5 and 6 have similar characteristics: lower frequencies, the number of arrivals and 

departures are quite close.  

The District 8 and 9 have more departures than its arrivals. It seems like people are moving out these districts 

to go to their offices, schools, etc. 

 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 36 of 226 

 

 

Figure 2.9: Mobility flows between districts (Bin 1) 

 

(Districts) - District 1 has a high percentage of arrivals. The other arrivals occur in the District 2, 6, 7 and 2. 

The most significant flows are from the District 8 to 1, 7 to 1, 1 to 7 and in-district trips in the District 1. The 

other districts do not have significant amount of arrivals on the map. 

(Zones) - There is a significant arrival for the District 1 from outside of Turin district border. There are also 

arrivals from outside of Turin district border to the District 7. The District 8 has a balanced two-way flow in and 

out of Turin. However, the most significant flow appears among the zones (the red two arrow line). 

 

• Bin 2 (from 9 to 12) 

 

Figure 2.10: Departures and Arrivals per district (Bin 2) 

 

The Bin 2 activities of the districts are quite similar to the Bin 1’s (from 7 to 9). However, there are some 

differences: 

- The first difference here is that the frequencies are generally higher than the Bin 1.  

- The second difference appearing here is that the gap between the number of arrivals and departures 

in the Bin 2gets close to each other. In other words, the balanced activity happens in the District 7 in 

the Bin 2. 

- The last difference is that the activity decreases outside of Turin districts 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 37 of 226 

 

 

Figure 2.11: Mobility flows between districts (Bin 2) 

 

(Districts) - District 1 still has a lot of arrivals from other districts. Districts 2, 3 and 6 has also significant amount 

of arrivals in this bin. The flows between District 7 and 8 becomes more significant. 

(Zones) - The flow density decreases a bit among the zones when they are compared to the time range from 

7 to 9. District 1 still has significant two ways flows. In this bin, people also leave the District 7 to go to the 

other zones. 

 

• Bin 3 (from 12 to 16) 

 

Figure 2.12: Departures and Arrivals per district (Bin 3) 

 

The District 1 is still the one with the highest activity density in the city. The frequency of arrivals and departures 

keep increasing in the Bin 3 as well. 

 

 

Figure 2.13: Mobility flows between districts (Bin 3) 
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The flow’s activity is similar to the Bin 2’s. 

 

• Bin 4 (from 16 to 19) 

 

Figure 2.14: Departures and Arrivals per district (Bin 4) 

 

District 7 has a smaller gap between the number of arrivals and departures than Bin 3 (from 12 to 16).  

In District 8, the number of departures is still higher than the number of arrivals. The activity outside of the 

district borders happens to be balanced.  

The activity in District 1 starts to decrease a bit in Bin 4. The number of arrivals and departures gets close to 

be balanced.  

There is still no significant activity to be interpreted in District 2, 3, 4, 5, 6.  

Outside the district borders, for the first time, there are more arrivals than departures. It seems like people are 

coming back to their place located outside of the district borders. 

 

 

Figure 2.15: Mobility flows between districts (Bin 4) 

 

The most significant flows in the Bin 4 are still significant in the Bin 5 (from 19 to 21). But the rest of the flow 

activity starts to decrease.  
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• Bin 5 (from 19 to 21) 

Figure 2.16: Departures and Arrivals per district (Bin 5) 

 

The activity (frequencies) starts to decrease in the Bin 5 in each district.  

The number of arrivals and departures, even in the District 1, is quite close.  

 

Figure 2.17: Mobility flows between districts (Bin 5) 

 

The activity decreased significantly in this bin for both district-wise and zone-district-wise. The remaining flows 

are the most significant ones also in the previous bins.  
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• Bin 6 (from 21 to 7) 

Figure 2.18: Departures and Arrivals per district (Bin 6) 

The activity (frequencies) are lower than the Bin 5 (from 19 to 21).  

 

 

Figure 2.19: Mobility flows between districts (Bin 6) 

 

The flow activity is quite similar with the Bin 5’s (from 19 to 21). 

 

2.2.1.4.2 ZONE ANALYSIS 

 

To develop this analysis, the unique ticket IDs used in the corresponding zones have been obtained. These 

unique tickets IDs have been tracked from each zone dataset to see how many people are moving between 

zones and Turin districts (see Table 2.10). 

 

Table 2.10: Unique tickets IDs analysis 

ZONE 1 ZONE 2 3.81% 

ZONE 3 0.1% 

ZONE 4 0% 

TORINO DISTRICTS 96.14% 

ZONE 2 ZONE 1 34.91% 

ZONE 3 17.23% 

ZONE 4 0.72% 

TORINO DISTRICTS 47.14% 

ZONE 3 ZONE 1 2.29% 
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ZONE 2 41.49% 

ZONE 4 5.3% 

TORINO DISTRICTS 50.92% 

ZONE 4  ZONE 1 0% 

ZONE 2 25.08% 

ZONE 3 74.8% 

TORINO DISTRICTS 0.12% 

 

• Zone 1:  
The tickets that are used in Zone 1 do not appear in Zone 4 at all. In Zone 1 and 3, the percentage of Zone 1 

ticket is quite low. It seems that people from Zone 1 are moving around in the Zone 1 or going to the Turin 

districts. 

  

• Zone 2: 
 

When we tracked the Ticket IDs that happened to occur in Zone 2 in other zones it’s been observed that there 

is a flow between the Zone 1 and 2. In the previous analysis, this significant flow did not exist if the tickets 

happened to occur in the Zone 1 in Zone 2 were tracked. It makes sense, since the Zone 2 is outer than the 

Zone 1. If someone wants to reach the districts of Torino they need to go through Zone 1, maybe even including 

a mode change. There is also a significant flow between the Zone 2 and 3, probably with the similar reason of 

the flow between the Zone 1 and Zone 2. 

 

• Zone 3: 
The big portion of the tickets tracked in Zone 3 appear also in Zone 2. It is because due to the mobility to the 

inner zones or Torino districts. The percentage of the tracked tickets in Zone 4 is higher than the Zone 1 and 

2. 

 

• Zone 4: 
The tracked tickets of Zone 4 appear with really high percentage in Zone 3. There is no occurrence of the Zone 

4 tracked tickets in Zone 1. It seems like people from Zone 4 do not go to Zone 1 by bus.  

 

• Zone Conclusions: 
There is no public bus flow between Zone 1 and Zone 4. It’s assumed that people use the train option or private 

buses which are not included in the dataset. 

People tend to go to the Turin districts from Zone 1 and Zone 2. Zone 1’s percentage is higher than Zone 2’s 

percentage. 

 

When there is low flow from Zone 1 to 2, there is a significant flow from Zone 2 to Zone 1. We can assume 

that people from Zone 2 may try to reach the Turin districts through Zone 1. The same behaviour is seen 

between Zone (2,4), Zone (2,3) and Zone (3,4). 

 

2.2.1.4.3 IN-DISTRICT ANALYSIS 

From the total trips available in the dataset (832.945) there are 73.581 In-district trips. 8.83 % of total trips 

started and ended in the same districts. 

 

Table 2.11: In-district analysis 

 D1 D2 D3 D4 D5 D6 D7 D8 

D1 21353        
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(29.02%) 

D2  7175 

(9.75%) 

      

D3   11468 

(15.59%) 

     

D4    4769 

(6.48%) 

    

D5     2845 

(3.87%) 

   

D6      8145 

(11.07%) 

  

D7       11242 

(15.28%) 

 

D8        6584 

(8.95%) 

 

Figure 2.20 shows that District 1 is the one with more in-district trips which is expected as it is the Centro - 

Crocetta. In the opposite way, District 5 is the district with less in-district trips, this district corresponds to the 

Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - Rebaudengo – Villaretto and it’s not in the 

centre of the city. 

 

 

Figure 2.20: In-district analysis - total numbers 

 

2.2.1.5 ORIGIN-DESTINATION FLOWS WITH MULTIMODALITY 

In this analysis, in addition to the “Origin – Destination Flows Without Multimodality”, a specific analysis has 

been added for the mode changes locations. The metro line changes it’s an unknown attribute since there is 

no need for ticket validation, but this study has been focused focus on the trips that include different modes.  

 

The districts and stations that happened to occur with high records of mode changes in each time range will 

be identified in this study. 

 

The city tickets and multicity tickets will be considered as a user validates the same ticket within 100 minutes. 

For the “Abonnement” type, there is no 100 mins validation. This study just tracked the trips itself. 

 

This analysis is done using the bins that are created. In each bin, the most demanded stations are shown in 

the plots. 

• Bin 1 (from 7 to 9) 
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Figure 2.21: Highlighted stations for mode change in Bin 1 

 

Figure 2.21 shows that from 7 am to 9 am, the following stations are used for mode change as a part of 

multimodality: 

Table 2.12: Stations with multimodality (Bin 1) 

Stations District 

Metro Lingotto District 7 

Metro Carducci District 7 

Vitorio Emanuele II District 1 

Porta Nuova District 1 

M- XVIII Dicembre District 1 

Metro Porta Nuova District 1 

Metro XVIII Dicembre District 1 

 

• Bin 2 (from 9 to 12) 

Figure 2.22: Highlighted stations for mode change in Bin 2 

 

Figure 2.22 shows that from 9 am to 12 pm, the following stations are used for mode change as a part of 

multimodality: 

 

Table 2.13: Stations with multimodality (Bin 2) 

Stations District 

Metro Spezia District 7 

Metro Lingotto District 1 

Vitorio Emanuele II District 1 

Metro Carducci District 7 

M- XVIII Dicembre District 1 

Metro Porta Nuova District 1 
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Metro XVIII Dicembre District 1 

Metro Porta Nuova District 1 

• Bin 3 (from 12 to 16) 
 

 

Figure 2.23: Highlighted stations for mode change in Bin 3 

 

Figure 2.23 shows that from 12 to 16, the following stations are used for mode change as a part of 

multimodality: 

Table 2.14: Stations with multimodality (Bin 3) 

Stations District 

Metro Monte Grappa District 8 

Metro Massaua District 8 

Metro Spezia District 7 

BERTOLA District 1 

Metro Vinzaglio District 1 

Metro Nizza District 7 

Metro Re Umberto District 1 

Metro Bernini District 8 

VITORIO EMANUELE II District 1 

Metro Lingotto District 7 

Metro Carducci District 7 

PORTA NUOVA District 1 

M – XVIII DICEMBRE District 1 

Metro XVIII Dicembre District 1 

Metro Porta Nuova District 1 
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• Bin 4 (from 16 to 19) 

Figure 2.24: Highlighted stations for mode change in Bin 4 

 

Figure 2.24 shows that from 16 to 19, the following stations are used for mode change as a part of 

multimodality: 

 

Table 2.15: Stations with multimodality (Bin 4) 

Stations District 

PORTA NUOVA District 1 

Metro Porta Nuova District 1 

M – XVIII DICEMBRE District 1 

Metro Re Umberto District 1 

Metro Lingotto District 7 

Metro Carducci District 7 

Metro Bernini District 8 

Metro Nizza District 7 

VITORIO EMANUELE II District 1 

 

• Bin 5 (from 19 to 21) 
 

 

Figure 2.25: Highlighted stations for mode change in Bin 5 

 

Figure 2.25 shows that from 19 to 21, the following stations are used for mode change as a part of 

multimodality: 

Table 2.16: Stations with multimodality (Bin 5) 

Stations District 

Metro XVII Dicembre District 1 
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Metro Porta Nuova District 1 

 

• Bin 6 (from 21 to 7) 
 

 

Figure 2.26: Highlighted stations for mode change in Bin 6 

 

Figure 2.26 shows that from 21 pm to 7 am, the only station that is used for mode change as a part of 

multimodality: 

 

Table 2.17:Station with multimodality (Bin 6) 

Stations District 

Metro XVII Dicembre District 1 

 

2.2.2 VEHICLE SHARING DATA ANALYSIS 

Within this section it has been analysed the data from vehicle sharing services, in this analysis the focus has 

been on comparing the operational area of each mobility service with the district population to analyse the 

service coverage in each Turin district (section 2.2.2.3). The OD flows have been also analysed (section 

2.2.2.4) both, between districts and in-district ones. 

 

2.2.2.1 GENERAL DESCRIPTION 

The vehicle sharing data of Turin consists on 172,455 records of car-sharing (Car2go and Enjoy) and scooter-

sharing (Mimoto) data. All vehicle sharing companies’ data have the same time interval [01/01/2019, 

28/01/2019].  

 

There are 1087 vehicles with unique IDs but there isn’t any User ID in the dataset. Thus, it is not possible to 

have any user behaviour analysis.  

 

Figure 2.27 shows that there are vehicles with a quite low number of usages (right-hand side of the plot). The 

records from these vehicles cannot be eliminated since the focus of this study is not the user behaviour analysis 

(User ID attribute is missing).  
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Figure 2.27: Distribution of vehicle usages 

 

Table 2.18 will be used to interpret the combinations of the districts and the operating areas. If the degree is 

“none”, it means that there is no intersection between an operating area and the district so, in this case the 

company does not operate in that specific district of the city.  

 

Table 2.18: Intersection degree between operating area and district 

DEGREE MEANING 

1 None 

2 Low 

3 Medium 

4 High 

5 Full 

 

Figure 2.28 shows the hourly distribution records. It can be seen that in [07:00, 08:00) there is a morning peak 

that can be related to the go-to-work routine. In the time interval of [16:00, 20:00) there is another peak that 

can be related to the after-work routines. On the other hand, the number of records in [11:00, 16:00) is quite 

high as well. 

 

Figure 2.28: Vehicle usage frequencies by hour 

 

 

Table 2.19 shows that the vehicle usage is higher during the working days than the weekends. 

Table 2.19: Records distribution by weekdays  

 # Records Percentage 

Monday 26847 1557 

Tuesday 23057 13.27 
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Wednesday 26282 15.24 

Thursday 25571 14.83 

Friday 25666 14.88 

Saturday 25061 14.53 

Sunday 19971 11.58 

 

2.2.2.2 OPERATIONAL AREA AND DISTRICT RELATION OF TURIN VEHICLE SHARING PROVIDERS 

• Car2go 

 

Figure 2.29: Intersection of Car2go operational area and Turin’s Districts 

 

Table 2.20 shows the degree of intersection between the operational area and each Torino’s District. District 

7 and 8 have mountain-forest part where the residential area level is quite low. Thus, “High” coverage level is 

assigned to them. 

 

 

Table 2.20: Operational level of Car2go in districts 

DISTRICT 

ID 
DISTRICT NAME 

Car2go 

coverage 

1 Centro - Crocetta 5 

2 Santa Rita - Mirafiori Nord - Mirafiori Sud 3 

3 San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna 4 

4 San Donato - Campidoglio - Parella 4 

5 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 3 

6 
Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - 

Rebaudengo - Villaretto 
2 

7 Aurora - Vanchiglia - Sassi - Madonna del Pilone 4 

8 
San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto - 

Filadelfia 
4 

 

http://www.comune.torino.it/decentr/#uno
http://www.comune.torino.it/decentr/#due
http://www.comune.torino.it/decentr/#tre
http://www.comune.torino.it/decentr/#cinque
http://www.comune.torino.it/decentr/#sette
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• Enjoy 

 

Figure 2.30: Intersection of Enjoy operational area and Torino’s Districts 

 

Table 2.21 shows the degree of intersection between Enjoy’s operational area and each Torino’s District. The 

coverage level of Enjoy in each district is very similar to Car2go where District 7 and 8 have mountain-forest 

part where the residential area level is quite low. Thus, “High” coverage level is assigned to them. 

 

Table 2.21: Operational level of Enjoy in districts 

DISTRICT 

ID 
DISTRICT NAME 

Enjoy 

coverage 

1 Centro - Crocetta 5 

2 Santa Rita - Mirafiori Nord - Mirafiori Sud 3 

3 San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna 4 

4 San Donato - Campidoglio - Parella 4 

5 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 2 

6 
Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - 

Rebaudengo - Villaretto 

2 

7 Aurora - Vanchiglia - Sassi - Madonna del Pilone 4 

8 
San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto - 

Filadelfia 

4 

 

• Mimoto 

 

Figure 2.31: Intersection of Mimoto operational area and Turin’s Districts 

 

http://www.comune.torino.it/decentr/#uno
http://www.comune.torino.it/decentr/#due
http://www.comune.torino.it/decentr/#tre
http://www.comune.torino.it/decentr/#cinque
http://www.comune.torino.it/decentr/#sette
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Table 2.22 shows the degree of intersection between Mimoto’s operational area and each Turin’s District. In 

this case the intersection is much lower compared to the other services and mainly in the city centre (District 

1, 3 and 4). 

 

Table 2.22: The operational level of Mimoto in districts 

DISTRICT 

ID 
DISTRICT NAME 

Mimoto 

coverage 

1 Centro - Crocetta 4 

2 Santa Rita - Mirafiori Nord - Mirafiori Sud 2 

3 San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna 2 

4 San Donato - Campidoglio - Parella 2 

5 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 1 

6 
Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - 

Rebaudengo - Villaretto 

1 

7 Aurora - Vanchiglia - Sassi - Madonna del Pilone 2 

8 
San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto - 

Filadelfia 

2 

 

• Overall study of operating areas intersection with Turin’s Districts 

Figure 2.32: Intersection of all companies and districts 

 

Table 2.23 shows the degree of intersection between all the mobility services’ operational area and each 

Turin’s District. District 1 that coincides with the city centre of the city is the one with high coverage. Following 

this district, District 3 (San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna), District 4 (San Donato 

- Campidoglio – Parella), District 7 (Aurora - Vanchiglia - Sassi - Madonna del Pilone) and District 8 (San 

Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto – Filadelfia) are the ones with high degree of 

coverage.  

 

Table 2.23: Operational level of the combination of all companies in districts 

DISTRICT 

ID 
DISTRICT NAME 

Overal 

coverage 

1 Centro - Crocetta 5 

2 Santa Rita - Mirafiori Nord - Mirafiori Sud 3 

3 San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata Lesna 4 

4 San Donato - Campidoglio - Parella 4 

5 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 3 

http://www.comune.torino.it/decentr/#uno
http://www.comune.torino.it/decentr/#due
http://www.comune.torino.it/decentr/#tre
http://www.comune.torino.it/decentr/#cinque
http://www.comune.torino.it/decentr/#sette
http://www.comune.torino.it/decentr/#tre
http://www.comune.torino.it/decentr/#sette
http://www.comune.torino.it/decentr/#uno
http://www.comune.torino.it/decentr/#due
http://www.comune.torino.it/decentr/#tre
http://www.comune.torino.it/decentr/#cinque
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6 
Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera - 

Rebaudengo - Villaretto 

2 

7 Aurora - Vanchiglia - Sassi - Madonna del Pilone 4 

8 
San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - Lingotto - 

Filadelfia 

4 

 

2.2.2.3 DISTRICT POPULATION AND OPERATIONAL AREA COVERAGE 

Table 2.24 shows the population of each district: 

 

Table 2.24: Population of each Turin 's district 

District ID District Name Population Total (%) 

1 Centro - Crocetta 79047 8.99 

2 Santa Rita - Mirafiori Nord - Mirafiori Sud 136030 15.48 

3 
San Paolo - Cenisia - Pozzo Strada - Cit Turin - Borgata 

Lesna 
124532 14.17 

4 San Donato - Campidoglio - Parella 96501 10.98 

5 Borgo Vittoria - Madonna di Campagna - Lucento - Vallette 123848 14.09 

6 
Barriera di Milano - Regio Parco - Barca - Bertolla - Falchera 

- Rebaudengo - Villaretto 
106020 12.06 

7 Aurora - Vanchiglia - Sassi - Madonna del Pilone 85445 9.72 

8 
San Salvario - Cavoretto - Borgo Po - Nizza Millefonti - 

Lingotto - Filadelfia 
127581 14.51 

 

Figure 2.33 shows that the highest populated district is District 2, followed by District 3, 4 and 6.  

 

 

Figure 2.33: Density of population in each Turin 's district 

 

The following tables analyse the intersection between the population of each district and the coverages: 

Table 2.25: The district population and operational area coverage 

District ID Population 

Percentage 

Car2go Enjoy Mimoto Avg. Coverage 

http://www.comune.torino.it/decentr/#sette
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1 8.99 5 5 4 4.67 

2 15.48 3 3 2 2.67 

3 14.17 4 4 2 3.33 

4 10.98 4 4 2 3.33 

5 14.09 3 2 1 2.0 

6 12.06 2 2 1 1.67 

7 9.72 4 4 2 3.33 

8 14.51 4 4 2 3.33 

 

The highly populated districts (>14%) are District 2, 3, 5 and 8. The highly populated districts have low or 

medium coverage (general average of three companies). Car2go and Enjoy have high level operational areas 

in District 3 and 8, whereas Mimoto does have really low coverage level (Table 2.26). 

 

Table 2.26: District population and operational area coverage in highly dense districts 

District ID 
Population 

Percentage 
Car2go Enjoy Mimoto Avg. Coverage 

2 15.48 3 3 2 2.67 

3 14.17 4 4 2 3.33 

5 14.09 3 2 1 2.0 

8 14.51 4 4 2 3.33 

 

 

The mid-level populated districts (>10% & <14%) are District 4 and 6. The District 6 has 12.06% of Turin 

population but Car2go and Enjoy have really low-level coverage area, and Mimoto does not operate in here. 

In District 4, Car2go and Enjoy have high coverage level, whereas Mimoto has a really low one (Table 2.27). 

 

Table 2.27: District population and operational area coverage in mid-level dense districts 

District ID 
Population 

Percentage 
Car2go Enjoy Mimoto Avg. Coverage 

4 10.98 4 4 2 3.33 

6 12.06 2 2 1 1.67 

 

The low-level populated districts (<10%): District 1 and 7. The District 1 is in the centre part of the city. It is not 

a highly populated area, but it is a really dynamic area. It has full coverage from Carg2o and Enjoy, and high 

coverage from Mimoto. The District 7 has high coverage levels from Car2go and Enjoy, whereas Mimoto has 

a really low one (Table 2.28). 

 

Table 2.28: District population and operational area coverage in young-level dense districts 

District ID 
Population 

Percentage 
Car2go Enjoy Mimoto Avg. Coverage 

1 8.99 5 5 4 4.67 

7 9.72 4 4 2 3.33 

 

2.2.2.4 ORIGIN-DESTINATION FLOWS BETWEEN DISTRICTS 

Figure 2.34 represents a heatmap of OD flows between districts, “OUT” represents the places out of Turin 

district borders. Based on this heatmap, the following analyses have been provided: 

- Heatmap General Analysis 
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- Heatmap Diagonal Analysis 

 

• Time range creation 

For the following analysis, a set of bins have been created to better understand the hour distribution of vehicle 

usages:  

- Bin 1: From 7 am to 9 am → [7, 9) 

- Bin 2: From 9 am to 11 am → [9, 11) 

- Bin 3: From 11 am to 4 pm → [11, 16) 

- Bin 4: From 4 pm to 8 pm → [16, 20) 

- Bin 5: From 8 pm to 11 pm → [20, 23) 

- Bin 6: From 11 pm to 7 am → [23, 7) 

 

 

Figure 2.34: Heatmap of OD flows between districts 

2.2.2.4.1 HEATMAP GENERAL ANALYSIS 

In this section, the cells that are not located on the red diagonal line have been analysed from each bin. Table 

2.29 identifies the departures and arrivals of trips in each district per each time range (bin).   

 

Table 2.29: OD flows of districts for binned time intervals 

[7, 8] 

Bin 1 

Departure (O) 2410 1312 1994 734 543 1109 1544 1265 

Arrival (D) 3722 1071 1368 741 463 1117 1590 839 

[9, 10] 

Bin 2 

Departure (O) 2200 918 1292 561 423 896 1210 854 

Arrival (D) 2383 748 1175 485 417 923 1336 887 

[11,15] 

Bin 3 

Departure (O) 7689 2589 3795 1611 1300 2690 3982 2648 

Arrival (D) 6328 2807 4015 1672 1329 3014 4107 3032 

[16, 19] 

Bin 4 

Departure (O) 6437 2610 3726 1535 1140 2932 3872 2800 

Arrival (D) 5272 3070 4123 1631 1137 3123 3694 3002 

[20, 22] 

Bin 5 

Departure (O) 2929 1249 2017 664 555 1561 1972 1362 

Arrival (D) 2634 1357 1960 751 573 1680 1945 1409 

[23, 6] Departure (O) 2512 1711 2184 1076 796 2046 1972 1759 
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Bin 6 Arrival (D) 3795 1371 2404 908 776 1381 2133 1556 

 

• Bin 1 (from 7 to 9) 

 

Figure 2.35: Departures and Arrivals per district (Bin 1) 

 

Figure 2.35 shows that District 1 has more arrivals than departures in the Bin 1, and it shows us that this district 

is related to the work purposes. Then, we see that the District 2, 3 and 8 have more departures than arrivals. 

Thus, these districts belong to the “Residential” area characteristics. The District 4, 5, 6 and 7 have a balanced 

activity level in a departure-arrival-wise 

 

Figure 2.36 shows that people are moving to the District 1 in the Bin 1 (from 7 to 8), probably with the go-to-

work routines. There is no significant flow in/from the District 4 and 5. The District 2, 3, 6, 7 and 8 has also 

some significant flows that happened in-between their own district borders. The most significant flows 

happened in the District 1. 

 

Figure 2.36: Mobility flows between districts (Bin 1) 

 

• Bin 2 (from 9 to 11) 
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 Figure 2.37 shows that in Bin 2, District 1 has still a high number of arrivals (lower than from 7 to 9) but the 

number of departures is so close to the number of arrivals. The District 7 has more arrivals here. The District 

4, 5 and 6 still have a balanced level of activity. In this bin, the District 8 becomes balanced as well 

Figure 2.37: Departures and Arrivals per district (Bin 2) 

 

Figure 2.38 shows that District 1 has still arrivals, but less than in from 7 to 9 (Bin 1). There is no significant 

flow from the District 6 to 1, and from the District 2 to 1 anymore in this bin. The in-between trips in the District 

2, 3, 6, 7 and 8 have still the same significance level like in the Bin 1. The most significant flow is still in the 

Bin 1. However, it is also less than the Bin 1. 

 

Figure 2.38: Mobility flows between districts (Bin 2) 

 

• Bin 3 (from 11 to 16) 

Figure 2.39 shows the Bin 3, the District 3 has more departures for the first time. It shows us that it is a work-

related area since the arrival levels keeps decreasing significantly after the morning hours. The rest of the 

districts have a balanced activity level 
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Figure 2.39: Departures and Arrivals per district (Bin 3) 

 

The flow activity increased suddenly in Bin 3 in all the districts. We can see several flows from the District 1 to 

other districts. In other words, the District 1 had arrivals in the first two bins, but now in this bin, it starts to have 

more departures than arrivals. The in-between trips in the District 1, 3, 6 and 7 are highly significant. The 

District 2, 6, 7 and 8 are more active than the previous bins (Figure 2.40).  

Figure 2.40: Mobility flows between districts (Bin 3) 

 

• Bin 4 (from 16 to 20) 

Figure 2.41 shows that in Bin 4, the District 2 and 3 have more arrivals than their departures. It makes sense 

because they carry “Residential” area characteristic. 
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Figure 2.41: Departures and Arrivals per district (Bin 4) 

 

This bin has the same significant flows Bin 3 (from 11 to 16). 

Figure 2.42: Mobility flows between districts (Bin 4) 

 

• Bin 5 (from 20 to 23) 

Figure 2.43 shows that in the Bin 5, the gap between the departures and arrivals in the District 1 is getting 

smaller. In other words, the District 1 starts having arrivals again. The rest of the districts have balanced activity 

levels.  



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 58 of 226 

 

Figure 2.43: Departures and Arrivals per district (Bin 5) 

 

The flow activity starts to decrease in Bin 5 in all districts. The most significant flow is still in the District 1 

(Figure 2.44). 

 

Figure 2.44: Mobility flows between districts (Bin 5) 

• Bin 6 (from 23 to 7) 

In Bin 6, District 1 has a lot of arrivals much more than its departures because people choose this district for 

night life. 

 

Figure 2.45: Departures and Arrivals per district (Bin 6) 
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The flow activity in the Bin 6 is similar to the Bin 5 with a few exceptions. For example, the flow from the District 

1 to 6 is replaced with the flow from the District 6 to 1. The flow from the District 1 to 8 is replaced with the flow 

from the District 8 to 1. On the other hand, the in-between trips in the District 1 are more than the Bin 5. It 

seems like the District 1 can have night-life characteristics. 

 

Figure 2.46: Mobility flows between districts (Bin 6) 

 

2.2.2.4.2 HEATMAP DIAGONAL ANALYSIS 

 

This analysis is to study the trips starting and ending in the same district. There are 73581 observations out of 

172433 observations (~43%) that come from Car2go, Enjoy and Mimoto. 

 

Table 2.30: frequencies of diagonal positioned cells 

 1 2 3 4 5 6 7 8 

1 
21353 

(29.02%) 
       

2  
7175 

(9.75%) 
      

3   
11468 

(15.59%) 
     

4    
4769 

(6.48%) 
    

5     
2845 

(3.87%) 
   

6      
8145 

(11.07%) 
  

7       
11242 

(15.28%) 
 

8        
6584 

(8.95%) 
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On an average, the distance between the pick-up and drop-off locations (not considering the trip path) is 0.71 

km. The 0 km distances are the ones that started and ended at the same exact location (latitude/longitude). 

 

The durations in the diagonal data have been grouped as (Figure 2.47): 

- Group 1: [0,15] up to less than or equal to 15 minutes 

- Group 2: (15, 30] from 15 minutes to 30 minutes 

- Group 3: (30, more] more than 30 minutes 

 

If a customer uses a car sharing vehicle to have a trip start at a point in the District X and ends his/her trip at 

another point in the District X, we assume that the trip should not take quite high duration value. 

 

- Group 1: Direct trip in a specific district. 

- Group 2: Indirect trip in a specific district. 

- Group 3: A trip started in District X, went through other districts, and came back to the District X again. 

 

 

Figure 2.47: Distribution of groups based on duration time 

 

- Group 1: 

There are 40621 observations out of 73581 (observations from the diagonal part of the heatmap).  

Table 2.31: Summary of group 1 durations 

Min 1st Quantile Median Mean 3rd Quantile Max 

0.017 2.65 6.0 6.47 10.37 15.0 

 

- Group 2: 

There are 24429 observations out of 73581 (observations from the diagonal part of the heatmap).  

Table 2.32: Summary of group 2 durations 

Min 1st Quantile Median Mean 3rd Quantile Max 

15.017 17.62 20.08 20.38 21.87 30.0 

 

- Group 3: 

There are 8531 observations out of 73581 (observations from the diagonal part of the heatmap).  

Table 2.33: Summary of group 3 durations 

Min 1st Quantile Median Mean 3rd Quantile Max 

30.017 36.28 50.25 149.24 96.4 4901.52 
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2.3 TURIN - PILOT ANALYSIS 

As part of the pilot, it has been analysed the mobility service usages identifying the users’ mobility flows 

(section 2.3.1.1) and the service usage distribution (section 2.3.1.2).The last point of this pilot’s analysis has 

been related to one survey aiming to identify mobility service usage of the pilot’s participants (section 2.3.2). 

2.3.1 MOBILITY SERVICES USAGE ANALYSIS 

In this analysis the activity of 13 different users has been tracked. Figure 2.48 shows the service usage 

distribution among the 4 different service providers: Gtt (PT service), Mimoto (scooter-sharing service), Wetaxi 

(taxi company), Bicincitta (bike-sharing service). 

 

Figure 2.48: Usage distribution of different service providers 

 

 

Figure 2.49 shows the most significant travel mode choice from the users. User 8 and User 7, the ones with 

more trips have different priorities when choosing their transport mode as User 8 prefers the Bicincitta and 

User 7 prefers to use the Mimoto service and Gtt public service. 

 

Figure 2.49: Distribution of different service usages from users 

Figure 2.50 shows the hourly distribution of the records. Based on that, bin hours have been created for 

differentiation purposes on this study. It can be inferred that the mobility services usage is significantly higher 

from 7 to 9 am (Bin 1). 

 

- Bin 1: From 7 am to 9 am [07, 09) 

- Bin 2: From 9 am to 11 am [09, 11) 

- Bin 3: From 11 am to 5 pm [11, 17) 

- Bin 4: From 5 pm to 8 pm [17, 20) 

- Bin 5: From 8 pm to 12 am [20, 00) 

- Bin 6: From 12 am to 7 am [00, 07) 
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Figure 2.50: Hour distribution of the records 

2.3.1.1 MOBILITY FLOWS ANALYSIS 

In the dataset, there is no locational related data for the Gtt service usages. Thus, Gtt records will not appear 

in the OD Flow Analysis. 

 

• Bin 1 (from 7 to 9) 
In the Bin 1, there is only Mimoto (39) and Bicincitta (11) trips. The service of Wetaxi are not used by the users. 

The flows end around the same area. It can be assumed that the users of the services arrived to their 

working/studying places 

 

 

Figure 2.51: OD Flows from 7 am to 9 am 

• Bin 2 (from 9 to 11) 
In the Bin 2, we have only Wetaxi (2) and Bicincitta (1) trips. The service of Mimoto is not used by the users. 

There is no significant number of trips occurred in this bin. 
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Figure 2.52: OD Flows from 9 am to 11 am 

 

 

• Bin 3 (from 11 to 17) 
In the Bin 3, we have Bicincitta (15), Mimoto (9) and Wetaxi (11). One can see that Wetaxi trips happened in 

the same area within a low range, whereas the Bicincitta trips are for longer distances. 

 

 

Figure 2.53: OD Flows from 11 am to 5 pm 

 

• Bin 4 (from 17 to 20) 
In the Bin 4, we have Bicincitta (10) and Mimoto (10). There is no record from Wetaxi. Again, we see that the 

travel distances happened by Bicincitta is longer than Mimoto. 
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Figure 2.54: OD Flows from 5 pm to 8 pm 

• Bin 5 (from 20 to 0) 
In the Bin 5, there are records of Bicincitta (8) and Mimoto (11) mobility services. There is no record from 

Wetaxi. Here, it can be seen that the travel distances happened by Bicincitta is generally shorter than Mimoto 

this time.  

 

 

Figure 2.55: OD Flows from 8 pm to 12 am 

• Bin 6 (from 0 to 7) 
In the Bin 6, there is only records from Bicincitta (6). There is no record from the rest of the services.  

 

 

Figure 2.56: OD Flows from 12 am to 7 am 
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2.3.1.2 SERVICE USAGE DISTRIBUTION 

Figure 2.57 shows the overall service provider usage distribution where: 

 

- 18.06% of the overall records come from Gtt service. 11 out of 13 users have Gtt records.  

- 23.23% of the overall records come from Mimoto service. 3 out of 13 users have Mimoto records.  

- 7.74% of the overall records come from Wetaxi service. 2 out of 13 users have Wetaxi records. 

- 50.97% of the overall records come from Bicincitta service. 11 out of 13 users have Gtt records.  

 

 

Figure 2.57: Usage distribution of different service providers 

 

2.3.2 TURIN SURVEY ANALYSIS 

In this section, the survey results for the Torino LL are analysed. The survey aims to understand the Torino 

inhabitants insights and the user preferences for home-work trips and work-work trips. 

2.3.2.1 PARTICIPANTS CHARACTERISTICS 

 

Figure 2.58: Gender and Level of Education vs Age Range 

 

There are 11 participants in the survey with the ages and educational levels in 3 different groups: 

- 25-34 

- 35-50 

- 51-65 

- Grad 

- High school 

- PhD 

 

There are 3 female participants, whereas the rest (8) is male. There is no female participant in the “Age 51-

65” group. On the other hand, there is 1 in the “Age 25-34” group and 2 in the “Age 35-50” group. All of the 
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female participants have “Grad” level, whereas male participants have a few different educational levels such 

as “Grad”, “Highschool” and “PhD”. the “Age 25-34” and the “Age 51-65” groups are homogenous with only 

“Grad” level. However, the “Age 35-50” group is heterogenous by having all different educational levels we 

distinguished. 

 

 

Figure 2.59: Level of education vs Role at the company; Annual salary vs Age range 

 

- Most of the participants’ educational level is “Grad.”  

- All the participants from the youngest group (“Age 25-34”) answered the annual salary question; they 

all earn 28-55K annually.  

- The mid-age group (“Age 35-50”) has two different kind of annual salaries: 28-55K and 55-75K. One 

participant did not answer the question. 

- One participant from the oldest group (“Age 51-65”) did not answer the question, and the other 

participant earns more than 75K annually. 

 

 

Figure 2.60: Annual Salary vs Monthly Transportation Cost 

 

The numbers in the parenthesis on the x-axis in Figure 2.60 represent the number of records (e.g. <50 (2): 2 

participants spend less than 50 € for transportation in a month). Only one participant with more than 75K 

annual salary spends 200-400 € for transportation. The participants who spend less than 50 € in a month, they 

all make 28-55K in a year. The rest of the participants spend 50-100 or 100-150 €.  The distribution of transport 

costs follows a parallel trend with the earned salary. 
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Figure 2.61: Places participants live 

Figure 2.61 shows that most of the participants live in the city or a small town in a province, whereas only one 

participant stated that he/she lives in a metropolitan area. 

 

2.3.2.2 FAMILY RELATED INFORMATION 

 

Figure 2.62: Family members information 

 

- Participant 1 (“Age 35-50”)’s family consists of 2 people both over 12 years old and they are 

autonomous for daily trips. 

- Participant 2 (“Age 35-50”)’s family consists of 4 people; 1 of them is under 12 years old and 2 of them 

are not autonomous for daily trips. 

- Participant 3 (“Age 25-34”) is single and autonomous for daily trips. 

- Participant 4 (“Age 25-34”)’s family consists of 2 people where both of them are not autonomous for 

daily trips. 

- Participant 5 (“Age 25-34”)’s family consists of 4 people where all of them are over 12 years old and 

autonomous for daily trips. 

- Participant 6 (“Age 51-65”) is single and not autonomous for daily trips. 

- Participant 7 (“Age 35-50”)’s family consists of 3 people where 1 of them is under 12 years old and 1 

of them is not autonomous for daily trips. 

- Participant 8 (“Age 51-65”)’s family consists of 4 people and all of them are over 12 years old and all 

autonomous for daily trips. 

- Participant 9 (“Age 35-50”)’s family consists of 5 people where 2 of them under 12 years old, and 3 of 

them are not autonomous for daily trips. 

- Participant 10 (“Age 35-50”)’s family consists of 3 people; one of them is under 12 years old and 1 of 

them is not autonomous for daily trips. 

- Participant 11 (“Age 25-34”) is single and autonomous for daily trips 
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Figure 2.63: Car ownership in families and carsharing service usages 

Figure 3.63 shows that 45% of the participants have 1 car, whereas the rest have 2 cars. Even for the 

participants that have their private cars (1 or 2), at least one member of their family uses carsharing services: 

 

Figure 2.64: Car sharing usage 

 

The most common carsharing service among participants is “Car2go”, whereas the least used one is “Io”. 

 

 

Figure 2.65: Bike cycle ownership in families and car sharing service usage 

 

Table 2.34 shows that even the participants have 1 or 2 cars in their family, most of them still have bikes. 

There is only one inconsistent participant information in the dataset. One single participant has 3 or more 

bikes.  

Table 2.34: Number of bikes in family 

PARTICIPANTS #FAMILY MEMBERS #BIKE IN FAMILY 

Participant 1 2 2 

Participant 2 4 3 or more 
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Participant 3 1 3 or more 

Participant 4 2 2 

Participant 5 4 2 

Participant 6 1 None 

Participant 7 3 3 or more 

Participant 8 4 3 or more 

Participant 9 5 3 or more 

Participant 10 3 2 

Participant 11 1 1 

 

 

Figure 2.66: Bicycle usage 

 

Figure 2.66 shows that although the participants have bikes in their family, at least one of their family members 

using bike-sharing service. The most common used bike-sharing service is “Tobike”.  

 

2.3.2.3 TRAVEL CHARACTERISTICS 

Figure 2.67 shows that one of the participants gave additional comments such as follows: 

- He/she does not have PT abonnement regularly, but sometimes he/she does it (temporary subscriber 

 

Figure 2.67: PT subscription type 

 

Table 2.35: Participants trips' characteristics 

Participants Km travelled on Home-Work route Minutes of travel (incl. stops) Speed 

Participant 1 60 km 70 minutes (1.17 h) 51.28 km/h 
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Participant 2 3.5 km 15 minutes (0.25 h) 14 km/h 

Participant 3 2 km 6 minutes (0.1 h) 20 km/h 

Participant 4 3 km 45 minutes (0.75 h) 4 km/h 

Participant 5 5 km 40 minutes (0.67 h) 7.46 km/h 

Participant 6 1.5 km 10 minutes (0.17 h) 8.82 km/h 

Participant 7 30 km 45 minutes (0.75 h) 40 km/h 

Participant 8 95 km 75 minutes (1.25 h) 76 km/h 

Participant 9 4.5 km 30 minutes (0.5 h) 9 km/h 

Participant 10 35 km 35 minutes (0.58 h) 60.34 km/h 

Participant 11 2.5 km 15 minutes (0.25 h) 10 km/h 

 

Table 2.35 shows that Participant 2, 3, 4, 5, 6, 9 and 11 seems to have stops on their home-work routes. 

 

Figure 2.68: Carrying other activities on their route 

 

 

Table 2.36: Participants’ speed 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2.36 highlights that participant 6 and 11 claims that they do not have any stops on their home-work 

route however their calculated speed (km/h) is around 9 and 10 km/h. 

Participants Speed Answer 

Participant 1 51.28 km/h Yes (only on return) 

Participant 2 14 km/h Yes (only on outward) 

Participant 3 20 km/h Yes (only on return) 

Participant 4 4 km/h Yes (only on return) 

Participant 5 7.46 km/h Yes (only on return) 

Participant 6 8.82 km/h No 

Participant 7 40 km/h Yes (both) 

Participant 8 76 km/h Yes (both) 

Participant 9 9 km/h Yes (both) 

Participant 10 60.34 km/h Yes (only on return) 

Participant 11 10 km/h No 
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2.3.2.4 HOME-WORK TRIPS 

 

 

Figure 2.69: Chosen transport mode for home-work trips by different age groups (spring/summer) 

 

Figure 2.69 highlights the following conclusions between home and work trips during spring and summer: 

 

- None of the age groups chooses scooter-sharing services and the car sharing option with a 

friend/colleague. 

- The youngest group (“Age 25-34”) does not also prefer to go on foot, by train and their private car and 

using carsharing services at all. 

- The mid-age group (“Age 35-50”) does not also prefer to go by their private motorcycle/scooter. 

- The oldest age group (“Age 51-65”) does not also prefer to go by their bike and train and using the 

bike-sharing and carsharing services. 

 

The most preferred options in spring/summer for home-work trips are PT (metro, bus or tram) by all age groups, 

and then private car in the “Age (35-50)” and the “Age (51-65)” groups. 

 

 

Figure 2.70: Chosen transport mode for home-work trips by different age groups (autumn/winter) 

 

Figure 2.70 highlights the following conclusions between home and work trips during autumn and winter: 

- None of the age groups chooses scooter-sharing services and the car sharing option with a 

friend/colleague. 
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- The youngest group (“Age 25-34”) does not also prefer to go on foot, by train and using bike-sharing 

services at all. 

- The mid-age group (“Age 35-50”) does not also prefer to go by private motorcycle/scooter. 

- The oldest age group (“Age 51-65”) does not also prefer to go by their bike, PT (metro) and train, 

private motorcycle/scooter and use bike-sharing and carsharing services.  

 

The most preferred options in autumn/winter for home-work trips are PT (bus or tram) and private car by all 

age groups. 

 

 

Figure 2.71: Chosen transport mode for home-work trips by different age groups (comparison between 

spring/summer vs autumn/winter) 

 

Figure 2.71 shows the comparison between the transport mode chosen for home-work trips by different age 

group during spring/summer or autumn/winter. 

 

- The personal bike, bike-sharing service and private motorcycle/scooter usage decreases in winter.  

- The oldest group (“Age 51-65”) quits using PT metro in winter.  

- The total usage of PT bus or tram and private car usage increases in winter. 

- Train usage, which only comes from mid-age group (“Age 35-50”) increases in winter. 

- Scooter-sharing and car shared with a friend/colleague is never chosen in any season by any age 

group. 

 

Figure 2.72 shows the satisfaction level for home-work trips of the eleven participants; out of 11, 6 have 

satisfaction level “4” and “5”. 3 participants out of 11 have satisfaction level “1” and “2”, whereas 2 participants 

have level “3”. As a conclusion, we can say that more than half of the participants are satisfied with their travel 

choice for home-work routes in all seasons.  
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Figure 2.72: Satisfaction level for home-work trips 

 

Figure 2.73 shows the reason for choosing private car or motorcycle rather than other options is generally not 

related to the needs, but comfort. There is one participant stated that there is no other transportation mode 

he/she can choose from home to the train station, and that participant lives in a small town in a province. 

Additionally, there is another participant stated that the choice of using private car or motorcycle is due to 

his/her working hours. 

 

 

Figure 2.73: The reason to use private car/motorcycle to go to work 

 

 

 

Figure 2.74: Satisfaction level on different subjects if private car/motorcycle is chosen for home-work 

trips 

 

Figure 2.74 highlights that: 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 74 of 226 

 

- There is no certain common comment on the parking system satisfaction among the participants since 

they equally chose level “1”, “3”, “4” and “5”. 3 participants out of 11 did not comment at all. 

- The participants, in general, think that the choice of private car or motorcycle is secure from thievery 

and vandalism. 3 participants out of 11 did not comment at all. 

- Most of the participants think that road safety is quite high. 

- Almost all participants, commented on the cost of transportation in case that they use private cars or 

motorcycles as very acceptable. 

 

 

Figure 2.75: If PT is not chosen, under which condition it would be chosen 

 

 

- The participants think that the incentives to buy PT tickets are, more security on PT, the nearest stop 

at home and at the entrance of venues, more information on timetables/routes. Fewer difficulties in 

coincidences and transport modes in working hours are not the condition changers that are related to 

changing their minds to quit using private cars/motorcycles and converting to PT.  

- On the other hand, the participants think that the most important condition changer for them to start 

PT regularly is having more frequent trips of PT modes. The second most important condition changer 

for them is having less travel time with PT transportation.  

- For the rest of the conditions, thoughts are closely divided between “Yes” and “No”. 
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Figure 2.76: If bike is not chosen, under which conditions it would be chosen 

 

It seems like the participants are not willing to start using bikes instead of using their private car/motorcycle. 

The most relevant condition change seems like having bike routes along routes. 

2.3.2.5 WORK-WORK TRIPS 

 

Figure 2.77: The chosen transport modes for work-work trips by different age groups (spring/summer) 

 

Figure 2.77 highlights the following conclusions between work and work trips during spring and summer: 

- None of the age groups chooses scooter-sharing services. 

- The youngest group (“Age 25-34”) does not also prefer to go on foot, by bike and train at all. 

- The mid-age group (“Age 35-50”) does also not prefer to go by train. 

- The oldest age group (“Age 51-65”) does also not prefer to go by their bike, private motorcycle/scooter, 

with shared car with a friend/colleague and use bike-sharing and carsharing services. 

 

The most preferred options in spring/summer for work-work trips are PT (metro) by all age groups, and then 

PT (bus or tram) for the “Age (25-34)” and the “Age (35-50)” groups. 
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Figure 2.78: The chosen transport modes for work-work trips by different age groups (autumn/winter) 

 

- None of the age groups chooses to use their bikes, scooter-sharing services and their private 

motorcycle/scooter. 

- The youngest group (“Age 25-34”) does not also prefer to go on foot and by train at all. 

- The mid-age group (“Age 35-50”) does also not prefer to go on foot, by train or use bike-sharing and 

carsharing services. 

- The oldest age group (“Age 51-65”) does also not prefer to go by PT (bus or tram) with shared car with 

a friend/colleague and using bike-sharing and carsharing services. 

 

The most preferred options in autumn/winter for work-work trips are PT (metro) by all age groups, and then 

PT (bus or tram) with the “Age (25-34)” and the “Age (35-50)” groups. 

 

 

Figure 2.79: Chosen transport mode for work-work trips by different age groups (comparison 

between spring/summer vs autumn/winter) 

 

As a conclusion when comparing spring/summer vs autumn/winter shows that while the PT (bus or tram), train 

and shared car with a friend/colleague options remain almost same from spring to winter, private car usage 

increases, whereas the rest decreases. 
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Figure 2.80: Satisfaction level for work-work trips 

 

Figure 2.80 shows the satisfaction level for work-work trips of the eleven participants; out of 11, 5 participants  

have a satisfaction level of “4” and “5”. 2 participants out of 11 have satisfaction level “2”, whereas 4 participants 

have level “3”. As a conclusion, we can say that more than half of the participants are satisfied with their travel 

choices for home-work routes in all seasons 

 

 

Figure 2.81: The chosen transport mode for leisure activities by different age group (spring/summer) 

 

Figure 2.81 shows that: 

 

- None of the age groups chooses scooter-sharing services. 

- The youngest group (“Age 25-34”) does not also prefer to go by PT (metro) and share car with a 

friend/colleague. 

- The mid-age group (“Age 35-50”) does also not prefer to go by private motorcycle/scooter. 

- The oldest age group (“Age 51-65”) does also not prefer to go with shared car with a friend/colleague 

and using bike-sharing and carsharing services. 

 

The most preferred options in spring/summer for leisure activities are private cars by all groups. 
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Figure 2.82: The chosen transport mode for leisure activities by different age group (autumn/winter) 

 

Figure 2.82 shows that: 

- None of the age groups chooses scooter-sharing services. 

- The youngest group (“Age 25-34”) does not also prefer to go by private motorcycle/scooter and shared 

car with a friend/colleague option. 

- The mid-age group (“Age 35-50”) does also not prefer to go by shared car with a friend/colleague 

option. 

- The oldest age group (“Age 51-65”) does also not prefer to go with shared car with a friend/colleague 

and using bike-sharing and carsharing services. 

The most preferred options in autumn/winter for leisure activities are private cars by all groups. 

 

 

Figure 2.83: The reasons for mode choice 

 

Figure 2.83 highlights that the participants almost fully agree that: 

- The mode that gives flexibility and independence 

- The most reliable for travel times and unexpected events 

- The quickest choice from A to B 

are the most important reasons for mode choice. 
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Figure 2.84: Personal characteristics and satisfaction levels 

Most of the participants are familiar with the use of applications (Figure 2.84). They often buy goods and 

services on the internet. Also, they willingly look for new things. They believe that the way that they travel 

allows them to participate in the activities they want and to get where they want to go without problems or 

inconveniences. The personal characteristics vary when the topics as follows: 

- The kind of person who is willing to give up comfort 

- The kind of person who seeks solutions to save money 

- The kind of person who makes choices to reduce personal environmental effects 

 

2.4 TURIN - LIVING LAB CONCLUSIONS 

Within this section, the main conclusions of the results from the Turin Data Analytics tasks, are identified and 

described in the following points:  

 

• Public Transportation Validations data analysis (section 2.2.1): 
- Since there is no obligation to validate the ticket to exit at the destination, the only available information 

is the trip origin. Additionally, aggretated user information has not been provided. With this 2 

constraints, the solution has been to track the ticket IDs in order to make assumptions based on the 

repeated trips with the purpose of creating the origin and destination matrices. 

- The location of ticket validations occurrence showed that there is a significant amount of records 

(11.48% of total records) validated out of the Turin districts’ border. Thus, additional attributes were 

needed to create 4 different out-district zones. 86.38% of the out-districts records come from the 

closest zone to the district border of Turin. 

- The OD service flows (bus, metro and tram) shows that there is no trip happening between Zone 1 

and 4. The passengers here most probably use train and/or private vehicles to travel (that were not 

included in the datasets available for this study). 

- Table 2.37 below shows the district related information including population, total ticket usage records 

and area characteristics. The main conclusions of the overall study for district related information are: 

o Districts 2, 3, 5 and 8 are highly populated districts with more than 14% of the Turin population 

living in each of them. However, in Districts 2, 3 and 5 the ticket usages are quite low.  

o Districts 1 and 7 do not have a high percentage of the total population but they have the 

highest number of ticket usages.  

o District 8 is highly populated, and the ticket usage is quite high. 

o District 1 is a work related and nightlife area; District 7 is a work related area; Districts 2, 3, 4, 

5 and 8 are residential areas; and Zones 2, 3 and 4 are also residential areas. 
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Table 2.37: General distribution – Public Transportation Turin 

District 

ID 
Population Population % 

Total Ticket 

Usage 

Ticket 

Usage % 

Area 

Characteristics 

1 79,047 8.99% 2,645,389 31.25% Work 

2 136,030 15.48% 584,472 6.9% - 

3 124,532 14.17% 439,970 5.2% - 

4 96,501 10.98% 391,696 4.63% - 

5 123,848 14.09% 307,462 3.63% - 

6 106,020 12.06% 474,980 5.61% - 

7 85,445 9.72% 1,296,610 15.31% Work 

8 127,581 14.51% 1,353,557 15.99% Residential 

Zone 1 - - 801,910 9.46% - 

Zone 2 - - 111,395 1.32% Residential 

Zone 3 - - 54,778 0.65% Residential 

Zone 4 - - 4,149 0.05% Residential 

 

• Vehicle Sharing data analysis (section 2.2.2): 
- More than half of the in-district trips (55%), which started and ended in the same districts happened 

within 15 minutes.  

- The combination of population, operational area coverage, usage and area characterization of Turin 

vehicle sharing data are detailed in Table 2.38 below. 

o In District 1, the population level is 8,99%. However, this is the district that is located in the 

city centre. it is more a work-related area and a night life area than a residential area. District 

1 it is the one used with highest frequency. 

o District 2, is the one with the highest population level (15,48%), but the operational area 

coverage is lower than the mid-level.  

o In District 4, there is more than the mid-level coverage by the mobility services’ companies; 

however, the usage is low, even with a high population. 

o District 5, is the one with lowest number of vehicle-sharing usage. Although the population is 

high, the operational area coverage and the usage is low. 

o In District 6, the coverage level is the lowest in Turin. However, the usage is quite high. Here, 

there is a need to improve the service since the demand is higher than offer. 

 

Table 2.38: General distribution – Vehicle sharing Turin 

DISTRICT 

ID 

POPULATION 

(%) 

COVERAGE LEVEL 

(AVG) 

USAGE 

# RECORDS 

(%) 

1 8.99 4.67 26.61 

2 15.48 2.67 10.31 

3 14.17 3.33 15.53 

4 10.98 3.33 6.42 

5 14.09 2.0 4.45 

6 12.06 1.67 11.32 

7 9.72 3.33 15.24 

8 14.51 3.33 10.12 
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• Pilot users' mobility flows (2.3.1): 
In this analysis the activity of 13 different users has been tracked. The mobility services’ usage distribution has 

been analysed taking into account 4 different service providers: Gtt (Public Transport), Mimoto (scooter-

sharing service), Wetaxi (taxi company), Bicincitta (bike-sharing service). 

 

- Users prefer to choose Bicincitta and Mimoto services to commute in the morning. 

- Activity of the 13 tracked users changes depending on the timeframe: 

o The highest activity happens from 7 to 9 h and decreases significantly from 9 to 11 h. 

o All services are used from 11 to 17 h. Wetaxi and Mimoto trips have shorter distances than 

Bicincitta trips. 

o From 17 to 20 h again, Bicincitta trips have longer distances. 

o From 20 to 0 h, Mimoto trips have longer distances than before. 

o Users choose only Bicincitta service for the night trips. 

- In the morning bin, from 7 am to 9 am, the commuters generally do not use taxi service; they choose 

bike and scooter sharing services. 

- Distances travelled via bike-sharing service are longer than distance travelled using scooter-sharing 

and taxi services. 

- All the average durations from scooter- and bike-sharing and taxi services are within the 10-15 minutes 

interval. The lowest average distance belongs to the scooter-sharing service, whereas the highest one 

belongs to the bike service. 

 

• Pilot survey (section 2.3.2): 
- All participants own one or more than one private car in their family. At least one of their family 

members use car-sharing services. 

- Although the participants own bikes in their family, at least one of their family members use bike-

sharing services. 

- The total usage of PT bus or tram and private car usage increases in autumn/winter. 

- The participants declare that the most important condition in order to change their behaviour for 

commuting and start using PT regularly is an increase of PT transport frequency, whereas the 

secondary condition is having less travel time with PT transportation. 

- The most preferred options in spring/summer for work-work trips is PT (metro) for all age groups, and 

then PT (bus or tram) for the Age 24-35 and the Age 35-50 groups. 

- The most preferred options in autumn/winter for work-work trips is PT (metro) for all age groups, and 

then PT (bus or tram) for the Age 24-35 and the Age 35-50 groups. 

- The most preferred option for leisure activities, for all and always, is private car. 
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3 GREATER MANCHESTER LIVING LAB 
Greater Manchester is the 3rd most populated metropolitan area in the UK, with more than 3M inhabitants. Its 

capital, Manchester, is the third most populated city in the United Kingdom with 0.5M people. Its position as a 

national city of commerce, education and cultural importance makes transport an important element of the city, 

and very compelling to find mobility patterns for MaaS progress. The transport network of GM combines 

numerous transport modes and many of them have been studied in this project. 

 

The available data sets have been explored and studied to find mobility information and patterns that could 

materialize more tailored services (section 3.1). 

 

First of all, the context data has been analysed (section 3.2). Mobike data has been studied in general terms 

(quantity of trips, time distribution) (section 3.2.1.1), afterwards they were spatially evaluated for different 1 

km2 cells and different ward divisions. Finally, the interaction of Mobike with other transport modes has been 

analysed (section 3.2.1.4). 

 

Regarding Traffic data (section 3.2.2), firstly, the Drakewell beacon records have been used to estimate the 

trips using each vehicle ID. Once these trips were estimated, a spatial analysis has been performed, similarly 

to Mobike, for 2 km2 cells (section 3.2.2.1) and for the Westminster parliamentary constituencies (section 

3.2.2.2). Furthermore, with data from different indicators about population and jobs, the trips motivation has 

been estimated (section 3.2.2.3). 

 

For Metrolink (section 3.2.3), the general data of the use of this service (section 3.2.3.1). Afterwards, the same 

approach as for traffic has been carried out, performing a spatial analysis from the point of view of 

constituencies (section 3.2.3.2) and stations (section 3.2.3.3). Finally, the trips motivation has been also 

estimated (section 3.2.3.4). 

 

With reference to Pilot data, the 2 surveys have been scrutinized (sections 3.3.1 and 3.3.2) in order to find the 

participant’s profiles and feelings about mobility in GM (transport mode, multimodality, web/apps usage, 

schedule preferences etc.). Finally, the purchases from the Pilot App have been analysed (section 3.3.3). 

 

3.1 MANCHESTER - DATA AVAILABLE 

Greater Manchester LL counts with datasets from the city context and from the pilot. From the city context, the 

datasets from Mobike (a dockless bike-sharing service), Drakewell (from beacons that register vehicle traffic) 

and Metrolink. From the pilot, there are 2 surveys and the data of purchases from the Pilot App. The summary 

of these data sets is presented in Table 3.1. 

 

Table 3.1: Summary of data sets from Manchester Pilot 

 
 Dataset Content Historic Users Trips 

C
O

N
T

E
X

T
 

Mobike Bike trips 
Jul-Oct 

2017 

No data. 2.9k 

of total bikes 

registered 

886 trips/day and 229 

active bikes/day 

Traffic 

(Drakewell) 

Bluetooth records 

with beacons spread 

through GM 

7th to 13th 

Oct 2019 

0.27M of 

unique id per 

day. 

0.47M trips by day 
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Metrolink 

Monthly aggregated 

tickets sold by 

station 

Whole 

year 2018 
No data 22k tickets sold per day 

P
IL

O
T

 

Survey 1 Pre-trial Aug-19  32 answers - 

Survey 2 Screening data 
Jul-Aug 

2019 
 63 answers - 

Purchases Bookings trips 

20th Aug 

to 15 Nov 

2019 

11 users 

total 
103 trips 

 

 

3.2 MANCHESTER - CONTEXT ANALYSIS 

In this section it has been analysed the context data available in Greater Manchester Living Lab (section 3.1): 

  

- Mobike data has been studied in general terms (quantity of trips, time distribution) (section 3.2.1.1), 

afterwards spatially evaluated for different 1 km2 cells and the different ward divisions. Finally, the 

interaction of Mobike with other transport modes has been analysed (section 3.2.1.4). 

 

- Regarding Traffic data (section 3.2.2), firstly, the Drakewell beacon records have been used to 

estimate the trips using each vehicle ID. Once these trips are estimated, a spatial analysis has been 

performed, similarly to Mobike, for 2 km2 cells (section 3.2.2.1) and for the Westminster parliamentary 

constituencies (section 3.2.2.2). Furthermore, with data from different indicators about population and 

jobs, the trips motivation has been estimated (section 3.2.2.3). 

 

- For Metrolink (section 3.2.3), the general data of the use of this service has been studied (section 

3.2.3.1). Afterwards, the same approach as for traffic has been carried out, performing an spatial 

analysis from the point of view of constituencies (section 3.2.3.2) and stations (section 3.2.3.3). Finally, 

the trips motivation has been also estimated (section 3.2.3.4). 

 

3.2.1 BIKE SHARING ANALYSIS - MOBIKE 

The Mobike services consisted of a dockless bike sharing service mainly operative in the Manchester Central. 

The area coverage of Mobike is shown in Figure 3.1.  

 

 

Figure 3.1: Area coverage of Mobike in Greater Manchester (31st August 2018) 
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3.2.1.1 DESCRIPTIVE DATA ANALYSIS 

Data received shows the Mobike trips, including bike id and starting and ending timestamp with 

geocoordinates. The dataset has records from July 26th to November 11th of 2017. Figure 3.2 shows the daily 

trips and bikes used as well as the average hourly trips during that period. There was a total of 2.930 registered 

bikes, 886 daily trips and 229 daily active bikes. A decrease in the number of trips and bikes is observed in the 

last period (from October 2017). The average hourly usage shows a strong peak around 17:00h, which leads 

to the conclusion that it is used right after regular work schedule. 

 

 

Figure 3.2: Mobike trips and active bikes per day 

 

The distance and time travelled have been analysed, showing an average of 2km (1.5km as median) of 

distance travelled and an average time trip of 17 min (11 min as a median).  The distribution of both parameters 

is plotted in Figure 3.3. 

 

 

Figure 3.3: Mobike distribution of trip distance (left) and time of trip (right)  

 

To better understand the Mobike service usage, the idle time per area in the city through the bike usage and 

the idle time by each bike have been calculated. The results are gathered in Figure 3.4, with a heatmap of bike 

idle time for each 200x200 meters cell and the histogram for the idle time for the bikes. The map shows that 

the idle time grows as one is getting further from the centre cells, which leads to the fact that bikes parked in 

the service area borders (further from city centre) remain idle a longer time, since it takes more time for the 

next user to use those bikes. The histogram shows an exponential decreasing of idle time per bikes where the 

average and the median are 13.4 and 2.7 hours respectively. 

 

 

Figure 3.4: Mobike idle time by 200x200 meters area (left) and idle time histogram for all bikes (right) 
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3.2.1.2 OD MATRIX MANCHESTER CELLS 

Other type of representation is plotting the Mobike trips flows by areas of 1 km2. Figure 3.5 shows the main 

flows for the average daily trips in general, and for each hour range. Here, one can observe that daily there 

are connections among areas up to 10.2 trips, mainly within the city centre. Although the activity is very similar 

among the different hour ranges, there are substantial differences. The activity of the trips from 0 to 3 hours 

show relevant activity far from the common daily activity and up to 0.3 trips, especially located in the west and 

south-east of the city centre. During morning peak hours, from 6 to 9h, there is relevant activity from city centre 

to the west, over Old Trafford with up to 1.4 trips for some connections. The range with more activity, from 15 

to 18h, shows connections of up to 3.4 trips, with very intense activity within the city centre. 

 

 

Figure 3.5: Mobike flows by 1 km2 divisions, for the average daily picture (top-left image) and the total 

trips during 146 days by hour range 

3.2.1.3 OD MATRIX NEIGHBOURS 

To analyse the Mobike activity from another point of view, the data has been grouped by the ward divisions of 

Greater Manchester and a similar evaluation to the previous section has been carried out. Since the Mobike 

area coverage does not cover all GM ward divisions, only those with Mobike trips are considered in this 

analysis (Table 3.2). 

Table 3.2: List of ward divisions related to Mobike service in Manchester 

1  Ancoats and Clayton 8 Didsbury East  15 Old Moat  22 Ordsall 

2 Ardwick  9 Didsbury West 16 Rusholme  23 Weaste and Seedley 

3 Bradford  10 Fallowfield 17 Whalley Range  24 Clifford  

4 Cheetham  11 Hulme  18 Withington  25 Gorse Hill 

5 Chorlton  12 Levenshulme  19 Broughton  26 Longford  
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6 Chorlton Park  13 Longsight 20 Irwell Riverside 27 Priory  

7 City Centre  14 Moss Side 21 Langworthy  28 Stretford 

 

Once the ward divisions have been defined, the Mobike flows can be analysed. Figure 3.6 shows the most 

relevant daily flows for the Mobike services. 

 

The arrow thickness determines the flow intensity between two ward divisions. The major flows are Interaction 

with City Centre (7) and the most relevant are Ordsall (22), Hulme (11), Ardwick (2) and Cheetham (4).  

 

As for trips within the same ward divisions, the grey tone for each ward division determines the intensity of 

self-contained trips. The self-contained trips are manly, up to 90 daily trips, in City Centre followed by, around 

60 trips in Ordsall (22), Hulme (11) and Ardwick (2). 

 

 

Figure 3.6: Mobike daily flows by ward divisions 

 

More deeply, Figure 3.7 shows the flows among the wards by hour range. The interaction with the City Centre 

ward is very intense at any hours and very significant in contrast to the other wards. Basically, the major flows 

are the same for the daily picture previously shown. However, for ranges from 12 to 18 hours there is also a 

significant activity, considering as second order, within the perimeter given by Longford (26), Levenshulme 

(12) and Didsbury West (9) in the south of the Manchester Central. 

 

 

Figure 3.7: Mobike average daily flows per hour range 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 87 of 226 

 

3.2.1.4 RELATION OF MOBIKE WITH OTHER TRANSPORT MODES 

A service like Mobike can improve the transport experience and enhance other transport modes. The Mobike 

activity near other modes, particularly Metrolink and Rail, has been analysed in order to understand how the 

Mobike scheme affects these modes. Figure 3.8 shows the Metrolink and rail networks together with the 

density of origin of trips.  

 

 

Figure 3.8: Trips by origin on Rail and Metrolink networks 

 

To understand how proximity to Metrolink stations can affect the number of trips around these areas, all trips 

have been classified by whether or not they have origin or destination near Metrolink stations. The proximity 

threshold for this evaluation is 250 meters.  

 

As shown in Figure 3.9, there are similar patterns regardless of trips happening near a Metrolink station. 

However, trips with origin or destination near Metrolink stations show peaks in a clearer way for departures 

around 8 and arrivals around 17 h, similar to regular commuters timing. 

 

Figure 3.9: Average arriving (left) and departing (right) Mobike trips, separated by a distance 

threshold of 250 meters to a Metrolink station 

 

3.2.2 TRAFFIC ANALYSIS IN GREATER MANCHESTER 

Manchester city has several beacons spread along the city in order to gather traffic data. These beacons use 

Bluetooth signal to track the vehicles. One week of data has been obtained from Drakewell software, concretely 

from 7th October to 13th October 2019. The attributes for this data are time stamp, beacon Id, vehicle and 

beacon location. There is no further information about the vehicle typology, so it must be assumed that not all 

records correspond to private cars (i.e. there can be trucks, buses, taxis etc.). The distribution of beacons 

along Greater Manchester is plotted in Figure 3.10. 
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Figure 3.10: Drakewell beacons distribution in Greater Manchester 

 

Figure 3.11 shows the number of records on 7th October 2019 in the Greater Manchester area, for each 3-hour 

range.  

 

 

 

Figure 3.11: Records by Bluetooth beacons (7th October 2019) 

 

The hour distribution for all recorded days is plotted in Figure 3.12. It can be inferred that most of the weekday 

trips happen during the day, showing peaks at the start and end of a regular working schedule. As for the 

weekends, the activity starts later, and the peak is wider and around 12 pm. 
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Figure 3.12: All beacon records distribution by hours 

 

These beacon records though, do not provide exact information about the trips, as it just records when a 

vehicle passes by. Since the vehicle id is provided, it is feasible to estimate trips from beacon records.  The 

trips are estimated by concatenating the records for same vehicle Id if the time lapse between them in less 

than 90 min. This estimation is shown in Figure 3.13, and it can be noted that the standard commutations peak 

occurs around 8 and 17 for the weekdays, and for the weekends the major activity is between 11 and 18. In 

one week there were 3.3M of estimated trips, means 0.47M trips by day or in other words 19.6k trips each 

hour. 

 

Figure 3.13: Estimated trips distribution by hours 

 

The trip distance travelled by those estimations shows that the 88% of the trips are travelling less than 10km. 

There were found 0.64M of unique vehicles ID, where 39% of the vehicles Ids appear at least one time during 

the week, approximately 15% appears twice per week, and 46% appears more than 3 times per week (Figure 

3.14). 

 

Figure 3.14: Trips classification by distance (left) and number of days that a vehicle ID appears 

during the week (right) 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 90 of 226 

 

3.2.2.1 ORIGIN-DESTINATION MATRIX BY CELLS 

 

The Greater Manchester area has been divided into 2 km2 squared areas and the flow between these areas 

has been analysed. The analysis has been separated into distance ranges: up to 5 km, from 5 to 10 km, from 

10 to 20 km and longer than 20 km. The flows are displayed in Figure 3.15. It can be noted that the shortest 

trips are much numerous than longer ones, up to 8k, 4k 2k and 0.4k for the four ranges respectively. 

 

 

Figure 3.15: Weekly estimated trips flows in Greater Manchester 

 

3.2.2.2 ORIGIN-DESTINATION MATRIX BY CONSTITUENCIES 

To have a more comprehensive understanding of the flow through Greater Manchester, this area has been 

divided following the Westminster parliamentary constituencies (December 2017). There are 27 for Greater 

Manchester, listed below: 

Table 3.3: List of parliamentary constituencies in Greater Manchester 

 

1 Altrincham and Sale West 10 Denton and Reddish 19 Oldham West and Royton 

2 Ashton-under-Lyne  11 Hazel Grove  20 Rochdale 

3 Blackley and Broughton  12 Heywood and Middleton  21 Salford and Eccles  

4 Bolton North East  13 Leigh 22 Stalybridge and Hyde  

5 Bolton South East  14 Makerfield 23 Stockport 

6 Bolton West  15 Manchester Central  24 Stretford and Urmston  

7 Bury North  16 Manchester, Gorton  25 Wigan 

8 Bury South  17 Manchester, Withington  26 Worsley and Eccles South 

9 Cheadle 18 Oldham East and Saddleworth  27 Wythenshawe and Sale East 

 

The regime of the flows has been also split in three regimes: trips up to 10 km; from 10 to 25 km; and distance 

longer than 25 km. Figure 3.16 shows the daily estimated trips up to 10 km among the different constituencies, 

where the relation of the number and name is located in Table 3.3. The width on the arrow and transparency 

represent average daily trips among different constituencies, and the grey tone for the different areas shows 

the average daily trips within the same constituency. The interaction about the constituencies that belong to 

the same city is manifest, especially for Wigan, Bolton, Bury but also for Manchester nearby constituencies. 

The most important flows, up to 3,000 daily users, that are taking place within the same constituency, around 
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15k average daily trips, correspond to Manchester Central (15), Salford and Eccles (21), Stretford and Urmston 

(24), Wythenshawe and Sale East (27), Leigh (13) and Worsley and Eccles South (26). 

 

 

Figure 3.16: Daily estimated trips up to 10 km among constituencies. Colour of arrow denotes flow 

direction. 

 

More deeply for the peak hours, the two most relevant time ranges (6 to 9 h and 15 to 18 h) have been 

evaluated separately, as shown in Figure 3.17. During the morning it is denoted from Wigan to Makerfield (25-

14) and vice versa, especially from Salford and Eccles to Manchester Central (21 to 15), Wythenshawe and 

Sale East to Stretford and Urmston (27 to 24) and Bolton North East to Bolton South East (4 to 5). During the 

afternoon the flows are basically the opposite from the morning, and less intense because the return peak is 

generally wider and less condensate than the morning one. 

 

 

Figure 3.17: Daily estimated trips up to 10 km among constituencies by hour range for the most 

relevant hour ranges. Colour of arrow denotes flow direction 

 

The same analysis has been carried out for daily trips among constituencies from 10 to 25 km (Figure 3.18). 

The most relevant ones are those from Manchester central (15) to Oldham East and Saddleworth (24) and to 

Wythenshawe and Sale East (27). 

 

 

Figure 3.18: Daily estimated trips from 10 to 25 km among constituencies. Colour of arrow denotes 

flow direction 

 

As done for trips up to 10 km, the two most relevant time ranges (6 to 9 h and 15 to 18 h) have been analysed 

separately for trips from 10 to 25 km among constituencies (Figure 3.19). The most relevant flows, up to 400 
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daily trips as an average, apart from those identified in Figure 3.18, are in the morning from Leigh to Salford 

and Eccles (13 to 21), Stalybridge and Hyde to Manchester Central (22 to 15) and Heywood and Middleton to 

Blackley and Broughton (12 to 3). In the afternoon the most relevant flows are those that happened during the 

morning but in the opposite direction and especially the one from Wythenshawe and Sale East to Hazel Grove 

(27 to 11). 

 

 

Figure 3.19: Daily estimated trips from 10 to 25 km among constituencies by hour range for the most 

relevant hour ranges. Colour of arrow denotes flow direction 

 

Finally, the same procedure has been applied for trips longer than 25 km, shown in Figure 3.20Figure 3.20. 

The most relevant ones are those from Rochdale (20) to Oldham East and Saddleworth (24), Wythenshawe 

and Sale East (27) and Stockport (23). 

 

 

Figure 3.20: Daily estimated trips longer than 25 km among constituencies. Colour of arrow denotes 

flow direction. 

 

For this case, the trips during the two most relevant time ranges (6 to 9 h and 15 to 18 h) have been also 

analysed separately, as shown in Figure 3.21. 

 

 

Figure 3.21: Daily estimated trips longer than 25 km among constituencies by hour range for the 

most relevant hour ranges. Colour of arrow denotes flow direction 

 

On a more general level, the OD matrix among the constituencies has been plotted in Figure 3.22. Note that 

self-contained flows have been excluded to avoid masking the rest of the flows. 
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Figure 3.22: OD Matrix by constituencies 

 

Figure 3.23 depicts average daily arrivals and departures by hour per each constituency in Greater 

Manchester. There are three main behaviours: those constituencies where the profiles between arrivals and 

departures are practically the same like Altrincham and Sale West; places where would behave like residential 

areas showing more departures in the morning and more departures during the afternoon and evening like 

Stalybridge and Hyde; and those places for working like Manchester central with more arrivals in the morning 

and more departures in the afternoon. 

 

 

 

Figure 3.23: Arrivals and departures per each constituency by hour 

 

3.2.2.3 TRIP MOTIVATION 

To discover the trip motivation for the flows observed, an analysis of different indicators related with population 

and jobs in the different constituencies has been performed. The parameters evaluated are shown in Figure 

3.24. 
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Figure 3.24: Constituency statistics for different parameters related with population and jobs 
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Merging the information from these parameters and the flows among the different constituencies, it is feasible 

to identify the trips motivation. In Table 3.4, the flows with more trips are shown together with the highlight job 

properties for each constituency. Constituencies that do not match with any highlighted job are considered as 

residential. With this information, knowing which constituencies have more job activity and the type of job, it is 

possible to understand certain flows and its motivation, especially to determine whether or not a constituency 

is residential. 

 

Table 3.4: Main flows by origin/destination and the highlight job properties for such constituencies 

Distance 

context 

Origin/Destination Highlight jobs 

properties 

Destination/Origin Highlight jobs properties 

short Wigan (25) Manufacturing Makerfield (14) Residential 

short Salford and Eccles (21) Wholesale Manchester Central 

(15) 

Practically in all fields 

short Wythenshawe and Sale 

East (27) 

Transport & storage Stretford and Urmston 

(24) 

Wholesale, entertainment, 

manufacturing 

short Bolton North East (4) Residential Bolton South East (5) Manufacturing 

Medium Leigh (13) Residential (low 

manufacturing) 

Salford and Eccles 

(21) 

Quite populated, public 

administration, manufacturing, 

wholesale 

Medium Stalybridge and Hyde 

(22) 

Residential Manchester Central 

(15) 

Practically in all fields 

Medium Heywood and Middleton 

(12) 

Manufacturing Blackley and 

Broughton (3) 

manufacturing 

Medium Wythenshawe and Sale 

East (27) 

Transport & storage Hazel Grove (11) Residential 

Long Leigh (13) Residential (low 

manufacturing) 

Rochdale (20) Quite populated, manufacturing 

Long Stockport (23) Manufacturing, and 

mining 

Rochdale (20) Quite populated, manufacturing 

Long Stretford and Urmston 

(24) 

Wholesale, 

entertainment, 

manufacturing 

Rochdale (20) Quite populated, manufacturing 

Long Oldham West and 

Royton (19) 

manufacturing Leigh (13) Residential (low manufacturing) 

 

3.2.3 PUBLIC TRANSPORT ANALYSIS – METROLINK 

Metrolink is the light train public transport that covers the metropolitan area of Greater Manchester. In this 

section, the data available for this service has been analysed. 

3.2.3.1 DESCRIPTIVE DATA ANALYSIS 

The dataset contains the tickets sold, aggregated by month, with origin and destination for each station of 

Metrolink for a total of 93 stations. Maps are depicted in Figure 3.25. In 2018, 8.03M tickets were sold, which 

is translated to a total of 22,000 daily tickets in the network and 185 tickets per stations and day. 
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Figure 3.25: Metrolink network and stations 

Figure 3.26 displays the histogram of the estimated daily Metrolink user by distance travelled. The average 

distance is 6.0 km. 

 

 

 

Figure 3.26: Histogram of the estimated daily Metrolink users by distance travelled 

 

3.2.3.2 ORIGIN-DESTINATION MATRIX BY CONSTITUENCIES 

The OD matrix has been created for Westminster parliamentary constituencies (December 2017). There are 

27 for Greater Manchester, listed below: 

Table 3.5: List of parliamentary constituencies in Greater Manchester 

1 Altrincham and Sale West  10 Denton and Reddish 19 Oldham West and Royton 

2 Ashton-under-Lyne  11 Hazel Grove  20 Rochdale 

3 Blackley and Broughton  12 Heywood and Middleton  21 Salford and Eccles  

4 Bolton North East  13 Leigh 22 Stalybridge and Hyde  

5 Bolton South East  14 Makerfield 23 Stockport 

6 Bolton West  15 Manchester Central  24 Stretford and Urmston  

7 Bury North  16 Manchester, Gorton  25 Wigan 

8 Bury South  17 Manchester, Withington  26 Worsley and Eccles South 

9 Cheadle 18 Oldham East and Saddleworth  27 Wythenshawe and Sale East 

 

The main flows for the Metrolink users are shown in Figure 3.27. It is observed that Metrolink not only links 

nearby municipalities with Manchester, but it is also improving their self-connection as it is manifest for the 7-

8 region correspondents to Bury. Another important connection out of Manchester is the northeast part 

corresponding to Oldham and Rochdale (18-20). The most relevant connections with Manchester Central are 

involving South of Manchester (24-27 Stretford and Urmston and Manchester Withington) and west area of 

Salford and Eccles (21). The larger self-contained flows happen in Manchester Central with around 800 daily 

users, followed by Rochdale and Bury South in South Manchester. 
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Figure 3.27: Metrolink users' flow at parliamentary constituency level 

 

The information contained in the map of the flows among the constituencies is represented as OD matrix in 

Figure 3.28. 

 

Figure 3.28: OD matrix for the Metrolink at parliamentary constituency level 

 

The absolute value and percentage share of the annual departures and arrivals are shown in Figure 3.29 and 

Figure 3.30, respectively, in order to visualize the way that users travel from and to each constituency. 

Manchester Central leads both departures and arrivals and, overall, the departures are much noticeable from 

the rest. Therefore, it can be noted that Manchester Central is playing the hub role. Almost for all the 

constituencies, users are going to distances longer than 6 km, except Wythenshawe and Sale East, Stretford 

and Urmston, Denton and Reddish, and Blackley and Broughton. In terms of arrivals, the flows are very 

distributed, and follows almost same patterns than departures in terms of range distance share. 

 

Figure 3.29: Annual departures share and total per each constituency in terms of distance range 
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Figure 3.30: Annual arrivals share and total per each constituency in terms of distance range 

 

Figure 3.31 shows the differences between arrivals and departures for each constituency in terms of distance 

range. One can observe that Manchester Central has more daily departures than arrivals. On the other side 

Worsley and Eccles South, Stretford and Urmston, Salford and Eccles and Bury North have more daily arrivals 

than departures, which lead to the conclusion that people use Metrolink to get to these areas but tend to use 

other transport modes to leave. These asymmetries in arrivals and departures would be very interesting to 

study in conjunction with other transport modes as bus and train to understand their origin. 

 

 

Figure 3.31: Difference of arrivals and departures per constituency in terms of distance range 

3.2.3.3 ORIGIN-DESTINATION MATRIX PER STATION 

The annual flows of passengers among the station have been divided by the range of the travel distance. 

Figure 3.32 shows the 50 most important flows by origin and destination.  
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Figure 3.32: Metrolink flows per year 

 

It is observed that most of the trips correspond to mid-short distance from 3 to 6 km. Besides, the intensity of 

the fluxes is very noticeable for outskirts areas like Bury and Altrincham, but also the interaction between them 

and the city centre (Piccadilly). 

In the maps from Figure 3.33, the major annual flows intensities among the station for each distance regimes 

considered are presented. For short trips up to 3 km, the most important flows are between the centre of 

Manchester and east-centre of Manchester and within the Altrincham area. For those from 3 to 6 km, the major 

flows are Bury-Radcliffe, Altrincham area and Manchester centre with west-centre. For the mid-long up to 10 

km, the major flows are Stretford-Altrincham, Bury area and Manchester central with Eccles, Stretford area, 

Ashton-under-Lyne and Cheadle. For the long trips those flows connecting Manchester with Bury and 

Altrincham are very important. 

 

 

Figure 3.33: Metrolink flows per stations classified by distance range 

From a point of view of the stations, Figure 3.34 shows the departure and arrival difference flow for each 

station. The stations with an excess of departures are depicted in blue and those with an excess of arrivals in 

pink. The image on the left shows the absolute value and the right one the relative (departure minus arrivals 

over the sum of them). In both images there is an important asymmetry with those stations form Central London 

having more departures than arrivals and vice versa for the stations in Central Manchester west and east. As 
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mentioned previously, an analysis in conjunction with other transport modes would likely illustrate the cause 

of these differences in an accurate manner. 

 

 

Figure 3.34: Arrivals and departures difference by station in absolute value (left) and in relative value 

(right) 

 

In the following images, see Figure 3.35, there are shown which are the connections for the stations with more 

than the 60% of departures/arrivals with respect to all their activity. For the departures one can observe that 

the origin of the departures are coming from Central Manchester stations and the very important Radcliffe 

station. For arrivals one can notice the relevance of the west and east central Manchester as wells as the 

Altrincham and Bury stations. 

 

 

 

 

Figure 3.35: Metrolink stations with more than 60% of departures (left) and with more than 60% of 

arrivals (right) 

 

3.2.3.4 TRIP MOTIVATION 

In line with the same method previously presented in las section for traffic data, to relate trips with area typology 

and so figure out what could be the motivation of the trip, for the Metrolink main flows is obtained the following 

outcome. 

 

Table 3.6: Main flows detected by origin/destination and the highlight jobs properties for such 

constituencies 

Origin/Destination Highlight jobs 

properties 

Destination/Origin Highlight jobs properties 

Manchester Central 

(15) 

Practically in all fields Manchester, Withington (17) Residential 
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Manchester Central 

(15) 

Practically in all fields Wythenshawe and Sale East 

(27) 

Transport & storage 

Manchester Central 

(15) 

Practically in all fields Stretford and Urmston (24) Wholesale, entertainment, manufacturing 

Manchester Central 

(15) 

Practically in all fields Salford and Eccles (21) Quite populated, public administration, 

manufacturing, wholesale 

Bury South (8) Residential Bury North (7) manufacturing 

 

3.3 MANCHESTER – PILOT ANALYSIS 

Within the pilot analysis of the Greater Manchester Living Lab, 2 surveys have been scrutinized (sections 3.3.1 

and 3.3.2) in order to find the participant’s profiles and feelings about mobility in GM (transport mode, 

multimodality, web/apps usage, schedule preferences etc.). Finally, the purchases from the Pilot App have 

been analysed (section 3.3.3). 

3.3.1 SURVEY DATA PRE-TRIAL 

The pilot survey has been carried out with workers at Manchester Airport that live in different parts of the 

Greater Manchester Area. The number of respondents is 34. 

 

Figure 3.36 shows the gender, cars by household and working hours flexibility of the survey respondents. It 

can be noted that both genders are almost equally represented, that most of the respondents have at least 

one car in their household (70%) and at least some flexibility at work (79%). 

 

 

Figure 3.36: Gender, Cars by household and working hours flexibility 

 

Figure 3.37 shows the commuting travel mode and time travel of the airport workers. The most common travel 

mode is car with 26% of share, followed by train and bicycle with 16% and 13% respectively. It is to be noted 

that only 10% of the workers use the bus, due to bad connectivity of this mode of transport with the airport. 

Regarding time travel, it is to be noted that 46% of the workers take less than 30 minutes to get to the airport, 

which means that they live relatively close. 

  

From Figure 3.38, it can be inferred that the longest part of the trip for workers is by car for most of the users 

(46%), whereas train is also quite significant with 21% of the share.   

45%
55%

Gender

female male

12%

58%

30%

Cars by household

none 1 2

21%

67%

12%

Working hours flexibility

fix some flexibility entirely flexible
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Figure 3.37: Commuting travel mode and time travel 

 

 

Figure 3.38: Mode for the longest distance part of the trip 

 

As for respondent feeling about commuting, it is to be noted from the survey that major feelings about 

commuting are negative (Figure 3.39). Regarding car users, this negativity is caused by anxiety and stress 

related to traffic jams. On the other side, positive feelings like calm or relax are more related to bicycle users. 

From Figure 3.39 it can also be inferred that 32% of workers changed their mode of transport during the last 

year. This creates the idea that workers are quite willing to change their mode of transport and that there is 

fluctuation among the different modes. 

 

 

Figure 3.39: Feeling about commute 

 

On the subject of multimodality, it is shown in Figure 3.40 that only 11% of the workers do not perform 

multimodal trips during the week, and 28% do it occasionally. However, only 20% of the users perform daily 

multimodal trips, which suggests that workers try to avoid multimodality.  
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Figure 3.40: Multimodal travels 

 

Figure 3.41 shows the respondents’ importance of different attributes of the transport mode used for 

commuting. It is to be noted that reliability is clearly extremely important for most of the users, as well as safety 

and flexibility. Other attributes with a lot of importance are cost, total travel time and minimum commutations. 

Therefore, the factors that are less important are the opportunity to exercise and the multipurpose journey. 

 

Figure 3.41: Importance of attributes of modes of transport 

The relevance of several factors is shown in Figure 3.42.The most relevant factors are delays/disruptions, work 

commitments and weather conditions, being the first extremely relevant in most cases. As expected, work 

commitment is at least somewhat relevant for 93% of the users. Noteworthy is that traffic congestion is 

significantly less relevant than delays/disruptions in general terms, which suggests that traffic congestion is 

more expected and is already accepted by car users. The other factor that is fairly less relevant compared to 

the others is family commitment.  

 

Figure 3.42: Relevant factors when commuting 

Nowadays, it is very usual to use web or apps to know the best commuting option. As shown in Figure 3.43, 

94% is using it somewhat, and 72% uses it often or always. Regarding the type of App, the most used App is 

Google Maps (25%), followed by National Rail (13%) and Trainline (10%).  
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Figure 3.43: Web/App usages 

 

A question in the survey asked about the main vision about travelling around Greater Manchester (Figure 

3.44), and the major response was congested (33%). Besides, all the negative terms (congested, dangerous, 

expensive, delays, difficult) got 68% of the responses. On the other hand, though, 50% of the respondents are 

satisfied with their travel experience, and 27% are neutral. 

 

Figure 3.44: Travelling description and satisfaction 

On the field of Public Transport, 60% responded with negative outcome, being expensive, congested and 

delays the most common responses. However, similarly to general travel experiences, 61% are satisfied with 

PT in Greater Manchester (Figure 3.45). 

 

Figure 3.45: PT description and satisfaction 

The respondents were also asked what to choose if they had to change something in the PT services, as 

shown in Figure 3.46. Increase reliability was the first option with 25% of responses, followed by lowering fares 

with 22%.  
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Figure 3.46: First thing users would change about PT 

 

Walking to complete journey is possible or very possible for 94% of the respondents. Electric car is also another 

option that is possible for many users. On the other hand, bus is impossible or quite impossible for almost 50% 

of the users.  

 

Figure 3.47: Modes to switch to complete journey 

 

The awareness of PT options available for a journey has been analysed and represented in Figure 3.48. 88% 

of the respondents are somewhat aware of PT options available. 64% of the respondents are aware or very 

aware. 

 

Figure 3.48: Awareness of PT options 

When asked about expectations when travelling on PT (Figure 3.49), the responses clearly showed that “cost 

being too expensive” and “reliability and punctuality” are the most expected factors. Other expectations that 

were quite picked are “overcrowded”, “being late at work” and “no seats available” (which matches with being 

overcrowded). From these responses, it can be inferred that PT is considered as expensive and crowded but 

either way reliable. As for factors not expected in PT, “not helpful staff”, “safety concerns”, “poor information”, 

“difficult to find”  and “uncomfortable” are the ones which have been less selected. Therefore, PT is considered 

by the respondents to be easy to find, safe, with good service and comfortable. 
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Figure 3.49: Expectations when using PT 

 

Figure 3.50 shows which aspects prevent respondents from changing the way of travelling. The most 

significant aspects are the feeling of PT being too expensive, lack of PT nearby and reliability of services. In a 

second level of importance, there are the need for flexibility and the level of crowding. 

 

Figure 3.50: Factors that prevent to change transport mode 

3.3.2 SURVEY DATA SCREENING DATA 

As part of the pilot, a second survey was carried out for participants who would be able to use the app, in order 

to know better the profile of the potential users. The total number of respondents for this survey was 63 and, 

as in the previous survey, they were all Manchester Airport workers. 

3.3.2.1 PARTICIPANTS’ PROFILE 

Figure 3.51 shows the age and the annual income of the respondents. It is to be noted that 72% of the potential 

app users are between 25 and 44 years old. Regarding the annual income, 49% have between £25k and £50k, 

17% less than £25k and 26% more than £50k.    

    

Figure 3.51: Participants’ age and annual income 
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Figure 3.52 displays the income composition for each age group. The major group (25 to 34 years old) shows 

mainly incomes between £25k and £50k. Ranges 35-44 and 45-54 years old show similar income distributions. 

 

 

Figure 3.52: Number of users by age and its composition by income range 

3.3.2.2 MODE OF TRANSPORT  

The destination for all users is the same and known (Manchester Airport), and their home postcode is also 

known. Figure 3.53 represents both origin and destination for all the survey respondents.  

 

Figure 3.53: User's origin (red tip) and destination (blue tip) 

Figure 3.54 shows the age and income composition by distance distribution of users. It can be noted that 

around 50% workers tend to live maximum 10 km from the airport and those with higher salaries tend to live 

closer to the airport. As for age range, the youngest and oldest groups live mainly up to 5 km from the airport 

and the second youngest (25 to 34 years old) mainly up to 25 km from the airport. 

 

Figure 3.54: Age and income composition by distance distribution of users 

3.3.2.3 USAGE OF MODE OF TRANSPORTS 

The mode of transport used by the respondents is shown in Figure 3.55. It is important to note that 27% of the 

respondents’ travel walking or running and 25% travel by car. As for PT, train, bus and metro have 37% of 

usage.  
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Figure 3.55: Mode of transport for commuters to the airport 

 

Figure 3.56 shows a detailed evaluation of the mode of transport for different age and income groups, excluding 

“walk/run” and “other”. For incomes from £15k to £25k, car is the main mode followed by train. For the case of 

incomes from £25k to £50k car is again the most used mode, followed by metro for ages from 20 to 54 and 

train for ages more than 54. For incomes higher than £50k, it is worth noting that for ages from 20 to34, the 

most used mode is train, followed by bus and with only around 5% of car. However, for ages from 35 to 54, 

car is again the most used mode followed by metro. 

 

 

Figure 3.56: Mode of transport by age and income 

3.3.2.4 SCHEDULE PREFERENCES 

In terms of work schedule for different salary groups, it can be inferred from Figure 3.57 that salaries under 

£25k tend to work variable or fixed shift patterns, whereas typical working day (e.g. 9-5) and flexible schedules 

appear for salaries over £25k.  

 

Figure 3.57: Work schedules for each salary group 

 

For each age group except 60-64 years old, the major work schedule is typical working day (e.g. 9-5). For 

younger groups, there is more diversity in schedules (flexible schedules or fixed and variable shift patterns), 

as shown in Figure 3.58.  
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Figure 3.58: Work schedules for each age group 

 

Finally, Figure 3.59 shows the work schedule distribution for each commuting distance group. Each distance 

group shows as predominant the typical working schedule (9-5) and most of them show flexible schedule as 

the second most common schedule. Also,  71% of variable shift patterns workers live from 15 to 20 km from 

work. 

 

Figure 3.59: Work schedules for each distance group 

3.3.3 PILOT APP PURCHASES ANALYSIS 

Purchases made through the Pilot App are analysed in this section. The log of purchases shows 103 bookings 

by 11 users. The attributes of the data set are user id, booking id, journey id, booking origin and destination 

address, booking type, booking start and end datetime, duration and cost of travel. Figure 3.60 shows the 

statistics of the users and trips booked. 

 

Figure 3.60: Booking trips for each user (left) and histogram of user per booking trips (right) 

 

Figure 3.61 shows the map with the origin and destination of each trip booked through the App. It can be 

inferred that most of the trips were booked from or to the city centre.  
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Figure 3.61: Booking trips' origin (red tip) and destination (blue tip) 

Table 3.7: Average time, distance and costs for each transport mode shows the booked trips average time, 

distance and cost for each transport mode. It can be noted that train and tram are the most used modes and 

that train users use half of the time than tram users and double distance, with a slightly lower cost. 

Local link is an on-demand service created for this pilot and offers a flexible transport service for local journeys 

in areas where pubic transport services are limited. The service runs 24 hours a day and journeys can be 

booked between 1 hour and 7 days before and users will be picked up within ten minutes before or after of the 

agreed pick up time. This service is available to everyone and it can be used to connect the user to any bus 

stop, tram stop or train station within the service areas (Figure 3.62). 

 

Mode Trips Average time (min) Average distance (km) Average cost (£) 

Train 35 23 10.6 2.15 

Tram 32 45 5.7 2.53 

Local Link 20 Unknown 2.3 Unknown 

Bus 15 43 5.8 2.10 

Car Club 1 120 Unknown 15.11 

Table 3.7: Average time, distance and costs for each transport mode 

 

 

Figure 3.62: Service areas for the Local Link service 

 

The activity of the App bookings, from 20th of August to 15th of November of 2019, is shown in Figure 3.63. It 

can be inferred that booking frequency grows significantly after October.  
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Figure 3.63: Booking activity by day 

Figure 3.64 shows the average trips for each time of the day. It can be noted that local link is especially used 

during late night, when main PT services are not active. On peak hours (8-9 am and 4-6 pm) the activity is 

significantly higher with train predominance, followed by bus.  

 

Figure 3.64: Average trips by hour of the day 

 

The most frequent trips booked in the App are Woodley to Manchester Piccadilly, Manchester Piccadilly to 

Woodley and Ullswater Road Wythenshawe to Manchester Airport, as shown in Figure 3.65. 

 

 

Figure 3.65: Frequency for main O-D trips 

 

Figure 3.66 shows the number of uses for each mode and by users. As mentioned before, train and tram are 

the most common modes.  
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Figure 3.66: Number of uses for each transport mode by users 

 

Finally, in Figure 3.67, the purchase shares for each transport mode are displayed. It can be noted that Train 

is the most booked mode with 34% of share, followed by tram with 31% and the most innovative mode Local 

Link, which has a 19% of bookings. 

 

 

Figure 3.67: Use share for each transport mode 

 

3.4 MANCHESTER - LIVING LAB CONCLUSIONS 

Within this section, the main conclusions of the results from the Greater Manchester Data Analytics tasks, will 

be identified and described in the following points:  

 

• Mobike (section 3.2.1): 
- The flow within Manchester areas has been analysed, with the conclusion that the main activity 

happens within Manchester city centre, with similar patterns for all the time slots analysed.  

- Dockless bikes are difficult to maintain, since the bikes have very long idle times in the edge of the 

coverage area. 

- Commuters’ use of the service is limited due to long distances and poor availability of the service. 

• Traffic (section 3.2.2): 
- Several traffic beacons, spread along Greater Manchester roads, have been able to record when a 

vehicle passes by, via Bluetooth. Note that distinction between different types of vehicles was not 

available. 

- Recorded data leads to regular city traffic activity in terms of schedule. 70% of the trips are shorter 

than 5 km. Therefore, it can be inferred that there are no other attractive options in order to perform 

short trips. 

- 46% of the cars appear in the records more than 3 times a week. Hence, it can be noted that cars are 

regularly used in GM.  

34%

31%

19%

15%
1%

Train

Tram

Local Link

Bus

Car Club
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- Commuting is completely related to traffic flows, since 85% of the GM workers use car in order to 

commute. 

• Metrolink (section 3.2.3): 
- There is asymmetry between arrivals and departures. There are more departures in Manchester 

central and more arrivals in other areas, especially Bury and Altricham. A study complemented by data 

sets from Train and Bus would help to comprehend this asymmetry.  

- Average trip by Metrolink is 6 km. And most of the trips correspond to mid-short distance, from 3 to 6 

km.  

- The most important flows in the city are between Manchester city centre and east centre of Manchester 

and Altrincham. Long trips mainly connect Manchester with Bury and Altrincham. 

• Survey (sections 3.3.1 and 3.3.2): 
- 46% of the participants are not happy with their commuting experience. 

- Although just 11% of the participants never perform multimodal trips, only 20% do it daily. 68% have 

not changed their mode of transport during last year. 

- Participants do not rely much in PT. Although half of them are satisfied with PT, their description of 

the PT experience is mainly negative. The declare that there are delays, lack of punctuality, no 

convenient routes, overcrowded, with not enough seats. It can be inferred that service level of PT 

should be improved. 

- PT in GM has a small coverage and it is perceived more expensive compared to other cities in the UK. 

- Perception is that traffic in Greater Manchester is very congested, but users still prefer using the private 

car due to the lack of connectivity with PT. 

• Bookings (section 3.3.3): 
- Local Link services have been enhanced with the booking App. PT in GM is very rigid, so having a 

flexible service like local link is very well considered by GM inhabitants. In several scenarios, Local 

Link is a more feasible option than designing new traditional and inflexible bus routes. 

- Participants are used to travel using the private car and transport modes that use the road, so Local 

link is very well perceived.  

- Local link is potentially a better option than car sharing. The potentiality of aggregating users by zip 

codes divisions is more sustainable than car sharing strategies, especially considering traffic 

congestion. 
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4 BERLIN LIVING LAB 
Berlin as one of the main cities in Germany has been chosen as one of the LLs aiming to connect different 

transport operators available in the city in the Urbi’s MaaS platform.  

The data available in this living lab were from different operators including bike sharing (Callabike, Nextbike), 

car sharing (Car2go, Driveby and Drivenow) and scooter sharing (Emio and Coup) (section 4.1).  

 

The study differentiates between two analyses: context analysis (section 4.2) and pilot analysis (section 4.3).  

 

Within the context analysis, an operational area analysis of each mobility service has been carried out (4.2.1). 

It has been compared with the district population analysis to understand the service coverage of each operator 

in each district. 

 

The second context analysis has been carried out to better understand the Mobility Flows generated by the 

vehicle sharing services. Two types of data have been differentiated: data with origin-destination parameters 

(section 4.2.3) and data without destination (section 4.2.4).  

In both studies, the airport trips, the in-district trips and the general district-to-district trips within Berlin city have 

been analysed.  

 

Finally, the pilot analysis has been focused on the start-end time trip location analysis, the trips’ duration and 

the cost analysis, and also the parking analysis (section 4.3). 

 

4.1 BERLIN – DATA AVAILABLE 

 

Seven datasets have been available for the Berlin context analysis including data from bike sharing, car 

sharing and scooter sharing services. Table 4.1 shows the service providers of each dataset, the shows us 

the start and end dates of the datasets and the intersection time interval per each mobility service category.  

 

Table 4.1: Datasets service providers – context data 

Mobility Service Service provider 
Data available 

intervals 

Intersection time 

interval 

Bike Sharing 

Callabike 
19/04/2018 

12/08/2019 19/04/2019 

12/08/2019 
Nextbike 

23/04/2017 

12/08/2019 

Car sharing 

Car2go 
16/09/2016 

10/08/2019 

19/05/2017 

10/07/2018 
Driveby 

19/05/2017 

12/08/1019 

Drivenow 
19/09/2016 

10/07/2018 

Scooter sharing 

Emio 
17/09/2016 

12/08/2019 10/03/2017 

12/08/2019 
Coup 

10/03/2017 

12/08/2019 
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4.1.1 BIKE SHARING 

• Callabike 
There are 43 unique users with more than 213 observations and in general. There are no check out data. The 

maximum number of observations in a day is 5 (from different users) and the average individual usages is 4,9. 

There are three significant users (in case of user behaviour analysis), with more than a few 

observations:Significant user 1: 49 observations 

- Significant user 2: 22 observations 

- Significant user 3: 28 observations 

 

Figure 4.1 shows the starting trip hour temporal distribution. The most significant peak is at 4pm probably 

related with leisure activities or early office leavers. Other significant trips such as 8am, 5pm and 7pm can be 

related to the purpose of going or coming back from the office.  

 

Figure 4.1: Start hour distribution - Callabike 

• Nextbike 
This dataset has partially the destination related data, that will be used for the OD analysis. There are 98 

unique users with more than 623 observations (78 of them don’t have destination related data). The maximum 

number of observations in a day is 10 (from different users) and the average individual usage is 6,357. The 

maximum number of usages from one user is 51 times.  

 

Figure 4.2 shows that Nextbike is used in late afternoon with a peak at 5 pm. There is no peak in the 

morning. People do not use this service a lot in the morning to go to work, but they may use it for after-work 

trips.   

 

Figure 4.2: Start hour distribution - Nextbike 
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• Overall bike sharing intersection analysis 
 

Figure 4.3 shows the overlapped time intervals of bike sharing services. Within this interval, bike sharing data 

does not include many observations: 

- Callabike: 213 observations for almost 1 year and 4 months period. 

- Nextbike: 623 observations for almost 2 years and 4 months period.  

 

The data set is not big enough to have some meaningful analyses. Thus, the bike sharing data cannot be 

individually analysed, but it can be used as a complementary data set for the combined data analyses.  

 

 

Figure 4.3: Overlapped time intervals of bike sharing services 
 

4.1.2 CAR SHARING 

 

• Car2go 
This dataset has partially the destination related data. There are 1434 unique users with more than 23034 

observations in total (10373 observations don’t have destination related data. The maximum number of 

observations in a day is 158 (from different users) and the maximum usage of a car2go vehicle is 22.6 hours. 

The average individual usage is 16,06.  

 

Figure 4.4 shows that the hour distribution of Car2go usage has two peaks that can be called regular daily 

peaks. The first peak appears in the morning by starting at 6 am and ending at 9 am, it seems to be related to 

the morning routines of going to work. The second peak appears at 4 pm and ends at 7 pm. This is also related 

to the evening routines of leaving the offices.   
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Figure 4.4: Start hour distribution - Car2go 
 

• Driveby 
In this dataset there is the end-time of the Driveby trips but there isn’t the end latitude and longitude of the 

trip’s ending. There are 320 unique users with 1579 observations in total. The maximum number of 

observations in a day is 13 (from different users) and the individual usage average is 4,9. The maximum 

number of usages from one user is 106 times. 

  

Figure 4.5 shows the two significant peaks: one related to the morning routines, the other one related to after-

work routines. We can assume that this service might be used for home-to-work and/or work-to-home trip 

purposes.  

 

Figure 4.5: Start hour distribution - Driveby 
 

 

• Drivenow 
This dataset doesn’t have the end latitude and longitude, but it has the end time. There are 940 unique users 

with more than 9633 observations. The maximum number of observations in a day is 66 (from different users) 

and the individual average usage is 10,25. The maximum number of usages from one single user is 402 times. 

Figure 4.6 shows that there are two peaks: one related to the morning routines, the other one is for after-work 

trips. The second peak appears at 4 pm including 5 pm and 6 pm. We can interpret this in such a way that 

people use this service more often for after-work trips.  
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Figure 4.6: Start hour distribution - Drivenow 

• Overall car sharing intersection analysis 
 

Figure 4.7 shows that Driveby has generally limited data. On the other hand, Car2go and Drivenow share 

similar distribution until the last quarter of 2017. Then, Car2go has a significant increase. Another point is that 

when Car2go has really limited data in the second quarter of 2018, Drivenow covers its gap as a 

complementary piece.  

 

 

 

Figure 4.7: Overlapped time intervals of car sharing services 

 

Car sharing data consist of enough observation amount for the analysis, one of the key issues is not to have 

datasets that can be intersected and provide meaningful outputs for all the companies in the same time interval: 

 

- Car2go: 23034 observations for almost 3 years. 

- Drivenow: 9633 observations for 1 year and 10 months. 

- Driveby: 1579 observations for 1 year and 3 months. 

4.1.3 SCOOTER SHARING 

 

• Emio 
This dataset doesn’t have the end latitude and longitude, but there is the end time. There are 534 unique users 

with 4998 observations in total. The maximum number of observations in a day is 66 (from different users) and 

the individual average usage is 9,36. The maximum number of usages from one user is 402 times. 
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Figure 4.8 highlights that this service is also used for early morning (6 am) frequently as well as the after-work 

routines.  
 

 

Figure 4.8: Start hour distribution - Emio 
 

 

• Coup 
This dataset doesn’t have the end latitude and longitude, but there is the end time. There are 542 unique users 

with 4304 observations. The maximum number of observations in a day is 22 (from different users) and the 

individual average usages is 7,9. The maximum number of usages from one user is 294 times. 

 

Figure 4.9 shows that Coup service is also used frequently for early morning hours (6 am) as well as the after-

work routines. In this case, there is also high usage for the afternoon (3 pm). 

 

 

Figure 4.9: Start hour distribution - Coup 

 

• Overall scooter sharing intersection analysis 
 

Figure 4.10 shows that Emio and Coup have similar data distribution that follows very similar seasonality for 

each year.  

If the gaps in scooter sharing data are compared with the car sharing data, it will be seen that the peak in car 

sharing data matches with the first gap in scooter sharing data. In other words, it is difficult to have a combined 

analysis using car and scooter sharing data.  
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Figure 4.10: Overlapped time intervals of scooter sharing services 

 

As a summary of the intersection analysis, Scooter operator datasets overlap by following very similar 

distributions. Bike sharing operator datasets partially overlap, whereas car sharing operator datasets 

distributions vary and complete each other’s gap. For these reasons, we eliminate the possibility to have a 

combined analysis for whole companies from different types of services.  

4.2 BERLIN - CONTEXT ANALYSIS 

In this section, an operational area analysis of each mobility service has been carried out (4.2.1). It has been 

compared with the district population analysis to understand the service coverage of each operator in each 

district. 

The second context analysis has been carried out to better understand the Mobility Flows generated by the 

vehicle sharing services. It has been differentiated two types of data: data with origin-destination parameters 

(section 4.2.3) and the ones without destination data (section 4.2.4).  

In both studies, it has analysed the airport trips, the in-district trips and the general district-to-district trips within 

Berlin city.  

4.2.1 OPERATIONAL AREA AND DISTRICT RELATIONS  

The approach that has been followed to analyse the operational area coverage in each district is based on 

Table 4.2. This table will be used to interpret the combinations of the districts and the operating areas. If the 

degree is “None”, it means that there is no intersection between the operating area and the district. In other 

words, the company does not operate in that specific district in the city.   

Table 4.2: Coverage degrees 

DEGREE MEANING 

1 None 

2 Low 

3 Medium 

4 High 

5 Full 

 

4.2.1.1 BIKE SHARING 

• Callabike 
The operation area of Callabike has been plotted based on the bike stations locations in Berlin (Figure 4.11).  
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Figure 4.11: Intersection of operation area of Callabike and districts 

 

 

Table 4.3: Level of Callabike operation coverage per district 

DISTRICT ID DISTRICT NAME CALLABIKE 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSDORF 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 1 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 1 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 4 

12 TEMPELHOF-SCHONEBERG 2 

 

Table 4.3 highlights that Callabike does not operate in District 1, District 6, District 7, District 8 and 9. The 

districts with high coverage are District 10 and 11. 

 

• Nextbike 
The operation area of Nextbike is more focused in the Berlin city centre. Figure 4.12 shows the shapefile of 

this area defined based on the Nextbike stations.  
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Figure 4.12: Intersection of operation area of Nextbike and districts 

 

Table 4.4: Level of Nextbike operation coverage per district 

DISTRICT ID DISTRICT NAME NEXTBIKE 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSDORF 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 1 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 1 

10 MITTE 3 

11 FRIEDRICHSHAIN-KREUZBERG 4 

12 TEMPELHOF-SCHONEBERG 2 

 

Table 4.4 shows that Nextbike does not operate in District 1, District 6, District 7, District 8 and 9. The district 

with high coverage is District 11. 

 

• Overall bike sharing 
 

Overall, Figure 4.13 shows the operational area coverage of all bike sharing companies in Berlin districts. The 

result of combining Callabike and Nextbike operating areas (Table 4.5) does not change anything  in District 

1, District 6, District 7, District 8 and 9. The districts with high coverage are District 10 and 11 thanks to 

Callabike’s borders. 
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Figure 4.13: Operational area of Bike sharing companies and districts 

 

Table 4.5: Operation level of bike sharing providers 

DISTRICT ID DISTRICT NAME CALLABIKE + NEXTBIKE 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSDORF 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 1 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 1 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 4 

12 TEMPELHOF-SCHONEBERG 2 

 

4.2.1.2 CAR SHARING 

• Car2go 
Car2go is the operator that has the largest operation area in our datasets. The area includes also some small 

areas that are disconnected from the main operation area. The shapefile of the Car2go operating area is from 

the Car2go’s official website and probably, it is not updated since the Car2go data includes some from or to 

the airport (Schönefeld Amt Schönefeld) that is located outside of Berlin district borders.  
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Figure 4.14: Intersection of operation area of Car2go and districts 

 

Table 4.6: Level of Car2go operation area 

DISTRICT ID DISTRICT NAME CAR2GO 

1 REINICKENDORF 2 

2 CHARLOTTENBURG-WILMERSDORF 3 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 3 

6 LICHTENBERG 3 

7 MARZAHN-HELLERSDORF 2 

8 SPANDAU 2 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 5 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 4 

 

Table 4.6 shows that Car2go operates in each district with different levels of coverage from low to full. The 

districts with full coverage are District 10 and 11, whereas District 12 has high coverage. 

 

• Driveby 
Driveby is the operator that has the second-largest operation area after Car2go in our datasets. The area 

includes also some small areas that are disconnected from the main operation area.  
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Figure 4.15: Intersection of operation area of Driveby and districts 

 

Table 4.7: Level of Driveby operation area 

DISTRICT ID DISTRICT NAME DRIVEBY 

1 REINICKENDORF 2 

2 CHARLOTTENBURG-WILMERSDORF 3 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 2 

7 MARZAHN-HELLERSDORF 2 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 3 

 

Table 4.7 shows that Driveby does not operate in District 8. The district with full coverage is District 11, whereas 

District 10 has high coverage. 

 

 

• Drivenow 
Apart from the centre, the operation area of Drivenow also covers some other areas in the city. The area 

includes also some small areas that are disconnected from the main operation area.  
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Figure 4.16: Intersection of operation area of Drivenow and districts 

 

Table 4.8: Level of Drivenow operation area 

DISTRICT ID DISTRICT NAME DRIVENOW 

1 REINICKENDORF 2 

2 CHARLOTTENBURG-WILMERSDORF 3 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 2 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 2 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 3 

 

Table 4.8 shows that Drivenow does not operate in District 7. The district with full coverage is District 11, 

whereas District 10 has high coverage. 

 

• Overall car sharing 
Car2go has a larger area than the other car sharing operators (Figure 4.17). The small disconnected areas 

from different operators overlap sometimes such as in KARLSPORST and ADLERSHOF. The other times, it 

can be even complementary such as in MARZAHN area.  
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Figure 4.17: Operational area of car sharing companies and districts 

 

Table 4.9: Operation level of car sharing providers 

DISTRICT ID DISTRICT NAME CAR2GO + DRIVEBY + DRIVENOW 

1 REINICKENDORF 2 

2 CHARLOTTENBURG-WILMERSD. 3 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 3 

6 LICHTENBERG 3 

7 MARZAHN-HELLERSDORF 2 

8 SPANDAU 2 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 5 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 4 

 

Combination of Car2go, Driveby and Drivenow operating areas does appear in each district thanks to the wide 

coverage of Car2go. The districts with full coverage are District 10 and 11, whereas District 12 has high 

coverage (Table 4.9).  

 

4.2.1.3 SCOOTER SHARING 

 

• Emio 
The shapefile of the operating area of Emio is not public. Figure 4.18 replicates it manually to create the 

shapefile from scratch.  
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Figure 4.18: Intersection of operation area of Emio and districts 

 

Table 4.10: Level of Emio operation area 

DISTRICT ID DISTRICT NAME EMIO 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSDORF 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 2 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 2 

 

Table 4.10 shows that Emio does not operate in District 1, District 7 and 8. The district with full coverage is 

District 11, whereas District 10 has high coverage. 

 

• Coup 
The shapefile of the operating area of Coup is not public. Figure 4.19 replicates it manually to create the 

shapefile from scratch.  
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Figure 4.19: Intersection of operation area of Coup and districts 

 

Table 4.11: Level of Coup operation area 

DISTRICT ID DISTRICT NAME COUP 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSDORF 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 2 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 1 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 2 

 

Coup does not operate in District 1, District 7, District 8 and 9. The district with full coverage is District 11, 

whereas District 10 has high coverage (Table 4.11). 

 

 

• Overall scooter sharing 
 

Both of the Scooter-sharing operators’ coverage is more like in the centre of Berlin. It seems that Emio’s 

operation area is slightly bigger than Coup’s (Figure 4.20). 
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Figure 4.20: Operational area of scooter sharing companies and districts 

 

Table 4.12: Operation level of scooter sharing providers 

DISTRICT ID DISTRICT NAME EMIO + COUP 

1 REINICKENDORF 1 

2 CHARLOTTENBURG-WILMERSD. 2 

3 TREPTOW-KOPENICK 2 

4 PONKOW 2 

5 NEUKOLLN 2 

6 LICHTENBERG 2 

7 MARZAHN-HELLERSDORF 1 

8 SPANDAU 1 

9 STEGLITZ-ZEHLENDORF 2 

10 MITTE 4 

11 FRIEDRICHSHAIN-KREUZBERG 5 

12 TEMPELHOF-SCHONEBERG 2 

 

Table 4.12 shows that the combination of Emio and Coup operating areas does not appear in District 1, District 

7 and 8. The district with full coverage is District 11, whereas District 10 has high coverage.  

 

4.2.2 BERLIN DISTRICT POPULATION AND COVERAGE ANALYSIS  

 

The results of the different mobility service coverages in Berlin’s districts have been merged with the population 

density of each district to better understand if the level of coverage is directly linked with the density of 

population of the districts.  

 

Table 4.13 shows the most highly populated areas (>9%) that corresponds to District 4, 10 and 12. The highest 

population belongs to the District 4, however the average coverage here by vehicle sharing companies is 2, 

which has the label of “Low”.  The District 10 has high coverage and high population. District 12 has “Low-

Medium” coverage. 
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Table 4.13: The district population and operation area coverage in highly dense districts 

District 

ID 

District 

Name 

Population 

Percentage 

Callabike Nextbike Car2go Drivenow Driveby Emio Coup Avg. 

Coverage 

4 Pankow 10,9488736 2 2 2 2 2 2 2 2 

10 Mitte 10,2145983 4 3 5 4 4 4 4 4 

12 Tempelhof-

Schöneberg 

9,42563917 2 2 4 3 3 2 2 2.57 

 

The secondary highly populated areas analysis is represented in Table 4.14, where it includes areas between 

8%<x<9%. These areas correspond to District 2, 5 and 9. Within these areas, the operational area coverage 

is less than “Medium” level.  

Table 4.14: The district population and operational area coverage in secondary highly dense districts 

District 

ID 

District Name Population 

Percentage 

Callabike Nextbike Car2go Drivenow Driveby Emio Coup Avg. 

Coverage 

2 Charlottenburg-

Wilmersdorf 

8,76339942 2 2 3 3 3 2 2 2.43 

5 Neukölln 8,85511119 2 2 3 2 2 2 2 2.14 

9 Steglitz-

Zehlendorf 

8,09053285 1 1 2 2 2 2 1 1.57 

 

The medium level population areas (7%<x<8%) correspond to Districts 1, 3, 6, 7 and 11. In the medium level 

populated areas, District 11 has a really different characteristic than the others. It has a coverage level, which 

is quite close to the “full coverage” level, whereas the others how really low coverage levels (Table 4.15). 

Table 4.15: The district population and operational area coverage in medium level dense districts 

District 

ID 

District Name Population 

Percentage 

Callabike Nextbike Car2go Drivenow Driveby Emio Coup Avg. 

Coverage 

1 Reinickendorf 7,16112794 1 1 2 2 2 1 1 1.43 

3 Treptow-

Köpenick 

7,24531236 2 2 2 2 2 2 2 2 

6 Lichtenberg 7,85497143 1 1 3 2 2 2 2 1.86 

7 Marzahn-

Hellersdorf 

7,27071713 1 1 2 1 2 1 1 1.29 

11 Friedrichshain-

Kreuzberg 

7,59920797 4 4 5 5 5 5 5 4.71 

 

4.2.3 ORIGIN-DESTINATION FLOWS  

 

There is only (partial) destination information from Car2go (45,34%) and Nextbike (84,91%), however the 

number of bike sharing observations are not quite high (Figure 4.21). 
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Figure 4.21: Intersection data from Car2go and Nextbike 

 

Since the origin and destination points are not static stations but some locations, the district information from 

the latitude/longitude locations has been extracted using multipolygons. After this creation, it is feasible to see 

in which district the journey starts and in which district the journey ends. 

 

Figure 4.22 shows the heatmap of OD flows between districts. “NA” represents the places out of Berlin district 

borders (e.g. airport). Based on this heatmap, the following analyses have been provided: 

 

- Heatmap General Analysis 

- NA (Airport) Analysis 

- Heatmap Diagonal Analysis 

 

 

 

Figure 4.22: Heatmap of OD flows between districts 
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4.2.3.1 HEATMAP GENERAL ANALYSIS 

This study analyses the general hour distribution for destination-related data taking into account the cells that 

are not located on the red diagonal line (Figure 4.22).Table 4.16 summarises trip departures and arrivals of 

each district within each bin. 

Table 4.16: OD flows of districts for binned time intervals 

Bin Direction 1 2 3 4 5 6 7 8 9 10 11 12 

[7, 9) 

Bin 1 

Departure (O) 16 90 7 152 38 28 3 32 133 152 33 16 

Arrival (D) 9 112 23 27 22 11 0 2 24 276 106 72 

[9, 12) 

Bin 2 

Departure (O) 30 100 15 103 63 19 6 20 164 250 47 30 

Arrival (D) 20 108 14 73 32 10 0 4 54 275 155 72 

[12,16) 

Bin 3 

Departure (O) 42 133 40 145 91 28 1 8 38 359 311 95 

Arrival (D) 28 133 35 172 84 20 0 7 60 304 328 120 

[16, 19) 

Bin 4 

Departure (O) 31 175 42 177 87 28 11 49 425 327 149 31 

Arrival (D) 14 184 23 250 95 43 0 7 50 350 380 105 

[19, 22) 

Bin 5 

Departure (O) 14 104 19 147 58 20 3 60 304 239 70 14 

Arrival (D) 6 88 17 167 125 25 0 0 183 316 316 91 

[22, 7) 

Bin 6 

Departure (O) 23 93 37 199 77 41 3 41 256 259 70 23 

Arrival (D) 34 109 29 109 65 35 0 6 32 366 226 88 

 

 

• Bin 1 (from 7 to 9 h)

The District 10 has a lot of arrivals in the 

morning, and It can be related to the “going-to-

work” routine. (Work area). We can also say that 

it is dynamic in both ways (departures and 

arrivals).  

The District 4 has highly dense population, and 

the District 9 has secondary highly dense 

population. However, it seems like people 

leaving the district in the morning, and the 

number of arrivals to these districts is quite low. 

We can say that these districts are not for going-

to-work routine. (NOT work area) (Figure 4.23). 

 

Figure 4.23: Departures and Arrivals per district (Bin 1) 
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Figure 4.24: Mobility flows between districts (Bin 1) 

 

 

- District 2 and 10 seem like they are work-place related areas. They have lots of arrivals from districts.  

- District 1, 5, 6 and 9 have only significant number of departures. Since their number of arrivals are so 

low, they are not represented in the figure above. 

- District 3, 7 and 8 has no significant flow in this bin. 

- The in-between trips in District 10 and 11 have significant numbers. 

- The flow from District 4 (residential area) to the District 10 is quite significant. 

- The secondary level of significance happened in-between trips of the District 2, and the flow from the 

District 11 to 10. 

 

• Bin 2 (from 9 to 12 h) 
 

The population in the District 12 is highly dense but 

this district is not dynamic in both ways. It has more 

arrivals than departures.  

The District 4 starts to have arrivals in after 9 pm. 

The District 9 has still high number of departures, 

and low number of arrivals.  

In District 10, the number of departures increases 

significantly, and it gets really close to the number 

of arrivals. We can say that this district is getting 

more dynamic in both ways in this bin. The number 

of arrivals increased in the District 11 (Figure 4.25). 

 

Figure 4.25: Departures and arrivals per district (Bin 2) 
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Figure 4.26: Mobility flows between districts (Bin 2) 
 

- The flows from the District 11 to 10, in-between trips in the District 2 and 10 are significant. 

- The District 4 has arrivals from different districts.  

- The District 1 and 5 have only significant number of departures.  

- The District 3, 6, 7, 8 and 9 do not have any significant flow in this bin. 

 

 

• Bin 3 (from 12 to 16 h) 
 

In District 4 and 5 the number of arrivals and 

departures came closer to each other. In this bin, the 

activity in the District 9 significantly decreased. The 

District 10 is still dynamic in both ways. However, the 

number of departures is higher than the number of 

arrivals. From 7 to 9 h (bin 1), we assumed that it is a 

work area district. Thus, we can assume that people 

go for lunch or they leave their offices if they start to 

work around 7 am. The District 12 becomes very 

balanced based on its similar departure and arrival 

numbers. The district 11 has high number of arrivals 

and departure in this bin. We can say that there are 

working areas also in this district, but people also move 

to other districts to work (dynamic in both ways) (Figure 

4.27). 

Figure 4.27: Departures and arrivals per district (Bin 3) 
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Figure 4.28: Mobility flows between districts (Bin 3) 

 

- The in-between trips in District 2, 4, 10 and 11 are quite significant.  

- The flows from the District 10 to 11, and vice versa have significant number of trips.  

- The District 4 still keeps having arrivals in this bin. 

- The District 5 and 12 starts to have arrivals in this bin. 

- The District 7 and 8 do not have significant flows.  

 

 

• Bin 4 (from 16 to 19 h) 

In District 4, the number or arrivals is increased, and 

it makes sense. In Bin 1 and 2, we concluded that 

people leave the district to go to their work, which is 

located in different districts. After the working hour is 

finished, they start coming back at their home. 

(“Home area”). In Bin 3, the District 9 became 

inactive suddenly. However, in this bin it starts to 

have high amount of departures again. Up to this 

bin, we can see that this district has always a high 

number of departures except Bin 3. The District 10 

becomes balanced by preserving its dynamism. The 

number of departures is low compared to the 

number of arrivals in the District 11 (Figure 4.29). 

Figure 4.29: Departures and arrivals per district (Bin 4) 
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Figure 4.30: Mobility flows between districts (Bin 4) 

 

- The in-between trips in the District 2, 4, 10 and 11 are significant. 

- The flows from the District 10 to 11, the District 11 to 10, the District 10 to 4 are also quite important. 

- The flows to the District 4 become more significant than the previous bins (after-work routines). 

- The District 2 has arrivals in this bin. 

- The District 9 starts to have arrivals due to the after-work routines. 

- The District 1 has only in-between trips that are significant enough to show in the plot. 

- The Districts 7 and 8 have no significant flow to show. 

• Bin 5 (from 19 to 22 h) 

The District 5 starts to have more arrivals than its 

departures. The number of arrivals to the District 8 is 

almost stopped. It seems that people are still leaving 

the District 9. In this bin, the District 11 has become 

active like it happened in Bin 3 (from 12 to 16) (Figure 

4.31).  

 

 

 

 

 

Figure 4.31:Departures and arrivals per district (Bin 5) 
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Figure 4.32: Mobility flows between districts (Bin 5) 

 

- The District 2, 4, 5 and 12 have some important number of trips, whereas the District 10 and 11 have 

quite high number of arrivals. 

- The in-between trips in the District 11 is highly important. 

- The District 1, 3, 7 and 8 have no significant flow to show in the plot. 

 

 

• Bin 6 (from 22 to 7) 

 

 

 

 

People start to leave the District 2 and 9 again. 

During the night, the District 10 and 11 have high 

number of arrivals. It is probable that there are 

some clubs, bars, etc. in this district. The District 

11 has also significant amount of arrivals in this 

bin (Figure 4.33). 

 

 

 

Figure 4.33: Departures and arrivals per district (Bin 6) 
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Figure 4.34: Mobility flows between districts (Bin 6) 

 

- The District 1, 10 and 11 have most of the arrivals in the city during the night-time. 

- From the residential districts (4, 9) people move to the central districts. 

- The District 1, 7 and 8 have no significant flows to show in the plot. 

 

4.2.3.2 AIRPORT ANALYSIS 

 

There are 55 trips started from the airport, and 63 trips ended at the Berlin airport Schönefeld (118 records in 

total).  

 

Figure 4.35: Hour distribution of Airport trips 

Figure 4.35 shows the Airport Origin trips highlighting three main peaks during the day: 9-10am in the morning, 

18-19pm in the afternoon and during the night between 3-4am. The Airport Destination trips follow similar 

approach with morning, afternoon and night peaks. 

It can be seen that for the night peaks, when there is a lack of public transport the car sharing options could 

be feasible.  
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• Price analysis for the Berlin Schönefeld Airport related trips 
 

There are several options people can use go to or come from the Berlin Airport. To evaluate the different 

alternatives, the prices for each option have to be taken into account. 

 

- Airport Express Train: It is the fastest way to reach the city centre. The station is 10 minutes away 

from the Berlin Airport. The train runs in every 30 minutes between 4 am to 11 pm. The one-way price 

is 3.3 €. The airport express stops at Karlshort, Ostbahnhof, Alexanderplatz, Friedrichstrasse, 

Hauptbahnhof (Berlin Central station), Zoologischer Garten and finally at Charlottenburg. 

 

- S-Bahn:  It runs all the way to the Berlin Airport. It costs 3.3 €. It is less convenient than the express 

train. The advantage of S-Bahn is that it runs non-stop in the weekends in 30 minutes interval. S9 and 

S45 are ideal to reach to East or West Berlin. However, to go the city centre there is a need of a mode 

change. On weekdays, it starts to operate around 04:30 and stops at 01:30.  

 

- Night Bus: Night bus N7 depart from the Berlin Airport to go to Rudow U-Bahn station (the first stop 

of U7 blue line). Then one can take the U7 line to go to Kreuzberg or Neukoelln. This seems like the 

best option for the late weekday arrivals. On weekdays, it runs from 00:46 to 02:06. On Saturdays, 

between 00:46 to 05:47, and on Sundays, it runs between 00:46 to 06:47. 

 

- Bus X7: Between 03:24 to 20:54 every day in a week. 

 

- Bus 171: On weekdays, it is between 04:19 to 22:55. In weekends, between 06:35 to 22:55. 

 

- Taxi: From the Berlin Airport to Alexanderplatz or Nollenderplatz (~23km) will cost around 45-50 €.  

 

Table 4.17: Weekdays schedules form/to Schönefeld airport 

 
 

Figure 4.36 shows that there are four significant peaks in the hour distribution for the start point of trips 

related to the Berlin airport:  

 

- From 3 am to 5 am [03:00, 04:59] is the bin when (car2go) has more potential since there is no 

easy transportation from airport to the centre.  

- From 9 am to 11 am [09:00, 10:59]. 

- 12 am [12:00,12:59]. 

- 6pm [18:00, 18:59]. 
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Figure 4.36: Hour distribution of airport carsharing related trips 

 

Figure 4.37 describes the cost per trip during peak hour usages. The mean of the price is 6,96€, whereas one 

train ticket costs 3.3€. Considering that more than one person can travel in the same vehicle, the total cost per 

trip is not high. 

 

Figure 4.37: Price for peak hour usages 

 

 

• Duration-price analysis for the Berlin Schönefeld Airport related trips 
The duration for the airport related trips within the peak hours highlighted in Figure 4.36 are analysed in Figure 

4.38.  
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Figure 4.38: Duration (min) analysis for the airport related trips 

 

 

Figure 4.39: District 2 - Airport 

 

In the sub-data (of peak hours), the trips from the District 2 to the airport started at 10 am (Friday), 12 am 

(Saturday) or 6 pm (Monday). The fastest trip took 26.6 minutes, and it costed 5.05 €. 

Even the best option using PT takes 1h 6 min. In the half of the real duration using PT, one can take a Car2go 

vehicle to go to the District 2. The price of PT is 3.3 €, whereas the Car2go costed around 6 €. This is an 

acceptable price even for a single traveller to gain time. It is also quite cheap if there is more than one traveller 

since the total cost will be divided. 
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Figure 4.40: District 4 - Airport 

 

In the sub-data (of peak hours, the trips between the District 4 and the airport started at 12 am (Friday). The 

fastest trip took 47 minutes, and costed 8.93 €.  

The options that come from GoogleMaps shows us that there is a need to change three modes to reach their 

destinations. This is not suitable for people coming from airport with their luggage. The price is higher than the 

PT options but it is still considerable even for a single traveler in case that he/she has heavy luggage to carry 

since it is still much cheaper than the taxi option. On the other hand, it remains a good price if there is more 

than one traveler. 

 

Figure 4.41: District 5 – Airport 

 

In the sub-data (of peak hours), the trips between the District 5 to the airport started at 1 pm (Thursday, 

Saturday), 6 pm (Sunday), and 7 pm (Thursday). The fastest trip took 22.8 minutes, and it costed 4.34 €. 

The time difference between PT and Car2go is not significant, although the single traveller costs are very close 

to each other. 
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Figure 4.42: District 6 - Airport 

In the sub-data (of peak hours), the trips between the District 6 to the airport started at 6 pm (Monday). The 

fastest trip took around 33.27 minutes, and it costed 6.32 €. 

The PT options take much more time to reach the destination points than the Car2go option. Furthermore, one 

need to change three modes. The price of Car2go seems reasonable even for a single traveller with luggage. 

 

 

Figure 4.43: District 10 - Airport 

 

In the sub-data (of peak hours), the trips between the District 10 to the airport started at 12 am (Sunday, Friday) 

and 6 pm (Sunday). The fastest trip took 29.87 minutes, and it costed 5.67 €. 

The PT options takes more time than the Car2go option, and one need to change two modes to reach the 

destination. The price seems reasonable even for one single traveller, and if there are more people using the 

same vehicle, then the price is even lower. 
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Figure 4.44: District 11 - Airport 

In the sub-data (of peak hours), the trips between the District 11 to the airport started at 12 am (Friday) and 6 

pm (Saturday). The fastest trip took 28.23 minutes, and it costed 5.36 €. 

The PT options takes much more time than the Car2go option. Furthermore, one need to change two modes 

to reach the destination. The price seems reasonable even for one single traveller, and if there are more people 

using the same vehicle, then the price is even lower. 

 

 

Figure 4.45: District 12 - Airport 

In the sub-data (of peak hours), the trips between the District 12 to the airport started at 10 am (Tuesday), 11 

am (Wednesday) and 6 pm (Friday). The fastest trip took 25.7 minutes, and it costed 4.88 €. 

The PT options take much more time than the Car2go options. The price is reasonable even for one single 

traveller. 

4.2.3.3 HEATMAP DIAGONAL ANALYSIS 

This analysis aims to analyse the start and end trips in the same district. There are 4355 observations out of 

10902 observations (~40%) that come from Car2go (partially) and Nextbike (partially). 

Table 4.18: Diagonal analysis 

 1 2 3 4 5 6 7 8 9 10 11 12 

1 46            

2  701           

3   22          

4    472         

5     149        

6      27       

7       0      

8        10     
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9         92    

10          1299   

11           1354  

12            183 

 

These trips have been classified based on the trips’ duration: 

 

- Group 1: [0,15] up to less than or equal to 15 minutes  

- Group 2: (15, 30] from 15 minutes to 30 minutes 

- Group 3: (30, more] more than 30 minutes 

 

If a customer uses a car sharing vehicle to have a trip starts at a point in the District X and ends his/her trip at 

another point in the District X, it can be assumed that the trip should not take quite high amount of time. 

 

- Group 1: Direct trip in a specific district. 

- Group 2: Indirect trip in a specific district. 

- Group 3: A trip started in District X, went through another districts, and came back to the District X 

again. 

 

Figure 4.46: The distribution of groups based on duration time 

Group 1: 

There are 3140 observations out of 4355 (observations from the diagonal part of the heatmap).  

Table 4.19: The summary of Group 1 durations 

Min 1st Quantile Median Mean  3rd Quantile Max 

0.06667 6.1125 8.28333 8.35731 10.85 14.96667 

 

Group 2: 

There are 786 observations out of 4355 (observations from the diagonal part of the heatmap).  

Table 4.20: The summary of Group 2 durations 

Min 1st Quantile Median Mean  3rd Quantile Max 

15.02 16.49 18.82 19.73 21.93 29.98 

 

Group 3: 

There are 429 observations out of 4355 (observations from the diagonal part of the heatmap).  

Table 4.21: The summary of Group 3 durations 

Min 1st Quantile Median Mean  3rd Quantile Max 

30.02 38.27 54.88 142.04 107.93 6208.92 

 

 

The trips that start-end at the same district, most of them last less than 15 min. So, short in-district trips. 
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4.2.4 ORIGIN FLOWS ANALYSIS  

For this analysis has been taken into account the following datasets with origin but not destination data: 

 

Table 4.22: Number of observations used for the Origin-data analysis 

Mobility Service Service provider Origin Observations 

Bike Sharing 
Callabike 213 

Nextbike 94 

Car-sharing 

Car2go 12590 

Driveby 1579 

Drivenow 9633 

Scooter-sharing 
Emio 4998 

Coup 4304 

 

 

Based on these observations, Table 4.23 has been created that summarising trip departures of each district 

within each bin. 

 

Table 4.23: Origin flows of districts for binned time intervals 

Bin Direction 1 2 3 4 5 6 7 8 9 10 11 12 

[6, 8) 

Bin 1 

Departure (O) 17 508 30 698 181 115 1 119 705 1373 199 17 

[8, 12) 

Bin 2 

Departure (O) 32 573 57 573 287 175 4 100 1017 1294 296 32 

[12,15) 

Bin 3 

Departure (O) 53 849 127 745 330 216 2 8 185 2238 1909 519 

[15,19) 

Bin 4 

Departure (O) 51 1130 113 805 294 195 2 9 176 2395 2117 532 

[19, 22) 

Bin 5 

Departure (O) 38 514 62 508 236 93 4 111 1333 1250 278 38 

[22, 6) 

Bin 6 

Departure (O) 15 662 49 953 301 179 3 165 1233 1789 249 15 
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Figure 4.47: Districts’ Origin Flows per each bin 

 

Figure 4.47 analyses the origin flows from each District in each time range. The results are quite similar from 

the OD related study (from Figure 4.23 to Figure 4.33). District 10 is the one with more origin trips in most of 

the time ranges as it is a very active district with high working related activities and nightlife.  

 

4.3 BERLIN - PILOT ANALYSIS 

This pilot analysis has been focused on the start-end time trip location analysis, the trips’ duration and the cost 

analysis and also the parking analysis.  

 

Table 4.24 describes the three datasets that have been analysed for the pilot analysis and the number of 

observations in each dataset. 

Table 4.24: Datasets service providers - pilot data 

Mobility Service Service provider Number of observations 

Bike Sharing Nextbike 77 

Car sharing Driveby 106 

Scooter sharing Emio 324 

 

The time interval analysed is between 08/01/2019 to 25/11/2019. 

 

• Start – End trips location 
 

These attributes consist of the geocoordinates with latitude and longitude values both for the start and end 

point of the trips. In the data cleansing process, it is discovered that only 77 out of 507 records have start and 
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end location information. All these 77 records belong to the bike service (Nextbike). The rest of the records 

come from Driveby and Emio do not have any locational information. Out of 77 records, only 6 of them 

happened in Berlin. The data are collected through the URBI application that functionates in Germany. 71 out 

of 77 records (with locational information) come from Cologne, whereas the other 6 records are from Berlin. 

 

Figure 4.48 highlights that the Districts 10, 11 and 3 are the ones with more locational data points in Berlin LL.  

 

Figure 4.48: Highlighted locations of data points in Berlin LL 

 

• Duration analysis 
 

The duration is calculated by taking the difference between the end and start time of the trips. The results are 

in the “minutes” format. Nextbike average trips’ duration is 8,7min; all Driveby records have 30 minutes 

duration, it seems like it is manually completed using only the start time of the journeys; and finally, Emio trips’ 

duration is about 27min.  

 

 

Figure 4.49: Average trip duration 

 

 

• Cost analysis 
 

Table 4.25: Cost information available in Berlin LL 

Mobility Service Service provider 
Number of 

observations 

Cost related 

information 

Bike Sharing Nextbike 77 23 

Car sharing Driveby 106 106 

Scooter sharing Emio 324 172 
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Table 4.25 shows that there are only 301 records with cost related information able to be analysed 

(Nextbike:23, Driveby:106, Emio:172).  

 

- Nextbike has 23 records that do not have the cost of value of 0 (zero). However, 17 out of 23 records 

have NA values. On the other hand, the other 6 records consist of 1€ (5 records) and 9€ (1 records). 

There is not enough amount of observations to have a summarized analysis. 

- Driveby records do not have any cost related value. 

- Table 4.26 summarises Emio’s cost analysis. The cost values go from 0,79€ to 69€ and the median is 

2,37€/trip. 

Table 4.26: Emio cost analysis 

Min 1st Quantile Median Mean 3rd Quantile Max 

0.79 € 1.58 € 2.37 €  6.204 € 5.633 € 69 € 

 

• Parking analysis 
 

The information analysed about parking actions is the address of the parking spaces, which are converted to 

geocoordinates using Google Geocode API. There is no start and end time information. 

- The 77 out of 507 records come from “Nextbike” do not have any parking information data.  

- The rest of the 430 records have the parking address. However, 4 of them cannot be converted into 

geocoordinates since there are only numeric values rather than a correct form of an address.  

- 105 records belong to a different city in Germany. In the end, we have 321 records happened in Berlin.  

- 92 records have 0 second parking. 

 

The final number of observations is 229 (see Figure 4.50): 

 

 

Figure 4.50: Berlin LL parking locations 

 

It can be seen that most of the parking actions happened south-east and north/north-east of Berlin. The centre 

of Berlin does not have significant amount of parking records. 

4.4 BERLIN – LIVING LAB CONCLUSIONS 

Within this section, the main conclusions of the results from the Berlin Data Analytics tasks are identified and 

described:  
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• Operational area and districts relations (section 4.2.2) 
- The combination of all providers’ operational areas and districts is showed in Figure 4.51. The car-sharing 

companies’ operating areas enlarge the total operating area in Berlin, whereas the bike sharing, and 

scooter-sharing companies are operating mainly in the centre of Berlin. 

 

 

Figure 4.51: Intersection of all companies and districts 

 

- Table 4.27 shows that district related information including population, average coverage level, the usage 

records and the area characteristics. 

o Districts 4 and 9 are labelled as “Residential” since they have higher number of departures 

from 7 to 9 h, which is related to the “going-to-work” routine. In the evening, these districts 

have significant increase in the number of arrivals, and it is related to the “coming-home” 

routines after work. 

 

o Districts 2, 10 and 11 are labelled as “Nightlife” since the night clubs, bars and casinos are 

located in them (Analysed using OpenStreetMap data). On the other hand, the “Work” label 

comes from the high number of arrivals from 7 to 9 h. After working hours, the number of 

departures increase due to the “coming-home” routines. Furthermore, the number of arrivals 

is higher again during the night because of the nightlife.  

 

o For the other districts, it’s not possible to determine the area characteristics because of the 

low number of records, or no significant activity found in the data. 

 

DISTRICT ID 
POPULATION 

(%) 
COVERAGE LEVEL (AVG) 

USAGE 

# RECORDS 

(%) 

AREA 

CHARACTERISTICS 

1 7,16 1,43 0,92  

2 8,76 2,43 12,77 Work, Nightlife 

3 7,24 2 1,4  

4 10,95 2 12,84 Residential 

5 8,86 2,14 4,97  

6 7,85 1,86 2,64  
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7 7,27 1,29 0,11  

8 6,57 1,29 0,17  

9 8,09 1,57 2,69 Residential 

10 10,21 4 26,85 Work, Nightlife 

11 7,60 4,71 28,58 Work, Nightlife 

12 9,43 2,57 6,16  

Table 4.27: District Related Information 

 

- Although some districts are highly populated, the vehicle-sharing companies’ operation area is limited (i.e. 

District 4, District 9). In these areas, the operating areas should be expanded.  

 

• Origin-destination flows (sections 4.2.3 and 4.2.4) 

- There is no GPS data for the trips, but only the origin and/or destination points and the duration of the 

trips.  

- In-district analyses showed that the trips that started and ended in the same districts are not long through 

the other districts. They started and ended in the same district within 15 minutes. It can be stated that 

choosing the service for in-district short trips is very common among the users.  

- In the dataset, most of the data records had no destination related information. Having both origin and 

destination points is advantageous to have flow analyses that can be represented as a single level or an 

aggregated level (i.e. district flows). 

- The airport analysis proved that choosing the car-sharing services for the trips between the districts and 

airport is acceptable and advantageous based on its price and the duration time. 

- Since there is no user data provided, it was not possible to have user-related analysis. This kind of data is 

crucial in order to have a microscopic level of analyses where user habits/behaviours are analysed to add 

personal recommendations, etc. 

- Each extra dataset (open data) involvement into the analysis add more value and insight to the results. 

 

• Usage pilot analysis (section 4.3) 
- Only 15.19% of the data have origin and destination information. The rest of the data records (84.81%) 

have only the parking location, whereas 53.36% of the parking locations were usable due to the city border 

of Berlin. 

- The users tend to have parking durations less than 10 minutes (94.76% of parking records). 

- Most of the parking activities happened in the south-east and north/north-east of Berlin. 

- Bike-sharing services is used for short trips (average duration: 8.73 minutes), and scooter-sharing services 

are used for longer trips (average duration: 52.08 minutes). 

- The only possible cost analysis has been done for the scooter-sharing records, where the average paid 

cost was 6,20 €. 
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5 GÖTEBORG LIVING LAB 
Gothenburg, as the largest city of Västra Götaland Region, is chosen as one of the LLs to establish more 

sustainable MaaS services including public transport (Västtrafik) in the sense of environmental, social and 

economic perspectives. The data available (section 5.1) in this living lab was related to the park and ride pilot, 

in which allows the users to have a park and ride activity that includes parking and PT ticket purchase(s), or 

only PT ticket purchase(s) without any parking activity through the app of the Göteborg’s Parking called 

Göteborg Stads Parkeringsbolag. 

 

The study has been focused on the pilot related data as there was no availability of other possible context 

datasets.  

 

A first study based on the distribution analyses for the only-PT purchases and for the park&ride purchases has 

been carried out (section 5.2.2), to be able to identify any different behaviour between them. 

 

Also, the park&ride popularity (section 5.2.3) has been analysed, taking into account the temporal distribution. 

Complementary to this analysis, three different scenarios have been defined: 

- Occasions where there was more than one PT ticket purchase (without parking activity) in a day; 

- Situations where there was more than one parking activity (without extra PT ticket purchase) in a day; 

- Occasions where there was park and ride activity followed by extra PT ticket purchase(s).  

 

Based on these scenarios, the users’ behaviour in each case has been analysed (section 5.2.4). 

 

Finally, the connectivities between all combinations of parking space to any PT locations have been calculated 

(section 5.2.5). Based on this calculation, and combining it with the users’ behaviour, some conclusions have 

been identified. 

 

5.1 GÖTEBORG - DATA AVAILABLE 

Table 5.1 shows the attributes of the data available from the Göteborg Living Lab. The dataset consists of 

records that happened to occur when a user parks and purchases PT tickets via Göteborg parking application. 

This application can be used for both park and ride activities and PT ticket purchases without any parking 

activity. 

The total number of observations is 3408, and the time period is from 2019-04-26 to 2019-09-25. there are 11 

attributes as follows: 

 

ATTRIBUTE NAME DESCRIPTION 

KundId Customer ID 

ParkingSessionID Parking Session ID 

Datum_Tid_köp DateTime of ticket purchase 

Currency SEK 

VatAmount Tax amount of ticket 

VatPercent Tax percentage of ticket 

ProductTitle Zones 

ProductCategoryDescription Daily or simple ticket 

Omrade Street name related to the parking area 

Omradesnummer Street number related to the parking area 

ValidityPeriod Time allowance for the ticket 
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Table 5.1: Dataset description - Göteborg LL 

5.1.1 ATTRIBUTES ANALYSIS 

• KundId 
This attribute represents the “User/Customer” ID. There are 1241 unique users in the dataset (Table 5.2).  

Minimum 1st Quantile Median Mean 3rd Quantile Maximum 

1 1 2 2.745 3 43 

Table 5.2: Summary of usages from users 

 

Averagely, each user has 2.745 records in the dataset. The blue dots in Figure 5.1 represent the outliers that 

could not fit in the box. In other words, some users have a high number of records in the dataset, much more 

than the others.  

 

Figure 5.1: Boxplot - Usages from users 

 

• ParkingSessionId 
2872 records out of 3408 have “0” as the ParkingSessionId; it simply means “NA”. From the rest of the records 

(536), there are 451 unique ParkingSessionId. The analysis showed us that there is no other attribute in the 

dataset that is related to the ParkingSessionId attribute.  

 

Figure 5.2: Hour Distribution of PT ticket purchases 

 

• Datum_Tid_köp 
This attribute has the class of DateTime, and the interval is: [2019-04-26 13:45:00, 2019-09-25 20:58:00].  

There is no hour bin without record. Even at 3 am or 4 am there is at least 1 record appearing in the dataset. 

It shows us that the application is active for 24 hours (Figure 5.3).  
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Figure 5.3: Data distribution PT tickets purchases 

 

The highest total number of purchases happens on Fridays and Saturdays, whereas Sundays have the lowest 

number of ticket purchases. 

 

• Currency 
All the records have the same value: “SEK” (Swedish Krona).  

 

• VatAmount 
Table 5.3 shows the 7 different types of VatAmounts:  

VatAmount 1.58 2.26 2.94 3.68 5.38 7.64 11.89 

#Observation 2726 134 93 158 235 35 27 

Table 5.3: Vat Amounts and number of observations 

 

• VatPercent 
Since the currency is same for all records, the VatPercent is same as well (6%). 

 

• ProductTitle 
There are four different categorical values for the ProductTitle attribute (Figure 5.4): GMP (Ticket for Göteborg, 

Mölnal, Partille), Göteborg (Göteborg Ticket Zone), Göteborg + (Göteborg + Ticket Zone), Göteborg ++ 

(Göteborg ++ Ticket Zone). Table 5.4 shows the number of observations per each ProductTitle type. 

 

Figure 5.4: ProductTitle distribution 

 

ProductTitle GMP Göteborg Göteborg + Göteborg ++ 

#Observation 134 2961 128 185 

Table 5.4: Product Titles and number of observations 
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Figure 5.5: Ticket zones (from Hallandstrafiken website) and interpreted zones 

 

• ProductCategoryDescription 
There are two different categorical values for the ProductCategoryDescription: Dygnbiljett (daily ticket) and 

Enkelbiljett (simple ticket) (Table 5.5). 

ProductCategoryDescription Dygnbiljett Enkelbiljett 

#Observation 297 3111 

Table 5.5: ProductCategoryDescriptions and number of observations 

 

• Omrade 
There are 207 unique Omrade (Name of parking). There are 2872 NULL values out of 3804; the NULL values 

are for the purchases only for West traffic ticket not linked to a started parking. There is no coordinate data 

related to the parking facilities. Fortunately, parking facilities are named with the streets they stand next to. An 

attribute by converting the street names into the coordinates using Google Geocode API will be defined. Of 

course, the coordinates do not represent the exact locations of the parking facilities, but they are quite close. 

 

• Omradesnummer 
This attribute is for the location codes of the parking facilities in the Göteborg Parking application. The NULL 

values we have in Omrade attribute appears here as well. 

 

• ValidityPeriod 
There are three different categorical values for the ValidityPeriod attribute: PT180M (3 hours ticket), PT90M 

(90 minutes ticket), PT24H (1-day ticket) (Table 5.6). 

 

Validity Period PT90M PT180M PT24H 

#Observation 385 297 2726 

Table 5.6: ValidityPeriod and number of observations 

5.1.2 ATTRIBUTES KNOWLEDGE EXTRACTION  

To better understand the ticket prices calculation, three steps have been taken into account (Figure 5.6): Real 

cost of tickets, taking into account VatAmount and VatPercent attributes; Ticket prices in different zones; and, 

Ticket prices in different zones and different validity periods. 
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Figure 5.6: Tickets prices calculation 

 

• Real cost of ticket prices 
The attributes used to do the price calculation are the VatAmount and VatPercent. This analysis is based on 

the seven different VatAmount, and the fixed VatPercent through the following basic calculation: 

𝑁𝑒𝑡𝑃𝑟𝑖𝑐𝑒 + 𝑉𝑎𝑡 = 𝑅𝑒𝑎𝑙𝐶𝑜𝑠𝑡 

If the net price is 100 SEK, then the VatAmount is 6 SEK (6%), and the real cost is 106 SEK (see other 

calculations in Table 5.7. 

 

VatAmount VatPercent Real Cost (SEK) Real Cost (EURO) (0.093) 

1.58 6 26.33  2.45 

2.26 6 39.93  3.71 

2.94 6 51.94  4.83 

3.68 6 65.01  6.05 

5.38 6 95.05  8.84 

7.64 6 134.97  12.56 

11.89 6 210.06  19.54  

Table 5.7: Price calculation using VatAmount and VatPercent 

 

• Ticket prices in different zones 
A differentiation between ticket type has been taken into account (Simple ticket or Daily ticket) and prices vary 

between different zones of Göteborg (Table 5.8).  

 

ProductCategoryDescription VatAmount Price ProductTitle 

Enkelbiljett  

(Simple Ticket) 

1.58 2.45 Göteborg 

2.26 3.71 GMP 

2.94 4.83 Göteborg + 

3.68 6.05 Göteborg ++ 

Dygnbiljett 

(Daily Ticket) 

 

5.38 8.84 Göteborg 

7.64 12.56 Göteborg + 

11.89 19.54 Göteborg ++ 

Table 5.8: VatAmount Prices and ProductTitles of ProductCategoryDescription 

 

• Ticket prices in different zones and different validity periods 
Depending on the validity period, the area of the city and the typology of the ticket, Table 5.9 shows the final 

ticket prices of the pilot. 

 

ProductCategoryDescription VatAmount Price Validity Period ProductTitle 

Enkelbiljett  

(Simple Ticket) 

1.58 2.45 PT90M Göteborg 

2.26 3.71 PT180M GMP 

2.94 4.83 PT180M Göteborg + 

3.68 6.05 PT180M Göteborg ++ 

Dygnbiljett 5.38 8.84 PT24H Göteborg 
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(Daily Ticket) 

 

7.64 12.56 PT24H Göteborg + 

11.89 19.54 PT24H Göteborg ++ 

Table 5.9: ProductCategoryDescription, VatAmounts, Prices, Validity Periods and ProductTitles 
 

5.2 GÖTEBORG - PILOT ANALYSIS 

These analyses relate to Park&Ride Göteborg pilot, in which parking customers were able to buy public 

transport tickets through the app of the Parking Göteborg.  A first study based on the distribution analyses for 

the only-PT purchases and for the park&ride purchases has been carried out (section 5.2.2), to be able to 

identify any different behaviour between both of them. 

 

Also, the park&ride popularity has been analysed (section 5.2.3), taking into account the temporal distribution. 

Complementary to this analysis, three different scenarios have been defined: 

- Occasions when there was more than one PT ticket purchase (without parking activity) in a day; 

- Situations when there was more than one parking activity (without extra PT ticket purchase) in a day; 

- Occasions when there was park and ride activity followed by extra PT ticket purchase(s).  

Based on these scenarios, the users’ behaviour in each case has been analysed (section 5.2.4). 

 

Finally, the connectivity between all combinations of parking space to any PT locations have been calculated 

(section 5.2.5). Based on this calculation, and combining it with the users’ behaviour, some conclusions have 

been identified. 

 

5.2.1 GENERAL INFORMATION 

Two types of customers were identified: The only-ride customers and the park&ride customers, Table 5.10 

shows the main characteristics of both datasets: 

ONLY-RIDE CUSTOMERS PARK&RIDE CUSTOMERS 

No parking space information Parking space information available 

Only PT ticket purchase via parking application After parking is done, PT ticket is purchased via 

Parking Göteborg application 

2873 observations 535 observations 

974 unique users 404 unique users 

Table 5.10: Customers' typology 

 

It can be concluded that people are purchasing PT tickets via the parking application more than they use 

parking facilities. Therefore, 2873 out of 3408 (84.30%) records come from only PT ticket purchases without 

doing any parking activity.  

Averagely each user purchased 2.951 (almost 3) tickets without doing any parking activity. On the other hand, 

the average park and ride usage from the users is 1.324.  

5.2.2 DISTRIBUTION STATISTICS 

• Only PT purchase statistics 
The “only PT” validity period more common for ticket purchases is the 90 minutes validity tickets (Figure 5.7), 

and the ticket price paid for the users is 26,33SEK. The other validity periods such as 180 minutes and 24 

hours for the PT are used very few times compared with the 90 minutes time-validity.  
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Figure 5.7: ValidityPeriods and paid prices in SEK for only PT ticket purchases 

 

Moreover, by analysing the hour and day distribution of PT ticket purchases, the average of daily purchases’ 

peak hours has been identified (Figure 5.8) 

 

Figure 5.8: Hour and day distribution for only PT ticket purchases 

 

Table 5.11 highlights the peak hours purchases for each day of the week: 

Day of the week Peak hours 

Monday 3pm, 5pm, 6pm 

Tuesday 12pm, 3pm, 4pm, 5pm, 6pm 

Wednesday 7am, 12pm, 3pm, 4pm, 5pm and 6pm 

Thursday 3pm, 5pm 

Friday 4pm, 5pm 

Saturday 2pm, 5pm, 6pm 

Sunday 11am, 4pm 

Table 5.11: Daily peak hours for PT purchases 

To conclude, averagely, the highest peak hours to buy PT tickets are between 2pm and 5pm 

 

• Park&ride purchase statistics 
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The “park&ride” validity period more common for ticket purchases is the 90 minutes validity tickets, and the 

ticket price paid for the users is 26,SEK. The 24 hours validity period are also used, but not that frequent (see 

Figure 5.9).  

 

Figure 5.9: ValidityPeriods and paid prices in SEK for park&ride ticket purchases 

 

The hour and day distribution of park&ride purchases has been analysed. In this case there was no data 

recorded of 1am, 2am, 3am, 4am, 5am, 6am, 9pm and 10pm. For the rest of the bins, the average of daily 

purchases’ peak hours has been identified (Figure 5.10). 

 

Figure 5.10: Hour and day distribution for park&ride activities 

 

Table 5.12 highlights the peak hours purchases for each day of the week: 

Day of the week Peak hours 

Monday 7am 

Tuesday 12pm, 5pm, 8pm 

Wednesday 7am, 3pm 

Thursday 1pm, 3pm 

Friday 4pm, 7pm 

Saturday 3pm, 5pm 

Sunday 12pm, 4pm 8pm 

Table 5.12: Daily peak hours for park&ride purchases 

 

Also, in the case of park&ride tickets purchase, people buy more tickets during the afternoon. 

5.2.3 PARK&RIDE POPULARITY 

Figure 5.11 shows the park&ride activity popularity by parking spaces and records.  
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Figure 5.11: Park&ride activity by parking spaces and records 

 

Different hour bins have created based on the park&ride related data’s hour distribution (Figure 5.12):

 

Figure 5.12: Hour distribution of park&ride activities 

 

- Bin 1: From 7 am to 10 am: [7, 9] 

- Bin 2: From 10 am to 16 pm: [10, 15] 

- Bin 3: From 16 pm to 19 pm: [16, 18] 

- Bin 4: From 19 pm to 12 am: [19, 23] 

- Bin 5: From 12 am to 7 am: [0, 6]  

 

Figure 5.13 shows that the most popular time range for Park & Ride is from 10 to 16, whereas Bin 5 is the 

least popular one as the night hours bin. 

 

Figure 5.13: Bin distribution of park&rides facilities 

 

 

Figure 5.14 identifies the density of park&ride activities in hour bins. Bin 2 (from 10 to 16 h) is the one with 

more activity, mainly gathered at the city centre but also in the peripheral areas. Contrary to Bin 2, Bin 5 (from 

0 to 7 h) is the one with less activity. 
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Figure 5.14: Park&ride activities' densities in hour bins 

 

5.2.4 PARK&RIDE WITH ANOTHER PT TICKET PURCHASE 

512 out of 1241 (41.26%) customers have multiple activities in one day. 1936 out of 3408 (56.81%) records 

are related to multiple activities, which can be: 

- Scenario 1 (S1): More than 1 PT ticket purchase (without parking activity) in a day. 

- Scenario 2 (S2): More than 1 parking activity (without extra PT ticket purchase) in a day. 

- Scenario 3 (S3): A park and ride activity that is followed by extra PT ticket purchase(s). 

 

• Scenario 1  
Scenario 1 represents users that have purchased more than one public transport ticket without any parking 

activity in a day. A unique user in a unique date averagely has 3.814 PT ticket purchases via parking application 

without doing any parking activity.  
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Figure 5.16: PT ticket purchases without any park and ride activity from users 

On the other hand, there are 11 users, outliers (blue dots) who had more 7 PT purchases without parking 

activity in a day (Figure 5.16).  

 

• Scenario 2  
Scenario 2 describes the users that have used more than one parking activity in a day without any extra 

purchase of public transport tickets. Table 5.13 shows that only 2 users visited more than 1 parking space in 

a day without purchasing any PT ticket as follows: 

 User 1 User 2 

Parking space and 

Frequency 

Kapellgatan (1) Kungsportsavenyen (3) 

Talattagatan (1) Talattagatan (4) 

Table 5.13: Multiple parking spaces visited in the same day without any PT ticket purchases 

 

Table 5.13 concludes that almost all users have PT ticket purchase after the parking action happened.  

 

• Scenario 3 
In scenario 3, two different situations have been analysed: At a first phase, a park and ride action happens 

(that means that a parking is done, and one public transport ticket is purchased); then, as a second phase, the 

same day another public transport ticket has been purchased. 

 

As the hours when a vehicle enters or exits the parking space are not known, a couple of possible reasons 

have been identified:  

- One parks her/his vehicle, purchases a PT ticket to complete her/his park and ride action. Then, the 

allowed validity time (90 or 180 minutes is exceeded), and to go back to the parking facility to pick up 

the vehicle, another PT ticket is purchased. 

- One parks her/his vehicle, purchases a PT ticket to complete her/his park and ride action. Then, he/she 

picks up the vehicle, and later, another PT ticket is purchased without having a parking action. 

- Figure 5.17 Figure 5.19shows the parking spaces that are followed by multiple PT ticket purchases. 

The highest ones are around the Saltholmen Marina area. 
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Figure 5.17:  Extra PT ticket purchases after park and ride activity (in a day) from users 

5.2.5 PARKING SPACES AND PT STATIONS CONNECTIVITY 

This section analyses the PT connectivity of the parking facilities throughout the city. Figure 5.18 represents 

the parking spaces locations whereas Figure 5.19 represents the PT stations’ locations and routes.  

 

 

Figure 5.18: Parking spaces locations 

 

 

 

Figure 5.19: PT stations' locations and routes 

In Figure 5.19, purple represents the bus routes and stations, whereas red represents the metro/tram stations 

and routes.  
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The distances between all combinations of parking space to any PT locations have been calculated. The great-

circle distance is chosen to have the shortest distance between two points on the surface of a sphere. Table 

5.14 shows the matrix of all the possible distance combinations. 

 Parking Space 1 … Parking Space 197 

PT Station 1    

…    

PT Station 2733    

Table 5.14: Distance matrix representation 

Figure 5.20 explains the calculation of the average minimum distance, it is calculated to have an idea about 

the parking spaces and PT stations closeness in general. Then, this average distance is used to determine a 

radius to create an impact area, which represents the walkable distance from a parking space to a PT station. 

The average distance between parking spaces and the closest PT stations to them is around 165 meters. We 

choose 200 meters to cover a bit more PT stations if it is possible. 

 

 

Figure 5.20: Radius calculation 

In Figure 5.21, there is the representation of the impact areas of parking spaces, and the PT stations that fall 

into this area with 200 meters radius. 

 

Figure 5.21: Circle creation using calculated radius 

Two different results obtained from the impact areas are identified as follows: 
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- Impact Analysis & Results 1: The hot parking spots with a high level of PT stations connectivity 

- Impact Analysis & Results 2: The hot PT stations that are chosen after the parking actions 

 

• Impact Analysis & Results 1 
This study analyses the hot parking spots with a high level of PT stations connectivity. Four types of parking 

spaces’ connectivity have been identified: 

- No-Connectivity: (Minimum = 0) There are 49 parking spaces with no PT station connectivity within 

a 200-meter radius (Figure 5.22).  

 

Figure 5.22: Parking spaces with no PT connectivity within a 200-meter radius circle 

 

- Low-Connectivity: (x < Mean) There are 70 parking spaces with 1, 2 or 3 PT stations in their 200-

meter radius (Figure 5.23) 

 

Figure 5.23: Parking spaces with low PT connectivity within a 200-meter radius circle 

 

- Medium-Connectivity: (Mean<x<Mean+3rd Quantile) There are 54 parking spaces with 4, 5, 6 or 7 

PT stations in their 200-meter radius (Figure 5.24). 
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Figure 5.24: Parking spaces with medium PT connectivity within a 200-meter radius circle 

 

- High-Connectivity: (x>Mean+3rd Quantile) There are 24 parking spaces with more than 7 PT stations 

in their 200-meter radius (Figure 5.25). 

 

Figure 5.25: Parking spaces with high PT connectivity within a 200-meter radius circle 

 

• Impact Analysis & Results 2 
This study analyses the hot PT stations that are chosen after the parking actions. Figure 5.26 shows the hot 

PT stations within 200-meter radius of parking spaces are around “Göteborgs Centralstation”, this area has a 

lot of parking spaces and PT stations. 

 

Figure 5.26: Hot PT stations 
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5.3 GÖTEBORG - LIVING LAB CONCLUSIONS 

Within this section, the main conclusions of the results from the Göteborg Data Analytics tasks, will be identified 

and described in the following points:  

• Göteborg pilot (section 5.2): 
- In average, each user purchased 3 tickets without doing any parking activity. On the other hand, the 

average park and ride usage from the users is 1,32 park and rides. 

- 90 minutes validity tickets are the most purchased ones, for both “only PT” and “park&ride + PT” services. 

- The most popular time range for Park & Ride is from 10 to 16 h, whereas the least popular one is from 0 

to 7 h.  

- 41.26% of the users have more than one daily activity using the application. 

- Almost all users have an extra PT ticket purchase after the parking action happened.  

- Conclusions about the parking spaces and PT connectivity are the following ones: 

o The highest number of multiple PT ticket purchases related to the parking areas is  around the 

Saltholmen Marina. 

o There are 49 parking spaces that do not have PT station connectivity within their 200-meter radius. 

o There are 70 parking spaces with low connectivity (1, 2 or 3 PT stations) within their 200-meter 

radius. 

o There are 54 parking spaces with medium connectivity (4, 5, 6 or 7 PT stations) within their 200-

meter radius. 

o There are 24 parking spaces with high connectivity (more than 7 PT stations) within their 200-

meter radius. 

o The parking spaces with no or low PT connectivity are related to the high number of extra PT ticket 

purchases. 

o The hot PT stations within 200-meter radius of parking spaces are around “Göteborgs 

Centralstation”, and it is because there are a lot of parking spaces and PT stations. 

- The parking spaces with higher same-day multiple PT purchases are around the Saltholmen Marina area. 

Same ones with no or low PT connectivity (Figure 5.27).  

 

Figure 5.27: Interpretation of Saltholmen Marina related parking spaces and their PT connectivity 
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The reason can be the fact that the highlighted parking spaces in Figure 5.27 are far from the centre. Thus, 

users need more PT tickets to travel through the city and come back to the parking spaces to pick up their 

vehicles while the parking spaces in that area do not have medium or high PT connectivity. 
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6 MADRID LIVING LAB 
Madrid LL was the latest living lab to join the IMove project. The aim of EMT was to identify any lack of service 

or any potential excesses to better understand the users’ behaviour with the actual mobility services and 

getting insights on how to build better MaaS ecosystems.  

 

Different datasets have been analysed for the context analysis (section 6.2) including the BiciMAD service 

(section 6.2.1), EMT Bus Madrid (section 6.2.2) and MaaS Madrid app users (6.2.3) have been analysed.  

 

Based on the BiciMAD dataset, a user clustering (section 6.2.1.2) firstly by trip characteristics (trips per day, 

total distance, average distance), and also, by user temporal behaviour (where different time ranges have 

been considered) have been identified. A second big task has been carried out to better understand mobility 

flows (section 6.2.1.3) and users’ trips motivations (section 6.2.1.4). 

 

From the EMT Bus Madrid data, the OD matrix has been defined to better understand the users’ mobility flows 

(section 6.2.2.2). Also, a temporal behaviour clustering based on the validation profiles has been identified 

(section 6.2.2.3). Finally, a deep analysis has been carried out to better interpret the bus users’ trip motivation 

(section 6.2.2.4). 

 

A multimodal analysis has been performed based on the GPS locations from the MaaS Madrid App users' 

data. Firstly, the recurrent users’ visited places have been identified; secondly, the users’ trips have been 

identified following the methodology to analyse the GPS data (section 6.2.3.2), and matched with the different 

transport modes consequently (section 6.2.3.3).  

 

For the pilot analyses, data from the users’ consulted trips have been analysed (section 6.3.1) and the different 

transport modes have been evaluated (section 6.3.1.1). A pre-test survey has been launched (section 6.3.2) 

in order to understand the mobility preferences of the potential MaaS app users and the perception and 

preferences of the different mobility services. A post-test survey has been designed (section 6.3.3) to obtain 

feedback from the Madrid users of the MaaS app to find out any issues with the app and the most interesting 

features for the users.  

 

6.1 MADRID – DATA AVAILABLE 

Table 6.1 shows the data available from the Madrid Living Lab. Due to the data quality and data availability in 

some of these datasets, a general analysis has been done for the cable car service and the EV charging points 

datasets. However, a deep study has been done taking into account BiciMAD and Bus stops datasets merging 

them with the MaaS GPS dataset.  

 

Table 6.1: Data availability - Madrid LL 

 
 Dataset Content Historic Users/Trips 

C
O

N
T

E
X

T
 

BiciMAD Bike trips 
Jul 2017 to 

Jan 2019 
3900 users/ day 

EMT Bus 

Bus ticketing 

validations (only at 

the origin of the trip) 

Jan 2018 to 

Jan 2019 

1.4 million validations/day 

for weekdays. 0.6 million 

validations/days for 

weekends 

MaaS GPS 

App 

GPS points during 

the trip for the App 

users  

Jul 2018 to 

May 2019 

2285 users registered, 

promoted specially among 

bus Madrid users 
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P
IL

O
T

 

Consulted 

trips 

Trips consulted in the 

app and routes 

proposed by the 

route planner 

-  14522 queries/calls 

Survey 1 Screening data -  63 answers 

Survey 2 Bookings trips - 20 answers 

 

6.2 MADRID - CONTEXT ANALYSIS 

In this section, it has been analysed different datasets for the context analysis including the BiciMAD service 

(section 6.2.1), EMT Bus Madrid (section 6.2.2) and MaaS Madrid app users (6.2.3).  

 

Based on the BiciMAD dataset, a user clustering (section 6.2.1.2) firstly by trip characteristics (trips per day, 

total distance, average distance), and also, by user temporal behaviour (where different time ranges have 

been considered) have been identified. A second big task has been carried out to better understand mobility 

flows (section 6.2.1.3) and users’ trips motivations (section 6.2.1.4). 

 

From the EMT Bus Madrid data it has been defined the OD matrix to better understand the users’ mobility 

flows (section 6.2.2.2). Also, a temporal behaviour clustering based on the validation profiles has been 

identified (section 6.2.2.3). Finally, a deep analysis has been carried out to better interpret the bus users’ trip 

motivation (section 6.2.2.4). 

 

A multimodal analysis has been performed based on the GPS locations from the MaaS Madrid App users' 

data. Firstly, it has been identified the recurrent users’ visited places; secondly, the users’ trips have been 

identified following the methodology to analyse the GPS data (section 6.2.3.2), and matched with the different 

transport modes consequently (section 6.2.3.3).  

 

6.2.1 BICIMAD SERVICE 

6.2.1.1 GENERAL DESCRIPTION 

BiciMAD service (www.bicimad.com) is a public docked bike-sharing service operable in Madrid city. The 

objective of this service is to provide a sustainable alternative transport mode to the citizen and promote the 

use of the bicycle in Madrid. 

This service has 2028 bikes, 172 BiciMAD stations in Madrid with a mean of 25 of 24 docks per station, where 

the smallest has 12 and the biggest has 30 docks so, there are around 4120 docks available in the city. The 

mean distance among stations is round 230 meters (Figure 6.1). 

 

Table 6.2: Station docks 

n.docks/ station 24 21 27 18 30 12 20 22 

n. stations 136 13 11 5 2 1 1 1 

 

http://www.bicimad.com/
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Figure 6.1: BiciMAD stations in Madrid 

 

The data used for this study is presented in the Table 6.3 where we can distinguish three types of attributes: 

Stations (id stations, geolocation and address and total bases), Trips (encripted_id_user_day, timestamp 

rounded to hours, unplugged id_station and id_dock and plugged id_station and dock) and Status of 

occupancy of stations (Timestamp (approx. every hours has been recorded), docks availability and docks 

occupied) 

Table 6.3: BiciMAD – Madrid LL data attributes 

Data feature Data range 

Stations Id stations, geolocation, address and total bases Last update July 2018 

Trips 

 

encripted_id_user_day, timestamp rounded to hours, 

unplugged id_station and id_dock, plugged id_station 

and dock 

2018 

Status of occupancy 

of stations 

Timestamp (approx. every hour has been recorded), 

docks availability, docks occupied   

Sep 2018 to Dec 2018 

 

The trips data set contains the recorded trips, unplug and plug stations (specifying the docks as well), but the 

timestamp when the trips started is rounded to an hour. Consequently, it is not possible to know the exact time 

when the user starts a trip. Figure 6.2 shows the historic daily usage of the BiciMAD services, denoting that 4 

types of users exist: Annual, Employee BiciMAD, Occasional and Unknown users. The most relevant typology 

is the annual users’ category which produces the main activity of the BiciMAD network. 
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Figure 6.2: Daily trips per user typology 

 

The daily average active users by day and hours, from Monday to Sunday is represented in the following 

picture; “hol” refers to the average of bank holiday days.  

 

Figure 6.3: Average activity of the users per type of day 

 

It can be observed that, in the general picture, only two types of daily user behaviour mainly exist for the 

BiciMAD bike sharing service: the common workweek days, from Monday to Friday, and the non-working days, 

from Saturday to Sunday and bank holidays.  

 

The trips for whole year have an average distance and time travel of 1.9 km and 13.8 min respectively. The 

average velocity of a trip is 10.1 km/h. Most of the trips are done by users with unknown age following by those 

from 27 to 40 and 41 to 65 years old. The distribution of these parameters is shown in Figure 6.4. 
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Figure 6.4: Trips histograms for the distance and time travelled, travel velocity and age range 

 

The first aim of this study has been to find out the state of the bike-sharing system at a macro level. To do that, 

it has defined the OD matrix of this services to better understand the users’ mobility habits, the users’ mobility 

flows and finally, identify the trip motivation of the BiciMAD users.  

6.2.1.2 CLUSTERING OF BICIMAD USERS 

To better understand the users of BiciMAD, a classification of these users into distinguishable groups 

depending on their mobility patterns has been carried out. These users can only be tracked during a day, since 

every day the user id is changed to maintain the privacy. This shows that there were more than 1,75M of 

unique daily users in all 2018. The methodology that has been applied follows a two-step clustering, diving the 

mobility patterns into two complemented parts. Firstly, classifying the users by their trips' characteristics and 

secondly, by their activity time. 

 

• Users’ clustering based on bike usage 

The aim here is to understand how the users are using the bike services in numbers of trips, distance and 

duration per day. The clustering is performed applying Gaussian mixture models over the different attributes 

of the users:  

• Number of trips per day 

• Total distance and time for all trips 

• Average distance, duration and velocity per trip 

• Effective distance travelled 

• Ratio between average distance and total distance travelled 

• Ratio between average duration and total time travelled 

 

 

The results show that 6 groups have been identified. In Figure 6.5, these groups are shown by their main 

features considered in a spider chart form. 
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Figure 6.5: User behaviour characteristics - routes 

 

The average values for these attributes are gathered in Table 6.4. 

 

Table 6.4: Cluster main features 

cluster Share 

(%) 

Daily 

trips 

Total 

distance 

(km) 

Trip 

distance 

(km) 

Velocity 

(km/h) 

Total 

time 

(min) 

trip 

time 

(min) 

Effective 

distance 

(km) 

trips 

distance/ 

total 

distance 

trip 

time/total 

time 

1 32.1 2.4 4.8 2.0 15.5 31 13 0.7 0.14 0.44 

2 17.0 1.0 2.8 2.8 11.2 17 17 2.8 1.00 1.00 

3 3.5 1.1 4.6 4.6 12.3 26 25 4.6 1.00 1.00 

4 0.5 1.0 1.6 1.6 1.6 157 157 1.6 1.00 1.00 

5 38.4 1.0 1.3 1.3 1.3 10 10 1.3 1.00 1.00 

6 8.5 2.2 3.6 1.7 1.7 37 16 2.9 0.81 0.47 

 

The description of the different clusters found are listed as follows: 

 

- Cluster 1 are heavy-long distance and regular-od trip commuters. 

- Cluster 2 are single mid-distance user trips.  

- Cluster 3 are single long-distance trip users.  

- Cluster 4 are almost round-trip users. 

- Cluster 5 are single short-distance trip user. 

- Cluster 6 are heavy and flexible-od trip users.  

Figure 6.6 shows the composition of each cluster based on the frequency of usage (annual or occasional) 

differentiating on the users’ age. 

 

These groups are having similar share for workweek days and non-working days as is shown in the left image 

of Figure 6.6. In both, workweek days and non-workweek days the highest cluster’s activity is Cluster 5: single 

short-distance trip users, followed by Cluster 1: heavy-long distance and regular-od trip commuters. The main 

difference between both clusters the first is 10 percentage points over the second for non-workweek days and 

at similar percentage for workweek days. In terms of composition of those cluster by the age of the user, they 

are quite similar except for the youngest range where is almost not present the single long-distance users 

specially on workweek days. 
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Figure 6.6: Clusters activity between workweek and non-workweek days (left) and cluster 

composition by age range (right) 

 

Overall, analysing 2018 BiciMAD activity taking into account the different clusters’ activity by month showing 

their average daily users, the composition doesn’t have any significant differences between different months, 

except in months like January, April May, July or September where the heavy-long distance and regular-od 

trip commuters is over the usually dominant heavy-long distance and regular-od trip commuters. These 

behaviours are shown by differentiating between workweek days and non-workweek days.  

 

 

Figure 6.7: Monthly clusters activity by average daily users 

 

• Users’ temporal behaviour clustering 
To better understand the user mobility patterns,the users’ temporal behaviour has been. To do that, a 2 hours 

range temporal bins have been created: {0-3, 3-6, 6-9, 9-12, 12-15, 15-18, 18-21, 21-23}. 

A Gaussian Mixture Model clustering has been applied to classify the users’ trips and 5 clusters have been 

differentiated. The clusters’ volume of activity per time based on the users’ temporal profile, is shown in Figure 

6.8. 
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Figure 6.8: Volume of activity per time ranges 

 

The description of each group is given by: 
 

- Cluster 1: Late-hors users that are very active especially in the time range 21:00-23:00pm. 

- Cluster 2: Morning-after-lunch users are heavy users from 9:00 to 15:00pm. 

- Cluster 3: Evening users that are especially active in the time range 18:00-21:00pm. 

- Cluster 4: Common commuters that are most active between 6:00-9:00am and 15:00-16:00pm, 

coinciding with the most common work starting and ending time. 

- Cluster 5: Night-life users, heavy users from 00:00-3:00am 

 

It can be observed that on weekdays the most active clusters correspond to the Commuter users (cluster 4), 

and the weekends and holidays correspond the late-morning cluster (cluster 2). The nightlife users on holidays 

and during weekends is especially high, as shown on the left side of Figure 6.9. The cluster composition by 

age range shows that the nightlife BiciMAD usage is highly related with young users (from 17 to 26 years old). 

Late-morning are especially important for older users as is manifest from 66 years old. Unknown users have 

a composition similar to the users from 19 to 26 years old. Commuting takes its major relevance for users from 

27 to 65 years old for workweek days. 

 

 

Figure 6.9: Clusters activity for workweek and non-workweek days (left) and Cluster composition by 

age range (right) 

 

When analysing the users’ composition through the year taking into account the mean workweek day and non-

workweek days’ average users of a given month, see . The outcome reveals that the distribution is maintained 

very stable. For the workweek days, the commuters’ user type (cluster 4) prevails along the month in the 

weekdays. In the summer period the night-life users (cluster 5) increased considerably but remains smallest 

cluster. For the non-workweek days, the late-morning cluster (cluster 2) predominates almost the whole year, 

with an exception during the summer periods when the night-life users (cluster 5) take the lead.  
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Figure 6.10: Monthly temporal clusters activity 

 

• Users’ complete behaviour clustering 

To have a complete vision of the typology of users, in this section both previous classifications are merged. In 

Figure 6.11 there are shown the composition of both cluster by usage and temporal behaviour. On the image 

on the left there is the composition of the temporal cluster in terms of usage cluster and on the right one the 

opposite.  

 

  

Figure 6.11: Composition of temporal cluster in function of usage cluster (left) and vice versa (right) 

 

The percentage of users that follow these behaviours considering those combinations are gathered in Table 

6.5. To compact and differentiate the cluster the usage and temporal cluster are denoted by G# and T# 

respectively. 

Table 6.5: Workweek and non-workweek days (WD and NWD) percentage of users by the different 

combinations by the use and temporal clusters 

WD T1 T2 T3 T4 T5 
 

NWD T1 T2 T3 T4 T5 

G1 6.78 7.45 7.53 11.89 2.37 
 

G1 7.09 6.27 5.99 5.76 4.65 

G2 1.21 3.88 3.24 6.51 1.66 
 

G2 1.34 4.50 2.81 3.34 5.71     

G3 0.26 0.82 0.64 1.37 0.35 
 

G3 0.3 1.00 0.56 0.72 1.10 

G4 0.02 0.14 0.08 0.14 0.04 
 

G4 0.03 0.29 0.12 0.18 0.09 

G5 2.67 9.58 7.44 14.14 3.34 
 

G5 3.2 11.15 6.87 8.01 11.07 

G6 1.68 1.89 1.98 2.34 0.94 
 

G6 2.03 1.90 2.06 1.93 2.59 
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The five major merged behaviour of groups for WD are G5-T4, G1-T4, G1-T2, G5-T3, G1-T3. The five 

combinations of groups for NWD are G5-T2, G5-T5, G5-T4, G1-T1 and G5-T3. The difference of the 

percentages between workweek days and non, given by ∆= 𝑁𝑊𝐷/𝑊𝐷 − 1 , are shown in Table 6.6. The group 

that grows more at NW are the whole T5, and G4 that are the corresponding to nightlife and round trip, that 

can be linked by with leisure activities. The ones with major decrease are G1 and T3-T4, (except G1-T5 and 

G4) that correspond to the heavy-long distance regular od and evening and common commuters, groups 

related with standard work schedule activities. 

 

Table 6.6: Difference of percentage for combination of cluster share between non-workweek days 

over workweek days (Δ =(NWD/WD-1)*100). 

Δ% T1 T2 T3 T4 T5 

G1 -4.37 -15.84 -20.45 -51.56 96.20 

G2 10.74 15.98 -13.27 -48.69 243.98 

G3 15.38 21.95 -12.50 -47.45 214.29 

G4 50.00 107.14 50.00 28.57 125.00 

G5 19.85 16.39 -7.66 -43.35 231.44 

G6 20.83 0.53 4.04 -17.52 175.53 

6.2.1.3 BICIMAD USERS’ MOBILITY FLOWS 

After the creation of the BiciMAD OD matrix and a better understanding of the users’ mobility habits, a deep 

analysis of the mobility flows has been carried out. To do that, three different analyses have been developed:  

 

• Mobility flows by month, hour and type of day 

 
Figure 6.12 describes the stations’ fluxes from 00:00 to 3:00 am and from 6:00 to 9:00 pm where: 

 

- Points size is the sum of the income and outcome flux during the three hours of the range selected 

- Colour: represents the net percentage of the difference between the income flux and the outcome flux 

over the sum of income and outcome flux ( (n_in - n_out)/(n_in + n_out), so 100 if n_out=0, and –100 

if n_in=0) 

 

 

During late night, the same patterns are found for workweek and non-workweek days, with approximately 

double activity for weekends. 

 

It is observed that from 6 to 9h the centre of the coverage area of BiciMAD accumulate the income flows for 

workweek days. However, during weekends, the activity is obviously reduced and more focused on the city 

centre.   
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Figure 6.12: BiciMAD activity - stations at 0-3 and 6-9 time ranges 

 

Following the same kind of evaluation for other time ranges, Figure 6.13 shows the BiciMAD activity for the 

time range 15 to 21 h.  

 

From 15 to 18, workweek days show activity from the area coverage centre of BiciMAD (around Salamanca 

neighbourhood) to other areas of the city, whereas weekends show a clear attraction of bikes to the city centre. 

For the next time range, from 18 to 21, BiciMAD activity shows similar patters with a slightly higher intensity. 
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Figure 6.13: BiciMAD activity from 15 to 21 hours 

 

 

Figure 6.14 shows the 50 most representative flows for workweek days and non-workweek days from 0 to 3, 

6 to 9, and 18 to 21 hours. The main differences by working and non-working from 0 to 3 hours is the clear 

division of the activity into 2 main areas for non-workweek days. This behaviour also happens for both 

workweek and non-workweek days, from 18 to 21 hours, but with the difference that the most active area for 

workweek happens at north and for non-workweek days at south. For the peak hours in the morning at range 

6 to 9h, both scenarios show different patterns, work weekdays activity in concentred from north and centre to 

north and centre north-east. However, for non-workweek days the activity is less intense and focused mainly 

on Madrid centre. 
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Figure 6.14: BiciMAD activity - main flows 

6.2.1.4 UNDERSTANDING BICIMAD USERS’ TRIP MOTIVATION  

• Areas’ clustering based on buildings typology weighting 
To be able to find out the purpose of the BiciMAD users’ trip, the characteristics of Madrid’s areas have been 

taking into account.  

To do that, the whole BiciMAD area coverage has been divided in subareas of 0,25 km2, a suitable area to 

divide the BiciMAD covering area. Based on that, a clustering of the areas has carried out taking into account 

the buildings’ activity/typology in each area. ssocioeconomic attributes like different population age ranges, 

income and population density have been considered, as well as different buildings’ categories such as 
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parking-storage, commercial, culture, sports, industrial, leisure and food, offices, residential and healthcare. 

Figure 6.15 shows the result of the Madrid areas’ clustering.  

 

 

Figure 6.15: Area clustering based on buildings’ typology weighting 

 

- Cluster 1: Classic working-class area 

- Cluster 2: City centre hub area 

- Cluster 3: High-standards residential area 

- Cluster 4: Economic high-rent residential area 

- Cluster 5: Economic core hub area 

 

Table 6.7 and Table 6.8 show the average of socioeconomic factors and locals/stores typology, respectively, 

for all clusters by area.  

Table 6.7: Average of socioeconomic factors per type of area cell 
Cluster Share 

(%) 

Population 15-29 

(thousands) 

Population 30-44 

(thousands) 

Population 44-64 

(thousands) 

Population 64-79 

(thousands) 

Density 

(inhabitants per 

hectare)  

Income 

(103 €/y) 

1 26.7 4.40 7.48 8.28 3.56 296 35.1 

2 22.0 3.04 5.37 5.62 2.51 198 39.6 

3 23.3 3.53 4.85 5.97 3.50 223 56.2 

4 15.5 2.33 3.49 4.23 2.35 194 71.8 

5 12.7 3.86 5.82 6.66 3.59 213 34.8 

  

Table 6.8: Average of locals/stores typology by type of area cell 
Cluster Storage 

& parking 

Commercial Cultural Sports 

equipment 

industrial Leisure 

& food 

offices residential Health care 

1 5026 1056 28 7 86 25 175 14,144 7 

2 2891 1116 50 6 30 142 455 11,155 10 

3 4192 796 63 14 40 13 348 11,124 36 

4 2804 688 42 5 35 36 559 7,599 9 

5 4899 1012 55 10 81 211 763 12,127 15 
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• Activity related between different typologies of city areas 

 
Figure 6.16 shows the main interactions of the different discovered city areas differentiating between workweek 

days and non-workweek days as well as taking into account the time-ranges {0-3, 3-6, 6-9, 9-12, 12-15, 15-

18, 18-21, 21-23}. 

 

During the workweek days, the main flows of the morning behaviour from 6:00 to 9:00am are from area1 

(classic working-class area) and area4 (economic high-rent residential area) to area4 (economic high-rent 

residential area); and from area 1 (classic working-class area) and area 2 (city centre hub area) to area1 

(classic working-class area).  

 

The main flows of the evening workweek days behaviour during workweek days are from area4 (economic 

high-rent residential area) to area2 (city centre hub area) and (economic high-rent residential area); and from 

area1 (classic working-class area) and area 2 (city centre hub area) to area1 (classic working-class area) and 

area 2 (city centre hub area).  

 

For the non-workweek activity, a very important movement between areas 1 and 2 is shown, classic working-

class area and city centre hub area respectively, from 12 to 21 hours. The flow shown at night from 0 to 3 

hours with origin at area 2 (city centre hub area) to the rest of areas, excluding area 5, is also especially 

important. 

 

Figure 6.16: Interactions between areas 

 

• Activity related between different typologies of city areas merged with BiciMAD 

users’ clustering 

 
To better understand the users’ mobility habits, Figure 6.17 shows the clustering composition of the 

WORKWEEK mobility flows between the defined areas and per time-ranges. It is noteworthy to observe the 

flows associated with the usage groups. It is observed that when the commutation occurs, peaks are visible at 
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ranges 6-9h and 15-18h. Not all the flows among the areas by hours have the same cluster composition, 

although heavy-long-distance regular od group is the major group in most scenarios. 

 

Figure 6.17: Mobility flows’ clustering composition – WORKWEEK DAYS 

 

Figure 6.18 shows the clustering composition of the NON-WORKWEEK mobility flows between the defined 

areas and per time-ranges. 

 

 

Figure 6.18: Mobility flows’ clustering composition – NON-WORKWEEK DAYS 

 

6.2.2 EMT BUS SERVICE 

6.2.2.1 GENERAL DESCRIPTION 

There are two main public bus services in Madrid, those that are for exclusively for Madrid city call EMT bus, 

and the metropolitan bus services ruled by the community of Madrid. Here, the study is focused for the EMT 
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Madrid bus services. The EMT bus services has 4658 stops spread around Madrid city, and a fleet of buses 

that perform services along 208 bus lines. EMT Bus stops are displayed in Figure 6.19. 

 

 

Figure 6.19: Madrid EMT Bus stops 

 

The data used for this study is presented in Table 6.9 where we can distinguish the ticket validation activity. 

This registry indicates the timestamp and coordinates of the validation, as well as the vehicle on was done, 

the bus lines, the closest stop and the ticket id together with its type.  

Table 6.9: Bus service – Madrid LL data attributes 

Data Feature Data range 

Ticket validation 

activity  

Timestamp, coordinates of the validation, vehicle id, 

bus line, closest stop, ticket id, ticket type 

January 2018 – 

February 2019 

 

Meanwhile the information regarding the bus is essential from the operational point of view, the type of ticket 

is critical to achieve understanding the user’s common profile, since it’s providing accurate details about the 

user behind the validation. Ticket types are gathered in differentiated groups in Table 6.10. Note that discarded 

tickets were found irrelevant because either the ticket nature was not useful, or the weight of the ticket type 

was insignificant compared to the rest of ticket types. 

Table 6.10: Bus service Ticket types – Madrid LL 

Main ticket type Ticket types 

Metrobus Metro+bus 10 validation per ticket 

Regular Young 30 tickets or annual pass zone A, B1, B2, C1, C2, E1, E2 young 

Regular Adult 30 tickets or annual pass zone A, B1, B2, C1, C2, E1, E2 standard 

Regular Senior 30 tickets or annual pass zone A, B1, B2, C1, C2, E1, E2 retired 

Regular PRM person with reduced mobility (blue ticket) 

Children Children ticket 

Tourist Tourist ticket for zones A or All, adult or children, and from 1 to 7 days  

Discarded Inspector, Employee, Bus (single ticket), Multi (train, bus, metro), Naviluz 

(Touristic Christmas bus) 

 

Figure 6.20 shows the historic amount of daily EMT bus service ticket validations used by this study; the data 

range is quite complete even there some visible gaps. 
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Figure 6.20: Historic amount of daily EMT bus service ticket validations 

 

Figure 6.21 presents more in details the historic amount of daily EMT bus service ticket validations per ticket 

type.  

 

 

Figure 6.21: Historic amount of daily EMT bus service ticket validations per ticket type 

 

Tourist tickets are the ones less used in the Bus services from EMT Madrid (see Figure 6.22). The Metrobus 

category, where citizens are using these tickets for both, Metro and Bus is one of the most used categories, 

together with Children tickets, Regular Adults, Regular Seniors, Regular Young and PRM. 

 

 

Figure 6.22: Composition of main bus tickets 

6.2.2.2 BUS USERS’ MOBILITY FLOWS 

 

• OD Matrix estimation 

From the validation information of the bus tickets, only the ORIGIN information is available, since the validation 

happens when the user gets on the bus, but there is no such validation when the user leaves the bus. 

Therefore, an OD matrix for the bus trips has been estimated, with some assumptions, in the following manner: 
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1. Track each ticket id and make a historic time series of locations and datetimes 

2. Analyse per each ticket id if their associated stops are nearby to consider them as an origin/destination 

of a trip, identifying possible bus commutations if consecutive validations are taking place within one-

hour interval (time for free commutation given by regulations of the tickets). 

3. Establish trips between origin/destination for consecutive validations 

• Results 
Extracting OD trips is not possible, for example, when one ticket is validated at the same bus stop or nearby 

consecutively. In the following maps, the most representative estimated flows for all ticket types are presented. 

The flows have been gathered following a grid area of 1 km2. The results of the main bus flows are presented 

in Figure 6.23, considering all types of ticket. It is noteworthy that most relevant flows happen from south 

Madrid to the city centre/north and from north Madrid to the city centre. 

 

 

Figure 6.23: Main bus trips flows for all ticket types 

 

Figure 6.24 shows the most representative flows for regular adults and seniors. The previously mentioned 

main flows between North Madrid, city centre and South Madrid are present in both cases. From 15 to 18 

hours, Regular Adult flows happen mainly from North/Centre to South, whereas Regular Senior flows do it in 

the opposite direction. For short trips, Regular Adult flows move more from North to City centre, while Regular. 

Senior happen within the city centre and particularly from North to East from 6 to 9h. 

 

 

Figure 6.24: Most relevant flows for Regular Adult and Regular Senior tickets 
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Figure 6.25 shows bus trips flows for Regular Young and Persons with Reduced Mobility (PRM) tickets. Note 

that time ranges that are not shown in the Figures have been discarded due to low significance. Both ticket 

types follow the main patterns mentioned above. Particularly, Regular Young tickets keep short trips within the 

city centre, whereas PRM tickets show a similar pattern to Regular Senior, from North to East. 

 

 

Figure 6.25: Most relevant flows for Regular Young and PRM 

 

 

Lastly, Tourist and Children tickets flow are shown in Figure 6.26. As expected, tourist flows concentrate mainly 

within the city centre and with a significant high number of origins on the South-East of Madrid. On the other 

hand, Children tickets flows focus on Madrid city centre. 

 

 

 

Figure 6.26: Most relevant flows for Tourist and Children 

 

 

6.2.2.3 CLUSTERING OF BUS USERS 

To study the mobility patterns of the users through their id card tracking, it has been considered to cluster them 

based on their temporal validation profiles. 

 

The population chosen for this study was all the ticket types corresponding to March 2018. The typical 

validation activity for the different cluster found (100k cards tracked, around 5% of the total id cards, random 

sample) from Sunday to Saturday in gaps of one hour. 

 



 

 

 

This report is part of a project that has received funding by the European Union’s Horizon 

2020 research and innovation programme under grant agreement number 723314. 
Page 190 of 226 

 

Gaussian mixture model has been used to cluster the temporal validation profile of users, the results show 8 

differentiated clusters, as shown in Figure 6.27. 

 

 

Figure 6.27: Clusters of Bus users depending on validation times 

 

The description of the different clusters is listed as follows: 

 

- Cluster 1: 16.0% are late weekdays users. No activity at weekends 

- Cluster 2: 10.2% are low outward and heavy return users.  

- Cluster 3: 21.4% are late commuters. No activity at weekends 

- Cluster 4: 17.1% are regular commuters. 

- Cluster 5: 7.2% are regular commuters II. 

- Cluster 6: 5.7% are only late outward users. No activity at weekends  

- Cluster 7: 3.8% are heavy early outward, low afternoon return. No activity at weekends 

- Cluster 8: 18.7% are high active from morning to evening. 

Once temporal clusters have been defined, the composition of ticket types for each cluster can be analysed, 

shown in Figure 6.28. It can be inferred that Metrobus users are in fact more occasional and then they are 

more present in the cluster groups 1, 2, 6 and 8. Cluster 5 is mainly populated by regular adults. Regular young 

are very important in groups 7,3, 4 and 8. Senior users are not appearing following patterns of group 7 
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Figure 6.28: Cluster composition of different ticket types in terms of time user profiles 

 

In the opposite manner, Figure 6.29 shows the cluster composition for each ticket type. Regular Young tickets 

are mostly related to Cluster 3, and Regular Adult tickets to Cluster 4. Cluster 2 and 4 behave similarly, but it 

is noticeable that for Cluster 2, the first validation is more escalated from 9 to 12 than Cluster 4, that shows 

neat peak around 8. Also, Cluster 5 is more significant in Regular Adult than Regular Young, whereas Cluster 

8 is more present in Regular Young than Regular Adult. 

 

 

 

Figure 6.29: Cluster composition for ticket type in terms of users' temporal clustering 

 

6.2.2.4 UNDERSTANDING BUS USERS’ TRIP MOTIVATION  

• Areas’ clustering based on buildings typology weighting 

Without any further information than the previously estimated OD matrix, this section aims to shed some light 

on what the reason or interest of that travel can be. In line with the methodology carried out for the BiciMAD 

trips in previous section, a wide range of area overlapping the Madrid city neighbours and all kind of transport 

within has been considered. In this manner, Madrid city has been divided into areas of 1 km2 following the 

EMT bus and Madrid city overlap. They have been clustered by the properties given by the different neighbours 

of Madrid city. The resulting clusters are shown in : 
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Figure 6.30: Characteristics of Madrid Cluster areas 

 

 

The description of the different clusters found are, given by the parameters gathered in Table 6.11 and Table 

6.12, are listed here:  

 

- Cluster area 1 are old commercial-residential, mid dense, low leisure area 

- Cluster area 2 are isolated and low dense area 

- Cluster area 3 are working class, industrial area very vivid environment 

- Cluster area 4 are high dense area, mid commercial office hub vivid environment 

- Cluster area 5 are new low dense commercial-residential, low leisure 

- Cluster area 6 are high standard residential calm area 

- Cluster area 7 are mid standard residential calm area 

- Cluster area 8 are economic-logistic hub 

Table 6.11: Average of socioeconomic factors per type of area cluster 
cluster Share 

(%) 

Population 15-29 

(thousands) 

Population 30-44 

(thousands) 

Population 44-64 

(thousands) 

Population 64-79 

(thousands) 

Density 

(inhabitants per 

hectare)  

Income 

(103 €/y) 

1 19.50 5.57 7.50 10.32 4.91 163 32.2 

2 1.65 0.64 0.75 1.15 0.45 11 12.7 

3 12.9 6.38 8.79 10.36 4.15 12 28.8 

4 7.29 3.80 6.10 6.83 3.30 243 46.7 

5 8.71 4.76 8.34 8.63 3.67 54 39.1 

6 13.9 3.31 3.99 5.63 2.81 62 67.2 

7 28.9 1.66 2.57 3.13 1.46 31 36.3 

8 7.06 6.66 16.41 12.93 3.38 47 52.0 

 

Table 6.12: Average of locals/stores typology by type of area cluster 
cluster Storage 

& parking 

commercial Cultural Sports 

equipment 

industrial Leisure 

& food 

offices residential Health 

care 

1 4,451 1025 33 11 137 17 136 15,461 13 

2 1,496 45 16 8 19 30 160 1,558 9 

3 6,735 1070 43 6 1066 372 564 14,648 22 
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4 4,565 1062 41 8 102 107 502 12,581 11 

5 8,528 755 26 9 219 10 235 16,183 9 

6 4,718 342 44 26 36 13 129 8,310 30 

7 1,326 272 18 5 39 15 71 5,005 6 

8 10,781 677 34 14 345 11 972 23,107 13 

 

For a global view of these area clusters in the city of Madrid, the clustered areas are shown in the following 

map:  

 

 

Figure 6.31: Madrid Cluster Areas in 1 km2 cells 

 

• OD flows activity areas 

The activity of the OD flows among the different areas are shown in Figure 6.32. It is significant to note the 

self-contained flow in areas 4 and 5 for non-workweek days and specially for workweek days in area 4. Also, 

the flow between 4 to 6, 1 to 4 from 6 to 9 hours for the workweek days is noted. 

 

Figure 6.32: OD flows among the different areas 

• Flows among areas by ticket type 
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For the workweek days the absolute flow reveals that the Regular Senior ticket users usually appear properly 

after 9 am, and then dissipate by 21h. All the ranges and areas are composed mainly by Regular Adult and 

Regular Young ticket users. For late hours and among some areas, Regular Young tickets are the major group 

of the flow. Also, it is noteworthy that at range from 3 to 6h, the Regular Adult predominates clearly over 

Regular Young group (see Figure 6.33 and Figure 6.34) 

Figure 6.33: Absolute value OD matrix composition for workweek days between Area Clusters in 

Madrid by ticket type 
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Figure 6.34: Relative value for the OD matrix composition for workweek days between Area Clusters 

in Madrid by ticket type 

 

For the non-workweek days, the flow reveals that the Regular Senior usually behaves in a similar way to 

workweek days. As previously, all the ranges and areas are populated primarily by regular adult and young 

types, but with less share of Regular Young. There are flows in some areas at late night populated essentially 

by Regular Adult and other by Regular Young, showing perhaps different types of night life areas (see Figure 

6.35 and Figure 6.36) 
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Figure 6.35: Absolute value OD matrix composition for non-workweek days between Area Clusters in 

Madrid by ticket type 

 

Figure 6.36: Relative value for the OD matrix composition for non-workweek days between Area 

Clusters in Madrid by ticket type 

 

The Metrobus, Children, Tourist and Regular PRM tickets are minority in the dataset, so those graphs are 

difficult to interpret for these groups. However, this manifests the solid ground for a deep study, including the 

mobility patters found previously, to have an accurate detailed vision of the all types of user’s mobility.  
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• Departure flows by area, ticket type and temporal cluster group 

Additionally, the cluster composition for different time ranges for departure trips from each area for workweek 

and non-workweek days has been analysed.  

 

For the weekdays (Figure 6.37) there are observed some slight differences in terms of absolute values of the 

flows, but there are not significant differences in the composition of the cluster, except for area 2. So, basically 

all the typologies found move in a similarly share in each area. It is remarkable that on areas 2, 4 and 6 their 

peaks are situated in the afternoon, meanwhile for the rest it occurs in the morning (areas 3, 5, 8).  

 

 

 

Figure 6.37: Cluster composition for time ranges for the outward trips from all the areas (workweek 

days) 

 

For the non/workweek days departures, there fluctuations over the common patterns is a bit significant that 

those found on weekdays. The main activity is observed to be from 9 to 21 hours. 
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Figure 6.38: Cluster composition for time ranges for the outward trips from all the areas (non-

workweek days) 

 

To finalise this section, Figure 6.39 displays the densities of daily departures for each area in terms of cluster 

composition and ticket type. It can be noted that the main groups are regular commuters I and II and regular 

adults, with significant flows at area economic-logistic hub (area 8). Regular senior and regular commuters II 

are especially relevant during non-workweek days, especially for old commercial-residential, mid dense, low 

leisure and mid standard residential calm areas (1 and 7). Regular young and regular commuters are relevant 

in all areas except at high dense area, mid commercial office hub vivid environment and economic-logistic hub 

areas (4 and 8). 
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Figure 6.39: Density composition of ticket type and temporal cluster for bus departures in all the area 

types. 

 

6.2.3 MAAS MADRID APP USERS 

 

Recently, EMT Madrid launched an App that aims to enable different private and public transport services and 

operators to track the users GPS location. Despite the fact that the App is still in development, it has been 

working long enough to have recorded data from the users that have logged in. The App focused on recording 

from time to time the GPS location of the active user, without any further information regarding mode of 

transport or other trip characteristics (e.g. user data or reason of the trip).  

 

Therefore, only the GPS data from the active users is available to perform a preliminary analysis of the user 

features. With this data, the analysis aims to shed some light on the patterns of the MaaS users, and eventually 

find out their modes of transport, to have a rounded conclusion on their mobility behaviour. 

 

6.2.3.1 GENERAL DESCRIPTION 

 

First of all, a quantitative analysis of the data has been carried out. Figure 6.40 shows the cumulative GPS 

data points, in percentage, for all the users that logged in the App at least once. It can be noted that only for 

December 2018, the GPS points sum up to 60k, with 2285 users registered, which only 10% of them cumulate 

80% of the GPS points.  
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Figure 6.40: Cumulative percentage of GPS data points for all MaaS Madrid App users 

 

Hence, it has been decided to analyse the subset of the users that contain a minimal amount of GPS points in 

order to be able to estimate their journeys and the transport mode in an accurate manner. Figure 6.41 shows 

the cumulative GPS points for the users with more than 100 and 1000 GPS points.  

 

 

Figure 6.41: Cumulative percentage of GPS data points for all MaaS Madrid users with more than 100 

and 1000 GPS points, left and right respectively. 

 

Finally, considering the users that have more GPS points recorded, the top 50 users with more points have 

been selected to carry out the analysis. Therefore, in this manner, the conclusion that will be extracted for this 

example cannot be extended to the general profile of PT users but may help to understand the mobility 

behaviour for people interested in MaaS platforms. 

 

A track has been defined by a sequence of points with a maximum time between points of 90 minutes for the 

selected users. Tracks with only one GPS point have been removed. Figure 6.42 shows the histograms 

corresponding to the average time lapse per track, the average time between two consecutive points within a 

track and the average GPS point per track. Red and magenta line correspond to the mean and median 

respectively. 

 

 

 

Figure 6.42: Histograms for average time lapse per estimated track (right), average time between two 

GPS points belonging to the same track (middle) and average GPS points per track (right) for the 

selected users 

 

 

The mean and median values for these features are gathered in Table 6.13. On average, a GPS track lasts 

2.7 hours with 18 GPS points, one each 13 minutes. 
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Table 6.13: Mean and median values for the time lapse per track, time between two GPS points within 

the same track and GPS points per track 

Metric Time lapse (hours) Time 2 track points (min) GPS points per track 

Mean 2.7 13 18 

Median 1.4 9.1 9 

 

These features for the tracks are far away from other studies for GPS tracking and transport identification that 

one can find in the general literature. In similar studies, GPS points were tracked every 10 seconds, which 

allows to analyse the mobility patterns in a more accurate manner.  

 

In the following sub-sections, the model methodology followed in this analysis is explained. Afterwards, the 

most visited areas and the main trips among the MaaS App users is evaluated. 

 

6.2.3.2 METHODOLOGY TO ANALYSE GPS DATA  

Due to the importance of processing the MaaS users’ data, the methodology is explained here. The algorithm 

developed for extracting the mode of transport and knowing the mobility habits and preferences of the users 

is described in the following lines. 

a. Extract users’ visited places:  

i. Coordinates and average time spent there 

b. Extract unique users’ trips: 

i. Extract users’ trips (or legs) based on visited places 

ii. The GPS points between two visited places conform part of a trip 

iii. Find out similar trips on the historical data which can be an incomplete part of a trip  

iv. Find the principal curve that collapse the previously found trips into a unique trip 

c. Identify a mode of transport for the trip: 

i. Recover the multi legged trip in terms of mode of transport 

 

The following transport networks have been taken into account: Train structures, EMT (inter city) bus, 

Metropolitan bus and Metro. The modes to assign to each user are walking, private vehicle, train, bus or 

subway. 

 

• Users’ visited places 

Before extracting the trips, it is essential to know where to and from the users are moving through the city. To 

achieve this, the tracks are analysed in such a way that those places where users seem to be staying due to 

low fluctuation around a virtual centre within the area of the visited place are first identified. There are two 

different types of such places: areas where people spend a lot of time (house or work) and areas where they 

spent short time. An example of an anonymized users' recurrent areas are shown in Figure 6.43. 
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Figure 6.43: Recurrent places found for an anonymised user 

 

 

• Unique users’ trips 

Once the recurrent places for each user have been found, it is possible to identify those GPS points that belong 

to a displacement, since the points that belong to the origin or destination are known. 

 

1. Find visited places 

2. Split tracks into legs’ trips 

3. Decide if is a leg is a part of a trip 

The trip probability densities of MaaS users along the day are depicted in Figure 6.44: 

 

 

Figure 6.44: Trip probability density by hours and separated into workweek and non-workweek days 

 

• Mode of transport identification 

In this stage, all trips have been identified as Bus EMT (Madrid city and Metropolitan Area), train, Metro, 

walking or unidentified vehicles. The PT networks of Train, Metro and Bus in Madrid are shown in Figure 6.45. 
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Figure 6.45: Public Transport map of Madrid, including train, metro and bus 

 

Every point has been checked with transport networks of train, Metro, bus, night bus, bus EMT, night bus EMT. 

The walking mode has been considered for cases of low velocities and points that cannot be associated with 

the other transport networks. In case of points with high velocity and without relation to the mentioned transport 

networks, they are classified as “other”.  

 

The first results are displayed in Figure 6.46, which shows the mode of transport density in terms of the time 

range and separated into workweek and non-workweek days.  For the workweek days, the MaaS users are 

showing the standard pattern related with work, with an outward peak from 6 to 9 h and a return peak from 15 

to 18 h. 

 

 

Figure 6.46: Mode trip probability distribution for non-workweek days (left) and workweek days 

(right) 

The share for each PT transport mode for each time range and for workweek and non-workweek days is shown 

in Figure 6.47. 

 

 

Figure 6.47: Mode trip composition for PT (bus, metro and train) 
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Along the transport mode identification, the distribution of velocities for each mode of transport can be 

estimated, as shown in Figure 6.48. 

 

 

Figure 6.48: Distribution density of velocities for each transport mode 

 

Table 6.14 gathers the average, median and commercial velocity for each mode of transport. On one hand, it 

can be observed that the average and median velocities for metro and train are much lower than their 

commercial velocity. The reason for this could be that the analysed trips contain waiting times at the stations 

and other issues like disruption of services, which can affect significantly to the average velocity in a such a 

calculation. On the other hand, the velocity relation among modes follows a similar magnitude to the 

commercial velocities, which shows consistency. The train, in all cases, shows the fastest velocity, followed 

by metro and bus. 

 

Table 6.14: Average, median and commercial velocity for the different transport modes considered 

Mode Bus Metro Train Other Walk 

Average velocity (k/h) 13.6 16.8 23.6 20.9 3.3 

Median velocity (km/h) 10.9 15.2 21.5 14.6 2.6 

Commercial Velocity(km/h) 12 30 50 - 5 

 

6.2.3.3 RESULTS OF THE TRANSPORT MODE IDENTIFICATION 

Once the mode of transport has been identified, the share for each transport mode can be estimated. In this 

case, the interest resides in the combination of bus (Metropolitan and EMT), metro and train, since the rest of 

modes are not identified, and walking is out of the interest in this study. The results contain more than 4.000 

trips that have been used to discover the transport modes shared by MaaS users. Figure 6.49 shows the 

shares for each transport mode. It can be noted that the most used mode is, by far, Bus EMT, with a 55% of 

uses, followed by Metropolitan bus, train and metro. 

 

 

Figure 6.49: Transport modes share 
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To understand user behaviour and preferences, it is of interest to study the shareability of transport that leads 

to multimodality. Therefore, an analysis considering only PT modes and all the possible combinations has 

been carried out (Figure 6.50). It should be noted that Only Bus, Only Metro and Only Train include all the 

commutation possibilities within the same transport mode. 

 

The results show that the most popular mode of transport for MaaS users is the Only Bus option, followed by 

bus and metro. Bus and metro option may reside on the popularity of this option in Madrid city, with the widely 

used Metrobus tickets. As additional information, focusing on the walking mode share, people walk an average 

of 0.5 km of the total trip. 

 

 

Figure 6.50: Multimodal trips share 

 

Table 6.15 and Table 6.16 show the distance and time for each transport mode and the distance share for 

each transport mode for the multimodal trips. The longest distances correspond to train, followed by metro and 

bus. However, the time spent on the bus is often larger than the other modes. In fact, the commercial velocity 

of the bus is the lowest, compared to metro and train. 

 

Table 6.15: Average distance travelled depending on the mode of transport or combination, and the 

ratio over the total trip 

Mode Dist Bus (km) dist Metro (km) Dist Train (km) Tot Dist (km) dist B (%) Dist M (%) Dist T (%) 

Bus 8.2 - - 8.2 100 - - 

Metro - 8.6 - 8.6 - 100 - 

Train - - 15.2 15.2 - - 100 

B+M 5.1 6.6 - 11.8 49.4 50.6 - 

B+T 5.6 - 11.3 16.8 38.5 - 61.5 

M+T - 5.5 9.2 14.9 - 42.4 57.6 

All 5.8 6.0 9.3 21.1 29.1 30.7 40.1 

 

 

Table 6.16: Average time travelled depending on the mode of transport or combination, and the ratio 

over the total trip 

Mode Time Bus 

(min) 

Time Metro 

(min) 

Time Train 

(min) 

Tot Time 

(min) 

Time B  

(%) 

Time M 

 (%) 

time Bus 

 (min) 

Bus 34.7 - - 34.7 100 - - 

Metro - 29.5 - 29.5 - 100 - 

Train - - 33.6 33.6 - - 100 

B+M 27.3 24.9 - 52.2 54.9 45.1 - 

B+T 26.4 - 33.3 59.8 45.5 - 54.5 

M+T - 18.3 23.4 41.7 - 47.0 53.3 

All 31.8 26.4 30.4 88.6 36.3 29.2 34.5 

 

The results for the previous tables are displayed in Figure 6.51. 
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Figure 6.51: Average distance and time for each mode of transport 

 

 

6.3 MADRID - PILOT ANALYSIS 

Within Madrid’s pilot analyses, data from the users’ consulted trips have been analysed (section 6.3.1) and the 

different transport modes have been evaluated (section 6.3.1.1). A pre-test survey has been launched (section 

6.3.2) in order to understand the mobility preferences of the potential MaaS app users and the perception and 

preferences of the different mobility services. A post-test survey has been designed (section 6.3.3) to find out 

feedback from the MaaS app Madrid users to find out any issues with the app and the most interesting features 

for the users. 

 

The MaaS Madrid App, although it is still under development, it is already offering information regarding air 

quality to router/journey planner and other information about PT and private vehicle sharing services.  

 

Figure 6.52 shows the share of the usage for all the possible queries depending on the type of services called. 

 

 

Figure 6.52: Queries/Calls to MaaS App 

 

The main calls are focused on air quality, point of interest, autocomplete route and route planner with share of 

32.8%, 32.6%, 15.9% and 7.1%, respectively. The detailed number of queries and calls are shown in Table 

6.17. 
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Table 6.17: Total call of the API for the different services offered by the App 
Services Description API calls % 

obtenerCalidadAire Air quality MaaS_Visualizador 4768 32.8 

obtenerPOI Point of interest MaaS_Visualizador 4740 32.6 

getAutocomplete Autocomplete MaaS_Planificador 2305 15.9 

callPlanner Planner MaaS_Planificador 1037 7.1 

obtenerParada Nearby stops MaaS_Visualizador 708 4.9 

obtenerAlertas Alerts MaaS_Visualizador 692 4.8 

obtenerVehiculo Vehicles MaaS_Visualizador 146 1.0 

obtenerRecorrido Route MaaS_Visualizador 82 0.6 

obtenerInstalacion BiciMAD station status  MaaS_Visualizador 29 0.2 

obtenerLineas Public transport lines MaaS_Visualizador 15 0.1 

6.3.1 ROUTES CONSULTED 

 

The routes consulted from the API show an historic profile as depicted in Figure 6.53, with an average of 45 

calls per day. 

 

 

Figure 6.53: Estimated planner API calls 

 

The origin and destinations for these API calls are plotted in the map of Figure 6.54. The most common origins 

are located in Valverde (north) and Matadero (south-east of the city centre). The destinations are mainly 

distributed among the city centre and north-east of Madrid. 

 

 

Figure 6.54: Origin and destination searched by the users through the App 

 

The histograms for the route length, time and velocity are shown in Figure 6.55. 
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Figure 6.55: Histogram for route length, time and velocity suggested by the route planner to the 

users 

 

Table 6.18 shows the mean and median of these attributes. The average proposed routes stand for a distance 

of 11 km, duration of 70 minutes and a velocity of 13 km/h. 

 

Table 6.18: Mean and median of length, time and velocity of the proposed routes 

 Length (km) Time (min) Velocity (km/h) 

mean 10.7 69.4 12.7 

median 9.3 43.4 11.4 

 

 

Analysing in more detail the transport modes recommended for each query, Figure 6.56 displays the average 

for the duration and distance proposed by the route planner. Regarding length, proposed routes for EMT bus, 

carsharing, own vehicle and Scoot are significantly longer than the rest, whereas proposed walking routes 

stand for very short routes. As for duration, shortest trips are for BiciMAD and own vehicle, followed by Metro. 

 

 

Figure 6.56: Average time and average distance per route, left and right respectively, proposed by 

the route planner 

 

Figure 6.57 shows the share of distance and time covered by each transport mode considering each trip 

recommended by the route planner. The results show that Metro, followed by BiciMAD, are the transport modes 

with less time covered with respect to the distance travelled for an average trip.  
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Figure 6.57: Average time and distance share, considering all recommended routes, for each 

transport mode 

 

Lastly, Table 6.19 shows the average values for time and distance for each transport mode. Note that the 

Average percentage values correspond to the ones shown in Figure 6.57, which represent the percentage of 

the time or distance in the trip that is performed in that particular mode. For instance, BiciMAD shows an 83% 

of average percentage time, which means that among the trips where BiciMAD is used, 83% of the time the 

trip is performed by BiciMAD and 17% with other transport modes. 

Table 6.19: Average values for time and distance by transport mode 
modo operador Modo_char Recommendations Average 

time 

(min) 

Average 

percentage 

time 

Average 

length 

(km) 

Average 

percentage 

length 

1 Publico_metro metro 1573 11.5 33.8 4.2 4.9 

2 Publico_cercanias train      

3 publico_emt EMT Bus 266 16.7 35.6 8.5 97.7 

4 Publico_BiciMad bike 50 9.4 83.4 3.1 47.7 

5 Publico_parking parking      

6 Scoot_company Moto: Acciona, 

Cooltra, Ioscoot, 

Movo 

1092 12.7 61.1 7.7 86.2 

7 car2go Car sharing: car2go 691 16.0 90.0 8.5 97.7 

8 Taxi_taxi_mad taxi      

9 caminar walking 5234 12.8 22.1 0.84 11.2 

10 own_vehicle Own vehicle 50 9.4 83.4 8.00 85.7 

11 Patin_company flash      

12 publico_metroligero tram      

13 publico_bus_interurbano Metropolitan bus      

 

6.3.1.1 MOBILITY SERVICES COVERAGE 

Points of Interest is a service from the MaaS Madrid App that allows the user to see the mobility services 

available near to their location. With this service, it is possible to extract the coverage of all the transport modes. 

Since PT infrastructures are static and already known by the users, it is not interesting to go into too much 

detail on these transport modes. Hence, carsharing, scooter sharing, and taxi Madrid have been analysed. 

 

Only a partial information of the services is able to extract, since it depends on the number of user calls and 

their location. However, this information is enough to extract the services coverage. In Figure 6.58, there are 
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plotted the coverage areas for car2go, taxi Madrid and different scooter-sharing services (Flash, Acciona, 

Cooltra, Ioscoot and Movo). The services mainly cover the city centre of Madrid, and Taxi Madrid and Cooltra 

seem to cover in a proper way the north of Madrid. 

 

 

Figure 6.58: Area coverage in Madrid for carsharing (car2go), taxi, scoot (Flash) and bike-scoot 

(Acciona, Cooltra, Ioscoot and Movo) 

 

6.3.2 IMOVE MADRID PRE-TEST SURVEY ANALYSIS 

 

The pre-test survey was answered by 20 participants. It should be noted that this survey was launched before 

testing the app. 

 

• Participants characteristics 

As shown in Figure 6.59, both genders are almost equally represented, and the age distribution is similar for 

both of them. As for Education, most of the respondents have university studies. 

 

 

 

Figure 6.59: Age and education of the participants 

 

All respondents are employed or self-employed. 50% of the participants are living in a household with 2 or 3 

people and only 30% have children (Figure 6.60). 
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Figure 6.60: Household context of the participants 

 

Most of the participants live in the city or the metropolitan area, and only a 10% live on a rural area. Income 

and expenditure in transport information of the participants is shown in Figure 6.61.  

 

  

Figure 6.61: Income and expenditure in transport of the participants 

 

Figure 6.62 shows the information about the number of cars and bikes for each household. All participants 

have driving license. City and metropolitan area show very similar numbers in terms of car ownership (90% 

have at least one car). 

 

 

Figure 6.62: Private cars and bikes per household 

 

In relation to types of transport passes, Figure 6.63 gives an insight into the participants usage of this services. 

All Madrid city and the rural areas’ participants use the annual pass. On the other hand, in the metropolitan 
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area, 63% use annual pass, 25% use rechargeable cards and 12% do not use any pass. Figure 6.63 also 

shows information about the membership of sharing services. It is noteworthy that carsharing (car2go) is the 

mode with more success, with a 40% of memberships among the participants. Scooter, motorbike and 

BiciMAD have all around 20% of memberships. 

 

 

Figure 6.63: Transport passes and Carsharing information about the participants 

 

• Participants trip characteristics 

The information about the commutes of the participants is summarized in Figure 6.64. 80% of the participants 

travel more than 10 km when commuting and half of them spend less than 1 hour to get to work. 

 

 

Figure 6.64: Commute of the participants (distance and time) 

 

The usage during spring-summer and autumn-winter periods are nearly the same, see Figure 6.65. The most 

used transport is private car, followed by metro, bus and train. Motorbike, motorbike sharing, and car renting 

are the less used services. Participants use carsharing and taxi services in a similar way, essentially never or 

once monthly. 
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Figure 6.65: Usage of different transport modes for spring-summer and winter-autumn periods 

 

Considering the trip purpose, train, metro and bus have smoothly more work/study related use than leisure, 

whereas private car shows the opposite situation. During holidays, the most frequent modes are private car, 

renting car (it is only present during holidays) and train (Figure 6.66).  

 

 

Figure 6.66: Trip purpose by transport mode 
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• Participants transport perception 

The satisfaction of the participants about their current transport mode is shown in Figure 6.67. 20% of the 

participants are unsatisfied with their current commute experience.  

 

 

 

Figure 6.67: Current transport state of satisfaction 

 

Regarding private car users, their main concerns are parking and cost. Security, safety and duration are also 

significant concerns (see Figure 6.68). 

 

 

Figure 6.68: Car users' satisfaction from different features (for commute) 

 

The perception of the participants about the different modes of transport is shown in Figure 6.69. The most 

popular and with only positive views from the participants is the bus.  Metro has also a very positive image, 

with 95% of positive answers. Other modes with positive views are train and Carsharing. The modes 

considered more negative are taxi and car ownership. 
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Figure 6.69: Participants’ perception of all the transport modes 

 

Lastly, it is of interest to study the reason that the participants are choosing the mode of transport (Figure 

6.70). The main reason to choose a transport mode is the fastest option. Other important reasons are flexibility 

and reliability. On the other side, commodity and lack of alternatives are the less important reasons when 

choosing transport mode.   

 

 

Figure 6.70: Participant's reason for choosing the mode of transport 

 

 

• MaaS Madrid app expectation 

It is essential to understand the users’ expectations about the MaaS Madrid App. Figure 6.71 provides insight 

of the expectations of the users. The main expectations are improving daily trips and profit travel time. Other 

important expectations are increase PT usage and reduce travel time.  
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Figure 6.71: MaaS Madrid App expectations of the participants 

 

Lastly, the participants were asked about the reasons to become a MaaS Madrid App user (see Figure 6.72). 

Participants agree that economy and flexibility are more important than other aspects for using the App. 

Freedom, coexistence and environment are also significant reasons for the users to use the MaaS Madrid 

App. 

 

Figure 6.72: Participants' reasons to become a MaaS Madrid App user 

 

6.3.3 IMOVE MADRID POST-TEST SURVEY 

 

This survey aims to get insights about the app users and their experience. The number of participants of this 

survey is 10. Participants are not finding the access to the app as easy as they would expect, although they 

think it is intuitive to use (Figure 6.73).  
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Figure 6.73: Accessibility and intuitiveness of the MaaS Madrid App 

 

Regarding the features of the App that are more interesting to the users, 87% use the app to know about the 

air quality and with interest only in Public Transport and Electric Vehicle. The App provides the user the 

estimated time of arrival of the bus when checking details of the PT. 40% of the users understand the ETA for 

the EMT bus stops when using the App for this purpose, while 20% mislead this information with the frequency 

of the bus service. 

 

   

Figure 6.74: Interest about the MaaS Madrid App features 

 

 

Half of the participants have some trouble to see PT line details, other information related to that service or 

even to calculate a route in the app (see Figure 6.75)  

 

 

   

Figure 6.75: MaaS Madrid App navigation experience 
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As a conclusion of this survey, respondents are keen to download the app for their usage even though some 

technical barriers have been experienced by some of them due to the interface not being perfectly clear for 

them.  

 

6.4 MADRID – LIVING LAB CONCLUSIONS 

Within this section, the main conclusions of the results from the Madrid Data Analytics tasks, will be identified 

and described in the following points:  

 

BiciMAD (section 6.2.1): 

- The available data from BiciMAD, which contains information about the time and stations where the 

bike has been unplugged and plugged, has allowed us to perform various clustering analyses, from 

different perspectives: 

o Clustering by several trip attributes enables us to differentiate between types of users. For 

instance, commuters that travel long distance or users that travel for a single short distance 

trip are the most common types of users. 

o By means of temporal clustering, the users can be classified by the timeframe when they use 

BiciMAD. This way, it is possible to classify by regular commuters, evening users or nightlife 

users. 

o The two previous clusterings have been merged and the analysis of the activity difference 

between workweek days and non-workweek days has been carried out. The user clusters with 

more decrease heavy-long distance regular od and evening and common commuters, groups 

related with standard work schedule activities. 

- The BiciMAD mobility flows in Madrid show that the activity is focused on the BiciMAD area coverage 

centre (around Salamanca neighbourhood) for the weekdays and the city centre during weekends.  

- Madrid areas can be clustered by different socioeconomic and building categories in order to better 

comprehend users’ trip motivation. With the categorization of these areas, it has been found out that 

during weekdays, the main flows happen between classic working-class area, economic high-rent 

residential areas and city centre hub areas. During weekends, the main flows happen between classic 

working-class areas and city centre hub areas during the day and from the city centre to the rest of 

the areas at night. 

- In general, up to 33% of the users use BiciMAD for commuting and up to 25% for leisure at night. 
 

EMT Bus (section 6.2.2): 

- Using the validation information at the origin of the trips, it is possible to estimate the OD Matrix and 

analyse the most significant flows of the EMT Bus and identify the behaviours of different ticket types: 

o For long trips, Regular Adult tickets usually move from North or Centre of Madrid to South, 

and Regular Senior do it the opposite way. Short trips happen within the city centre. 

o Regular Young tickets mainly perform short trips within the city centre, whereas PRM tickets 

show a similar pattern to Regular Senior. 

o Regular Tourist tickets are concentrated mainly on the city centre, and with a significant 

amount of origins in the South-East of Madrid.  

- Clustering by temporal ticketing validation has led to the following conclusions: 

o 24% of bus users are regular commuters, 21% are late commuters and 19% are active from 

morning to evening.  

o 14% of EMT Bus users use the service only in the morning or in the evening. Hence, it can be 

assumed that they are using other modes to do the round trip (Metro, BiciMAD, etc). For a 
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more detailed understanding of EMT Bus patterns, it would be strongly beneficial to perform 

a study with all the transport modes. 

- As for BiciMAD service, the clustering area and the flows among the area types lead to the conclusion 

that the main flows happen from south Madrid to city centre and North Madrid (classic working class 

to vivid city centre hub and economic logistic hub). During weekends, the flow reveals that Regular 

Senior behave similarly to workweek days and that there is a significant flow of Regular Adult and 

Young during the night. 

 

GPS MaaS App points (section 6.2.3): 

- Regarding quality of data, the average time between two tracked points is 13 min. Besides, most of 

the users had less than 100 points recorded. More accurate information (i.e. less interval between 

points) would allow us to include more users in the analysis. 

- Once the users have been selected, from the GPS Points trajectory, the mobility patterns can be 

analysed. MaaS App users follow the regular city schedules.  

- MaaS App users show regular city schedulea for commuting and leisure. 

- Estimating the mode of transport for each trip, it can be concluded that average and median velocities 

match with the commercial velocities of the different modes, stating that the mode identification is 

realistic. 

- 29% of the MaaS App users use only Bus. 28% use Bus+Metro and 26% use Bus+Metro+Train.  

- Multimodality is very present among the MaaS App users. Among multimodal trips, all transport modes 

present on the trip are approximately equally present. 

- For further analyses, it would be appealing to have an evaluation data set (e.g. knowing the exact 

modes of transport for a tracked user). 

 

App (sections 6.3.1 and 6.3.3): 

- Users’ main interests on the App are Air Quality status and Point of Interest (a feature of the App that 

informs about mobility services nearby). Both can influence the transport mode chosen by the users. 

- The Point of Interest service allows the user to see all the mobility services nearby. This is useful for 

transport modes that do not have a static network, like bike sharing or scooter-sharing services. 

Analysing the related data, it can be concluded that carsharing, taxi, scooter-sharing and bike sharing 

services coverages are well shown in the App. 

- The App provides route options, by means of the Route Planner. This Route Planner provides 

multimodal options considering all the user needs. It can be concluded that the App prioritizes the 

Public Transport modes and gives plenty of multimodal options. The most recommended modes are 

walking, metro and scooter-sharing. 

- From user’s feedback, there is a need for improvement in the App accessibility, especially if it is 

pretended to be used by old people. On the other side, the App intuitiveness is  well perceived by the 

users. The App offers multimodality with PT, own vehicle, scooter and car sharing, which makes 

necessary doing special agreements to integrate all the services. 

 

Surveys (Pre-test and post-test) (section 6.3.2): 

- Madrid people are very keen to use PT. Car usage is at the same level than metro and bus together. 

- The most used transport mode in Madrid is the car, followed by metro, bus and train. 

- 65% of the users are satisfied with their current commuting experience and 20% are neutral.  

- Private car commuters worry most about parking, cost and trip duration (due to the congestion). 
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7 GENERAL CONCLUSIONS 
This section illustrates the final conclusions extracted from the data analytics task developed in five different 

LLs that have been part of IMOVE. The value of analysing five different MaaS schemes in different 

cities/regions, all of them having their particularities from societal, technological and political perspectives, 

allows extraction of valuable conclusions about the crucial components for future MaaS schemes. Some 

example of the lessons learned are linked with the activity of the users registered on the different MaaS 

platforms using different mobility services in the cities; the actual effectiveness of actions and mobility services 

usage on specific users’ profiles in different environments; the identification of technical and non-technical 

issues concerning data collection processing and sharing, etc. 

 

• LLs particularities and lessons learned 
In a world of massive disruption, with clear trends towards a digitalised, shared and on-demand society, 

mobility is a key component in understanding our consumer habits, preferences and needs moving across 

(and between) cities.  

 

The purpose of the IMOVE data analytics task has been to assess the opportunities and barriers of 5 different 

MaaS schemes with different levels of MaaS integration (Table 7.1). The lessons learned from these five 

contexts will be food for thought for other cities in Europe that have similar conditions as the ones described 

in the following Table: 

Table 7.1: MaaS schemes characteristics 

 Level of MaaS integration 
Single transport services 

information available 
MaaS App 

information 
Other 

information 

Turin LL 

Begin 
1 – Integration of 

information 

PT data 
Vehicle 
sharing 

data 
- - Surveys 

End 

2/4 – Integration of 

booking & payment 
and 

incentive/gamification 
practices promoted 

by the Public 
Administration 

GM LL 
Begin 0 – No integration 

Traffic 
data 

Aggregated 
PT data 

Vehicle 
sharing 

data 
- Surveys 

End 
2 – Integration of 

booking & payment 

Berlin LL 
Begin 

1 – Integration of 

information 
Vehicle 
sharing 

data 
- - - - 

End 3 – Subscription 

Göteborg 
LL 

Begin 0– No integration 

Park & 
Ride 
data 

- - - - 
End 

2-3/4– Services both 
in level 2 and level 

3/4 have been 
created, however, 

they are run by 
commercial or public 

3rd party service 
providers. 

Madrid LL 
Begin 

1– Integration of 

information 
PT data 

Vehicle 
sharing 

data 
- 

MaaS GPS 
location 

Surveys 
End 

2 – Integration of 

booking & payment 

 
i. Lesson learned 1: The output of this data analytics task can contribute to design new business 

models more efficient with a better and more tailored value proposition to different target 
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users. By offering them a door-to-door service more simple, reliable, affordable and adaptable to the 

life syles of each individual. This task is an important output for IMOVE WP1 – Scalability Unlockers. 

 

In the first case, Turin LL, a city with 1,7 million inhabitants with a level 2 of MaaS integration in the existing 

Torino Urbi MaaS App, the aim of this task was to: 

 

- Inferring valuable information such as mobility patterns, common places, user interests, to better 

understand users’ mobility behaviour.  

- Analysing the service quality and discover, for example, situations of lack of service and others with 

potential excess. 

 

As stated in Table 7.1, within Turin LL, PT validations have been analysed; since there is no obligation to 
validate the ticket on exiting the transport vehicle, the available information is only the origin of the trips. 
However, the ticket IDs were tracked in order to make assumptions based on the repeated trips with the 
purpose of creating the origin and destination matrices. The location of ticket validations occurrence showed 
that there is a significant amount of records (11.48% of total records) that happened out of the Turin districts’ 
border, and 86.38% of the out-districts records come from the closest zone to the district border of Turin. So, 
these surrounding areas are the key to understand the mobility habits of the Turin’s users. The combination of 
population, operational area coverage, services usage and area characterization of Turin have been key to 
better understand the trips’ motivations of Turin’s users as well as to discover any lack or potential excesses 
of the coverage of the different mobility services analysed (section 2.4). 

ii. Lesson learned 2: OD trips information is crucial to better understand the MaaS users 
behaviour. By having this information, it will be possible to offer a better value proposition for the final 
MaaS users and to create benefits for the society as a whole.  
If destination information is not available, there is the possibility to make assumptions based on 
repeated trips and identify not only Origin-Destination of the trip, but also Origin-Interchange station-
Destination; however, if this is the case, the amount of OD trips that can be inferred is lower and only 
targeting repeated trips such as commuters or students.  

 
iii. Lesson learned 3: OD trips analyses can identify users’ clusters when there is the possibility of 

having users ID, if not, OD trips analyses can analyse mobility flows to identify mobility 
tendencies. 

 
iv. Lesson learned 4: Mobility flows merged with other datasets such as PT timetables (available 

in open-data platforms of many EU cities) can identify any potential gaps and opportunities of the 
PT service. 

 
In the second case, Greater Manchester LL (GM), a region with more than 3 million inhabitants with a level 
2 of MaaS integration, the aim of this task was to: 
 

- Find mobility patterns for future MaaS schemes in Greater Manchester region by analysing different 
mobility services that are available in the actual Greater Manchester transport network. 

 
Although PT data from train and bus has not been considered in Greater Manchester LL, there are 22k daily 

Metrolink trips, and there are 470k estimated daily trips by car. That means that there is 95% of car usage 

compared to Metrolink (Metro service in GM), and consequently there is a huge gap between car and PT. 

Although Metrolink does not cover all GM (the train does), the tendency is towards car usage. 88% of 

estimated car trips are less than 10 km, a short distance when considering the use of private cars. In peri-

urban areas of the city, the PT accessibility is not guaranteed. Adding to this that PT is being perceived as 

expensive, PT usage is not increasing. Regarding the Pilot App, it has been concluded that enhances new 

flexible mobility services such as Local Link (an on-demand service in GM area).  

 

v. Lesson learned 5: In a Level 2 of MaaS integration scheme, analysis of Booking sessions allows 

to identify users’ habits, preferences and needs; crucial to better define future tailored MaaS 

packages and to improve pricing strategies. Also, it is possible to complement these analyses with 
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additional detailed information about preferences or potential trips of the user from surveys or having 

access to private trip information. These complementary data can help to design more tailored tariffs 

and provide the best alternatives. 

 

vi. Lesson learned 6: Booking analysis is crucial to predict the availability of limited resources in 

different transport infrastructures (such as vehicle sharing availability, EVs charging points 

availability, parking spaces occupancy, etc.). 

 

vii. Lesson learned 7: Beacons - Traffic analyses have an accuracy limitation based on the total 

number of beacons installed in the area and the number of vehicles with Bluetooth. Partial 

routes identification is possible but it is not possible to identify destinations going out of the beacons 

coverage area.  

 

viii. Lesson learned 8: Beacons - Traffic analyses are able to identify tendencies of city traffic such 

as traffic levels, traffic flows in different areas of the city, etc. 

 

ix. Lesson learned 9: Aggregated PT data without users information is useful to have macro 

tendencies of the city. However, tickets validation data with users ID identification is the key to better 

understand users mobility behaviour.   

 

The third case, Berlin LL, a city with 3,7 million inhabitants and Level 3 of MaaS integration in the existing 

Urbi MaaS app, had the following ambition for this task: 

 

- Better understand users’ expectations, behaviour and needs. 

- Service disruptions identification. 

- To get tailored pricing insights of some of the existing mobility services. 

 

Berlin LL data analysis has been focused on an operational area analysis of each vehicle sharing mobility 

service. This coverage level has been compared with the district population analysis to understand the service 

coverage of each operator in each district. The main conclusion is that there are some districts that are highly 

populated but the vehicle-sharing companies’ operation area is limited (i.e. Districts 4 and 9). In these areas, 

the operational area should be expanded in the near future in order to offer an enhanced service. One key 

issue within the analyses carried out in Berlin is that most of the data records had no destination-related 

information. In this case, it was not possible to make assumptions as in the case of Berlin vehicle sharing data, 

there was no ticket id and user id to track. Having both origin and destination points is advantageous to have 

flow analyses that can be represented as a single level or an aggregated level (i.e. district flows). 

 

x. Lesson learned 10: PT data availability is crucial to have a complete idea of the whole city-level 

MaaS mobility patterns. If the only data available is vehicle sharing data it is more difficult to identify 

generalisable mobility patterns because of two principles: (i) the number of trips available comparing 

to the whole mobility services in the city is very low; (ii) the target users of vehicle sharing services are 

not representing all the mobility user groups. 

 

xi. Lesson learned 11: Vehicle sharing usage service information merged with other datasets such 
as districts population or buildings characteristics in different districts (available in open-data 
platfoms of many EU cities) can identify any lack or potential excesses of service coverage, trips 
motivation, etc. 

 
xii. Lesson learned 12: More tailored pricing strategies can be adopted by analysing the prices, 

accessibility, confort, conveniency, efficiency or safety of each of the transport alternatives 
that are available. Based on these criterias, it will be possible to identify opportunities to make users 
changing their mobility behaviour. 
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The fourth case, Göteborg LL, a city with more than half a million inhabitants with a metro area that covers 

more than 1 million inhabitants. This city has a Level 2-3/4 of MaaS integration with an ambition for this task 

to: 

 

- Park&ride users’ behaviour analysis, distribution analysis of different types of purchases. 

- Identification of opportunities or any potential gaps based on the Park&Ride users’ activity.  

 

In Göteborg LL, there has been a very low amount and variety of data. The analyses have been focused only 

with the pilot data available, mainly related to the distribution analyses for the only-PT purchases and for the 

park&ride purchases. The connectivity between all combinations of parking spaces to any PT locations has 

been analysed, and one first conclusion has been the difference between the number of parking spaces with 

high connectivity (24) and the ones that have low or no connectivity (119). And the second one is that users 

need more PT tickets to travel through the city and come back to the parking spaces to pick up their vehicles 

where the parking spaces in these areas do not have medium or high PT connectivity. 

 

xiii. Lesson learned 13: To better understand Park&Ride activities’ behaviour, it is crucial to merge 

parking spaces occupancy with PT service and other potential MaaS mobility services usage 

(if possible, OD flows). By doing that, it will be possible to understand users’ habits and choices. 

 

xiv. Lesson learned 14: Park&Ride purchases and OD flows analysis merged with other datasets 
such as districts population or buildings characteristics in different districts (available in open-
data platforms of many EU cities) can identify gaps in the service and trips motivation, etc. 

 

The fifth case, Madrid LL, has more than 3,2 million inhabitants and a Level 2 of MaaS integration. Madrid LL 

was the last incorporation in IMOVE project. However, their initial level 1 of MaaS integration and the number 

of mobility services already integrated into their app, was crucial to develop deep data analyses to reach their 

requirements for this task: 

- Identify any lack of service or any potential excesses of the existing mobility services. 

- Better understand the users’ behaviour by inferring valuable information such as mobility patterns, 

common places, user interests. 

- Identify insights on how to build better MaaS ecosystems.  

  

Madrid has integrated several mobility services in the MaaS Madrid App together with PT data. The BiciMAD 

and EMT Bus context data have been evaluated and it has been inferred that both transport modes are  

frequently used for commuting, and they have potential in order to grow. The clustering analyses allow to better 

classify users’ types and, consequently, create tailored services. As mentioned in other LLs, the fact that user-

related data is not available is a major barrier to individualise mobility services. Regarding the MaaS Madrid 

App, the GPS data points have allowed creating a data set and identify the transport modes chosen by the 

MaaS Madrid users. However, an evaluation dataset would be needed to validate the method. Lastly, the 

queries in the App help to understand the users’ recurrent places and the routes recommended by the Route 

Planner, but it would be more beneficial to have real trips data to know what they actually decide to do from 

the Route Planner recommendations.  

 

xv. Lesson learned 15: Users clustering is crucial to differentiate target groups and offer better 

tailored MaaS packages to all of them. In the case of users clustering by users temporal behaviour, 

it is essential to have users’ related information (e.g. type of ticket differentiating between ages, and 

time for all trips); in the case of clustering by trip characteristics, it is essential to have trips related 

information (e.g. total distance and time for all trips, number of trips per day, etc.). 
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xvi. Lesson learned 16: When defining users clustering by users temporal behaviour, tendencies 

of potential target users can be identified. Once main group packages are identified (family, 

commuter, eco-friendly, etc.) their habits, preferences and needs can be identified; this is crucial to be 

able to offer individual tailored MaaS packages.  

 

xvii. Lesson learned 17: To define the area clustering of the city it is crucial to identify the building’s 

typology weighting. To do that, it is needed the buildings’ characteristics in different districts dataset 

(available in open-data platforms of many EU cities. This area clustering can be a new way of split 

some mobility services (e.g. bicycle sharing) and to help to define new pricing strategies. 

 

xviii. Lesson learned 18: By merging the area clustering with the trips’ characteristics (e.g. OD flow, 

time of the trip, duration, etc.) the trips motivation of vehicle sharing users can be identified. 

 

xix. Lesson learned 19: MaaS App analyses with multiple mobility services integrated is crucial to 

identify multimodal trips patterns and offer more tailored MaaS packages. 

 

xx. Lesson learned 20: If MaaS GPS tracks are granted by the users, a reconstruction of multi-

modal trips may be carried out. The algorithm is able to extract user trips differentiating between 

different transport modes (identifitying different travel speed or concurring to PT fixed routes, etc.). 

Also, it is possible to identify recurrent places and visited places for better pattern recognition.  

 

xxi. Lesson learned 21: When booking, if user provide the purpose of the trip (e.g. leisure, work) 

this information will be very useful to have a most accurated idea of the characteristic of users’ 

activity in the MaaS platform and will offer more tailored MaaS packages. The alternative is to 

analyse the city areas main activity and extrapolate the motivation of the trips. 

 

xxii. Lesson learned 22: To analyse user mobility patterns, transport availability and identify the 

purpose of the trip it is essential to better understand the mobility user. However, a direct 

interaction with the users in terms of preferences through a survey (implemented in the MaaS app) as 

customised profile, can improve substantially on understanding users mobility needs and be able to 

offer more tailored services. Otherwise, the user can feel unconformable if constantly receives mobility 

packatges that are not adapted to his/her preferences, expectations and needs.   

 

Furthermore, as part of the conclusions of this exercise, some general barriers and limitations have been 

indentified. It is crucial to take them into account within the data culture of future MaaS contexts:  

 

xxiii. Lesson learned 23: It is crucial to have a high quality of data as it is an important attribute that 

could drive the value of the analyses and, hence, the impact aspects of these studies.  

 

Whithin IMOVE context, data quality has been a barrier in some data analyses. It is because the lack of data 

culture in some inmature MaaS schemes: Completeness is one of the key criterion that has been identified as 

an issue during these analyses. Different gaps have been encountered with missing values or missing data 

records. This issue has caused an impact in some of the analysis such as the extra difficulty to identify the 

ticket types in Turin LL (section 2.2.1.2).  

 

Accuracy is another key factor that has got an impact on this study. One example is in Madrid LL where the 

GPS tracked points were tracked every 13 minutes on average (section 6.2.3). This long interval brought 

complexity to this study and a significant amount of users could not be added into the analysis. 

 

Another issue has been the accuracy on the data documentation in the different Living Labs, it has been very 

complex in some cases to easily understand the meaning of all the attributes included in the received datasets.  
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xxiv. Lesson learned 24: User-related data is essential to better understand users’ insights, identify 

individualised mobility patterns and design more tailored mobility services. When this 

information is not available, it is difficult to do a microscopic level of analysis and identify consumer 

preferences and priorities.  

 

xxv. Lesson learned 25: When PT data is available to be analysed, it is easier to define the area 

characterisation as the PT services operate in a wider area than other mobility services such 

as vehicle sharing companies. This conclusion is linked with the importance of PT in future schemes, 

so, having the role of the backbone for MaaS, it gives deep users’ information to infer valuable patterns.   

 

 

Overall, IMOVE data analytics exercise in five different EU contexts has been very useful to (i) provide useful 

operational insights to each LL and identify opportunities to be taken into account in future scenarios, (ii) 

identify multiple generalisable lessons for different EU MaaS contexts at different levels of MaaS integration, 

and (iii) emphasize the potential of doing data analytics to improve future MaaS schemes en Europe. 
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