








Figure 21. Continuous urban extent (top) and discon-
tinuous urban extent (bottom)
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DISCONTIGUITY

While the number of urban clusters and their size
provide a general description of the discontiguity
of an metropolitan area (see Figure 1), they do not
tell us much about the structure of the city’s frag-
mentation. In order to gain a deeper quantitative
description of the discontiguity of metropolitan
form, we need to look at the rank order and rela-
tive size difference between discontinuous urban
clusters.

EXISTING SPECIFICATION

Efforts to quantify the contiguity of urbban form or
its reverse quality - discontiguity - have been rare.
The most popular description of contiguity, de-
veloped by Angel and his colleagues (2005), de-
scribes contiguity as the ratio between the main
(largest) built-up area of the city and the sum
total built-up area of the city. The more built-up
area is concentrated into the single largest cluster,
the more contiguous the city is. This measure is
easy to compute and is useful as long as the main
built-up area constitutes a large portion of the to-
tal built extent of the city. But the metric is not
well suited to distinguish forms of discontiguity
when a city is made of multiple larger or smaller
built-up clusters, with a large portion of the to-
tal built-up area located outside of the biggest
cluster. The metric does not account for rank-size
relationships between individual discontinuous
areas beyond the largest cluster.

PROPOSED DISCONTIGUITY MEASURE

Similar to Angel et al. (2005), we assume that the
fewer the total number of discontinuous develop-
ments, the more contiguous a metropolitan area
is (Figure 2.

Although our proposed description is a measure
of discontiguity rather than contiguity, it is in es-
sence similar to the measure developed by Angel
and his colleagues (2005). While based on the
relative size of urbanized clusters, the metric ad-
ditionally accounts for the areas of all clusters that
are smaller than the largest cluster (Figure 22).
We define discontiguity as follows:

DC Z( i= Tl+1A Zl TL )

Atotal

where DC is the discontiguity of the built-up area,
N the number of urbanized clusters, A the area
of cluster n, and A,_,, the joint area of the urban
extent. Note that A > A so that the denomina-
tor in the first part of the index always compares
other areas to the largest continuous area.

The key improvement of the proposed index is
that it accounts for the size relationships between
all the clusters in the city by calculating the same
ratio - the area of each cluster that is smaller than
the largest cluster to the area of the largest cluster
- and summing up these ratios, weighted by their
share of the total area.



Low

0.00
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Figure 22. Interpretation of the discontiguity metric.
The top left configuration has the lowest discontinuity
results, the bottom right one the highest. The numbers
indicate the actual computed results for selected con-
figurations.
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o U 5'_ Land-use Mix constitutes an important charac-
] LAt . teristic of the built environment whose impacts
—on-traffic congestion, energy consumption, real
estate values and crime are extensively dis-
cussed in planning literature.” While mixed-use
developments are widely promoted by planners,
supporting quantitative evidence of their effects
is underdeveloped and.even contradictory.
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LAND-USE MIX

Land-use Mix constitutes another important char-
acteristic of the built environment whose impacts
on traffic congestion, transportation energy con-
sumption, real estate values and crime rates are
extensively discussed in planning literature. While
mixed-use developments are widely promoted
by planners, supporting quantitative evidence of
their effects is underdeveloped and even contra-
dictory. This is partly attributable to a lack of in-
tuitive and commonly accepted metrics that can
capture how mixed or segregated the land-uses
of an urban area are. Perhaps more importantly,
there has been little discussion on what levels and
configurations of mixing are actually desirable.

EXISTING MEASURES OF LAND-USE MIX

There are two popular types of metrics that cap-
ture land-use mixing. The first focuses on the
numlber of different uses that are found in a given
area, allowing comparative areas to be ranked
according to the number of land-use types (1-n)
they accommodate. The second focuses on the
relative balance between uses; it tells us how het-
erogeneous or homogenous the land-use pattern
of an area is based on how equally the area is oc-
cupied by different uses.

The former may not be meaningful if different
uses occupy notably different amounts of land.
This shortcoming is addressed in the latter, but
heterogeneity indices, too, have important short-
comings. Most of such indices weigh all uses
equally and assume that an equal distribution of

each type of use is the benchmark to compare an
observed pattern against. Cities do not have an
equal share of all land-uses - a much larger share
of land is typically used for residential purposes
than commercial purposes. Industrial and trans-
portation lands often top commercial land, as the
former tend to accommodate rather land-inten-
sive activities. Second, not all types of land-uses
tend to mix with each other at equal likelihoods
(Hess et al. 2001). A mixture between commerce
and housing is far more likely to be seen in most
cities than a mixture between industry and hous-
ing. Military land and agricultural land tend to stay
apart from other land uses for logistical, secu-
rity, and economic reasons. Instead of an equal
weighting and mixing benchmark, a land-use mix
metric could use a statistically “expected weight-
ing” that is based on the observed citywide bal-
ance of land-use types, and an “expected mixing”
ratio that is based on desirable examples.

PROPOSED MEASURE OF LAND-USE MIX

A meaningful implementation of a land-use mix
metric requires that the metric be estimated at
the scale of small intra-urban subdivisions, not
the whole city together! Land-use mixing can be
estimated with most accuracy if the input data
is given as pixels or raster cells, where each pixel
contains information about the land uses it ac-
commodates.

For each raster cell, we propose a land-use mix

1 At the whole city level, land uses always appear mixed,
even if they are completely segregated at a finer scale.



metric that illustrates how closely the distribution
of observed uses in a given neighborhood around
that cell correspond to an expected distribution.
There is no consensus on how large the evalua-
tion neighborhood ought to be, but we propose
to use a standard of one square kilometer (1km?)
that is large enough to detect use mixing and
convenient to derive in many cities (Burchfield
2006).

Let us define the square kilometer neighborhood
of a given cell as / and a particular land use of
interest n as LU . Since there is often more than
one land use in the square kilometer around the
cell, we can give a weight w to each of these land
uses, based on how much area of the neighbor-
hood they occupy. W/LU ] thus denotes the
weight of land use n within the square kilometer
neighborhood of cell /. We can now specify S as
the share of LU, among all land uses of interest
with the area /;

S .= W[LUn:i]
m ﬁ=1W[LUn:i]

S, ,is given as a ratio between the weight of land
use n within / and all other land uses of interest
(including n itself) within /. S thus ranges be-
tween O and 1.

Knowing S . - how big a share of /is covered by
land use n among all uses of interest - allows us
to estimate how closely this observed coverage
matches an expected coverage of that same land
use n within the area of /. For that we need to first
specify the expected share of the same land use
injas ES, . ES,  canbe determined in a number of
ways depending on the intentions of the analyst;

we propose to base its specification on the fol-
lowing criteria:

1 The expected distribution £S,  of land use n
in area / should depend on the city-wide total
balance of all land-uses of interest. Given the
presence of land use n in the whole area of
the city, we can determine the statistical likeli-
hood of its presence in any smaller sub-area
of the city.

2) The expected distribution should also
depend on the likelihood of co-location be-
tween any pair of land uses. A mixture be-
tween commerce and housing is more likely
in most cities than industry and housing. The
“expected mixing” ratio should, however, not
reflect the city-wide average, but instead a
desirable scenario based on exemplary loca-
tions.

Having set the benchmark for each area /, we
can now estimate a “matching index” ratio M
that shows how closely the observed coverage
of land use n matches the expected distribution
of that same land use n within the area of /. The
“matching index” ratio M is determined by first
finding the difference between the olbserved
share of land use n in / from the expected share of
the same land use n in/, and then subtracting the
absolute value of this difference from one:

Mn:i =1- |Sn:i - ESn:il

The absolute value alone would tell us how much
the observed value deviates from the expected
value, and subtracting this deviation from one
tells us how closely, in terms of percentage, each
observed land use matches its expected target.

Figure 23. The expected land-use mix should be based
on the city-wide distribution. Different cities include
different types and balances of land-uses.
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Figure 24. Land-use Mix around location i. LU, and LU,
are the target land uses. w[LU, ], the share of LU, with-
in the immediate one square-kilometer around i, is 0.15
Likewise, w[LU,,]is 0.45. S, the total share of LU, and
LU, is 0.6 (015+0.45). S, is 0.15/0.6, (0.25) and S, is
0.75.If SD, , the expected share of LU, is 0.3 and SD, is
0.7, then both M, and M, will be 0.95 and finally land-
use mix index of i, MX,, is 0.6x0.95x0.95= 0.54
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If residential use, for instance, constitutes 20% of
the observed land cover (S ) in the square kilo-
meter around /, and the expected cover (ES ) is
60%, then the matching index M _for this particu-
lar land use around location /is: 1- 0.2 - 0.6 = 0.6t

Finally, we need one more ingredient before find-
ing the total land use mix index around / - the
total observed share of all land uses of interest
around /, which we call S, Using S, allows us to
focus our analysis on only a selected set of land
uses and ignoring others without compromising
the validity of the index. If we are only interested
in the mixing between commercial and residential
land, then we specify S, to only include these two
uses. It is found as follows:
¥=1 W[LUn:i]
Si e —
Wi

, where S is the observed share of all land uses of
interest around /, the sum in the numerator de-
notes the total observed area of the land uses of
interest around /, and w, is the absolute total of
all land uses around /, including not only the ones
that interest us, but all land uses. If the weights
are measured in land area (e.g. in square kilome-
ters), which is commonly the case, and our cho-
sen neighborhood area around /is 1km2, then w,
is always 1. However, we indicate this total as w,
instead of simply one for scenarios in which the
weights might be measured in other units, such
as total floor areas of buildings, etc.

The final land use mix index MX around location
/is given by multiplying the observed share of all
land uses of interest around / (5) with the product
of all individual matching indices M. around /.

N
mxi=si ([ )
n=1

This land use metric tells us how closely the dis-
tribution of all land uses of interest around loca-
tion / correspond to their expected distribution
(Figure 23). MX always ranges between O and 1.
MX s at its maximum value when the land uses
in the immediate square kilometer around / per-
fectly match the expected distribution. MX' is zero
when none of the expected uses are found in the
area of /.

In order to obtain a combined index for the entire
city, we can simply take the average of all indi-
vidual MX indices:

LiMX;
N

The combined city-wide land-use mix metric MX
tells us how closely the average distribution of
land uses across all analysis areas in the city cor-
responds to their expected distribution.

MX =

The key advantage of this proposed land-use mix
metric lies in its flexibility in working with different
combinations of uses, as well as the fact that it
can be calibrated for different expected distribu-
tions. It can be used to evaluate land use mixing
for only a narrow set of uses or all uses foundin a
city. A similar metric can also be used for evaluat-
ing other types of spatial mixing or segregation,
such as the spatial mixing of different demo-
graphic, income, or racial groups.
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SUMMARY TABLE

Metric Name

SIZE

COVERAGE

DISCONTIGUITY

COMPACTNESS
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Description

Example Specifications

Basic Data Required

Optional Data Required

Computational Requirements

Related Indicators

Estimates the area of a land
use category.

Size of urban extent
(built-up area)

Total built-up area

Convex hull polygon around
the built-up area; Area of
unbuildable lands within the
convex hull polygons; Area of
land-use categories
(observed/remotely sensed).

Simple arithmetic.

Regulatory climate, car ownership, transit
ridership, land prices, crime rate,
transport energy consumption,
corruption, vehicle miles traveled, GDP,
avg. HH income, Gini coefficient, cost of
living, water resources, temperature, total
population, water resources, total nbr. of
jobs/firms/establishments,

Estimates the ground cover
of a land-use type within a
total area.

Coverage of built-up area

within the convex hull.

Total built-up area,
convex hull polygon
around built-up area,
area of unbuildable
lands within the
convex hull

Area of buildings footprints
(aggregated), Area of any
land-use category
(observed/remotely sensed).

Simple arithmetic.

Land price, total nbr. of
jobs/establishments, crime rate, transport
energy consumption, vehicle miles
traveled, regulatory climate, temperature,
water resources.

Quantifies the degree to
which a city is fragmented
into discontinous built-up
areas. The metric jointly
increases by the number of
dicsontinuous
developments and the size
inbalance between the
developments.

Areas of all individual
built-up polygons.

Iterative arithmetic.

Climate, water resources, crime rate, share
of aging population, regulatory climate,
car ownership, transit ridership, land
prices, transport energy consumption,
vehicle miles traveled.

Indicates the average
spatial accessibility
between separate built up
areas - the higher these
accessibilities, the more
compact a city is.

Compactness of

population, compactness

of built-up pixels,
compactness of building
footprints.

Geometric built-up
polygons with
population data.

Census tracts with data on
population/jobs/establishment
s/etc. Remotely sensed built-
up pixels, building footprints,
building volumes.

Calculating XY coordinates of
the centroid (of
pixels/polygons), distance
measurement, iterative
arithmetic.

GDP, regulatory climate, car ownership,
avg. HH income, transit ridership, land
prices, transport energy consumption,
vehicle miles traveled, crime rate,
temperature, total nbr. of
jobs/firms/establishments




Metric Name

POLYCENTRICITY

EXPANDABILITY

LAND-USE MIX

Description

Example Specifications Basic Data Required Optional Data Required

Computational Requirements

Related Indicators

Estimates the degree to
which a city's employment
(or other activity) is
concentrated in centers.
Polycentricity depends
simultaneously on three
factors: a) the number of
centers; b) the size-balance
between centers and ¢) the
share of total employment
that is located in centers.

Employment
polycentricity,
polycentricity of the built
up area, population
polycentricity.

Geometric census
tracts with
employment data.

Raster employment density
map, census tracts with
population density, remotely
sensed built-up pixels.

Boolean functions (merge),
simple arithmetic, iterative
kernel density measurement
(for optional data).

Transport energy consumption, GDP,
regulatory climate, car ownership, avg. HH
income, Gini coefficient, total nbr.
jobs/firms/establishments.

[llustrates how much space
is available for development
beyond the city's current
borders in a given distance
threshold.

Geometric built-up
areas, unbuildable
polygons (water
bodies, steep slopes).

Boolean functions (subtract),
area calculation, offset,
iterative arithmetic.

Land price, water resources, cost of living,
Gini coefficient, total nbr. Of
jobs/firms/establishments.

Captures the degree to
which the observed
distribution of land uses
corresponds to an expected
distribution.

Mix of residential,
transportation,
commercial and green
land-use categories in a
city.

Geometric polygons of
land-use categories.

High-resolution land-use
categories.

Clip, area calculation, iterative
arithmetic.

Regulatory climate, share of aging
population, car ownership, transit
ridership, land prices, crime rate,
transport energy consumption,
corruption, vehicle miles traveled.
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GROWTH

The metrics defined in the previous section of-
fer snapshots of built environments at particular
points in time. The metrics alone, however, do not
tell us much about growth or change that takes
place in cities over time. Cross-sectional measures
of metropolitan form offer the basis for under-
standing trends in growth and change of urban
development patterns, but to detect the chang-
es, the metrics need to be captured at multiple
time points and additional tools are required. In
this section, we present a brief overview of map-
ping, visualizing, and measuring tools that can be
potentially used to capture changes in the urban
forms and land-use metrics over time.
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TI-T2

Absolute Change
TO-T1
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Figure 25. Trend analysis models a dependent variable
on the y-axis and time on the x-axis.

100%

100%

0%
TO T T2

Figure 26. Shift-share analysis illustrates proportional
changes in quantitites over time. The total quantity
adds up to 100% at any given point in time.
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TREND ANALYSIS

The most popular way of capturing change is to
measure the differences in the absolute value of
a metric at different points in time. Thus a com-
parison of two measurements over a given time
period can tell us whether a city is growing dens-
er or sparser, bigger or smaller, more polycentric
or monocentric. In order to construct a trend, at
least three data points over time are needed (e.g.
1990, 2000, 2010). Plotting the trend-line on a
graph, with time on the x-axis, can help us visual-
ize the rate of change of over time.

SHIFT-SHARE ANALYSIS

Another tool for visualizing change is offered in
a “shift-share” graph. A shift-share graph depicts
how big a share of a total amount a sulbset cat-
egory consumes over time. It can be used, for in-
stance, to depict the balance of a city’s land uses
over time, where the total always adds up to 100%,
but the share of each land-use may vary across
time. A shift-share graph allows us to both track
individual share trends as well as the combined
share balance across all categories over time.

MAP OVERLAY

A superimposition of maps from different times is
not only an intuitive way of visualizing growth, but
also a powerful method for capturing changes in
unexpected qualities of spatial environments that
may not be directly available in the urban form

metrics.

Through simple Boolean functions, for example,
leapfrog developments can be distinguished
from extensions that are contiguous to existing
built-up areas. Finer scale building data can be
used to distinguishing infill from extension and so
on.

Map overlays also allow us to capture transfor-
mations of land-use patterns over time. An old
industrial site, whose location has gradually be-
come more central, may be recycled as new resi-
dential land, or an informal settlement may trans-
form into a consolidated middle-class area. This
process of land recycling can be understood by
merely looking at the change in the overlaid land-
use map.

REGRESSION MODELS OF CHANGE

A trend diagram visualizes the bivariate relation-
ship between a metric and time, but does not
control for other potentially important variables
that can impact a metric of interest. A longi-
tudinal regression model, or growth model, is a
regression model in which one of the indepen-
dent variables is time. The model can be used to
capture the relationship between an urban form
metric and time, while keeping other important
covariates (Willett, Singer 2003).



MULTILEVEL MODELS

Multilevel models, also known as hierarchical linear
models, or nested models, are statistical models
of parameters that vary at more than one level. In
the context of studying metropolitan form, multi-
level models can be used to study relationships
between the question variable and independent
variables at multiple scales - what portion of
variation in the dependent variable is explained
by variations in the independent variables within
cities or between cities. The choice of levels could
distinguish variables that are captured for a city
as a whole - total urban energy expenditure - or
in intra-urban tracts - what is the economic out-
put in each census tract. Multilevel models offer
a powerful way to move urban expansion analy-
sis beyond the comparison of multiple cities to a
two-level comparison of differences between cit-
ies and within cities (Snijders and Bosker 1999).

- m i
[ ] —
-

Land Use nat T1

B Land Use n at T2

[l Consumed Land Use n
between T1and T2

Figure 27. Map overlay analysis of land-use growth.

Figure 28. Map overlay analysis of fine-grain land-use
change.

57



4. DETERMINANTS

58



DETERMINANTS

Metrics of metropolitan form illustrate certain
physical properties of the cities’ development pat-
terns. A longitudinal analysis of these metrics over
time may tell us how these patterns are changing
- is a city growing more compact or sprawling,
are its centers consolidating around particular lo-
cations or is employment becoming more scat-
tered? An examination of metrics that this report
has presented may help us answer questions of
how much, where and how the formal patterns of
cities are changing. But the analysis of metropoli-
tan form alone does not offer deep insights into
why we observe these patterns or what explains
a certain change in the data.

In order to understand why urban spatial patterns
take particular forms or follow certain develop-
ment trajectories, we need to test hypotheses
that relate metropolitan form metrics to other
non-geometric data, which we call the determi-
nants of form. In reality, cause and effect between
spatial forms and social processes are very dif-
ficult to untangle. It is unlikely, for instance, that
growing economic output is clearly the egg and
urban expansion around it the chicken. Rather,
an existing urban environment with its reputa-
tion and history, probably also affects where eco-
nomic development happens and how effective-
ly economies operate or expand. Businesses are
more likely to locate in places with advantageous
spatial capital, but spatial capital is also more like-
ly to develop at a higher rate around economies
that do well. Where might this chain of circular
causality begin? Each environmental intervention
is likely to be influenced by pre-existing environ-
mental conditions, but once implemented, the in-

tervention becomes part of the environment for
the subsequent interventions.

Though the causal chain of factors that lead to
a particular metropolitan form poses a fascinat-
ing theoretical paradox, its full resolution might
not be so important from a practical point of
view. What matters more in the practice of urban
planning and management is that we have some
understanding of the implications of our own in-
terventions in the built environment.

Given that a city is planning to cut its transporta-
tion energy expenditures by half for instance, we
might desire to know how such a change would
affect the existing development pattern of the
city. Or given that a new job center is planned,
one might like to assess its potential impact on
the existing employment districts or traffic pat-
terns in the city. In situations where interventions
are planned in a pre-existing urban context, the
chain of causality thus shrinks to a manageable
set of variables, which spatial and non-spatial
indicators of the built environment can begin to
inform.
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Overall, the relationship between metropolitan
form and different social, economic and environ-
mental factors is poorly understood. Much more
work is needed in this area. In Figure 28 we simply
present a basic overview of some relationships
between geometric form and non-geometric in-
dicators that have been proposed in the literature
on the subject. Developing a better understand-
ing of these relationships can help us:

a) Provide a measurable basis for under-
standing not only what the current urban
expansion trends are, but where they came
from and where they might be headed.

b) Inform us of what policies and planning
interventions might possibly achieve certain
effects of development patterns.

c) Provide a basis for evaluating the conse-
guences of already implemented policies and
design or planning interventions.



METROPOLITAN FORM METRICS

Size

Density

Coverage

Average Size of Built Area

Polycentricty

Compactness

Expandability

Contiguity

Land Use Mix

DETERMINANTS

ECONOMIC

Avg HH Income

GDP

Gini Coefficient
Crime Rate

Avg HH Size

Cost of Living

Land Prices

Total Number of Jobs

Total Number of Business Establishments

TRANSPORTATION
Vehicle Miles Traveled
Transit Ridership

Car Ownership

ENERGY
Avg HH Energy Consumption
Material Energy Expenditure

Transportation Energy Expenditure

POLITICAL
Regulatory Climate

Corruption

GEOGRAPHIC
Temperature

Water Resources

DEMOGRAPHIC
Total Population
Share of Aging Population

Share of Foreign Born Population

Figure 29. “Determinants” of metropolitan form.
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POLICY IMPLICATIONS

The significant advancements in GIS-based com-
putational spatial analysis tools and methods of
collecting geo-referenced data have profoundly
changed our understanding of urban processes.
It seems that our more dynamic understanding
of city growth and change have brought the idea
of a static utopia — an ideal urban form— to an
end. Rather than seeking a unique global “best
answer”, which should be imposed on the built
environment, future policies, based on a deep un-
derstanding of existing trends in the city, should
aim to achieve maximum profit through minimal
interventions and investments. This requires a dy-
namic monitoring of urban processes both at in-
ter-urban and intra-urban levels through measur-
able evidence, which has been the main focus of
our work, and independent of the vehicles of poli-
cies, can be applicable to: a) directly regulating
the built environment — such as zoning, growth
boundaries, and building codes— b) incentives or
¢) public investment in the public realm and infra-
structure.

The more measurable evidence for local socio-
economic, environmental, and spatial perfor-
mance of cities becomes available through ef-
forts of spatial analysis, the more localized policies
can be. The tradition of evidence based planning
is still new and much work remains to e done
not only in analysis methods, but also in adapta-
tion institutionalization and up-keep on behalf of
stakeholders. Yet, there are also global patterns in
the processes of urbanization: phenomena that
are similar across numerous cities, despite differ-
ing local characteristics. They include phenomena
like the rapid rate of urban expansion, the spars-

ening of development patterns, and spatial seg-
regation of social classes. Studying these global
patterns may suggest policies that are similar in
their direction, but different in detail.
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