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Abstract. We describe a hybrid agent-based model and sim-

ulation of urban morphogenesis. It consists of a cellular au-

tomata grid coupled to a dynamic network topology. The in-

herently heterogeneous properties of urban structure and func-

tion are taken into account in the dynamics of the system. We

propose various layout and performance measures to catego-

rize and explore the generated configurations. An economic

evaluation metric was also designed using the sensitivity of

segregation models to spatial configuration. Our model is ap-

plied to a real-world case, offering a means to optimize the

distribution of activities in a zoning context.

Keywords. Agent-based modeling, cellular automata, bi-

objective Pareto optimization, evidence-based urbanism, ur-

ban morphogenesis.

1 Introduction

Recent progress in many disciplines related to urban plan-
ning can be interpreted as the rise of a “new urban sci-
ence” according to Batty [7]. From agent-based mod-
els in quantitative geography [17], in particular the suc-
cessful Simpop series by Pumain et al. [30], to other ap-
proaches termed “complexity theories of cities” by Portu-
gali [28], involving physicists of information theory such
as Haken [15] or architects of “space syntax theory” such
as Hillier [18], the field is very broad and diverse. Yet,
all these works share the view that urban systems are
quintessentially complex systems, i.e. large sets of ele-
ments interacting locally with one another and the en-
vironment, and collectively creating a emergent struc-
ture and behavior. Taking into account the intrinsic het-

erogeneity of geographical and urban systems, this view
lends itself naturally to an agent-based modeling and sim-
ulation (ABMS) approach.
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Among the most popular ABMS methods are cellular
automata (CA), in which agents are cells that have fixed
locations on a grid and evolve according to the state of
their neighbors. CA models of urban planning, in particu-
lar the reproduction of existing urban forms and land-use
patterns, have been widely studied, notably by White and
Engelen [39], then analyzed [5, 9] and synthesized [6] by
Batty. A recent review by Iltanen [19] of CA in urban
spatial modeling shows a great variety of possible system
types and applications. They include, for example, “mi-
croeconomic” CA for the simulation of urban sprawl [11],
“linguistic” CA (including real-time rule update via feed-
back from the population) for the measure of sustain-
able development in a fast growing region of China [41],
and one-dimensional CA [26] showing discontinuities and
strong path-dependence in settlement patterns.
In this context, we propose a hybrid model of urban

growth that combines a CA approach with a graph topol-
ogy containing long-range edges. It is inspired by Moreno
et al.’s work [24, 25], which integrates a network dynam-
ics in a CA model of urban morphology. Its goal was to
test the effects of physical proximity on urban develop-
ment by introducing urban mobility in a network whose
evolution was coupled with the evolution of urban shape.
We generalize this type of model to take into account het-
erogeneous urban activities and the functional properties

that they create in the urban environment. This idea
was introduced by White [38] and explored by van Vliet
et al. [36] but, to our knowledge, never considered from
the perspective of physical accessibility and its impact on
sprawl patterns.

The rest of the paper is organized as follows. The
model and indicator functions used to quantify the gener-
ated patterns are explained in Section 2. Next, Section 3
presents the results of internal and external validations
of the model by sensitivity analysis and reproduction of
typical urban patterns. It is followed by an application
to a concrete case, proposing a bi-objective optimization
heuristic of functional configuration based on the rele-
vant objective functions from the validation study. We
end with a discussion and conclusion in Sections 4 and 5.
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2 Model description

2.1 Agents and rules

The world is represented by a square lattice (Li,j)1≤i,j≤N

composed of cells that are empty or occupied (Fig. 1).
This is denoted by a function δ(i, j, t) ∈ {0, 1}, where
time t follows an iterative sequence t ∈ T = τN =
{0, τ, 2τ, ...} [14] with a regular time step τ . Another
evolving structure is laid out on top of the lattice: a
Euclidean network G(t) = (V (t), E(t)) whose vertices V
are a finite subset of the world and edges E (its agents)
represent roads. In the beginning, the lattice is empty:
δ(i, j, 0) = 0, and the network is either initialized ran-
domly (e.g. uniformly) or set to a user-specified configu-
ration G(0) = (V0, E0). In order to translate functional
mechanisms into the growth of a city, we assume that
the initial vertices include a subset formed by city cen-

ters, C0 ⊂ V0, which have integer activities, denoted by
a : C0 → {1, . . . , amax}.

To characterize the urban structures emerging in this
world, we define in general a set of k functions of the lat-
tice, (dk(i, j, t))1≤k≤K , called explicative variables. These
variables are here: d1, the density, i.e. the average δ
around a cell (i, j) in a circular neighborhood of radius ρ;
d2, the Euclidean distance of a cell to the nearest road; d3
the network-distance of a cell to the nearest city center,
i.e. the sum of d2 and edge lengths; and d4, the accessi-

bility of activities (or rather difficulty thereof), written

d4(i, j, t) =

(

1

amax

amax
∑

a=1

d3(i, j, t; a)
p4

)1/p4

(1)

where d3(i, j, t; a) is the network-distance of the cell to the
nearest center with an activity a, and p4 ≥ 1 (typically 3)
defines a p-norm.

A set of weights (αk)1≤k≤K ∈ [0, 1]K is assigned to
these variables to tune their respective influence on what
we define as the net land value of a cell, as follows:

v(i, j, t) =
1

∑

k αk

K
∑

k=1

αk
dk,max(t)− dk(i, j, t)

dk,max(t)− dk,min(t)
. (2)

Houses are preferentially built where v is high, i.e. dk’s
are low. Thus the evolution of the system proceeds in
three phases at each time step: (a) all values v(i, j) are
updated, (b) among the cells that have the best values, n
new cells are randomly chosen and “built” (set to δ = 1);
(c) for each built cell, if d2 is greater than a threshold θ2
(maximum isolation distance), then that cell is directly
connected to the network by creating a new road branch-
ing out orthogonally from the nearest edge.

Network initialization is random (see details in 3.1),
and the selection of new cells is also random among iden-
tical values of v. A sensitivity analysis and model explo-
ration is conducted in the next section to determine the
relative effect of parameters with respect to these sources

Figure 1: Example of urban morphology generated by the
model. Houses (blue squares) were built in some cells of a
56 × 56 lattice. City centers and roads (red edges) compose
the added network. Cell shades (yellow) represent distances
to the built cells (the brighter, the closer).

Figure 2: The hybrid network/grid model. Blue arrows: feed-
back interactions. Red arrows: output evaluation functions.

of randomness. In any case, growth is halted after a con-
stant amount of time T , evaluated from experiments, so
that the final structure is neither “unfinished” nor filling
out the world (see 3.1). Fig. 2 displays the core ABMS
flowchart with feedback interactions between agents.

2.2 Evaluation functions

Once a structure is generated, its properties need to be
quantified so that it can be categorized or compared
to other structures for optimization purposes. To this
goal, we define various evaluation functions, both objec-
tive quantification measures and structural fitness values.
The measures described in this section take into account
all the explicative variables, whose distributions over the
grid are emergent properties that cannot be known in ad-
vance and are therefore essential to monitor.

Morphology To assess the morphological structure of
an urban configuration, we map it onto a 2D metric space
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defined by a pair of global indicators (D, I) called the
integrated density and the Moran index (Fig. 4). The
densityD ∈ [0, 1] is calculated by taking the p-norm (with
exponent pD ≥ 1, typically 3) of the local densities d1:

D(t) =









1
∑

i,j δ(i, j, t)

N
∑

i,j=1
δ(i,j,t) 6=0

d1(i, j, t)
pD









1/pD

(3)

Moran’s I, an index of spatial autocorrelation, is widely
used in quantitative geography [35, 20] to evaluate the
“polycentric” character of a distribution of populated
cells. It is defined by

I(t) =
M2

∑

µ 6=ν 1/dµν

∑

µ 6=ν(Pµ − P )(Pν − P )/dµν
∑M2

µ=1(Pµ − P )2
(4)

where the lattice is partitioned into M ×M square areas,
at an intermediate scale between cell size and world size
(1≪M ≪N), dµν is the distance between the centroids
of areas µ and ν, (Pµ)1≤µ≤M2 denotes the number of oc-
cupied cells in each area, and P is their global average.
We can recognize in this formula the normalized ratio of
a modified covariance (pairwise correlations divided by
distances) and the variance of the distribution. Moran’s
I belongs by construction to the interval [−1, 1], where
values near 1 correspond to a strong monocentric distri-
bution, values around 0 to a random distribution, and
values near −1 to a checkered pattern (every other cell
occupied). Usually, polycentric distributions have rela-
tively small positive I values, depending on the size and
distance between centers.

Network performance Due to the branching nature
of the growth algorithm, the network of roads G cannot
contain any other loops than the ones initially present in
G0. Therefore, notions of “clustering coefficient” or “ro-
bustness” (with respect to node removal) are not relevant
here. On the other hand, since G is intended to simulate
a mobility network, we can evaluate its performance by
defining a relative speed [4] S, representing the “detours”
imposed by G with respect to direct, straight travels:

S(t) =









1
∑

i,j δ(i, j, t)

N
∑

i,j=1
δ(i,j,t) 6=0

(

d3(i, j, t)

e3(i, j, t)

)pS









1/pS

(5)

where pS ≥ 1 (also 3), and e3(i, j, t) is the direct Eu-
clidean distance between cell (i, j) and the nearest city
center over the network, i.e. the one that realizes the value
of d3(i, j, t). Note that S ≥ 1 and is actually higher for
more convoluted networks (thus it is a measure of “slow-
ness”, but we still employ “speed”).

Functional accessibility The global functional acces-
sibility A to city centers is another p-norm (also 3), based

on the relative local accessibility from each cell, which is
d4 over its maximum:

A(t) =









1
∑

i,j δ(i, j, t)

N
∑

i,j=1
δ(i,j,t) 6=0

(

d4(i, j, t)

d4,max(t)

)pA









1/pA

(6)

This normalization puts A in [0, 1] and allows comparing
configurations of different sizes. Like S, “better” urban
configurations are characterized by a lower A.

Economic performance It was shown by Banos [2]
that the Schelling segregation model, a standard ABM of
socio-economic dynamics [33], was highly sensitive to the
spatial structures in which it could be embedded, since
segregation rules depended on proximity. This justifies
the use of this model as an evaluation of economic perfor-

mance of our urban configurations, measuring how much
structure influences segregation. To this aim, we imple-
mented a model of residential dynamics based on the work
of Benenson et al. [10]. The output function is a segre-
gation index H(t) calculated on the residential patterns
that emerge inside a distribution of built patches. For ur-
ban structures produced in a practical case (Section 3.3),
we obtained densities of mobile agents between 0.1 and
0.2. Following Gauvin et al. [13], the phase diagram of
the Schelling model indicates that in such a density range,
tolerance thresholds of 0.4 to 0.8 lead to clustered frozen
states, where the calculation of a spatial segregation in-
dex is indeed relevant. The detailed description of this
economic model is out of the scope of this paper.

3 Results

Our hybrid network/grid model was implemented in Net-
Logo [40]. Plots and charts were created in R [32] from ex-
ported data. Processing of GIS Data (for vectorization by
hand of simple raster data) was done in QGIS [31]. Explo-
ration of the 4D space of explicative variables’ weights αk

was conducted inside the [0, 1]4 hypercube with a linear
increment of 0.2. This created 64−1 = 1295 points, from
(0, 0, 0, 0) excluded to (1, 1, 1, 1) included, via (0.2, 0, 0, 0),
etc. Unless otherwise noted, the output values of the eval-
uation functions were averaged over 5 simulations for each
combination of the αk’s.

3.1 Generation of urban patterns:
external validation of the model

Typical patterns We ran the model on different ini-
tial configurations, in which a few city centers C0 (typ-
ically 4) were randomly positioned on a 56 × 56 lattice,
and their activity values drawn in [1, amax] (both uni-
formly). The initial network G0 was built progressively
and quasi deterministically over increasing distances, by
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Figure 3: Typical patterns obtained from our model, repro-
ducing Le Corbusier’s analysis of “human settlements”. In his
1945 attempt to theorize urban planning, Le Corbusier ana-
lyzed the form of cities by hand and outlined three types of
settlements: radial-concentric cities, linear cities along com-
munication roads, and rural communities. We were able to
reproduce this typology by setting the weights of the ex-
plicative variables of our model to corner values: Top-right :
(αk) = (1, 0, 0, 0), i.e. density-based only. Middle: (0, 1, 0, 0),
i.e. distance-to-road only. Bottom: (0.2, 0, 1, 0), i.e. network-
distance combined with a little density. Left : source [22].

creating isolated clusters and linking them until they per-
colated into one component. The initial grid was empty
(δ = 0 everywhere). Simulations were cut off at 30 iter-
ations (T = 30τ), before the sprawl of urban settlements
reached the square boundaries of the world and started
“reverberating”. Since this artifact occurred the fastest
in a density-driven model, αk = (1, 0, 0, 0), we empirically
assessed T in that case and applied it everywhere.

Different parameter settings generated very diverse
structures. In particular, we observed striking similarities
between the patterns obtained for binary values of αk’s
in some “corners” of the hypercube (one or two measures
dk with weight 1, the others 0), and the fundamental ur-
ban configurations that Le Corbusier had identified in his
1945 analysis of human settlements [22] (Fig. 3).

Classification of structures Using the pair of mor-
phological indicators (D, I) defined above, and by vary-
ing the αk’s, we constructed a 2D map of the dynamical
regimes of our system (Figs. 4-5), in which qualitatively
different morphological “classes” could be distinguished.
The projected locations of urban configurations in this
plane allowed a better understanding and comparison of
their features and growth process. Again, for certain cor-
ner parameter values (all of them 0 except one or two at
1), the results ended up in distinct locations on the map,
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Figure 4: Morphological classification of urban patterns.
Scatterplot in the (D, I) evaluation plane with four typical
structures highlighted. Three of them, despite visual differ-
ences, are relatively close to each other in this space, indicat-
ing that two metrics are not sufficient for a full classification.
The area near the origin corresponds to unfinished patterns,
i.e. which occupy only a small part of the world and cannot be
compared with larger ones. Almost all I values were positive.
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Figure 5: Influence of each explicative variable dk on urban
morphogenesis. Color darkness corresponds to the relative
value of weight αk used during the growth of mapped struc-
tures. Whereas Figs. 4-5 showed distinct classes at expected
locations, this plot displays a rather uniform and chaotic dis-
tribution of high weights for d2, d3, and d4, revealing a perva-
sive role of roads, city centers, and accessibility. Only density
d1 correlates better with its own evaluation function D (a high
influence of density results in low-density patterns), except for
the low-I cluster on the right.
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Figure 6: Statistical distribution of the output evaluations.
For each of the 15 corner points of the 4D hypercube of αk’s
(excluding the origin), we ran 500 simulations from random
initializations of 4 city centers C0. Three resulting distribu-
tions out of these 15 are displayed, each in the form of a his-
togram of evaluation function values, D, S, I, and A, fit-
ted with a Gaussian curve. Green: (αk) = (1, 0, 0, 0), i.e. a
simulation taking into account only the density d1. Yellow :
(0, 1, 0, 0), i.e. Euclidean distance d2 only. Red : (0, 0, 0, 1),
i.e. accessibility d4 only. These three histograms were chosen
for their minimum overlap and clarity of display; the other 17
are similar. The narrow peaks (except one), spread about the
mean by ±10%, attest to the low sensitivity of the model with
respect to the spatial initialization, and validates its internal
consistency. This also allowed us to rely on a smaller number
of runs in our experiments.

which could be relatively well explained. Intermediate
combinations of parameters, however, seemed to project
the structures quite literally “all over the map”, which
might be interpreted as the emergence of chaos in the
system.

3.2 Sensitivity analysis and parameter
space exploration: internal validation

Sensitivity to initial conditions To ensure the va-
lidity of the results, we investigated the sensitivity of the
model to the spatial conditions, the initial set of nodes
C0, estimating in particular the number of repetitions
necessary to obtain statistically meaningful values for the
evaluation functions. If conclusions drawn from one case
were highly susceptible to small changes in the initial lay-
out, then the model would obviously have less significance
than if there was some invariance with respect to abstract
topological features (in particular the distribution of cen-
ters’ activities). The optimization heuristics would have
to be designed very differently in these two cases.
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Figure 7: Assessing the influence of the update scheme on
the morphologies. In the (D, I) classification plane, each point
corresponds to 3 runs of a given combination of αk parameters,
repeated under a sequential (n = 1) and under a parallel (n =
20) update scheme. For each run, the symmetric difference ∆
between the two patterns is computed and its average over the
3 runs is projected on the map. The color of a point highlights
its “significance”, defined as the product of its local density
(clustered points represent more frequent configurations) and
its pattern size, |∆| (large patterns are more significant). The
scattered points indicate that the model is sensitive to the
update scheme for certain parameters. On the other hand, the
concentration of significant points near the origin and D = 0.5
means that corner cases, such as (1, 0, 0, 0), are more robust.

Toward this assessment, we ran a large number of simu-
lations under the same parameter values but starting from
different initial C0 configurations, and collected statistics
on the output. For each of the 15 binary combinations
of αk’s (excluding all zero), standard deviations were cal-
culated over 500 runs. We obtained narrow peak dis-
tributions in most cases, with Gaussian widths typically
at 10% of the mean function value (Fig. 6). In order to
ensure that these were typical widths across the whole pa-
rameter space and not only at the extreme binary points,
we also explored the 80-point grid {0, 0.5, 1}4 with 100
runs per point (except the origin), to assess the relative
spread of distributions in a more representative subspace.
Both studies confirmed that the evaluation functions were
significantly less sensitive to the exact spatial locations
than the parameters and overall topology, and justified
our use of a smaller number of trials in subsequent ex-
periments. Typically, assuming a normal distribution of
width σ = 0.1, we needed n = (2σ · 1.96/0.05)2 ≃ 60
trials to reach a 95% confidence interval of length 0.05,
and 5 trials for a length 0.17. For practical reasons of
computing speed, we chose the latter.
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Sensitivity to update scheme On the other hand,
the emergent urban patterns depended on the number n
of cells filled at every iteration, before land values were re-
calculated at the next iteration, i.e. whether the update
scheme was a sequential (n = 1) or parallel (n > 1).
Building several houses “simultaneously” between two
market reevaluations is consistent with the view that real-
world functions have a response delay, here of the order of
τ . There must be a limit, however, and an intermediate
n must be found to obtain reasonable simulations.

To this aim, we explored the 4D parameter space of the
αk’s as in Figs. 4-5 and ran one sequential update scheme
and one parallel update scheme with n = 20 in each case.
At the end of the simulation, t = T , the two correspond-
ing output patterns δseq and δpar were compared by calcu-
lating their symmetric difference, i.e. the subset of lattice
cells that were built either in one or the other but not
in both: ∆ = {(i, j); δseq(i, j, T ) 6= δpar(i, j, T )}. Then,
these difference patterns ∆ were projected on the same
classification map (D, I) used previously (Fig. 7). The
results showed that for many combinations of parame-
ters, the model’s behavior could be noticeably influenced
by the update scheme, as many difference patterns ex-
hibited a nontrivial structure with high density or high
Moran’s index or both. On the other hand, it exhibited a
stronger invariance for the corner quadruplets of αk’s: in
these cases the ∆’s clustered near the origin and D = 0.5.
Based on this study, we decided to adopt a parallel up-
date scheme with n = 15 built cells per time step in the
remainder of the experiments.

Exploration of parameter space The above two pre-
liminary studies validated the robustness of the model
with respect to the initialization and update scheme, and
helped us choose a reasonable number of runs (about 5)
for each parameter combination, and a adequate degree
of parallelism in the simulations (n = 15). Next, we revis-
ited the αk hypercube (same 1295 points in the partition
of step 0.2), this time calculating the complete charts of
all evaluation functions. Other parameters with a direct
correspondence to the real-world, depending on the scale
adopted, were set to fixed values. For example, the neigh-
borhood radius ρ or the road-triggering distance θ2 were
both equal to 5 cells: this number could represent 50m,
characteristic of a block at the scale of a district, or 500m
for a district in a city, or 5km between cities in a region.

Examples of evaluation surfaces in 2D projection spaces
are shown in Fig. 8. Each function, D, I, S, and A, was
plotted against two parameters out of four, chosen for
their higher “influence” (variations in amplitude) on the
function. The economic index H was not calculated here
(see 3.3). This exhaustive exploration of parameter space
was necessary to gain deeper insight into the behavior of
the model. It also represents a crucial step toward making
computational simulations more rigorous [3].

Altogether, we observed that outputs varied for the
most part smoothly, except Moran’s index which ap-
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Figure 8: Sample surface plots of the evaluation functions.
For each 4D field of evaluation values in the hypercube, we
select two out of four parameters and display the 2D slice cor-
responding to the other two parameters set to (0, 0). Horizon-
tal axes are reoriented in each case to minimize visual clutter.
This exhaustive exploration has an intrinsic explanatory value
(see text), and allows us to predict with some level of confi-
dence how the model responds to certain input parameters.

peared more chaotic. Variations were greater in cases
where one parameter was dominant. For example, the
measures of density D, speed S and (global) accessibil-
ity A all exhibited a significant jump when including
the effect of (local) accessibility d4 in the simulations,
i.e. when transitioning from α4 = 0 to α4 > 0. In par-
ticular, the more activities were influent, the denser the
city became—a nonintuitive emergent effect, compared
to top-down planning alternatives that would try to op-
timize accessibility while keeping density low. Speed,
or rather “sluggishness”, exploded when density was the
only influence on urban sprawl: this confirmed that pure
density-driven dynamics creates anarchic growth, without
concern for network performance.

As for global accessibility, or rather the difficulty
thereof, it was minimal for α4 = 0: an interesting para-
doxical effect suggesting that when individual agents took
into account local accessibility (α4 > 0), a few of them
might have occupied the “best spots” too quickly, signif-
icantly diminishing the others’ prospects. Therefore, at
the collective level, it would be better for everyone to ig-
nore that dimension—an example where competition at
the individual level does not produce the most efficient
system for all. Finally, no meaningful conclusion could
be formulated about the chaotic variations of Moran’s in-
dex, except for its extreme sensitivity to spatial structure.
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Figure 9: Practical application: optimizing the distribution of activities over urban centers. Left : existing master plan of the
Massy Atlantis district: 9 building areas are identified by their centers (black squares). Buildings are color-coded by type of
activity (orange: residential, blue: tertiary). Railroad tracks traverse the upper left corner (light blue strip) and three train
transportation hubs are also represented (green locomotive icons): these are part of the fixed environment. Right : example
of housing configuration obtained after a simulation in which the 9 centers’ activities were initialized to the same values as
their real-world counterpart (red house icons: residential, blue computer icons: tertiary; one of 510 possible distributions).
The evaluation functions of the outcome are (H,A) = (0.067, 0.76), a point close to the Pareto front of Fig. 10 (blue circle).

3.3 Practical example

In this section, we apply our model to the optimization of
activities on top of a real-world urban structure obtained
from a geographic file, as opposed to an randomly gener-
ated, artificial configuration. This type of scenario occurs
in a planning problem where one must decide about the
possible land use of predefined zones.

The practical example under study here concerns the
planning of a new district. It is based on a real-
world neighborhood, Massy Atlantis (Paris metropolitan
area), built in 2012 (Fig. 9). We would like to investi-
gate whether a more efficient planning could have been
achieved. The goal of this exercise is to find an optimal
assignment of two types of activities, “residential” (apart-
ments) or “tertiary” (offices), to the centers of 9 areas
located on a map. The transportation infrastructure is
already in place and the train station is also considered a
center with a fixed, third type of activity. A network of
avenues is laid out and passes through the 9 centers. The
district is initially empty (unbuilt). The particular spa-
tial configuration was automatically imported from a GIS
shapefile, so the computation could be readily applied to
other cases.

Parameters of the model were set as follows: high in-
fluence of activities, α4 = 1, reflecting the fact that ac-
cessibility to home, workplace, and train station are of
special importance to the agents of this district; medium
influence of density, α1 = 0.7, because, not far from Paris,

housing must reasonably fill the available areas; no influ-
ence of road proximity, α2 = 0, since the initial network
is already built and the scale is relatively small; and no
influence of network-distance, α3 = 0, because centers in
this problem are abstract entities representing areas.

For every possible distribution of binary activities over
the 9 areas, excluding the two uniform cases (all resi-
dential or all tertiary), the model was simulated 5 times,
producing a total of (29−2)×5 = 2550 runs. The result-
ing configurations were examined here via a morphologi-
cal projection in the (H,A) plane, instead of (D, I) used
in the previous sections, as we judged it to be a more
meaningful measure of fitness in this application. The
calculation of the economic segregation index H involved
a secondary agent-based simulation on top of the main
urban development model (details not provided here).

Results are shown in Fig. 10. We obtained a Pareto
front of “optimal solutions” trying to minimize both H
and A, while observing that the actual configuration is
not far from being optimal itself, and appears to be a
compromise between accessibility and economic perfor-
mance. After closer examination of the Pareto front and
its vicinity, we found that the distribution of activities
was highly mixed in these points. More precisely, we de-
fined a spatial heterogeneity index of center activities by

λ = amax

∑

c 6=c′

a(c) 6=a(c′)

d(c, c′)−1

∑

c 6=c′ d(c, c
′)−1

(7)
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Pareto plot of configurations

Figure 10: Scatterplot of all configurations in the (H,A) mor-
phological plane. A Pareto front (red circles) is apparent in
the bottom left part of the plot: it corresponds to “optimal”
configurations trying to minimize both H and A objectives.
The real situation (blue circle in H = 0.067, A = 0.76) cor-
responds to Fig. 9 and is not far from this front. Points are
colored according to their level of heterogeneity λ, from low
(black) to high (yellow). More homogeneous configurations
are concentrated in the central cluster, whereas Pareto points
and their neighbors have higher heterogeneity levels. This
lends support to the principle of “functional diversity”, which
is often adopted by city planners today but has never been
backed up by computational simulations.

where c = (i, j) and c′ = (i′, j′) are two centers, d(c, c′)
their Euclidean distance, and a(c), a(c′) their activities.
Points in the scatterplot were colored according to their
level of λ. Highly heterogeneous configurations appeared
in regions of the plot distinct from homogeneous configu-
rations, which were for the most part located in the cen-
tral cluster. Optimal solutions and their neighbors all
corresponded to high heterogeneity. This interesting re-
sult is a step toward evidence-based justification of mixed
land use in planning—a principle often invoked by city
planners but never quantitatively demonstrated.

In conclusion, this case study is encouraging as it pro-
poses a concrete methodology of optimal planning with
respect to criteria that are relevant to a particular situa-
tion. It could be used in a generic way by city planners
for similar challenges, while remaining cautious on the
conditions of its applicability. We discuss this point next.

4 Discussion

The reproduction of typical urban morphologies and the
possible application to a real-world problem shown in the

previous sections indicate that a model like ours can be
useful for evidence-based decision-making in urban plan-
ning. Several questions remain open, however, and would
need further investigation.

Scale of the model One ambiguity of the model is
that it can be applied at different scales, therefore there
is no unique correspondence between its agents and the
real world. As the above results illustrate, the simulated
urban configurations may represent a system of cities at
the macroscopic scale, the neighborhoods of one city at
the mesoscopic scale, or the buildings of one district at
the microscopic scale. Without engaging in an ontolog-
ical debate over levels of abstraction, this could still be
pointed out as a potential issue.

We wish to argue, however, that the multiscale appli-
cability of our model is legitimate as a great number of
urban systems and associated dynamics have been shown
to be “scale-free”, in particular by Pumain [29], and even
to possess fractal properties, by Batty [8]. It means that
scaling laws may also operate in our model, therefore
qualitative results should remained unchanged while the
quantitative evolution of variables and relations should
only depend on the underlying power law’s exponent.

Barthélemy [21] warns that most multiagent urban
models fail because they do not focus on the “dominating”
physical process but, instead, integrate too many aspects
that bear no relevance to the emergent properties of the
system. Following up on this advice, we believe that we
have successfully identified “good” proxies for the domi-
nating processes of urban morphogenesis, namely: urban
density, accessibility to road network, and accessibility to
main functionalities.

Local scope When the model is considered at a meso-
scopic or microscopic scale, another objection could be
that it seems to limit itself to an artificially “closed” ur-
ban system, neglecting important contextual phenomena
such as economic exchanges. Yet, although input and out-
put flows are greatly simplified here, they are still present
in implicit form. Our simulated world is not truly closed,
since newly built houses are associated with a net influx of
resources. Moreover, despite the absence of a direct eco-
nomic force in the growth dynamics (theH index is only a
post-hoc metric), the attractiveness of centers constitutes
a proxy for underlying activity, and a form of interdepen-
dence among urban processes. Finally, other models that
have taken into account the global complex network of
cities [1] have reproduced well-known patterns of urban
systems much like ours.

Therefore, here too, local or global approaches appear
to be equivalent and the modeling decisions and compro-
mises made in each case must be compared. This ques-
tion also ties in with the fundamental issue, contained in
the previous point, of the existence of a “minimal dimen-
sion” for a generalized representation of urban systems.
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The challenge is to understand how universal the depen-
dence between a system and its dimension may be, and if
a generalized minimalist formulation can be constructed.
Speculations toward that ambitious goal have been for-
mulated by Haken [15] through a notion of “semantic in-
formation” linked to properties of attractors in dynamical
systems. This theory, however, has not been quantified,
i.e. neither confirmed nor falsified.

Quantitative calibration The question of the validity
of the model is also linked to the need for a finer quan-
titative calibration based on real patterns, which creates
a dilemma: on the one hand, calibration on the errors of
output function proxies does not influence the formation
of spatial patterns; on the other hand, calibration on the
spatial patterns themselves is too constraining and may
preclude the emergence of other, similar patterns. Pre-
vious works addressing the issue of calibration [23] have
not been conclusive so far.

To revisit this question, we would need to apply our
model at a finer grain of spatial resolution, i.e. a very
large world in terms of data size. In this scenario, it
would be particularly important to keep processing time
under control by reducing computational complexity, for
example through a cache of the network’s shortest paths.
The potential increase in size can also create methodolog-
ical hurdles, not just computational, as a huge amount
of details in the resulting patterns might contribute to
more noise than signal and significantly bias the indica-
tors. One solution would be to create a new operator
extracting the morphological envelope of the generated
pattern, along the lines of an original method proposed
by Frankhauser et al. [12, 34]. Other ways to deal with
noise may involve Gaussian smoothing.

Complex coupling with economic model Our
method of economic evaluation consists of “simple cou-
pling”, i.e. running a secondary agent-based model (the
basis of H’s calculation, not described here) after the pri-
mary urban growth simulation has finished. Another im-
portant direction of research would implement a “complex
coupling” between the two models in the sense proposed
by Varenne [37]: the study of urban sprawl on other time
scales would require the simultaneous and mutually in-
teracting evolutions of the population, the building rents,
and the terrain values. Obviously, this would lead to a
more sophisticated model oriented toward a whole new
set questions, such as the evaluation of long-term rent
policies to foster social diversity.

5 Conclusion

We have proposed a hybrid network/grid model of ur-
ban growth structures, and studied their morphological
and functional properties by simulation. Results showed
that it could reproduce the characteristic urban facts of a

classical typology of “human settlements”, and was also
applicable to a concrete scenario by calculating “optimal”
solutions (in the Pareto sense) to a planning challenge in
an existing zoning context. Our work provide evidence in
favor of the “mixed-use city”, a topic on which literature
is still scarce and future work is needed. This paradigm
is now commonly advocated by city planners, such as
Mangin [22] through his concept of “ville passante” (a
pun on “evolving/flowing/pedestrian city”), and would
require more validation through quantitative results.
Finally, beyond its technical achievements and poten-

tial usefulness as a decision-making tool, our work also
fuels a contemporary debate on the state-of-the-art in
“quantitative urbanism”. Siding with Portugali [27], we
certainly agree that the conception and application of
computational models is a delicate matter, which can lead
to more confusion than explanation if not properly han-
dled and validated. Depending on the scale, a careless
choice of parameter values can produce dubious results.
Yet, we support the idea that quantitative insights are
paramount for a better understanding of urban and so-
cial systems. With the recent explosion in data size and
computing power, evidence-based analysis and solutions
are becoming a real alternative to older attitudes, such as
Lefebvre’s [16], which doubted that scientific approaches
could ever translate or predict the mechanisms of a city.
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tion libérées en Géographie et SHS. PhD thesis, UMR CNRS
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