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1 Intro duction

Modern optical networks provide e cient information transport on the order of
terabits. This is realized by the cutting-edge technology of Dense Wavelength
Division Multiplex (DWDM). In this setting, an optical b er is partitioned into
a large number of wavelengthsand trac demandssharing a common b er are
transported on distinct wavelengths. Sud high-speedand high-capacity networks
are expensive. Typically, the optical badkbone networks in the US cost in the
order of hundreds of millions of dollars. Hence,there is a great deal of interest in
modeling and exploring algorithmic solutionsfor designingsud networks, with the
objective of cost optimization.

Unfortunately, optical network designis highly complex,from messyengineering
constrairts to di cult combinatorial optimization issues.For example,to carry a
trac demandover the network, a network designermust specify a physical route
as well as the particular wavelength that carriesthe demand. Both routing and
wavelength assignmenh are nontrivial in its own right. Routing cortains classic
NP-hard problemssud as edge-disjoih paths, congestionminimization and buy-
at-bulk network design. As we shall seelater, wavelength assignmen has close
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assaiation with vertex coloring. For this project, we assumethat the routes are
given asinput and we study wavelength assignmen in isolation.

Speci cally, we considerthe wavelengthassignmen problemin the following two
models. We aregivena network, modeledby a simpleundirectedgraphN = hv; Ei,

trac alonga specied path P;. The task of wavelength assignmen is to assign
these paths to wavelengths from the range [1; ] where is the b er capacity.
Given the demand paths, the minimum number of b ers necessaryon link e is
f(e) = dL(e)= e, whereL(e) is the number of demandpaths traversinglink e.

In the rst model, which we call Min-Fib er, eacy demandpath is assignedone
wavelengthfrom beginningto end, with no wavelength corversion. If we let N¢(w)
denotethe number of times wavelengthw is usedon link e due to an assignmenh
then max,, N¢(w) is the number of b erslink e would have to deploy. We denote
this quantity by F(e). Note that F(e) is necessarilyat leastf (e). The objective
of Min-Fib er is then X

min F(e):
e

In the secondmodel, which we call Min-Con version, we allow wavelength
conversion along a demand path. In particular, we can potenrtially partition ead
demand path P; into seweral subpaths and assigneat subpath a distinct wave-
length. The number of corversionsis then the number of subpathsminus one. We
referto this quartity asC(i). In this model, we requireexactly f (e¢) b ersdeployed
onlink e, i.e. no extra b ers. The objective of Min-Con version is then

min C(i):

Figure 1. Network solution for Min-Con version

Figure 1. illustrates a very simple example. There are four network nodes:
A, B, C and O; three demands(i.e.,routes): AOB, AOC and BOC; and we are
allowed two wavelengthsper b er. We beginwith all wavelengthsavailable. If the
rst demandis AOB, it is routed completely on one wavelength. Then AOC is
routed completelyon the secondwavelength. Thereis now onewavelengthavailable
on both AO and OB, but theseare di erent wavelengths. A corverter is, therefore,
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Figure 2: Network solution for mincorversion

placedat O for the demandB OC. Figure 1. shovsthe Min-Fib er solution for the
samesimple network asin Figure 1. Here, howe\er, rather than adding a corverter
for the demandB OC, additional b eris addedto the link OC.

To be usefulin practice a wavelengthassignmeh algorithm must be both robust
and easily adaptable to additional unforeseerphysical, economic,and engineering
constrairts imposedby the serviceprovider. For example,a serviceprovider may
wish to prioritize the useof somewavelengthsover others, or to usewavelengthsin
bundles. Therefore, we purposefully seeka solution technique that is both simple
and adaptable. In this paperweintro duceand empirically evaluate seweral heuristic
greedy solution techniquesfor Min-Fib er and Min-Con version. Our solution
techniquesare not only simple and adaptable,but alsoquite accuratefor instances
that comefrom real-world networks, aswe shall see.

2 Preliminaries and Related Work

In this sectionwe give a review of related work. In doing sowe both: (i) explain
why Min-Fib er and Min-Con version are hard, and (ii) motivate our choice of
greedysolution techniques.

2.1 Dicult y of Min-Fib er and Min-Con version

Foragraph G = hV;Ei de ned onavertex setV and an edgesetE, a coloring for
G is an assignmen of colorsto the verticessud that no verticessharinga common
edgeare assignedhe samecolor. The chromatic number of G, (G), is de ned
to be the smallestnumber of colorsthat a coloring of G must have. Determining
(G) for an arbitrary graph G is NP-hard. Furthermore, even approximating (G)
to within a factor of n! is alsohard, wheren denotesthe number of vertices.
To demonstratewhy Min-Fib er and Min-Con version aredi cult, we relate
them to vertex coloring. Given a wavelength assignmenh instance de ned on a

graph D = hVp;Epi. The verticesin D correspnd one-to-oneto the demand
paths. In particular, ead vertex v; 2 Vp correspnds to the demand path P;.
Furthermore, (vi;vj) 2 Ep if and only if P;\ P; 6 ;. An exampledemandgraph



is shavn in Figure 3.
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Figure 3. The left graph is the network with demandpaths D1 = ADE, D2 =
ADG,D3= FDE,D4= FDA,D5=BDG and D6= CEG. The right graphis
the demandgraph.

Considerthe Min-P er-Link problem: assumingall lings are given the same
number of b ers, how many b ers are required for an optimal wavelength as-
signmen? Standard hardnessresults for the chromatic number problem [5] (i.e.,
determining (D)) suggestthe di cult y of Min-P er-Link . For a formal proof of
inapproximability along theselines see[2]. Given that Min-P er-Link is hard, it
is not surprising that Min-Fib er is alsodicult [1]. The formal complexity of
Min-Con version is lessstudies. Howeer, the following argumen gives certain
indication of the hardnessof the cornversion problem. Evenif an oracleprovidesus
with optimal corversion placemeis on ewery link, nding the asseiated demand
wavelengthassignmen will still require the asseiated demandgraphto be colored
optimally. The end result is that, unlesswe're willing to useexponertial time al-
gorithms, solving either Min-Fib er or Min-Con version optimally is generallya
hopelesstask. In fact, even coming up with good approximations is too much to
expect.

2.2 When the Going Gets Tough, the Tough Gets Greedy

The inapproximability and hardnessof optimally solving Min-Fib er and Min-
Conversion meanthat we have to considera potertially suboptimal approad. In
the absenceof polynomial time algorithms with guararteed accuracy we fall badk
on heuristic greedy solution techniques. Greedy heuristic solution methods have
been fruitfully applied to many NP-hard problems including vertex coloring [9],
SAT solving [7, 3], set covering [8], strip padking [6], and generalizedplanning [4]
problems.

Generally greedytechniquesperform surprisingly well. Perhapsmost inspiring
for us is the work of Turner [9], who demonstratedthat a simple greedy vertex
coloringalgorithm performsoptimally on mostgraphs. The strongempirical results
assaiated with greedySAT solvers[7] are also encouraging,especially considering



that propositional satis abilit y is an NP-complete problem. For thesereasonswe
employ greedypriority wavelength assignmeh methods along the lines of [6].

3 Our Greedy Approac h

Without assumingany additional properties for the network, nding the least ex-
pensive Min-Fib er/ Min-Con version network designthat satis es all demands
requirescalculating the cost of eat possiblewavelength assignmen for the given
demands. Of course,consideringead possibledesignis infeasible,as the number
of designsgrows exponertially .

We have taken a greedy approad to solving Min-Fib er/ Conversion. Gener-
ally, a greedyoptimization algorithm iterativ ely makeslocally optimal assignmets
in the hope of readiing a globally optimal solution. In this case,we order our
demandsaccording to seeral heuristics and then seekto make locally optimal
wavelength assignmets for them, one at a time. Our generalalgorithm is the
following.

Algorithm 3.1 Optimize Design:

Fori= 1;:::;d: nd locally optimal solution for P qj.

Note that both steps1 and 2 can be repeated multiple times. If so, the best
ordering of the trials are recorded.

The Optimize Designalgorithm has essetially two componerts: ordering and
locally optimal solution. The latter componern is greedyas it doesits best for
eah demand. We discussthis greedystepin Section3.2. But when eathy demand
is treated by the greedyalgorithm, assignmets are made that changethe set of
available wavelengthsfor subsequeh demands. The order in which the demands
are treated is, therefore, crucial for a good nal design.

3.1 Ordering

We proposeto try four dierent orderings. The rst approad usesthe length
heuristic: demandsare orderedaccordingto the number of links that they travel
and the longestare prioritized. The secondusesthe load heuristic: ead link is
given a weight accordingto the number of demandsthat travel that link. The
weights along ead demand'sroute are summedto give the load, and demands
with higher route loads are prioritized. The third ordering approad is random
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in which the ordering is a random permutation of all the demands. The fourth
approad usesgraph coloring. This approad is more involved and is discussedn
Section 3.4. We note here, though, that while its output is a set of assignmets,
it may also be viewed as returning the ordering that producesthose assignmets
when the algorithm is applied.

Ead of thesefour methods may be used,aswell asin combination, to create
an ordering for the demands.

3.2 Locally optimal solutions

While there are possiblecombinations of networks, demand sets and demand or-
derings for which the greedy approad would return a result far inferior to an
optimal solution, we are consideringrealistic networks and always considera hand-
ful of orderings. Under suc conditions, the greedy approad generally yields a
good solution. Importantly, the greedyalgorithm does so relatively quickly. We
have two greedyroutines, Greedy Conversion and Greedy Fiber, which re-
spectively minimize the number of corversionsand additional b ers. Each takesa
demandasinput and returns a wavelength assignmen path for that demand. In
the algorithms that follow, a demandpath P consistsof links fe;;:::; e,g.

Algorithm 3.2 Greedy-Conversion(P)

1. Start at link e;. Assignthewavelengthw 2 [1; ] that is availableon the great-
est numker of conseutive subsguentlinks. If this is k links on wavelengths
w, assignw to the submth f e;; e.g.

2. Repeat (1), starting at ec.1 until all links are treated.

We note that Greedy-Conversionin fact nds a wavelength assignmeh with min-
imum number of conversionsfor ead demand path. But it happens that this
assignmen is also determinedby treating the path greedily

Algorithm 3.3 Greedy-Fiber(P)

1. Determinethe wavelengtrtthat is availableon the greatestnumter of f e; ::;; €, 0.
Supmseit is w.

2. Add a ber on the links where w is not available. Update the network.

3. Assignwavelengthw to path P.

3.3 Trade o

Oncewe have the algorithmsto nd the minimum number of b ersor conversions,
we considerusing a conbination of the two. A natural way to do this is to chedk
how many fewer corversionsare required if one b er is added. To apply this idea,
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Number of extra bers| 0O 1 2 3 4 5 6 7 8 9 10 | 11
Number of corversions| 129|109 90 | 79 | 60 [49| 40 | 30 | 20| 20| 20| O
Total cost 129| 119| 110| 109| 100| 99| 100| 100| 100| 110 120 110

we list all the extra b erswe needto add accordingto Min-Fib er. We add one of
them and determinethe minimum number of corversionsneeded.Wetry eah b er
on the list, and selectthe onethat resultsin the greatestdecreasean cornversions.
We repeat this routine until all b ershave beenadded. Then we view the results
to make an allocation basedon the cost of eath outcome. The table shovs the
e ect of this algorithm for the \ring-50-70" network.

The last row of the table givesa cost estimate for di erent combinations with
a reasonableassumptionthat 1 b er is as expensiwe as 10 corversions. It clearly
suggestgthat, in terms of cutting the cost, we shouldadd 5 b ersto the specic
links and useanother 49 corversionsto solve the remaining con icts.

3.4 Demand Prepro cessing via Vertex Coloring

Network b ers are assumedto ead support  wavelengths. Therefore, if it is

possibleto cover a problem's demand graph with  colors, neighboring demands
will be assigneddi erent wavelengths(i.e., colors) and will not conict on their

commonlink(s). Since,in general, colorswill not suce to color the demand
graph, we color asmany demandsas possiblewith  colors. Each demandthat is

assigneda color is then routed, and we turn to the unrouted demands. Thesefall

into two groups: thosewith only one b er on ead link and thosewith more than

one b er on ead link. We setthe rst group aside, and treat the secondgroup

by creating its demand graph. This processis repeated as long as there remain

demandswith at leastoneunused b er. In this way we are able to assigna large
number of wavelength routes beforeturning to the greedyalgorithm. Unprocessed
demandsare then handled globally by the length, load or random approades.

4 Empirical Evaluation

We divide the networks that we consideredinto three groups. The rst consists
of small networks of mostly active links. For the most part, we know the optimal
solution for these networks. We nd herethat all of our approatesquickly nd
the optimal solution.

The secondgroup is networks with a small number of nodes, yet still with a
heary demandload on most links, sud as about 80%. For someinstancesin this
group we know the optimal solution, and for these caseswe obsene that taking
the best result from our set of methods has returned the optimal solution. For
instancesin this group, for which we don't know the optimal solution, we nd that
the random ordering yields the best solution.




For the group of networks consistingof a large number of nodesand with heavy
saturation of most of the links, we nd that the length and load approadesand
the vertex coloring approad result in better solutions than the random ordering.
Howewer, sincewe do not know any of the optimal solutionsfor thesenetworks, we
do not know how closeour solutionis to optimal. The obsenations are summarized
in the gure below.

The key obsenation is that for a small number of demands,random ordering
outperforms our other heuristics. Yet for larger demand sets the length, load
and vertex coloring approades outperform the random approad. A plausible
explanationis that in the smallerdemandsets,all demandsare of comparablesize,
and, therefore, there is not an inherert scaleof complexity for the demands. For
the large, heavily loaded networks, however, there are clear distinctions between
heavy or light and long or short. Therefore the heuristic is more e ective in the
large network setting.

Minimum Conversions Minimum Extra Fibers
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Figure 4: Networks in group 1.

Minimum Conversions Minimum Extra Fibers

w04 |- longest
B heaviest

25 h 7 ) vertex coloring
9 random sampling

15. { ) y ® optimal

longest
B heaviest
2 vertex coloring
2 random sampling
® optimal

L i
network? network2 network3 networkd network5 network8 network?

Figure 5: Networks in group 2.

5 Conclusion

In this paper we consideredhe Min-Fib er and Min-Con version optical network
wavelength assignmen problems. Theseproblemsdeal with assigningwavelengths
to network user demandsin a fashion which minimizes the total number of ad-
ditional network b ersor conversions,respectively. Given the expenseof laying
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Figure 6: Networks in group 3.

additional b ersor adding corversionequipmer, theseproblemsare of great com-
mercial interest to optical network serviceproviders.

Given the inherert dicult y involved with guararteeing good approximations
to either Min-Fib er or Min-Con version [1, 2], we propose using well proven
priorit y-basedgreedyheuristicsas solution methods. Not only are greedymethods
exible to future constrairts, but they have also beenshonvn to work well on a
plethora of other dicult (i.e., NP-hard) problems. Indeed, in keepingwith the
good reputation of greedy heuristics, our solution methods also perform well em-
pirically on realistic wavelength assignmeh instances. As seenin Section 4, our
greedysolution techniquesall perform nearly optimally (i.e., within a factor of two
or better) on all assignmen problemsfor which the optimal is known.

Perhapsmostinterestingly, we introducea newmixed Min-Fib er/Con version
costreduction model in Section3.3. Preliminary testsindicate that our new mixed
b er/conversioncostreduction schhemecreateswavelength assignmets, corversion
nodes, and additional b er installations more cost e ectively then either Min-
Fib er or Min-Con version solutionsalone. Hence,our newmixed b er/conversion
model is of potertially useful.
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