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human mobility



Data acquisition



Check-in based
+ Broad/diverse (but biased) 
public

- Sampling: the person 
makes a check-in only (?) 
where he wants

+ Possibility to achieve 
high accuracy

- Limited spatial coverage 
and number of individuals 
involved

«Radio» sensors

+ Very good sampling 
(both spatial and 
temporal)

- High power 
consumptions and 
limited number of 
individuals

GPS trackers

+ Different data types

- High price and limited number of 
individuals

Smartphone tracking

+ Possible to get more meta data

- «Sampling»

Questionnaires



LFG 1.0: the app

Fast way to save your train 
delays and thus get 
compensation from SNCB

Free, but surveys a person 
and uploads his tracks to the 
server



LFG 2.0 — Late Train



LFG: Users
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LFG: delays heatmap



LFG: DELAYS HEATMAP

8-9 a.m.

9-10 p.m.



LFG:How Belgium works



Estimating the price of urban transport

Deterministic formula, based on distance and duration 

TAXI

Train



Estimating the price of TAXI transport

Deterministic formula, based on distance and duration 

Fluctuations in price are driven by fluctuations in traffic



Estimating the price of urban transport 
…. in a deregulated world

Deterministic formula 

but also Increased price variability, by the law of  offer and demand

Prices changing in real time in a  

manner that is hard to predict 

The knowledge and transparency on  

pricing in urban transport is lost.



What about flights?

Complex pricing strategies



What about flights?

… but price comparison tools to help users 
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THE NEW YORK CITY TAXI DATASET

FOILing NYC’s Taxi Trip Data

Freedom of  Information Law

2013 Trip Data, 11GB, zipped!

2013 Fare Data, 7.7GB

Idea: Uber Vs Yellow Taxi 

Price Comparison.





THE EXPERIMENT

x1,y1

x2,y2

1. For every trip in NYC taxi dataset.

2. Record origin & destination coordinates.

3. Retrieve total fare paid.

4. Query Uber API price for the same trip.

5. Compare yellow taxi VS uber prices.





 uber more expensive for
 short trips



Most taxi movements are within a short distance range with 
longer movements occurring less frequently in the data



?

Mr Bias

Yellow taxi data historic (2013)
last major increase in fares was in  

2012 ,  after 8 years, + 17%

We have not taken into account the 
hour of  the day/week when 
querying the API

we have taken at least seasonal  
changes controlling for the  

month of  Uber data collection.

But

Anomalous events, traffic and 
weather conditions can have an 
effect on prices.

that’s why we have built an app  
that will hopefully incorporate  

a less biased sophisticated model 
in the future.







Application Logic: Electing  
The Cheapest Provider

1. Given as input a pair of  origin  
destination cells (cell size ~ 30mx30m)

2. Calculate yellow cab price averaging 
across all journeys that fall in the cell.

3. Query the Uber API in real time 
 given as input the geo-coded origin  
and destination addresses. Uber returns 
[min, max] estimate.

4. Compare Uber X (cheapest Uber)  
with the Yellow Cab Price.







OpenStreetCab





And later on
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> 5K only in New York (~8K downloaded the app)

> 14000 search queries generated 
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Reverse-engineering the Surge algorithm

High frequency of  surge price (almost one in four times): 
surge is not a rare event

Deviation from the baseline price



Spatial impact on Surge: importance of  the origin

Correlation between the time series equal to Pearson′s r = 0.96



Ranking areas (Surge)

Predictable!
Mining Open Datasets for Transparency in Taxi Transport in Metropolitan Environments, 

Anastasios Noulas, Vsevolod Salnikov, Renaud Lambiotte, Cecilia Mascolo,
EPJ Data Science.2015, 4:23 DOI: 10.1140/epjds/s13688-015-0060-2



User feedback



Driver feedback (1)



Driver feedback (2)



Radipole rd sw6 to 148 Harley st when I 
get there I will streak naked through 
London if  my meter agrees with your £29 
estimate! Will let u know , guess what I'm 
here and keeping my clothes on £22 in 
the real world !! Exactly the same as uber 
but twice as quick !

Mark, black cab driver



Route Tracking
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Urban Complexity & Performance
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Drivers:Black Cab VS YelloW

Maguire, Eleanor A., et al. "Navigation-related structural change in the hippocampi of taxi 
drivers." Proceedings of the National Academy of Sciences 97.8 (2000): 4398-4403.

uses his (big) brain

Does not know where 
is Brooklyn!



Location Traces from OSC Users



Fleets





Driver view

Users receive updates about activity at ranks in real time

day view night view



admin designed
area of interest

Admin view ̶ Specify areas of interest



Admin view: live activity



Admin view ̶̶ user management





?

vsevolod@salnikov.be

Questions  

THANK YOU! 

@vsevolodNS

mailto:vsevolod@salnikov.be

