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Abstract— This article addresses the problem of defining work-
ing and protection paths for Scheduled Lightpath Demands
(SLDs) in an optical transport network. An SLD is a demand for
a set of lightpaths (connections), defined by a tuple(s, d, n, α, ω),
where s and d are the source and destination nodes of the
lightpaths, n is the number of requested lightpaths andα, ω are
the set-up and tear-down dates of the lightpaths. The problem
is formulated as a combinatorial optimization problem where
the objective is to minimize the number of channels required to
instantiate the lightpaths. Two techniques are used to achieve this
goal: channel reuseand backup-multiplexing. The former consists
of assigning the same channel (either working or spare) to several
lightpaths, provided that these lightpaths are not simultaneous
in time. The latter consists of sharing a spare channel among
multiple lightpaths. A spare channel cannot be shared if two
conditions hold: a) the working paths of these lightpaths have at
least one span in common and b) these lightpaths are simulta-
neous in time. In the other cases, the spare channel can be shared.
We propose a Simulated Annealing (SA) based algorithm to find
approximate solutions to this optimization problem since finding
exact solutions is computationally intractable. The results show
that backup-multiplexing improves the utilization of channels but
requires significant computing capacity. Under a fixed computing
capacity budget, the technique is useful in cases where there is
little time disjointness among SLDs.

Index Terms— Scheduled demands, optimization, protection,
simulated annealing.

I. I NTRODUCTION

The ITU has developed standards that define the archi-
tecture of WDM Optical Transport Networks (OTN) [1].
These networks are expected to provide functionality to set-
up, maintain and tear-down optical channels (OCh)1 using
either a management plane [2] or a control plane [3], [4].
Based on this functionality, OTNs can provide services such
as Optical Virtual Private Networks (OVPNs). As an example
of this service, consider the case of an OVPN client company
that requests a set of static lightpaths from the OTN operator
to satisfy its minimal connectivity and capacity requirements.
The client may also request somescheduledlightpaths to
increase the capacity of its OVPN between specific sites
during certain periods, for example, between headquarters and
production sites or between R&D sites during office hours
and between data centers during the night, for the backup
of databases. Finally, the unexpected peaks of traffic could

1Optical Channel (OCh) is the name given by ITU to what is commonly
called a connection or alightpath in the literature. In this paper we adopt the
term lightpath to refer to an ITU OCh.

be borne by dynamically established lightpaths. This example
shows that the services offered by the OTN operator can lead
to three different types of lightpath demands: static, scheduled
and unexpected. We believe that when OTNs will become a
reality, at least for some years, most of the demands will be for
static and scheduled lightpaths. The reason is that the traffic
load in a transport network is fairly predictable because of its
cyclic nature. Figure 1 gives an indication of this phenomenon.
The figure shows the traffic on the link New York - Washington
of the Abilene Backbone Network [5] for a typical week. A
similar cyclic pattern was observed on all the other links of
the network in the same period. It can be argued that what
is observed on a link is not necessarily an indication of the
end-to-end traffic load profile and that the traffic load on a
research network may be very different from the traffic load
on a commercial network. However, the figure is an evidence
of the link between communication among humans using the
network (more intense during working hours), and the network
traffic load.

In this paper we deal with Scheduled Lightpath Demands
(SLDs). An SLD is a demand for a set of lightpaths, repre-
sented by a tuple(s, d, n, α, ω) wheres andd are the source
and destination nodes of the lightpaths,n is the number of
requested lightpaths andα, ω are the set-up and tear-down
dates of the lightpaths. Table I shows an example of a set
of SLDs. Note that a demand forn > 1 lightpaths exists if
the requested rate is higher than the nominal rate of a single
lightpath2.

It may happen that some of the demands in a set of SLDs
are not simultaneous in time (for example, SLDsδ1 andδ3 in

2G.872 defines OCh signals (lightpaths) of 2.5, 10 and 40 Gbit/s.

Fig. 1. Traffic on link New York - Washington of the Abilene Backbone
Network from 4/3/03 to 4/10/03.



TABLE I

AN EXAMPLE OF THREESCHEDULED L IGHTPATH DEMANDS (SLDS) AND

THEIR ASSOCIATED TIME DIAGRAM

No. s d n α ω
δ1 2 8 2 08:00 14:40
δ2 3 7 3 11:00 13:00
δ3 1 6 2 17:00 19:30

δ1

δ2 δ3

00:00
17:0011:00

time14:40

13:00 19:30

Table I). We will show in this paper that thea priori knowledge
of the SLDs’ time-disjointness can be exploited to minimize
the amount of channels3 required to instantiate the demanded
lightpaths. Indeed, a same channel can be allocated to multiple
lightpaths, provided that they are time-disjoint. Clearly, the
more a channel is shared, the smaller the total amount of
required channels is.

Survivability is a critical aspect of transport networks be-
cause of the inherent vulnerability of wire-based transmission
systems and because of the increasing reliance of society
on telecommunications services. Network survivability mecha-
nisms may be classified into two main categories: restoration
and protection. The former includes methods that compute
backup paths and allocate spare resourcesa posteriori for
working traffic affected by a network failure. These methods
are potentially efficient in terms of network resource utilization
since spare resources are allocated only in case of a network
failure. However, it is usually difficult to guaranteebounded
restoration times with them. On the other hand, protection me-
chanisms compute backup paths and allocate spare resources
a priori, which is essential for rapid reconfiguration and,
ultimately, to assure bounded restoration times. Protection is
in general suitable for transport networks, where this type of
guarantees is mandatory.

Figure 2 shows the different types of protection methods.
Span protection methods provide a replacement to a failing
span by allocating resources on a path connecting the end-
points of this span. Path protection methods define a backup
path for each connection affected by the failure between the
endpoints of the connection. Spare resources can be either
dedicated to the protection of a link or span, or shared
among multiple links or paths to protect. Dedicated spare
resource protection methods are simpler than shared protection
in terms of implementation, but less efficient in terms of
resource utilization, which depends on the extent to which
spare resources can be shared. In this paper we propose a
path protection method with shared spare resources for SLDs.

The next section describes the channel reuse and backup-
multiplexing techniques. The section also presents two ver-

3We define achannelas a logical pipe between two physically adjacent
OTN switches. Physically, a channel corresponds to the use of a wavelength
on an optical fiber connecting two switches. A channel is directional,i.e., in-
formation “flows” only in one direction. An optical fiber is also directional in
that all its channels are in the same direction. Aspanis a collection of fibers
connecting two switches. Fibers in an span may have opposite directions.
Moreover, all the fibers in a span are contained into a single cable or duct
and share the same fate in the event of a cut of the cable.
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Fig. 2. Classification of protection methods.

sions of the SLD Diverse Routing problem (SLD DR): SLD
DR without backup-multiplexing (SLD DRA) and SLD DR
with backup-multiplexing (SLD DRB). In Section III we for-
malize both versions of the problem using two combinatorial
optimization problem formulations. We also introduce a metric
used to characterize the time correlation within a set of SLDs.
Section IV describes the problem-specific elements needed to
solve the problems using the Simulated Annealing (SA) meta-
heuristic algorithm. In Section V we experimentally evaluate
the proposed algorithm. Section VI presents our conclusions
and ongoing work.

II. PROBLEM DESCRIPTION

The SLD Diverse Routing problem (SLD DR) is the follow-
ing: given a network and a set of SLDs, define for each SLD a
pair of arc-disjoint paths to be used as working and protection
paths, such that the number of channels (both working and
spare) required in the network to instantiate the demanded
lightpaths is minimized. The problem belongs to the general
class of Routing and Spare Capacity Allocation (RSCA)
problems in connection-oriented networks investigated in nu-
merous papers [6]–[12]. The main difference of SLD DR with
respect to those works is the use of a traffic model based
on SLDs, rather than on static connection demands. In fact,
static connections can be seen as a particular case of SLDs
where all the demands have the same set-up and the same
tear-down dates (i.e., there is no time-disjointness that can be
exploited to reuse channels). From a practical point of view,
SLD DR is different from other RSCA problems in that the
former is relevant in the context of the day-to-day operation
of the network (remember the OVPN example of the previous
section) whereas RSCA with static traffic model is related to
the design and (long-term) planning of the network. To the best
of our knowledge, this is the first time that a RSCA problem
with SLD traffic is investigated.

To simplify the problem, we assume that full wavelength
conversion exists in the switches at the network nodes. Thus,
the wavelength assignment problem becomes trivial since a
lightpath may be assigned any available wavelength on each
arc (defined later) spanned by its defined path.

A first technique that can be used to reduce the number
of working channels consists of assigning a same channel to
as many lightpaths as possible, provided that these lightpaths
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Fig. 3. Two possible routing solutions for the SLDs of Table I.

are not simultaneous in time. We call this techniquechannel
reuse. Figure 3 illustrates how two different sets of working
paths for the three SLDs of Table I lead to different amounts
of required working channels depending on whether channel
reuse is exploited or not. A channel is required for a lightpath
on each arc of its path. Thus, in routing solution 1 (left side),
2 × 4 = 8 channels are required for SLDδ1, 3 × 2 = 6 for
SLD δ2 and2× 2 = 4 for SLD δ3, which totals 18 channels.
In routing solution 2 (right side) only 14 channels are required
because the channels on arcs 1-5 and 5-6 used from 08:00 to
14:00 by the lightpaths of SLDδ1 are reused by the lightpaths
of SLD δ3 from 17:00 to 19:30. The four channels saved in
solution 2 can then be used as part of the pool of resources
used to support unexpected lightpath demands. Besides, clients
that request services in the form of SLDs can be rewarded with
service price discounts.

Channel reuse can also be used to reduce the number of
spare channels required for restoration in case of failure.
However, a more resource-efficient technique calledbackup-
multiplexingcan be used for spare channels. In this technique,
a same spare channel may serve to protect multiple lightpaths
provided that two conditions do not holdsimultaneously: the
involved lightpaths are simultaneous in time and their working
paths share at least one common span. The point is illustrated
in Figure 4: with channel reuse, spare channels can be shared
for protection among multiple lightpaths in cases 1 and 3; with
backup multiplexing, the channels can be shared in cases 1,
2 and 3. Backup-multiplexing is basically a form of channel
reuse but, as we will see in Section V, it is more resource-
efficient than mere channel reuse. The technique is inspired
on an idea originally described in [7]. Depending on whether
backup-multiplexing is used or not, we have two versions of
the SLD DR problem: SLD DRB and SLD DRA , respectively.
In SLD DRA , channel reuse is used to share spare channels.

Note that a channel may serve either as a working channel
or as a spare channel, but not as both.

III. M ATHEMATICAL MODEL

We first present the notations used to formally define the
SLD DRA and SLD DRB problems as combinatorial optimiza-
tion problems.

G = (V,E,w)
is an arc-weighted symmetrical directed graph with vertex
set V = {v1, v2, . . . , vN}, arc setE = {e1, e2, . . . , eL}
and weight functionw : E → R

+. The graph represents a
telecommunications network. The setV corresponds to the
network nodes. An arce ∈ E represents the set of optical
fibers in one direction of an span. Functionw corresponds to
the geographical length or to the cost of the spans (e.g., defined
by the network operator).

U = {(e, e′) | e, e′ ∈ E, s(e) = d(e′), d(e) = s(e′)}
is the set of spans in the network. A span is represented by a
pair of arcse, e′ ∈ E such that the source of one of the arcs
is the destination of the other andvice versa. Hereafter, it is
important to keep in mind the difference between anarc and
a span.

N = |V |, L = |E|, S = |U | = L/2
are, respectively, the number of vertices, arcs and spans inG.
Note that there are exactlyL/2 spans inU .

∆ = {δ1, δ2, . . . , δM}
is the set ofM SLDs, where

δi = (si, di, ni, αi, ωi)
is a tuple representing the SLD numberi; si, di ∈ V are the
source and destination nodes of the demand,ni is the number
of requested lightpaths, andαi andωi are the set-up and tear-
down dates of the demand, respectively.

(G,∆)
is a pair representing an instance of the SLD DR problem.

P = {(x0, x1), (x1, x2), . . . , (xz−1, xz)}
is an ordered set ofz arcs representing apath from x0 to xz.
The (xi−1, xi) ∈ E arcs ofP are all distinct (the paths are
loop-free).

Pk,i, 1 ≤ k ≤ K, 1 ≤ i ≤M
represents thekth alternateworking pathin G from si to di.
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Fig. 4. The four possible cases of time and space disjointness between demands. Channel reuse on the arc a-b is possible in cases 1 and 3. Backup-multiplexing
is possible in cases 1, 2 and 3.

For the purposes of this paper, we compute theK physically
shortest paths for each demand using the algorithm defined in
[13]. However, the paths might be defined according to any
other criterion.

P ′k,i, 1 ≤ k ≤ K, 1 ≤ i ≤M
represents thekth alternatebackup pathin G from si to di.
The pair(Pk,i, P ′k,i) represents thekth couple of arc-disjoint
paths betweensi anddi. Two pathsPka,ia andP ′kb,ib must be
arc-disjoint only if (ka, ia) = (kb, ib). In this paper,P ′k,i is
the kth path computed with the algorithm defined in [13] on
the graphG′ = (V,E′), whereE′ = E\Pk,i.

πaρ,∆ = (Pρ1,1 Pρ2,2 . . . PρM ,M ), ρ ∈ {1, . . . ,K}M
is called anadmissible routing solutionfor ∆. ρ is an M-
dimensional vector whose elements can take a value between
1 andK. An admissible routing solution is fully characterized
by ρ.

πbρ,∆ = (P ′ρ1,1 P ′ρ2,2 . . . P ′ρM ,M ), ρ ∈ {1, . . . ,K}M
is called thebackup solutionassociated toπaρ,∆. An admissible
routing solution has only one associated backup solution.

Π∆ =
{

(πaρ,∆, π
b
ρ,∆), ρ ∈ {1, . . . ,K}M

}
is the set of solution pairs(πaρ,∆, π

b
ρ,∆) for ∆. There are

|Π∆| = KM solution pairs in the set. Hereafter we use the
generic termsolution to refer to either an admissible routing
solution πaρ,∆ or a backup solutionπbρ,∆. We denote this
solution byπρ,∆.

C : Π∆ → N

is the cost function that computes the number of required
channels for a given solutionπρ,∆. If πρ,∆ represents an ad-
missible routing solution,C computes the number of required
working channels. Ifπρ,∆ represents a backup solution,C
computes the number of required spare channels when backup
multiplexing is not used. To formalize the functionC, we
define the following additional notations:

θ = (θij)
is a {0, 1}M×M upper triangular matrix;θij , i ≤ j, indicates
whether the SLDsδi and δj overlap in time(θij = 1) or not
(θij = 0). By definition θii = 1, 1 ≤ i ≤M , andθij = 0 for
i > j. This matrix expresses the temporal relationship between
the SLDs.

β = (βij) = diag(ni)
is the diagonal matrix whereβii = ni, 1 ≤ i ≤ M , i.e., βii
is the number of lightpaths required by the SLDδi.

γπρ,∆ = (γπρ,∆ij )
is a {0, 1}L×M arc-path incidence matrix;γπρ,∆ij indicates
whether arci ∈ E is part of pathPρj ,j in solution πρ,∆
(γπρ,∆ij = 1) or not (γπρ,∆ij = 0). For the sake of simplicity,
we noteγ instead ofγπρ,∆ . This matrix describes the physical
routing of the SLDs for a given solutionπρ,∆.

η = θ · β · γT = (ηij)
is a N

M×L matrix; ηij indicates the number of time-
overlapping lightpaths on arcej between SLDδi and SLDs
δk, ∀ k > i for a given solutionπρ,∆.

Thus, the cost functionC is defined as:

C(πρ,∆) =
L∑
j=1

max
1≤i≤M

ηij . (1)

In Figure 3, the value of functionC is 18 for routing
solution 1 (left-side) and 14 for routing solution 2 (right-side).

A. SLD DRA optimization problem

When backup-multiplexing is not used, we can use function
C to compute both the number of working channels in an
admissible solutionπaρ,∆ and the number of spare channels
in its associated backup solutionπbρ,∆. Thus, the cost of a
given solution pair(πaρ,∆, π

b
ρ,∆) when backup-multiplexing is

not used is given by:



C(πaρ,∆) + C(πbρ,∆). (2)

The SLD DRA problem is formally defined by the following
combinatorial optimization problem:

Minimize: C(πaρ,∆) + C(πbρ,∆), (3)

subject to:

(πaρ,∆, π
b
ρ,∆) ∈ Π∆, (4)

that is, we want to find a solution pair(πaρ,∆, π
b
ρ,∆) in Π∆

that minimizes the number of required working and spare
channels for the set of demands∆. Due to constraint (4),
the working/backup couple of paths for a demandδi has
to be selected among theK couples of paths(Pk,i, P ′k,i)
precomputed for this demand. A practical advantage of using
precomputed paths is that their properties (e.g., geographical
length, number of hops, etc.) can be under direct engineering
and jurisdictional control.

B. SLD DRB optimization problem

We need to define additional notations to describe the SLD
DRB problem.

B : Π∆ → N

is the cost function that computes the number of spare channels
required for backup solutionπbρ,∆ when backup-multiplexing
is used. The following notations are necessary to describe this
function:

∆
πbρ,∆
e = {δi | e ∈ P ′ρi,i}

is the subset of SLDs,∆
πbρ,∆
e ⊆ ∆, whose backup path

contains the arce ∈ E in backup solutionπbρ,∆. For the sake

of simplicity, we note∆e instead of∆
πbρ,∆
e .

Γπ
a
ρ,∆ = (Γ

πaρ,∆
ij )

is a {0, 1}S×M span-path incidence matrix similar toγπρ,∆ .

Γ
πaρ,∆
ij indicates whether at least one of the arcs of spani ∈
U is part of pathPρj ,j (Γ

πaρ,∆
ij = 1) or not (Γ

πaρ,∆
ij = 0) in

admissible routing solutionπaρ,∆. As for γ, we noteΓ instead
of Γπ

a
ρ,∆ .

φ = ΓT · Γ = (φij)
is anNM×M matrix;φij is the number of spans on admissible
routing solutionπaρ,∆ where SLDδi overlaps with SLDδj .

Ge = (∆e, Ee)
is a conflict graphassociated to arce ∈ E for solution pair
(πaρ,∆, π

b
ρ,∆). Each vertex ofGe represents an SLD in∆e.

The edge set is defined asEe = {(δi, δj) | δi, δj ∈ ∆e, θij =
1, φij > 0}, that is, there is an edge between two vertices
if the respective SLDs overlap in time (θij = 1) and the
working paths of these SLDs in solutionπaρ,∆ have at least

one common span (φij > 0). The idea of using a conflict
graph that integrates the time correlation among demands as
part of the “conflict” between demands was initially used in
[14] to solve the Wavelength Assignment problem for routed
SLDs.

A
is a deterministic algorithm that finds aproper coloringfor Ge.
A proper coloring of a graphG = (V,E) is a partition ofV
such that any two vertices of a same class are not connected by
an edge. For the purposes of this paper, we use a polynomial-
time sequential algorithm called Largest-First First-Fit (LFFF).
The algorithm defines a proper coloring with a number of
colorsχ′(G) that approximates the chromatic number4 χ(G):
χ′(G) ≥ χ(G). Finding a proper coloring with exactlyχ(G)
colors in an NP-complete problem.

∆e,i, 1 ≤ i ≤ χ′(Ge)
is the subset∆e,i ⊆ ∆e of SLDs whose vertices inGe have
been colored with colori usingA. χ′(Ge) is the number of
colors used byA to colorGe.

The cost functionB is defined as:

B((πaρ,∆, π
b
ρ,∆)) =

∑
e∈E

κ(Ge), (5)

where,

κ(Ge) =
χ′(Ge)∑
i=1

max
δj∈∆e,i

nj (6)

is the cost ofGe when colored withA. In fact, κ(Ge)
corresponds to the number of spare channels required on arc
e for a given backup solutionπbρ,∆ when backup-multiplexing
is used.

The cost of a given solution pair(πaρ,∆, π
b
ρ,∆) when backup-

multiplexing is used is given by:

C(πaρ,∆) +B((πaρ,∆, π
b
ρ,∆)). (7)

Thus, the SLD DRB problem is formally defined by the
following combinatorial optimization problem:

Minimize: C(πaρ,∆) +B((πaρ,∆, π
b
ρ,∆)), (8)

subject to:

(πaρ,∆, π
b
ρ,∆) ∈ Π∆. (9)

Ideally, we would like A to minimize κ(Ge). On the
other hand, the LFFF algorithm aims at minimizingχ′(Ge).
Though these two objectives are not necessarily equivalent,
we selected the LFFF algorithm because of practical reasons.
The Simulated Annealing (SA) algorithm described in the next

4The minimum number of colors required for a proper coloring ofG.



section evaluates tens of thousands of different solution pairs
(πaρ,∆, π

b
ρ,∆). When solving the SLD DRB problem, a conflict

graphGe must be built and colored for each arce ∈ E of a
backup solutionπbρ,∆. Consequently, algorithmA must have
a low time complexity (which is the case of LFFF) in order to
the SA algorithm to be usable on problem instances of large
size.

C. Characterization of time correlation among SLDs

The time correlation among the SLDs of a set∆ has a
significant impact on the reachable degree of channel sharing
of instances(G,∆) including this set. Indeed, the smaller
the time correlation, the greater the time disjointness and the
greater the possibility of channel sharing. It is thus important
to characterize the time correlation among the SLDs of a set∆
as a way to estimate the degree of channel sharing. We define
a normalized metric of time correlation for this purpose. Let:

ε = (
M⋃
i=1

{αi}) ∪ (
M⋃
i=1

{ωi}) (10)

be an ordered set ofT = |ε| valuesε1 < ε2 < . . . < εT
(T ≤ 2M since(∪{αi}) ∩ (∪{ωi}) 6= ∅) and

Bi = {j ∈ {1, . . . ,M} | [εi, εi+1] ⊆ [αj , ωj ]} (11)

be the set of SLD indicesj such that SLDδj is active (at
least) over time period[εi, εi+1].

The normalized time correlation of a set∆ is given by the
formula5:

τ(∆) =

T−1∑
i=1

∑
j∈Bi:|Bi|>1

nj(εi+1 − εi)

M∑
i=1

ni · (ωi − αi)

. (12)

A value 0 ≤ τ(∆) ≤ 1 close to 0 indicates weak time
correlation among SLDs and a value close to 1, strong time
correlation.

IV. SIMULATED ANNEALING ALGORITHM

A possibility to solve the SLD DRA and SLD DRB problems
is to use a Branch & Bound (B&B) algorithm similar to the
one proposed in [15] to solve the SLD routing (without pro-
tection) problem. However, the exponential time complexity
of the algorithm renders this possibility inapplicable when
dealing with problem instances of large size (in the worst-case,
the KM solutions inΠ∆ are explored). Another possibility
consists of using a meta-heuristic algorithm, such as the Tabu
Search (TS) algorithm proposed in [16] or SA. Meta-heuristics
find approximatesolutions to optimization problems in the

5Note that only index sets with cardinality|Bi| > 1 must be considered
in the formula, since they correspond to time intervals[εi, εi+1] where least
2 overlapping SLDs.

sense that the result is not guaranteed to satisfy the optimality
criterion of the problem under consideration. However, meta-
heuristics are widely used in practice because, in general,
they are able to deal with problem instances of realistic size
and, at the same time, provide solutions with a cost “close
enough” to the optimal one. We observed in [16] that the
cost of the solutions computed with the TS algorithm was, in
the worst case, within 10.08% of the optimal ones computed
with B&B for problem instances withK < 5 andM = 30.
In this paper we propose to use a Simulated Annealing [17]
(SA) algorithm to find approximate solutions to the SLD DRA

and SLD DRB problems. We call SA DRA and SA DRB

the versions of the SA algorithm that solve the SLD DRA

and SLD DRB problems, respectively. We choose SA instead
of TS since we had the opportunity of using parSA [18], a
parallel implementation of SA. The parallelisation provides
a computing capacity that increases (sub)linearly with the
number of used computers. This is an important practical
consideration given the higher complexity of the SLD DRA

and SLD DRB problems when compared to the complexity of
the problem addressed in [14], [16].

SA is a generic algorithm that can be applied to a variety
of optimization problems provided that one can supply three
problem-specific elements: a) an initial solution, b) a cost
function to evaluate the solutions generated by the algorithm
and c) a perturbation procedure to generate a new solution
from a current one. We define these three elements for SA
DRA and SA DRB in the following paragraphs.

Remember from Section III that a solution pair(πaρ,∆, π
b
ρ,∆)

is fully characterized by a vectorρ. Hereafter, we use vector
ρ to refer to the(πaρ,∆, π

b
ρ,∆) solution pair.

We select as initial solution the vectorρ whose components
are all equal to1. The cost functions for SA DRA and SA DRB

are defined in (2) and (7), respectively. Finally, the perturbation
procedure is defined by the following steps:

1) Generate a pseudo-random numberi, uniformly dis-
tributed in the interval[1,M ].

2) Generate a pseudo-random numberj, uniformly
distributed among the elements of the set
{1, . . . ,K}\{ρi}.

3) Generate a new vectorρ′ by replacingρi by j in ρ.
For example, vectorρ = (2, 1 , 1, 3) can be “per-

turbed” according to this procedure and lead to vectorρ′ =
(2, 3 , 1, 3).

An SA algorithm iteratively explores the solution space until
a stop condition is satisfied. ParSA provides a set of control
parameters to implement various stop conditions. For example,
stopping after a given number of iterations or temperature steps
without significant cost improvement or stopping after a given
CPU-time budget is exhausted. We denote the former condition
by IWIS (Iterations Without Improvement Stop) and the latter
by ETBS (Exhausted Time Budget Stop).

A. Time complexity

The only difference between SA DRA and SA DRB is the
cost function. Therefore, if we want to compare the time



complexity of both algorithms we only need to focus on the
complexity of the implementations of (2) and (7). Let us call
these implementationsCa and Cb. The time complexity is
O(LM(log2(M) + 1)) for the former andO(LM(log2(M) +
M)) for the latter6. The complexity ofCb is greater because
of a conflict graph must be built and colored for each arc of
the network.

V. EXPERIMENTAL EVALUATION

The purpose of the experimental evaluation is to compare
algorithms SA DRA and SA DRB in order to characterize the
trade-off between the gain provided by backup-multiplexing
and the computational cost of this technique.

We first describe the parameters common to all the ex-
periments. Figure 5 shows the graphG used for all the
problem instances(G,∆) investigated in this section. The
graph represents a hypothetical US backbone network with
N = 29 nodes andS = 44 spans. For the sets∆, the
source/destination nodes, the number of lightpaths and the set-
up/tear-down dates of the SLDs were drawn from uniform
distributions in the intervals[1, N ], [1, 10] and [1, 1440],
respectively. The set-up/tear-down dates were constrained to
satisfy a target time correlation valueτ(∆). We used the
sequential implementation on Linux (kernel v2.4.18) and the
parallel implementation on Solaris 5.8 of the ParSA library
(v2.2). The former was executed on a PC with an AMD 266
MHz processor and 128 MB of RAM and the latter on a
cluster of 10 Sun Ultra-SPARC 5 computers with 128 MB
of RAM each. The sequential implementation was used in
experiments involving the measurement of execution time (see
below). To avoid interference from uncontrollable resource-
consuming processes, the PC executing this implementation
was configured as a single-user system and was disconnected
from the network.

A first way to characterize the trade-off between gain
and computational cost of backup-multiplexing is to execute
algorithms SA DRA and SA DRB on a same problem instance
using an IWIS condition, that is, running the algorithms
until no significant cost improvement is obtained. With this
condition, SA DRB should compute a solution with cost
(number of channels) lower than SA DRA , but should take a
longer time to complete. For this experiment, we used the se-
quential implementation of the ParSA library with a minimum

6Time complexity analysis is not developed here because of limited space.
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Fig. 5. The graphG considered in the experiments.
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Fig. 6. Average CPU time and number of channels computed by SA DRA
and SA DRB for different values ofM with an IWIS condition.

acceptance ratio7 of 20%, a frozen limit of 5 and a geometric
temperature scheduleTi = ϑTi−1 with constantϑ = 0.9. We
averaged the CPU time and the cost over 5 runs on sets∆
with an increasing numberM of SLDs and a time correlation
of τ(∆) ≈ 0.99. Figure 6 shows the average CPU time and
the average number of channels computed by SA DRA and
SA DRB for sets∆ with different numberM of SLDs using
an IWIS condition. The difference of CPU-time growth rate
between the two algorithms reflects their respective difference
of time complexity. On the other hand, the difference in
number of channels grows less abruptly because it depends
on the gain provided by backup-multiplexing with respect to
mere channel reuse of spare channels, as used in SA DRA .

A typical characteristic of SA (and other local descent
meta-heuristic algorithms) is that most of the improvements
in cost occur during the first iterations of the algorithm and
improvements after this initial phase are relatively seldom.
This sort of Pareto’s law suggests that the algorithm may be
stopped after a small number of iterations and still compute
a solution whose cost is not far from the cost of the best
solution that the algorithm can potentially find. Based on this
idea, we carried out an experiment to compare the cost of
solutions computed with SA DRA and SA DRB using an ETBS
condition, that is, running the algorithms with a limited CPU-
time budget. We generated 40 sets∆ of M = 150 SLDs, 20
of them with a time correlation ofτ(∆) ≈ 0.1 and the other
20 with τ(∆) ≈ 0.9. We fixed the CPU-time budget to 600
seconds (in the previous experiment, the average CPU-time
for the problem instance withM = 150 was of 301.44s for
SA DRA and of 4197.85s for SA DRB).

Figure 7 shows the number of channels computed by SA
DRA and SA DRB for each set∆ and the average number
of channels (dotted lines in the figure) forτ(∆) ≈ 0.1 and
τ(∆) ≈ 0.9. We observe that the number of channels is in
general smaller for sets∆ with weak time correlation (around
1200 for τ(∆) ≈ 0.1) than for sets∆ with strong time
correlation (around1400 for τ(∆) ≈ 0.9). Indeed, the greater

7See the ParSA library documentation [18] for the explanation of these
parameters.
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Fig. 7. Number of channels computed by SA DRA and SA DRB in 600
seconds on example sets∆i of M = 150 SLDs with weak and strong time
correlation.

time disjointness of the former allows a more efficient use
of resources by means of channel reuse. Forτ(∆) ≈ 0.1,
the average number of channels computed with SA DRA and
by SA DRB are almost the same because, for a same CPU-
time budget, SA DRA explores more solutions than SA DRB

and thus, has more opportunities to improve the solutions
cost. SA DRB compensates this disadvantage with the gain
provided by backup-multiplexing. Forτ(∆) ≈ 0.9, the average
number of channels computed with SA DRB is smaller than the
corresponding value of SA DRA because the gain provided by
backup-multiplexing becomes more significant under limited
time disjointness conditions.

VI. CONCLUSIONS

We investigated the problem of defining diverse working
and protection paths for SLDs so that the number of required
channels is minimized. The versions of the problem with
and without backup-multiplexing were described. The problem
was formulated as a combinatorial optimization problem and
an SA based algorithm was proposed to find approximate
solutions. The results show that the gain in cost of SA DRB

with respect to SA DRA increases with the number of SLDs
but the growth rate of this gain is lower than the CPU-time gap
growth rate. For a limited CPU-time budget, the performance
of both algorithms is almost the same. Moreover, the same
relative performance is observed in problem instances whose
sets∆ have different levels of time correlation.

Several aspects of the proposed algorithm need to be inves-
tigated. For example, the gain of the proposed SA algorithms
with respect to simple greedy heuristics or the ratio of spare
to working capacity and the incidence of the time correlation
τ(∆) and the precomputed paths(Pk,i, P ′k,i) on this ratio.

Another aspect that must be further investigated is the
definition of a search-efficient combination of algorithm’s
parameters so that the algorithms can find a solution of lowest
possible cost (hopefully the optimal one) using a limited CPU-
time budget. A first step to achieve this goal is to understand
the structural properties of the solution space of a problem
instance. The solution space can be dominated, for example,
by plateaus of near equal-cost solutions or by a multitude

of attractor basins. Moreover, some properties can be either
particular to a class of instances or general to all the instances
of a problem. In the case of the SLD DR problem considered in
this paper, we need to investigate the incidence of both the time
correlation and the precomputed paths of an instance(G,∆)
on the structure of the instance’s solution space. The incidence
of backup-multiplexing needs to be investigated as well. Un-
derstanding structural properties provides valuable insight to
determine a search-efficient combination of algorithm’s control
parameters, in particular, the type of scheduler, its parameters
and the parallelisation strategy. This understanding can be
also useful to determine if other local descent meta-heuristic
algorithms such as TS or population based algorithms such as
Genetic Algorithms are more suitable to this problem.
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