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I. URBAN FORM DATA

The values for urban porosity and average building side length are calculated for each 1 km x 1km cell (k) within
a city using the building footprints. The urban porosity is calculated as ϕk = 1 − Ab/At, where Ab is the total area
of buildings determined by the building footprint data and At is the total area of the cell, i.e., 1000km2. Average
building side length is simply the average of all building side lengths from the building footprint data. The final
averaged values for ϕ and D are presented in Table I.
The digital elevation map (DEM) [1] is used to determine the maximum slope (α) within each cell and its corre-

sponding direction (θ). This direction is then used to orient the calculation of effective chord length in each cell since
we assume the direction of the steepest slope will dictate the dominant flow direction. To calculate the effective chord
length, we extend 5,000 lines within the cell in the direction of the steepest slope and we measure the length of chords
between buildings. These chord lengths are then used to calculate the effective chord length; see Eq. 5. Averaged
values for slope and effective chord length are presented in Table I.

II. HYBRID REVERSE MONTE CARLO

We generate urban forms through a hybrid reverse Monte Carlo (HRMC) algorithm, which was first introduced to
improve upon the modeling of amorphous carbon structures[2, 3]. Using user-defined constraints to inform the place-
ment of buildings and an energy penalty to avoid unrealistic or physically improbable configurations, this probabilistic
algorithm is capable of generating unique urban forms that feature accurate geometric attributes.
Here, we employ the Mermin order parameter as the main user-defined constraint. The desired porosity ϕ′ and

spatial order χ′
cn are defined, and the initial configuration starts as a two-dimensional ordered lattice. It is important

to note that the initial point configuration may take any form [4]. The number of points N in the initial configuration
is determined by the user-defined ϕ′, where each point will signify a building footprint covering a constant area. The
initial spatial order χcn,old is calculated for this configuration, which initially equals one for our lattice. One point is
arbitrarily chosen and moved in a random direction and distance, and the new spatial parameter χcn,new is calculated.
These are both compared to the desired value of χ′

cn and an error G2 is calculated as follows:

G2
old = (χcn,old − χ′

cn)
2

G2
new = (χcn,new − χ′

cn)
2

(1)

If G2
new < G2

old, the new configuration is accepted, it becomes the initial configuration and χcn,old = χcn,new.
Otherwise, the move is rejected and the old configuration and χcn,old is retained. A new point is moved and the
process is then repeated. This process continues until the error value G2 < tolerance and χcn = χ′

cn .
This algorithm, while robust, lends way to unrealistic configurations in which buildings overlap or are impractically

close. Not only does this result in inaccuracies in ϕ and χcn , but it also over-complicates the subsequent mesh,
reducing overall efficiency and accuracy. To avoid this, we introduce a binary energy penalty in the calculation of G2

to avoid moves that lead to unrealistic configurations. The energy term (E) is accounted for as follows:

G2 = E + (χcn − χ′
cn)

2 (2)

Since the energy term is simply a binary to accept or deny a move, the value of the term is arbitrary so long as it
ensures G2

new > G2
old. The energy term is determined with respect to point j that has been moved and is defined as

follows:

∗ Also at Department of Urban Planning and Public Policy, University of California Irvine.; bsanders@uci.edu
† mjaq@uci.edu



2

S
p
a
ti
a
l	
O
rd
e
r	
χ
4

0.4

0.5

0.6

0.7

0.8

0.9

1

Monte	Carlo	Steps
0 250 600

Step	~	580-600	
								χ4	=	0.5

Step	=	250	
			χ4	~	0.75

Step	=	0	
χ4	=	1.00

R
ea
liza

tio
n
	3

R
ea
liza

tio
n
	2

R
ea
liza

tio
n
	1

R
ea
liza

tio
n
	3

R
ea
liza

tio
n
	2

R
ea
liza

tio
n
	1Realization	3

Realization	2

Realization	1

FIG. 1. Three realizations that converge from an initial 2D lattice of points to the final configuration with desired Mermin
order value. Each realization maintains a porosity of Φ = 0.55 and converges towards a desired Mermin order value of χ4 = 0.5.
They follow similar paths and reach convergence somewhat simultaneously, but create three different realizations.

FIG. 2. A mesh that is generated for a specific urban form. The image on the right illustrates the domain at the transition
from fine to coarse mesh. The image on the left magnifies the fine mesh. All buildings are represented as holes in the mesh.

E = Ej =

N∑
k=1

Ej,k (3)

Ej,k =

{
1000 d

D < d
Dmax

0 otherwise
(4)

where d is the distance between the centroids of building j and each neighboring building k. An analysis of mesh
and simulation efficiency determined the minimum acceptable distance between two buildings to be 20 percent of the
building side length (D), establishing (d/D)max as 1.2.

As the algorithm iterates through this process, the arrangement and corresponding Mermin order value converges
towards the desired final configuration, see Fig. 1. The number of steps taken to reach the desired outcome depends
on many factors, such as the number of total buildings in the domain, the desired χcn , the tolerance for an acceptable
final configuration, and the inherent randomness of the algorithm.
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FIG. 3. Framework for the high-throughput computational algorithm which runs thousands of models with differing configu-
rations and input parameters.

III. HIGH-THROUGHPUT COMPUTATIONAL FRAMEWORK

We have developed a framework to integrate the creation of synthetic urban forms, mesh generation, shallow water
simulation, and data post-processing. A visual of the algorithm’s framework is shown in Fig. 3. Taking inputs of
building size D, urban porosity Φ and spatial order χcn , channel dimensions L and W , flow rate Q, bottom slope α,
and Manning coefficient nm, the algorithm steps into the HRMC urban pattern generation described in Section II.
Once the urban form is generated and populated with buildings, the mesh generation tool Triangle [5] is implemented
to produce a triangular mesh constrained by building walls and no-flow boundaries for subsequent simulations; see
Fig. 2 for mesh details. Next, flow is simulated using the finite volume model ParBreZo [6]. The output files generated
from ParBreZo include spatiotemporal values for flood heights and velocities.
This high-throughput framework allows us to perform parametric studies by generating thousands of models with

different building configurations and realizations of urban form, but also different slopes and upstream flow rates.
We employ this framework to generate over 1,600 flooding scenarios within our synthetic cities, which facilitates the
collection of statistically sufficient data that informs the development of our mean-flow theory.

IV. CHORD LENGTH ANALYSIS

Here, we introduce the normalized effective chord length l̄c, which is the expectation of the normalized chord length.
Chord lengths quantify the distance between two neighboring buildings. They are calculated by extending a random
point within the domain in any given direction until it intersects a building or channel boundary at each end. The
direction can be specified by the chord angle θc with respect to the x-axis, where 0 < θc < π. For simplicity, we only
consider the chord length expectation for θc = 0, see Fig. 4. The l̄c is defined as:

l̄c =

∫ lB/D

3

l′cP (l′c)d(l
′
c) (5)

where l′c = lc/D, D is the side length of a building, and lB is the length of the unit cell. The expectation is only
calculated for chord lengths greater than three times D, since shorter chords do not contribute to efficient drainage. To
ensure accurate calculation of l̄c, an automated algorithm measures chord lengths along the x-direction, i.e., θc = 0,
for 10,000 arbitrary points within the domain.
Once all the chord lengths for a given realization are obtained, we find the distribution of chord lengths ranging

from zero to the length of the unit cell. The distributions for realizations with ϕ = 0.6 can be seen in Fig. 4(a).
The added disorder in the system diminishes the longer chords and increases variations in small chords, effectively
decreasing flood passage for drainage. This can be visually observed in Fig. 4(b-c); the realization with χ4 = 0.8
features longer unobstructed flow pathways compared to the realization with χ4 = 0.4.
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FIG. 4. Determination of chord lengths and corresponding distribution for realizations of ϕ = 0.6 and 0.4 < χ4 < 0.9 with
θc = 0. The distributions have been scaled to range between zero and unity. To the right are schematic representations of
chord length determination for realizations of χ4 = 0.6 and χ4 = 0.8
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FIG. 5. A schematic representation of the idealized channel domain generated in this work. The dashed line represents the
edge of the unit cell with length lB which is duplicated along the flood channel to populate the entire channel of length L with
buildings.

V. REDUCING COMPLEXITY OF URBAN FLOODING

A. Dimensional Analysis

Here, we leverage the dimensional analysis technique to reduce the number of independent parameters and identify
the dimensionless quantities that drive the flood behavior in the urban environments. To reduce the complexity of
urban flood modeling, we use an idealized channel width (W ) and length (L), see Fig. 5. The channel bottom slope
(α) and Manning’s coefficient (nM ) both remain constant throughout the channel. For simplicity, we disperse N
square buildings with side length D along the channel, where the centroid of building i is designated via ri. A fluid
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with dynamic viscosity (η) and density (ρ) is injected at the volumetric flow rate per width (q = Q/W ) through the
domain’s inlet located at the left side of the channel. The fluid experiences gravity (g) and flows in between buildings,
experiencing drag coefficient (CD) and clearing the domain at the dry outflow boundary condition on the right side
of the domain. We can express the flood water heights at any point along the channel (h(x,y)) as follows:

h = f(q, α, CD, nM , D,W,L, g, ρ, η, x, y, r1, r2, ..., rN ) (6)

If the Buckingham Pi theorem is applied to this description of water heights, we find that the rank of the expo-
nent matrix is three, meaning the number of independent dimensionless quantities is 2N + 10. This application of
dimensionless variables dramatically reduces the representation of water heights to

h2gD

q2
= f(α,CD,

gn2
MD

CDh4/3
,
ρqD

hη
,
gD3

q2
,
D

W
,
D

L
,
x

D
,
y

D
,
ri
D
) (7)

In the limit of fully developed gravitational flows, i.e., high Reynolds numbers, ρqD
hη becomes significantly large,

and the flow becomes independent of the Reynolds number, which is in line with the common assumptions in shallow
water modeling. We also note that in the case of dense urban environments, the bottom shear becomes increasingly
negligible compared to the drag force. The Manning coefficient is also two orders of magnitude smaller than the

drag coefficient. The dimensionless
gn2

MD

CDh4/3 variable, which can be thought of as the bottom shear-to-drag force ratio,

approaches zero. Therefore, this term can be safely eliminated in our analysis. These two assumptions simplify Eq.
7 as follows:

h2gD

q2
= f(α,CD,

gD3

q2
,
D

W
,
D

L
,
x

D
,
y

D
,
ri
D
) (8)

It is constructive at this point to look at the relationship between flood height and inlet volumetric flow rate.
To this end, we ran shallow water simulations through idealized urban models of varying density and disorder. We
characterize the urban density via porosity (ϕ) and disorder via the Mermin order parameter (χcn); see the main text
for definitions. Regardless of the urban density and disorder, the flood height scales linearly with the inlet volumetric

flow rate, i.e., h ∝ q, see Fig. 3(b) in the main text. This means that the dimensionless variable gD3

q2 should not play

a significant role; otherwise, the relation between h and q becomes nonlinear. This further simplifies Eq. 7 as follows:

h2gD

q2
= f(α,CD,

D

W
,
D

L
,
x

D
,
y

D
,
ri
D
) (9)

The two dimensionless parameters D/W and D/L signify the impact of the simulation domain’s size effect on the
flood height. Otherwise, these two parameters signify size effect within a mechanics context. As shown in Fig. 6,
the dimensionless flood height plateaus at large L/D. This means that at the limit of very large channels, where
D/L goes to zero, this size effect can be safely neglected. Similar conclusions are valid for the other size effect of the
channel width. Therefore, Eq. 9 reduces to:

h2gD

q2
= f(α,CD,

x

D
,
y

D
,
ri
D
) (10)

At this point, we perform a parametric study to characterize the impact of the bottom slope on flood height. We
find that for a wide range of urban porosity and order, the flood height scales with α− 1

2 , see Fig. 3(c) in the main
text. This further simplifies Eq. 10 as follows:

h2gαD

q
= f(CD,

x

D
,
y

D
,
ri
D
) (11)

The left-hand side of this equation can be considered the ratio of gravitational-to-drag forces if the relation is linear
for CD. Therefore, the above quation simplifies as follows,

h
√
gαD

q
= CDf(

x

D
,
y

D
,
ri
D
) (12)
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FIG. 6. Exploring the relationship between the inlet flood height (h) and (a) flow rate (Q), (b) normalized channel length
(L/D), (c) bottom slope (α), and (d) normalized building side length (D/W ). Simulations for multiple realizations of each
urban form produce flood heights.

B. Averaging Inspired by Statistical Mechanics

With the assistance of dimensional analysis and shallow water modeling, we have so far shown that the dimensionless

flood height (h
√
gαD
q ) at an arbitrary point (x, y) in the channel is the function of the number of buildings N and their

location ri. When viewed in a statistical sense, the flood height at a point might not matter as much as the average
flood height in a region within the floodplain. As shown for a specific example of building arrangement in Fig. 7, the
flood height can be treated as a statistical distribution for which the statistical moments carry significant information
regarding the flooding behavior. In this spirit, the first moment, average, of flood height can be written as:

h
√
gαD

q
= CD⟨f( x

D
,
y

D
,
ri
D
)⟩ = CD

A

∫
Ω0

f(
x

D
,
y

D
,
ri
D
)dA (13)

where the integral averaging is performed over a domain Ω0 with the area A. According to the mean value theorem
for definite integrals, we can simplify the integral as follows:

h
√
gαD

q
= CDf(

x0

D
,
y0
D

,
ri
D
) (14)

where (x0, y0) is a point within domain Ω0.

If we are not particularly interested in a specific configuration of buildings in the flood channel ri, then Eq. 14 can
be averaged akin to the ensemble averaging in statistical physics of particles.

¯⟨h⟩
√
gαD

q
=

⟨CD⟩
Z

∫
Ωri

p(ri)f(
x0

D
,
y0
D

,
ri
D
)dri (15)
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FIG. 7. The flood height color map for a segment of a long channel. The flood height is not uniform in the rectangular region
designated by the thick black line and is distributed normally for this particular building distribution pattern.
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FIG. 8. Visual representation of the data collapse (a) of dimensionless inundation when only considering porosity to describe

the urban texture and (b) considering ⟨h̄⟩5/3/(qnM ) as the dimensionless inundation that is valid only at high urban porosity.

where ¯⟨h⟩ denotes the ensemble average of the flood height in a given domain and the averaging is performed over
the phase space of all building configurations, Ωri , in the flood channel. We note that the phase space is an abstract
2N dimensional space. The probability density function p(ri) designates the possibility of a certain configuration in
the phase space. For instance, the probability can be defined in such a way that possibility of buildings overlapping
each other is zero. The Z variable represents the so-called partition function defined as:
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Z =

∫
Ωri

p(ri)dri (16)

Eq. 15 is remarkable in that it places urban flood modeling on par with thermodynamics, in which the macroscopic
properties of the system are the average of microscopic states. Otherwise said, the ensemble-averaged dimensionless
flood height behaves akin to thermodynamic state functions. It is well-established in classical thermodynamics that
state functions are a function of state variables of the system, which are related to the average textural attributes of
the system at the microscale. This motivates us to express the complex average in Eq. 15 in terms of state variables
commonly used in studying the thermodynamics of disordered porous media, such as porosity (ϕ), disorder (χcn),
and average chord length (l̄c):

¯⟨h⟩
√
gD

q
=

⟨CD⟩√
α

G(ϕ, χcn , l̄c, ...) (17)

where G is an unknown function to be determined via numerical shallow water modeling or experimentation. We also
note that the function can depend on one, two, or more state variables and might not necessarily be unique. This
is confirmed through the determination of G; as seen in Fig. 8(a), the packing fraction collapses data only at high
porosity and becomes increasingly insufficient in dense textures, where the disorder becomes a controlling factor.

VI. GLOBAL URBAN FLOOD HAZARD ANALYSIS
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FIG. 9. The linear relationship between non-dimensionalized flood intensity P ∗ = ⟨h̄u⟩/huref and the inverse of porosity
for our synthetic cities. The color of each data point represents a different combination of slope and flow rate. The marker
represents the underlying symmetry of the configuration.

Urban form geometric attributes are used to determine non-dimensionalized flood depths (H∗) and intensities (P ∗)
for cities globally as follows:

H∗ =
⟨h̄⟩
href

=

qβ√
gD

(
qrefnm√

α
)3/5

=
qβ√
D

(
α
3/10
ref

q
3/5
refn

3/5
m

√
g

)
(18)

P ∗ =
⟨h̄u⟩
huref

=
q

ϕ

1

qref
(19)
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where href is the flood height of an obstruction-less channel with qref = 0.001 m3/s and αref = 0.001. As presented
in Figure 9, flow simulations featuring the same flow rate q show that the flood intensity is governed by porosity at
the urban scale and is independent of order.
We obtain information on extreme events within our twenty cities dating back to the year 2000 to establish a

correlation between our dimensionless parameters and monetary damages that accrue during flood disasters. We
do not consider flooding events that occurred before the year 2000 for a few reasons. Mainly, satellite data for
determining precipitation rates is limited to the past 20 years. Also, due to the ever-evolving nature of urban areas,
flood attributes from past decades may not be representative of the city’s current urban form. The flood data is
extracted from the Emergency Events Database, (EM-DAT), a disaster database distributed in open access by the
Centre for Research on the Epidemiology of Disasters (CRED)[7]. From this database, we extracted event start
and end dates and monetary damage values. These damage values are normalized by the respective country’s gross
domestic product (GDP), which is obtained from the World Bank database [8]. Information pertaining to the flood
events considered in this study is presented in Table II. The H∗ and P ∗ values for each extreme event are determined
using a flow rate estimated by the rational method using the maximum precipitation rate during the entire length of
the respective flooding event, and assuming no infiltration/losses. Precipitation data is obtained from the PERSIANN
(Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks) system, developed by
the Center for Hydrometeorology and Remote Sensing (CHRS) at the University of California, Irvine (UCI)[9].

TABLE I. City-averaged building size (D), bottom slope (α), urban porosity (ϕ), effective chord length (l̄c), and non-
dimensionalized flood inundation (H∗) and flood intensity (P ∗) for twenty cities worldwide. The 90% confidence interval
for all 1 km x 1 km cells in each city is presented. †Building footprint data for this city may not be sufficient.

City-Averaged Urban Data

City D α Φ l̄c H∗ P ∗

1. Los Angeles, CA, USA 11.8714±0.1868 0.1087± 0.0060 0.7814± 0.0034 7.9204± 0.1980 0.1310± 0.0048 1.2893± 0.0061

2. Seattle, WA, USA 10.6872±0.3505 0.1903± 0.0101 0.8188± 0.0060 9.2578± 0.4041 0.0637± 0.0035 1.2271± 0.0102

3. Miami, FL, USA 12.4802±0.3699 0.0232± 0.0051 0.7929± 0.0066 7.8962± 0.5785 0.2584± 0.0198 1.2646± 0.0106

4. Boston, MA, USA 12.9144±0.6431 0.1020± 0.0077 0.7955± 0.0134 7.4236± 0.5149 0.0862± 0.0050 1.2712± 0.0244

5. San Francisco, CA, USA 12.8715±0.5266 0.1975± 0.0169 0.7079± 0.0138 6.4963± 0.6758 0.0867± 0.0066 1.4365± 0.0318

6. New Orleans, LA, USA 13.0017±0.3994 0.0241± 0.0037 0.7838± 0.0095 8.2798± 0.5966 0.2157± 0.0129 1.2863± 0.0172

7. New York, NY, USA 15.8431±0.4455 0.0735± 0.0042 0.7453± 0.0067 6.2814± 0.2755 0.1435± 0.0102 1.3686± 0.0150

8. Chicago, IL, USA 11.4232±0.2520 0.0192± 0.0022 0.7716± 0.0047 8.4677± 0.3353 0.2888± 0.0105 1.3059± 0.0083

9. Virginia Beach, VA, USA 12.0009±0.3607 0.0235± 0.0024 0.8582± 0.0036 11.1898±0.4599 0.1542± 0.0063 1.1667± 0.0051

10. Savannah, GA, USA 13.1552±0.8791 0.0343± 0.0042 0.8475± 0.0089 9.6937± 0.8077 0.1261± 0.0082 1.1839± 0.0141

11. Tampa, FL, USA 12.7369±0.4078 0.0300± 0.0027 0.8448± 0.0042 10.2242±0.5370 0.1423± 0.0071 1.1856± 0.0061

12. London, England 9.4457± 0.3091 0.0651± 0.0038 0.7683± 0.0091 10.9865±0.5618 0.1296± 0.0052 1.3230± 0.0193

13. Tokyo, Japan 8.3577± 0.2582 0.0738± 0.0045 0.6886± 0.0082 8.0967± 0.4121 0.1764± 0.0089 1.4712± 0.0164

14. Houston, TX, USA 13.4555±0.3250 0.0124± 0.0013 0.8174± 0.0043 9.9224± 0.3630 0.2422± 0.0073 1.2285± 0.0068

15. Karachi, Pakistan† 15.1235±0.6797 0.0404± 0.0048 0.7087± 0.0244 6.6960± 0.8191 0.1713± 0.0185 1.4463± 0.0586

16. Mumbai, India† 13.9554±0.5468 0.0688± 0.0071 0.8356± 0.0048 11.0328±0.5470 0.0955± 0.0041 1.2007± 0.0074

17. São Paulo, Brazil 5.7723± 0.1290 0.1214± 0.0042 0.5864± 0.0079 12.1000±0.5458 0.1581± 0.0054 1.7462± 0.0222

18. Jakarta, Indonesia 10.3208±0.1594 0.0312± 0.0015 0.6797± 0.0061 7.4441± 0.2706 0.2840± 0.0120 1.5008± 0.0143

19. Vancouver, Cañada 10.3985±0.3934 0.1069± 0.0066 0.7701± 0.0094 8.6700± 0.6474 0.0979± 0.0053 1.3088± 0.0179

20. Lagos, Nigeria 9.5379± 0.0581 0.0440± 0.0022 0.6922± 0.0067 6.5056± 0.2389 0.2360± 0.0089 1.4743± 0.0145

[1] D. Yamazaki, D. Ikeshima, R. Tawatari, T. Yamaguchi, F. O’Loughlin, J. C. Neal, C. C. Sampson, S. Kanae, and P. D.
Bates, A high-accuracy map of global terrain elevations, Geophysical Research Letters 44, 5844 (2017).

[2] G. Opletal, T. Petersen, B. O’Malley, I. Snook, D. G. McCulloch, N. A. Marks, and I. Yarovsky, Hybrid approach for
generating realistic amorphous carbon structure using metropolis and reverse Monte Carlo, Molecular Simulation 28, 927
(2002).

[3] C. Bousige, A. Boţan, F.-J. Ulm, R. J.-M. Pellenq, and B. Coasne, Optimized molecular reconstruction procedure combining
hybrid reverse Monte Carlo and molecular dynamics, The Journal of Chemical Physics 142, 114112 (2015).

[4] R. L. McGreevy, Reverse Monte Carlo modelling, Journal of Physics: Condensed Matter 13, R877 (2001).
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