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I was first here in 1986.I was first here in 1986.

I gave a lecture about I gave a lecture about 
urban modellingurban modelling
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http://www.spatialcomplexity.info/archives/3026
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Outline
• The Smart City
• A Short History of Big Data: How Big is Big?
• Mobility, Transit, & Real-Time Streaming: The Oyster 

Card Data Set
• Learning about Mobility from the Data

Variabilities – Heterogeneity and Travel Profiles
Disruptions – Signal Failures, Stalled Trains
Variable Locational Dynamics of Demand

• Related Real -Time Data: Bikes, Social Media
• What Can We Learn: The Limits to Big Data
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Some Basic Points Again

• The way we access the smart city is through 
technologies that let us generate and use data and 
its useful equivalent – information (data) is key

• Access through mobile and fixed devices like 
phones, smart cards, through fixed sensors which 
record transactions and so on 

• These usually complement rather than substitute for 
data which we collected and used in the past

• This has introduced time into our thinking
• This is all part and parcel of increasing complexity; 

more time scales, more opportunities, more diversity 
……
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How Big is Data? Big Can Be Small & Small Big

• Data is big with respect to its volume. I know there 
are other definitions – velocity, variety etc. but to 
me, data is big if it requires large use of computer 
memory implying volume.

• The conventional definition in business is the Five V’s 
– volume, velocity, variety, veracity, value

• In cities, data usually implies numbers of locations 
and their attributes but locations imply interactions.

• Thus data are relations between locations and in 
essence if we have n locations, we have n2

interactions. Thus small data can become big
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• But  there is controversy about how big. 
• Big is not necessarily beautiful – small is beautiful –

this was the watch word of the 1970s
• So we need to be careful

We can still develop good 
ideas and good theory 
with small data.
In fact the idea that the 
truth or even the path to 
progress lies in big data is 
problematic; there are 
limits to machine learning
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Examples: Dublin 1837, Ireland 1888, London 
1953
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Examples: Dublin 1837, Ireland 1888, London 
1955

Harness, 1837                      Ravenstein 1888
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https://www.youtube.com/watch?v=pcBJfkE5UwU
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Locations and Interactions: Flow Systems in 
Cities

Elsewhere I have argued that we should treat cities as 
flow systems – as networks. This has been a focus for a 
long time in transport and land use and we have 
always been up against the problem of big data. 

So let me begin my illustration of this dilemma and 
how we are thinking about it with some problems that 
have very small data. Problems of spatial interaction 
where our numbers of locations is small < 100, ~ 50
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Understanding and Visualising Flows

An early model circa 1967-8 Central and NE Lancs

n2=332=1089, not so big but hard to visualise

M. Batty (1976)
Urban Modelling
Cambridge UP
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n2=6332=400,689, bigger but impossible to visualise
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Even our statistics breaks 
down when we get large 
numbers like over several 
thousand as you can see on 
the left and above right for 
400K data points where the 
pattern is highly convoluted. 
This is from a gravity model.
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Now what happens when we really do scale up to the 
level of MSOAs of which there are 7201 in the UK – do 
we partition and argue we don’t need to scale up to 
n2=72012=51,854,401.

Circa 52 million points is an issue but our models run in 
a matter of seconds but that is a lot of data to store –
ok it is sparse but sparsity isn’t structured so we can’t 
easily partition and in any case we want to compute 
any possible flows between central London say and 
Newcastle. Here is the problems scaled up and this is 
what we are grappling with at present.
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Here is a block diagram of how we are currently 
organising things

Client-1Client-1
ServerServer

Model on server side; Maps on 
the client side
Can we reverse this?
Not really – the matrices are 
too slow to download to client? 
We also can’t assume the client 
is fast enough for computation. 
Frankly at this point, I am out of 
my depth

Client-2Client-2

Client-3Client-3

Client-nClient-n
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http://quant.casa.ucl.ac.uk/
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Flow
Maps

Bar
Maps
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Real-Time Streaming: What Sort of Data ?

http://www.citydashboard.org/
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http://vis.oobrien.com/panopticon/
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Real-Time Streaming: The Oyster Card Data Set

• Tap at start and end of train 
journeys

• Tap at start only on buses
• Accepted at 695 Underground and 

rail stations, and on thousands of 
buses 

• Many Variants of the Data Sets
• 991 million Oyster Card taps over 

Summer 2012 – this is big data
• Quality of Data
• What Can We Use It For
• Missing Data and Noise
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Tube, Overground and National Rail Networks in London
where Oyster cards can be used
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http://www.simulacra.info/

And how can we make sense of this
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This of course was the thing that Lt Henry Harness did 
in Dublin in 1837 and what Minard et al. did a little 
later. In our LUTI models, this is an enormous problem 
as the scale of this assignment to networks is different
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Variabilities – Heterogeneity and Travel Profiles

First we will look at some of the data and how it varies 
in terms of the diurnal flows  usually morning and 
evening peaks, with a small blip (peak) around 10pm 
at night
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Entries

Exits
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Oyster Card Data – interpreting urban structure, 
multitrips, etc. 

Roth C., Kang S. M., Batty, M., and Barthelemy, M. (2011) Structure of Urban Movements: Polycentric Activity 
and Entangled Hierarchical Flows. PLoS ONE 6(1): e15923. doi:10.1371/journal.pone.0015923
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Particular Events: Weekdays, Saturdays and Sundays
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Comparing Variability for different time intervals for 
Three World Cities: London, Beijing and Singapore 

Zhong, C., Batty, M., Manley, E., Wan, J., Wang, Z., Che, F., and Schmitt, G. (2016) Variability in 
Regularity: Mining Temporal Mobility Patterns in London, Singapore and Beijing using Smart‐Card Data., 
PLOS One, http://dx.doi.org/10.1371/journal.pone.0149222
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From 1 minute intervals to the whole day 
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Comparing
Variability for 
different time
Intervals over
the day
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Comparing Variability for different time intervals for 
Three World Cities: London, Beijing and Singapore 
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Maps of Underground and Rail 
stations in London visualised 
by the proportion of regular 
trips 
originating at each location
ending at each location
starting and ending at each  
location
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Disruptions – Routine Analysis of Daily Events

• Behaviours vary across network
• Different areas of network more resilient to 

disruption, due to available infrastructure and 
individual ability to change

• But areas of network are naturally closely tied 
through established usage patterns

• Individual-based analyses provide insight into 
behaviours underlying macroscopic flows

We will look at several kinds of disruption  
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• First hypothetical disruptions simply by examining 
breaks in the network

• Then an example of the Circle and District Lines 
which had a 4 hour stoppage on July 19th 2012 

• And a Bus Strike in East London and how this shows 
up in the data

• And typical pattern of delay on all modes 
visualised for Greater London
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Although a simple station/line network may be sufficient for small 
cities, for ‘Mega-Cities’ such as London, New York, or Tokyo a much 
more detailed network is needed with interchanges measured down 
to the platform level. The ‘penalties’ for changing lines (and 
permitted Out-of-Station Interchanges) can be severe and should 
be included in a schematic network representation.

Looking at Station Closures and Shifts of Travellers Using  
The ‘Shortest’-Paths

Bank & Monument 
Stations: 
•5 Lines and 2 Modes
•60k Entries/Exits 
Weekdays
•35k Entries/Exits 
Weekends
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Circle and District line 
part closure 

From Edgware Road to 
Aldgate/Aldgate East

19th July 2012
07:49 to 12:04

1234022 Oyster Cards 
with regular pattern
during disrupted time 

period travelled
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No Change: Increased Travel Time
Greater than 2SD above mean increase on usual travel 

time for that Oyster Card
Size equal to proportion of users that regularly travel from station 

during time period, and travelled that during disruption
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Origin Changes
Locations from where individuals changed 

from their usual origin station
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Destination Changes
Locations from where individuals changed their 

usual destination station
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Measuring Regularity
Version 2: DBSCAN Method

Cluster 1
Mean: 08:07; SD = 6.2
Max: 07:45; Min: 08:16
Proportion of Days = 0.8

Oyster Card A – Origin 747

Cluster 2
Mean: 17:34; SD = 17.1
Max: 16:58; Min: 18:57
Proportion of Days = 0.6

Oyster Card A – Destination 647

Cluster 3
Mean: 08:37; SD = 7.4
Max: 08:13; Min: 08:48
Proportion of Days = 0.8

Cluster 4
Mean: 18:06; SD = 18.1
Max: 17:26; Min: 19:28
Proportion of Days = 0.6
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Measuring Regularity
Highest proportions of regular journeys by 
each station during AM peak period
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Measuring Regularity
Highest proportions of regular journeys by 
each station during inter‐peak period
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The Public Transport System in Terms of Vehicle Flows



Smart Cities: SunYatSen University, April 2017



Smart Cities: SunYatSen University, April 2017



Smart Cities: SunYatSen University, April 2017

Delays from Tube, National Rail and Bus Fused

Key
National Rail 
more than 5 
minutes late

Tube stations 
showing a wait 
time 15% above 
expected

Bus stops 
showing a wait 
time 20% above 
expected

Tube delays from 
the TfL status feed 
are also plotted as 
lines

Tuesday 9 October 
10:30



Smart Cities: SunYatSen University, April 2017

Related Real-Time Data: Bikes, Social Media

A lot of data is now coming online for travel and one of our group 
Oliver O’Brien has some 97 bike schemes world wide for which he has 
online data in real time - Bikes Data – 4200 bikes, started Nov 2010, all 
the data– everything – all trips, all times, all stations/docks
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The Website: Real Time Visualisation of Origins and 
Destinations Activity http://bikes.oobrien.com/london/
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New York London Paris Moscow
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What Can We Learn: The Limits to Big Data

We need to add geo-demographics to this data – how 
– we barely have any possibility of doing this 
because of confidentiality

We only have a difference between young and old in 
terms of the card data

Chen Zhong  my post doc, now a lecturer at Kings 
(KCL) has done a lot of work on this relating to 
extracting such data from related data sets 
producing synthetic results –a paper in IJGIS
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