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Abstract The complete topology design problem of survivable mesh-based trans-
port networks is to address simultaneously design of network topology, working path
routing, and spare capacity allocation based on span-restoration. Each constituent
problem in the complete design problem could be formulated as an Integer Program-
ming (IP) and is proved to be N P -hard. Due to a large amount of decision variables
and constraints involved in the IP formulation, to solve the problem directly by ex-
act algorithms (e.g. branch-and-bound) would be impractical if not impossible. In this
paper, we present a two-level evolutionary approach to address the complete topology
design problem. In the low-level, two parameterized greedy heuristics are developed
to jointly construct feasible solutions (i.e., closed graph topologies satisfying all the
mesh-based network survivable constraints) of the complete problem. Unlike exist-
ing “zoom-in”-based heuristics in which subsets of the constraints are considered,
the proposed heuristics take all constraints into account. An estimation of distribu-
tion algorithm works on the top of the heuristics to tune the control parameters. As
a result, optimal solution to the considered problem is more likely to be constructed
from the heuristics with the optimal control parameters. The proposed algorithm is
evaluated experimentally in comparison with the latest heuristics based on the IP
software CPLEX, and the “zoom-in”-based approach on 28 test networks problems.
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The experimental results demonstrate that the proposed algorithm is more effective
in finding high-quality topologies than the IP-based heuristic algorithm in 21 out of
28 test instances with much less computational costs, and performs significantly bet-
ter than the “zoom-in”-based approach in 19 instances with the same computational
costs.

Keywords Survivable mesh-based network · Network topology design · Heuristics ·
Evolutionary algorithm · Estimation of distribution algorithm

1 Introduction

Mesh-based networks are widely viewed as the kernel network topology for the next
generation networking based on DWDM technology (Grover and Doucette 2001;
Mukherjee 2000). The mesh-survivable network topological design has attracted
much attention since the advent of Sonet and DWDM mesh networks. The surviv-
able network topological design for a mesh-based network mainly involves three
tasks. Firstly, a sparse tree-like network topology should be designed for minimal
link construction cost. Secondly, working traffic demands need to be routed on the
network for minimal traffic routing cost. Finally, spare capacities should be allocated
on a closed (bi-connected) topology for the single-failure protection purpose with
minimal spare capacity allocation cost. Notably, each task (network topology design,
working traffic routing and spare capacity allocation) could be modeled as an integer
programming (IP) problem, which is known to be N P -hard (Kershenbaum 1993;
Sakauchi et al. 1990). As pointed out in Grover and Doucette (2001), whilst there
are many studies focusing primarily on solution to only one of the problems (please
see (Grover and Doucette 2001) for a detailed survey), there is little research that has
been done to address the three tasks simultaneously. The issue to tackle all the tasks
at the same time is known as restorable mesh-based topological design problem as
named in Grover and Doucette (2001). Such an integrated complete problem almost
always poses to be more difficult than any of its constituent task, because it has to
make simultaneous decisions explicitly on network topology, its associated working
path routing and spare capacity placement.

The IP formulation in Grover and Doucette (2001) involves a large amount of
decision variables and constraints. The decision variables’ size is in an order of
O(M4 + M2T ) where M is the size of the network, and T is the size of traffic de-
mands. The size of the constraints is in an order of O(M3 + T 2). It can be seen that
even for a small-size network, the size of the complete design problem could be very
big. It becomes impractical to apply directly the exact algorithms, e.g. branch and
bound, on the network design problems with large sizes. Alternatively, thanks to the
developing of evolutionary algorithms (EAs), we may apply EAs to solve the prob-
lem. However, it again would be impractical, if not impossible, to apply the EAs if
the decision variables of the IP formulation are regarded as the solution’s representa-
tion in the EAs due to the prohibitively large number of variables. In this paper, we
propose a two-level algorithmic approach (Zhang et al. 2007) to handle the difficulty.
In the lower level, two parameterized greedy heuristics, namely the working traffic
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router and the spare capacity allocator, are developed to jointly construct a feasi-
ble solution (i.e., a closed-graph topology with routing for working traffic demands
and spare capacity assignments). The working traffic router aims to find the network
topology and the working traffic routing scheme. The spare capacity allocator refines
the network topology and assigns spare capacities for survivability of the network.
The constraints of the complete problem are taken into consideration in both the
greedy heuristics. The two greedy heuristics work in a sequential order to build a fea-
sible solution: the output of the working path router is the input of the spare capacity
allocator. Since there is no explicit mathematical model to describe the relationship
between the two heuristics, in the upper level, an estimation of distribution algorithm
(EDA) is used to search for optimal parameters of the greedy heuristics. By using the
optimal parameters found in the upper level, corresponding optimal solution to the
complete problem is more likely to be found.

To test the performance of the proposed algorithm, we compare the proposed
algorithm with the heuristic developed in Grover and Doucette (2001) (a heuristic
based on the exact algorithms), and a zoom-in approach presented in Pickavet and
Demeester (2000) on a set of 28 test network instances. The experimental results
showed that the proposed algorithm can find better solutions in 21 out of the 28 test
networks with significantly less computational cost than the heuristic in Grover and
Doucette (2001), and in 19 test networks than the zoom-in approach with the same
computational costs.

The rest of the paper is organized as follows. Section 2 presents the related work
for the network optimization problems by using heuristics and meta-heuristics. Sec-
tion 3 describes the considered complete topology design problem. The parameter-
ized greedy heuristics for feasible solution construction to the complete network de-
sign problem are presented in Sect. 4. Section 5 describes the top-level estimation
of distribution algorithm (EDA) and the proposed algorithm in a whole. The com-
parison results between the proposed algorithm and the latest heuristics proposed in
Grover and Doucette (2001) and Pickavet and Demeester (2000) are given in Sect. 6.
Section 7 concludes the paper.

2 Related work

Many algorithms, including exact methods, heuristics methods and stochastic global
search methods, have been applied to the network topology design problems. They
aim to ensure the designs to be survivable, restorable, and reliable. Previous heuristic
approaches are mainly based on graph perturbation. These algorithms start with a fea-
sible topology and perturb the topology with basic modifications (addition, deletion
or exchange links) such as Branch Exchange method (BXC) (Kershenbaum 1993),
Cut-Saturation Algorithm (CSA) (Chou et al. 1974; Boorstyn and Frank 1977),
MENTOR (Kershenbaum et al. 1991), and so on. Exact methods include Lagrangian
relaxation, gradient optimization procedure (Gavish 1992), and branch-and-bound
algorithm (Jan 1993). However, both heuristics and exact methods aforementioned
have their own disadvantages: the heuristic approaches are more likely to be trapped
in local optima, whilst the exact approaches are only suitable to small or medium
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size problems. Due to the weaknesses of both approaches, as well as strengths and
ever increasing popularity of meta-heuristic approaches, recently, we have witnessed
many meta-heuristics being applied to the survivable network optimization prob-
lems.

In Randall et al. (2002), a simulated annealing (SA) algorithm was applied to
design both a computer communication network and a thrifty single failure protected
network. A recent paper (Taheri and Zomaya 2007) presents an application of SA to
the mobile network design problem. Tabu search (TS) (Glover and Laguna 1998) was
applied to the computer network design (Shen et al. 2005), the LAN design (Pierre
and Elgibaoui 1997), the IP networks designs (Wille et al. 2005), and many others.
In Gil et al. (2006), TS, SA and evolutionary algorithms (EAs) are applied to the
network partitioning problem, and compared against each other. Scatter search and
path relinking (Glover et al. 2000) techniques were also applied to the network design
problems (Álvarez et al. 2003). The greedy randomized adaptive search procedure
(GRASP) has been applied to the network optimization problems, including a wide
area network backbone design problem (Cancela et al. 2004; Faria et al. 2004) and
a power transmission network design problem (Glover et al. 2000). A number of
papers have been published on the network design problems by means of genetic
algorithms (GAs), such as restorable networks (Al-Rumaih et al. 2000; Pickavet and
Demeester 2000), IP networks (Buriol et al. 2007; Wille et al. 2005), wireless network
design (Hsu et al. 2008), and so on. Memetic algorithms (Corne et al. 1999) that
hybridize local search methods with evolutionary algorithms, have also been adopted
to address the design of communication networks (Runggeratigul 2004), wireless
sensor network (Ferentinos and Tsiligindis 2007), and so on. Ant colony optimization
(ACO) (Dorigo et al. 1996), one of the probability-based algorithms, was mainly
applied to routing problems (Anticona and Villegas 2007; Ooubutra et al. 2005).

Among all these approaches for the network design problem, few of them dealt
with the whole problem: to our best knowledge, the complete survivable network
design problem is explicitly considered only in Cinkler et al. (2000), Grover and
Doucette (2001), Pickavet and Demeester (2000). In Cinkler et al. (2000), random-
ized heuristic algorithms, including simulated annealing, tabu search and threshold
accepting, were developed, in which the traffic demands are routed by shortest path
algorithms with randomized alternative allocating and releasing resources for de-
mands of node-pairs. One of the obvious drawbacks is that the proposed algorithms
can be easily get stuck in local optima.

Pickavet and Demeester (2000) attempted to solve the complete problem using
the so-called “zoom-in” approach. In the approach, the solution of the full problem is
obtained through four phases gradually from rough to fine solution. In the first stage,
a genetic algorithm is applied to find a rough network topology based on a simplified
problem formulation. Some constraints are not considered in the simplified problem
formulation. In the second phase, the network topology previously obtained is im-
proved by a hill climbing algorithm, which is also based on the simplified problem
formulation. In the third and fourth phases, simple heuristics are applied to locally
improve the network topology (phase 3) and route the working and space capacity
assignment (phase 4) based on exact problem formulation. The proposed algorithm
can produce near-optimal solutions using modest requirements of time and memory
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as claimed in Pickavet and Demeester (2000). However, since the finding and refining
of the basic network topology are based on the simplified problem formulation where
some detailed constraints are ignored, the overall solution quality may be deteriorated
for some specific problem instances.

In Grover and Doucette (2001), the complete problem is named as mesh topol-
ogy, routing and spare capacity (MTRS). A 0/1 IP formulation of the full MTRS
is first set up. To solve the problem, a three-step approximate solution method was
applied based on a specific hypothesis about the underlying structure of the MTRS
problem. In the steps, unlike the zoom-in approach in which algorithmic search is
applied, Grover et al. attempted to solve the decomposition of the topology, routing
and sparing problems using exact algorithms which are available in the commercial
software CPLEX. In the first step, step “W1”, the working-only fixed charge plus
routing problem (FCR) is solved to find a rough topology graph. In the second step,
step “S2”, an artificial problem, reserved network fixed charge plus spare capacity
problem (RN-FCS), is solved to find some extra links for a restorable network topol-
ogy. Finally, the restricted MTRS problem in which only links found in the first two
steps are considered as the potential links, is solved in step “J3”. For details of the
heuristic please refer to Grover and Doucette (2001). Since the exact algorithms are
adopted, the heuristic is thus very time-consuming for large-size problem instances,
and its applicability is limited to small and medium-size instances. But the heuris-
tic may produce better solutions than that of the zoom-in approach (Pickavet and
Demeester 2000) since it can guarantee exact solutions at each step.

In this paper, we will present a different approach to the zoom-in strategy. In our
approach, a feasible solution to the complete MTRS problem is constructed in two
steps, while the complete problem rather than the simplified subproblems in both the
two steps is taken into account. Parameterized greedy heuristics are developed in the
steps to construct a feasible solution. The estimation of distribution algorithm is used
to tune the control parameters associated with the two greedy heuristics. In terms
of solution quality, the proposed algorithm is of great potential to produce better
solutions since we explore the whole search space in the steps rather than a subset of
the whole search space.

3 Problem description

In this paper, the considered complete mesh1-based transport network topology de-
sign problem can be described as follows:

Given: A weighted graph G = (V,E,D) that represents the network, where V is the
set of nodes with cardinality M = |V|; E is the set of potential links2 among nodes
where the cost of Eij is the Euclidean distance between nodes i and j ; matrix D
represents the set of traffic demands (or flows) on links where Dij gives the size

1The term mesh here refers to networks where there maybe more than one possible route between node
pairs (Grover and Doucette 2001).
2In the rest of the paper, we do not differentiate link, edge and span which is considered to be unidirec-
tional. We also do not differentiate capacity and flow.
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of traffic demands from a source node i to a destination node j . Moreover, Ω , the
edge-to-capacity cost ratio which means that the fixed charge for establishment of a
link (i, j) in the topology graph would be EijΩ , and the cost per unit of capacity
added to an edge is Eij , is given.

Find: A closed (bi-connected) topological network with minimal overall network
cost. The network cost includes the cost of establishing the links (fixed charge) and
the cost of capacities assigned for routing the working traffic demands and spare
capacities for restorability of the network with single failure.

If we denote "ij as the 0/1 decision variable indicating whether the link (i, j) in
the graph exists in the designed network, wij as the capacities allocated for working
demands from node i to j , pij as the spare capacities allocated on the link (i, j) for
protection over single edge failure, then the objective of the complete MTRS problem
is to minimize (cf. Grover and Doucette 2001):

min
∑

(i,j)∈E

{
Fij "ij + cij (wij + pij )

}
(1)

where Fij is the fixed cost for establishing a link from node i to j , and cij is the
incremental cost of adding one unit of capacity to link (i, j). In the remaining of
the paper, we assume Fij = ΩEij and cij = Eij (as it has been done in Grover and
Doucette (2001). Then, the objective function is written as:

min
∑

(i,j)∈E

{
ΩEij "ij + Eij (wij + pij )

}
(2)

subject to the following constraints:

1. Working flow balance constrains: for each demand pair, the total source flow
equals the demand, the total sink flow also equals the demand, no net sourcing
or sinking of flows for the given source-destination (S-D) pair occurs at any other
node.

2. Spare capacity constrains: for each demand pair, the routed spare flow equals to
the traffic flow; the spare flow for a source-destination pair does not pass through
the working path of the pair. The total sink flow also equals to the spare demand,
no net sourcing or sinking of flows for a given spare source-destination pair occurs
at any other node.

Based on the above problem description, a feasible solution of the problem includes a
closed mesh topology network with working and sparing capacities allocated on links
satisfying all the constraints. Note that we do not have constraints on the maximum
capacity that can be transported by each link.

Remark 3.1 Given a set of locations as the network nodes, the links among these lo-
cations will be considered as the potential links, if they can be established. Moreover,
the above problem can be generalized to the design of a survivable legacy network:
in a legacy network with a number of established links, the building costs of these
established links can be set to zero.
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Remark 3.2 In the considered problem, the survivability scheme is assumed to be
span-restoration. That is, a link used in the found topology graph for working traffic
routing are to be protected by a path.

4 Constructive heuristics for the complete MTRS problem

In this section, two parameterized greedy heuristics, namely the working traffic router
and the spare capacity allocator, that are used to construct feasible solutions to the
complete MTRS problem are presented. In the working traffic router, a network topol-
ogy is established through routing the working traffic demands. Spare capacities are
assigned in case of link failures and the network topology is refined in the spare ca-
pacity allocator. Both the two constructive heuristics must satisfy all the constraints.
In brief, we construct solutions to the complete MTRS problem by the working traf-
fic routing and spare capacity allocation, while the network topology is established
during the routing process automatically.

4.1 Working traffic routing heuristic: the working traffic router

Before describing the heuristic, we shall define some notations.

π permutation of the node pairs with traffic demands (i.e. those non-zero elements in
the traffic demand matrix D), where πi,1 ≤ i ≤ n describes the source-destination
node pair, and n is the number of node pairs with traffic demands.

M an m × m matrix, called cost matrix in the following. The weighted graph
(V,E,M) is the basis of working traffic routing. The cost matrix M is globally ini-
tialized (ahead of the routing procedure) to be the establishment cost of the potential
links, i.e., for each link (i, j) ∈ E, Mij =ΩEij .

L a binary m × m matrix, called link usage matrix, which is the organization of
"ij (cf. Sect. 3) for indicating which links are existing in the network topology. Its
elements are initialized to be zero.

W an m × m matrix W, called allocation assignment matrix, which is the organiza-
tion of wij as described in Sect. 3. It is used to record the number of working flows
allocated on the links. The matrix W is initialized to be zero for all elements.

The heuristic algorithm routes the traffic demands listed in the matrix D one by one
in order π of the node pairs. Assume that for traffic demands π1, . . . , πk, (1 ≤ k ≤ n),
a set of working paths WPk = {WPπ1, . . . ,WPπk } have been established. Suppose
that the πk+1-th node pair is (s, d), and its working traffic demands are g, we do
not allocate the whole g working demands once a time, but g1 < g at each time. We
will iterate the routing process until all the g demands are allocated for the S-D node
pair (s, d). This is to make the traffic demands distributed in the network as diverse as
possible, which can increase the possibility of the network survivability. As discussed
in Grover and Doucette (2001), “. . . a mesh network should generally have a degree
of 2.6 to 2.8 or higher because it is above this crossover point that the investment in
spare capacity becomes more and more highly leveraged”. In light of this view, in the
execution of the heuristics, g1 is set to take values from I = {2,3,4,5} (this principle
is also adopted in the spare capacity allocator as to be presented in Sect. 4.2). The
routing of the πk+1-th working traffic demands is as follows.
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– Set ct := 1;
– While Ds,d = g > 0, do:

Step 1): Set the size of the traffic flows f to be routed: if g > g1, set f := g1;
otherwise f := g. Update the flows to be routed g := g − f .
Step 2): Compute the temporary cost matrix M′ as follows:

(1) Set M′ := M.
(2) For each link (i, j) ∈ E, add the cost of the capacities to be routed, i.e. M′

ij :=
Mij + f Eij ;

Step 3): Find a shortest path based on the weight graph (V,E,M′) by using the
Dijkstra algorithm (Cook et al. 1998), the found path will be set as WPct

πk+1
for

the f traffic demands of the πk+1-th node pair.
Step 4): Update the cost matrix M as follows:

(1) If a link, e.g. (i, j) in the found shortest path, has not been used in the previ-
ous working paths WPk , set Lij := 1;

(2) Add α1 percent of the routed capacities’ cost on the links of WPct
πk+1

:

Mij := Mij + f Eij α1, ∀(i, j) ∈ WPct
πk+1

.

Step 5): Update W: if a link (i, j) ∈ WPπk+1 , Wij := Wij + f .
Step 6): Set ct := ct + 1.

– Set WPπk+1 = ⋃ct
i=1 WPi

πk+1
, and WPk+1 = {WPπ1 , . . . ,WPπk+1}.

In the routing procedure, we first set a counter ct to count the routing times of the
traffic demands. At each routing, Step 1) decides the size of the flows to be routed,
the cost to allocate these flows are added to current cost matrix in Step 2) to form a
temporary cost matrix. The shortest path of the S-D pair is found in Step 3) based
on the current weighted graph that induced from the temporary cost matrix. The cost
matrix M is updated with a control parameter α1 in Step 4). The traffic flows are
then assigned on the links of the found path. The used links and the assigned flows
on these links are recorded in matrices L and W, respectively, in Step 5). Step 6)
increases the number of routing counter. The steps from 1)–6) are iterated until all
the c flows are routed. Once all the S-D node pair’s traffic demands are routed, we
obtain the working path. The whole procedure continues until all the node pairs are
routed.

Remark 4.1 Along with the routing process for a S-D node pair, the links of the
shortest path WPct

πk+1
tend to be more weighted. This will force the shortest path

algorithm to find a different path to route the (ct + 1)-th traffic demands, i.e. some or
all the links in WPct+1

πk+1
will be different from the links in WPct

πk+1
. Thus, the traffic

demands of the πk+1-th S-D node pair will be distributed on the network diversely. In
our heuristic, the parameter α1 adopted in Step 4) is used to control the degree of the
diversity. If we route the (ct + 1)-th traffic demands without updating the cost matrix
(i.e. α1 = 0), the number of links to be used in the obtained network topology would
be very small since the same shortest path will be used to route all the traffic demands
of the πk+1-th S-D node pair. On the other hand, if α1 = 1, the routing process will
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intend to use more links. In both cases, the obtained network topology will be far
away from optimal since the average degree of the network topology will be not in
the range of 2.6 to 2.8 or higher, which is discussed to be heuristically optimal in
Grover and Doucette (2001). The use of the control parameter α1 in the range of
(0,1) gives the greedy heuristic the freedom to control the degree of the network
topology for a certain network problem.

Remark 4.2 Apparently, the order of the S-D node pairs will effect the obtained net-
work topology. Different orders of the S-D node pairs will result in different network
topologies. In summary, the control parameters π , g1 and α1 are regarded as the input
of the working traffic routing heuristic. Given a set of control parameters π , g1 and
α1, the network topology will be constructed deterministically, while the matrices M,
W and L will be returned as the output.

4.2 Protective traffic routing heuristic: the spare capacity allocator

Before describing the protection heuristic, again we define some notations as follows:

Mp an m × m matrix, called protective cost matrix. Similar to the M used in the
working traffic routing heuristic, the protective cost matrix is the basis of the
protective routing heuristic. For a link (i, j) ∈ E, Mp

ij = 0 if the link (i, j) is al-
ready in the network obtained from the working traffic routing heuristic; otherwise
Mp

ij = Mij .
Lp an m × m matrix, called protective link usage matrix. Similar to L, it is applied

to record the links used in the network topology for the restoration purpose. It is
initialized to be zero.

Cp an m × m matrix, called protective capacity assignment matrix, which is the
organization of pij (cf. Sect. 3). It is used to record the spare capacities assigned
on the links, and globally initialized to be zero.

According to the problem description, the assigned capacities for working traffic de-
mands recorded in the matrix W are to be routed for the purpose of survivability. Sup-
pose that the number of non-zero elements in W is q (this number could be different
for different W), we denote the order of these non-zero elements as σ = (σ1, . . . , σq).
If we assume the coordinates of the σi -th element are (u, v), then we need to find a
path from the source node u to the destination node v without passing through the
link (u, v). We call these (u, v)’s as the protective S-D node pairs. The same as the
working traffic routing heuristic, the protective traffic routing heuristic routes the as-
signed capacities one by one in the order of σ . Other inputs of the heuristic include
the cost matrix M, the link usage matrix L and the capacity allocation matrix W
derived from the working traffic router.

Assume that the spare capacities have already been assigned for the first k
protective S-D node pairs in (σ1, . . . , σk), and a set of protection paths BPk =
{BPσ1, . . . ,BPσk } have been established. Suppose that the (k + 1)-th protective S-
D node pair w.r.t. σk+1 is (u, v), and the size of the capacities allocated on the link
(u, v) is Wuv = p, the protective traffic routing heuristic works as follows:

– Set a temporary capacity allocation matrix Z := 0 and a counter pt := 1
– While p '= 0, do
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Step 1): Set the size of the traffics to be routed as f : if p > g2, f := g2; other-
wise f := p; Update p := p − f ;
Step 2): Compute a temporary protective cost matrix M′ as follows:

(1) Set the link associated with σk+1 to be infinity, i.e. M′
uv := ∞, which means

that the link (u, v) is not usable.
(2) For a link (i, j) which is different from (u, v), add the cost of the capacities

to be routed, i.e. M′
ij := Mp

ij + f Eij ;

Step 3): Find a shortest path by using the Dijkstra algorithm based on the
weighted graph (V,E,M′). The found path is set as BPpt

σk+1 , the protective rout-
ing path for the f traffic demands of the σk+1-th protective S-D node pair.
Step 4): Update the protective cost matrix Mp and Lp as follows:

(1) If a link e.g. (i, j) in the found shortest path has not been used in the previ-
ous paths BPk , set Lp

ij := 1.
(2) Add the cost of the allocated spare capacities with parameter α2:

Mp
ij := Mij + f Eij α2, ∀(i, j) ∈ BPpt

σk+1
.

Step 5): Update Z: Zij := Zij + f,∀(i, j) ∈ BPpt
σk+1 .

Step 6): Set pt := pt + 1.
– Set BPσk+1 = ⋃pt

i=1 BPi
σk+1

, and BPk+1 = {BPσ1, . . . ,BPσk+1}.
– Set Cp = max(Cp,Z).

The same as in the working traffic routing heuristic, we protect g2 working flows
at each time and iterate until all the traffic flows are routed. The size of flows to be
protected is set in Step 1). The shortest path is found by the Dijsktra algorithm in
Step 3) based on the weighted graph induced from the temporary cost matrix M′

as computed in Step 2). The temporary cost matrix M′ is computed by adding the
cost of the flows to be protected on all potential links, and forbidding the use of the
link to be protected. After routing, we update the protective cost matrix to record the
cost already assigned on the links for the consideration of further routing, and the
protective link usage matrix to record the links that have been used (Step 4).

To make the computation of the spare capacities assigned on the links clear, we
first give an example. Suppose that we need p1 traffic flows for a protective S-D
node pair on a link (i, j), if there are p2 spare flows already assigned on the link,
and p1 < p2, then no more flows on the link (i, j) are required; else if p1 > p2, we
only need to place p1–p2 more spare flows on the link. From the example, we see
that only the maximal number of flows need to be allocated on a link as the spare
capacity. To record the maximum value of the spare capacities assigned on the links,
in our heuristic, the matrix Z is adopted to record the spare capacity allocation for the
protective S-D node pairs. The matrix Cp is then built by taking the maximal value
among all the Z’s, that is, for each link (i, j), Cp

ij = max(Cp
ij ,Zij ).

To optimally protect the working network topology, the spare capacities should be
shared as much as possible to minimize the costs. To this purpose, in our heuristic, a
parameter 0 < α2 < 1 is applied in (2) of Step 4). In case α2 = 0, no new links will
be added in the current network topology. This may result in unfeasible solutions, i.e.
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the network topology is not closed. On the other hand, in case α2 = 1, more links
will be required which will increase the establishment cost of the links. If we adjust
the control parameter α2 in the range (0,1), not only the usage of more links can be
limited, but also the sharing of the spare capacities will be encouraged.

In the protective routing heuristic, the control parameters are g2, α2 and σ . Given
a specific control parameters, the protective link usage matrix Lp and the protective
capacity assignment matrix Cp , will be deterministically obtained.

4.3 Feasible solution construction and evaluation

As we can see from the routing construction process, a solution can be constructed
by using the proposed working and spare traffic routing heuristics given the control
parameters π , σ , g1, g2, α1 and α2. After routing, the working capacities assigned
on the links are recorded in the matrix W, the spare capacities are recorded in the
matrix Cp , and the network topology can be induced from the link usage matrix L,
and the protective link usage matrix Lp . In the constructed solution, the working flow
balance constraints and the spare capacity constraints are automatically satisfied. That
is, for any S-D node pair (s, d), firstly the size of the flows allocated on the links is
exactly Ds,d , and there is no net flows assigned on the nodes; secondly the protective
routing assigns exactly the right traffic flows to protect the working path of the pair
(s, d): there are no net flows, and the protective routing does not pass the working
paths as we forbid the use of these links.

The network cost of the constructed feasible solution can then be computed ac-
cording to these matrices by using Eq. 2. For the sake of convenience, we write the
working traffic router as:

(W,L,M) = wrouter(π,g1, α1),

the spare capacity allocator as:

(Lp,Cp) = srouter(σ, g2, α2,W,L,M),

and the evaluation of the network as:

cost = evaluate
(
W,L,Lp,Cp

)
.

If we ignore the intermediate construction process, we may obtain the network cost
given the control parameters π,σ,g1, g2, α1 and α2 as follows:

cost = HEU(π,σ, g1, g2, α1, α2).

From the description of the heuristics, we see that the spare capacity allocation de-
pends on the network topology obtained in the working traffic routing heuristic. Since
it is not easy to develop a mathematical model for the dependence between these two
heuristics, we propose to apply an evolutionary algorithm to tune the control parame-
ters of the heuristics. The network cost for a set of given control parameters can be
used as the fitness function.
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5 The algorithm

In this section, we first present the estimation of distribution algorithm (EDA) (Lar-
rañaga and Lozano 2002) adopted for tuning the control parameters of the construc-
tive heuristics. Then the proposed algorithm for the complete network design prob-
lem, called probabilistic evolutionary algorithm (PEA), is described in details.

5.1 Estimation of distribution algorithm

EDA (Larrañaga and Lozano 2002) is a relatively new type of evolutionary algo-
rithms (EAs). A typical EDA mainly consists operations of initialization, selection,
modeling, sampling and replacement. The main characteristics of EDAs, which dif-
ferentiate it from the other evolutionary approaches, lie on the mechanism of new
offspring generation: EDAs sample new solutions from a probability model which is
constructed from visited promising solutions, rather than using recombination opera-
tors like crossover and mutation in genetic algorithm. Generally speaking, EDAs can
be summarized as follows:

1. Initialization. A set of S feasible solutions consists of the initial population x(0);
Evaluate solutions in the population. Set t := 0;

2. While (not met stop criteria), do:
3. Selection. Select some promising solutions to constitute the parent set Q(t);
4. Modeling. Construct a probabilistic model p(X; t) according to Q(t);
5. Sampling. Sample some offspring from p(X; t) and evaluate the offspring;
6. Replacement. Replace partially or fully the current population with the offspring

to constitute a new population x(t + 1); set t := t + 1.

In line 1, a set of randomly generated solutions (called “population” in the context of
EAs), which are represented as a permutation of the S-D node pairs in this paper, to
the optimization problem is initialized. Then the search procedure iterates from line 3
to line 6 until stop criteria have been met. The population evolves through modeling
(line 4) and sampling (line 5) based on the extraction of stochastic information from
promising solutions (Selection in line 3). In the following subsections, we describe
the EDA components used for tuning the control parameters in the defined heuristics
one by one.

5.1.1 Probability matrix

Without loss of generality, we assume that x = (x1, . . . , xn) is a permutation of U =
{1,2, . . . , n}, where n is the dimension of x. The size of U is n in the working traffic
router, and q in the spare capacity allocator. The corresponding probability model
p(X; t) at generation t can be organized as an n × n probability matrix H(t), where
Hij (t) denotes the probability that the i-th element of a permutation x is j . The
probability matrix H is initialized to be the same values, that is Hij (0) = 1/n.
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5.1.2 Selection and update of probability matrix

The selection operation used in our algorithm is the truncation selection where half
the best individuals are selected from the population. At generation t , the selected
individuals are used to update the probability matrix H(t). The simple population-
based incremental learning (PBIL) method (Baluja 1994) is applied, that is:

Hij (t) = (1 − β) · 2
S

S/2∑

k=1

Iij (Q
k) + β · Hij (t − 1), 1 ≤ i, j ≤ n; (3)

where Q(t) = {Q1, . . . ,QS/2} is the selected population at generation t , Iij (Q
k) is

the indicator function and defined as follows:

Iij (Q
k) =

{
1, if Qk(i) = j ;
0, otherwise;

and 0 ≤ β ≤ 1 is the learning rate, which controls the contribution of the present
promising solutions to the probability matrix H(t).

5.1.3 Sampling and replacement

An offspring x (a permutation) is constructed iteratively. Suppose that the first k ele-
ments of x have been filled (k = 0 means that we need to create x from scratch), we
denote this partial solution as x = (x1, . . . , xk). The (k + 1)-th element xk+1 is to be
filled as follows:

– Reset the (k + 1)-th column of the probability matrix H(t) by setting Hxi ,k+1(t),
1 ≤ i ≤ k as zero, since these elements are forbidden to be xk+1 for constructing a
feasible permutation.

– Sum the (k + 1)-th column of the probability matrix H(t),

h =
n∑

i=1

Hi,k+1

set hk+1(t) = (Hi1(t)
h , . . . , Hin(t)

h )T ;
– Select an element, e.g. ν, using the roulette wheel method based on hk+1(t), set

xk+1 := ν.

The iteration continues until a full solution is constructed. In our algorithm, we sam-
ple S offsprings from the probability matrix H(t).

The replacement is performed after sampling. To perform the replacement, the
generated offspring are partially replaced with solutions in the current population.
The best S individuals are selected from the combined set of the current population
and the sampled offspring. Note that in order to preserve the diversity of the popula-
tion, duplicates are not allowed in the new population.
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5.2 Tuning the control parameters of the constructive heuristics by the PEA

The proposed PEA is a three-phase approach. In the first phase, the control parame-
ters, α1 and α2 are decided in a greedy way. The optimal orders of the working and
protective S-D node pairs are tuned, respectively, in the following two phases, while
the control parameters g1 and g2 are adapted in the phases.

I. Tuning the parameters α1 and α2.
– One hundred permutations {π1, . . . , π100} for the working traffic routing are first

randomly generated. For each πi,1 ≤ i ≤ 100, to construct a feasible solution,
an order of the protective S-D node pairs σi is randomly created during the spare
routing process. Here we assume α1, α2 ∈ {0.1, . . . ,0.9} and g1 = g2 = 2.

– Select the optimal α1 and α2 as follows:

{α∗
1 , α∗

2} = arg min
α1,α2∈{0.1,...,0.9}

1
100

100∑

j=1

HEU(πi, σi, g1, g2, α1, α2) (4)

II. Tuning the control parameters π .
– Randomly generate S permutations to constitute x(0) = (x0

1, . . . ,x0
N). To eval-

uate these permutations, a set of S permutations σ 0
i ,1 ≤ i ≤ S of the pro-

tective S-D node pairs, c1 = (g1
1, . . . , gS

1 ) and c2 = (g1
2, . . . , gS

2 ) where each
gi

1, g
i
2 ∈ I,1 ≤ i ≤ S, are randomly created. The fitness of the initial popula-

tion x(0) is set as HEU(x0
i , σ

0
i , gi

1, g
i
2, α

∗
1 , α∗

2).
– Set t := 0, SucGen:= 0 and initialize the probability matrix H(0) as described

in Sect. 5.1.1; Select

(π∗, g∗
1 , g∗

2) = arg min
x0
i ,g

i
1,g

i
2,1≤i≤S

HEU(x0
i , σ

0
i , gi

1, g
i
2, α

∗
1 , α∗

2)

where π∗ is the permutation with the smallest cost in x(0).
– While (SucGen < 20 or t < 100), do

∗ Select the best S/2 permutations from x(t);
∗ Update the probability matrix H(t) according to Eq. 3;
∗ Sample a set of permutations y(t) = {y1, . . . , yS} from H(t) (see Sect. 5.1.3).

In evaluating the sampled permutations, randomly generated σ t
i ,1 ≤ i ≤ S,

g∗
1 and g∗

2 are applied.
∗ Select the best S solutions from y(t) and x(t) to constitute the next generation

x(t + 1);
∗ Update g∗

1 , g∗
2 and π∗ as

(π∗, g∗
1 , g∗

2) = arg min
1≤i≤N

HEU(xt
i , σ

t
i , g

∗
1 , g∗

2 , α∗
1 , α∗

2)

∗ If a new best permutation π∗ is found, set SucGen:= 0; otherwise SucGen :=
SucGen + 1;

∗ Set t := t + 1.
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III. Tuning the parameter σ .
– Fix the network topology obtained in Phase II and g∗

1 , α∗
1 , α∗

2 . Note that if we
fixed the network topology, the protective S-D node pairs are uniquely defined.

– Perform the described EDA for searching the order σ of the protective traffic
demands with the following fitness function:

HEU(π∗, σ, g∗
1 , g2, α

∗
1 , α∗

2)

while g2 is updated during the evolution procedure similarly to that in Phase II.
– Set σ ∗ and g∗

2 to be the best settings found by the described EDA.

The best solution is then the one generated by the heuristics with the parameter set-
tings π∗, σ ∗, g∗

1 , g∗
2 , α∗

1 , α∗
2 . Note that we can iterate Phases I and II many times in

order to further improve the qualities of the control parameters. However, due to the
consideration of computational cost, we do not carry out the iteration in our experi-
ments.

6 Computational results

To evaluate the performance of the proposed algorithm, we compared the pro-
posed algorithm with the branch-and-bound-based heuristic developed by Grover
and Doucette (2001) on a set of 28 problems available at http://www.ee.ualberta.
ca/~grover/. The heuristic was reported comparably with the branch-and-bound algo-
rithm (an exact algorithm for IP implemented in CPLEX) for the full MTRS prob-
lem on small-size problem instances, and better than the exact algorithm for medium
and large-size instances where the global optimal solutions cannot be produced by
CPLEX in a reasonable time (6–18 hours). The zoom-in approach by Pickavet and
Demeester (2000) was developed about the same time as Grover and Doucette (2001).
We also compare our algorithm with the zoom-in approach.

The proposed algorithm and the zoom-in approach were implemented in C++ and
all experiments reported were carried out on identical PCs (AMD Athlon 2400 MHZ)
running Linux. To determine appropriate N and β , we carried out the PEA on the test
problem “9n36s1” for β = 0.0,0.1, . . . ,1.0 and N = 20, 40, 60, 80, 100, 120, 150,
200, respectively. We found that the parameter settings N = 100 and β = 0.2 are the
best for the PEA. We adopted these parameters for all the test problems although it
does not mean that they are always appropriate.

To perform a fair comparison, the proposed PEA and the zoom-in approach (called
ZGA in the table) were carried out on each test instances for 10 times. The results are
listed in Table 1. In the table, instance is the name of the test networks. The test prob-
lems used by Grover et al. (Grover and Doucette 2001) are named following some
basic characteristics of the problems. For example, a test network named “9n36s1”
means that the test network has 9 nodes and 36 links, “s1” denotes the structure of
the node locations. Moreover, a certain test network is tested with different edge-to-
capacity cost ratios as shown in Column Ω to simulate different situations in practice.

In the table, wmin, wmax and wavg are used to denote the minimal, maximal, aver-
age cost found by the PGA and the ZGA over 10 runs, respectively. tavg is the average

http://www.ee.ualberta.ca/~grover/
http://www.ee.ualberta.ca/~grover/
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running time of the PEA in seconds. To make a fair comparison with the ZGA, the
average time tavg used by the PGA is used as the stop criterion for the ZGA. More-
over, the best average network costs found by the compared algorithms are typeset in
bold.

The numbers in column MTRScplex are the results listed in Grover and Doucette
(2001) by using CPLEX, where w is the network cost obtained (for some problems,
different experiments were carried out, the best results obtained are listed here; for
some problems, their heuristic cannot find reasonable solutions within the given time
and marked as “−” in the table), tW1+S2+J3 is the whole time (in seconds) used in
Grover and Doucette (2001) including the three-step (W1, S2, and J3) (note that the
problem was solved in Grover and Doucette (2001) by CPLEX 6 MIP solver on a four
× 250 MHZ Sun Enterprise processor running the Sun Solaris Operating System 2.6
with 892 MB of RAM).

In the table, imp.% is defined as (wavg − w)/c ∗ 100. That is, imp.% indicates the
improvement of the average network costs found by the PEA over 10 runs against
the network cost obtained by the MTRScplex . Notice that some imp% values are not
shown since the CPLEX software cannot solve the corresponding test problems in
predefined very-long time (8 hours).

From the table, we can see that in 21 out of 28 instances the PEA finds smaller
costs than those of the MTRScplex . For the other 7 instances, the PEA cannot find bet-
ter solutions, but the deterioration is no larger than 3.5%. Through closer observation,
we notice that in case the edge-to-capacity ratio Ω value is large (especially when the
ratio is lager than 100), the performance of the developed algorithm is much better
than the MTRScplex : the improvement could be up to 17.38%. However, if the ratio
value is small, the performance of the PEA could be worse than the CPLEX-based
heuristic: in case Ω = 5, the solution qualities found by the PEA are not as good
as those of the MTRScplex . One of the possible reasons is that in the test network
instances with small Ω’s, the order of the S-D node pairs may have complex depen-
dency relationships, while the simple EDA modeling used in the PEA cannot perform
well. However, on average, we can claim the proposed algorithm is very competitive
in solving the complete network design problem.

Since the MTRScplex and the PEA have been carried out on different computers,
the comparison of the computational time (shown in Table 1) is not fair. However, it
should not be a surprise to see that the proposed algorithm needs significantly less
time than that of the MTRScplex .

Considering the time complexity of a feasible solution construction in the devel-
oped greedy heuristic, we see that a feasible solution can be constructed in an order
of

O
(

M2
∑

i

∑

j

[⌈Dij

g1

⌉
+

⌈Dij

g2

⌉])

where *x+ is the smallest integer than larger than x. Notice that

∑

i

∑

j

[⌈Dij

g1

⌉
+

⌈Dij

g2

⌉]
≤

⌈
T

g1

⌉
+

⌈
T

g2

⌉
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Fig. 1 The network topology
found for 9n36s1 with Ω = 15
and cost 18308

where M is the size of the network, T = ∑
i

∑
j Dij is the size of the traffic de-

mands. Hence the time complexity to generate a solution in the PEA is in the order
of 2.5M2T since both g1 and g2 are less than five. As a comparison, we see that the
number of variables and constraints in a direct solution of MTRScplex is:

O(M4 + M2T ) + O(M3 + T 2) (5)

Obviously, the time complexity of the exact algorithms, which highly depends on the
problem size, used in Grover and Doucette (2001) is for sure significantly larger than
that of the developed greedy heuristics. Therefore, we can say that the speedup is
mostly due to the algorithmic improvement rather than the computers.

In the comparison between the PEA and the ZGA, the two-tailed t-test is applied
on the experimental results. The ‘p-value’ column in Table 1 lists the p-values of the
t-test. The p-value smaller than 0.05 implies that the difference between the results of
the PEA and the ZGA is significant. From the table, we see that in 19 out of the 28 test
networks, the PEA performs significantly better than the ZGA in terms of solution
quality. In 3 of the test networks, the ZGA is significantly better than the PEA, while
in the rest of the test networks, they perform statistically similar.

From the results, we see that in most cases, the better performance of the ZGA is
achieved when the ratio Ω is bigger than 100. Moreover, the ZGA achieves a similar
worse performance as the PEA against the MTRScplex when the ratio is small. We
can then conjecture that the networks with big ratio Ω have local structures that are
easy to be exploited, which enables the success of the local search in the zoom-in
approach. As a conclusion, we can claim that the PEA performs better than the ZGA
on average.

In Figs. 1 and 2, two examples of the network topologies found by the PEA with
smaller cost than those of the MTRScplex are shown with capacities assigned on the
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Fig. 2 The network topology
found for 9n36s4 with Ω = 15
and cost 18765

Fig. 3 Evolution of the average
of the lowest network costs
against generations for test
network 9n36s1 and 9n36s2

links (for example, 12w5p means that 12 units of capacities and 5 units of spare
capacities are assigned on the link). Bold links indicate the found optimal network
topologies. Figure 3 demonstrates the evolution procedure of the PEA in searching
for two network instances 9n36s1 and 9n36s2, respectively. From Fig. 3, we see that
there are significant decreases during the evolution between the phases for tuning π
and σ .

7 Conclusion

The problem of simultaneously optimizing mesh-restorable topology, routing, and
sparing in a network design involves a large number of decision variables and con-
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straints and is proved to be N P -hard. For this reason, most existing heuristics in
literature adopted a zoom-in approach: the full problem is split into several simpli-
fied subproblems, and the search is from rough to fine solutions. This paper presents a
different approach in which the routing and sparing are optimized separately. All the
constraints must be satisfied in both processes. A two-level evolutionary approach
is applied to search for the optimal solutions. The proposed algorithm was com-
pared with the latest heuristic based on CPLEX by Grover and Doucette (2001), and
a zoom-in approach by Pickavet and Demeester (2000). The computational results
show that the proposed algorithm outperforms the heuristic based on CPLEX in 21
test problems out of 28 in terms of solution quality with significantly less computa-
tional time, and outperforms the zoom-in approach in 19 test problems.

In the future, the two-level algorithmic structure shall be evaluated further. In par-
ticular, we shall investigate the effectiveness of the proposed two-level algorithmic
structure to other hard optimization problems, especially those optimization problems
that classical evolutionary algorithms may not handle well due to a large number of
decision variables involved. Moreover, as we observed in the experiments that simple
EDA cannot perform well for network instances with complex dependencies among
the order of the S-D node pairs, we will investigate the application of high-order
EDAs and/or ant colony optimization methods to this problem in the future.
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