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Outline 

•! What Is Urban Analytics? Urban Analytics Defined 
•! A Fourfold Characterisation 

 Data, Spatial Analysis, Simulation/Modelling, & Prediction, 
 possibly Prescription or Design: &computers, the net etc. 

•! The High and Low Frequency City: Dynamics 
•! Four Example Applications 

 Transit and Real-Timed Streamed Data: Our Oyster Card 
 Project 
 New Spatial Data from Internet Activity: Airbnb  
 Data-Driven Flow Models: Building Models Near the Data 
 The QUANT Model: For Very Large Areas, Models for
 Anyone Anytime, Anywhere: Web-based Predictions 

•! Where To From Here: Just at the Beginning 
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What Is Urban Analytics? Urban Analytics Defined 
 

I had a go at defining the scope because three years ago when 
the company Pion that ran the E&P family of journals we though 
we should get rid of the planning word which was in the main title 
and the subtitle and give the journal a slightly stronger edge to 
what we have done over the years. Hence the new sub-title 
Urban Analytics and City Science. 
 

At much the same time but a bit before we set up our new 
Masters course in Smart Cities and Urban Analytics ! largely using 
the term because it seemed to generalise spatial analysis and 
someone in the Bartlett objected to just the word Smart Cities. A 
couple of months ago I wrote an editorial on this in EPB and you 
can get it from here and if you look at what I have tweeted and I 
don"t tweet much, then you can get it there as well 
 

http://spatialcomplexity.blogweb.casa.ucl.ac.uk/files/2019/01/
Editorial-EPB-46-1-2019.pdf  
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https://journals.sagepub.com/doi/
pdf/10.1177/2399808319839494  
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A Fourfold Characterisation 
Data, Spatial Analysis, Simulation/Modelling, & Prediction, possibly 
Prescription or Design 
 

These categories are fairly obvious ! they are what we have done 
in this field for a long time. But data has taken a new twist 
because we have so much more which is streamed in real time. 
 

And dynamics is so much more on the agenda 
 

While model styles are much more disaggregate with CA, ABM 
and micro-simulation all focusing on detail of the urban system 
much more than in the past. 
 

But I should also flag computing itself, the move to graphics and 
the move to the web from the desktop ! these are questions of 
how we produce what we do and how we communicate but 
also about how we use a new understanding from visual science 
and from crowdsourcing to improve what we do. 
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The High and Low Frequency City: Dynamics 
 

To me, the real issue about urban analytics is the fact that real-
time streaming of data has given us a strong momentum to move 
to what we can call the ‘high frequency city’. This is the 24 hours 
city that in the past was managed in a low key way in terms of its 
routine functions but now with the advent of big data is providing 
us with a much richer sense of what cities re all about. 
 

Much of our urban theory and data in the past has been about 
the low frequency city ! how cities change over years and 
decades and longer but to this we now add changes in seconds, 
minutes, hours days and so on. 
 

My examples will cover this mix and essentially we need new 
theories and new models to handle many of these questions. 
 

And to elaborate my argument let me describe four applications 
that serve to define my interests but are simply the tip of the 
iceberg in terms of what urban analytics is now all about 
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Four Example Applications 
 

Transit and Real-Timed Streamed Data: Our Oyster 
Card  Project 
 
Our first project is mining the real-time transit data, the tap-in and 
tap-outs for in our case, the London tube. And producing an O-D 
data set which is based on shortest routes; and then examining 
heterogeneous travel behaviour so we can mine the rich variety 
of the data set. 
 

We also wish to tie up demand and supply for travel, examine 
urban structure that this reveals, and also explore disruption from 
the data set 
 

We have extended this to Beijing and Singapore making some 
comparative analysis of what turn out to be quite similar subway 
systems 
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Real-Time Streaming: Oyster Card & Trackernet Data 

Data Capture: 

Demand by Travellers       Supply of Trains 

 
•! 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 

How do we match demand &supply without passenger tracking?  
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Tube, Overground and National Rail Networks in London 
where Oyster cards can be used 
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!!

! !

! !

https://www.youtube.com/watch?v=9sAugcb2Qj4  

Synthesizing the O-D data, making 
assumptions about shortest paths 
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Variabilities – Heterogeneity and Travel Profiles 
Diurnal flows morning & evening peaks, small blip (peak) around 

10pm at night 
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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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The biggest challenge is that the demand and supply data are not 
coordinated ! we do not know what train a passenger gets on 
although we know where and when they enter the subway stations 
and also the precise position of the trains.  
 
We cannot connect up the data as there is no tracking in the tube 
and even if there were it is unlikely we could get complete 
coverage. 
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Learning about Mobility from the Data Variabilities – 
Disruptions – Dynamics:  
Comparing Variability for different time intervals for Three World 
Cities: London, Beijing and Singapore  
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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 

Disruptions – Routine Analysis of Daily 
Events 
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New Spatial Data from Internet Activity: Airbnb  
 
We are also working with Airbnb data for London which is 
available from 2008. The problem is that the data does not allow 
us to figure out those establishments  that decide to de-register 
and thus we only ever see a snapshot of data at a cross section. 
The dynamics are tricky. 
 

What we have discovered ! which is obvious in hindsight ! is that 
the conversion of dwelling space to Airbnb is probably reducing 
the overall supply of rented housing for longer term workers. This is 
likely to be the case in a very tight housing market like London 
which is transforming in any case due to inward migration. 
 

We show through simple correlation and variance analysis that 
the spatial pattern of Airbnb is closest to pattern of rental flats 
which is also the most homogeneous areas of the city with 
respect to dwelling types. We use an entropy spread measure to 
show this.  
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The Growth of Airbnb 2008-2018 
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Data-Driven Flows : Building Models Near the Data 
 

The big question that was never really posed 50 years ago when 
spatial models were first developed was whether or not we could 
use the data as the model and then simulate changes from the 
data as the predictions. 
 

The reason why we never did this was because we though the 
models were legion ! the data didn"t explain as much as our 
theories might be able to. In short why would we use the data as 
the model when we wanted a model to explain the data. 
 

We are evolving a strategy for our urban models ! mainly spatial 
interaction but any model !where we predict how the data is 
modified. This also enables us to handle dynamics much more 
effectively and we try to show how recent changes ! marginal 
change ! can be modelling on top of long term urban structure. 
To an extent this ideology is based on the notion that the best 
prediction for the future is the present ! Ok let me show you how.  



Urban Analytics: City Science, Prediction and Planning 
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The Fratar Model circa 1953 
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)()1( tpQBkAtp ijijjiij =+

Conversion to Prior and Posterior Probability Form 
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where we define these in terms of flow variables  )(  ),1( tTtT ijij +

I could spend a long time talking about these models and over 
the years I have worked on them as ways of building dynamic 
models – using Bayesian updating. 
 
But we have never thought of them as data-driven models, 
always as ways of filling in missing information – it time to push 
them to the logical conclusions and begin to test these ideas  
my example once again is London   
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Employment 1991 Emp Change 1991-2001 

Population 1991 Pop Change 1991-2001 

Prediction of 
Trips in 2001 is 
correlated with 
Trips in1991 at  
r2 = 0.985 with a 
Sorenson index 
of 0.925 

)2001()(ˆ ijij TvpredT
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We can predict 2001 from 1991 in terms of locational 
constraints, noting that the key model parameters now 
are               We need to explain these and in essence 
these are distortions of spatial structure, interpretable 
as housing and employment stress, economic surplus 
and so on. We can graph them as follows –noting that 
          are key model parameters & 
 
 
 
 
 
   
 

ji BAk , ,

ji BA , 375.1=k

Much much more but no 
time to take this further 
but simply to say that for 
our QUANT model, we 
intend to explore the 
future using the past & 
present in this data driven 
fashion 
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The QUANT Model: Models for Anyone Anytime, 
Anywhere: Web-based Predictions 
 

Alan Wilson yesterday talked about our QUANT model ! we can 
now scale our models up to the nation and even beyond but 
working at small zones in the manner of past urban models.  
 

Size in this sense is no longer a problem 
 

We can also move out models into a new media ! from the 
desktop to the web !making them available from any device 
with an internet connection. We can thus explore many problems 
that have impacts nationwide like new infrastructure ! HS2 !#
migration !#industrial strategy at the regional level etc. 
 

There are still pretty massive computing problems but we can 
now build three mode spatial interaction models that run quite 
fast with 10,000 or so zones in about 30 secs. We are working to 
get the models ever faster and ever more available ! e.g. DAFNI 
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We have a reasonable tradition with scaling our models up and in 

fact it was here in Newcastle that we were involved with our first 

one in the Tyndall cities project and then in Arcadia 
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A couple more points. Our national model QUANT which means 
Quantitative Urban ANalytics forecasTing or some variant thereof 
is built at MSOA zonal level with some 7201 in E and W.  
 

We have now added Scotland  the data there is a little different 
 hence the delay from the original model. And the total number 

of zones is now about 8417.  
 
The model is a three-mode spatial interaction model whose 
networks are built from the fine scale nets for road, bus/ferry etc., 
and rail shown by Alan Wilson yesterday. The networks are scaled 
up to zonal level but shortest routes and changes are 
accomplished at the fine scale level and this is a major issue in 
exploring future scenarios involving transport other than rail where 
the problem is manageable and can be solved at speed. 
 

We will now show some examples of the model  with Scotland  
and then examine some scenarios such as the impact of new rail 
lines. 
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Employment Density 
Population Counts 
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Colour 
Scale 

Web Site 
Web Services 

WCF 

QUANT 
Model 

MapBox GL JS 
(modified) 

MSOA Vector 
Tiler 

DATA 

MSOA Pages 

Unity? 
MapTube? 

Spatial Aspatial HTML 

Server Client 

3D Visualisations 

Client & Server Architecture 
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Crossrail 
Reading, Heathrow, Shenfield, Abbey Wood 
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Crossrail 
Number of Improved Journeys (ni) 
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Crossrail 
Population change (rail mode only) 
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Crossrail 
Population Change (all modes) 
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The High Speed Line from Glasgow to Edinburgh 
  

Time between Glasgow-Edinburgh by train set to 20min.  
The map shows the total number of seconds saved on every possible trip from 

any origin to any destination with the new line in place 
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http://quant.casa.ucl.ac.uk/ 
 

m.batty@ucl.ac.uk 
richard.milton@ucl.ac.uk 
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Where To From Here: Just at the Beginning 
 

I cannot really summarise for there are countless kinds of urban 
analytics but let me make a few points to conclude 
 

1.! We need to use data much more, we need to build models that are 
close to data but are theories about the data and changes in data 
reflecting temporal dynamics 

2.! We need to build more than one model of the same phenomena ! 
this is a longstanding notion and is intrinsic to many modelling 
applications but not yet to urban dynamics 

3.! We need to enquire into the representativeness of big data 
4.! I feel that much of what we are doing with such data is a fruitless 

quest because we need good theory to figure out when we have 
found something new in big data and to focus on where to look 

5.! We need to move towards crowdsourcing of model building, 
prediction and scenario setting as well as prescription 

6.! This means moving from desktop to web, employing more and more 
graphics and developing much better user interfaces 
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http://quant.casa.ucl.ac.uk/ 
m.batty@ucl.ac.uk 




