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Recent advances in distributed sensor network technology have
changed the landscape of traffic optimization in which small, mobile
devices are able to sense local information and communicate in real
time with one another. Naive optimization algorithms that operate
solely on the local or global level are inherently flawed, as global opti-
mization requires every local sensor to communicate with a central-
ized base-station, creating prohibitive bandwidth, robustness, and
security concerns, while local optimization methods are limited by
a near information horizon as they are unable to propagate or react
to information beyond their immediate vicinity. This paper inves-
tigates an intermediate approach where individual sensors are able
to propagate congestion information over a variable distance that is
determined in real-time. This strategy consistently out-performs a
naive strategy where every car simply takes the shortest path to its
destination, but does worse than a simpler optimization algorithm
that only incorporates local information. This is most likely because
the intermediate solution directs cars along the same alternate path
when attempting to free a congested area, thus creating new con-
gestion along the detour. The results suggest that local information
might set an upper bound on performance in models of cascading in-
formation. Further work is required to confirm this observation and
develop an algorithm able to join both local and global information
to effectively diffuse traffic around congestion.
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In the last few years, improvements in information and com-
munication technology have dramatically increased our ca-

pability to gather and disseminate data of all kinds. Access to
this new deluge of information raises the question of whether,
how and by whom this information should be used.
These questions are becoming increasingly important to traf-
fic networks where the availability of real-time information is
crucial for traffic planning, management, and the control of
congestion. For example, traffic prediction models are used
every day to devise traffic light schedules (e.g. the SCOOT
or GLIDE systems [1]). These optimization procedures not
only depend on large amounts of computational power but
also crucially depend on the availability of reliable real time
data. Conversely, uncontrolled broadcasting of all data can
deteriorate a system’s performances and raises serious privacy
concerns.
Classically, the main tools for spreading information about
traffic conditions belonged to the domain of signs, radio broad-
casts and physical diversions. This has changed in recent
years as, a progressively larger number of vehicles have become
equipped with in-car guidance systems, such as GPS naviga-
tors. These new devices are able to provide travelers with
informations gathered farther ahead of their planned route.
This real-time feedback introduces highly non-trivial correla-
tions between traffic flow and behavior in areas previously too
far apart to affect each other [2, 3, 4].
The above-mentioned, classical methods for managing infor-

mation are highly centralized: the information gathered from
the network is used to obtain an optimal set of instructions.
It is evident that such systems cannot be robust, as any com-
putational failure at the central level or data acquisition error
at the peripheral level can ultimately affect the set of instruc-
tions sent to the traffic controller.

Fig. 1. NYC Manhattan. The red highlighted section is composed 426 junctions

and' 1426 one-way links. Two one-way links connecting the same pair of junctions

represent a two-way street.

We start from the observation that traffic networks present
strong non-linearities when information is considered [5]. Take
for example the traffic state at one location (be it speed, con-
gestion, or density). Such state defines what information is
sent out. The disseminated information then influences the
traffic flow up to a variable distance, depending on the range
of the communication involved. As the new traffic state forms,
it generates new information. This feedback between informa-
tion flow and traffic means that the simple act of observing
and communicating the state of the system affects its future
behavior.
In this study we couple traffic dynamics with a non-local
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model for information dissemination and compare the perfor-
mances of such a system with local routing strategy. In most
traffic optimization scenarios or routing mechanisms a choice
of length scale for information dissemination is intrinsic . For
example, in purely local routing, travelers are only aware of
their immediate surroundings. Although, local routing mech-
anisms have been shown to perform well, e.g. delaying the
onset of congestion, local methods also make the transition to
congestion more abrupt, as they do not in any way consider
the state of the system beyond the immediate neighborhood.
On the other hand, in (practically unfeasible) global routing
scenarios, each traveler has complete information and makes
decisions accordingly. However, even when fed with reliable
information, global routing scenarios tend to create strong
correlations in the traffic flows and have been shown to per-
form poorly in comparison to local mechanisms [6, 7]. In this
model, the length scale of the information dissemination is
not chosen a priori. Instead, the dissemination radius is al-
lowed to evolve in time and space, depending on the network’s
topology and traffic state. The model was also tested with a
variety of network-types including one based on actual urban
topology (figure 1).

Description of the Model

The traffic network is composed of streets (links) and junc-
tions (nodes) equipped with traffic lights. Junctions are in-
dexed by latin letters (a, b, c, ...), while streets are identified
by an ordered pairs of letters, i.e. the street going from junc-
tion z to junction t is labeled zt. Each link ij can hold a
maximum number of cars Bij and when it is served by the
traffic lights at junction j has a maximum outflow Oij . If a
car tries to turn into an already full link, it is refused entrance
and is stuck at head of its current link. This design represents
spill-over effects and is the main cause for congestion spread-
ing through the network. Junctions are set up as fixed-cycle
lights, serving one incoming link at a time, and junctions are
processed in random order. Each timestep in the simulations
corresponds to one green phase. Turning probabilities at each
junctions are calculated individually for each traveler.
The two key elements are the travelers’ navigation rule and the
information dissemination rule. We assume travelers have a
complete knowledge of the network’s topology. However, they
only have information regarding the congestion on the nodes
neighboring the one they currently reside. Thus, a traveler A
on route to d and currently on node i will choose one of the
links outgoing from i with a probability:

P dij(A) =
βj (1− cASj(t)) /lαijd∑

m∈Γi
βm (1− cASm(t)) /lαimd

, [1]

where βj is the betweenness centrality of node j, cA the com-
pliance of traveler A to the received information and Sj(t)
the state at time t of node j. The quantity lijd is the shortest
path length from i to d going through j and the exponent α
is calibrated on simulation runs with vanishing population in
order to provide meaningful travel times for the travelers. The
denominator just normalizes P dij to obtain a probability. The
state Sj is the quantity that relates the information spreading
with the traffic dynamics. At time t it is given by

Sj(t+ 1) = Θ

nj(t) +
∑
m∈Γj

BjlSl(t)− τ
∑
m∈Γj

Bjl

 , [2]

where τ is a parameter and the Heaviside theta function Θ
takes values Θ(x) = 1∀x > 0 and 0 elsewhere. In eq. 2 the
second term in parenthesis encodes the influence of a node’s
neighbours: if any of the neighbours of j has state S this in-
creases the chances that j itself will have S = 1 at time t+ 1.
In the The states of nodes are updated in two steps:

• first, we look for the nodes that satisfy nj(t) −
τ
∑
m∈Γj

Bjl > 0, which we label primary critical nodes,
as they are the one that change their state independently
of their neighbors’ behaviors;

• we then check whether any of the neighbors of pri-
mary critical nodes satisfy the condition nj(t) +∑
m∈Γj

BjlSl(t) − τ
∑
m∈Γj

Bjl > 0. If we find any,
we set its state to 1 and label it as a secondary critical
node. Every time we find a new critical node, we repeat
the procedure. In this way the same primary critical
node may trigger an avalanche of state changes in the
system, depending on the distribution of populations in
the system and the topology of the network[8, 9]. In-
deed, it is this behavior to allow nonlocal propagation
of the information.

The above rules introduce two timescales to the dynamics,
the shortest relative to the state switching and cascade form-
ing, the longest relative to the travelers’ movement, indexed
by the time stamp t. In a realistic setting, the shortest scale
would represent electronic communications between neighbor-
ing junctions, therefore justifying the separation of timescales
between the information and physical dynamics.
If the second step is skipped, i.e. one does not look for sec-
ondary critical nodes, the state of a node does not propagate
across the system and has thus purely local effects. In the rest
of this paper, we will refer to this as local propagation.

Fig. 2. The primal graph built from the red section of figure 1.
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Simulation Results and Discussion

We simulated different types of networks, both realistic and
abstract. Indeed, it is known that the topology of a network
can in general influence the evolution of the superposed dy-
namical process , e.g. in epidemic spreading[10] or Internet
packet transmission [11]. We are interested in urban traffic
networks, which in their primal representation do not share
the heterogeneity in degree distribution and small-world char-
acteristics of other real-world networks[12, 13].

Fig. 3. a) Distribution of capacities C for single links. The capacity Cij of link

ij corresponds to the maximum number of cars it can hold. Cij s were approximated

by the ratio lij/h between the link length lij and a standard length h ' 5mt,

representing a standard measure for car length plus headway. b) Number of deliv-

ered cars Dtot as function of the forcing rate Nc: the shortest-path routing (red)

systematically delivers less cars than the routing with nonlocal (green) and local

(blue) information dissemination. For local and nonlocal dissemination, the plotted

points correspond to the maximum value of Dtot(τ) at a given Nc (see fig. 4 for

details).

This is mainly due to the spatial and planarity constraints en-
forced by the underlying geometry and the costs involved in
building long links. However, our results turn out to be con-
sistent over the different topologies we studied. As such, we
examine here in detail only the case of Manhattan (shown in
fig. 1) and refer the reader to the Materials for informations

about other network types. From fig. 1 we extracted the
part of street network highlighted and built its primal graph
(fig. 2). The reconstructed network has an average degree
z = 〈k〉 = 3.3 ± 0.8, meaning that the degree distribution is
very narrow and most nodes have either 3 or 4 streets con-
necting to them, as expected from fig. 2. When the most
time is spent passing from one queue to the next, as opposed
to the actual flowing, a good proxy for the capacity Cij of link
ij is its length, lij. We therefore extracted the node to node
distances from fig. 1 and used them to assign capacities to the
different links. Figure 3 shows the distribution of capacities
obtained.
In order to establish the comparison baseline for the local
and non-local information dissemination models, we first ex-
amine the simple shortest-path routing without information.
The rate Nc at which cars are introduced in the system is
our primary indicator. Indeed, we are interested in finding
the lowest value of Nc = Ncong

c for which the shortest-path
routing develops congestion in the system1. The red dots in
figure 3b show the total number of cars that reached their
destination, Dtot, as a function of the rate, Nc, at which cars
are introduced in the system. Already for very low values of
Nc, the shortest path routing alone starts to perform poorly
(Ncong

c ' 5). The explanation is that travelers are completely
unaware of their surroundings and naturally navigate straight
to their destination. Central nodes then are forced to with-
stand a higher traffic and eventually break down, leading to
congestion formation.
The introduction of information should counter this dynam-
ics, allowing stressed nodes to warn their neighbors before
they reach saturation and thus becoming seeds for conges-
tion. The threshold τ is therefore crucial as it plays a role
both in the primary signaling process and in the dissemina-
tion of it. In figure 4 we plot the total number of delivered
cars for the Manhattan network for different values of Nc and
τ . The red color identifies the regions of parameter space that
maximize Dtot. As expected for Nc < 5, both mechanisms re-
produce the results of the shortest-path routing and there is
no dependence on τ as the spreading of information does not
activate. For Nc > 5, τ becomes important. The nonlocal
mechanism is mostly efficient for 0.5 < τnl < 1, while the lo-
cal mechanism for 0.1 < τl < 0.6. Also, both the information
spreading strategies extend the range of Nc ≤ Ncong

c ' 15
for which the traffic network stays fluid, allowing travelers to
reach their destinations.
It is interesting to note that when Nc increases the interval
of effective values of τ shrinks. This can be seen from the
reduction of the red-yellow region in fig. 4. Also, for all Nc
we find τnl ≥ τl. This can be understood by considering the
dynamics of how information cascades. Indeed, in the nonlo-
cal spreading mechanism τ is the threshold for the secondary
critical nodes (see eq.( 2)). Therefore, a low value of τnl does
not only increase the probability for a node to change sta-
tus due to its own population, but also the probability that
a single node can cause large cascades. In the limit τnl → 0,
one car on one node would cause the whole system to switch
to S = 1. For this reason, we find better performances for
higher values of τnl, which allow for both single critical nodes,

1The shortest-path routing regime can be easily reached by setting cA = 0 for all travelers. In
this way the information is completely discarded and thus equivalent to the case of no information.
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small and large cascades. Conversely, in the local information
mechanisms, nodes have no way to steer away incoming cars
as long as they are in their direct neighborhood. Thus, in
order to avoid overloading, they need to keep a larger fraction
of their capacity free, in a sense "protecting" themselves more
from incoming traffic.
To compare the performances of the two spreading mecha-
nisms with the shortest-path baseline, we select ∀Nc the max-
imumDtot and plot them in fig. 3b. Local (blue) and non-local
(green) both outperform by far the shortest-path strategy in
terms of the number of delivered cars, but also as already
seen in fig. 4 shift Ncong

c to higher values. Surprisingly, the
most efficient strategy turns out to be the local one. The plot
shown refers to the Manhattan section, but we consistently
observed the same behavior in the other topologies studied
(see Materials). It is important to notice that the value of
Ncong
c for both the information strategies is very similar, and

so is Dtot(Nc) for Nc < Ncong
c . The main difference is the

shape of the Dtot curves for Nc ≥ Ncong
c : the local strategy,

while reducing its performances, systematically delivers more
cars then the non-local strategy and the shortest-path rout-
ing. How is this possible? Our results paradoxically seem
to suggest that increased access to free2 information can be
detrimental to the system, at both the user and global level.

Fig. 4. The total number of delivered cars Dtot as function of the forcing rate

Nc and the signaling threshold τ for the Manhattan section. The top plot refers to

the non-local information spreading mechanism, the bottom plot to the local one.

To try to resolve the apparent paradox, we study the Funda-
mental Diagram of the network, which represents the flow
through the network as function of the network load den-

sity. In fig. 5 we plot the ratio F/Fmax versus the density
ρ = M∑

i Cij
, where the flow F is defined as the number of cars

that move during one timestep, Fmax is the maximum

Fig. 5. FD relative to SP (red), NonLocal (green) vs Local (blue) at the peak

of delivery section of downtown Manhattan. The slope of the shortest path curve is

' −0.1, while for the local and nonlocal curves is ' −0.2. It might be argued

that the local/nonlocal routing only allow for delivery of a large number of cars in the

beginning but break down suddenly. Actually the FD show that they both permit to

exploit a larger amount of the theoretical flow at the same density.

possible outflow, Fmax =
∑
iOij , and M is the total number

of cars in the network. At any given ρ, the local and nonlo-
cal strategies (blue and green points respectively) allow the
system to exploit much higher flows than the shortest-path
routing, effectively keeping the traffic fluid and letting it flow
around potentially disruptive nodes. However, after the max-
imum at ρ ' 0.25, the slope of the curves is steeper than for
the shortest-path routing, even though they remain above it.
Note that the slope of the curve corresponding to the local
strategy is slightly smaller than the one corresponding to the
nonlocal information strategy. This result suggests a possible
solution to the paradox: although the information dissemi-
nation strategies studied both allow to increase the maximum
flow, they induce correlations that can also hinder the flow[14],
as for example in the case of cars being redirected around a
congested area. The performances of the system depends on
the balance between these two competing factors. The nonlo-
cal information dissemination strategy clearly creates correla-
tions on a longer range than the local one and therefore tend
to break down earlier as observed.
This is supported also by a different analysis. In equation
1 we biased the navigation rule with the betweenness βj , in
order to represent the fact that travelers on the way to their
destination tend to favor central rather than peripheral nodes.
Imagine now to give only to nodes with βj larger than a cer-
tain β0 the capacity to signal. For ease of visualization, let us
consider a 10x10 square lattice network with Nc < Ncong

c and
τ in the range for stability. Fig. 6 shows how the probability

2 In the model, travelers do not have a cost to access the information.
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of developing congestion in a lattice network changes as func-
tion of the fraction of signaling nodes. We see that trimming
the low betweenness nodes does not increase significantly the
probability to develop congestion. Still when only 16 out 100
nodes can signal the probability of congestion is vanishing (red
nodes in the bottom right square of fig. 6). However, when
the inner nodes able to signal are reduced (center square) the
probability grows abruptly and quickly reaches one (top left
square). Indeed, it appears that, to avoid congestion, it is
more important to protect the more important nodes (in our
case high betweenness nodes) than to disseminate the infor-
mation to all the nodes. In particular, the model performs
well as long as the connected core of signaling nodes is able
to communicate and steer away incoming traffic.

Fig. 6. Probability of congestion development as function of the cutoff of nodes

able to signal. The nodes highlighted in red are those that are able to signal, selected

on the basis of their betweenness centrality.

Conclusions

In this paper we introduced a model of decentralized nonlo-
cal information dissemination, with an emergent length scale
coupled to traffic state, and compared it with models with
local or no information. In line with previous results for
global and local routing [6], we show that under the pro-
posed mechanism non-local information performs significantly
better than shortest-path routing without information, allow-
ing the system to sustain a larger flow for higher densities
and increasing the total throughput Dtot. The long range
effects in the traffic flow, introduced by the emergent dis-
semination length scale, allow for effective congestion avoid-
ance by automatically rerouting travelers around congested
areas. However, this turns out to be detrimental to perfor-
mances when the traffic density increases: when information
cascades become too widespread and probable, the traffic is
strongly constrained and the performances decrease. This
solves the apparent paradox of congestion favored by dis-
tributed information: the information cascades allow the sys-
tem to self-organize in order to react effectively for moderate
densities, but when the density increases cascades easily per-
colate through the system and become useless, because all
nodes are critical. Indeed, for the class of propagation models
similar to the proposed one, our results suggest that the lo-
cal routing strategy might be the optimal one at high traffic
densities, as it is the one that better reconciles avoidance of
congested nodes with the shortest correlation lengths in the
traffic.
Outlook.One potential way to further enhance the perfor-
mances of the nonlocal mechanisms might be considering two
different thresholds, one for the primary signaling and one for
the propagation of the signal itself. Although such a setup
would delay the onset of system-wide cascades, there would
still exist a density at which the emergent length scale be-
comes comparable with the size of the system and our argu-
ment regarding local and nonlocal correlations would stand.
From another perspective, it would be interesting to ascertain
whether local information sets an upper bound of the perfor-
mances of this class of information propagation models. Our
future work will focus on these issues.

ACKNOWLEDGEMENTS.The authors would like to ac-
knowledge the support, hospitality and stimulating discussions pro-
vided by the Santa Fe Institute, where most of this work was done.

1. Keong CK (1993) The glide system—singapore’s urban traffic control
system. Transport Reviews.

2. Chowdurym D, Schadschneider A (1999) Self-organization of traffic jams
in cities: Effects of stochastic dynamics and signal periods. Physical
Review E 59:1–4.

3. Nagel K (2002) Traffic networks. Handbook of Graphs and Networks.
VCH Verlagsgesellschaft mbH pp 1–27.

4. Nagel K (1996) Particle hopping models and traffic flow theory. Physical
Review E 53.

5. Yokoya Y (2004) Dynamics of traffic flow with real-time traffic informa-
tion. Physical Review E 69:016121.

6. Scellato S, Fortuna L, Frasca M, Goméz-Gardenes J, Latora V (2010)
Traffic optimization in transport networks based on local routing. Euro-
pean Physical Journal B 73:8.

7. Petri G, Jensen H, Polak J (2009) Global and local information in traffic
congestion. Europhysics Letters 88:1–7.

8. Motter A, Lai Y (2002) Cascade-based attacks on complex networks.
Physical Review E 66.

9. Jensen HJ (1998) Self-organized criticality: emergent complex behavior
in physical and ... p 153.

10. Pastor-Satorras R, Vespignani A (2001) Epidemic spreading in scale-free
networks. Phys. Rev. Lett. 86:3200–3203.

11. Tadic B, Thurner S (2004) Information super-diffusion on structured
networks. Physica A 332:566–584.

12. Hu MB, Jiang R, Wu Y, Wang W, Wu QS (2008) Urban traffic from the
perspective of dual graph. Eur. Phys. J. B 63.

13. Latora V, Crucitti P, Porta S (2006) Centrality in networks of urban
streets. Chaos 16:1–9.

14. Nagel K, Paczuski M (1995) Emergent traffic jams. Physical Review E
51.

15. Tadic B, Thurner S, Rodgers GJ (2004) Traffic on complex networks: To-
wards understanding global statistical properties from microscopic den-
sity fluctuations. Physical Review E 69.

16. Boccaletti S, Latora V, Moreno Y, Chavez M, Hwang DH (2006) Complex
networks: Structure and dynamics. Physics Report 424:175–308.

5



Materials

Topologies. In addition to the Manhattan section in fig. 1,
simulations were performed on Erdós-Rényi graphs, square
lattices and a subsection of the Manhattan network presented.
For the Erdós-Rényi the average degree was set at z ' 4
for comparison with the other networks studied. Each link
was given a capacity C = 30 and outflow S = 15, which
are compatible with realistic networks, as shown in fig. 3a.
Both Erdós-Rényi graphs and lattices showed much larger
Ncong
c ' 60. This was expected since they are more homoge-

neous than realistic networks both in degree distribution and
capacity distributions and it is know that these properties al-
low to support more traffic (at the cost of speed of delivery
however)[15, 16]. The simulations results did not show signif-
icant differences from the ones presented for the Manhattan
network.
OD matrices. Throughout the paper we used random Origin-
Destination matrices for traffic assignment. However, we did
simulate different regimes. As an example, in the case of
Erdós-Rényi graphs, we performed simulations where cars re-
ceived origin and destinations nodes with frequency propor-
tional to the respective nodes. In this way a highly con-
nected node would generate and be selected as destination
by more cars than a low degree node. Results did not change
qualitatively, although as expected the additional traffic on
high degree nodes (which usually occupy central positions in
networks) decreased the rate Ncong

C at which congestion ap-
peared.
Compliance. In equation (1) we introduced the parameter cA,
relative to the compliance of travelers to the information re-
ceived. We performed the simulations under different regimes
(cA = 1, 0.75, 0.5, 0.2). As can be expected, when the com-
pliance of travelers decreases, the threshold τ has to decrease
too since the nodes need to be able to signal more to steer off

the same number of travelers. Conversely when compliance
increases, τ should too. As an example, consider figure 7,
obtained on a subsection of the Manhattan with cA = 1 and
compare it with fig. 4, obtained with cA = 0.75. The effective
signaling areas is shifted to the right in fig. 7.

Fig. 7. Nc-τ plot for nonlocal (top) and local (bottom) information dissemina-

tion strategies for cA = 1.
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