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not a tabu move, then it automatically becomes an admissible candi­
date; otherwise the move must lead to a new solution better than the
best solution obtained so far (the aspirational criteria).

4. Choose the best admissible candidate and perform the move. This
move leads to a new current solution. This new cur rent solut ion is
designated as new aspirat ional criteria if it improves the cur rent one.
The reverse move (i.e., moving th e area back to the donor region) is
prohibited/tabu during the next R iterations (R is a parameter known
as the length of the tabu list).

5. The algorithm stops if the aspirational criteria have not been improved
during a predefined number of iterations (conv) ; otherwise go to step
2.

Note that the main goal of the local search phase is to improve th e global
heterogeity value at a given scale p. It is during the const ruct ion phase
where the maximum number of regions is created.

Figure 1 contains a simple illustrat ion of th e main components in the
local search phase.

3.3 Assembling the max-p-region algorithm

Finally, in this sect ion we insert the construct ion and local search phases
within an algorithmic structure that seeks to obtain a near optimal and con­
sistent solut ion for the max-p-region model.
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Figure 1: Illust ration of a local search phase
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Pseudocode: M AX-P-REGION

input : (max itr, Ni , Dij , Li , thr eshold, R , conv)
out put: (bestO F,bestSolution,maxp)

bestOF = a
bestSolution = 0
bestSolution = 0
S=0

d o

for c = 1, 2, · · ",maxitr
p, solution = CONSTRUCTION(Ni, Dij , L s, th reshold)
if p > maxp

t h { m axp= p
en S = solution

if p = maxp

then {S = S Usolution
for sol in S

1
of , solution = LOCAL(sol,n; D ij , u ,threshold, R , conv)
if of < bestO F

do {th bestOF = of
e n bestSolution = solution

return bestOF,bestSolution , bestS olution

I
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The algorithm above takes into consideration the following statements:

• The solution obtained with the const ruction phase depends on the way
that the initial seeds where selected during the iterat ions. Since th e
seed for each region is selected at rand om, it is possib le to obtain dif­
ferent feasible solutions if we run the construction phase several t imes.
Thus, repeat ing the construction phase multiple times forces th e al­
gorithm to make a more intensive inspec tion of the feasible solution
set .

• Given that (a) one of the main goals in the max-p-region model is
to maximize the number of regions, (b) the number of regions can
vary if we run the construction phase mult iple times, and (c) the local
search does not modify the number of regions ; th e local search can be
performed aft er generat ing a set of feasible solutions, by running the
construc tion phase multiple times, and for only those solutions with
the maximum number of regions.

4 Calibrat ion of parameters

5 Case of study

6 Conclusions
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