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Abstract

Cities are engines of economic development, but the steep costs of urban scale have left large produc-
tivity gains unrealized. The rate at which urban costs rise with a city’s size depends on its commuting
costs and capacity to expand up and out. Using geospatial data, I partition polycentric agglomerations
into 15,000 monocentric cities and use a structural model to measure these urban cost elasticities glob-
ally. Cities in the developing world grow by building out rather than up, even though residents face higher
transportation costs, resulting in cost elasticities nearly twice as high as those in rich nations. Embedding
these estimates in a quantitative spatial model of the world economy, I find that productivity growth since
1993 would have raised developing-world GDP per capita by an additional 6% had urban costs been at
the global technological frontier. Road paving is one lever for lowering urban costs, but its returns depend
sharply on targeting. Urban costs also shape nations’ resilience to climate risk.
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1 Introduction

Cities around the world look different. Compared to cities in high-income nations, cities in the developing

world have lower building heights, sprawl more, and are considerably denser, especially in their downtowns.

In this paper, I argue that differences in urban form around the world reflect differences in urban costs:

barriers to urban development. A city’s urban costs depend on geophysical and regulatory constraints on

development and the quality of its transportation infrastructure. Urban costs matter because, by limiting the

size of cities, they limit an economy’s ability to take advantage of the vast productivity benefits associated

with urbanization. This paper asks, what barriers do cities around the world face to expanding, and what

would the aggregate welfare gains be if these barriers were reduced? While substantial attention has been

paid to quantifying the agglomeration benefits associated with urban life, this paper develops a framework

to measure urban costs around the world and quantify their importance for national welfare.

Several facts suggest large economic gains from reallocating workers to the urban sector. First, there are large

rural-urban wage gaps and substantial economic returns from rural-to-urban migration in the developing

world (Gollin et al., 2014; Bryan et al., 2014).1 Second, more populous and denser cities pay higher wages,

controlling for selection on workers’ unobserved abilities.2 Urban costs constrain urbanization and therefore

limit its benefits: if commuting costs or housing prices are high, or if the physical expansion of cities is

burdensome, then it is difficult for people to agglomerate in space.

Understanding how urban costs affect economic development requires rich data on cities around the world.

Traditional data sources on cities’ wages, floorspace prices, and commuting patterns are not available with

anything resembling worldwide coverage. To overcome the challenge of data availability, I combine theory

and satellite data on cities’ urban form – their physical characteristics and spatial organization – to understand

differences in urban costs around the world. Data on urban form are available for all cities. Moreover,

these data allow me to infer urban costs from cities’ spatial patterns of development: whether they have

accommodated demand for floorspace by building up, by building out, or by concentrating development in
1While these wage gaps may reflect the negative selection of low-productivity workers into agriculture to relieve a nation’s ‘food

problem’ (Lagakos and Waugh, 2013) or the positive selection of high-productivity individuals to skill-intensive cities (Young, 2013;
Behrens et al., 2014; Herrendorf and Schoellman, 2018), the literature nonetheless documents sizable returns for urban migrants
(Lagakos et al., 2020). Gollin et al. (2021) provides suggestive evidence that urban wage premia in sub-Saharan Africa do not reflect
compensating differentials for poor urban amenities. See Lagakos (2020) for a review.

2See Combes and Gobillon (2015) for a review of the literature estimating agglomeration elasticities. There is suggestive evidence
that these elasticities may be higher in developing nations (Chauvin et al., 2017; Ahlfeldt and Pietrostefani, 2019).
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the urban core relative to the periphery.

I measure urban costs and quantify their importance in three steps. First, I develop a quantitative theory of

cities that captures the key tradeoffs associated with urban scale and how they are reflected in urban form.

Second, I use this theory to guide measurement of the parameters that determine the costs associated with

scaling cities. Third, I embed my estimates in a general equilibrium model of an urban system which I

calibrate to match the world economy. I use the calibrated model to understand how urban costs affect a

nation’s level of economic development, and study cost-effective policies to improve cities.

To inform my theory of cities, I first define in the data what I mean by a ‘city.’ My definition begins with

the entirety of the Urban Centres Database from the Global Human Settlement Layer, which identifies urban

agglomerations defined by convex sets of remotely sensed built cover associated with a population exceed-

ing 50,000 and with a density over 1,500 persons per square kilometer. These urban agglomerations can

encompass large sets of cities (e.g., the San Francisco Bay Area) or large polycentric cities like Tokyo. I

partition these agglomerations into monocentric ‘cities’ by developing an urban-theory-informed estima-

tor of the location and number of cities’ central business districts, and apply this estimator using data on

cities’ built environment, as measured by the World Settlement Footprint 3D (WSF-3D). The WSF-3D is

a satellite-observed (as opposed to modeled) dataset of built volume at a highly granular resolution (90m).

This procedure results in a dataset of over 15,000 ‘cities,’ breaking up, for example, Tokyo into Yokohama,

Chiba, and downtown Tokyo (Chiyoda).

Using my dataset of cities, I document new facts on how urban form varies around the world. First, I find

that polycentricity is predominantly a large-agglomeration, rich-world phenomenon: even conditional on city

size, as measured by total agglomeration population, agglomerations in the rich world are more likely to be

polycentric. Thus, even adjusting for city size, cities in the developing world look more monocentric than

their rich-world counterparts.

I then examine aggregate measures of urban form by characterizing the average height and density of cities

around the world. Adjusting for city size, there is considerably less built volume per person in developing-

world cities. This is predominantly driven by the fact that developing-world cities are substantially shorter

than those in the rich world, and only modestly denser, indicating that cities in the developing world achieve

3



their volume disproportionately with area rather than height: they build out, not up. These results suggest that

the technology to build cities varies around the world, and that there are either barriers to vertical development

in the developing world, or barriers to horizontal development in the rich world.

Second, the internal structure of cities varies around the world. In developing cities, there is more built

volume in the urban core relative to the periphery. I show this by first nonparametrically estimating the

‘skyline slope’ of cities around the world, which is the gradient of average height with respect to distance

from a city’s downtown. Skyline slopes are monotonically flatter in cities as one moves up the development

spectrum. Estimating the skyline slope of each of my fifteen thousand cities separately, I find that even after

adjusting for city size, cities in the developing world have steeper skylines than rich-world cities. Through the

lens of a simple urban model, this suggests either that commuting costs are greater in developing-world cities

(concentrating demand at the urban core) or that floorspace is more elastically supplied in the developing

world, reducing the need for sprawl.

I use these features of urban landscapes to measure urban costs. To do so, I develop a quantitative model

of cities and an agricultural sector. In the model, differences in urban form reflect key parameters of the

technologies that govern a city’s capacity to expand. Cities crowd population at their core relative to their

periphery if supply or demand for floorspace is greater in the city center. Supply is constrained by the capac-

ity to build up, while demand depends on the transportation technology available in each city. Additionally,

cities absorb population by building horizontally. All three of these aspects of cities’ building and trans-

portation technology determine each city’s urban cost elasticity, which shapes how the costs of urban life

scale with population size (Combes et al., 2019). My model incorporates key features from the urban and de-

velopment literature. First, cities are monocentric and their internal structure depends on the transportation

technology available in the city. Second, the economy is a dual-sector model, with a traditional (agricul-

tural) sector and a modern (urban) sector featuring increasing returns and intermediate input linkages. In my

model, workers sort between agriculture and the modern sector on the basis of comparative advantage, so

that the marginal urban migrant has lower sector-specific human capital than the average urban worker, as in

Lagakos and Waugh (2013). Finally, the model features a system of cities that vary in their technology, as in

Henderson (1974) or Desmet and Rossi-Hansberg (2013). Unlike these frameworks, in my model, cities are

linked through costly trade and costless migration, following standard assumptions in quantitative economic
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geography (Allen and Arkolakis, 2014; Redding and Rossi-Hansberg, 2017).

The model generates several log-linear estimating equations that I use to recover three components of cities’

technology: a city’s ability to build up (the floorspace supply elasticity), to build out (the land supply elas-

ticity), and the commuting cost elasticity. First, a city’s skyline slope reveals the product of the commuting

cost and floorspace supply elasticities. The empirical challenge is to disentangle the two. The relationship

between the average height of a city and its average income per square kilometer is informative of a city’s

floorspace supply elasticity. To recover land supply elasticities, which govern how responsive a city’s foot-

print is to changes in land rents at its periphery, I use time series variation in urban growth in terms of area

and income. However, these relationships may reflect reverse causality: cities that are productive in building

floorspace or expanding their footprint will have lower floorspace prices, drawing in labor, making these

cities larger and richer in equilibrium. Consequently, I develop model-based instruments to estimate these

causal parameters, and apply them in a generalized random forest (Athey et al., 2019) to learn spatial hetero-

geneity in cities’ floorspace and land supply elasticities as a function of remotely sensed observables. Cities

in the developing world have both higher commuting costs and less elastic floorspace supply. Land supply

elasticities are on average lower in the rich world, and depend on land availability.

I combine the estimated parameters to construct each city’s urban cost elasticity. In my framework, the urban

cost elasticity is a land-supply-weighted average of congestion elasticities from rising floorspace prices and

longer commutes. On average, cities in developing nations have urban cost elasticities that are nearly twice

as large as those in the rich world. The largest driver of differences in urban cost elasticities across nations

is differences in transportation technology, captured by the commuting cost elasticity.

I calibrate the model for nearly all countries to match their cities’ population, output, building and trans-

portation technology, and each country’s intercity trade network and agricultural sector size and share of

national income. To show that urban costs have constrained economic growth and structural transformation,

I feed in observed productivity and population growth from 1993 to 2015. Had urban costs been at the global

technological frontier – the level observed in East Asia – developing nations would have GDP per capita on

average 6% larger today, while for rich nations, this number is only 0.14%. These gains are entirely driven

by general equilibrium effects, as workers move out of agriculture and reallocate across cities. This exercise

underscores the potential scope for lower urban costs to foster economic development.
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To study one type of policy that might achieve these gains, I focus on road paving. Many developing-world

cities are substantially under-paved, and the costs of road paving are well understood. For example, I find that

only 50% of urban roads in Nigeria are paved. The benefits of transportation infrastructure are difficult to

monetize, which may explain why developing countries have under-invested in these technologies. I use data

on cities’ transportation technology to estimate the effect of road paving on my estimates of cities’ commuting

cost elasticity and find that a 10pp increase in the share of roads paved lowers the commuting cost elasticity

by over 5%. I show that the general equilibrium return on road paving depends on which cities are targeted

by the policy: paving roads in productive cities can generate a sizable economic return over a long time

horizon through spatial reallocation effects alone, but targeting policy at the least-paved cities diminishes

these gains substantially. This illustrates how policy aimed at targeting intercity infrastructure disparities

can be inadvertently misallocative.

Finally, I examine how resilient an urban system is to shocks that damage its cities by studying sea level rise.

Cities in East and Southeast Asia are uniquely exposed to this climate risk. Feeding these climate shocks into

the model, I find that nations with lower urban costs have greater capacity to adapt to these climate shocks.

Related literature This paper relates broadly to three bodies of work. First, it contributes to the literature

examining global urban patterns by providing new facts on how cities’ internal structure varies globally. Sec-

ond, it advances the literature that examines city-level policy interventions using quantitative spatial models

by developing a framework to understand the aggregate and distributional implications of such changes across

countries. Third, by studying the determinants of the overall size of the urban sector and the population dis-

tribution across cities, this paper contributes to the literature on how the spatial (mis-)allocation of productive

factors affects macroeconomic aggregates.

Several recent papers have studied various aspects of cities globally using geospatial data. Akbar et al.

(2023a) and Akbar et al. (2023b) document that there are large differences in urban speed around the world,

primarily driven by differences in freeflow speed. They find that cities in the rich world are 50% faster

than those in developing nations. Harari (2020) documents that cities’ spatial layout affects their growth

and amenity value in India. I provide a quantitative framework that links a city’s characteristics like speed

and urban form to its size. The studies most closely related to the empirical component of this paper are

those by Jedwab et al. (2021), Lall et al. (2021b), and Lall et al. (2021a), all of which study how cities’
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physical characteristics vary with city and national income. Relative to these papers, I provide new facts

on cities’ internal structure and their polycentricity.3 Moreover, I propose and quantify a theory of cities

that explains variation in urban form as driven by differences in the building and transportation technology

available around the world. I measure components of these technologies using model-consistent regressions,

and I use my estimates to perform counterfactual analysis with a quantitative spatial model of the world.

A handful of recent papers use frameworks similar to mine to answer related questions. First, Ahlfeldt et

al. (2023) use data on the construction of tall buildings in cities globally to quantify the welfare gains with

changes in building technology since 1975. Coeurdacier et al. (2025) use data on changing agricultural and

urban land-use patterns in France to understand how structural transformation has affected how cities grow.

Deffebach et al. (2025) use data on income sorting within 121 to understand spatial inequality within cities

across the development spectrum. Unlike these papers, I focus on three aspects of urban costs: the ability to

build up, out, and transportation technology, and apply it to all cities around the world.

Second, this paper examines the aggregate effects of city-level policy interventions using tools from quantita-

tive spatial economics. Past research has used case studies to understand the effects of changes to transporta-

tion technology within cities. For example, the effect of introducing Bus Rapid Transit systems on urban

residents’ welfare has been studied in Jakarta, Indonesia (Gaduh et al., 2022; Kreindler et al., 2023), Bogotá,

Colombia (Tsivanidis, 2023) and Dar es Salaam, Tanzania (Balboni et al., 2020).4 Unlike these papers, this

work moves beyond case studies and studies how city-level policy interventions matter for the macroecon-

omy by accounting for equilibrium interactions across all cities within a country. My framework provides

less detailed treatment of city structure in order to be comprehensive and draw comparisons around the world,

assess the aggregate implications of high urban costs across all countries, and quantify the potential welfare

gains associated with reducing such costs.

Third, this paper is about the role of cities in determining national welfare, and the urban costs that limit their

size. Most similar in spirit to this work are Bryan and Morten (2019), who develop a model of frictional
3In a similar spirit, Mills and Tan (1980) collate population density gradient estimates for under 100 cities, and, similar to this

paper’s findings, finds steeper population density gradients in developing countries. Liotta et al. (2022) compute population density
and rent gradients for 192 global cities to test predictions of the monocentric city model and find that the vast majority of cities
globally have negative population density and rent gradients, consistent with theory. There is also a large remote-sensing literature
on the spatial patterns of urban development around the world. For example, Frolking et al. (2024) analyze how urban land use
patterns have changed over time using satellite data, and find that Asian cities have shifted from building horizontally to building
vertically.

4See Bryan et al. (2020) for a review of this literature.
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interregional migration, which they use to estimate the aggregate productivity effects of reducing migration

barriers in Indonesia, and Desmet et al. (2017), who study the productivity effects of relaxing migration

barriers in Asia. Lagakos et al. (2023) study the welfare gains of rural-to-urban migration in a dynamic

model in which seasonal migration occurs as a reaction to uninsured negative shocks faced by agricultural

households. Unlike these papers, which focus on the barriers faced by agricultural migrants, I instead focus on

the urban costs that limit cities’ size. This links work on rural-to-urban migration and aggregate productivity

to an important macro-urban literature that seeks to understand the role the urban system plays in shaping

national welfare. For example, Au and Henderson (2006) estimate agglomeration and congestion elasticities

for cities in China, and find that Chinese cities are undersized relative to the social optimum. Desmet and

Rossi-Hansberg (2013) study misallocation across cities and find that there would be much larger gains to

eliminating frictions across cities in China than the United States. My framework allows me to study the

macroeconomic impact of differences in cities’ building and transportation technology for the entire world.

The rest of this paper is organized as follows. First, in Section 2, I develop a dataset of cities around the

world, partitioning polycentric agglomerations into monocentric cities. Using these data, I show facts about

cities globally. I then present a quantitative model of cities aimed at rationalizing these facts in Section 3.

In Section 4, I use model-implied estimating equations to recover urban costs for all cities around the world.

I embed these estimates in my quantitative spatial model and perform counterfactual analysis in Section 5.

Section 6 concludes.

2 Urban form around the world

This section presents facts on how cities differ globally in terms of their urban form: both aggregate charac-

teristics – their area, volume, and density – and their internal spatial structure.

Doing so first requires that I define what a city is in the data. I begin by creating a dataset of urban agglomer-

ations within which I can measure the built environment. I then combine theory and machine learning tools

to partition these agglomerations into a dataset of cities (e.g., splitting the San Francisco Bay Area into San

Francisco, Oakland, and San Jose).
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2.1 Building a dataset of cities

To de�ne the location and spatial extent of a city, I use the shape�les provided by the Urban Centre Database

(GHS-UCDB, R2024a), via Copernicus, a program of the European Commission. The UCDB provides

11,422 polygons associated with urban developments of more than 50,000 people. These polygons are de-

�ned by combining a variety of modeled and remotely sensed data products compiled by Copernicus, and

correspond to the intuitive notion of an urban agglomeration: a contiguous collection of cells with a popu-

lation density exceeding 1,500 persons per square kilometer. I subset the sample to agglomerations with a

`high' quality 
ag, resulting in a dataset of 10,852 agglomerations. Importantly, this de�nition is remotely

sensed, and does not make reference to political boundaries in its construction.

Within each agglomeration, I measure contemporary construction using the World Settlement Footprint 3D

(WSF-3D, Esch et al., 2020; Esch et al., 2022), which combines observations from the Sentinel-1 and -2

satellites with a digital elevation model (TanDEM-X) to produce rasters of built volume at the 90m resolu-

tion globally. These data are superior to products like the built volume data in the Global Human Settlement

Layer, which combines modeled height data with remotely sensed built surface data to infer volume.5 Instead,

the WSF-3D more closely resembles satellite-observed volume than a machine-learned product. Moreover,

its measurement is globally consistent, guaranteeing measurement error is orthogonal to the level of devel-

opment and the availability of validation data.

Within each urban agglomeration, I extract the 2015 Visible Infrared Imaging Radiometer Suite (VIIRS)

nighttime luminosity measure (�500m resolution) and population counts from Gridded Population of the

World, which downscales census-based population counts.6 The high-resolution nightlights provide an esti-

mate of city-level income that has good �tness-for-use in low-income settings (Gibson et al., 2021).7 Finally,

I use a digital elevation model (Copernicus DEM GLO-30) combined with land cover data (classi�cations

of land as soil, ice, and so on) to create a 10m-resolution raster indicating the potential for development to

occur in that pixel, which I then aggregate to the level of the WSF-3D data. I classify land as developable if

it has a slope with grade less than 15% and is not water, ice, wetland, or a mangrove.

5Previous versions of this project relied on the GHSL data.
6The downscaling is not based on observables like built volume (like GHS-POP) or estimated with machine learning tools like

WorldPop. While noisy, these data are therefore not mechanically correlated with nightlights or features of cities' built environment.
7I use the VIIRS-income elasticity estimated in Chen and Nordhaus (2019) of 1:073.
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2.2 Identifying polycentricity: urban-theoretic partitions

The urban agglomerations in the data re
ect an assemblage of what one might intuitively call `cities.' For

example, the San Francisco Bay Area polygon contains San Francisco, San Jose, and Oakland. Other ag-

glomerations like Istanbul, Turkey, are famously polycentric and contain, at minimum, two `cities' de�ned

by the `European' and Àsian' sides, split by the Bosporus. The analysis throughout this paper de�nes cities

as monocentric, convex clusters that may partition these larger urban units. In this section, I explain how I

partition urban agglomerations into (potentially) smaller monocentric cities.

Theoretically, monocentricity means that there is a single central business district (CBD) to which agents

commute for work, and the rest of urban land is used to house commuters to the CBD. I treat the number and

location of these CBDs as unknown parameters to be estimated.

Suppose cities k = 1; :::; K are circular with locations indexed in polar coordinates, (x; �), where x denotes

distance to a CBD, and � is the polar angle.8 Households in the city have a utility function, U (C; A(x)h(x))

which they maximize by choosing C (consumption aggregator), h(x) (
oorspace) and x, subject to the budget

constraint, C+r(x)h(x) � w. For now, I treat w as exogenous. Their location decision x trades o� amenities

A(x) and 
oorspace prices r(x). Amenities decay with respect to distance to the downtown, A(x) / x�� ,

where � captures commuting costs, which are paid for in time not spent at home enjoying h(x).9

Developers supply 
oorspace with a constant returns technology in land (a �xed factor) and materials, re-

sulting in upward sloping housing supply curves h(x) =�h(x)r(x) 
 , where�h(x) is some exogenous shifter

of the quality or quantity of land.

Then, in equilibrium, we have that the total amount of 
oorspace at location i in city k is

H ik = �H ik (x ik ) �� k (1)

where �k = � k 
 k .
8That is, space is continuous. Have no fear, reader: I only consider symmetric allocations of economic activity. Hereon we can

ignore �; its introduction is meant to underscore that cities have some nonzero area.
9An alternative is that commuting costs are paid for in units of labor. While standard { this assumption has the unattractive

property that purchasing power for housing declines across space, which generates variable elasticity price gradients that are sensitive
to the income and price elasticity of 
oorspace demand. Mills (1972) failed to account for this fact, and this feature of the monocentric
city model was not corrected until Brueckner (1982).
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Figure 1: Structural zeros in Addis Ababa, Ethiopia, and Athens, Greece UCDB agglomerations. Addis
is around 465km2 with a population of 7.3M while Athens is 412km2 with a population of around 3.2M.
Colored pixels are aggregated to the 500m resolution and shaded by the share of zero-value WSF-3D pixels.

This model serves as the basis for CBD estimation and city partition. I observe building volume Hi � 0 on a

grid of N spatial blocks within each urban agglomeration, as well as the fraction of land in each pixel that is

developable, fi . I rescale each urban agglomeration in the UCDB data onto the unit square [0; 1]2 and assign

each pixel a location in the unit square corresponding to its centroid, �i .

I assume the statistical model,

H i � Poisson

 

f i �
KX

k=1

Ak (x ik ) �� k

!

(2)

where pixel i's distance to the CBD k, xik , is Euclidean. The key assumption here is additivity: that pixels

aggregate over unobserved partitions of space in which agents are living in separate buildings. The rationale

here is the superposition property of Poisson random variables, that if Hik �Poisson(A k (x ik ) �� k ), then

H i =
P

k H ik �Poisson(
P K

k=1 Ak (x ik ) �� k ). As space is continuous in the model, the correct model-based

analog of Hi is height, not volume. While pixels are of constant area, their developable area di�ers; fi is the

o�set that corrects the scaling of volume data so that it is in constant proportion to height.

I use the Poisson model to rationalize zeros in the data that are plausibly structural: land with no development

is more likely to occur on the fringe of a city, rather than near its CBD. Thus, accounting for these zeros will

meaningfully a�ect estimates of �k . Upon inspection of the data, these structural zeros are far more common
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EM iteration

pick K with BIC �rst-worsening

Multiple K-means
initializations

E step: assignment

M step: estimate Ak ; � k ; � k

Pick highest
likelihood run

Prune CBDs,
assign w/ contiguity,

re-estimate �k

Figure 2: CBD detection algorithm for estimating the parameters 
 and K in (3).

in cities' peripheries than their downtowns, and more so in developing cities; see Figure 1 for an example

of Athens, Greece and Addis Ababa, Ethiopia, which has about 4pp more empty pixels within the UCDB

boundary.

The log likelihood for (2) is,

`(
) =
NX

i=1

H i ln � i � � i ; � i = f i

KX

k=1

Ak (x ik ) �� k ; 
 = f� k ; � k ; AkgK
k=1 ; (3)

where �k 2 [0; 1]2 are the unknown CBDs. Solving for the unknown CBDs resembles the problem of K-

means clustering and estimation is related, but it is not an o�-the-shelf application for two reasons. First, the

location of the CBDs must be jointly estimated with �k and Ak . Second, unlike K-means, in which space

does not matter within a cluster assignment, here I care explicitly about spatial structure: I am looking for

an isometric decay pattern centered at �k .

Estimating 
 by maximizing (3) is therefore nontrivial. I do so with an expectation-maximization (EM)

algorithm. The EM algorithm consists of an iterative two-step process that alternates between an `E' step

and an `M' step. The E step attributes mass in each cell i to each CBD k given the parameter estimates 
.

The Poisson model makes this attribution trivial: The expected contribution of Hi to CDB k isĤ ik = a ik H i

where aik / A k (x ik ) �� k . Given the assignment weights aik , I proceed to the M step in which Ak ; � k and � k

are updated. In particular, �k solves the weighted Poisson �rst-order condition and Ak can then be backed

out in closed form.10 To update �k , I take Newton steps by di�erentiating the likelihood with respect to �k at

10That is, �k solves,
X

i

�
Ĥ ik � f i A k (x ik ) �� k

�
ln(x ik ) = 0; A k =

P
i Ĥ ikP

i f i (x ik ) �� k
:
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the estimated parameter values and assignments. This is possible as �k enters through the distance function

that produces xik = k� i � � kk.

I iterate between the E step and the M step until the likelihood function converges. In practice, I make

a number of modi�cations to the algorithm to improve functionality: �rst, I aggregate data to the 500m

resolution which massively reduces compute time, making it computationally feasible to estimate for every

agglomeration in the data. I ensure that CBDs cannot be placed on undevelopable land with a guard on

the Newton step, and place a soft penalty on the Newton step that prevents CBDs from colliding, ensuring

separation of clusters as the algorithm explores the space. Additionally, I place a penalty on estimating

� k < 0 only during CBD detection to ensure the algorithm �nds `peaks' rather than `troughs' in the spatial

distribution of built volume.

I initialize guesses of �k using K-means, then use multiple restarts of the EM algorithm with di�erent initial-

izations and scale the number of restarts with city size. I choose
̂ from the highest-value likelihood among

the set of restarts. I select K using Bayesian information criterion (BIC), a principled way of penalizing

additional parameters that do not su�ciently increase the likelihood. I estimate CBDs for K = 1; 2; ::: with

a �rst-worsening rule: if BIC(K) > BIC(K � 1) I set the city's number of centers K � = K � 1. With K �

and
̂ in hand, I �rst prune CBDs with near-zeroÂk or �̂ k � 0, or for whom
P

k aik amounts to less than 2%

of the total area.11 I then assign pixels to a single CBD using a Potts model, which �nds a hard assignment

of pixels that maximizes the likelihood conditional on contiguity constraints. When assignments result in

disconnected sets, I keep only the cluster that contains the CBD and reassign disconnected territories to the

next-best CBD.

Once CBDs have been detected, I reestimate �k in a second step using the full, spatially granular WSF-3D

data. In this second step, I form larger grids by binning up polar angles and radii, and weight observations

inversely proportional to the number of observations in its radial bin. This weighting scheme is designed to

undo the mechanical rise in observations one obtains from the simple geometry of circles. Second, I exclude

a small ring of observations around the CBD from estimation, where the size of the ring is generated to be

proportional to the overall area of the city. I �x the scale of this `donut' so that in a city the size of Shanghai

(3,100km2) I remove a 2km radius hole. I do this because in practice, CBDs are not pointless masses but

11I always keep the largest Ak center in the case in which pruning implies I should remove all CBDs.
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Figure 3: CBDs in Paris, France (left) and Tokyo, Japan (right). Pixels are aggregated to 500m and shaded
by log built volume.

have area that scales with the size of the city. Within CBDs, the building volume gradient is quite 
at, which

biases down �k . A summary of the CBD detection algorithm and �k estimation is in Figure 2. All details are

available in Appendix B.

2.3 Polycentricity around the world

The algorithm performs extremely well at �nding well-known CBDs. For example, Figure 3 shows the CBDs

detected in Paris, France (K� = 2, one in central Paris and another surrounding La D�efense), and Tokyo,

Japan (K� = 3, Chiyoda, Yokohama, and Chiba). By partitioning the UCDB agglomerations into potentially

multiple cities, I expand the sample to 15,199 CBDs and their catchment areas, which I refer to as `cities.'

In the left panel of Figure 4, I plot the average number of CBDs (K� ) in UCDB agglomerations within a

country. Richer countries have more polycentric agglomerations: the average agglomeration in the US has

about 1.75 central business districts, compared to 1.15 in India. This is not an artifact of simply the level of

urbanization as this fact persists even when controlling for the size of the agglomeration. In the right panel,

I plot the average K� against log population of the agglomeration for both poor (World Bank `Low' and

`Lower Middle' income countries) and rich countries. Cities in rich countries have more CBDs on average
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