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Research questions

e Can you perform inter- and intra-city comparisons?

e Or are cities unique?

e How do you characterise different types of neighbourhoods?
e How do you determine the impact of urban form on health?
e How do you assess cities that perform well?

e Can you transfer lessons from one city to another?

e Can you predict health outcomes based on urban form?
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Block typologies - Self organizing map (SOM)
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A visualisation of
the 2-dimensional
100x100 SOM
trained with 1.7
million map
images from 1667
cities. Each x,y
point shows a
representative
map section
associated with
each node while
nodes without
associated maps
are shown in
black.
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Previous work in city analysis - Network analysis

Work to characterize cities based on road networks, using closeness,

betweenness, centrality.

igure 3. The primal approach. Closeness centrality (C€) spatial flow in Ahmedabad: scores are
calculated on the nodes of the primal weighted graph, where weights are the metric lengths of
edges. (a) Global closeness: C is calculated on the whole network: (b) local closeness: C° is
caleulated on the subnetwork of nodes at distance d < 400 meters from each node; (¢) local
closeness: CCis calculated on the subnetwork of nodes at distance d < 200 meters from each
node. Here color nodes are attributed to the centrality of nodes, though in other ca
preferable to code the centrality of edges. as in figure 4(a).

ses it may be

Porta et al. (2006a,b)
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Fig. 3. The dual graphs of the six
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shown in the same order of Fig. 2.




Previous work in city analysis - Land cell shapes

Work to characterize cities based on distribution of land cell shapes.
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Figre 3 ) Figure 5. The four goups. (ef) Average disrbution f the shape fctor b for exch group found by the dusteing lgorithm (each area bin s represented by a diferent

clour fom smalaeas i dashed green, medium sz i oange,and lage el i blve). (Right) Typia et pattes for exh group (plotted a the same scle n order
to abseve diferences both i shape and areas). Group 1: Bueno Aires; Goup 2: Athens; Group 3: New Oreans; Group 4: Mogadishu. (Online vesion in colour)

Strano et al. (2012); Louf and Barthelemy (2014)
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Previous work with self organizing maps

Self organizing maps (SOM) transform
et ek in i ants of iy e . Ko multi-dimensional data into lower dimensions.

Table 1 The 21 variables in the dataset

| Non-German residents 12 Singleoom fats
2 Totl city area 13 Doubl-room flas
it ae 14 Trple-room flats
 Number of motorcyces 15 Flas with 4 rooms
5 Toial power consumption 16 Flts with S rooms
6 Total gas concumpton 17 Flats with § rooms
5 Toal vt conoumpion 13 Pl with > 6 rooms gomn
8 Gas consumption by households 19 Net tax yield s eue
9 Gas consumption by authoritis 20 Trade tax yield . olertien
10 Water consumption by households 21 Social expenditure 0 Goett™ Badely
11 Number of flats 10 rier 23K957h 5 padeTidon
e -
1 H yainZyadt 2 e Jschallepur puré Setmol?
orting vectors of city 9 pueniins it Pty Ferd
el e
Ef-‘f;‘;.nv[ »” ol R'r"'d el purs Fulde putte?
.. . &G o he
characteristics to find o1 R I ey
.
- 30oblenhn :l':ﬂ;,:s"dl 16 a7 Y,’f,f:l*{,,",nf‘"
et Raesheaver ordelrt el ok Broviac
I r ITIes. jine! TroiSoiogeh  jue! Wy
cluster ot cities v, o
TUB g 15 portrty orfenseld rsten
1seriogen usD L DO ine
g preiers Faweste jage™ o 0, oo Jaler, o -0
Heldegen ghala H el sehelustin
grien8en 19 gre[®on i €5 it BLAVE o
Tarongs Lhn e et 140
Kol e cherd feen
g otk Farhichesd o suser, 13 HeTngt
19 i Fuae e oiegit"
e
B0 urd 10000 on R
i A% ust g (O trop™
A0churg 12,007 ™ wshen
»m o
[ irop sl9ycn
F aten aitind
elbeT! scht
Lk

Figure 3 Presentation of the city distribution on a 3 x 2 x 2 x 2 network. Each comer node has four neighbours and each edge node five adjacent
sites. For a better illustration the fourth dimension is presented in an italic font

Kropp (1998)
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Previous work in our research hub to cluster

Spoiler alert for Jason’s upcoming presentation
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Thompson et al. (2018)
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cities

Clusters of
1667 cities
using neural
networks and
city maps and
social network
graphs.
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Previous work in our research hub to cluster cities

Clustering using neural network confusion recognizing maps of similar cities.
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What makes this Melbourne and
that Tokyo?

Relationship to road transport
injury

Thompson et al. (2018)
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Block typologies - Maps

N\
Four sample Google Maps used as the basis for block typologies (from
Paris, France)

Google Maps (2017).
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Block typologies - Sampling map imagery

Sampling locations for map imagery (from Hong Kong). 1000 locations for
each of the 1667 cities.
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Block typologies - Calculating block size and regularity

Results of flood filled city blocks showing flood fills of each individual
region to determine region size (count of pixels in grey). Differences
between region size and pixel counts within bounding boxes (outlined in
red) are used as a measure of regularity.
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Block typologies - Generating vectors for each map

[ (B 1 B

Samples of map regions (top) and resulting histograms (bottom). Region
size, regularity, and colour counts are joined into a combined histogram
vector, with size frequencies in the first 15 bins, regularity in the second 15
bins and colour pixel counts in the remaining 5 bins.
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Block typologies-Detail of sorted vectors in SOM
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Block typologies - Self organizing map (SOM)
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A visualisation of
the 2-dimensional
100x100 SOM
trained with 1.7
million map
images from 1667
cities. Each x,y
point shows a
representative
map section
associated with
each node while
nodes without
associated maps
are shown in
black.
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Block typologies - City mixes of neighbourhood types

Sampled world cities with inserts showing detail of New York, Paris,
Barcelona, Brasilia, Nairobi, Jakarta, Melbourne, Tokyo, Beijing, and
Sydney. City detail maps use the same SOM (x,y) location colour scheme
as the colour map insert image (lower left).
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Block typologies

pii%t Aw@@m

Sample representative maps from top SOM (x,y) locations for cities a)
Jakarta, b) Tokyo, c) New York, d) Paris, ) Nairobi, f) Beijing, g)
Barcelona, h) Melbourne, i) Sydney, and j) Brasilia.
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Block typologies - City ‘fingerprints’

Kernel density maps of SOM x,y locations for cities a) Jakarta, b) Tokyo,
c) New York, d) Paris, e) Nairobi, f) Beijing, g) Barcelona, h) Melbourne,
i) Sydney, and j) Brasilia. And SOM contents for Sydney, Australia.
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AOD and NO, data to illustrate utility of methodology

Aerosol Optical Depth (AOD) f rom MODIS Aqua
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Tropospheric-column NO2 derived from the TEMIS OMI
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Urban form data derived from Google Street View to

illustrate utility of methodology

Fractions of urban form calculated at 65 million locations.
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Fig. 6. Sample image segmentation results llustrating segmentations with an accuracy > 95% (1) and an accuracy < 95% (i)

Middel et al. (2019)
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Correlations with pollution and urban form

B [} 3 G H J
1 city a0dAquaobs xyAodAgua aodTerraQbs xyAodTema no20bs  xyNo2

2 Tokyo, Japan .3375 3296 3472 3526 791.0735 513.8885
3 New York-Newark, United States of America .1601 3057 2011 3345  748.5637 471.6009
4 Kunming, China .0999 3692 1428 3985  194.0702 487.7979
5 Worcester, United States of America 1165 3247 1556 3541  367.2458 487.6344
6 Nurenbera, Germany 1429 3081 2025 3368 503.0870 484.8274

Parameter Correlation value
Movable objects fraction 0.97
Impervious surfaces fraction 0.86
Sky fraction 0.75
Building fraction 0.56
AOD 0.58
NO, 0.57

Correlations between mean average values by city and by city mix of (x,y)
location within the SOM.
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Block typologies - Alternative methods with T-SNE

Clustering of map segments from 1667 cities using T-SNE showing
representative maps and colour plots using lat/lon.
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Block typologies - T-SNE - City fingerprints

(x,y) T-SNE locations for a) Tokyo, b) Jakarta, c) Brasilia, d) Barcelona,
e) Paris, f) Nairobi. g) Beijing, h) New York.
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Block typologies - City clustering experiements

Experimental city clustering using block typologies
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Block typologies summary

e Block typologies enables inter- and intra-city comparisons.

e Method uses size and regularity of city blocks and amounts of public
transport and green and blue space (through pixel counts).

e City ‘fingerprints’ reveal that most cities have similar mixes of
neighbourhood types but with slight variations (but some cities are
completely different). Same basic ingredients but different sauces.

e Can evaluate how the mix and spatial distribution of neighbourhoods
impacts performance indicators of each city.

e Method is extendible. Sorted vectors can include any additional
spatial parameters (traffic counts, urban form elements,
demographics, etc.).

e Future work: to use block typologies to examine urban form impacts
on public health, transportation safety, active transport, etc.
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