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Abstract

Work on traffic grooming in mesh networks considered
several traffic models: static traffic model, dynamic random
traffic model, incremental traffic model, and traffic matrix
set model. While these different traffic models are valid and
useful in many circumstances, they are not able to capture
the traffic characteristics of applications that require ca-
pacity during specific timeintervals. In thiswork, we argue
for a general scheduled traffic model called diding sched-
uled traffic model. In this model, the setup time ¢, of a de-
mand whose holding timeis 7 time unitsis not known in ad-
vance. Rather ¢, is allowed to begin in a pre-specified time
window [ £, r] subject to the constraintthat ¢ < ¢, <r — 7.
The model is useful for service provisioning to many ap-
plications when fully dynamic speedy provisioning is still
not widely available or deployed at least in the near fu-
ture. We then propose efficient traffic grooming algorithms
(time window based algorithm and traffic matrix based al-
gorithm) under such a traffic model. Smulation results and
comparison with a customized tabu search scheme show
that the proposed algorithms are effective in meeting de-
mand specifications and reducing total network resources.

1. Introduction

Applications differ considerably in their bandwidth re-
quirements. For example, command and control systems
might require a smaller amount of bandwidth while a high-
resolution video conferencing application might call for a
much larger amount of bandwidth. Many applications re-
quire much less bandwidth than a full wavelength can of-
fer. Occupying a full wavelength for a few megabytes of
data results in very poor utilization of network resources.
On the other hand, wavel ength channels operate at the peak
€l ectronic speed, making it extremely expensiveto el ectron-
icaly process traffic on all wavelengths and fibers going

through aswitch. Therefore, wavel ength division multiplex-
ing (WDM) systems employ optical add/drop multiplexers
(OADMs) which alow a wavelength to either be dropped
at a node or optically bypass the node's electronics. Traf-
fic grooming [1] is construed as a multiplexing mechanism
by which low-rate traffic streams can be appropriately ag-
gregated and assigned to wavelength channels with the ob-
jective of efficiently utilizing network resources and mini-
mizing the cost of electronic processing in the network.

Much of today’s physical layer network infrastructure
(e.g., metro networks) has been built with ring topologies
using ADMs to add/drop wavelengths and/or tributary cir-
cuits. For example, ADMs, potentially one for each wave-
length at each node in SONET/WDM networks, are capa-
ble of aggregating lower-rate SONET signals into a single
higher-rate SONET stream. Much previous work on traf-
fic grooming has been done in simple networks (e.g., ring,
gtar, torus) [1]. The goa was to minimize the number of
ADMs, or in addition to minimization of number of ADMs,
to minimize the number of wavelengths used given (1) a
static set of traffic demands consisting of low-rate circuits
between source and destination node pairs; or (2) a dynam-
ically changing traffic model.

Current and future WDM networks are increasingly ar-
ranged in general mesh topologies. Indeed, much recent
work has focused on grooming traffic in mesh networks,
see [2-17] for examples. Existing work on traffic groom-
ing has considered several types of traffic model: static traf-
fic model, dynamic random traffic model, incremental traf-
fic model, and traffic matrix set model. In the static traf-
fic model, all capacity demands are known in advance and
do not change over time. For instance, a client company
may request virtual private network capacity for connectiv-
ity among different company sites from a service provider.
Theobjectiveistypically to minimizethe network resources
needed, e.g., the amount of line terminating equipment
(LTE), e.g., ADMs, or, in general, the number of ports (see
[10,12,14,17] for examples), or to maximize the network
throughput given a resource constraint (see [7] for exam-



ple). Thismodel doesnot allow dynamic call setup and tear-
down. In the dynamic random traffic model, a demand is
assumed to arrive at a random time and last for a random
amount of time. Usually statistical models are used. These
models assume certain arrival statistics (e.g., Poisson pro-
cess) and lasting time (e.g., exponential distribution) for de-
mands, aswell as a certain traffic distribution (e.g., uniform
traffic). The design objective is typically to minimize the
percentage of blocked traffic (see [6] for examples). Other
traffic models have been considered for network planning
and configuration. The work in [18] on multi-period net-
work planning was based on an incremental traffic model
and conducted network planning across several yearsto pro-
ducing incrementally a network capable of carrying all traf-
fic predicted up to the end of the planning horizon. The
work reported in [19] considered time-variant offered traf-
fic in the form of a set of traffic matrices at different in-
stants for off-line configuration so as to accommodate such
time-varying traffic. The work in [2] also used a set of traf-
fic matrices to design and dimension aWDM mesh network
to groom dynamically varying traffic.

While these different traffic models are valid and useful
in many circumstances, these models are not able to cap-
turethetraffic characteristics of applicationsthat requireca
pacity during specific time intervals. For instance, a client
company may reguest some scheduled demands for band-
width from a service provider to satisfy its communication
requirements at a specific time, e.g., between headquarters
and production centers during office hours or between data
centers during the night when backup of databases is per-
formed and so on. Other examples include many US De-
partment of Energy large-scale science applications (e.g.,
applications in high energy physics, climate data and com-
putations, astrophysics, etc) that must deliver, at sched-
uled time durations, hundreds of Gbps throughput between
two applications in near future and several Thbps within
the next decade, ranging from cooperative remote visual-
ization of massive archival data through the distribution of
large amount of simulation data, to the interactive evolu-
tion of computations through computational steering [20].
These applications require provisioning of scheduled dedi-
cated channels or sub-wavel ength bandwidth pipes at a spe-
cific time with certain duration. These scheduled capacity
demands are dynamic in nature. They are not static in the
sense that the demands only last during the specified inter-
vals. They are not entirely random either.

In thiswork, we argue for such a schedul ed traffic model
called dliding scheduled traffic model. In this model, the
starting time ¢, of a demand whose lasting time is 7 is not
known in advance. Rather ¢, is alowed to begin in atime
window [/, r] subject to the constraintthat £ < ¢, < r — 7.
Thedetails of thismodel is described later in Section 2. The
modél is useful especially given that many applications ex-

hibit the aforementioned capacity requirement characteris-
tics and services need to be provided when fully dynamic
speedy provisioningisstill not available or deployed at |east
in the near future. We shall assume no wavelength conver-
sion. Without optical wavelength conversion, routing of a
session is subjected to the wavel ength continuity constraint
which dictates that light-paths corresponding to agiven ses-
sion must travel on the same wavelength on all links from
the source node to the destination node. Moreover, we shall
assume that no traffic bifurcation is allowed. We use a de-
mand time conflict reduction algorithm proposed in [21] to
properly place scheduled demands within their respective
time windows to minimize overlapping among demandsin
the time domain. We then propose efficient traffic grooming
algorithms (time window based algorithm and traffic ma-
trix based algorithm). In addition, we consider demand pri-
ority in the traffic grooming problem and, in case that a de-
mand is blocked, how to rearrange the demand by negotiat-
ing anew setup time. We do not address the signaling aspect
in this work however. To the best of our knowledge, traf-
fic grooming under the sliding scheduled traffic model has
not been studied in the literature. Our performance evalu-
ation shows that the proposed traffic grooming algorithms
are effective in meeting demand specifications and reduc-
ing total network resources used under the proposed traffic
model.

The rest of the paper is organized as follows. Section 2
describes a new traffic model, dliding scheduled traffic
model. Section 3 states the space-time traffic grooming
problem and our proposed traffic grooming agorithms.
Simulation results are reported in Section 4. The paper con-
cludesin Section 5.

2. Sliding Scheduled Traffic Model

In this section, we describe a general scheduled traffic
model called dliding scheduled traffic model proposed in
[21]. We believe that this model is viable for many prac-
tical applications as discussed in Section 1.

Given a network topology G = (N, L), where N isthe
set of nodesand L isthe set of links. Each link has W wave-
lengths. A set of capacity demands M is given, each of
which is represented by atuple (s, t,n, ¢, r, 7, p) (Fig. 1(a)
that satisfiesr — ¢ > 7 > 0 where s and ¢ are the source and
destination, n is the number of requested capacity units, ¢
and r are the starting time and ending time of a time win-
dow during which the demand that lasts for  time unitsre-
sides, and p indicatesthe priority of thedemand (p = 1 indi-
catesahighpriority and p = 0 alow priority). Inthismode,
the demand lasting time 7 is an interval within atime win-
dow [¢,r]. Rather than fixing the starting time and ending
time of the demand, we introduce a flexibility in the def-
inition of the interval. As a result, the demand is allowed
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Figure 1. (a) The sliding scheduled traffic
model; (b) An example network.

to dide within a larger time window [¢, r]. This model al-
lows an application to specify alarger time window during
which the demand for communication capacity is movable
and needsto be satisfied. Fixing the starting time and ending
time of ademand may be too restrictive in practical scenar-
ios. Furthermore, this model gives a service provider more
flexibility in provisioning the requested demand and a bet-
ter opportunity to optimize the network resources since a
demand is considered accommodated as long as it is pro-
visioned within the larger time window. Given a demand
d =(s,t,n,t,r, 7,p), theactua startingtime of the demand
is variable relative to the left boundary ¢ of its associated
time window. If the demand starts at + time units after ¢,
the demand is active during [£ + v, £ + ¢ + 7]. We repre-

sent this placement of the demand interval within the time ~———

Time Window 1

window by (d, ) or (s,t,n, £, r, T, p, ).

A specia case of the model iswhen 7, = r; — £; for al
d; € M, inwhich case the starting time and ending time of
demands are the same as the starting time and ending time
of their respective time windows. A demand d; can then be
represented as (s;, t;, ns, a4, i, p;) Where s; and d; arethe
source and destination, n; is the requested capacity units,
a; and 3; are the demand starting time and ending time,
and p; isthe priority. An example scheduled demand set is
givenin Table 1 that has seven demandsin an example net-
work shown in Fig. 1(b).

The dliding scheduled demand traffic model is different
from the static and dynamic random traffic models gen-
erally assumed in the literature. Static traffic means that
al the demands are known in advance and do not change
over time, whereas dynamic random traffic assumes that
the inter-arrival time and lasting time of demands are ran-
dom or conform to some probability distribution. Thetraffic
model that is closest to oursis perhapsthat of [22, 23] where
a scheduled light-path demand model was considered. The
routing and wavelength assignment problem is then solved
using a branch & bound algorithm and a tabu search algo-
rithm. Traffic grooming was not considered their work. The
work in [23] considered scheduling of periodic connections
with time flexibility on asingle WDM link. Subranmaniam

N

Time Window Division Algorithm (M)
/I M: the set of demands to be scheduled
T = the set of possible division points of M;
t,=0;t,=T,; D = empty,
fori=1to[T|
t,=T,
find all demandsin [t,,t,] and put themin D;
find the cardinality of the maximum independent set of D, D*;
if (D* > 1) then
anew time window TWt,, t,] is determined and put all
demandsin [t,, t,] in the time window;
ty=t,; D = empty,
endif
t,=t,
endfor
create the last time window TWt,, t;] that contains all demandsin [t,, t,];

Figure 2. Pseudo code for time window divi-
sion algorithm.
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Figure 3. (a) A time window division example.
(b) An interval graph representation of sched-
uled demands.
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et al. [24] delt with scheduling of multirate static sessions
in time division multiplexed wavelength-routing ring net-
works. Our gliding scheduled traffic model is more genera
and dynamic in nature since it takes into account the evo-
[ution of the traffic load in the network over time, i.e,, the
time dimension of demands is explicitly considered since
many capacity demands in ultra high-speed networks will
be short-lived in contrast to 7 x 24 operations. We believe
that this model is more suitable to characterize the resource
reguirements of certain network applications. Note that the
model may allow the applications to negotiate their start-
ing time with a service provider. This flexibility introduces
problems that need to be solved for traffic grooming: place-
ment of demand time intervals within their time windows,
resource conflict/reuse in the spatial and/or temporal do-
mains.



3. Proposed Traffic Grooming Algorithms
3.1. Space-Time Traffic Grooming Problem

Given a set of diding scheduled traffic demands M,
the problem is to (i) properly place each demand interval
within its corresponding time window such that overlapping
among demandsin the time domain is minimized; (ii) route
and groom demands such that

e In the non-blocking case in which the network has
enough resources to accommodate all the demandsin
M to meet their specifications (i.e., capacity require-
ment and schedule requirement), the goal is to mini-
mize the total network resources used in terms of, for
example,

1. the total number of wavelength-links used by all
demands; or

2. the maximum number of wavel engths needed on
alink.

¢ |n the blocking case in which the network does not
have enough resources to accommodate al the de-
mands as specified, in addition to minimization of to-
tal network resources used, the goal is, for example,

1. to minimize the number of demands to be rear-
ranged (i.e., to minimize the subset of demands
that may have their schedule changed: postpone
or propone the demands) in order to have al the
demandsin the set M accommodated by the net-
work; or

2. to minimize the total time from the time when
the first demand starts to the time when the last
demand ends (termed as the schedule length) it
takes to satisfy al the demandsin M.

In this work, our primary objective of traffic grooming
is to minimize total wavelength-links used while trying to
meet demands’ specifications. The hardness of the problem
lies in the spatial and temporal constraints imposed on the
set of demands. In the spatial domain, demands are routed
through the mesh network topology and may share the same
wavelength on the same link. Grooming of demands is
al so subjected to the wavel ength continuity constraint since
there is no wavelength conversion. In the time domain, de-
mands may overlap in time. In the performance evaluation,
we use a demand time correlation factor [22] to character-
ize the extent of conflicts among demands in the time do-
main. The problem is therefore termed as space-time traffic
grooming problem. The problem can be easily shown to be
NP-hard from reduction of the multiprocessor-scheduling
problem [25]. In the following, we propose heuristic traffic
grooming algorithms that take advantage of resource reuse
in both domains.

3.2. Demand Placement in a Time Window

Obviously, reducing overlapping or conflict between de-
mands in time helps tempora resource reuse. Given a set
of demands M = {d; | 1 < i < m}, we proposed atime
domain conflict reduction algorithm in [21] applied to the
demand set M to find a proper placement of demand in-
tervals in their associated time windows (i.e., find a set of
¥;,1 < i < m for each demand d; € M) such that the
number of demand pairs (regardless of their potential spa-
tial routing) that overlap (or conflict) in timeis minimized.
This algorithm will be used in this work. In what follows,
we consider aset of demandsthat have been properly placed
using the proposed time conflict reduction algorithm.

3.3. TimeWindow Based Grooming Algorithm

Our algorithm is based on the following observations.
Demandsthat overlap in time must be digjoint in the spatial
domain if the total capacity of these demands exceeds the
wavelength capacity (e.g., these demands cannot all share
the same wavelength on the same link due to wavelength
capacity limit). Network resources used by one demand can
be reused by another demand as long as they do not over-
lap in time. This motivates us to divide the set of demands
into subsets based on the demands’' starting time and end-
ing time such that demands in different subsets are disjoint
intime.

We model the time conflicts of the set of demands M
(e.g., Fig. 3(a)) using an interval graph (Fig. 3(b)). Based
on the interval graph representation, we can then divide the
demands into subsets called time windows. Note that these
time windows are not related to the “ time window” of a de-
mand in the sliding scheduled traffic model. An agorithm
that dividesdemandsinto timewindowsisgivenlater. A vir-
tual network topology is associated with each time window.
Notethat it is not always possible to assign ademand into a
single time window. This demand is termed as a straddling
demand, e.g., r» and r3 of Fig. 3(a). The resources used by
demands in one time window can potentialy be reused by
other demands in other windows. For straddling demands
the same resources have to be reserved across time win-
dows. In the following, we first describe the details of di-
viding the demand set into time windows and the algorithm
for routing and grooming demands based on these windows.
We then givethe algorithm for the space-time traffic groom-
ing problem.

Time Window Division The algorithm divides the set of
demands into digoint time windows. Demands within a
time window overlap in time pairwise. Therefore, demands
within the same window have to be disjoint in the spatial
domain subject to the wavelength capacity limit, e.g., if the
total capacity of demands exceeds the wavelength capac-



demand s d n « IE] D
1 B F 1 0500 | 0920 | O(ow)
o B D T 07.00 | 12:40 0 (low)
T3 A C 2 08:00 | 1400 | 1(high
T4 A D 2 11:00 | 16:00 | 0(low)
5 E D 3 1200 | 1450 0 (low)
6 e} E 1 1700 | 21:00 | 1(high)
rr I3 A 3 1800 | 21.00 0 (low)

Table 1. An example of a scheduled demand
set.

ity, some demands cannot share the same wavelength on the
same link. Specifically, let

T =ull{s} (1)

be an ordered set of |T'| demand ending time values T; <
T, < ... < Tip| (IT| < |M] since some (3;'s may be the
same). We take the values in T' as possible division points.
We define that ademand liesin atime interval if its starting
time or ending time lies in the interval. We then adapt the
maximum independent set algorithm over an interval graph
[26] to find amaximum timeinterval (starting from the end-
ing time of the previous time window) during which all de-
mands overlap pairwisein time. The agorithm pseudo code
is given in Fig. 2. Fig. 3(a) shows the time window divi-
sion result of an example demand set shown in Table 1. We
can relax the “pairwise overlapping in time” requirement
by alowing a tunable parameter (not shown in the code)
that specifies the number of demand pairs that are disjoint
intime.

After the time window division, ademand may residein

atime window or straddle two or more windows. In the lat-
ter case, the demand is accommodated only when the same
path can be found and resources on the path can be reserved
in all the virtual networks associated with all the time win-
dows it straddles. Otherwise the demand has to be rear-
ranged by negotiating a new starting time (i.e., postpone or
propone the demand) so that sufficient network resources
can be provided in the new windows it straddles. Note that
existing demands are not rerouted and no traffic bifurcation
is alowed.
Routing and Grooming Based on Time Windows Af-
ter dividing the demand set M using the time window di-
vision agorithm, we have a number of demand subsets:
DSH DSL TWH TW} where DSH and DS arethe sets
of high-priority straddling demands and |ow-priority strad-
dling demands, respectively; TW 7 and TW} are the sets
of high-priority and low-priority demands within time win-
dow 4, respectively. Table 2 shows the subsets after the time
window division of the example shown in Table 1.

Wekeep avirtual network G ; for eachtimewindow T'W;
to record its residual network resourcesin the physical net-
work topology. Moreover, we maintain a virtual link topol-
ogy Q; for each time window to keep track of the resid-
ua resources on the virtual links. The virtual link topol-

Windowl | Window2 | Window3s
TwH o o rg
Twk ry r4.rs ry

[DSF T vy T vy ] o |

(oS [ r [ v | o |

Table 2. Subsets after time window division.

ogy is updated as light-paths are established and demands
are accommodated. Initially, there is no node and link in
the virtual link topology. Once a demand between (s, d) is
accommodated and a light-path is established for the de-
mand in the time windowsit straddles, we put avirtual link
(s, d) into the virtual link topology where s and d are the
source and destination nodes of the demand. In addition,
the remaining capacity units on the light-path are assigned
to the virtual link as its available capacity units. For each
non-straddling demand € T'W;, we apply a modified Di-
jkstra's algorithm (Fig. 5) to the wavelength graph of the
combined network (G ; UQ;) to find the best path for the de-
mand in time window T'W;. By best path, we mean that the
number of capacity units available on al the links (phys-
ical as well as virtual) along the path satisfies the capac-
ity requirement of the demand and the path has the min-
imum total cost. Link cost assignment is given in Fig. 5.
Once such a path is found for the demand, we update the
network state information. If the demand cannot be satis-
fied in time window T'W;, the next procedure depends on
the priority of the demand. If itspriority ishigh (i.e., thede-
mand belongsto some T'W 1), this demand can be demoted
to TW} and given a preferential treatment within 7W %;
otherwise (i.e., the demand belongs to TW ), we put the
demand into demand subset D in which all the demands
need to be rearranged (Fig. 4). For each demand subset, we
select ademand to route and groom in the descending order
of request capacity in the set. Our objectiveis to accommo-
date as many demands with higher capacity requirements
as possible first. Therefore, this algorithm, in this sense, is
agreedy agorithm.

For straddling demands (in D" or D°L), we handle
them in the same way except that the network in which each
demand is routed is obtained by combining G;’s and @;’s
over al the time windows straddled by the demand, and
all these networks must be updated if a path is found. The
pseudo code of the algorithm that handles TW 2, TWE,
DS and DT isgivenin Fig. 4.

Demand Rearrangement and Grooming Algorithm If
network resources are not sufficient to meet all the de-
mands specifications (including schedule requirement)
given in their origina reguests, some demands have to
be rearranged. That is, these demands can be accommo-
dated at the cost of changed schedules. D% is the de-
mand set in which al the demands must be rearranged.
For each demand in D%, the algorithm tries to find one or



Greedy Time Window Grooming Algorithm (G, D) //D: set of demands
while (D not empty) do
choose demand r which has the highest capacity requirement in D;
G =G;
for each time window TW, straddled by demand r
G =G N (G U Q); /Q;: virtual link topology associated with TW,
endfor
run Routing Algorithm (G, r) to find the best path p, for demandr in G’;
if p, isfound
D=D-r;
for each time window TW, straddled by demand r
update G, Q;
endfor
dse
putrinDR
endif
endwhile

Figure 4. Greedy time window based groom-
ing algorithm.

Routing Algorithm (G, r)
U = capacity requirement of demand r;
for each wavelength 4
for each virtual link | (corresponding to an established path p) in G
b, = minimum free capacity units of wavelength 4 on all the physical links along p;
if (b, <u)
cost(l, A) = oo;
ese
cost(l, ) =Length(p); //length of the path
endif
endfor
for each physical link | in G
b, = minimum free capacity units of wavelength A onl;
if (b, <u)
cost(l, A) =oo;
elseif wavelength-link (I, » ) has been used by some established connections
cost(l, M) =Length(l); //length of thelink
else
cost(l, A) =M + Length(l); //M: abig number
endif
endif
endfor
G, = G with abovelink cost assignment;
p, =theleast cost path for demandr in G, ;
endfor
return p* = the least cost path among al p,’s;

Figure 5. Basic routing algorithm.

more time windows in which the demand can be accom-
modated and the window(s) starts/start as early as possible.
The rationale is that we prefer to route and groom the de-
mand by reusing resources and we would like to prevent
the rearrangement of the demand from prolonging the to-
tal time it takes to schedule al demands in M (also
termed as the schedule length). The pseudo code of the al-
gorithm for routing and grooming rearranged demands
is given in Fig. 6. Other demand rearrangement poli-
cies can aso be designed.

Space-Time Traffic Grooming Algorithm Given the
space-time traffic grooming problem, our objectiveisto ac-
commodate as many demands as possible with both their

Rearrange Grooming Algorithm (G, D) //D: set of demands
while (D not empty) do
choose demand r which has the highest capacity requirement in D;
p, = empty; i = 1; // p, : route for demand r
while (p, = empty) do
find smallest j (i <j) such that windowsi to j can accommodater;
if no such time window is found
create a new time window ™ with G for demandr;
else
G=(GUQ)N..N(GUQ:;
endif
run Routing Algorithm (G’, r) to find the best path p, for demand r in G’;
if p, isfound
D=D-r;
for each time window TW; straddled by demand r
update G;, Q;;
endfor
else
i=i+1
endif
endwhile
endwhile

Figure 6. Demand rearrangement and groom-
ing algorithm.

Space Time Traffic Grooming Algorithm (G, M)

run Time Window Division Algorithm (M);

run Greedy Time Window Grooming Algorithm (G, D);

run Greedy Time Window Grooming Algorithm (G, TWH) for all TW;
run Greedy Time Window Grooming Algorithm (G, D);

run Greedy Time Window Grooming Algorithm (G, TW!) for al TW;
if (DR not empty), run Rearrange RWA Algorithm (DR);

Figure 7. Space-time traffic grooming algo-
rithm.

capacity requirements and schedule requirements. If not all
the demands can be satisfied in both space and time do-
mains at the same time, some demands must be selected as
victims to be rearranged. Therefore, to route and groom the
demand set M, we try to route and groom high-priority de-
mands first, and then route and groom low-priority de-
mands. In addition, straddling demands are routed and
groomed prior to the demandsresiding in asingletimewin-
dow since it is more likely to route a straddling de-
mand earlier. The pseudo code of the overal time win-
dow based space-time traffic grooming algorithm is given
inFig. 7.

4. Performance Evaluation

We use the NSFNET topology in our performance eval-
uation and comparison. A weight that represents the physi-
cal length is associated with each link of the topology [22].
Each link has 30 wavelengths unless specified otherwise.
Different demand sets containing 50 to 400 capacity de-
mands are used in the simulation. We consider three classes
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Figure 8. Time window based grooming algorithm: Total number of wavelength-links used with
grooming factor g = 16 versus number of demands when (a) demand time correlation is weak; (b) de-
mand time correlation is medium; (c) demand time correlation is strong.
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Figure 9. Time window based grooming algorithm: Maximum number of wavelengths used on a link
with grooming factor ¢ = 16 versus number of demands when (a) demand time correlation is weak;
(b) demand time correlation is medium; (c) demand time correlation is strong.

of demand set with a demand time correlation factor be-
ing weak (0.01), medium (0.5), and strong (0.8) to char-
acterize the conflicts among demands in the time domain.
The source and destination of a demand are randomly gen-
erated. The grooming factor g varies from 4 to 32. Given
a grooming factor g, the number of capacity units of a de-
mand is drawn from a uniform distribution in the intervals
[1,2],[1,4],[1,8], - - -, [1,g], respectively for different cases.
Y isset to 1inthe traffic matrix based grooming algorithm.
In al the cases simulated, no demand was blocked. Prior-
ity of all demandsis set to the same. Simulation was run to
95% confidence.

We are interested in the following performance metrics:
(i) the total number of wavelength-links used in the en-
tire network; (ii) the maximum of wavelengths used on a
link. The primary objective of our algorithms is to route
and groom the set of traffic demands so that the total num-
ber of wavelength-links used in the entire network is min-
imized when network resources are sufficient to meet de-

mand specifications.

4.1. TimeWindow Based Grooming Algorithm

Fig. 9 shows the maximum number of wavelengths used
on alink with grooming factor g = 16 versus number of de-
mands for three different cases of demand time correlation.
Fig. 8 depicts the total number of wavelength-links used
in the network with grooming factor g = 16 versus num-
ber of demands for three different cases of demand time
correlation. From the figures (Fig. 9 and 8), we observe
that (1) The total number of wavelength-links used and
the maximum number of wavelengths needed on alink in-
crease when the number of demandsincreases. (2) Thetotal
wavelength-links used and the maximum number of wave-
lengths on a link increase as the average demand capacity
increases for a fixed number of demands. The speed of in-
crease picks up as the average demand capacity gets larger.
This shows that when the average demand capacity is small
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Figure 10. Time window based grooming algorithm: (a) Maximum number of wavelengths used on a
link; (b) Total number of wavelength-links used, versus grooming factor g for different demand time
correlation when the number of demands is 350 and the capacity of a demand is drawn from [1,g].
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Figure 11. Comparison of time window based grooming algorithm with tabu search, grooming factor
g = 4, demand capacity is drawn from [1, 2], (a) Maximum number of wavelengths used on a link; (b)
Total number of wavelength-links used, versus number of demands when demand time correlation

is weak, medium, and strong.

relative to the grooming factor, traffic grooming is more ef-
fective. Moreover, demand time correlation plays an impor-
tant role in traffic grooming and has a significant impact on
the cost of atraffic grooming algorithm. A stronger demand
time correlation factor transates to a less amount of traffic
grooming gain. A set of demands with significant time dis-
jointness should ease the reuse of wavelength-links and as
aresult, lead to a smaller number of required wavelength-
links. (3) When the network load is relatively low, the net-
work resources needed show only a dlight increase as the
average demand capacity increases, especially when the de-
mand time correlation is medium or weak. This indicates
that when the traffic load is light, traffic grooming effec-

tively packs demands onto a small set of wavelengths, re-
ducing network resources needed.

Fig. 10(a) and (b) shows the maximum number of wave-
lengthsused on alink in the network and the total number of
wavel ength-linksused versus grooming factor ¢ for demand
sets with different demand time correlation when the num-
ber of demandsis 350 and the capacity of a demand is uni-
formly drawnfrom[1,g]. Asseen fromthefigures, whenthe
grooming factor ¢ increases, the amount of resources used
in the network decreases and levels off when g becomes
relatively large. The decrease in the amount of resources
used is more significant when the demand time correlation
is stronger. This showsthat afiner grooming granularity re-



sultsin alarger grooming gain and the traffic grooming al-
gorithm is effective in reducing network resources used for
demand sets with strong time correl ation.

4.2. Comparison with Tabu Search

Since no previouswork considered our traffic model, we
compare the performance of traffic matrix based groom-
ing algorithm against that of solutions obtained using
a customized tabu search scheme that tries to mini-
mize wavelength-links used. For fair comparison, the
number of wavelengths is set to be not a limiting fac-
tor. We consider three classes of demand set with a de-
mand time correlation factor being weak (0.01), medium
(0.5), and strong (0.8).

Tabu search is an iterative meta-heuristic algorithm used
for combinatorial optimization problems. The algorithm ex-
plores the solution space (e.g., let = denote a solution and
z; the z;-th aternate path for demand i in our problem)
until either a number of iterations is reached or a specific
cost criterion is satisfied. The exploration starts with an
initial solution (e.g., a random solution). This solution is
the current solution at the beginning of the algorithm. At
each iteration, the algorithm computes a set of neighboring
solutions. Neighboring solutions are solutions that can be
reached from the current solution by perturbation applied
to the current solution. The solution in the neighborhood
with the best cost is selected as the new current solution. To
prevent the algorithm from cycling through the same set of
current solutions, atabu list is maintained. The solution se-
lected at each iteration as the current solution is inserted in
the list and stays there for a given number of iterations. The
list keeps track of a number of previously explored solu-
tions and prohibits tabu search from revisiting them again
as long as they are on the list. In this way, tabu search can
overcome local minima by forcing the acceptance of solu-
tionsworsethan the current solution. In our customized tabu
search, the size of neighborhood is 100 and the length of
tabu list is 2000. The algorithm creates a new solution from
acurrent one by randomly selecting a demand from the de-
mand set M and randomly modifying the selected route for
this demand. Specifically, given a set of demands M, the
algorithm uses the following steps to generate a neighbor:
(1) generate a random number ¢ € [1...|M|], where | M|
is the number of demands; (2) generate a random number
j €[1...Kaax], where Kpax is the number of alter-
nate paths for each demand (in our simulation, K j;4x IS
4); (3) Replace z;,1 < i < |M| by j, where j is the j-
th alternate path of demand <. In addition, our tabu search
performs diversification by applying multiple perturbations
(perturbation number is 4 in our case) to the current solu-
tion if no cost improvement has been obtained after alarge
number (20 in our case) of iterations. Diversification guides

tabu search towards unexplored parts of the search space. In
thisway the solution space will be covered more thoroughly
and the chance of missing the optimal solution will be re-
duced. The above steps are repeated until the required num-
ber of neighbors are generated or amaximum tabu search it-
erations (1000 in our case) is reached. We use tabu search
to provide solutions with a cost “close” to the optimal one.

Fig. 11 compares the performance of time win-
dow based grooming algorithm against that of a customized
tabu search scheme when the grooming factor ¢ = 4, de-
mand capacity is drawn uniformly from [1, 2], and de-
mand time correlation is weak, medium, and strong,
respectively. From the figure, we observe that the per-
formance of the proposed algorithm outperforms the
customized tabu search scheme in all cases. The rea
son is that our customized tabu search scheme uses
fixed alternate routing for each demand and the num-
ber of candidate paths is limited (Kyax = 4). Time
window based grooming algorithm, however, uses a mod-
ified Dijkstra's agorithm to dynamically find a path for
each demand, which does a better job of packing wave-
length channels and reusing resources. These comparisons
show the effectiveness of the proposed agorithmsin meet-
ing demand specifications and reducing network resources
used.

5. Conclusions

In this work, we argue for a general dliding scheduled
traffic model to capture the traffic characteristics of appli-
cations that require capacity during specific time intervals.
The model is useful for service provisioning to many appli-
cations when fully dynamic speedy provisioningis still not
widely available or deployed at least in the near future. We
have proposed efficient traffic grooming agorithms (time
window based algorithm and traffic matrix based algorithm)
for scheduled capacity demands. Our simulation results and
comparison with a customized tabu search scheme have
shown that the proposed traffic grooming algorithms are ef-
fective in meeting demand specifications and reducing total
network resources used.
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