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k -clustering

Platform

Weighted graph G = (V , E)

∀x , y ∈ V , w(x , y): shortest path weight between x and y
→ weight: non negative integer
radius(G) = minx∈V maxy∈V{w(x , y)}

Clustering

C k -cluster: C connected subgraph of G, radius(C) ≤ k
x ∈ C is a clusterhead if ∀y ∈ C, there exists a path such that

w(x , y) ≤ k

k -clustering of G: clustering of V into disjoint k -clusters

=⇒ Minimal k -clustering: NP-hard problem
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Clustering definition

For each node P, we define the following values:

NP = {Set of neighbors of P}

MinId(P, d) = min {Q.id : w(P, Q) ≤ d}
MaxMinId(P, d) = max {MinId(Q, k) : w(P, Q) ≤ d}

Clusterhead_Set = {P : MaxMinId(P, k) = P.id}

Dist(P) = min {w(P, Q) : Q ∈ Clusterhead_Set}

Parent(P) =

8<: P.id if P ∈ Clusterhead_Set
min {Q.id : (Q ∈ NP) ∧

(Dist(Q) + w(P, Q) = Dist(P))} otherwise

Clusterhead(P) =


P.id if P ∈ Clusterhead_Set
Clusterhead(Parent(P)) otherwise
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Algorithm Weighted-Clustering structure

Description

11 variables

+ SSLE

26 functions

Memory space O(log n + log k)

15 actions

4 Phases
Leader election SSLE (Self-Stabilizing Leader Election), BFS tree,

rooted at the lowest ID process
Interval 2 phases: MinId and MaxMinId

Clustering k -clusters & trees creation

Model
Shared memory: read/write own variables, read neighbors’
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Simulations, clusterheads
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Simulations, convergence
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Conclusion and Future work

Conclusion
Self-stabilizing algorithm for the k -clustering problem on
weighted graphs
Based only on ID comparison
Low memory consumption
Bad worst cases,. . .
. . . but in “practice” good results

Future work
Reduce dependency towards ID
Improve convergence time
Use a message passing model
Use k -clustering to improve grid middleware deployment,
scheduling
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Thanks for your attention!
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