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A word on UrbiSim
� A generic framework for ad hoc

simulation in urban environments
� Mobility of users between spots of

the city section
� Choice of destination based on

social membership
� Based on OpenStreeMap:

� Import streets with specificities
(max speed, unidirectional, etc.)

� Import spots from POI with type and
shape

� Extensions: multimodal
transportations, propagation model

Real-world urban environment
Translation from OpenStreetMap 

XML to UrbiSim XML

Import pathways from streets 

with specificities (max speed, 

unidirectional, etc.)

Import spots from POI with type 

and shape

Generation of additional spots 

(for users home, companies, 

etc.)

Extension to usage of city 

amenities: parkings, bicyle rental 

stations, bus stops, etc.
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Communities in networks

Groups of vertices with a high internal
connectivity, and much sparser links to the
outside of the group.[Girvan and Newman, 2002]

Encountered in many natural and social networks :
� Neural networks, species association
� Friendship, collaboration networks

Also present in wireless communication networks:
� Heterogenous mobility, social interactions of users
� Help scalability of other algorithms with 2-tier network
� Establish interactive/delay-tolerant communications
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Community detection and assessment methods
� Centralized algorithms[Donetti and Muñoz, 2004][Newman, 2004]

� Greedy algorithms using local information
� Few decentralized algorithms[Raghavan et al., 2007][Leung et al., 2009]:

� all based on epidemic label propagation with variations

� accuracy, convergence and dominant community problems

Assessment methods:

� Comparison with pre-existing "natural" assignments
(Jaccard index, variation of information, misplaced nodes)

� Modularity Q: reference used for benchmarks[Newman and Girvan, 2004]

� contained in [−1;1] with > 0 if better than random
� absolute maximum depends on the network
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Neighborhood similarity measure

For every vertices a of a network N , and b ∈ N(a) we
define:

nsim(a, b) = 1− |(N(a) \ N(b)) ∪ (N(b) \ N(a))|
|N(a)|+ |N(b)|

N(a)

N(b)

� Directly implied by the definition of communities:
� neighbor nodes of same community are likely to have many

common neighbors due to high link density
� Help sharpen community detection:

� Normalized measure
� Does not favor high degree nodes
� Can be interpreted as the strength of community membership
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Using neighborhood similarity for detection
� Sharper Heuristic for Assignment of Robust Communities:

C(a) = argmax
c∈C

∑
b∈N(a)/C(b)=c

nsim(a, b)

� Requires access to community id and neighborhood set
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Performance assessment on static networks
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Evloution of Modularity during simulation of algorithms on "karate" network

asynchronous
Leung m=0.1, d=0.05

SHARC

Results over 400 runs
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SHARC

Results over 20 runs on 20 different networks

� SHARC reaches high values of modularity the fastest
� SHARC highest result is the best or close to best
� SHARC presents smaller std. dev.

� resiliency to initialization parameters
� resiliency to network topology changes
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Performance assessment on dynamic networks
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Results over 100 runs on 4 different networks

� SHARC achieves good avg. results, with smaller std. dev.
� SHARC limits the jumbo community effect with reasonable

community size, even at end of simulation
� Wandering community effect still impairs results
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Conclusion and future work

Outcome:

� Proven the validity of our approach (nsim, SHARC)
� SHARC performs sharper community assignment, faster, and is

more resilient to configuration changes

Extensions:
� Weighted networks to search for stable/reliable communities:

� Use link quality as edge weights
� Study under more realistic simulation environments (UrbiSim)
� Use SHARC as building stone for other protocols

� NPO problem, dual interactive/DTN communications
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Thanks for your attention.
Any questions?
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Impact of inter-community degree z-out
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Results over 20 runs on 20 different networks per config. On 128-node network, 4 communities, avg. degree of 16

� Higher z-out means communities are less clear-cut
� SHARC provides equivalent avg. results for low z-out
� SHARC is more efficient when communities are not clear-cut
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